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1 Introduction
1.1 The Baltic Sea as the Study Region
The Baltic Sea is a semi-enclosed brackishmarginal sea in northeastern Europe, connectedto the North Sea through the Danish Straits. It is bordered by nine countries and is oneof the world’s largest brackish-water bodies [5, 6, 7, 8]. Geographically, the Baltic Sea,including theDanish Straits, extends fromabout 54.0° N to 66.0° N and from 9.0° E to 30.0°E. It covers roughly 4.1×105 km2 and is shallow, with a mean depth of about 54 m [9, 10].Its internal structure is organized into several sub-basins separated by sills, channels, andshallow regions. For clarity and consistency in the following sections, the main sub-basinsare referred to in generalized form as the Baltic Proper, the Bothnian Sea, the BothnianBay, the Gulf of Finland, and the Gulf of Riga [11]. Figure 1 shows the bathymetry of theBaltic Sea and these main sub-basin divisions.

Figure 1: Bathymetry and main sub-basin divisions of the Baltic Sea.

The Baltic Proper forms the central and deepest part of the system and contains themain deep basins, where persistent haline stratification separates brackish surface waterfrom more saline deep water and restricts vertical exchange [12, 13]. The Bothnian Sea isless saline than the Baltic Proper and has weaker stratification and more effective deep-water ventilation [14, 15]. The Bothnian Bay is the northernmost and freshest major sub-basin, with hydrography strongly shaped by river runoff, low salinity, and seasonal sea-icecover [16, 17, 18]. The Gulf of Finland is an elongated estuarine sub-basin where the longi-
11



tudinal salinity gradient, variable stratification, and wind forcing support frequent circula-tion reversals [19, 20, 21]. The Gulf of Riga is a shallow semi-enclosed sub-basin in whichriverine freshwater input, seasonal stratification, wind forcing, and exchange through theIrbe Strait jointly shape basin-scale gyres, mean currents, and freshwater transport path-ways [22, 23, 24].
The sub-basin differences described above are superimposed on external controls act-ing at the open boundary and the sea surface. At thewestern boundary, exchange throughthe narrow and shallow Danish Straits regulates inflows and outflows between the BalticSea and the North Sea, while weak tidal forcing means that circulation is not primarilyorganized by a regular tidal cycle [25, 26, 27]. At the sea surface, wind stress, air–sea heatexchange, and freshwater input act directly on the upper ocean, but their effects are redis-tributed locally by bathymetry, coastline orientation, sill geometry, river plumes, ice cover,and the interaction between upper-layer vertical mixing and stratification [28, 29, 30].Consequently, comparable atmospheric forcing can produce different near-surface circu-lation responses among sub-basins, and the high-latitude seasonal cycle further modu-lates these responses through changes in wind conditions, surface buoyancy fluxes, riverrunoff, and ice cover [31, 32, 33].
In this shallow, heterogeneous, and atmospherically responsive setting, sea surfacecurrents (SSCs) are a central dynamical variable rather than a secondary descriptor ofthe marine environment. In the upper ocean, they integrate momentum input, pressure-gradient adjustment, density structure, boundary exchange, and local topographic con-trol, providing a diagnostic role for the ocean surface comparable to that of near-surfacewinds in atmospheric dynamics [34, 35, 36]. In the Baltic Sea, this role is particularlyimportant because surface currents connect basin-scale circulation with local transportpathways, coastal exposure, wave–current interaction, and the redistribution of freshwa-ter, heat, particles, and biological material [37, 38, 39]. Their variability therefore cannotbe reduced to a single mean circulation pattern; generalized circulation descriptions mustbe resolved further in space and time to capture the locally forced and transient dynamicsof Baltic surface flow [40, 41].

1.1.1 Historical Development of Baltic Sea Circulation Studies
Investigation of Baltic Sea circulation began in the nineteenth century, when Struve (1864)argued that the general currents are driven by salinity differences arising from the in-teraction between freshwater supplied by runoff and more saline oceanic water enter-ing through the Danish Straits [42]. These early ideas established the estuarine frame-work that still underpins further interpretations of Baltic circulation. Soon after, Knudsen(1900) placed this framework on a quantitative basis by formulating a hydrographic the-orem for exchange through the Baltic outflow system from conservation of water andsalt, thereby linking inflow, outflow, and freshwater supply to the salinity structure ofthe straits [43, 44]. Classical twentieth-century studies then identified cyclonic circula-tion as a persistent first-order feature of the basin, particularly in the synthesis of Palmén(1930) [45]. This view was later supported numerically. For example, Sarkisjan (1975) re-produced large cyclonic surface gyres in model calculations [46], Lehmann and Hinrich-sen (2000) showed that the annual mean circulation remains predominantly cyclonic de-spite strong atmospheric variability [47], Omstedt and Axell (2003) emphasized the com-bined roles of baroclinic exchange, strait inflow, and runoff [16], and Jędrasik et al. (2008)demonstrated strong modulation of surface currents by large-scale wind forcing [48].

A major advance came when basin-wide modeling moved beyond the simple pictureof surface gyres and resolved the Baltic as a vertically differentiated and topographically
12



steered circulation system. Meier (2007) showed that strong cyclonic gyres dominateabove and below the halocline in the Baltic Proper and the Bothnian Sea, whereas cir-culation in the Gulf of Riga, Gulf of Finland, and Bothnian Bay is weaker and less per-sistent [49]. Hagen and Feistel (2007) further showed that deep circulation follows sills,channels, and basin slopes, including a pronounced rim current around the Gotland Deep,highlighting the importance of halocline-separated exchange and bathymetric control inthe Baltic mean state [50].
Subregional studies then demonstrated that local circulation can differ substantiallyfrom the basin-scale mean. In the Gulf of Finland, Andrejev et al. (2004a) showed thateven the mean circulation contains multiple loops and vertical complexity [51], Elken etal. (2011) distinguished a more channel-like western regime from a dynamically richereastern regime [52], and Lilover et al. (2011) confirmed the roles of wind, seiches, andtopographic steering [53]. In the Bothnian Sea and Bothnian Bay, Myrberg and Andrejev(2006) confirmed the traditional view of mean cyclonic circulation, but also showed thatthis broad gyre-like pattern is modified by mesoscale features and coastal jets [14]. At thesame time, transport studiesmade clear that realistic pathways depend strongly onmodelresolution. For example, Soomere et al. (2011) identified direction-dependent transportpathways, semi-persistent routes, and closed-circulation areas in the Gulf of Finland [54],while Andrejev et al. (2011) showed that these transport characteristics change markedlywith grid size, implying that mesoscale eddies and narrow currents are dynamically es-sential rather than secondary details [55].
Using multi-sensor satellite imagery, Gade et al. (2012) derivedmesoscale surface cur-rents in the Baltic Proper [56]. In the Gulf of Riga, Soosaar et al. (2014) showed thatriver-induced buoyancy forcing can reverse the expected cyclonic pattern and generate adouble-gyre structure [23], while Lips et al. (2016a, 2016b) demonstrated that circulationthere is strongly seasonal, mesoscale-rich, and sensitive to plume dynamics, stratification,and Irbe Strait inflow [24, 57]. Viitak et al. (2016) further showed during the St. Jude stormthat spatially variable surface currents and sea-level canmodify significant wave height byup to about 20%, highlighting the practical relevance of circulation variability for coastalhazards [38].
As modeling matured, the literature increasingly distinguished between robustness ofthe broad circulation picture and uncertainty in its quantitative expression. Placke et al.(2018) found that Balticmodels consistently reproduce the large-scale cyclonic circulation,but differ substantially in current strength and transports [30]. Jędrasik and Kowalewski(2019) confirmed themean cyclonic circulation of the Baltic Proper, identifiedmarked sea-sonal differences, and linked current variability to large-scale atmospheric indices [58]. Inthe Gulf of Finland, Maljutenko and Raudsepp (2019) revealed a westward coastal currentand two large summer anticyclonic gyres whose intensity varies strongly between yearsand depends on zonal wind forcing [59, 60]. Bednorz et al. (2021) further showed that re-gional atmospheric circulation patterns induce coastal upwelling in different parts of theBaltic Sea, with the response depending strongly on coastline orientation and predom-inantly associated with alongshore winds [61]. Furthermore, Kanarik et al. (2021) thenshowed that surface-current variability has its strongest coupled-wave effects in dynami-cally active regions such as the Gulf of Finland, the Western Gotland Basin, and the ÅlandSea [39]. Additionally, Liblik et al. (2022) documented quasi-steady mesoscale circulationregimes in the central Baltic Proper lasting for weeks under sustained atmospheric forc-ing [33]. This multiscale view was pushed further by Väli et al. (2024), who showed with250 m resolution modeling that the Baltic surface eddy field is highly inhomogeneous inspace and season, with especially active submesoscale regions in the Gulf of Finland, the
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Gdańsk Basin, and the western northern Baltic Proper [62].
1.2 AI and Marine Data
Modernmarine science increasingly relies onhigh-dimensional, gridded, and time-evolvingdatasets produced by numericalmodels, satellite observations, in situmeasurements, andreanalysis products. In this context, themain challenge is not only data availability, but theextraction of dynamically meaningful information from large spatiotemporal fields whilepreserving their spatial organization, temporal evolution, and scale interactions. This isparticularly relevant for marine surface variables, including SSCs, whose structure is of-ten heterogeneous, nonlinear, and only partly represented by mean states or low-orderstatistical summaries [63, 64].Conventional statistical methods remain essential for description, interpretation, andthe identification of dominant modes of variability [65]. However, their limitations be-come more apparent when the target process includes nonlinear relationships, regimedependence, evolving covariance structures, and localized spatial features. Under theseconditions, data-driven methods provide a complementary framework by learning struc-ture directly from thedata rather thanprescribing it throughfixedparametric assumptionsor predefined diagnostics [66, 67]. Machine learning is therefore useful not only for pre-diction, but also for identifying latent organization, dominant states, regime transitions,and structured departures from the mean in complex marine datasets [68, 69, 70].For gridded ocean-current fields, physically relevant information is often contained inthe organization of the full vector field rather than in scalar diagnostics alone. A pattern-based perspective is therefore more appropriate than approaches that focus only on do-main averages, seasonal means, pointwise statistics, or individual features such as ed-dies. Eddy tracking is useful when coherent vortices are the explicit target, but it providesa restricted representation of circulation. In marginal and semi-enclosed seas, impor-tant circulation states may also involve estuarine reversals, broad cyclonic or anticyclonicregimes, coastal jets, channelized flows, and transitional configurations. Pattern-basedmethods retain the spatial structure of the complete current field and can therefore rep-resent both eddy-like and non-eddy circulation regimes within the same analysis.Thismethodological need is supportedby previous applications to ocean-current fields.In the Gulf of Finland, Westerlund et al. (2019) showed that seasonal averaging can ob-scure circulation features that change position or direction, while self-organizing maps(SOMs) resolved dominant states associated with normal estuarine circulation, reverseestuarine circulation, and transitional flow configurations [21]. Similarly, Dey et al. (2023)used SOMswith 23 years of daily satellite-derived surface-current maps in the Bay of Ben-gal to identify dominant large-scale circulation patterns and their temporal transitions [71].These studies show that mean circulation fields may arise from the interaction of multiplerecurrent patterns rather than representing a single persistent state.Compared with purely linear or partition-based approaches, SOMs are particularlysuitable for this type of analysis. EOF-based methods and clustering can support circula-tion classification, but prior linear projectionmay restrict the representation of states thatdiffer by geometry, asymmetry, or localized flow reorganization [72]. Hisaki (2013) com-pared SOM, hierarchical clustering, K-means clustering, and EOF-based dimensional re-duction for surface-current classification and showed that SOMprovided physicallymean-ingful classifications while being less sensitive to dimensionality-reduction choices thansome partitioning methods [73]. More broadly, SOMs have been shown to extract char-acteristic circulation patterns from oceanographic fields, preserve neighbourhood rela-tionships among patterns, and perform favourably relative to linear methods in feature
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extraction [74, 75, 76, 77, 78]. For these reasons, SOM provides an appropriate frame-work for identifying dominant SSC patterns from large gridded archives before moving toforecasting or emulation tasks.For prediction and emulation, deep learning extends this pattern-based logic by learn-ing spatial mappings directly from gridded fields. Convolutional neural networks (CNNs)are especially relevant because they preserve local spatial structure and exploit neigh-bourhood relationships in discretized geophysical data [79]. Recent ocean applicationsshow that convolutional models can estimate surface currents from gridded predictors,downscale sea surface height and current fields, and recover higher-resolution oceanstates from coarser inputs [80, 81, 82]. At the same time, reliable treatment of coastlinesand land boundaries remains an important challenge for nearshore prediction [83].Encoder–decoder architectures such as U-Net are well suited to geophysical field pre-diction because they combine large-scale contextual learning with the recovery of fine-scale spatial detail. Their skip connections retain both coarse and localized information,which is important when the target field contains basin-scale circulation patterns togetherwith coastal jets, narrow straits, and boundary-influenced structures [79]. This makes U-Net-type architectures suitable for field-to-field mappings in which one gridded oceanstate, or a sequence of states and forcings, is transformed into a predicted current fieldon the same grid.This also motivates the use of deep-learning emulators. Numerical ocean models re-main the physically grounded basis for generating dynamically consistent ocean states,whereas emulators learn efficient surrogate mappings from model-generated data to re-produce selected outputs or state evolution at substantially lower computational cost [84,85, 86]. In this thesis context, unsupervised pattern recognition and convolutional deeplearning therefore serve complementary roles: SOM is used to identify and interpret dom-inant SSC patterns, while CNN/U-Net-basedmodels provide a framework for efficient grid-ded field prediction and emulation.
1.3 Consolidation of the Research Justification and Goals
SSCs are among the most informative and practically important expressions of upper-ocean dynamics. Operationally, they are directly relevant to search and rescue, drift pre-diction, pollutant transport, and coastal hazard response [36]. Their importance is espe-cially pronounced over shorter timescales, such as from one day to the next, when theevolving surface flow itself matters more than seasonal means or long-term climatology.This relevance is particularly strong in the Baltic Sea, which is not only a climatically sen-sitive high-latitude basin [87, 88] but also a heavily used maritime region [89], so thatimproved understanding of SSCs is important both for advancing regional ocean and cli-mate science and for supporting operational applications.At the same time, Baltic SSCs remain less comprehensively characterized than vari-ables such as sea level, temperature, and salinity, partly because basin-wide direct currentobservations are sparse and because surface currents require high spatial and temporalresolution to resolve wind-driven, coastal, and mesoscale responses. Although the ex-istence of basin-scale cyclonic circulation is well established, from the literature review(Section 1.1.1) can be interpret that a consistent basin-scale characterization of dominantcirculation regimes at daily resolution remains limited. This creates a specific scientificchallenge: Baltic SSCs are both physically important and methodologically difficult to de-scribe because of the basin’s large spatial extent, the complex interplay among multiplesub-basins, and the broad range of processes that influence surface flow [90, 91].Recent advances in artificial intelligence (AI) provide a practical way to approach this
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problem [92, 93]. When supported by temporally extensive and spatially resolved data,suchmethodsmake it possible to analyse Baltic SSC variability beyond conventionalmean-state descriptions, to identify dominant structures more systematically, and to examinewhether part of this structured variability can be learned for efficient prediction. This alsoplaces strong emphasis on data selection and consolidation, because data-driven meth-ods depend on the quality, continuity, spatial coverage, and dynamical consistency of thefields used for analysis and learning. Article I provides an additional methodological con-tribution to the data-selection framework of the present thesis, rather than constituting aseparate scientific objective on SSC variability. Against this background, the thesis has twomain goals. The first is to clarify how Baltic SSC variability is organized in space and timethrough basin-scale analysis, pattern-based classification, and dynamical decomposition.The second is to examine whether this variability can be represented efficiently within adata-driven forecasting framework. More specific sub-goals, connected to the individualpublications, can be formulated as follows:
• To quantify the relative contributions of geostrophic and ageostrophic componentsto Baltic SSCs and analyse their spatial and temporal variability. This objective isrelated to Article II and is extended in the present thesis through a more compre-hensive basin-scale analysis.
• To identify dominant circulation regimes throughpattern recognition. This objectiveis pursued through SOM analysis. In methodological terms, Article III provides themain basis for this part by demonstrating how SSC variability can be organized intodominant circulation states suitable for further interpretation and comparison.
• To assess whether daily SSC evolution can be represented efficiently through data-driven surrogate forecasting. This objective is addressed first in Article III throughthe regional sciCUN design for the Gulf of Riga and then in Article IV through thebasin-scale DeepCUN design for the full Baltic Sea. In both cases, the aim is to testwhether daily evolution of the surface-current field can be learned from a restrictedset of physically meaningful inputs.
• To examinewhether such forecasting designs can be interpreted in physicallymean-ingful terms. This objective is associated with the design framework developed ini-tially in Article II and, in amoremature form, in Article IV,where predictor sensitivityand explainable artificial intelligence (XAI) diagnostics are incorporated to relate thelearned forecasting operator to the structure of the input information.
Accordingly, the results will be presented in a progression from reference-data jus-tification, to quantification of the geostrophic–ageostrophic balance in Baltic SSC vari-ability, to pattern recognition, and finally to data-driven forecasting design and its phys-ical interpretation. In this way, the thesis is intended to contribute both to the physicalstudy of Baltic Sea surface circulation and to the methodological development of regionaloceanography under limited direct observational constraints.
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2 Materials and Methods
2.1 Main Data
To analyse Baltic SSCs, this study used the Copernicus Marine Baltic Sea Physics Reanaly-sis (product ID: BALTICSEA_MULTIYEAR_PHY_003_011), a multi-year physical reanalysiscovering the Baltic Sea and the transition area to the North Sea over the period 1993–2024, at an approximate horizontal resolution of 1 nautical mile and with 56 vertical lev-els. The product provides daily, monthly, and annualmeanfields of sea level, temperature,salinity, mixed-layer depth, sea ice variables, and horizontal currents [94, 95]. Althoughdirect validation of Baltic SSCs remains limited by the scarcity of suitable publicly availablecurrent observations, this limitation is a known operational and scientific constraint. Nev-ertheless, the reanalysis is accompanied by quality information documents and validationresults showing generally acceptable performance for the main physical state variables,including temperature, salinity, mixed-layer depth, and sea surface height [96]. This pro-vides indirect support for using the product as a physically consistent reference for near-surface circulation, even if the current field itself cannot be validated as comprehensivelyas temperature, salinity, or sea level. Accordingly, in the absence of sufficiently exten-sive public current observations, the reanalysis is treated here as the best available basin-scale reference dataset for Baltic SSC analysis. For this reanalysis product, the underlyingocean model is the Baltic Monitoring and Forecasting Centre (BAL MFC) implementationof NEMO version 4.0 coupled with the SI3 sea ice model and adapted for Baltic Sea con-ditions [95, 97, 98, 99]. SSC were represented by the uppermost model level, centered at0.50 m depth, and both zonal and meridional velocity components.
2.1.1 Additional DataAdditional datasetswere used for specific purposes throughout the study. Sea-level anomaly(SLA) from the same Baltic Sea physics reanalysis was used in the dynamical decomposi-tion of surface currents. Atmospheric forcing fields were taken from ERA5 reanalysis andwere used mainly in the forecasting framework [100]. Satellite-derived SLA was takenfrom the CopernicusMarine European Seas Level-4 sea surface height product [101], whilesatellite-based total surface-current fieldswere taken from theCopernicusMarineGlobCur-rent product for comparative and diagnostic analyses [102]. These datasets are introducedin more detail in the relevant methodological sections.
2.2 Analysis of Baltic SSCs
2.2.1 SOMFollowing the methodological justification given in Section 1.2, Baltic SSC variability wasanalysed with the SOM method [103]. In the present study, each sample corresponds toone complete daily Baltic SSC field. The SOM was therefore used to classify basin-scalecirculation states rather than individual grid points.Let

x ∈ RD (1)
denote one input vector, where D is the number of scalar elements describing one SSCfield. A SOM with lattice size n×m contains

K = nm (2)
neurons, each associated with a prototype vector

w j ∈ RD, j = 1, . . . ,K. (3)
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For a given input vector, the best-matching unit (BMU) is defined as the neuron whoseprototype is closest to the input in Euclidean distance (ED):
c = argmin

j

∥∥x−w j
∥∥ . (4)

Here, argmin means “the value of j that gives the smallest distance”, so c is the index ofthe prototype vector most similar to the input vector x.After the BMU is identified, both the BMU and its neighbouring neurons on the SOMlattice are updated toward the input vector:
wnew

j = wold
j +α(τ)hc j(τ)

(
x−wold

j

)
, (5)

whereα(τ) is the learning rate, hc j(τ) is the neighbourhood function centredon theBMU,and τ denotes the training step. In this way, the SOM performs both vector quantizationand topological ordering: similar SSC fields are mapped to the same or neighbouring neu-rons.After training, each neuron represents one prototype circulation state, and each sam-ple is assigned to its BMU. The SOM thus provides a discrete classification of Baltic SSCfields together with an ordered relation among the resulting classes. For each prescribedlattice size, the network was initialized and trained for 200 epochs. The trained networkyields two outputs: a codebook matrix containing the prototype circulation states and alabel series assigning each sample to its BMU.No additional normalizationwas applied to the current-field vectors before SOM train-ing. The classification therefore operates on the original velocity magnitudes of the re-analysis fields. This preserves physically meaningful differences in circulation strength,but it also means that locations with larger temporal variability contribute more stronglyto the Euclidean-distance metric. The resulting classes should therefore be interpreted ascirculation states defined by the full SSC field in its original physical scale.The choice of lattice size controls the level of detail in the classification. Small SOMsrepresent broad large-scale states, whereas larger SOMs resolve finer distinctions withinthe dataset. Increasing the number of neurons does not change the dimensionality of theinput data; it only increases the number of prototype states used to represent Baltic SSCvariability [21, 73].For each analyzed field, both components (the eastward component uSSC and thenorthward component vSSC) were extracted on the native horizontal grid and transformedinto a one-dimensional representation suitable for SOM training. The data were land-masked before vectorization.Let the retained sea points be denoted by
Ω = {r1,r2, . . . ,rN}, (6)

where N is the number of valid grid points after masking. For each sample, the input vec-tor was then formed by pairing the two horizontal velocity components at each retainedlocation and arranging them in interleaved form:

x =




uSSC(r1)
vSSC(r1)
uSSC(r2)
vSSC(r2)...
uSSC(rN)
vSSC(rN)




∈ R2N . (7)
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Thus, each retained sea point contributes one local velocity pair (uSSC,vSSC) to the inputvector, and the same ordering is preserved for all samples.After vectorization, all sample vectors were assembled columnwise into the input ma-trix
X =



| | |

x1 x2 · · · xS
| | |


 ∈ R2N×S, (8)

where S is the total number of analysed SSC fields. In this arrangement, each columnrepresents one complete Baltic SSC state, and each row corresponds to one scalar elementof the interleaved velocity vector. This general framework is consistent with Article III,where SOM was used for daily SSC classification in the Gulf of Riga, but is applied here tothe full Baltic Sea domain [3].
2.2.2 Geostrophic and Ageostrophic Decomposition of Surface Currents
To assess the relative roles of pressure-gradient-driven and residual non-geostrophic pro-cesses, the near-surface SSC field was decomposed into geostrophic and ageostrophiccomponents.For each analyzed field, the total SSC velocity was written as

uSSC =
(
uSSC, vSSC

)
, (9)

where uSSC and vSSC denote the eastward and northward components of the total near-surface current obtained from the reanalysis. As mentioned in Section 2.1.1, the SLA field
η from the same reanalysis product was used to estimate the geostrophic contribution ateach grid point. Under the geostrophic approximation, the surface geostrophic velocity isgiven by

uSSC,geo =− g
f

∂η

∂y
, vSSC,geo =

g
f

∂η

∂x
, (10)

where g is the gravitational acceleration and
f = 2Ωsinφ (11)

is the Coriolis parameter, with Ω the Earth’s angular velocity and φ latitude.Because the SLA field is provided on a regular longitude–latitude grid, the horizontalderivatives were evaluated numerically after conversion of grid spacing from angular co-ordinates to metric distance. Let ∆λ and ∆φ denote the longitudinal and latitudinal gridincrements in degrees. Then the corresponding zonal andmeridional distances at latitude
φ are

∆x = Rcosφ(∆λ
π

180
), ∆y = R∆φ(

π

180
), (12)

where R is the Earth’s radius. The sea-level gradients were approximated using a 7-pointstencil recommended by Arbic et al. (2012) [104]. Thus, for an interior grid point (i, j),
∂η

∂x

∣∣∣∣
i, j

≈ ηi+3, j −9ηi+2, j +45ηi+1, j −45ηi−1, j +9ηi−2, j −ηi−3, j

60∆xi, j
, (13)

and
∂η

∂y

∣∣∣∣
i, j

≈ ηi, j+3 −9ηi, j+2 +45ηi, j+1 −45ηi, j−1 +9ηi, j−2 −ηi, j−3

60∆yi, j
. (14)
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Before differentiation, missing values in the SLA field were locally filled only for numericalstability of the derivative stencil near irregular coastlines. The final geostrophic velocitieswere evaluated only at valid sea points of the analysis domain.Once the geostrophic component had been estimated, the residual ageostrophic com-ponent was defined by subtraction from the total SSC:
uSSC,ageo = uSSC −uSSC,geo, vSSC,ageo = vSSC − vSSC,geo. (15)

Hence, the total near-surface SSC was partitioned as
uSSC = uSSC,geo +uSSC,ageo, (16)

where
uSSC,geo =

(
uSSC,geo, vSSC,geo

)

is the geostrophic component and
uSSC,ageo =

(
uSSC,ageo, vSSC,ageo

)

is the residual ageostrophic component.To assess how strongly each component contributed to the direction of the total cur-rent, projected percentage contributions were defined from the scalar projection of eachcomponent onto the total SSC vector. The ageostrophic contribution was written as
Pageo = 100

uSSC,ageo uSSC + vSSC,ageo vSSC

u2
SSC + v2

SSC
, (17)

and the geostrophic contribution as
Pgeo = 100

uSSC,geo uSSC + vSSC,geo vSSC

u2
SSC + v2

SSC
. (18)

These quantitiesmeasure the percentage contribution of each component in the directionof the total SSC vector. Positive values indicate that the component supports the totalflow direction, whereas negative values indicate an opposing contribution. Owing to thedecomposition in Eq. (15), the two projected contributions satisfy
Pgeo +Pageo = 100 (19)

where the total current magnitude is non-zero.To summarize the local balance between the two contributions, a normalized domi-nance index was further defined as
D = 100

Pgeo −Pageo

|Pgeo|+ |Pageo|
. (20)

With this definition,D> 0 indicates geostrophic dominance,D< 0 indicates ageostrophicdominance, and D = 0 indicates equal projected influence of the two components. Theindex is bounded between −100 and 100, which facilitates comparison among regionsand circulation states.This decomposition provides a dynamical complement to the SOMclassification. Whereasthe SOMgroups surface-current fields according to their full spatial similarity, the geostrophic–ageostrophic partition helps interpret the physical nature of those patterns by indicat-ing whether a given circulation state is more strongly associated with sea-level-gradient-driven flow or with residual processes not captured by the geostrophic approximation.In this way, the classification of dominant circulation regimes can be linked to a physi-cally interpretable balance between dynamically distinct components of the near-surfacecurrent field.
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2.3 Forecasting of Baltic SSCs
The preceding subsections addressed the extraction and interpretation of dominant cir-culation patterns from historical surface-current fields. The next step of the study was toinvestigatewhether Baltic Sea near-surface SSCs can also be predicted efficiently in a data-driven framework. The purpose of this forecasting stage was not to replace dynamicalocean modeling in a general sense, but to construct a computationally inexpensive surro-gate for the evolution of the sea-surface current field itself. In this setting, the target quan-tity is restricted to the horizontal near-surface current, whereas the three-dimensional hy-drodynamic model remains the reference source of dynamically consistent training data,since a full three-dimensional numerical ocean simulation remains computationally ex-pensive when the practical target is only the surface-current field [105, 106, 107, 108, 109].Within the thesis, this forecasting framework was developed in two connected stages.First, Article III introduced a regional proof-of-concept design, denoted sciCUN, for dailySSC emulation in the Gulf of Riga. Second, Article IV extended the same general designlogic to the full Baltic Sea by introducing a deeper and more expressive basin-scale ar-chitecture, denoted DeepCUN. The methodological basis is therefore common to botharticles: in each case, a convolutional encoder–decoder network is trained to emulate theone-day evolution of the SSC field from the antecedent SSC state and atmospheric forc-ing. The present Methods section summarizes this common forecasting formulation andthen describes the final basin-scale design used in Article IV, while the regional sciCUNconfiguration from Article III is treated as its methodological precursor.The forecasting problem was formulated as a one-step update of the daily surface-current field. Rather than integrating the full three-dimensional momentum, thermody-namic, and free-surface equations forward in time, the deep-learning model was trainedto map the known SSC state at day t, together with atmospheric forcing aligned to day
t +1, to the predicted SSC state at day t +1. In this sense, the method constitutes a par-tial emulation of the regional ocean simulation, designed specifically for SSC forecasting.
2.3.1 Data-driven model formulation and predictorsThe forecast target was the daily mean Baltic Sea near-surface current field derived fromthe same Copernicus Marine Baltic Sea reanalysis introduced above. Let

USSC(i, j, t) =
[

uSSC(i, j, t)
vSSC(i, j, t)

]
(21)

denote the zonal and meridional SSC components at horizontal grid point (i, j) and day
t. These reanalysis fields were treated as the reference target fields for the forecastingframework.Atmospheric forcingwas taken fromERA5 reanalysis. Initially, a broader candidate pre-dictor set was considered, including 10 m zonal and meridional wind components, meansea-level pressure, 2 m air temperature, and 2 m dew-point temperature. However, asubsequent predictor-sensitivity analysis showed that, once the antecedent SSC field andwind forcing were included, the additional thermodynamic and pressure variables con-tributed only marginally to forecast skill. The final forecasting models considered in thethesis therefore retained only the previous-day SSC field and the next-day wind compo-nents as predictors. This reduced predictor design was first explored in the regional sci-CUN framework of Article III and was then formalized and tested more systematically forthe basin-scale DeepCUN framework in Article IV.All predictor and target fields were placed on a common regular analysis grid. Fornumerical compatibility with the encoder–decoder architecture, the original domain was
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slightly cropped at the land-dominated outer margins, yielding a grid of dimensions
S1 = 736, S2 = 768. (22)

This ensured that the spatial dimensions were divisible by 25, consistent with five succes-sive downsampling operations in the basin-scale DeepCUN network. Let Do denote theocean part of this grid, defined by the seamask. All fields were retained on the full rectan-gular grid, while land points were masked and set to zero during training and evaluation.To preserve the physical magnitude of the target field, the two SSC components werekept in their original units. The atmospheric predictor fields were first restricted to oceanpoints and then linearly rescaled using training-period extrema so that their numericalrangewas comparable to that of the SSC components. For a generic atmospheric predictor
Ac, the normalized field was written as

Anorm
c (i, j, t) =

(
Ac(i, j, t)−minDo(Ac)

maxDo(Ac)−minDo(Ac)

)(
max
Do

(SSC)−min
Do

(SSC)
)
+min

Do
(SSC),

(23)where the extrema were computed over all ocean points in the training period, and thepooled SSC range was obtained from both zonal and meridional components together.With this preprocessing, the forecasting problem was formulated as a mapping froma four-channel input tensor to a two-component predicted SSC field. The finalized inputtensor was
X(i, j, :, t) =




uSSC(i, j, t)
vSSC(i, j, t)

unorm
wind (i, j, t +1)

vnorm
wind (i, j, t +1)


 , (24)

and the corresponding predicted output field was
ÛSSC(i, j, t +1) =

[
ûSSC(i, j, t +1)
v̂SSC(i, j, t +1)

]
. (25)

The forecasting model therefore approximated the mapping
ÛSSC(i, j, t +1) = Fθ (X(i, j, :, t)) , (26)

where Fθ denotes the neural-network predictor with trainable parameters θ .This formulation is physically interpretable. The SSC field at day t provides the an-tecedent dynamical state, while the wind at day t + 1 represents the primary externalforcing acting over the predicted day. The resulting network therefore learns a conditionalone-day update of the surface-circulation field rather than an unconstrained statistical in-terpolation.
2.3.2 Convolutional U-shaped neural network architectureThe forecasting architectures used in Articles III and IV share the same basic design prin-ciple: both are convolutional encoder–decoder networks that learn image-to-imagemap-pings from gridded predictors to the next-day SSC field. Article III used this design in theregional sciCUN configuration for the Gulf of Riga, where the aim was to demonstrate thefeasibility of daily SSC emulation in a restricted but dynamically complex domain. Article IVthen extended the same general framework to the scale of the full Baltic Sea by introduc-ing a deeper and more expressive architecture, hereafter referred to as DeepCUN. Thetransition from sciCUN to DeepCUN was motivated by the greater spatial extent, stronger
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heterogeneity, and broader range of circulation structures present in the full Baltic Sea,which required higher representational capacity than the regional proof-of-concept de-sign.To approximate the mapping in Eq. (26), the final basin-scale forecasting frameworkadopted in this thesis used DeepCUN. The choice of a convolutional U-Net structure wasmotivated by the fact that SSCs are gridded vector fields with strong spatial organizationacross multiple scales. In the Baltic Sea, relevant structures range from basin-scale gyresand broad exchange flows to coastal jets, narrow straits, and localized eddy-like features.A forecasting model must therefore capture both large-scale contextual information andfine-scale spatial detail.DeepCUN consists of five encoder levels, a bottleneck layer, and five decoder levelsconnected by skip connections. In the encoder, each level applies a 3× 3 convolutionfollowed by group normalization and a rectified linear unit. A 2×2max-pooling operationthen reduces the spatial resolution by a factor of two. The number of feature channelsincreases with depth according to
(32, 64, 128, 256, 512), (27)

followed by a bottleneck layer with 1024 channels. This progressive reduction in spatialresolution allows the network to aggregate increasingly large-scale spatial context.The decoder mirrors the encoder. At each level, transposed convolution is used to up-sample the feature maps, which are then concatenated with the corresponding encoderactivations through skip connections. A further convolution–normalization–activation blockrefines the reconstructed features. The final layer is a 1×1 convolution that maps the de-coder output to the two predicted SSC components, ûSSC and v̂SSC. In practical terms, theencoder extracts progressively more abstract multi-scale features from the antecedentSSC and wind fields, while the decoder reconstructs a full-resolution next-day SSC mapthat preserves both basin-scale structure and localized coastal detail.Thus, the relationship between the two article-specific designs is as follows. Article IIIintroduced sciCUN as the regional proof-of-concept architecture and established the prac-tical feasibility of daily SSC emulation. Article IV retained the same basic encoder–decoderforecasting concept but implemented it in the deeper basin-scale DeepCUN architecture,which is the final forecasting design adopted in this thesis for the whole Baltic Sea. Fig-ure 2 shows the schematic framework used for the final basin-scale forecasting setup.Detailed operator-level descriptions of the individual building blocks, including convolu-tion, normalization, rectified linear unit (ReLU), and upsampling, are given in Articles IIIand IV.
2.3.3 Training strategy and one-step forecast evaluation
The forecastingmodel was trained using the Baltic Sea reanalysis period 2015–2023, whilethe full year 2024 was reserved as an independent test period. Each sample consisted ofone day-pair (t, t+1), such that the input tensor X(i, j, :, t)was paired with the referenceSSC field USSC(i, j, t +1).The trainable parameters were optimized by minimizing a penalized squared-errorloss,

Ltot = Ldata +λ∥W∥2
2, (28)

with
Ldata = (ûSSC −uSSC)

2 +(v̂SSC − vSSC)
2 , (29)
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Figure 2: DeepCUN architecture and multi-day forecasting framework. Encoder (E1–E5, pink), bot-
tleneck (B, orange), decoder (D5–D1, yellow), and output head (O, green; 1×1 Conv → regression
loss) [4].
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whereW denotes the set of learnable network weights and λ is an L2 regularization coef-ficient. The loss therefore penalizes discrepancies in both SSC components while limitingexcessive weight growth.Because the full multi-year, high-resolution dataset is memory-intensive, training wascarried out in a sequential annual streaming procedure. The model was first initializedon the earliest training year and then updated iteratively through subsequent years whileretaining the learned weights. In this way, the network was exposed to the full multi-year variability of the Baltic Sea without requiring all samples to reside simultaneously inmemory. Optimization was performed with the Adam algorithm.Forecast skill for the one-step problemwas assessed using three complementary met-rics. First, the vector error at each grid point was quantified by the ED
ED(i, j, t) =

√
(ûSSC(i, j, t)−uSSC(i, j, t))2 +(v̂SSC(i, j, t)− vSSC(i, j, t))2. (30)

Second, component-wise mean absolute error (MAE) was used to summarize amplitudemismatch in the zonal and meridional SSC components. Third, the Pearson correlationcoefficient (CC) was calculated at each grid point over the test period to quantify the tem-poral agreement between predicted and reference currents.In addition to these pointwise skill measures, the preservation of rotational structurewas evaluated using the relative vorticity
ζ =

∂vSSC

∂x
− ∂uSSC

∂y
, (31)

with the same operator applied to both reference and predicted SSC fields. This diagnos-tic was used to assess whether the forecast model preserved the sign and organization ofrotational features such as eddy-like structures, meanders, and sharp coastal flow curva-ture.
2.3.4 Recursive multi-day forecast experimentAlthough DeepCUN was trained only for one-day prediction, it was also deployed recur-sively to assess its potential multi-day forecast behavior. In this experiment, the predictedSSC field from one lead time was fed back as the antecedent state for the next lead time,while the atmospheric forcing was prescribed for the corresponding future day.Let the forecast be initialized from the known reference SSC field at day t,

ÛSSC(i, j, t) = USSC(i, j, t) =
[

uSSC(i, j, t)
vSSC(i, j, t)

]
. (32)

Then, for lead time n ≥ 0, the recursive input was formed as

X̂(i, j, :, t +n) =




ûSSC(i, j, t +n)
v̂SSC(i, j, t +n)

unorm
wind (i, j, t +n+1)

vnorm
wind (i, j, t +n+1)


 , (33)

and the recursion became
ÛSSC(i, j, t +n+1) = Fθ

(
X̂(i, j, :, t +n)

)
. (34)

Repeated application of this one-step mapping yielded multi-day forecasts up to the cho-sen lead horizon.
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This recursive experimentwas designed as a controlled assessment of forecast stabilityand potential predictability, rather than as a fully operational forecast system. In particu-lar, the atmospheric forcing used in the recursive rollout was taken from reanalysis ratherthan from independent numerical weather prediction forecasts, and the initial conditionwas likewise taken from the reanalysis. The resulting experiment therefore represents anidealized upper-bound test of how forecast errors accumulate when the one-step learnedoperator is applied repeatedly under effectively perfect forcing. It should not be inter-preted as a direct operational forecast benchmark, but rather as an assessment of theinternal stability and medium-range potential of the learned SSC mapping.
2.3.5 XAI diagnostics
Because the forecasting model is a deep nonlinear mapping from gridded predictors togridded SSC fields, additional diagnostics were required to examine how the trained net-work uses the available input information. In this study, XAI was introduced in two se-quential stages. First, it was used during model configuration to test which predictorscontributed independent forecast information. Second, after the final model had beentrained, it was used to interpret how the retained predictors entered the learned one-step forecast operator. The detailed implementation is given in Article IV [4]; here themain methodological construction is summarized.The first stage was based on occlusion sensitivity. Let the unperturbed input tensorfor one sample be denoted by

X(i, j, :, t) =




uSSC(i, j, t)
vSSC(i, j, t)

unorm
wind (i, j, t +1)

vnorm
wind (i, j, t +1)

· · ·



, (35)

where the ellipsis denotes the additional candidate predictors considered before channelreduction. Let Xc(i, j, t) denote channel c of the input tensor. To occlude channel c, thatchannel was replaced by a temporally averaged background field,
Xc(i, j) =

1
T

T

∑
τ=1

Xc(i, j,τ), (36)
so that the perturbed input became

X (occ,c)
c′ (i, j, t) =

{
Xc(i, j), c′ = c,
Xc′(i, j, t), c′ ̸= c.

(37)
The trained network was then evaluated with both the original and occluded inputs, andthe resulting degradation in out-of-sample forecast skill was measured. In this way, oc-clusion provides an intervention-based estimate of predictor importance: a large loss ofskill indicates that the masked channel contains information that is not recoverable fromthe remaining inputs. Applied to the candidate predictor set, this analysis showed thatprevious-day SSC components and next-day wind components carried the dominant pre-dictive signal, whereas mean sea-level pressure and near-surface thermodynamic vari-ables added only marginal skill once persistence and wind forcing were already included.The final forecasting model was therefore restricted to the reduced four-channel inputdefined in Eq. (24).
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After predictor selection, post hoc XAI was applied to the finalized network. Two com-plementary aspects of the learnedmapping were then examined: existence and elasticity.Existence refers here to the spatial distribution of attributed support in the input, that is,where the network finds the information it uses to construct the forecast. Elasticity refersto local responsiveness, that is, how strongly the forecast changes under a small pertur-bation of the input. These two aspects are intentionally separated, because the predictorthat provides structural support for the forecast is not necessarily the same predictor towhich the forecast is most locally sensitive.Existence was examined with Layer-wise Relevance Propagation (LRP) [110]. Let thetrained forecasting network be denoted by
ÛSSC(t +1) = Fθ (X(t)) , (38)

where X is the multi-channel input tensor and ÛSSC is the two-component predicted SSCfield. LRP starts from one predicted output component and redistributes that predictionbackward through the trained network toward the input layer. Denoting by R(ℓ) the rele-vance at layer ℓ, the redistribution is written schematically as
R(ℓ−1) = Φ

(ℓ)
LRP

(
R(ℓ)

)
, (39)

where Φ
(ℓ)
LRP denotes the relevance-propagation rule for layer ℓ. Repeated application ofthis backward redistribution from the output layer to the input layer yields an input-siderelevance field

Rc,k(i, j, t), (40)
where c indexes the input channel, k the predicted SSC component, and (i, j) the grid loca-tion. Thus, Rc,k(i, j, t)measures how strongly input channel c at location (i, j) contributesto the prediction of SSC component k for sample t. Averaging these fields over many sam-ples yields spatial maps of persistent attributed support. In physical terms, these mapsindicate where the emulator organizes its forecast mainly around antecedent-state mem-ory and where it organizes it more strongly around wind forcing.Elasticity was examined with a gradient-based diagnostic termed diagonal Jacobianelasticity (DJE) [111, 112]. Whereas LRP asks where the forecast finds support, DJE askswhere the forecast is locally responsive to perturbations in the input. For input channel cand predicted SSC component k, the local elasticity target was defined as

Dc,k(i, j, t) =
∂
˜̂USSC,k(i, j, t +1)

∂Xc(i, j, t)
, (41)

where ˜̂USSC,k denotes a differentiable magnitude representation of the predicted SSCcomponent k. Thus, Dc,k(i, j, t)measures how strongly the magnitude of predicted com-ponent k at grid point (i, j) changes in response to an infinitesimal perturbation of inputchannel c at the same location. In this way, the diagnostic quantifies local input–outputsensitivity in a strictly co-located sense.Because the complete Jacobian of the Baltic-wide input–output mapping is too largeto construct explicitly, only its spatially diagonal part was estimated numerically, follow-ing the randomized probing strategy described in Article IV [4]. High values of Dc,k(i, j, t)therefore indicate regions where the prediction of SSC component k is especially sensi-tive to local perturbations in predictor channel c, and where local forecast quality mayconsequently depend more strongly on local predictor accuracy.
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Taken together, these diagnostics address three complementarymethodological ques-tions. Occlusion identifies which predictors contain independent forecast information.LRP identifies where the trained network repeatedly finds the attributed support usedto construct the forecast. DJE identifies where the forecast is most locally sensitive toperturbations in those predictors. Their combined use was intended to move the anal-ysis beyond black-box predictive skill alone and toward a more physically interpretableaccount of the balance among antecedent-state memory, wind-driven adjustment, andgeographically structured sensitivity in Baltic Sea SSC forecasting.It should be noted that, the quantitative evaluation measures used in this thesis, in-cluding ED, MAE, and related diagnostics, follow the conventional formulations adoptedin the associated publications [1, 2, 3, 4] and are therefore not repeated here in full detail.
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3 Results and Discussion
A data-driven analysis and prediction framework for SSCs requires a reference datasetthat is physically meaningful, spatially continuous, temporally extensive, and suitable forbasin-scale application. Direct observations are essential for validation, but they are notsufficient as the primary reference field in the Baltic Sea because openly available ob-serving systems do not provide spatially continuous SSC coverage. Drifters provide La-grangian trajectories rather than fixed-location current fields, acoustic Doppler currentprofilers (ADCPs) are sparse and usually sample below the immediate surface layer, andhigh-frequency (HF) radar products are geographically restricted andmainly coastal. Ship-of-opportunity systems such as FerryBox are also not well suited to this role, because theyprimarily provide underway hydrographic observations rather than spatially consistentSSC fields, and any route-based current information remains strongly limited in coverage.Mooring-based currentmeters are likewise very limited in the openly accessible Baltic Seaarchive [113].

Satellite observations provide an important alternative, but they also do not directlyresolve total SSC. Altimetry measures sea-level gradients and therefore supports estima-tion of the geostrophic component of surface circulation when combined with mean dy-namic topography [114, 115]. However, the total surface current also includes ageostrophiccontributions associated with wind-driven Ekman transport, frictional and turbulent pro-cesses, inertial motions, wave-related effects, and coastal or topographic adjustments[116, 117, 118, 119]. Although some satellite-based products approximate total currentsby combining geostrophic currents with simplified wind-driven corrections [120, 121], thisapproach is limited in the Baltic Sea because the basin is shallow, strongly stratified, to-pographically complex, and characterized by narrow gulfs, sills, coastal jets, fronts, andrapidly varying winds. Such products are therefore useful for comparison and diagnosticinterpretation, but they are not sufficient as the main reference for total SSC.
This data-selection argument is supported by Article I. Although Article I focused onBaltic sea level rather than SSC, it demonstrated a key methodological point relevant tothe present thesis: basin-scale reconstruction in the Baltic Sea benefits from combiningobservational constraints with model-derived spatiotemporal structure. In that study, thebest gridded sea-level reconstruction was obtained when tide-gauge and altimetry ob-servations were used together, while reconstructions based on only one observationalsource were weaker relative to the other. Model reanalysis was required to provide thedynamically balanced, spatially complete background statistics needed for basin-wide re-construction [1]. This supports the use of reanalysis here as the most suitable referencefield for SSC analysis, because it provides physically consistent, spatially continuous, andtemporally extensive total surface-current fields.
The comparison in Figure 3 further illustrates the resolution and structural differencesbetween products. The CMEMS Baltic reanalysis and the CMEMS GlobCurrent productshow broadly similar large-scale flow orientation, but the reanalysis resolves substantiallyricher spatial structure, including narrow coastal jets, intensified currents in the DanishStraits and transition zone, and sub-basin-scale recirculations [102]. The satellite-basedLevel-4 product, provided on a coarser 0.25◦ grid, is smoother and does not resolve manymesoscale and coastal features that previous Baltic studies identify as dynamically impor-tant, as reviewed in Section 1.1.1.
These considerations led to the final data selection adopted in this thesis. Amongthe current datasets that were openly accessible and available to this study, the CMEMSBaltic Sea physical reanalysis was selected as the principal reference dataset for total SSC,because it provides spatially continuous, dynamically consistent, long-term near-surface
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Figure 3: Comparison of long-termmean total surface current speed and vectors from (a) the CMEMS
Baltic Sea physical reanalysis and (b) the CMEMS GlobCurrent multi-platform product. For improved
viewing in digital mode, a high-resolution version of this figure is available in the supplementary
figure repository at https://doi.org/10.48726/3ryhg-bbt08 [122].

Figure 4: Agreement between SLA data from CMEMS European Seas Level-4 satellite and Baltic re-
analysis (interpolated to the satellite data grid) over 2014–2023. (a) Grid-point correlation between
daily SLA time series. (b) Mean absolute error (MAE, m).
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current fields over the whole Baltic Sea and resolves both coastal and basin-scale struc-tures required for the subsequent analyses.For further insight, however, SLA remains a useful observational constraint. Figure 4compares Baltic reanalysis SLA with the Copernicus Marine European Seas Level-4 satel-lite product over 2014–2023 [101]. The generally high spatial correlation and relatively lowmean absolute error indicate that satellite sea-level capturesmuch of the basin-scale vari-ability relevant to the geostrophic structure. At the same time, this shows that geostrophyalone is not sufficient to represent total SSC variability in theBaltic Sea, where ageostrophiccontributions remain important, thereby providing further support for the geostrophic–ageostrophic decomposition.
3.1 SSC variabilities
For the purpose of an initial assessment of the suitability of the data used in the presentstudy, the climatological cycles during 1993–2024 are plotted in Figure 5. In most months,the interior basins of the Baltic Sea are characterized by relatively weak mean SSCs, gen-erally remaining below about 0.2 ms−1. By contrast, the highest climatological currentspeeds are consistently found in the western part of the domain, especially around theDanish Straits transition zone, where monthly mean values frequently exceed 0.2 ms−1

and locally approach 0.4 ms−1.This spatial contrast persists throughout the annual cycle, indicating that it is a ro-bust feature of the long-term mean circulation. The monthly climatology also shows ageneral increase in current intensity during autumn, while the overall spatial organiza-tion of the flow remains broadly similar frommonth to month. Inspection of the monthlymean vector fields suggests that the annual cycle ismainly expressed as changes in currentstrength within a predominantly cyclonic circulation pattern, rather than as a seasonal al-ternation between cyclonic and anticyclonic basin-scale regimes. These results are furtherpresented by identifying the months with the strongest departures from the climatolog-ical mean, among which May and December can be considered the most representativestates, and are discussed in greater detail in Article II.To evaluate the variability of SSC further, SOM analysis was applied using several griddimensions. Figure 6 shows the mean ED between each daily SSC field from the originalreanalysis and the SOMprototype towhich that fieldwas assigned. In total, 17 SOMconfig-urations were tested in order to assess whether the daily SSC variability is more complexthan what can be inferred from the monthly climatological cycle alone (Fig. 6: X-axis).For comparison, the corresponding ED obtained when each daily field is represented bythe long-termmonthly climatology of its respective month, as well as by the overall meanfield for 1993–2024, is also shown.At the same time, Figure 6 shows that increasing the SOMsize leads to a gradual reduc-tion in ED, implying amore accurate prototype assignment. The decrease is clear from thesmallest tested configuration toward the larger grids, although the improvement becomesprogressively smaller with increasing map size. This behaviour suggests that the maindominant SSC patterns are captured already with relatively few nodes, while additionalnodes mainly refine the representation of secondary variations around those dominantstates. Therefore, a larger SOM provides higher accuracy, but with diminishing returns atthe upper end of the tested dimensions.An important feature of the results is that the topology of the SOM itself appears tohave only a limited effect on the representation error. For example, configurations suchas 3×2 and 6×1, or 4×3 and 12×1, produce nearly the same ED despite their differenttwo-dimensional and one-dimensional layouts. This indicates that, for the Baltic SSC data
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Figure 5: Baltic SSC monthly mean climatology (1993-2024). For improved viewing in digital
mode, a high-resolution version of this figure is available in the supplementary figure repository
at https://doi.org/10.48726/3ryhg-bbt08 [122].

32



considered here, the representation error depends more strongly on the number of pro-totypes than on whether they are arranged in one or two dimensions. Under the presentED-based evaluation, the benefit of a two-dimensional SOM topology therefore appearslimited. In other words, the dominant variability of SSC seems to be organized along arelatively low-dimensional continuum of dominant circulation states, so that introducinga two-dimensional SOM topology does not lead to a clearly different partitioning of thedata space.

Figure 6: Mean ED between daily SSC fields from the reanalysis and their assigned SOM prototypes
for different SOM-grid dimensions. The dashed blue and cyan lines indicate the corresponding ref-
erence distances obtained when the daily fields are represented by the monthly climatology and the
overall mean field for 1993–2024, respectively.

Overall, the SOM-based representation provides a more realistic description of BalticSea daily SSC variability than either the long-term mean field or the monthly climatolog-ical cycle. Following the same procedure, the SOM analysis presented in Article III wasrestricted to the Gulf of Riga, whereas in the present thesis, the same framework is ex-tended to the entire Baltic Sea.As an example, Figure 7 shows the temporal distribution of the daily assignments tothe 12×1 SOM over the full 1993–2024 reanalysis period. The SOM classes from 1 to 12are ranked according to the spatially averaged SSC kinetic energy of their representativeprototypes; accordingly, the color progression from blue to red broadly reflects a tran-sition from less energetic to more energetic SSC states at the scale of the whole BalticSea. The assignments are highly heterogeneous in time: all 12 prototypes recur through-out the record, and in most calendar months several prototypes occur within the samemonth and year. At the same time, the temporal sequences are typically organized intorelatively short-lived episodes, often lasting only a few days and commonly not persist-ing beyond about one week, which indicates that the SOM classes represent dominantcirculation states rather than isolated outliers. However, the overlap between monthsremains substantial, and only limited evidence is found for a clear and comprehensive
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seasonal cycle in prototype occurrence. Therefore, the daily SSC is more variable thancan be satisfactorily represented by a single characteristic state for each calendar month.Instead, the temporal assignment pattern suggests that similar months in the climatologi-cal sense may still be composed of markedly different daily circulation realizations, whoseoccurrence is intermittent, uneven in time, and only partly seasonally organized.

Figure 7: Temporal distribution of daily assignments to the 12× 1 SOM for Baltic Sea SSC during
1993–2024. Percentages indicate the relative occurrence of each SOMprototype in the full reanalysis
record.

Accordingly, Figure 8 presents the corresponding prototype fields. A common featureof all prototypes is the persistently energetic exchange region around the Danish Straits,which remains the dynamically most active part of the domain in every class. By contrast,themain differences between prototypes emerge over the interior Baltic Sea, especially inthe Baltic Proper, the Gulf of Finland, the Gulf of Riga, the Bothnian Sea, and the BothnianBay. Some prototypes are characterized by weak interior currents, with the strongest SSClargely confined to the western entrance region, whereas others show a much broaderintensification along the southern Baltic rim, the eastern side of the Gulf of Bothnia, andthe Gulf of Finland. In this sense, the SOM patterns qualify the interpretation based onmonthly climatology: the monthly mean fields remain useful as a first-order seasonal de-scription, but they do not correspond to unique daily circulation states. Rather, they arecomposite fields produced by averaging several dynamically distinct realizations that canoccur within the same calendar month.This point becomes clearer when the SOM occupancies are compared with calendar-month averaging. The 12 SOM classes are not equally populated, with frequencies rangingfrom 4% for SOM 1 to 13% for SOM 2, while calendar-month binning imposes nearly uni-form sample sizes by construction, approximately 7.7–8.5% (from 28/365 to 31/365) of thetotal number of days depending on month length. Hence monthly climatology partitionsthe record into fixed temporal bins that are not aligned with the actual recurrence of theSSC states. By contrast, the SOM clustering adapts the partitioning to the structure of
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Figure 8: Prototype SSC fields obtained from the 12×1 SOM classification. Percentages indicate the
relative occurrence of each prototype in the full 1993–2024 record. For improved viewing in digital
mode, a high-resolution version of this figure is available in the supplementary figure repository at
https://doi.org/10.48726/3ryhg-bbt08 [122].
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the data itself, allowing common states to occupy a larger fraction of the record and rarerstates a smaller one. This provides a more realistic representation of the underlying SSCvariability than equal calendar-based averaging.
3.2 Decomposition of SSC into Geostrophic and Ageostrophic Compo-

nents
The geostrophic–ageostrophic decompositionwas used to separate the part of the surface-current field associated with sea-level-gradient-driven flow from the residual component.In this section, the three diagnostics are presented in sequence: the time-mean fields de-scribe the spatial structure of the decomposition, the alignment contrast examines scaledependence between daily and monthly variability, and the trend fields evaluate whichcomponent is most closely associated with long-term change.The time-mean fields show the spatial partitioning of the total SSC into geostrophicand residual ageostrophic components (Fig. 9). The total and geostrophic mean fieldshave similar large-scale organization, with the strongest mean currents in the westernBaltic, the Danish Straits, and adjacent transition regions. Weaker mean speeds occurover large parts of the central and northern basin interiors. The ageostrophic mean fieldhas smaller magnitudes over most of the domain, but remains more visible in coastalzones, narrow passages, semi-enclosed gulfs, and other regions where frictional effects,bathymetric steering, and local wind response can modify the balanced flow.Thus, Fig. 9 establishes themean spatial structure of the decomposition. It does not byitself address how the relative contributions vary with averaging period or how they enterthe long-term trend; these questions are treated separately in the following diagnostics.This mean-state partition is consistent with Article II, where the geostrophic componentwas shown to reproduce the main basin-scale gyre organization of Baltic SSC [2].

Figure 9: Time-mean sea surface current (SSC) speed and vectors for the (a) total, (b)
geostrophic, and (c) ageostrophic components. The colour shading shows SSC magnitude (m
s−1), and arrows indicate the mean flow direction. For improved viewing in digital mode,
a high-resolution version of this figure is available in the supplementary figure repository at
https://doi.org/10.48726/3ryhg-bbt08 [122].

The alignment contrast examines the decomposition from a different perspective byasking which component is more closely oriented with the total flow at different averag-ing scales (Fig. 10). At the daily scale, the alignment field is spatially heterogeneous, withalternating positive and negative regions. This indicates that the instantaneous direction
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of the total SSC is not controlled uniformly by one component across the basin. Positivevalues occur mainly in energetic boundary regions and narrow straits, whereas negativevalues are more frequent in parts of the basin interiors, including central and northern ar-eas. After monthly averaging, the field becomes more coherent and positive values covera larger fraction of the domain. The daily–monthly contrast therefore shows that short-timescale departures are more spatially variable, while temporal averaging emphasizesthe more coherent low-frequency component of the flow.

Figure 10: Signed geostrophic–ageostrophic alignment contrast relative to the total surface current
for (a) daily and (b) monthly data. Positive values indicate stronger geostrophic alignment with the
total flow, whereas negative values indicate relatively stronger ageostrophic alignment.

The alignment result also clarifies the seasonal interpretation reported in Article II.There, May and December were identified as dominant seasonal states, while March andSeptember acted as transition months [2]. In the present synthesis, Fig. 10 adds thatthe transition from daily to monthly averaging changes the apparent dynamical balance:short-termfields retain stronger regional ageostrophic departures, whereasmonthly fieldsemphasize the more coherent component of the circulation.The trend fields address the long-term component of the decomposition rather thanthe mean state or the daily–monthly alignment contrast (Fig. 11). During 1993–2024, thespatial pattern of the total SSC speed trend ismore similar to the geostrophic trend than tothe ageostrophic trend. Positive tendencies are widespread in the total and geostrophicfields, especially in energetic corridors and coastal-transition regions, whereas negativetendencies are more localized. The ageostrophic trend field is weaker and less spatiallyorganized, with significant changes confined mainly to selected coastal, northern, andeastern areas. The trend analysis therefore indicates that themulti-decadal change in SSCspeed is expressed primarily through the geostrophic component, while the ageostrophiccomponent contributes more locally.Taken together, the three diagnostics provide a logical progression. The mean fieldsshow the spatial partition between total, geostrophic, and residual ageostrophic SSC; thealignment contrast shows that this partition depends on averaging scale; and the trendfields show which component is most closely associated with multi-decadal change. Thecombined result is that the basin-scale and low-frequency organization of Baltic SSC is
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Figure 11: Linear trends in SSC speed in 1993-2024 for the (a) total, (b) geostrophic, and (c)
ageostrophic components. The color shading denotes the trendmagnitude (m s−1 decade−1). Areas
showing a significant trend (i.e., p-value < 0.05) are stippled on the maps.

mainly geostrophic, while the residual ageostrophic component is most important fordaily variability, coastal and strait-scale departures, and localized trend features.
3.3 Data-Driven Emulation of Daily SSC
The thesis proceeds from physical decomposition to data-driven emulation in two steps.First, Article III develops a regional proof of concept for daily SSC emulation in the Gulfof Riga, a shallow and dynamically variable semi-enclosed basin where forecasting is par-ticularly challenging [3]. Second, Article IV generalizes this approach to the full Baltic Seaby introducing a deeper convolutional U-Net architecture, refining the input set throughocclusion sensitivity, and extending the analysis to post hoc explainability and recursiveforecast-skill assessment [4]. In this way, the forecasting part of the thesis is a direct con-tinuation of the decomposition analysis: the analytical results identify why SSC is difficultto predict, and the emulation results assess howmuch of that complexity can be capturedfrom reduced-input data-driven mappings.
3.3.1 Regional proof of concept: sciCUN in the Gulf of Riga
Article III examined the feasibility of daily SSC emulation in the Gulf of Riga using thesciCUN architecture, a CNN–U-Net surrogate trained on hydrodynamic reanalysis out-puts [3]. The Gulf of Riga provides a demanding test environment because its circulation isinfluenced by restricted exchange with adjacent basins, atmospheric forcing, freshwaterinflows, shallow bathymetry, and mesoscale variability. In this setting, daily SSC forecast-ing requires more than reproducing a climatological or slowly varying background state.The central idea of sciCUN was to emulate only the target surface-current field ratherthan the full ocean state. The previous-day SSC field was combined with atmosphericforcing aligned to the forecast day, allowing the network to learn a one-step surface-current update in which the antecedent circulation provides the inherited state and theatmospheric forcing modifies this state into the next-day current field [3]. Thus, sciCUNshould not be interpreted as a simple image-to-image smoother or as a shifted copy ofthe previous-day circulation. The consecutive-day examples presented in Article III showthat the model can reproduce substantial reorganization of the surface-current field, in-dicating that it learns how atmospheric forcing acts on the existing circulation to modifycurrent direction and intensity (Fig. 11 in [3]).The results of Article III demonstrated that this regional surrogate approach is viable.
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Over the 2020–2023 testing period, sciCUN achieved an average ED of 2.30 cm s−1 be-tweenpredicted and reference SSC vectors, an average component-wiseMAEof 1.45 cms−1,and an average correlation coefficient of 0.92 [3]. The spatial structure of the errors is alsoinformative. The largest deviations were concentrated near coastal regions close to rivermouths and along the Irbe Strait, where boundary exchange and localized freshwater ef-fects are especially strong [3]. This indicates both the strength and limitation of the re-gional emulator: the dominant daily circulation response can be captured efficiently fromantecedent SSC and atmospheric forcing, but errors increase in dynamically constrainedboundary zones where additional unresolved processes influence the surface flow.
A further result of Article III is that predictive success should be assessed not onlypointwise but also in termsof circulation-pattern fidelity. Using SOM-basedpost-processing,sciCUN predictions reproduced the dominant daily current-pattern classes with 97% ac-curacy when the circulation was grouped into two prototypes and 87% accuracy whenthe grouping was refined to 12 prototypes [3]. This is important for the thesis because itshows that the emulator preserved not only component-wise magnitudes but also muchof the dynamically meaningful spatial organization of the full vector field.
Taken together, these findings position Article III as the regional proof of concept ofthe thesis. It demonstrates that daily SSC forecasting by partial emulation is feasible ina coastal marginal-sea setting, but also reveals that forecast difficulty increases preciselywhere the circulation is most strongly affected by unresolved boundary-related and small-scale processes [3]. That result provides the immediate motivation for the more generalbasin-scale framework developed in Article IV.

3.3.2 Basin-scale extension: DeepCUN over the Baltic Sea
Article IV extends the forecasting framework from the Gulf of Riga to the full Baltic Sea byintroducing DeepCUN, a deeper andmore expressive convolutional U-Net architecture forbasin-scale SSC emulation [4]. This extension is not a simple enlargement of the regionalproblem. Comparedwith theGulf of Riga, the full Baltic Sea containsmuch stronger spatialheterogeneity, multiple loosely connected sub-basins, narrow straits, strong boundary-influenced corridors, and awider range of circulation regimes. Accordingly, the basin-scaleproblem requires greater representational capacity and a more systematic treatment ofinput selection and interpretability [4].

DeepCUN uses a five-level encoder–decoder structure with skip connections and GN.This design was selected to increase the representational capacity of the network for thelarger and more heterogeneous full Baltic Sea domain. To support this finalized designchoice, we performed an architecture ablation and baseline comparison using the inde-pendent 2024 test period.
Figure 12 compares the finalized DeepCUN model design with two trainable variants,a DeepCUN variant in which GN is replaced by BN and a sciCUN-style three-level architec-ture, as well as two naive baselines, one-day persistence and daily climatology from 2015–2023. The finalized DeepCUN configuration generally maintains the lowest ED through-out the independent 2024 test period. Using BN instead of GN slightly but consistentlyincreases the error, supporting the use of GN under the adopted training setup. The largererrors of the sciCUN-style model indicate that the additional depth in DeepCUN improvesrepresentation of the full Baltic Sea’s spatial heterogeneity. The persistence and daily cli-matology baselines produce substantially larger errors than the trainable neural-networkconfigurations, showing that the trained models learn a nontrivial one-day mapping be-yond simple persistence and stable climatological assumptions.
The one-step emulation results show that DeepCUN captures the dominant spatial
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Figure 12: Architecture ablation and baseline comparison during the independent 2024 test period.
Curves show the daily spatially averaged ED relative to SSCNEMO for three trainable neural-network
configurations and two naive reference baselines. The trainable configurations are the finalized
DeepCUN model, the DeepCUN variant with batch normalization (BN), and the previous sciCUN-
style three-level architecture trained for the whole Baltic Sea. The naive baselines are one-day per-
sistence and daily climatology computed from 2015–2023. Lower ED indicates better agreement
with SSCNEMO [4].

patterns and temporal variability of Baltic SSC with high skill [4]. The highest errors wereconcentrated in the southwestern boundary exchange corridor and in narrow straits, whereasthe basin interior showed substantially lower error levels and correlations exceeding 0.9in most locations [4]. This result is physically consistent with the decomposition analy-sis presented earlier in the chapter: the largest forecast difficulties arise in dynamicallyactive exchange regions, while much of the basin interior is governed by more coherentlarge-scale structure that is easier to emulate from antecedent state and wind forcing.
Article IV also evaluated whether the model preserved not only SSC amplitude butalso dynamically relevant rotational structure. The comparison of predicted and referencevorticity fields showed strong sign agreement, including approximately 88% agreementin an easier representative case and still more than 80% agreement in the most difficultexample dominated by strong western-boundary jets [4]. This indicates that DeepCUNreproduces the sign and organization of cyclonic and anticyclonic structures even whenlocal velocity magnitudes are imperfectly estimated. In the context of Baltic Sea circu-lation, this is a substantial result because it suggests that the emulator retains the mainstructure of rotational flow features rather than merely minimizing pointwise componenterrors.
The Baltic-wide results also sharpen the interpretation of the regional findings fromArticle III. The Gulf of Riga study showed that partial emulation is feasible in a relativelycompact but dynamically complex basin. Article IV demonstrates that this principle re-mains valid at the scale of the entire Baltic Sea, provided that the network capacity isincreased and the input configuration is carefully pruned [4]. At the same time, both stud-ies identify a common limitation: forecast errors remain largest in boundary-influenced,
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geometrically constrained, and exchange-dominated regions. This consistency across theregional and basin scales strengthens the thesis argument that the most difficult part ofSSC emulation is not the broad interior circulation, but the combination of sharp gradi-ents, narrow passages, and boundary-conditioned dynamics.
3.3.3 Explainability of the learned SSC mapping
A major addition of Article IV is that it does not treat the emulator as a purely black-box predictor. Instead, explainable-AI analyses were introduced to characterize how thetrained DeepCUN mapping distributes its reliance across the retained inputs [4]. This isparticularly important in the thesis framework because the forecasting problem followsdirectly from the earlier physical decomposition. If the model skill depends primarily onthe antecedent SSC field, the learned mapping would mainly reflect persistence. If it de-pends primarily on wind, the mapping would be more directly aligned with ageostrophicforcing. The XAI analyses were designed to examine this balance more explicitly.

Figure 13: LRP results for DeepCUN averaged over all 2023 samples. Panels show spatial relevance
maps for each input channel contributing to the prediction of uSSC(t+1) and vSSC(t+1). Relevance
is normalized per sample by an ocean-only P99 factor pooled across all 4×2 input–output maps and
clipped to [0,100] before averaging [4].

Article IV separated interpretability into two complementary notions: attributed sup-
port and elasticity [4]. Attributed support was assessed with Layer-wise Relevance Prop-agation (LRP), which identifies where the network repeatedly recruits information fromthe inputs when constructing the next-day SSC prediction. Elasticity was assessed withDJE, which quantifies how strongly the predicted SSC magnitude at a grid point respondsto small co-located perturbations in an input channel [4]. These diagnostics do not an-swer the same question. LRP indicates where useful predictive information is drawn from,whereas DJE indicates where the local forecast is most sensitive to local input accuracy.The LRP results reveal a physically coherent spatial division of roles (Fig. 13). Wind in-puts show broadly elevated relevance across the Baltic interior and along coherent coastalbands, indicating that wind provides basin-scale predictive support for the next-day SSCfield. By contrast, antecedent SSC inputs are more spatially localized, with hotspots con-centrated near coasts, narrow straits, and boundary-influenced regions [4]. This means
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Figure 14: DJE results for DeepCUN averaged over all 2023 samples. Panels show spatial-diagonal
elasticitymaps (0–100%) quantifying the local sensitivity of the predicted SSC componentmagnitude
to infinitesimal perturbations in each input channel at the same grid point. Elasticity is standardized
by the ocean-domain variability of each input channel and normalized per sample by an ocean-only
P99 factor pooled across all 4×2 input–output maps before averaging [4].

that DeepCUN does not use persistence uniformly across the basin. Rather, the previous-day SSC field acts as a stronger source of state memory where circulation is geometricallyconstrained, while wind provides a broader basin-scale forcing signal.
The DJE results complement this interpretation (Fig. 14). Local responsiveness isstrongest along shorelines, narrow gulfs, and geometrically constrained coastal regions,while much of the open basin interior exhibits lower and more spatially uniform sensitiv-ity. Channel-wise, DJE is dominated by same-component pathways: for uSSC(t + 1), thestrongest local sensitivity is associated with uSSC(t) and uwind(t +1), and for vSSC(t +1),the dominant pathways are vSSC(t) and vwind(t + 1) [4]. Cross-component effects aremuch weaker in the strictly local DJE sense, suggesting that much of the inter-componentcoupling occurs through nonlocal spatial pathways rather than pointwise co-located de-pendence.
These explainability results are valuable because they link the emulator back to thephysical interpretation established earlier in the thesis. The decomposition analysis showedthat Baltic SSC combines a persistent large-scale structurewithmore transientwind-relateddepartures. The XAI analysis shows that the trained network internalizes a correspondingdivision of predictive roles: wind contributes broad basin-scale support, while state mem-ory ismore localized and particularly important in coasts, straits, and boundary-influencedregions [4]. In this sense, the explainability results do not merely decorate the machine-learning model; they help demonstrate that the learnedmapping is dynamically plausiblein light of the physical circulation structure discussed in Article II.

3.3.4 Potential multi-day forecast skill
Article IV further extended the one-step emulation framework by assessing its recursivedeployment over multiple days (Fig. 15). This experiment was deliberately framed asa potential forecast-skill assessment rather than as an operational forecast benchmark,
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because the recursive runs used reanalysis winds and reanalysis initialization rather thanindependent atmospheric forecasts and operational initial conditions [4]. The purposewas therefore to test the internal stability of the learned one-step operator under themost effective forcing rather than to claim a fully realized operational forecast system.

Figure 15: Spatial distribution of DeepCUN forecasting skill at selected lead times. Top row: ED
between predicted and reference SSC. Bottom row: spatially averaged CC for u and v component of
SSC CC = 1

2 (CCuSSC +CCvSSC). Shown are averages for lead times of 1, 7, 14, and 21 days over the
2024 testing period [4].

The recursive results show a smooth and physically plausible degradation of skill withincreasing lead time [4]. Domain-meanMAE grows from approximately 2.5 cm s−1 at day 1to about 6.0 cm s−1 at day 21, while correlation decreases from values above 0.9 at shortlead times to approximately 0.65 by day 21 [4]. This behavior indicates monotonic but notcatastrophic error growth. In other words, the recursive forecasts do not collapse rapidlyinto unrealistic states; instead, they retain meaningful structure over multi-week horizonsunder the most effective forcing conditions.The spatial pattern of recursive degradation is also informative. As in the one-stepevaluation, the highest errors remain concentrated in the southwestern exchange corridorand in other dynamically active regions, while large parts of the basin interior degrademore gradually [4]. This result is consistent with the one-step performance maps, the XAIanalysis, and the earlier decomposition results. The same regions that are dynamicallymost constrained andmost difficult to emulate over one day remain the dominant sourcesof error growth over longer lead times.Within the thesis narrative, these recursive results should be interpreted carefully.They do not demonstrate that DeepCUN is already a stand-alone 21-day operational fore-castmodel. Rather, they show that the learned one-step SSCmapping remains sufficientlystable under autoregressive application to preserve nontrivial forecast skill over multi-dayto multi-week horizons when the forcing is prescribed ideally [4]. This is an importantdistinction. The experiment establishes a meaningful upper-bound estimate of forecastpotential, while also showing where practical deployment will remain limited by wind-forecast uncertainty, initialization, and unresolved boundary influences.
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3.4 From physical interpretation to efficient emulation
Articles II–IV define a progression from physical decomposition to data-driven prediction.Article II established the dynamical basis for separating Baltic SSC into geostrophic andresidual ageostrophic components [2]. Articles III and IV then used this physical fram-ing to motivate data-driven emulation, where the forecasting problem is not treated asan unconstrained image-prediction task but as a reduced representation of the evolvingsurface-current field under antecedent ocean-state information and atmospheric forcing[3, 4].Article III then demonstrated that daily SSC fields can be emulated efficiently in a shal-low, highly variable sub-basin using a reduced-input CNN–U-Net surrogate [3]. The mainlesson of that work is that the forecasting challenge is strongest where the circulation ismost strongly constrained by river discharge, coastal geometry, and exchange with adja-cent basins. Article IV generalizes this logic to the full Baltic Sea, showing that a deeperand more expressive emulator can retain high one-step skill at basin scale, while also re-vealing through XAI that the learned mapping combines basin-scale wind support withlocalized state memory [4].A key outcome of this progression is conceptual rather than only technical. The the-sis does not argue that deep learning replaces hydrodynamic modeling. On the contrary,both Article III and Article IV emphasize that the emulator is trained on physically con-sistent hydrodynamic reanalysis data and should be understood as a partial emulator ofthe target surface-current product rather than as a substitute for full ocean simulation[3, 4]. This distinction is essential, because the computational advantage of emulationarises precisely from restricting the task to a selected variable—SSC—rather than solvingthe full three-dimensional ocean state.At the same time, the thesis shows that this restriction can still produce scientificallyuseful and dynamically interpretable results. The forecasting models preserve dominantcurrent patterns, reproduce much of the observed temporal variability, and retain sub-stantial information about rotational structure and spatial organization [3, 4]. Their limita-tions are also physically meaningful: the largest errors remain concentrated in boundary-influenced regions, narrow straits, river-affected coastal zones, and energetic exchangecorridors, i.e. in the same parts of the Baltic system where unresolved forcing, sharp gra-dients, and nonlocal influences are strongest [3, 4]. This consistency suggests that theemulators are not failing arbitrarily, but rather at the same locations where the underly-ing circulation itself is most difficult.Accordingly, the forecasting part of the thesis should be viewed as a continuation ofthe physical analysis rather than as a separate machine-learning exercise. The decom-position of SSC clarified the balance between dynamically distinct current components.The emulation studies then asked whether a reduced-input neural surrogate can learnenough of that balance to reproduce daily SSC fields efficiently. The answer, based on Ar-ticles III and IV, is affirmative but qualified: much of the daily SSC variability can be emu-lated with useful skill from antecedent state and wind forcing, yet boundary-conditionedprocesses, unresolved exchange influences, and local geometric complexity remain theprincipal sources of forecast difficulty [3, 4]. In this sense, the combined contribution ofthe thesis is twofold: it advances the physical interpretation of Baltic surface circulationand shows how that interpretation can be used to design efficient, explainable, and com-putationally tractable emulators for daily SSC analysis and forecasting.
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4 Conclusion
This thesis investigated Baltic SSCs through a combined framework of data assessment,dynamical decomposition, pattern recognition, surrogate forecasting, and XAI.The first main finding is that Baltic SSCs have a dynamically composite structure. Thegeostrophic component explains much of the large-scale and low-frequency organizationof the surface circulation, whereas the ageostrophic component becomesmore importantin coastal zones, narrow passages, and locally forced regions.The second main finding is that SOM analysis can organize daily SSC fields into domi-nant circulation states with unequal temporal occurrence. This pattern-based perspectiveretains spatial structures that are partly smoothed out in monthly or seasonal means.The thirdmain finding is that daily SSC evolution can be emulated efficiently with data-driven surrogate models. The regional sciCUN experiment in the Gulf of Riga showed thatone-day SSC updates can be learned from antecedent SSC and atmospheric forcing. Thebasin-scale DeepCUN model then demonstrated that this approach can be extended tothe full Baltic Sea with high one-step forecast skill and meaningful skill retained in re-cursive multi-day forecasts under prescribed forcing. These results show that surrogatemodeling is useful when it is designed to emulate the target surface-current field directly,rather than to replace full ocean modeling in general. The fourth main finding is thatthe forecasting framework can be interpreted in physically meaningful terms. Predictor-sensitivity analysis showed that antecedent SSC and wind forcing contain most of the use-ful forecast information, while additional atmospheric predictors add only limited skill.XAI diagnostics further indicated that wind provides broad basin-scale predictive support,whereas state memory is especially important in coastal, geometrically constrained, andboundary-influenced regions.Overall, the thesis shows that Baltic SSCs are best understood as a multiscale surfacefield with both robust large-scale organization and important regional structure. Theirvariability is partly controlled by geostrophic adjustment, but their daily evolution alsodepends on wind forcing, coastline and bathymetric constraints, exchange through theDanish Straits and between sub-basins, and ageostrophic processes. The principal contri-bution of the thesis is therefore twofold: it advances the physical interpretation of BalticSea surface circulation, and it demonstrates that this structure can be used to developefficient and explainable surrogate forecasts of daily SSCs.Themain limitation of the study is the limited availability of independent direct currentobservations for basin-wide validation. Future work should therefore focus on testingthe forecasting framework with operational atmospheric forcing, validating SSC estimatesagainst independent current measurements where available, and developing retrieval orforecasting methods that target the ageostrophic component more directly. The broaderconclusion is thatmachine learning ismost useful in regional oceanographywhen it is builtaround physical structure rather than applied as a purely statistical substitute for oceandynamics.
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Abstract
Machine Learning Analysis of Baltic Sea Surface Current Vari-
ability
This doctoral thesis investigates the variability of Baltic Sea surface currents by combiningpattern recognition and data-driven emulation approaches with the results of physicalocean models. The work is motivated by the fact that Baltic Sea surface circulation isshaped by strongly variable factors in space and time, such as wind, stratification, coastalgeometry, and exchange between sub-basins. The combined influence of these processesmakes surface-current dynamics physically complex and imposes high computational de-mands on both the analysis and forecasting of current fields.The study uses a physical reanalysis produced with a numerical ocean model as theprincipal dataset for Baltic Sea surface currents. The first main part of the thesis fo-cuses on the analysis of Baltic Sea surface-current variability and its physical interpre-tation. Long time series of surface-current fields are used to identify dominant circula-tion states through a self-organizing-map clustering method. To interpret the characteris-tic current-field types dynamically, the total current is decomposed into geostrophic andageostrophic components. The thesis shows that, particularly in offshore and open-basinareas, the dominant large-scale and low-frequency variability of Baltic Sea surface cur-rents is mainly associated with geostrophic circulation. In contrast, ageostrophic currentsplay a more important role in coastal areas, narrow straits, and short-term variability ofthe current field.The second part of the thesis addresses the forecasting of Baltic Sea surface currentsusing deep-learning-based emulators. The main objective is to replace the current-fieldforecast steps of a three-dimensional hydrodynamic model with a convolutional neural-network emulator trained on the same dataset and using an optimized set of input vari-ables for prediction. A regional proof of concept for the Gulf of Riga shows that one-daysurface-current forecasts can be emulated with high accuracy while preserving all dom-inant circulation patterns in the daily mean current fields. The results of the DeepCUNemulator, extended to the full Baltic Sea, show that the dominant spatial patterns andtemporal variability of surface currents can be predicted at basin scale with high one-stepskill and retained meaningful skill in recursive multi-day forecasts.In addition to data-driven forecasting, the thesis examines the application of explain-able artificial intelligence to interpret emulator results. Predictor-sensitivity analysis showsthat antecedent surface currents and variables describing wind influence are the mainpredictive inputs, while adding further atmospheric variables improves the results onlyslightly. The explainablity diagnostics indicate that wind mainly controls basin-scale cur-rent patterns, whereas current-fieldmemory plays amore important role in narrow straitsand coastal regions. The thesis also demonstrates the recursive application of the current-field emulator, which enables stable prediction of current fields over periods of up to sev-eral weeks when optimized input data are used. Such predictions should not, however, beinterpreted as operational forecasts, but rather as long-term dynamic reconstructions ofcurrent fields. Themain result of the doctoral thesis is to show that the complex variabilityof Baltic Sea surface currents can be described and predicted by combining the outputsof physical process-basedmodels with data-drivenmachine-learningmethods. This novelartificial-intelligence-based approach provides not only computational efficiency, but alsonew opportunities for analysing and interpreting surface-current variability and the pro-cesses that shape it.
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Kokkuvõte
Läänemerepinnahoovustemuutlikkuse analüüsmasinõppemee-
toditega
Käesolev doktoritöö uurib Läänemere pinnahoovuste muutlikkust, ühendades mustritu-vastuse ja andmepõhise emulatsiooni lähenemisviisid füüsikalistemeremudelite tulemus-tega. Töö lähtub asjaolust, et Läänemere pinnatsirkulatsiooni kujundavad ruumis ja ajastugevalt muutlikud tegurid, nagu tuul, stratifikatsioon, rannikugeomeetria ning basseini-devaheline veevahetus. Nende protsesside koosmõju muudab pinnahoovuste dünaamikafüüsikaliselt keerukaks ning seab suuri arvutuslikke nõudeid nii hoovusväljade analüüsi-misele kui ka prognoosimisele.Uuringus kasutatakse Läänemere pinnahoovuste peamise andmestikuna numbrilisemeremudeli abil koostatud füüsikalist reanalüüsi. Töö esimene põhiosa keskendub Lääne-mere pinnahoovuste muutlikkuse analüüsile ja selle füüsikalisele tõlgendamisele. Pinna-hoovusväljade pikkade aegridade põhjal tuvastatakse domineerivad tsirkulatsiooniseisun-did iseorganiseeruvate kaartide klasterdamismeetodi abil. Iseloomulike hoovusväljatüüpi-de dünaamiliseks tõlgendamiseks jaotatakse koguhoovus geostroofiliseks ja ageostroofili-seks komponendiks. Töös näidatakse, et eelkõige avamere- ja avabasseinialadel on Lääne-mere pinnahoovuste domineeriv suuremõõtmeline jamadalsageduslikmuutlikkus peami-selt seotud geostroofilise tsirkulatsiooniga. Seevastu ageostroofilised hoovusedmängivadolulisemat rolli rannikualadel, kitsastes väinades ning hoovusvälja lühiajalises muutlikku-ses.Töö teine osa käsitleb Läänemere pinnahoovuste prognoosimist süvaõppel põhinevateemulaatorite abil. Põhieesmärk on asendada kolmemõõtmelise hüdrodünaamilisemudelihoovusvälja prognoosisammud samal andmestikul treenitud konvolutsioonilise tehisnär-vivõrgu emulaatoriga, mis kasutab prognoosimiseks optimeeritud sisendmuutujate hul-ka. Regionaalne kontseptsiooni tõestus Liivi lahe näitel näitab, et ühepäevaseid pinna-hoovuste prognoose on võimalik suure täpsusega emuleerida, säilitades päeva keskmis-tes hoovusväljades kõik domineerivad tsirkulatsioonimustrid. Kogu Läänemerele laienda-tud DeepCUN-emulaatori tulemused näitavad, et domineerivaid pinnahoovuste ruumilisimustreid ja ajalist muutlikkust saab basseinimastaabis ennustada suure täpsusega ühesammu prognoosis ning tähendusliku oskuse säilimisega rekursiivsetes mitmepäevastesprognoosides.Lisaks andmepõhisele prognoosimisele käsitleb töö selgitava tehisintellekti rakenda-mist emulaatorite tulemuste tõlgendamisel. Sisendtundlikkuse analüüs näitab, et pea-mised prognoosivad sisendid on eelmise ajahetke pinnahoovused ja tuule mõju kirjelda-vad muutujad, samas kui täiendavate atmosfäärimuutujate lisamine parandab tulemusivaid vähesel määral. Selgitava tehisintellekti diagnostika näitab, et tuul kontrollib peami-selt basseinimastaapseid hoovusmustreid, samas kui hoovusväljamälumängib olulisematrolli kitsastes väinades ja rannikualadel. Töös demonstreeritakse ka hoovusvälja emulaa-tori rekursiivset rakendamist, mis võimaldab optimeeritud sisendandmete abil stabiilseltennustada hoovusvälju kunimitmenädala ulatuses. Selliseid ennustusi ei tule siiski tõlgen-dada operatiivsete prognoosidena, vaid pigemhoovusväljade pikaajaliste dünaamiliste re-konstruktsioonidena. Doktoritöö peamine tulemus on näidata, et Läänemere pinnahoo-vuste keerukatmuutlikkust on võimalik kirjeldada ja prognoosida, ühendades füüsikalistelprotsessidel põhinevate mudelite väljundid andmepõhiste masinõppemeetoditega. Sel-line uudne tehisintellektil põhinev lähenemine pakub lisaks arvutuslikule tõhususele kauusi võimalusi pinnahoovuste muutlikkuse ning seda kujundavate protsesside analüüsi-miseks ja tõlgendamiseks.
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Abstract: A method for reconstructing weekly Baltic gridded sea levels was developed and tested.
This method uses input data from tide gauge and altimetry observations. The reconstruction is based
on sea level empirical orthogonal function (EOF) modes, calculated as spatiotemporal statistics from
daily model reanalysis results available from the Copernicus Marine Service for the 1993–2021 period.
In the semi-enclosed, tideless Baltic Sea, the four leading EOF modes cover 99% of the sea level
variance. Several experiments with different combinations of input data were carried out. This
method was validated against coastal tide gauges and altimetry data. The best reconstruction was
obtained when both the tide gauges and altimetry data were used as inputs. An assessment of the
centered root-mean-square difference (cRMSD) of the reconstruction versus the tide gauges revealed
a value of 0.05 m, and a result of 0.10 m was revealed versus altimetry. The average coefficient of
determination (R2) was determined to be 0.93 for the tide gauges and 0.82 for the altimetry data. In
the cases where only one type of input data was used, the reconstruction worsened with respect to
other data sources. The reconstruction method demonstrated its usefulness for the reconstruction of
coastal sea levels in unsampled locations and the calculation of changes in sea volume.

Keywords: sea level; reconstruction; tide gauges; altimetry

1. Introduction

The spatiotemporal features of sea level variability in the semi-enclosed Baltic Sea are
rather different from those in the ocean and tidally dominated seas. Enhanced observation-
based knowledge of sea levels, including gridded data, is essential both for addressing
practical issues related to sea levels and for understanding the dynamics of the sea.

1.1. Sea Level Variability in the Baltic Sea

Sea level variations are one of the main concerns of ongoing climate change, pointing
to the adverse effects of global sea levels rising, including the increase in floods and
other extreme events [1]. In the semi-enclosed, tideless Baltic Sea, sea level dynamics are
governed by a multitude of oceanographic, atmospheric, hydrological, and geological
processes, which have temporal scales ranging from minutes to millennia and geological
time scales [2,3]. In the northern regions, water is seemingly retreating from the coasts,
the reason for which is land uplift after the Ice Age. From the hydrodynamic point of
view, sea level variations with a time scale from a few days to several years can be divided
by their forcing mechanisms into external (50–80% of the total variance) and internal
variability [4]. The highest pulse-like sea level elevations—floods due to storm surges—
have been observed in the southwestern, eastern, and northern ends of the sea (3.4 m in
Kiel (1872), 4.2 m in St. Petersburg (1824), and 2.1 m in Kemi (1984), respectively).

The longest instrumental sea level data series in the Baltic Sea originates from coastal
tide gauges. In Stockholm, observations started in 1774 [5]. Tide gauges register the

Remote Sens. 2024, 16, 2702. https://doi.org/10.3390/rs16152702 https://www.mdpi.com/journal/remotesensing



Remote Sens. 2024, 16, 2702 2 of 20

relative sea level with respect to the local geodetic height system. A second data source—
altimetry—has provided offshore absolute sea levels along satellite tracks since the early
1990s [6]. A third data source—numerical modeling—has been used for short-term storm
surge predictions since the 1950s [7], but this method only became mature enough for
comprehensive sea level variability analysis in the 2000s [8,9].

On the longest secular time scales, the dominant sea level signal in the Baltic Sea is
glacial isostatic adjustment (GIA), for which the direction and magnitude depend on the
sub-region [10]. In the northern Fennoscandia region, the recent global mean sea level
rise [11,12] has been superseded by land uplift, resulting in a relative lowering in sea level
of a few millimeters per year, and the associated coastal land gain [13–15].

On weekly-to-multidecadal scales, the mean sea level is controlled by the changes
in sea volume (i.e., filling and emptying of the sea) caused by climate forcing in terms of
the mean wind and temperature, river discharge, and precipitation/evaporation. Mul-
tiyear sea level changes are connected to variations in climate indices such as the North
Atlantic Oscillation (NAO) [16] and other atmospheric circulation descriptors [17]. The
annual sea level cycle is well distinguished because of cyclic atmospheric forcing and river
runoff [18]. For weekly scales, Svansson [19] applied a Helmholtz resonator model on a
basin representing simplified geometry of the Baltic Sea. A resonant period of ~10 days
was found for filling and emptying the sea basin, resulting from variable forcing from the
open ocean side.

Storm surges [20] and other weather-forced sea level oscillations [21], including basin
eigenoscillations (seiches), have time scales ranging from hours to several days; they
redistribute the water within the sea, on top of the mean sea level in the forcing period.
Extreme storm surges occur with specific preconditioning [22], such as high filling of the
sea and the occurrence of selected weather patterns and storm tracks, generating high
surges [23,24]. On top of the storm surge sea level elevation, the local wave setup can
further elevate the water line on sloping coasts [3,25].

1.2. Overview of Sea Level Reconstruction

Extending beyond time series analysis from Baltic Sea tide gauges [5,14], spatiotempo-
ral analysis requires gridded sea level data. Simple coast-to-coast interpolation techniques
are not considered to be appropriate in the Baltic Sea, and recent studies have proposed
methods that statistically combine the three abovementioned data sources. These studies
differ in terms of their statistical methods, selected spectral windows of reconstruction, and
preprocessing of geodetic and altimetry data.

Estimates of global sea surface variability have used gridded data since the 1990s [26],
when empirical orthogonal function (EOF) reconstruction was introduced based on remote
sensing data for sea surface temperature. For sea level variability, in the earliest studies,
the statistical covariance patterns were calculated using early altimetry data [27,28]. For
the pre-altimetry era (i.e., before 1985), only sparse tide gauge records were used as input
data for reconstruction on a 1◦ × 1◦ grid with a monthly resolution. Another option
is to calculate the covariance patterns from the model’s reanalysis results [29–32]. With
improved model results (longer calculation period and better resolution and accuracy)
becoming available, this approach has the benefit of providing more detailed and robust
covariance estimates than observations. In the case of a few tide gauge observations being
available, the cyclostationary empirical orthogonal function (CEOF) method has better
performance than standard EOF reconstruction techniques [33].

In the global ocean, the main interest is to detect and quantify the global sea level rise.
Therefore, preprocessing of tide gauge data includes sophisticated correction of generally
unknown datum shifts between the locations, as shown by Church et al. [28]. Short-term
variations in winds and air pressure, as well as tides, cause unwanted noise for sea level
trend estimations; their impact is corrected or suppressed.

One important field of sea level reconstruction is the study of ocean dynamics [34].
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In the Baltic Sea, the comparison of observations and model results [9] revealed that
in the 2000s, the model results matched observations better on shorter time scales (i.e.,
characteristic time of less than 2 months) than on longer scales. However, during extreme
storm surges, the model errors were up to 25 cm, a few times higher than the background
centered root-mean-square difference (cRMSD) of 8 cm. For the period 1993–2011, the
comparison of the monthly mean tide gauge and altimetry data revealed a cRMSD of
3.4 cm, while the standard deviation (STD) was ~15 cm [35]. In this analysis, the original L3
altimetry data along the tracks were averaged during a month over 0.25◦× 0.25◦ grid boxes.
Model reanalysis showed similar performance results to the two reconstructed data sets.

Recently, the reconstruction of gridded monthly sea level data was performed for
the period 1900–2014. The method used tide gauges and altimetry as input data, whereas
model reanalysis was used for estimation of covariance matrices for each reconstruction
grid point [36]. Over the longer period, the cRMSD at coastal tide gauges was estimated
to be 3.8 cm, as in the variability study [35] for the shorter period. Another study focused
on the annual sea level cycle [37]. The CEOF method was applied for the estimation of
sea level background statistics, using the model reanalysis data. In this study, monthly
sea levels reconstructed from either tide gauges or altimetry data demonstrated similar
variability on the annual and longer time scales.

In the present study, observation-based sea level reconstruction methods were vali-
dated in the Baltic Sea for the monthly time scale as the shortest period, whereas hourly-to-
weekly time scales remained unresolved.

1.3. Aims and Study Design

The present study aimed to develop and test a computationally efficient method for
the reconstruction of Baltic gridded sea levels from tide gauge and altimetry observations.
The method should be applicable on shorter-than-monthly time scales. Spatiotemporal sea
level variability statistics, needed for the optimized reconstruction, are estimated from the
model reanalysis data that cover the study domain with high resolution over a long period
without gaps.

Sea level dynamics have well-defined basin-scale variation patterns, as described
in Section 1.1. To suppress shorter period variability that has more complex covariance
patterns, we used weekly average sea level data. By “computationally efficient”, we mean
that new weekly sea level maps, necessary for the bias correction of operational numerical
forecasts, could be reconstructed nearly immediately when new observations become
available, without the need to conduct new, computationally demanding numerical model
runs. This study was made possible by the newly available altimetry and model data
sets from the Copernicus Marine Service [38], along with the continued delivery of tide
gauge data.

Covariance estimates reveal that high covariance values occur over considerable
distances. These basin-guided covariance patterns can be mathematically represented by
EOF modes [39], and their physical interpretation is the response of the basin to the forcing
fields (e.g., atmosphere, rivers, adjacent sea area) at scales comparable to or larger than the
basin dimensions. The reconstruction of the large-scale gridded sea surface temperature
and salinity data from sparse observations (e.g., monitoring data, FerryBox, buoy stations)
proved useful [39]. The method is based on finding the values of principal components
(PCs, also called EOF amplitudes) that satisfy the least-squares minimization of differences
between observed values and superpositions of leading EOF modes. This method has
been successfully applied in operational forecasts for the data assimilation of sea surface
temperature and salinity [40].

This manuscript starts with the Introduction (Section 1), followed by the description
of data and methods in Section 2. After introducing the used source data, the steps of data
preparation are outlined. Section 2 also presents the EOF reconstruction framework and
specifies the conducted reconstruction experiments. The results are presented in Section 3,
which contains the calculated EOF modes, comparisons of reconstructed and observed sea
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levels, reconstruction of coastal sea levels in unsampled locations, and sample estimation
of changes in sea volume. The paper ends with the Discussion (Section 4) and Conclusions
(Section 5).

2. Data and Methods
2.1. Source Data from the Copernicus Marine Service
2.1.1. Reanalysis 1993–2021

Gridded data from the recent Copernicus Baltic Sea reanalysis were used for the
evaluation of spatiotemporal statistics of sea level variability [38]. NEMO 4.0 was used
for this reanalysis in combination with the sea ice and thermodynamic model SI3. This
has a horizontal resolution of ~1 nautical mile (1′40′′E by longitude and 1′N by latitude),
and it has up to 56 levels along the vertical direction, with a grid step of ~1 m at the
surface, but with depth, the grid step increases up to 25 m, whereas the maximum depth
is 712 m. The model domain covers the Baltic Sea and North Sea; data are extracted from
9◦ to 30.2◦E and 53◦ to 65.9◦N on a grid of 763 by 774 points along longitude and latitude,
respectively. The model was forced by atmospheric data from the ERA5 reanalysis data set
available from the Copernicus Climate Service, river discharge data from the Ehype model,
and open boundary conditions from the North West Shelf model. Reanalysis involved
the assimilation of temperature and salinity, but not for the sea level. Data assimilation
was carried out using the LESTKF filter within the PDAF (Parallel Data Assimilation
Framework, [41]). All of the physical variables are presented on the Copernicus data portal
for the period 1993–2021 as daily mean gridded values. In the delivered NetCDF files, the
sea level variable is sla (sea level anomaly), calculated with the boundary conditions from
the CMEMS North West Shelf multiyear product.

2.1.2. Tide Gauges

The Copernicus Marine Service provides hourly sea level data from 105 coastal stations
during 1993–2021 (Figure 1), as presented in the technical report of in situ TAC [42]. The
data contain the variable slev (water surface height above a specific datum) in reference to
BSCD2000. The data have undergone quality check, and each data record has a quality flag.
Basic statistical (e.g., mean, trends, variability) and geodetic (e.g., coordinates, leveling)
details of tide gauge observations have been presented in several research papers, with
variable numbers of involved stations [2–4,13,15,18,21,35–37]. Because of the low tidal ac-
tivity [21], the sea level instruments in the Baltic are often named also called “mareographs”.
Data coverage over time is variable in the Copernicus Service [15,42]; however, for technical
reasons, we decided not to search for other sources of data, such as the Permanent Service
for Mean Sea Level, referenced by Kapsi et al. [15]. There is nearly gap-free data coverage
during the study period from Gedser to Hamina (counting the stations clockwise), but only
~50% from Kronstadt to Kolka (the data records in the Copernicus service start mainly from
2005 onwards) and 30% from Gdansk to Rostock. For a basin-wide overview along the
coast, we selected 21 stations from different coastal sections for detailed analysis, as shown
in Figure 1 by the station names.

2.1.3. L3 Altimetry

Altimetry data, observed along the satellite tracks, were acquired from the Copernicus
Marine Service multiyear observations “European Seas Along Track L3 Sea Surface Heights
Reprocessed” [43,44], tailored for data assimilation into the models. The data originate
from altimeter Copernicus missions (Sentinel-6A, Sentinel-3A/B) and other collaborative or
opportunity missions (e.g., Jason-3, Saral[-DP]/AltiKa, Cryosat-2, OSTM/Jason2, Jason-1,
Topex/Poseidon, Envisat, GFO, ERS-1/2, Haiyang-2A/B). The data from these >20 satellites
are presented at various times on the initial grid, with a step of 7 km.
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The data records of the altimetry product [43] contain sea level variables given in
Table 1.

Table 1. Sea level variables Iin the L3 altimetry product.

Variable Name Explanation

sla_unfiltered raw sea level anomaly measurement including noises; corrected for the dac, lwe, ocean_tide and internal_tide
sla_filtered sea level anomaly low pass filtered for noise reduction; corrected for the dac, lwe, ocean_tide and internal_tide

mdt mean dynamic topography (long-term mean of sea surface height 1993–2012 above geoid) that is constant
for grid point during time; it is used to compute the absolute dynamic topography adt = sla + mdt

dac dynamic atmospheric correction for the removal of high frequency variability induced by the atmospheric
forcing and aliased by the altimetric measurements; the sla is already corrected for the dac

lwe
long wavelength error due to changes in satellite orbits; the sla is already corrected for the lwe; it is stored
with opposite sign compared to the other corrections so if the user wants to uncorrect it or to use another
correction instead, he must subtract it from the sla in the product

ocean_tide ocean barotropic tide correction (including S1S2 signal) based on tidal model; the sla is already corrected
for the ocean_tide

internal_tide internal tide correction: coherent part of the baroclinic tide (phase-locked with barotropic tide frequency);
the sla is already corrected for the internal_tide
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2.2. Preparation of the Data
2.2.1. Selecting the Reference Levels

Although the different data sets—model reanalysis ηM, tide gauges ηT , and altimetry
ηA—should ideally have the same mean reference field η = η(x, y), the actual references
for ηM, ηT , and ηA are somewhat different [45,46]. From the oceanographic viewpoint, the
adopted common reference should provide realistic gradients of η that are consistent with
known circulation. Among the three data sources, model reanalysis is the only one that
produces dynamically balanced sea levels. Sea level gradients cause pressure gradients and
therefore, induce water motions. On the other hand, horizontal divergence or convergence
of vertically integrated water motions causes lowering or rising of the sea level due to
the continuity equation. With the aim of following these dynamical balances, the model-
based reference ηM (also named as mean dynamic topography, MDTm) was adopted as the
baseline reference (Figure 1). Model-based leveling was also proposed for the European
Vertical Reference System [47]. Note that, in other studies, geodetically refined MDTg has
also been adopted [48].

Model reanalysis and tide gauge stations have different mean sea level values at
coastal stations; therefore, this pointwise determined bias was subtracted prior to the sea
level reconstruction. While comparing the reconstruction with TG observations, pointwise
corrections were added again, to follow the mean local coastal reference.

Regarding altimetry data, mean dynamic topography (mdt = MDTa) in the Copernicus
product has been defined independent of the model results. The dynamic topography is
variable over time due to the changes in forcing and internal circulation. The averaging
periods are also different: 1993–2012 for altimetry and 1993–2021 for reanalysis. According
to the rough analysis, the mean dynamic topography determined from the altimetry is
~0.20 m higher than that determined from the model reanalysis (mean sea level in Figure 1).
The difference in dynamic topographies is slightly space-dependent, from 0.19 m in the
Western Baltic and the northern part of the Bay of Bothnia, to 0.26 m in the southern
part of the Baltic Proper. During the sea level reconstruction, the altimetry values were
brought to the model reanalysis background using the space-dependent bias between the
two topographies.

2.2.2. Selecting the Weekly Interval

While operational modeling provides sea level forecasts with hourly intervals, altime-
try data have been used mainly for the monthly scale [35–37]. From a physical point of view,
the weekly average sea level allows for the suppression of short-period oscillations due to
local wind tilt, storm surges, Kelvin waves, and seiches that are presently not resolved by
the altimetry data, but allows for keeping sea level changes related to circulation and water
exchange between the sea’s sub-basins, along with the external forcing from the North Sea.
For the sake of reasoning, Samuelsson and Stigebrandt [4] divided the sea level variability
into short-term internal variability with a time scale of up to a few days, and longer-term
variability that is forced by water exchange in the sea. Raudsepp et al. [49] estimated
the temporal correlation radius of sea level oscillations in the Estonian coastal area for
10 days.

Temporal autocorrelation and spectral analysis studies over extended regions have
revealed that weekly and longer period sea level changes can be effectively separated from
shorter period oscillations just by taking the weekly average and residual values [50]. In
this context, Lagemaa et al. [51] found that a weekly average filter length is optimal for
correcting the bias of short-term sea level forecasts, using recent observations. Soomere
and Pindsoo [52] have shown the importance of weekly-scale high water levels within the
sea basins in forming superimposed extreme storm surges.
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2.2.3. Averaging and Filtering of the Data

The sea level reanalysis data were used in the following aggregations:

1. Weekly mean data on the basic grid, with the tide-dominated Kattegat and Danish
Straits excluded, as shown in Figure 1. The excluded areas have higher sea level
variability [36] and are not of interest for the present study.

2. Weekly mean time series at model grid points corresponding to coastal tide gauge
stations (Figure 1).

3. Extracts of weekly mean sea levels at L3 altimetry grid points.

When calculating weekly average tide gauge observations as input and validation
data for reconstruction, the weeks with more than 25% missing observations were blanked
out. All of the available tide gauge data were used in the sea level reconstruction procedure.
Detailed results for the 21 selected stations will be presented in Section 3.2.

Along-track altimetry data need to be converted to their weekly averaged form while
also maintaining reasonable spatial averaging. With the example from an earlier study [35],
where typical satellite tracks are shown, a coarse “altimetry grid” was introduced with
steps of 0.25◦E (~14 km) and 0.25◦N (~27 km). This adopted grid for the altimetry data
consisted of 89 points by longitude and 53 points by latitude. Grid cells with missing or low
numbers of altimetry data were blanked. For the inclusion of weekly altimetry data, the
reasonable criterion was set that non-averaged altimetry data are found at least in 25 grid
cells of the fine reconstruction grid, within a 0.25◦E by 0.25◦N box, during the week. On
average, 36 altimetry grid cells were used for reconstruction.

2.3. EOF Reconstruction Framework

As described in [39,40], we used the M × N space-time data matrix X, which con-
tains time slices xi as spatial state vectors of length M at time i, where i = 1 . . . N. The
spatial vectors, containing deviations from the space-dependent temporal mean vector
x̄m, are mapped from one-, two-, or three-dimensional physical coordinates into the one-
dimensional vector. The covariance matrix B = XTX/N (averaging over time) is used to
calculate the eigenvector matrix E containing spatial empirical orthogonal function (EOF)
vectors ek. Principal components (PCs), or “amplitudes”, are found for each time i from
ai = ETxi when xi is known. Then, xi is decomposed as xi = EΛai, where Λ is the diagonal
matrix of eigenvalues.

When reconstructing the field of interest at time i from observations yi of length Li,
they are then taken from different locations (usually L < M) from the model grid points.
For the comparison of observations with the model, gridded data are transformed to
the observation points by the observation operator Hi, using the formula Hix̃i = HiEãi,
where ãi is the “observational” PC to be found. The values ãi should follow least-squares
minimization of reconstruction error in relation to observations ∥yi − HiEãi∥2 ⇒ min. The
expressions to find observational PCs and reconstructed fields are found using matrix–
vector formulation of least-squares estimators [53] in the following form:

ãi =
(

ETHT
i HiE

)−1
ETHT

i yi (1)

x̃i = Eãi (2)

There is also a possibility of using the time-dependence of observation data for each
reconstruction time step, assuming linear time-dependence of EOF amplitudes within the
calculation interval. In the present study, the dependence option was not used.

The field of interest is reconstructed by superposition of continuous model-based
mode patterns multiplied by observational amplitudes that meet adopted statistical limits
based on the eigenvalues of the specific mode [39].
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2.4. Performed Sea Level Reconstruction Experiments

One sea level reconstruction experiment followed the flowchart presented in Figure 2.
Calculation of gridded EOF modes (Section 2.3) was performed once from the reanalysis
data (Section 2.1.1). For each timestep during the study period, the initial data consisted of
tide gauge data (Section 2.1.2) and altimetry data (Section 2.1.3), which were brought to
the selected reference (Section 2.2.1) and later filtered to the weekly values (Section 2.2.3).
The observational data were merged, and in case of enough data, EOF reconstruction
was performed using Formulae (1) and (2) (Section 2.3). If the calculated PC of the EOF
was within acceptable limits up to the selected highest mode, the final 2D sea level grid
was saved.
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gauge (TG) and altimetry (ALTI) data at each time step.

While performing the experiments, unified data and mode selection procedures were
introduced to handle cases with few or spatially unfavorably distributed data. In case of too
few observations being available—i.e., fewer than 25—reconstruction was not performed
for this time step.

The number of EOF modes included in the reconstruction was determined for each
time interval. For this, amplitude limits were set for the reconstructed fields, based on the
EOF statistics from the model reanalysis. Based on [39], a reasonable limit is double the
standard deviation of the PC time series of reanalysis. When the amplitude of a particular
mode exceeded its limit, then this mode and higher modes were considered to be too
noisy, and they were trimmed from the reconstruction. The success of reconstruction
depends on the number and spatial configuration of observations [39]. This is usually
considered undesirable since variable number of included EOF modes creates changes
in feature resolution; however, by our experience in this study, it has less effect on the
accuracy than inclusion of modes with outlier amplitudes, which may create completely
distorted patterns. In most cases, 6 to 10 leading modes was found to be acceptable; the
mean number of modes was 7.

The skill of sea level reconstruction was evaluated with five experiments using differ-
ent combinations of tide gauge and altimetry data (Table 2). Regarding altimetry, it is not
yet clear which of the several data options would be best for the semi-enclosed non-tidal
Baltic Sea, where weather forcing and seiches play important roles. Therefore, we selected
three options, from rec2 to rec4, with different altimetry data.
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Table 2. Main features of the performed sea level reconstruction experiments. Altimetry sea level
data were taken according to Table 1.

Name Tide Gauges Altimetry Description

rec1 Y N Input from tide gauge data only; altimetry comparison with rec4.

rec2 Y Y Input from tide gauge and altimetry sla_filtered; sea level anomalies
accounted for on top of model-based dynamic topography.

rec3 Y Y Input from tide gauge and altimetry ADT = sla_filtered + mdt; sea level
anomalies accounted for on top of altimetry-based dynamic topography.

rec4 Y Y Input from tide gauge and altimetry ADT_c0 = sla_filtered + dac + ocean_tide +
iw − lwe + mdt; same as rec3, but corrections to sla_filtered removed.

rec5 N Y Same as rec3, but tide gauge data not included.

3. Results
3.1. Calculated EOF Modes of Sea Level

The full covariance matrix B = XTX/N contains M2 pairs of second-order statistical
moments, whereas spatial lag between the correlated points amounts from the model grid
step ~2 km to the basin scale ~1500 km. When conducting widespread optimal interpo-
lation [54], it is assumed that the spatial correlation function (derived from covariance)
follows a spatial decay that depends on the distance between the correlated points that can
be fitted by an exponential, Gaussian “bell curve”, or some other function. It is also often
assumed that statistical properties such as variance are not changing between the spatial
locations (i.e., homogeneity assumption). In our case, sea level covariance calculated from
the model reanalysis has a complex two-dimensional histogram that is dependent on the
spatial lag between the points over the whole sea domain (Figure 3). Covariance estimates
cover the pairs of points within and between different basins of the sea (Figure 1); multiple
maxima occur in covariance histogram extracts at fixed lags. Therefore, it is justified to use
the empirical orthogonal function (EOF) framework, which considers the full covariance
matrix but allows it to be reduced to a few of the most energetic EOF modes.
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The EOF modes represent the perturbations to the mean sea level shown in Figure 1.
The first mode, which contains 94.6% of the overall variance, is nearly flat, meaning that it
represents filling and emptying (predominantly through the Danish Straits) of the whole sea
basin. The modes from two to four represent tilting of the sea level in different directions,
forced mainly by variable weather patterns. In the PC time series (Figure 4c), the dominant
first mode is rather variable. Although in the seasonal average there are high PC values
(and mean sea level) in winter and low PC values in summer, this is not evident from the
data of individual years. Exceptionally high winter PC values were noted for the years
1996, 2003, 2010, 2013, and 2018.

Figure 4. Maps of leading EOF modes (a–d) and their PC time series (e). Partition of variance: (a) 1st
mode—94.6%; (b) 2nd mode—3.6%; (c) 3rd mode—1.2%; (d) 4th mode—0.3%.

The reconstruction sums the mean sea level and contributions of different modes,
whose superposition weights are calculated by the reconstruction procedure based on the
location of observations and observed values. The first 10 modes were calculated; however,
the first four modes, presented in Figure 4, already cover 99% of the total sea level variance
during 1993–2021 over the entire sea.

3.2. Comparison of Reconstructed and Observed Sea Levels

Weekly mean sea levels vary in a range of more than a meter. Examples of the sea level
time series, extracted for 2007, are given for Helsinki coastal station (Figure 5). Data from
experiments rec1 to rec4, which used tide gauge data for sea level reconstruction, show
similar results, close to the observed values. Data from rec5, which used only altimetry
data and did not use tide gauge data for reconstruction, are also close to the tide gauge
observations, although some deviations are visible.

Model data were used to set up the long-term (1993–2021) datum (mean reference
level) for observations; however, the variability in modeled sea levels at coastal points (an
example is shown in Figure 5) shows greater differences from the observed values than
the reconstructions. Specifically, the centered root-mean-square difference (cRMSD) of the
model results from the tide gauge observations is 0.085 m, while experiments from rec1
rec4 show cRMSD ranging from 0.034 to 0.046 m, and rec5 has the highest value of 0.106 m.



Remote Sens. 2024, 16, 2702 11 of 20

Pearson’s coefficient of determination (R2) is higher than 0.90 for rec1 to rec4, but only 0.66
for rec5. The standard deviation (STD) of the model results at coastal points is 0.222 m, 22%
higher than the STD of the observations (0.182 m). Reconstruction experiments rec1 to rec4
reveal STD from 0.176 to 0.198 m, while rec5 provides a smaller STD of 0.163 m.
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As one option for the comparison of reconstructed and observed sea levels, along-coast
changes in the statistical characteristics of the reconstruction experiments versus selected
coastal tide gauge observations (locations in Figure 1) are presented in Figure 6. In the
Bothnian Sea and Bothnian Bay, the mean observed sea levels (Figure 6a) on the Swedish
coastal section from Forsmark to Ratan are ~0.1 m higher than on the opposite Finnish
coastal section from Kemi to Hanko. This coast-to-coast difference is considered further in
the Discussion. On the Swedish coastal section in the Baltic Proper, from Simrishamn to
Landsort, the mean observed sea levels are higher as well. The reconstruction experiments
give similar mean sea levels to the model results, except for rec5, which produces higher
mean sea levels in the eastern part of the sea, from Hamina to Kolka.

Regarding the standard deviation over the study period (Figure 6b), the inclusion
of altimetry data reduces the STD from rec1 (closest results to the observations; altimetry
data not included in the reconstruction) to rec5. Comparison of rec1 to rec5 with tide
gauge observations, using cRMSD and R2, reveals the closest match (i.e., smallest cRMSD
and highest R2) for rec1 and the worst reproduction for rec5. Along the coast, larger
reconstruction uncertainties are found in the Swedish section of the Bothnian Sea and
Bothnian Bay (Forsmark to Ratan), as well as on the Polish and German sections of the
western Baltic (Gdansk to Rostock).

The numerical results of the statistical comparison of the reconstructed data with
the tide gauge and altimetry data are presented in Table 3. It can be concluded that
combination of data from coastal tide gauges and altimetry (rec2 to rec4) give the best
results in terms of the minimum cRMSD and maximum R2 in both the coastal (i.e., tide
gauges) and offshore (i.e., altimetry) observation domains. Omitting the altimetry input
data (rec1) improves the accuracy at the coastal stations insignificantly (the cRMSD of
0.034 m in rec1 is slightly smaller than the 0.046 m in rec2 and rec3, and 0.040 m in rec4) but
reduces the offshore accuracy (the cRMSD of 0.112 m in rec1 is larger than the 0.060 m and
0.066 m in rec2 and rec3, and 0.086 m in rec4). The other specific case—input from altimetry
data only (rec5)—provides roughly the same offshore accuracy as other altimetry-based
reconstruction experiments, but the coastal accuracy is reduced (the cRMSD of 0.106 in rec5
is higher than the 0.046 in rec2 and rec3). The experiment rec4, with input from tide gauge



Remote Sens. 2024, 16, 2702 12 of 20

and altimetry ADT_c0 (Table 2), yields higher accuracy in relation to tide gauges compared
to rec2 and rec3, but it provides slightly worse offshore accuracy.
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square difference (c) and coefficient of determination (d) relative to the tide gauge observations.

Table 3. Statistical sea level characteristics of reconstruction experiments rec1 to rec5 compared to the
observations at tide gauges and altimetry observations. Tide gauge and altimetry data were shifted
to the model reanalysis reference during the reconstruction.

rec1 rec2 rec3 rec4 rec5

Tide gauges at coastal stations
Mean, tide gauges (m) 0.085
Mean, reconstruction (m) 0.089 0.106 0.101 0.095 0.117
STD, tide gauges (m) 0.182
STD, reconstruction (m) 0.198 0.176 0.176 0.190 0.163
cRMSD, reconstruction to tide gauges (m) 0.034 0.046 0.046 0.040 0.106
R2 coefficient of determination, reconstruction
to tide gauges

0.952 0.935 0.935 0.948 0.659

Altimetry points
Mean, altimetry (m) 0.101 0.143 0.117 0.101 0.117
Mean, reconstruction (m) 0.103 0.126 0.112 0.103 0.117
STD, altimetry (m) 0.206 0.168 0.167 0.206 0.167
STD, reconstruction (m) 0.201 0.175 0.174 0.193 0.162
cRMSD, reconstruction to altimetry (m) 0.112 0.060 0.066 0.086 0.094
R2 coefficient of determination, reconstruction
to altimetry

0.723 0.881 0.855 0.827 0.930
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Regarding the altimetry options from rec2 to rec4, the cRMSD and R2 values are rather
similar, and within this study, it was not possible to determine which of the altimetry
options is better suited for the Baltic Sea’s conditions.

The two-dimensional histograms of the observed versus reconstructed sea levels,
presented in Figure 7 for rec1, rec3, and rec5, illustrate that although the reconstruction
procedure is of good quality, the most accurate reconstruction in both the coastal stations
and offshore regions was obtained for rec3 when both the tide gauge and altimetry data
were involved.

Remote Sens. 2024, 16, x FOR PEER REVIEW 14 of 21 
 

 

 
Figure 7. Two-dimensional histograms of observed (tide gauges (a,c,e) and altimetry (b,d,f)) versus 
reconstructed sea levels within the experiments rec1 (a,b), rec3 (c,d), and rec 5 (e,f, Table 2). The 
color scale shows the percentage of observations in 0.01 × 0.01 m bins. 

  

Figure 7. Two-dimensional histograms of observed (tide gauges (a,c,e) and altimetry (b,d,f)) versus
reconstructed sea levels within the experiments rec1 (a,b), rec3 (c,d), and rec 5 (e,f, Table 2). The color
scale shows the percentage of observations in 0.01 × 0.01 m bins.



Remote Sens. 2024, 16, 2702 14 of 20

3.3. Reconstruction of Coastal Sea Levels in Unsampled Locations

Spatial coverage of coastal tide gauges has increased over time. Still, it remains a
challenging task to obtain reliable sea level characteristics for the coastal locations where
observations are missing. Therefore, an experiment rec1b, modified from rec1 (Table 2),
was conducted with a reduced number of input tide gauge locations. The calculations
were made using input data from 21 “named” coastal tide gauges, as shown by the station
names in Figure 1. The evaluation was carried out over all 105 stations. Some of the
data were considered to be missing and were not used in the reconstruction, but after the
reconstruction the full data set was used for skill estimates. It should be noted that the
statistical characteristics of reconstruction at these stations, based on full input data, are
given in Figure 6.

The modified experiment rec1b revealed very similar statistical characteristics to those
presented in Table 3 and Figure 6. Specifically, the mean sea level calculated over all of the
stations during 1993–2021 differed by less than 0.001 m, where the mean level was 0.089 m.
The overall STD of all weekly sea levels was 0.198 m for rec1 and 0.196 m for the modified
rec1b (a STD map is presented in Figure 8a). It should be noted that sea level variability is
higher in the northern and eastern regions (i.e., Bothnian Sea, Gulf of Finland, Gulf of Riga)
than in the central Baltic Proper. The change in the reconstructed sea level patterns from
rec1 to rec1b is visualized by their cRMSD map shown in Figure 8b. The main differences
between the experiments became evident in the southwestern region of the sea, close to
the Danish Straits, with the tidal influence from the North Sea. In the coastal areas, the
highest weekly sea level cRMSD was 0.03 m, or 15% of the standard deviation. Greater
differences, up to 0.07 m, were found in the deep basins of the Baltic Proper, which can
be interpreted as a loss of reconstruction quality due to the reduction in the input data. It
should be noted that, in both the rec1 and rec1b experiments, altimetry input data were
not used for reconstruction, in order to imitate earlier time periods when only limited tide
gauge data were available. Pearson’s coefficient of determination (R2) revealed a close
match with the reconstructed sea levels; the R2 of reconstruction with observations was
higher than 0.95 for both the main and the modified experiments.
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The results show that weekly sea levels can be reliably estimated in unsampled locations.

3.4. Changes in Sea Volume

One of the indicators of sea level variability is sea volume, which is of primary interest
for water budget calculations [55]. When calculating the changes in sea volume from
gridded data, it is convenient to convert the results to the mean sea level. Since the western
sea area was excluded from the reconstruction domain (Figure 1), we calculated the domain
area of 379,100 km2 from the gridded data. From the weekly reconstructed time series,
annual and seasonal courses (Figure 9) were calculated. The reconstruction results of
experiments rec1 to rec4 revealed a close match. Experiment rec5, which had only altimetry
data as inputs, gave higher mean sea levels than the other experiments, especially starting
from 2011, when the surplus amounted to between 0.04 and 0.08 m. The annual mean sea
levels shown in Figure 9a correlate well (R2 = 0.93) with the earlier results reported by
Madsen et al. [36].
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On the seasonal scale (Figure 9b), the known maximum sea volume in winter and
minimum sea volume in spring [56] were well reproduced. The annual spatial mean sea
level amplitude is ~0.18 m, as reported by previous altimetry data.

4. Discussion
4.1. Reconstruction Skill

The sea level height variation is practically the most important on the coastline, where
the location of the moving waterline affects many aspects of human life; it is also important
for navigation in harbors and shallow ship passages.

The reconstruction skill is estimated by differences between two data sets (esti-
mated/modeled and observed), calculating the cRMSD and Pearson’s coefficient of deter-
mination (R2) using standard formulae [36,57]. Bias, when presented, is only considered
indicative, due to the uncertainty of the sea level reference. As benchmarks for the present
study, previous skill assessments of gridded sea level data are presented in Table 4, together
with the results from the present study. For comparison, gridded data were extracted
at the times and locations of the observations. The same approach was followed in the
present study.

Copernicus reanalysis data (fifth line in the table) were used in the present study for
spatial covariance estimates. Since the reanalysis has already been evaluated versus tide
gauge data [38], comparison of the reanalysis results with sea level reconstruction was
performed only in certain cases. Lower R2 values with tide gauges for reanalysis [38] than
for the operational model [57] might be related to the specifics of atmospheric forcing; the
reanalysis was forced by the ERA5 atmospheric reanalysis with a resolution of 0.25◦E by
0.25◦N, while the operational forecast used the 2.5 km MetCoOP HARMONIE model [57].
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Table 4. Skill estimates for the gridded sea level data sets.

Source Compared Variables Period Time Interval cRMSD (m) R2

Madsen et al., 2019 [36] Reconstruction—tide gauges 1900–2014 Month 0.04 0.92

Madsen et al., 2019 [36] Reconstruction—altimetry
in Baltic Proper 1900–2014 Month 0.06 0.81

Present study Reconstruction—tide gauges 1993–2021 Week 0.05 0.93
Present study Reconstruction—altimetry 1993–2021 Week 0.10 0.82

Copernicus Reanalysis, 2023 [38] Reanalysis—tide gauges 1993–2018 Day 0.10 0.77
Kärna et al., 2021 [57] Operational forecast—tide gauges 2014–2016 Hour 0.10 0.90

Hordoir et al., 2019 [58] Research model—tide gauges 2011–2012 Hour 0.06 0.90

Jahanmard et al., 2022 [50] Bias-corrected research
model—tide gauges 2017–2020 Hour 0.03 0.90

Mostafavi et al., 2023 [52] Bias-corrected research
model—altimetry 2017–2019 Hour 0.09 na

The reconstructed weekly sea level products in our study were compared with coastal
tide gauge data, with cRMSD less than 0.05 m, and altimetry data, with cRMSD less than
0.1 m, when both of the data sources were included as input data. The average coefficient
of determination was 0.93 when comparing the sea level reconstruction with coastal tide
gauges and 0.82 in comparison with altimetry. The reconstructed sea levels at the coastal
stations were closer to the observations than the reanalysis data set, as also indicated
by Madsen et al. [36]. Reconstruction on shorter time scales—hours or days—was not
performed in our initial study since the spatiotemporal coverage of altimetry data becomes
more irregular for shorter time intervals. Operational forecasting [57] and bias-corrected
research modeling [50,52,57] have revealed an hourly cRMSD of less than 0.1 m at most of
the coastal stations.

The sea level trends have not been considered in our 29-year study, although they
may also have some effect in such an interval. Tide gauge data were adopted from the
Copernicus Marine Service without modification. In further implementations of the EOF
reconstruction, the trend and reference level corrections can be easily introduced, following
the example from oceanic [28] and Baltic Sea [36] applications.

Mostafavi et al. [52] have shown along-track altimetry sea level variations of up to 0.2 m
that can be dynamically attributed to meandering unsteady frontal systems and mesoscale
eddies. The appropriate resolution, reconstruction, and/or assimilation of such features
would be a challenge for the significant improvement of physical circulation models.

4.2. Reference Level Problem for Flow Calculation

Geodetic height systems around the Baltic Sea have recently been updated [51]. The
reported tide gauge observations reveal that the mean sea levels in the Gulf of Bothnia
(including the Bothnian Sea and Bothnian Bay) drop from 0.10 to 0.15 m from the Swedish
to the Finnish coast (Figure 6a). This drop is insignificant for coastal engineering and
management, but it creates problems in the water budget calculations. The mean sea
level drop between Ratan and Pietarsaari, on the opposite coasts of the Bothnian Sea, is
0.003 m (from 0.158 m in Ratan to 0.155 m in Pietarsaari) in the model reanalysis, but the
observations with local datums give a difference of 0.114 m (from 0.154 m in Ratan to
0.040 m in Pietarsaari). Regarding the circulation and water budget, where sea level slope
is an important driver of water motions, this difference between the modeled and observed
sea level drops is an item of concern.

Let us consider simplified flow calculations. Over a long period, the stationary river
discharge to the Gulf of Bothnia is Q = 193 km3 year−1 [59], which equals to 6100 m3 s−1.
Geostrophic transport due to the sea level slope can be estimated in the first approach
as Qη = gH∆η/ f [60], where g = 9.81 m s−2 is the gravity acceleration, H = 80 m is
the approximate depth of the Bothnian Bay, ∆η is the sea level drop across the Bothnian
Bay, and f = 0.00013 s−1 is the Coriolis parameter at a latitude of 65◦N. For the modeled
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∆η = 0.003 m, the estimated Qη = 17,800 m3 s−1, while for ∆η = 0.114 m, the estimated
Qη = 678,700 m3 s−1. The volume transport estimated by the modeled sea level drop can
be considered realistic, since in addition to the river discharge, there is also the inflow
of water from the adjacent sea area, which is usually a few times greater than the river
discharge [61].

It is anticipated that assimilating the geodetic sea level differences in the order
∆η = 0.12 m into the circulation model may distort the water exchange between the basins
of the Baltic Sea. In addition to the freshwater budget, in estuarine systems such as the
Baltic Sea, the circulation calculated by the models should follow the salinity budget [61].

4.3. Applicability of EOF Reconstruction

Reconstruction is a computationally fast procedure, since the only operations it con-
tains are Equations (1) and (2), with matrices whose maximum size is the number of
grid points. Therefore, the sea level maps can be updated nearly immediately when new
observations become available. This feature can be used for bias correction in various
applications. For example, Lagemaa et al. [47] introduced interval pointwise bias correction
at each forecast step based on a backward weekly average model to observe differences
using recent observations. Spatial reconstruction allows the bias to be corrected over the
whole forecast domain. It has been shown that when bias correction has been applied
to the sea level operational model forecast, the cRMSD in the Gulf of Finland has been
reduced [50].

Reliable sea level estimates all over the coastline can be obtained using the presented
reconstruction method from only a limited number of observations. This means that, based
on tide gauge observations, available from the 19th century, it is possible to reconstruct
historical weekly sea levels to estimate changes in sea volume and water budget variations
for specific Baltic sub-regions, such as larger gulfs and smaller bays. It is also possible to
evaluate high and low sea level cases and associated events (storm surges, coastal erosion
events, etc.) in the areas of missing tide gauge observations. This is particularly important
for navigation in harbors and shallow ship passages.

Estimates of sea level trends, including vertical land motions, can be refined from
the present point-wise estimates, but this requires more harmonization of the reference
levels from different data sets. The reconstructed gridded sea levels can be used for the
quantification of changes in sea volume. It is also interesting to consider variations in the
Baltic Sea’s circulation that affect the ecosystem state. However, it is still a challenge to
obtain reliable circulation indices.

5. Conclusions

A new method for the reconstruction of Baltic gridded sea levels from tide gauge and
altimetry observations was developed and tested. The method is based on sea level EOF
modes, calculated as spatiotemporal statistics from weekly model reanalysis results. The
leading EOF modes converge well, and the first four modes already cover 99% of sea level
variance. The reconstruction uses observations at coastal tide gauges and altimetry as input
data. Because of the limitations of data coverage, weekly averages were considered as the
shortest time interval to be resolved.

Several experiments were carried out with different combinations of input data. The
method was validated against coastal tide gauges and altimetry data. The best reconstruc-
tion skill was obtained when both the tide gauges and altimetry data were taken into
account. The cRMSD of the reconstruction was determined to be 0.05 m versus tide gauges
and 0.10 m versus altimetry. The coefficient of determination R2 averaged 0.93 for the tide
gauges and 0.82 for the altimetry data. In the cases where only one type of input data was
used, the reconstruction became worse with respect to other data sources. For example,
using only altimetry data for the input improved the R2 for altimetry data to 0.93, but it
worsened the R2 for tide gauge data to 0.66.
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The reconstruction method proved useful for the reconstruction of coastal sea levels in
unsampled locations and for the calculation of changes in sea volume.
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By decomposing the total sea surface current into its geostrophic and ageostrophic components, 
we examined the contribution of each to the long-term variability of the total sea surface current. 
Our findings demonstrate the importance of geostrophic currents in Baltic Sea gyre formations. 
Additionally, ageostrophic currents contribute significantly to the flow across the region. Quantifying 
the difference between total sea surface current fields has revealed two dominant general sea 
surface circulation patterns in the Baltic Sea, whose characteristics correspond to the monthly mean 
climatology of sea surface current fields in May and December. Subsequently, a machine learning 
technique was employed to effectively detect the types of sea surface circulation patterns using wind 
vectors and sea level anomaly fields. This underscored the combined influence of sea level anomaly-
driven and wind-driven components in shaping surface current vectors in the Baltic Sea, consistent 
with geostrophic and ageostrophic decompositions.

Keywords  Geostrophic current, Ageostrophic current, Baltic Sea, Circulation pattern, Machine learning

The surface circulation in the ocean and marginal seas has become an increasing research focus in recent years, 
driven mainly by the success of satellite remote sensing. Among the dominant components of ocean surface 
dynamics, the geostrophic and Ekman currents stand out1–3. Various datasets, such as Ocean Surface Current 
Analyses Real-time (OSCAR) and Geostrophic and Ekman Current Observatory (GECKO) products, offer 
daily maps illustrating these primary currents. Each dataset provides global surface current information derived 
directly from satellite altimetry and ocean vector winds4,5. Their methodologies differ primarily in their handling 
of geostrophic currents at the equator, addressing wind-driven turbulence, and incorporating adjustments based 
on sea surface temperature gradients. Despite not encompassing more complex physics such as nonlinearities, 
these methods stand out due to their minimal assumptions, striving to produce surface current measurements 
on a consistent global grid at regular intervals that closely resemble direct satellite observations6–8. Nonetheless, 
while these products offer valuable insights into open oceans and some major upwelling zones by emphasizing 
the role of the wind-driven component in total sea surface current, their estimations may not provide precise 
details about coastal and marginal seas.

However, validating satellite-based surface currents remains a challenging task due to the scarcity of surface 
measurements unaffected by surface wind drag on floats9–11. Hence, numerical circulation models with accept-
able accuracy serve as references for circulation patterns. Additionally, existing knowledge about surface water 
circulation is invaluable. Understanding the intricate patterns of surface circulation is crucial as a benchmark 
for remotely sensed circulation data. In our study, we concentrate on a comprehensive analysis of the surface 
circulation in the Baltic Sea, leveraging its well-studied nature and the reasonably accurate circulation models 
we rely upon. The central focus of our study is understanding the appearances of geostrophic and ageostrophic 
circulation. It is essential to note that our analysis of circulation in this study does not involve a comparison or 
analysis of the circulation derived from satellite remote sensing products.

The Baltic Sea (Fig. 1) has been extensively studied over the last centuries, leading to the development of rela-
tively accurate circulation models despite its complex arrangement of loosely connected sub-basins. Investigation 
into the circulation patterns of the Baltic Sea began in the nineteenth century, when Struve (1864) first noted that 
general currents are caused by a difference in salinity due to the interaction of two distinct water masses within 
the Baltic basin: the freshwater from extensive runoff and the saline ocean water originating from the North 
Atlantic Ocean and entering via the Danish Strait12. Subsequent studies further substantiated and elaborated 
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upon these initial observations. Sarkisjan et al. were the first to conduct a model-based study that confirmed the 
presence and significance of cyclonic gyres within the Baltic Sea13. Lehmann and Hinrichsen demonstrated that 
despite significant variability in atmospheric forcing factors, such as wind and sea level pressure, relatively stable 
annual mean circulation patterns exist in the Baltic Sea, with only occasional inter-annual variations observed 
in the magnitude of basin-wide cyclonic gyre transports14. Omstedt and Axell showed the significant impact 
of baroclinic flows between the Baltic Sea sub-basins and the Baltic proper while emphasizing the importance 
of barotropic flow through the Danish Straits and the influence of river runoff15. According to Jędrasik et al., 
surface currents within the Baltic Sea are predominantly influenced by wind dynamics, leading to substantial 
variability, notably driven by prevailing western winds that produce stronger eastern currents, with an increasing 
long-term trend in sea surface current intensity16. In general, numerous studies employing ocean models have 
highlighted the prevalence of cyclonic gyres in the overall circulation patterns of both the Baltic Sea as well as its 
sub-basins17–23. In addition, Maljutenko and Raudsepp, and Soosaar et al. illustrated that the general circulation 
in the Gulf of Finland and the Gulf of Riga can be anticyclonic during spring and summer due to seasonal shifts 
in the forces driving the sea surface currents24,25. Understanding these variations necessitates an assessment of 
both barotropic and baroclinic perspectives, given their reliance on distinct atmospheric conditions.

Our objective is to analyze the monthly climatology of surface circulation in the Baltic Sea, identifying the 
dominant spatial patterns of sea surface geostrophic and ageostrophic current components over an annual cycle. 
Therefore, we aim to decompose the total sea surface current into geostrophic and ageostrophic components. 
Geostrophic currents are derived from gridded sea surface height anomaly data by calculating the sea level 
slope. Ageostrophic currents, which can be amplified by various factors, are primarily driven by wind or other 
non-linear interactions28,29. While ageostrophic currents globally may include inertial currents, tidal currents, 
and Stokes drift, in the Baltic Sea, they are predominantly influenced by Coriolis forces, sea surface topography, 
and friction, with other factors being negligible30. This suggests that geostrophic and wind-driven currents are 
more significant in this region. However, the combined impact of geostrophic and ageostrophic components on 
the overall sea surface circulation in the Baltic Sea is still unclear.

The influence of geostrophic and ageostrophic currents on total circulation can change over time due to 
various forcing factors. This study will also explore the origins of ageostrophic components in the Baltic Sea 
and their comparison with the geostrophic component caused by sea level anomalies. Our ultimate goal is to 
categorize each monthly mean circulation pattern into clusters representing dominant circulation patterns. We 

Figure 1.   Map of the study area, the Baltic Sea, includes subbasin and country names. The colour scale shows 
the depth according to the General Bathymetric Chart of the Oceans (GEBCO)26 and the final map were 
generated using MATLAB r2022b programming platform27.



3

Vol.:(0123456789)

Scientific Reports |        (2024) 14:18649  | https://doi.org/10.1038/s41598-024-69463-8

www.nature.com/scientificreports/

plan to employ machine learning to determine the dominant type of monthly circulation based on sea surface 
anomalies and wind fields. Additional spatial and temporal analyses will offer further interpretive insights into 
the dynamics of sea surface circulation in the Baltic Sea.

Data and methods
Data product description and geostrophic/ageostrophic decomposition
The sea level height (h) and total sea surface current data (utot, vtot) for the Baltic Sea (lon: 14 °E to ~ 31 °E and 
lat: 54 °N to ~ 66 °N) were extracted from the Copernicus Marine Service (CMS) Baltic Sea Physics Reanalysis 
from January 1993 to December 2021 with a spatial resolution of 1 nautical mile. This data has been produced 
by the NEMO ocean model of a North Sea and Baltic Sea regional configuration Nemo-Nordic 2.031,32 and it is 
accompanied by a Quality Information Document (QUID), where it has been reported that the mean correlation 
between the available tide gauges and CMS Baltic Sea Physical Reanalysis Sea level outputs for the entire Baltic 
Sea is 0.88 with a root mean square deviation (RMSD) of 0.136 m33. The geostrophic velocity components (ugeo, 
vgeo) of sea surface current have been calculated from the sea level data as follows34:

The Eqs. (1a, 1b) are estimated using the 9-point stencil width classic centred difference method35. Then, 
the ageostrophic components (uageo, vageo) of sea surface current were calculated by subtracting the geostrophic 
components from the total current components:

The long-term mean and monthly means of total, geostrophic and ageostrophic currents over the study 
period were calculated. The monthly means of the current anomaly were calculated by subtracting the respective 
monthly mean from the long-term mean calculated over the period of 1993–2021.

Euclidean distance
The Euclidean distance (ED) was implemented as a useful criterion for determining a single index for assessing 
the difference between two gridded sea surface current vector fields as below:

where the superscripts A and B denote two different sea surface current fields, each two-dimensionally gridded 
along the x-axis accounted by subscript i with a total number of points n, and along the y-axis by subscript j 
with a total number of points m.

Convolutional neural network
A 2-dimensional convolutional neural network (CNN2D) model was trained with monthly mean sea level and 
wind vector fields to detect the monthly sea surface circulation types (SSCT). The SSCT is defined as a single 
categorical number representing a specific SSCT. At the preprocessing stage, the wind data from the global 
atmosphere reanalysis dataset of ERA536 for the period 1993–2021 was extracted over the Baltic Sea area and 
resampled into the same grids as the CMS data. To feed into CNN2D, each input batch consists of 3 matrices 
sized 584 × 709, representing monthly mean fields of sea level anomaly (sla), along with zonal (u-wind) and 
meridional (v-wind) components of 10 m wind speed. The dataset was split into training, validation, and test-
ing sets based on time-based segmentation. The CNN2D was trained on 228 (~ 66%) time-instances of monthly 
mean fields from 1993 to 2011, validated on 60 (~ 17%) instances from 2012 to 2016, and then tested on the last 
60 (~ 17%) instances from 2017 to 2021.

The architecture of the CNN2D model used for SSCT recognition is presented in Fig. 2. The network starts 
with an input layer tailored to the size of the training data, followed by convolutional layers designed with fil-
ter sizes of 8 × 8 and 16 filters, initially enhancing feature extraction. Rectified Linear Unit (ReLU) activation 
functions are utilized to introduce non-linearity, followed by average pooling layers of 4 × 4 size to downsample 
the data37. The network further consists of additional convolutional layers with 32 filters with sizes of 4 × 4, fol-
lowed by similar ReLU activation and average pooling layers of 2 × 2 size. This two-step convolutional approach 
addresses the large spatial dimensions of the input layers, leading to categorical outputs. A fully connected layer 
with the number of outputs corresponding to the number of recognized dominant SSCTs precedes the softmax 
classification layer, facilitating the classification of SSCTs. The network was trained using the ’adam’ optimizer 
with a maximum of 12 epochs, a mini-batch size of 4, an initial learning rate of 0.001, and employed validation 
data for model evaluation every two epochs38.

Furthermore, to gain deeper insights into the contribution of each input feature map—sla, u-wind, and 
v-wind—in our CNN2D model, we used occlusion sensitivity mapping to analyze the contribution of each input 
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feature in detection of the SSCTs. This involved excluding each feature map from input batches during the test-
ing phase of the trained CNN2D model. Subsequently, we compared the SSCT recognition results with those 
obtained from the original CNN2D model.

Through these tests, conducted three times with each test excluding one of the maps from the input batches, 
we evaluated the importance of each component in the CNN2D’s decision-making process. Higher error rates 
observed in these occlusion experiments compared to the original CNN2D results indicate greater depend-
ency of the model on the excluded input component. During the exclusion process, each map—sla, u-wind, 
and v-wind—was neutralized by filling it with zeros, simulating the absence of data similar to land areas in the 
data preparation phase. The cumulative number of incorrect SSCT detections, compared to the original labels, 
was then divided by the total number of time instances to provide the error percentage for the absence of each 
feature map in the input batches.

Results
Mean sea surface current
Long-term mean sea surface current fields of the Baltic Sea and its decomposition into geostrophic and ageo-
strophic components are presented in Fig. 3. Geostrophic currents (Fig. 3b) show strong similarity with total 
currents (Fig. 3a), both in terms of current speeds and patterns. The mean ageostrophic component (Fig. 3c) 
mainly comprises southeastward currents. Spatial averages are 0.022 m/s for the total currents, 0.025 m/s for the 
geostrophic currents, and 0.016 m/s for the ageostrophic currents. The geostrophic current primarily represents 

Figure 2.   Diagram of the CNN2D model architecture for SSCT recognition from sea level and wind input data.
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cyclonic water movement and shapes the dominant gyres (Fig. 3). These gyres exhibit high intensity, particularly 
around their edges. The weaker ageostrophic currents serve as a uniform background flow almost everywhere.

Ageostrophic currents have a tendency to weaken from the northwestern coast towards the southeastern 
coasts at the sub-basin scale. Total circulations show prominently cyclonic gyres in the Bothnian Bay, the Both-
nian Sea, and the eastern Baltic Proper. Anticyclonic gyres dominate in the Gulf of Riga, the western Baltic 
Proper, and the eastern part of the Gulf of Finland (Fig. 3a,b). All these patterns are attributed to the geostrophic 
surface currents, and their magnitude reaches up to ~ 0.15 m/s at the rim of the gyres. The similarity in pattern 
and strength between total and geostrophic currents indicates that the geostrophic component primarily explains 
total currents. The ageostrophic component, characterized by a relatively uniform spatial flow direction and lesser 
speed, contributes secondarily to the total currents.

Monthly climatology
We present climatological monthly mean circulations for geostrophic, ageostrophic, and total sea surface current. 
Monthly climatology of geostrophic currents retains its basic spatial structure throughout the year (Supplement, 
Fig. 2), which is similar to the long-term mean of geostrophic current distribution (Fig. 3b). The ageostrophic 
component is more variable (Supplement, Fig. 3) in terms of current directions, but the currents still remain 
directed to the eastward semi-circle in all months (Fig. 3c). The geostrophic currents provide a major contribu-
tion to the total currents, which results in the total currents keeping their basic mean structure as well (Supple-
ment, Fig. 1).

In order to quantify the disparity between the monthly climatology (Supplement, Figs. 1–3) and the mean 
maps (Fig. 3), we used ED (Fig. 4a). In this context, the ED reflects the monthly deviation of a particular type of 
current (total, geostrophic, or ageostrophic) from its long-term mean. The higher the ED value, the greater the 
difference in the circulation pattern from its reference (Fig. 4).

Figure 4a shows that the SSCTs differ the most from the respective climatological mean in May and December 
and are most similar in March and September for geostrophic, ageostrophic, and total currents. This means that 
either the SSCTs in May and December (March and September) are similar to each other or pairwise different. 
To find out, we conducted an analysis by calculating the ED between each monthly climatological mean circula-
tion and the other 11 monthly means. Our pairwise comparison of monthly climatological circulations revealed 
that the monthly mean circulations are most closely related to the circulations of the previous and following 
months (Fig. 4b–d). Notably, there are two significant peaks for each component in May and December, marking 
the most distinct variation within the year. Furthermore, the SSCTs in April and from June to August exhibit a 
resemblance to the May SSCT. On the other hand, the SSCTs in October, November, January, and February align 
closely with the December SSCT. The SSCTs in March and September can be considered as transitional phases, 
as they separate two distinctive classes (May and December) while being similar to each other.

To understand differences between characteristic circulations in May and December, we look at the respective 
anomalies. Geostrophic circulation in May represents the situation when prevailing cyclonic circulation in the 
eastern Baltic proper, the Bothnian Sea, and the Bothnian Bay is most distorted (Fig. 5a). Although climatologi-
cal mean May circulation is still evident, the circulation anomaly shows a dominantly anticyclonic flow scheme 

Figure 3.   The mean values of (a) total, (b) geostrophic, and (c) ageostrophic surface currents throughout the 
entire 29-year period (vectors with magnitudes > 0.01 m/s are shown).
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(Fig. 5b). The currents in the Gulf of Riga, the Gulf of Finland, and the western Baltic proper are different from 
the overall anticyclonic tendency. Instead, cyclonic circulation is evident there. The same is true for the circula-
tion in the western Baltic Proper. Predominantly anticyclonic circulation patterns are also present in the anomaly 
fields of April, June, July, and August (Supplement, Figs. 5 & 6).

Geostrophic circulation in December repeats mean geostrophic circulation in the main circulation directions, 
but the magnitude of the currents has increased (Fig. 5c). This is well emphasized in the anomaly of the currents 
in December (Fig. 5d). In most sub-basins of the Baltic Sea, cyclonic gyres dominate. Anticyclonic circulation 
cells in the western Baltic Proper do not exist in the anomaly field. The separate circulation patterns in the east-
ern and western Baltic Proper have merged into a single dominant cyclonic gyre that covers the entire Baltic 
proper. In addition, the anticyclonic circulation in the Gulf of Riga and anticyclonic eddies in the southern Gulf 
of Finland have disappeared. Predominantly cyclonic circulation patterns are also present in the anomaly fields 
of October, November, January, and February (Supplement).

Monthly climatological ageostrophic circulation follows qualitatively the same seasonal tendency as geo-
strophic currents. In May, mean ageostrophic currents exhibit anticyclonic circulation, primarily confined to 
the coastal areas. The offshore ageostrophic currents are minimal, with speeds less than 0.01 m/s (Fig. 6a). The 
anomalies of ageostrophic current in May also exhibit anticyclonic shear over the Baltic Sea (Fig. 6b). A similar 
pattern of ageostrophic currents in the subregions is present in April, June, July, and August (Supplement). 
Cyclonic shear is dominant from October to February (Supplement), with December being the month most 
characteristic of cyclonic shear (Fig. 6c,d). The circulation in March and September represents a transition from 
one SSCT to the other. The currents at that time match the long-term mean patterns the most (Fig. 3c).

Monthly realizations of SSCTs
We have identified two primary SSCTs: the strong cyclonically dominated circulation in December represented by 
climatological December circulation and the weaker one in May represented by climatological May circulation. 
To measure the monthly prevalence of a dominant SSCT, EDs are calculated pairwise between these SSCTs and all 
monthly circulations. The smaller of the two EDs each month indicates the presence of the corresponding SSCT 
for that month. The monthly pattern of this SSCT’s dominance supports the seasonality of the characteristic sea 
surface circulation patterns (Fig. 7). A strong or weak cyclonic circulation is predominant in autumn and winter, 
or spring and summer, respectively. In transitional months, such as February, March, and September, the similar-
ity to the May or December SSCTs is not clearly defined. During the 29-year study period, there was at least one 
instance in May or December when the circulation resembled the typical December or May SSCT more closely.

Figure 4.   Euclidean distances: (a) Euclidean distance between each monthly climatology map and the long-
term mean fields. (b) Euclidean distance between each monthly climatology map of “total” sea surface current 
and the mean total current fields in March, May, September, and December. (c) Euclidean distance between 
each monthly climatology map of “geostrophic” current and the mean geostrophic current fields of March, May, 
September, and December. (d) Euclidean distance between each monthly climatology map of “ageostrophic” 
correct and the mean ageostrophic current fields of March, May, September, and December. A zero value 
indicates identical circulation patterns. As the ED increases, the disparity between the two circulation patterns 
also grows.
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CNN2D pattern detection
A CNN2D model was utilized to categorize monthly circulation patterns into two distinct SSCTs that represent 
the climatological circulations of May and December. The inputs for the model included the monthly mean wind 
vectors and sea level anomaly fields. The classification results were verified by comparing the SSCTs from the 
model with the corresponding SSCTs defined by the ED. The smaller ED between the monthly circulation and 
the climatological circulations of May and December determines the dominant SSCT for each month. Figure 8 
depicts the comparison of the model and ED results in identifying SSCTs in the Baltic Sea. The CNN2D model 
achieved an accuracy of 58 out of 60 in correctly identifying the inherent SSCTs.

Due to the sensitivity of CNN2D, we conducted 12 trials to assess the variability in errors across different 
training instances. Each trial of CNN2D was conducted with the same configuration and input yet yielded 
slightly varying outcomes. The most robust trained CNN2D trial resulted in ~ 97% accuracy or 2 errors over 
60 testing time instances (Fig. 8a). The range of errors has been changed between different trials from ~ 92% to 
~ 97% (from 2 to 5 errors over 60 testing time instances). In addition, the cumulative error temporal variability 
distribution has been checked for the 12 trials (Fig. 8b). In general, results show that the not-accurate CNN2D 
detection is at the months where the sea surface current ED from May is close to the sea surface current ED 
from December. Specifically, errors are most prevalent in March 2021, January 2021, October 2019, August 
2019, and November 2018.

Our analysis proceeded with an examination of how sla, u-wind, and v-wind contribute to the decision-
making process of our CNN2D model, focusing on the occlusion sensitivity of each map within the input 
batches. Utilizing our pre-trained CNN2D model, which incorporates all three input fields, we discovered that 

Figure 5.   Dominant geostrophic circulation patterns in May and December (vectors with magnitude > 0.01 m/s 
are shown): (a) May climatology. (b) May anomaly. (c) December climatology (d) December anomaly.
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the omission of sla, while maintaining u-wind and v-wind, led to a 12% error rise in the precise identification 
of the SSCT. We performed a comparable occlusion sensitivity analysis for both u-wind and v-wind. The results 
indicate an 8% error increase in identifying the correct SSCT when u-wind data is absent. Conversely, the error 
rises to 33% when v-wind data is missing.

Discussion
By decomposing the total sea surface currents into their geostrophic and ageostrophic components, alongside 
their long-term mean and monthly climatology, our findings underscore the pivotal role of geostrophic currents 
in forming prevailing gyre structures throughout the Baltic Sea. Accompanying these, the weaker ageostrophic 
currents provide a consistent background flow across the region. These results strongly imply that the main cir-
culation dynamics in the Baltic Sea are primarily steered by the geostrophic component that is intricately linked 
to the spatial distribution of static sla. Previous studies have emphasized the significant influence of large-scale 
wind and air pressure fields on Baltic Sea level variability, with observed correlations with indices such as the 
North Atlantic Oscillation39–43. Indeed, long-term sea surface currents in the Baltic Sea exhibit a direct associa-
tion with sea level anomalies, which are influenced by wind dynamics, too. Previous studies have considered 
wind as the primary driver of sea surface currents23,44. Our study demonstrates that in the surface layer of the 
Baltic Sea, geostrophic currents resulting from sea level anomalies can reliably explain the main orientation of 
sea surface circulations in the Baltic Sea.

Figure 6.   Dominant ageostrophic circulation patterns in May and December (vectors with 
magnitude > 0.01 m/s are shown): (a) May climatology. (b) May anomaly. (c) December climatology (d) 
December anomaly.
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Our analysis indicates that ageostrophic currents within the Baltic Sea can be directly driven by wind, as 
evidenced by their uniform direction with a ~ 90-degree deviation from the prevailing wind direction45,46, con-
tributing to an increased anticyclonic tendency in surface circulation patterns. Notably, the intensity of ageos-
trophic currents decreases from west to east, indicative of the varying influence of wind patterns across the Baltic 
Sea basin47. Our interpretation of the origins of ageostrophic currents in the Baltic Sea is further reinforced by 
observing their maximum intensity along the Swedish east coast and the Finnish coast48. This pattern aligns with 
the expected dynamics of coastal upwelling events49,50, where upwelled waters are horizontally driven towards 
offshore areas. Furthermore, similar to some previous studies, our analysis has revealed a consistent impact of 
these ageostrophic components as a share of total sea surface current51,52.

Figure 7.   Frequency of SSCT correspondence in each month.

Figure 8.   CNN2D results: (a) Comparison of the best trial’s predicted results with the original SSCT. (b) 
Summary of CNN2D performance across all trials, indicating the number of errors per time instance and the 
corresponding EDs for each original SSCT.
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Our investigation into the spatio-temporal variability of sea surface currents in the Baltic Sea reveals a pre-
dominant categorization into two distinct SSCTs, aligning closely with the mean SSCTs observed in May and 
December. Moreover, pairwise comparisons between monthly circulation patterns highlight the transitional role 
of March and September, serving as intermediary phases between the discernible SSCTs identified in May and 
December. Specifically, the May SSCT is mainly characterized by anticyclonic anomalies, with pronounced dif-
ferences in circulation patterns across various Baltic Sea subregions. In contrast, December features heightened 
cyclonic anomalies in the direction of the prevailing circulations of the Baltic Sea. Similar seasonal tendencies are 
observed in both monthly geostrophic and ageostrophic current distributions and their anomalies, reinforcing 
the seasonal dominance of SSCT in the Baltic Sea. The frequency distribution of dominant SSCTs underscores 
the prevalence of strong circulations around autumn and weak circulations around spring, with transitional 
months exhibiting variability in SSCT dominance.

Despite variations in the intensity of the currents between May and December SSCTs, their directional pat-
terns remain consistent, aligning with the semi-persistence of sea surface currents in the Baltic Sea53. Cyclonic 
circulation predominates in the Bothnian Bay and Bothnian Sea, while anticyclonic circulation characterizes the 
Gulf of Finland and the Gulf of Riga. However, notable differences in gyre formations persist within the Baltic 
proper. In the December SSCT, intensified currents extend from the southern Baltic Proper to the northern Baltic 
Proper through the eastern Baltic Proper. These currents merge with the outflow from the Gulf of Finland and 
Bothnian Sea before sharply turning southward in the western Baltic Proper (west of Gotland Island), forming a 
larger cyclonic gyre that covers the whole Baltic Proper. Conversely, in the May SSCT, where currents are weaker, 
the northward flow from the southern Baltic Proper turns southward along the eastern coast of Gotland Island, 
forming a cyclonic gyre in the eastern Baltic Proper. Simultaneously, dynamic interactions from the northern 
Baltic Proper induce an anticyclonic gyre in the western Baltic Proper. This results in the dominance of the May 
SSCT being characterized by a sea surface gyre dipole in the eastern and western Baltic Proper, a feature absent in 
the December SSCT. This finding aligns with previous studies that have examined the seasonal variability of the 
Baltic Sea inflow and outflow23,54. Generally, the Baltic Sea inflows/outflows cause high/low sea level anomalies 
and large-scale meridional gradients in the warm/cold months55–57 that support weak and strong geostrophic 
currents. Also, high/low intensity of wind in the cold/warm months58,59 aligns with the strong/weak ageostrophic 
currents. In fact, the effect of inflow and outflow on sea level and wind distribution refers to how their intensify-
ing and weakening can form different SSCTs in different seasons. While earlier research typically concentrated 
on water transport across various layers60,61, our study has uncovered evidence suggesting that the integration of 
stronger inflows during colder months into surface layers consolidates into the eastern Baltic currents, reinforc-
ing the December SSCT. By contrast, in the May SSCT, the strengthening of outflows weakens general cyclonic 
circulation of the Baltic Sea and lays a groundwork for the formation of anticyclonic circulation structures. This 
nuanced understanding underscores the dynamic interplay between seasonal inflows, outflows, and surface 
currents, enriching our comprehension of the complex hydrodynamics within the Baltic Sea.

The dominant SSCTs in the Baltic Sea exhibit a sophisticated nature for categorizing the sea surface circula-
tion, especially during the transition months. This implies that being close to May or December in temporal 
terms does not guarantee an accurate prediction of the sea surface circulation pattern in the Baltic Sea. The 
results of the present study have shown that the ED can be an efficient and robust metric for SSCT classification 
in the Baltic Sea. Furthermore, the 2D convolutional neural network model is used for the feasibility study to 
detect the SSCT with only the potential drivers of wind and sla fields. However, due to the insights gained from 
the decomposition of total sea surface currents and the uncertainty regarding the origin of the ageostrophic 
component, the decision was made to exclude other oceanographic quantities or parameters, such as temperature 
and salinity62. This exclusion was deliberate, aimed at preventing any potential bias or artificial improvement 
in the network’s predictive accuracy. Therefore, the constructed CNN2D architecture consists of several layers 
aimed at processing the spatio-temporal data of wind vectors and sla matrices in the Baltic Sea, accompanied 
by the fact that both geostrophic and ageostrophic components have important roles in the formation of total 
sea surface currents in the Baltic Sea.

The CNN2D outcomes demonstrate promising results for SSCT recognition, achieving high accuracy. How-
ever, it remains sensitive across different training trials for the network. This sensitivity arises from the complex 
interactions within the neural network during the training process, leading to different weight adjustments and, 
consequently, divergent classification results63. Notably, the accuracy across the twelve CNN2D trials fluctuates 
between 2 and 5 errors each time among the 60 time-instances tested. The summation of errors across our twelve 
trials highlights that the discrepancies correspond to the time-instances when the ED of the sea surface current 
vector fields for both May and December SSCTs are close to each other. So, it can be concluded that if the wind 
and sea level distributions in the Baltic Sea are significantly different from the monthly mean climatology distri-
butions, they can cause unusual patterns in the SSCT, which cannot be well categorized into the dominant SSCTs.

Our occlusion experiments revealed that neutralizing sla values while retaining u-wind and v-wind in our 
pre-trained CNN2D model resulted in a notable 12% increase in error for SSCT detection. Conversely, when 
either u-wind or v-wind was individually neutralized from the input batches, we observed significant variations 
in error rates, particularly concerning the meridional component of wind speed. Neutralizing u-wind led to an 
8% increase in errors, whereas neutralizing v-wind resulted in a substantial 33% increase in errors. These findings 
underscore the critical role of wind-driven currents in shaping the different SSCTs.

It’s important to note that our pre-trained model, utilizing all three inputs, aims to capture the spatial vari-
ability essential for SSCT recognition. However, it is well known that the spatial variability of these quantities, 
including sla and wind speed, in the Baltic Sea also exhibits a strong seasonal pattern64–66. Therefore, these 
occlusion experiments results are not in conflict with our previous statements regarding the predominant impact 
of geostrophic currents over ageostrophic currents in the Baltic Sea. This could be the result of seasonal varia-
tions in the values of these three inputs, which correspond in such a way that they can partially compensate for 
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the absence of each other. However, they clearly underscore the significance of wind-driven currents in SSCT 
recognition.

Furthermore, we showed that the higher importance was assigned to the meridional component of winds 
compared to the zonal component. Previously, it has also been reported that changes in meridional winds were 
consistent with changes in upwelling frequency, further highlighting the importance of this wind component46,67, 
emphasizing the significant influence of the north–south directionality of wind on Baltic Sea surface dynamics. 
This also corresponds with the ageostrophic current directional tendencies resulting in the present study. Given 
the dominance of southeasterly wind in the Baltic Sea, as well as the Ekman theory for deviation of potential 
wind-driven currents from wind direction, when zonal wind components dominate in the Baltic Sea, then wind-
driven currents tend to be more south-ward than east-ward. However, our results for the monthly climatology 
of ageostrophic currents, as well as the long-term mean of them, showed an eastward tendency of ageostrophic 
currents in comparison to southward tendencies. This tendency is more observable in the northern sections of 
the Baltic Sea. This supports the conclusion that wind-driven currents play an important role in SSCTs within 
the Baltic Sea, with the north–south directionality of wind exerting more influence on circulation patterns.

Eventually, the high accuracy of our main trained model with the full set of inputs, along with the results from 
our occlusion experiments, supports the hypothesis that, particularly over long-term timescales like monthly 
averages and beyond, the sea surface ageostrophic component is primarily influenced by wind, with other 
expected factors being negligible in the ageostrophic stability of the Baltic Sea. In fact, these results suggest that 
the sea surface circulation fields in the Baltic Sea are predictable well with an AI model which is trained solely on 
wind and sea level data. Here, the gridded reanalysis database is given an initial insight in this regard. However, 
remote sensing datasets for both wind and sea level anomaly with reasonable accuracy and spatial resolution 
may have wonderful potential for the estimation of the sea surface currents in the ocean as well as in coastal and 
marginal seas68. This insight can be useful for conducting future research into the importance of the application 
of AI in the Baltic Sea surface current and sea level dynamics.

 Data availability
The initial datasets utilized in this study are publicly available and can be accessed from the following sources: 
1—The sea level anomaly and total surface current from Baltic Sea Physics Reanalysis data are available at 
Copernicus Marine Service (http://​marine.​coper​nicus.​eu/). 2—ERA5 wind data are available at Climate Data 
Store, Copernicus Climate Change Service (https://​cds.​clima​te.​coper​nicus.​eu/). All other datasets presented in 
this study are outcomes derived from the procedures outlined in the Data and methods section, and they can be 
replicated using the aforementioned data and the described methods in the manuscript. Additionally, all datasets 
generated in this study are available from the corresponding author upon request.
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 A B S T R A C T

The precise forecasting of sea surface currents is essential for applications including navigation, pollution 
management, and ecosystem monitoring. Conventional high-resolution hydrodynamic models, such as NEMO, 
provide detailed short-term forecasts; however, they are computationally intensive and resource-demanding. 
To address these challenges, we introduce sciCUN: a deep-learning model for surface current inference using 
CNN-U-Net. As a case study, we used sciCUN to forecast daily current fields in the Gulf of Riga. During the 
training process, the model learns how the atmospheric forcing of the next day affects the fields of previous sea 
surface currents. sciCUN was trained from 1993 to 2019 and evaluated over a 4-year (2020–2023) prediction 
performance test. The results of the performance evaluations showed that somewhat less accurate predictions 
were mostly found in coastal regions close to river mouths and along the Baltic Sea border in the Irbe 
Strait, where, in contrast to hydrodynamic models, the data-driven modeling process did not apply boundary 
conditions. Nevertheless, sciCUN showed good predictive performance throughout its four-year testing period, 
achieving an average Euclidean distance of 2.30 cm/s between its prediction outputs and the original data. 
Furthermore, sciCUN obtained an average component-wise MAE of 1.45 cm/s and an average correlation 
coefficient of 0.92. sciCUN further demonstrated its ability to predict dominant daily surface current patterns 
through additional SOM analyses, using various clustering grid sizes to classify daily surface current maps into 
groups ranging from two to twelve prototypes. When the cluster size was reduced to two, focusing on the most 
dominant and distinctive patterns, sciCUN-predicted outputs achieved 97% accuracy in matching the correct 
cluster. By increasing the clustering grid size to categorize daily sea surface current maps into 12 prototypes, 
sciCUN still achieved 87% accuracy. Notably, most mismatches occurred between clusters whose prototypes 
exhibited closely resembling internal patterns. These results show that sciCUN is a computationally efficient 
and reliable way to emulate daily sea surface current forecasts.

1. Introduction

In general, surface ocean current data across broad spatial and 
temporal fields are derived primarily from satellite remote sensing 
and numerical modeling, supplementing limited direct measurements. 
Geostrophic currents are estimated from satellite altimetry using sea 
surface height gradients; the residual currents, defined as ageostrophic, 
are assumed to be dominated by wind-driven (Ekman) flow, which 
can be approximated from satellite-derived surface wind data (Dohan 
and Maximenko, 2010; J. M. Sánchez-Reales and Chao, 2012; Sudre 
et al., 2013). However, their precision decreases in coastal and semi-
enclosed areas, where factors such as freshwater input, complex to-
pography, and shallow subbasins significantly affect currents (Klemas, 
2012; Laignel et al., 2023). In addition, sea surface current estima-
tion, based on geostrophic and Ekman components, is more accurate 

∗ Corresponding author.
E-mail address: amirhossein.barzandeh@taltech.ee (A. Barzandeh).

on longer timescales, such as weekly or monthly averages, where 
geostrophic components predominate. In contrast, shorter timescales, 
such as daily averages, display greater variability due to dynamic in-
fluences, including ageostrophic factors. These short-term fluctuations 
introduce significant instability, complicating precise current estima-
tion (Griffiths et al., 1982; McWilliams, 2016; Lee and Kim, 2021; 
Ubelmann et al., 2021; Morales-Márquez et al., 2021). For short-term 
risk assessment (e.g., flood impacts), shorter-term averaged predictions 
provide actionable insights and avoid the oversimplification inherent 
in longer time frames. In this regard, the advantage of hydrodynamic 
ocean models lies in their ability to calculate the total sea surface 
current for extended spatial and temporal fields by incorporating all 
possible forcing mechanisms based on the solution of primitive equa-
tions. These models take into account complex interactions between 
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wind stress, Coriolis effects, pressure gradients, thermohaline processes, 
river discharge, etc., offering a more comprehensive representation 
of ocean dynamics. However, running fully resolved hydrodynamic 
simulations for high-resolution fields is computationally expensive and 
time-consuming, often necessitating the use of high-performance com-
puting resources, and requires numerous inputs, such as more than ten 
atmospheric variables and complete initial and boundary conditions.

In recent years, deep learning techniques have emerged as a promis-
ing alternative to improve the accuracy and efficiency of predictive 
models for complex environmental phenomena (Zhao et al., 2024). 
Unlike hydrodynamic models, deep learning surrogate systems offer a 
more cost-effective approach to emulating specific ocean parameters 
and variables, as demonstrated by recent studies such as Minuzzi and 
Farina (2023), Liu et al. (2024), Durand et al. (2024). This is partic-
ularly advantageous in operational oceanography, where the focus is 
often on predicting a limited set of variables rather than generating 
the full suite of outputs required in traditional hydrodynamic mod-
els (Sonnewald et al., 2021; Dong et al., 2022). Once a deep learning 
model is trained, it can produce predictions of oceanic variable fields 
at an incomparable fraction of the computational cost associated with 
numerical simulations. These models bypass direct solving of physical 
equations by learning complex relationships between inputs, such as 
atmospheric variables, and outputs, such as sea surface currents (Grossi 
et al., 2020; Ouala et al., 2023; Xu et al., 2024a). This capability 
enables deep learning models to deliver rapid and targeted forecasts, 
making them highly effective for real-time operational applications. 
In addition, their adaptability makes them particularly valuable in 
regional oceanography, where they can efficiently update temporally 
limited datasets generated from previous research project outcomes, 
enhancing their utility for localized forecasting applications.

The Gulf of Riga (Fig.  1), a semi-enclosed sub-basin of the Baltic 
Sea, spans an area of 16,330 km2, with average and maximum depths 
of approximately 26 and 60 m, respectively (Szaniawska, 2018). Situ-
ated between Latvia and Estonia (approximately 57.0◦ −58.5 ◦N, 22.0◦
−24.5 ◦E), its shallower nature compared to the Baltic Sea significantly 
influences its hydrodynamic behavior, making it highly susceptible 
to external environmental factors (Astok et al., 1999; Savchuk, 2002; 
Skudra and Lips, 2017). The Gulf’s semi-enclosed structure, limited 
water exchange with the Baltic Proper and the Gulf of Finland, freshwa-
ter inflows from multiple rivers, and pronounced atmospheric impacts 
further contribute to the complexity of its upper-layer dynamics (Raud-
sepp, 2001; Najafzadeh et al., 2024). These dynamics are characterized 
by anisotropic wind conditions and highly variable sea surface cur-
rents (Astok et al., 1999; Lips et al., 2016a). Observational evidence 
further suggests that, in some nearshore settings, current variability 
may be dominated by wave-driven motions, with weak residual flow 
and highly intermittent velocity fluctuations (Eelsalu et al., 2025). 
Among the Baltic Sea sub-basins, the Gulf of Riga exhibits heightened 
sensitivity of surface-driven water redistribution to atmospheric forc-
ing, accompanied by pronounced variability in sea level and frequent 
extremes (Pindsoo and Soomere, 2020; Weisse et al., 2021; Elken 
et al., 2024; Jahanmard et al., 2025). Within this variable setting, 
upper-layer circulation does not follow a single regime but instead 
reflects the superposition of multiple forcing mechanisms acting across 
scales. Spatially, a density-driven estuarine circulation pattern has been 
described, characterized by northward transport of buoyant freshwater 
along the eastern coast and a compensating southward subsurface flow 
of saltier water along the western slope (Yurkovskis et al., 1993). 
Superimposed on this background, spatially uniform wind forcing can 
induce depth-averaged topographic gyres with downwind coastal cur-
rents and return flow in the deeper central basin, while basin-scale 
topographic waves introduce cyclonic rotation of current vectors on 
synoptic timescales (Raudsepp et al., 2003). In addition, vertical struc-
ture modulates circulation in the Gulf of Riga during stratified periods 
and in localized features; however, basin-scale circulation is predomi-
nantly controlled by depth-averaged processes, making surface currents 

an integrated response to multiple forcing mechanisms rather than an 
expression of strongly decoupled vertical dynamics. Seasonal stratifi-
cation in the Gulf of Riga is primarily controlled by freshwater input 
and net air–sea heat fluxes, leading to the formation of a shallow 
halocline and thermocline during spring and summer (Stipa et al., 
1999; Liblik et al., 2017). In contrast, autumn and winter are charac-
terized by weak or absent stratification due to enhanced wind-driven 
mixing and surface buoyancy loss associated with cooling and increased 
vertical convection. The relatively shallow bathymetry promotes fre-
quent vertical mixing events, limiting persistent vertical isolation be-
tween surface and bottom layers and enabling rapid adjustment of the 
water column to changing air–sea buoyancy forcing and momentum 
fluxes. Consequently, buoyancy-driven processes modulate circulation 
mainly on seasonal and regional scales, whereas short-term variability 
is strongly governed by atmospherically forced mixing and basin-scale 
adjustment (Köuts and Håkansson, 1995; Myrberg and Lehmann, 2013; 
Omstedt et al., 2014; Lehmann et al., 2022). Accordingly, sea surface 
circulation variability in the Gulf of Riga is expected to be associated 
with both atmospheric momentum forcing and thermodynamic air–
sea exchanges, acting through their modulation of stratification and 
vertical mixing.

Temporal variations in the Gulf’s sea surface currents, including 
seasonal shifts, are defined not only by fluctuations in intensity – 
alternating between periods of weakening and intensification – but also 
by transitions between mesoscale anticyclonic and cyclonic circulation 
modes (Soosaar et al., 2014; Lips et al., 2016b). At climatological 
scales, the upper-layer circulation in the Gulf of Riga is most often 
organized into basin-wide anticyclonic gyre structures, with relatively 
intensified currents along the southwestern rim, indicating a higher 
prevalence of anticyclonic conditions compared to cyclonic ones. On 
longer timescales, while geostrophic balance governs the dominant 
circulation patterns, the ageostrophic component contributes apprecia-
bly through seasonal modulation, influencing both coastal boundary 
regions and the central basin (Barzandeh et al., 2024). Superimposed 
on this mean state, the Gulf represents an eddy-active environment in 
which mesoscale eddies, typically 5–10 km in radius and persisting for 
a few days, generate recirculating pathways and enhance synoptic-to-
daily variability. As a result, day-to-day sea surface currents can depart 
substantially from climatological patterns, reflecting the combined ef-
fects of transient atmospheric forcing, evolving sea-level gradients, 
and mesoscale eddy dynamics (Travkin et al., 2024). Additionally, 
freshwater inflows from multiple rivers, mainly along its eastern and 
southern boundaries, are critical in shaping the Gulf’s surface currents 
and augmenting its distinctive physical characteristics. Notably, inflows 
from the Daugava River play a particularly significant role (Soosaar 
et al., 2016). These freshwater contributions, combined with spatial 
variations in sea surface circulation, produce diverse patterns across 
the Gulf, with distinct differences observed between the northern and 
southern areas as well as between the eastern and western regions (Su-
ursaar et al., 2012; Maljutenko, 2019). The Gulf also features small 
inner islands that further complicate its hydrodynamics. These dynamic 
and variable behaviors collectively pose challenges for understanding 
and accurately predicting the Gulf’s sea surface current patterns, neces-
sitating advanced methodologies and comprehensive data integration. 
In addition, given the heavy vessel traffic between its shores and 
islands, a thorough understanding of the dynamics of the Gulf sea 
surface is crucial for operational purposes.

Building on the aforementioned concepts, this study aims to de-
velop a surrogate model for predicting daily sea surface current fields 
in the Gulf of Riga, thereby reducing reliance on resource-intensive 
hydrodynamic model simulations. This surrogate model is intended 
to be designed within a deep learning framework, based on existing 
knowledge of the processes influencing surface circulation variability 
in the region, and mainly aims to showcase how efficient, variable-
specific daily surface-current fields can be obtained by emulating only 
the target output (sea-surface current vectors, in our case) from a 
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Fig. 1. Study area: The Gulf of Riga, including the inner islands and the locations of river mouths with high discharge, is illustrated.

limited set of relevant inputs, rather than running a full hydrodynamic 
model to resolve the complete ocean state. We hypothesize that at-
mospheric variables – momentum forcing (e.g., wind and mean sea 
level pressure) and thermodynamic forcing (e.g., air temperature and 
humidity) – act at the air–sea interface and may influence the back-
ground surface circulation state through pressure-gradient adjustment 
of the sea surface, upper-layer stratification and mixing, and associated 
potential ageostrophic flow components, particularly under conditions 
where coherent responses coincide with dominant atmospheric forcing 
fluctuations. Additional analyses are conducted to evaluate the model’s 
accuracy and enhance the understanding of sea surface current vari-
ability in the study area. The paper is organized as follows: Section 2 
outlines the data and methodologies used to introduce the surrogate 
forecasting model; Section 3 presents the results and analyses; and 
Section 4 discusses the findings, the implications, and the opportunities 
for implementation.

2. Data and method

2.1. Sea surface current data

In this study, daily sea surface current maps have been extracted 
from the Baltic Sea reanalysis products, the Copernicus Marine Ser-
vice (BalticSea Multiyear Phy 003 011, 2024). These maps are outputs 
from a hydrodynamic model based on the Nucleus for European Mod-
eling of the Ocean (NEMO) 4.0 ocean modeling engine (Madec et al., 
2017). Specifically, NEMO is configured for the North Sea and Baltic 
Sea as part of the Nemo-Nordic 2.0 system (Kärnä et al., 2021). The 
dataset spans from January 1993 to December 2023, with a spatial 
resolution of 1 nautical mile (≈ 1.852 km). Comprehensive validation 
details for this dataset are provided in Panteleit et al. (2023). Running 
hydrodynamic models such as NEMO is computationally intensive, and 
extending their simulations is equally expensive. This makes the dataset 
particularly valuable for studies in the Baltic region while simultane-
ously motivating the development of methods to update simulation 
results without incurring high computational costs. Therefore, this 
study treats the NEMO-produced CMEMS dataset as the original data 
for gridded sea surface current fields and explores its predictability. 
The zonal (𝑢) and meridional (𝑣) components of the original data were 
cropped to focus on the Gulf of Riga (longitude: 22 ◦E to ∼24.5 ◦E and 
latitude: ∼57 ◦N to ∼58.5 ◦N). The cropped area consists of 96 grid 
points along the longitude axis and 104 grid points along the latitude 
axis.

2.2. sciCUN model

2.2.1. sciCUN: Design rationale
In the rapidly evolving field of deep learning, convolutional neural 

networks (CNNs) and U-Net architectures have emerged as particularly 
effective tools for prediction, owing to their ability to capture and 
model intricate spatial patterns in multi-dimensional datasets (O’Shea 
and Nash, 2015; Ronneberger et al., 2015; Li et al., 2022). CNNs 
excel at extracting spatial features from structured inputs, potentially 
enabling the identification of complex relationships between target 
variables and their drivers. Furthermore, the U-Net architecture, with 
its encoder–decoder framework and integrated skip connections, fa-
cilitates hierarchical feature extraction while preserving fine-grained 
spatial details. This capability makes U-Net particularly well-suited 
for identifying and further simulating the complex spatial dynamics 
of ocean processes, ensuring reliable predictions for both scalar and 
vector fields, as demonstrated by recent studies such as Zhu and Zhang 
(2023), Xu et al. (2024b), Ren et al. (2024). Based on these potentials 
and capabilities, we propose a novel deep learning model for surface 
current inference using CNN-U-Net (sciCUN) to be able to forecast daily 
fields. In summary, the sciCUN architecture is designed to combine 
convolutional layers with U-Net’s encoder–decoder structure. To reduce 
computational complexity, the design intentionally avoids the inclu-
sion of time-sequential prediction algorithms, such as long short-term 
memory (LSTM) networks. Instead, the model directly incorporates 
prior sea surface current fields into its input data; thus, the burden of 
prediction in time is also inherently placed on the shoulders of con-
volutional layers. This approach enables sciCUN to capture the spatial 
relationships between sea surface current fields from the previous day 
and their potential atmospheric drivers for the present day, facilitating 
the prediction of current fields for the present day. This design is 
inspired by the fundamental principles of hydrodynamic modeling, 
particularly the role of temporal derivatives in governing equations and 
their interactions with initial conditions. By embedding this physically 
meaningful concept into the preparation of input and output data, 
sciCUN seeks to emulate an essential aspect of ocean modeling for 
sea surface current inference, ensuring accurate and computationally 
efficient forecasts within a deep learning framework.

For the atmospheric drivers, five atmospheric variables with poten-
tial influence on sea surface current variability were selected: mean 
sea level pressure, zonal and meridional wind components (u-wind and 
v-wind), air temperature, and dew point temperature. These variables 
were chosen based on the hypothesis that mean sea level pressure and 
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wind fields can be related to the geostrophic components through their 
connection to sea level anomalies. Previous studies have also confirmed 
that sea level anomalies in the study area can be predicted using 
data-driven models based on atmospheric forcing, including variables 
such as wind and mean sea level pressure (Rajabi-Kiasari et al., 2023; 
Barzandeh et al., 2025). Additionally, their variability – along with air 
temperature and dew point temperature – reflects intricate dynamical 
and thermodynamical processes, including indirect associations with 
surface temperature and relative humidity, which can considerably 
influence the variability of the upper layer stratification and sea level 
fluctuation in the study area (Hordoir and Meier, 2012; Rajabi-Kiasari 
et al., 2025). These factors offer deeper insights into sea surface ad-
vective and diffusive processes, which are not solely governed by 
geostrophic stability in the short-term variability of the Baltic Sea and 
its subbasins’ dynamical states (Liblik et al., 2022; Suursaar et al., 
2022). Therefore, it is assumed that combining these atmospheric vari-
ables can effectively represent various aspects of total surface current 
variability within the data-driven emulation system, as they potentially 
exert direct and indirect influences on oceanic processes through air-sea 
interactions. However, all of these atmospheric variables have also been 
included in the input datasets of hydrodynamical modeling.

2.2.2. sciCUN: Data preparation
As mentioned in Section 2.2.1, sciCUN operates on the assumption 

that the sea surface current fields of the present day can be predicted 
using a combination of present-day atmospheric inputs, which drive 
current variability, and the previous day’s sea surface current fields. 
The five selected atmospheric variables were extracted from the ERA5 
global atmospheric reanalysis dataset (Hersbach et al., 2020), covering 
the period from 1993 to 2023. Daily means were calculated from the 
hourly data provided by the Copernicus Climate Change Service, Cli-
mate Data Store (Hersbach et al., 2023). These data were extracted for 
the study area and subsequently resampled using linear interpolation 
to match the spatial grid (1-nautical mile resolution) of the surface 
current data. To avoid the varying numerical ranges of the atmospheric 
variables, each variable was normalized as described in Eq.  (1): 

𝐴normalized(𝑖, 𝑗, 𝑡) = 2 ⋅
𝐴(𝑖, 𝑗, 𝑡) − min𝑖,𝑗,𝑡(𝐴)

max𝑖,𝑗,𝑡(𝐴) − min𝑖,𝑗,𝑡(𝐴)
− 1, (1)

where 𝐴 represents each atmospheric variable, and min𝑖,𝑗,𝑡(𝐴) and 
max𝑖,𝑗,𝑡(𝐴) are the minimum and maximum values observed in the 
data record, respectively. Here, (𝑖, 𝑗, 𝑡) denote the spatial and tempo-
ral indices of the variables across the study area and period. This 
normalization of atmospheric variable values ensures that inputs are 
well-scaled, allowing the model to learn efficiently without being in-
fluenced by variations in feature magnitudes. The sea surface current 
values were not normalized, as their numerical range was already 
within almost similar orders of magnitude. An initial analysis of the sea 
surface current revealed that the minimum and maximum observed val-
ues for the 𝑢-current (zonal component) were −0.78 m∕s and +0.61 m∕s, 
respectively. Similarly, the minimum and maximum observed values for 
the 𝑣-current (meridional component) were −0.65 m∕s and +0.89 m∕s. 
For the sea surface current data, the masked land areas were filled 
with zeros (representing no motion), whereas the atmospheric data 
retained values over land areas and therefore remained unchanged 
during masking.

To summarize, each input’s time-instance to the model is a 3D 
tensor 𝐗 ∈ R96×104×7, where the spatial dimensions correspond to a 
gridded domain with height 𝐻 = 96 and width 𝑊 = 104. The seven 
input channels (𝐶in = 7) comprise the following variables: the zonal 
and meridional mean sea surface current components (𝑢-current and 𝑣-
current) from the previous day (𝑡−1), defined as the vertically averaged 
currents over the 0–0.5 m surface layer available from the NEMO-based 
CMEMS reanalysis; the zonal and meridional wind components (𝑢-wind 
and 𝑣-wind) at 10 m above sea level; mean sea level pressure; 2 m air 
temperature; and 2 m dew-point temperature for the present day (𝑡), 
all obtained from the ERA5 atmospheric reanalysis.

2.2.3. sciCUN: Model architecture
The architecture of sciCUN, illustrated in Fig.  2, consists of four 

main components. The Encoder includes three encoder blocks with 
progressively increasing filters (32, 128, 256) to extract hierarchical 
features. The Bottleneck is a single convolutional block with 512 filters, 
serving as the bridge between the encoder and decoder. The Decoder
comprises three decoder blocks with decreasing filters (256, 128, 32) 
to reconstruct spatial details. Finally, the Output Layer applies a convo-
lutional operation followed by a regression layer to generate the final 
prediction. Each encoder block includes a two-dimensional convolu-
tional layer (Conv2D) to apply filters for spatial feature extraction, a 
batch normalization layer (BN) to stabilize and accelerate training by 
normalizing the feature maps, a rectified linear unit (ReLU) activation 
function to introduce non-linearity, and a max-pooling layer (MaxP2D) 
that reduces spatial resolution by a factor of two, enabling the network 
to capture hierarchical features effectively (Lecun et al., 1998; Nair and 
Hinton, 2010; Ioffe and Szegedy, 2015). It should be noted that sciCUN 
has been fully designed, implemented and tested in MATLAB, utilizing 
its Deep Learning Toolbox (The MathWorks Inc., 2024).

For a sample block, the operations are described as follows:
Conv2D: The input feature map 𝐗 ∈ R𝐻×𝑊 ×𝐶in  is convolved with 

a set of filters 𝐖 ∈ R𝑘×𝑘×𝐶in×𝐶out  of size 𝑘 × 𝑘 (in this study, 𝑘 = 3), 
producing the intermediate output feature map: 
𝐙Conv2D = 𝐖 ∗ 𝐗 + 𝐛, (2)

where ∗ denotes the convolution operation, and 𝐛 ∈ R𝐶out  is the 
bias vector. The detailed mathematical expression for the convolution 
operation at each spatial position (𝑖, 𝑗) and output channel 𝑐′ is: 

𝑍𝑖,𝑗,𝑐′ =
𝑘∑

𝑚=1

𝑘∑
𝑛=1

𝐶in∑
𝑐=1

𝑊𝑚,𝑛,𝑐,𝑐′ ⋅𝑋𝑖+𝑚−1,𝑗+𝑛−1,𝑐 + 𝑏𝑐′ , (3)

where 𝑍𝑖,𝑗,𝑐′  is the value of the intermediate output feature map at 
spatial position (𝑖, 𝑗) and channel 𝑐′, 𝑋𝑖+𝑚−1,𝑗+𝑛−1,𝑐 is the value of the 
input feature map at spatial position (𝑖 + 𝑚 − 1, 𝑗 + 𝑛 − 1) and channel 
𝑐, 𝑊𝑚,𝑛,𝑐,𝑐′  is the filter weight connecting input channel 𝑐 to output 
channel 𝑐′, and 𝑏𝑐′  is the bias term for output channel 𝑐′.

BN : The intermediate output 𝐙Conv2D is normalized to have zero 
mean and unit variance: 

𝐙BN =
𝐙Conv2D − 𝜇𝑐′

𝜎𝑐′
(4)

where 𝜇 is the mean of the feature map 𝐙Conv2D, and 𝜎 is its standard 
deviation.

ReLU : A ReLU activation is applied element-wise to the normalized 
output: 
𝐙ReLU = max(0,𝐙BN), (5)

MaxP2D: The spatial dimensions of the feature map are reduced by 
pooling the maximum value within non-overlapping windows of size 
𝑝 × 𝑝 (in this study, 𝑝 = 2) and stride 𝑠: 
𝐙MaxP2D[𝑖, 𝑗, 𝑐′] = max

(𝑎,𝑏)∈ 𝐙ReLU[𝑖 ⋅ 𝑠 + 𝑎, 𝑗 ⋅ 𝑠 + 𝑏, 𝑐′], (6)

where 𝑠 is the stride of the pooling operation (default 𝑠 = 𝑝), (𝑎, 𝑏) ∈
{0,… , 𝑝−1}×{0,… , 𝑝−1}, defining the pooling window relative to the 
top-left corner (𝑖 ⋅ 𝑠, 𝑗 ⋅ 𝑠) of the window. The processed output 𝐙MaxP2D
is then passed to the next encoder block or bottleneck.

By focusing on the most prominent features within each pooling 
window, MaxP2D makes the network less sensitive to small translations 
or shifts in the input, enhancing its robustness to spatial variations. 
Simultaneously, it improves computational efficiency by reducing the 
spatial dimensions of the feature maps, which decreases the number of 
parameters and computations required in subsequent layers.

The decoder progressively reconstructs spatial information from 
the compressed feature representations generated by the encoder. To 
achieve this, each decoder block reverses the encoder’s operations and 
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Fig. 2. sciCUN’s architecture.

integrates additional spatial details through skip connections from the 
corresponding encoder blocks. During downsampling in the encoder 
(e.g., via MaxP2D), fine-grained spatial information is inevitably lost. 
Skip connections address this limitation by directly transferring high-
resolution features from the encoder to the decoder. This preserves 
critical spatial details, such as edges and boundaries, enabling more 
accurate reconstruction. Each decoder block begins with a transposed 
convolutional layer (TrConv2D), which upsamples the feature maps, 
increasing their spatial resolution (Long et al., 2015): 
𝐙TrConv2D = 𝐖TrConv2D ∗ 𝐙ReLUDecoder + 𝐛, (7)

where 𝐖TrConv2D represents the transposed convolutional filters.
This layer performs learnable upsampling while applying filters to 

refine the reconstructed features. Skip connections integrate features 
from the encoder by concatenating (Concat) the encoder features 
𝐙ReLUEncoder  with the upsampled feature maps 𝐙TrConv2D, reintroducing 
fine-grained spatial information lost during downsampling: 
𝐙concat = Concat(𝐙ReLUEncoder ,𝐙TrConv2D). (8)

In addition to preserving spatial resolution, skip connections en-
able effective multi-scale feature fusion by combining localized, high-
frequency information from the encoder with the more global, contex-
tual representations learned in deeper layers. This interaction allows 
the network to simultaneously capture large-scale circulation patterns 
and smaller-scale spatial variability, which is essential for accurately 
reconstructing sea surface current magnitude and direction. Further-
more, skip connections facilitate improved gradient propagation during 
backpropagation, enhancing training stability and reducing the risk of 
vanishing gradients in deeper architectures. A subsequent Conv2D layer 
refines the combined feature maps, followed by a BN layer to stabilize 
training and a ReLU activation to introduce non-linearity.

The final output layer applies a 1 × 1 convolution to map the 
reconstructed feature maps to the desired number of output channels 
(u-current and v-current), which represent the target variables. Follow-
ing this, a regression layer predicts the sea surface current vector fields, 
including the 𝑢-current (zonal component) and 𝑣-current (meridional 
component), ensuring the outputs correspond to the physical quantities 
of interest: 
𝐘 = 𝐖final ∗ 𝐙final + 𝐛final, (9)

where 𝐘 ∈ R96×104×2 represents the ultimate output (predicted 𝑢- and 
𝑣-current fields), 𝐙final is the output of the last decoder block, 𝐖final is 
the weight matrix of the regression layer, and 𝐛final is the corresponding 
bias vector.

2.2.4. sciCUN: Training and testing
The training process for the model was designed to ensure optimal 

performance and computational efficiency. The training data spanned 
the period from January 2, 1993, to December 31, 2019, comprising 
9860 instances. Model performance was validated by comparing the 
emulated sea surface currents to the original current data collected 
during the testing period. The model was trained using the Adam 
optimizer (Kingma and Ba, 2017). The initial learning rate was set 
to 5 × 10−4, chosen to ensure gradual updates to model parameters, 
minimizing the risk of overshooting during optimization. The maxi-
mum number of epochs was set to 32 to balance computational cost 
and convergence. A mini-batch size of 16 was used to optimize GPU 
memory utilization while maintaining stable gradient updates. Data 
shuffling was performed at the beginning of each epoch to prevent 
temporal biases in the sequential data, ensuring the model learned 
representative patterns. Validation data was used during training to 
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monitor the model’s generalization ability. Internal validation checks 
were performed every 16 iterations, allowing early detection of over-
fitting or performance degradation. For this internal validation, the 
data extracted from every 16th time instances of training data (in total 
617 time instances). Real-time monitoring of the training progress was 
enabled through graphical plots of the loss and accuracy metrics. It is 
worth noting that the parameters in sciCUN were configured through 
several trial-and-error tests to achieve a level of manual optimization 
that makes it sufficient for its current performance needs.

2.3. sciCUN: Performance analysis

2.3.1. Quantitative validation metrics
Quantitative error metrics were employed to assess pointwise agree-

ment between predicted and reference sea surface current fields. Dif-
ferences between surface current vectors were quantified using the 
Euclidean distance, as shown in Eq.  (10). This metric provides a single 
index for assessing the difference between two vectors and is expressed 
as: 

Euclidean distance(i,j,t) =
√(

𝑢𝑜𝑖,𝑗,𝑡 − 𝑢𝑚𝑖,𝑗,𝑡
)2

+
(
𝑣𝑜𝑖,𝑗,𝑡 − 𝑣𝑚𝑖,𝑗,𝑡

)2
, (10)

Here, the superscripts 𝑜 and 𝑚 denote the original and modeled sea 
surface current vectors, respectively. This approach can be applied to a 
specific grid point across multiple timesteps to calculate the averaged 
distance for that point. Also, it can be spatially averaged across all 
available grid points in the original and modeled fields to produce a 
single index that quantifies the overall degree of deviation between two 
daily maps.

In addition, the separate validation metrics for the surface current 
components (u, v) in the present study include the Mean Absolute Error 
(MAE) and the Pearson correlation coefficient. MAE is given by Eq. 
(11): 

MAE(𝑖, 𝑗) = 1
𝑛

𝑛∑
𝑡=1

|𝑐𝑖,𝑗,𝑡𝑚 − 𝑐𝑖,𝑗,𝑡𝑜 |, (11)

where 𝑛 represents the total number of time instances, and c refers to 
either u or v component. Correlation coefficient also is defined by Eq. 
(12): 

Correlation(𝑖, 𝑗) =

∑𝑛
𝑡=1

(
𝑐𝑖,𝑗,𝑡𝑚 − 𝑐𝑖,𝑗𝑚

)(
𝑐𝑖,𝑗,𝑡𝑜 − 𝑐𝑖,𝑗𝑜

)

𝜎𝑐𝑖,𝑗𝑚 𝜎𝑐𝑖,𝑗𝑜
. (12)

where − and 𝜎 are the mean and standard deviation (STD) operators, 
respectively.

2.3.2. Qualitative pattern-based evaluation using SOM
To complement the quantitative evaluation, a Self-Organizing Map 

(SOM) was employed as a qualitative, pattern-based diagnostic of daily 
sea surface current fields. SOM is an unsupervised machine learning 
algorithm that projects high-dimensional data onto a low-dimensional 
topological grid while preserving neighborhood relationships in the 
input space (Vesanto and Alhoniemi, 2000; Hewitson and Crane, 2002; 
Kohonen, 2013). The SOM analysis was conducted using MATLAB 
R2024a and the Deep Learning Toolbox™.

Previous studies such as Liu and Weisberg (2005), Liu et al. (2016), 
Dey et al. (2023) have demonstrated the effectiveness of SOM in 
identifying characteristic patterns in sea surface current vector fields. 
In shallow and semi-enclosed basins such as the Gulf of Riga, daily 
sea surface currents exhibit substantial variability due to the com-
bined effects of atmospheric forcing, basin geometry, and mesoscale 
dynamics. In such contexts, pattern-oriented analyses provide insight 
into circulation regimes and spatial coherence that are not explicitly 
captured by pointwise error metrics.

In this study, SOM was applied as a post-processing diagnostic 
to evaluate whether sciCUN reproduces dominant circulation patterns 
observed in the reference dataset. The SOM analysis was performed 

over the testing period, which consists of 𝑛 = 1461 (2020–2023) 
daily sea surface current fields. The horizontal model grid (i,j) has 
dimensions 96 × 104, of which only 5243 grid points correspond to 
sea surface locations after land masking. These sea surface points are 
indexed by
𝑠 = 1,… , 5243.

Let 𝑢𝑠,𝑡 and 𝑣𝑠,𝑡 denote the zonal and meridional sea surface current 
components at sea surface index 𝑠 and time 𝑡. For SOM analysis, each 
daily sea surface current field was reshaped into a one-dimensional 
representation by concatenating the velocity components at all sea 
surface points, with the zonal component followed immediately by the 
meridional component. Each daily field therefore consists of 10486 =
2 × 5243 scalar values.

The SOM input data are collected in a single matrix 𝐃, defined as 

𝐃 =

⎡⎢⎢⎢⎢⎣

𝑢1,1 𝑣1,1 𝑢2,1 𝑣2,1 ⋯ 𝑢5243,1 𝑣5243,1
𝑢1,2 𝑣1,2 𝑢2,2 𝑣2,2 ⋯ 𝑢5243,2 𝑣5243,2
⋮ ⋮ ⋮ ⋮ ⋱ ⋮ ⋮

𝑢1,1461 𝑣1,1461 𝑢2,1461 𝑣2,1461 ⋯ 𝑢5243,1461 𝑣5243,1461

⎤⎥⎥⎥⎥⎦
,

(13)

where each of the 1461 rows corresponds to one daily sea surface cur-
rent field and contains 10486 scalar values, representing the spatially 
sampled zonal and meridional currents at all sea surface grid points.

Given the input matrix 𝐃, SOMs with one-dimensional topological 
grids of size 𝑚×1 (𝑚 = 2,… , 12) were trained to obtain a set of prototype 
(codebook) vectors, defined as 
{
𝐰𝑘 ∈ R10486 | 𝑘 = 1,… , 𝑚

}
, (14)

where each prototype 𝐰𝑘 represents a characteristic circulation regime. 
For each day 𝑡, the best-matching unit (BMU), denoted by 𝜖(𝑡), was 
defined as the index of the prototype that minimizes the Euclidean 
distance to the corresponding daily input field, 
𝜖(𝑡) = arg min

𝑘∈{1,…,𝑚}
‖‖𝐃𝑡,∶ − 𝐰𝑘

‖‖2 , (15)

where 𝐃𝑡,∶ denotes the 𝑡th row of the input matrix 𝐃.
The SOMs were trained using a batch learning scheme on one-

dimensional hexagonal topologies, in which prototype vectors are up-
dated once per training epoch based on the aggregated influence of all 
daily samples. This approach provides stable convergence and is well 
suited for high-dimensional circulation fields, where robust extraction 
of dominant spatial patterns is preferred over sensitivity to individual 
realizations.

After training, each prototype vector 𝐰𝑘 was reshaped back into 
sea surface fields 𝑢(𝑘)𝑠  and 𝑣(𝑘)𝑠 , which were then mapped back onto 
the original 96 × 104 horizontal grid. These prototypes represent con-
densed circulation regimes and enable qualitative assessment of spatial 
coherence, regime similarity, and temporal variability. By comparing 
the SOM-based regime assignments of reference and sciCUN-predicted 
fields, this analysis evaluates whether sciCUN preserves physically 
meaningful circulation structures, even in the presence of localized 
magnitude or directional differences. To directly connect SOM diag-
nostics to sciCUN performance, the SOM is trained using the refer-
ence fields, and the resulting prototypes are then used to assign each 
reference and sciCUN-predicted daily map to a best-matching unit. 
Agreement is quantified by the fraction of days for which the sciCUN-
predicted map is assigned to the same prototype as the corresponding 
reference map.

3. Results

3.1. Quantitative assessment of sciCUN performance

Fig.  3 illustrates the daily averaged performance of sciCUN over the 
4-year testing period (2020–2023), evaluated using three primary met-
rics: correlation, MAE, and the difference in standard deviations (STDs) 
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Fig. 3. Component-wise performances of sciCUN.

between the original surface current data and the sciCUN-predicted 
outputs. These metrics are analyzed separately for the 𝑢-current and 𝑣-
current components. The correlation distribution maps (Fig.  3, panels 
a and d) highlight regions of strong alignment between the modeled 
and observed sea surface currents. High correlation values (> 0.9) 
indicate that sciCUN effectively captures daily fluctuations of surface 
currents across much of the domain. However, lower correlation values 
are noted in the coastal area near the river mouths and also near 
the western entrance to the Gulf of Riga – the Irbe Strait – reflecting 
reduced performance in these boundary areas. For the 𝑢-component, a 
more significant drop in correlation is observed along the eastern coast-
line, indicating reduced agreement in these localized regions. Despite 
these declines, correlation values generally remain above 0.8 and 0.7, 
indicating that sciCUN reproduces substantial day-to-day variability 
even where performance is lower.

Spatially averaged correlation values for the 𝑢- and 𝑣-components 
(panels a and d) are 0.916 and 0.923, respectively. The MAE distribu-
tion maps (Fig.  3, panels b and e) indicate that most of the domain 
exhibits an MAE below 0.020 m/s. However, slightly higher MAE 
values, reaching up to 0.030 m/s, are observed in coastal regions, 
around the inner islands, and near the Irbe Strait, indicating larger local 
deviations from the original data. The spatially averaged MAE values 
for the 𝑢- and 𝑣-components are 0.014 m/s and 0.015 m/s, respectively. 
The STD difference distribution maps (Fig.  3, panels c and f) reveal 
that most of the domain exhibits a standard deviation difference below 
0.010 m/s. These findings indicate that sciCUN reproduces the spatial 
distribution of variability in sea surface currents, with only minor dis-
crepancies in specific coastal and boundary regions. Spatially averaged 
STD differences are 0.004 m/s for the 𝑢-component and 0.003 m/s for 
the 𝑣-component.

Fig.  4 shows the spatial distribution of the daily averaged Eu-
clidean distance between the original data and the sciCUN-predicted 
outputs. This metric quantifies the spatial discrepancy in both current 
magnitudes and directions, averaged over the entire testing period. 
Lower Euclidean distance values signify a closer alignment between the 
modeled outputs and the original data in terms of speed and direction. 
The results reveal strong sciCUN performance, with Euclidean distance 
ranging from 0.010 to 0.040 m/s. The spatially averaged value for 
Fig.  4 is 0.023 m/s. Regions with the lowest Euclidean distances are 
primarily located in the central and northern areas of the domain. In 
contrast, regions with higher Euclidean distances, particularly in the 
Irbe Strait, around nearby islands, and along coastal boundaries where 

Fig. 4. Spatial distribution of Euclidean distances for the performance of 
sciCUN.

river mouths are located, indicate locations of larger magnitude and/or 
directional differences between sciCUN predictions and the original 
fields.

Fig.  5 illustrates the temporal distribution of the daily averaged Eu-
clidean distance between the original data and the sciCUN outputs. The 
results indicate that the 91st percentile of the daily Euclidean distance 
series is 0.03 m/s, with rare instances reaching as high as 0.061 m/s. 
The minimum Euclidean distance can drop below 0.012 m/s. In addi-
tion, higher Euclidean distances are generally associated with summer 
dates.

To further evaluate sciCUN’s performance, Fig.  6 presents three 
cases of prediction results for distinct days. The left panels depict the 
original fields, while the right panels show the corresponding predic-
tions. Fig.  6a illustrates the day with the highest spatially averaged 
Euclidean distance between sciCUN predictions and the original data, 
which occurred on June 30, 2020, as highlighted in Fig.  5. Fig.  6b 
corresponds to April 15, 2023, when the highest recorded current 
speeds in the original fields were observed. Finally, Fig.  6c depicts July 
30, 2021, when the spatially averaged current speed fields reached 
their maximum.

As defined in Eq.  (10), Euclidean distance serves as a metric for 
evaluating the differences between vectors, accounting for both mag-
nitude and directional discrepancies. In Fig.  6a, the predicted current 
vector directions on June 30, 2020, closely resemble the original fields, 
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Fig. 5. sciCUN performances temporal distribution.

Fig. 6. Sample cases of sciCUN daily forecasts: the day with the highest 
averaged Euclidean distance between predictions and original data, the day 
with the highest recorded surface current speed in the original fields, and the 
day with the highest spatially averaged current speed in the original fields.

while current magnitudes are underestimated in parts of the domain. 
However, the current speeds were significantly underestimated in the 
sciCUN results. While this case represents a rare instance of exaggerated 
underestimation, as shown in Fig.  5, the overall circulation structure 
remains similar between the original and predicted fields. In contrast, 
Figs.  6b and 6c demonstrate highly accurate predictions of the maxima 

of the current fields, capturing both speed and direction with precision 
with spatially averaged Euclidean distances of 0.036 m/s in both cases. 
These results confirm that the rare high Euclidean distance observed 
on June 30, 2020, was not indicative of a common issue with sciCUN 
but rather probably a specific anomaly in the input data for that 
particular day. These three examples span both typical and upper-tail 
error conditions within the testing period.

3.2. Pattern-based evaluation using SOM

To complement the quantitative validation metrics, this study em-
ployed SOM analysis to classify the original sea surface current fields 
during the testing period. Here, SOM is used as a regime-based ver-
ification of sciCUN by comparing prototype assignments of sciCUN-
predicted and reference daily fields for the same dates. Subsequently, 
the trained SOM clustering networks were applied to the sciCUN-
produced outputs to assess how well the sciCUN daily predictions fit 
into the correct clusters. To gain deeper insights into the variability 
of the original sea surface currents, the SOM was applied 11 times, 
starting with a 2 × 1 grid structure (2 clusters) and progressively 
increasing to a 12 × 1 grid structure (12 clusters). Fig.  7 presents the 
SOM clustering results and their averaged accordance with the original 
fields, represented as the radius of each prototype’s fluctuation on the 
topological space of data variability. The average Euclidean distance 
between each SOM cluster prototype maps and their corresponding 
surface current maps within the cluster decreases as the number of 
assigned clusters increases, since a larger number of clusters results in 
more detailed prototypes. This distance reduces from 0.056 m/s for 2 
clusters (2 × 1 SOM grid structure) to 0.044 m/s for 12 clusters (12 × 1
SOM grid structure). For each SOM configuration, the trained SOM net-
work was applied to the sciCUN-produced daily fields to determine how 
often the outputs were assigned to the correct clusters. The percentage 
of correct assignments decreased slightly with an increasing number of 
clusters, from 97% for 2 clusters (2 × 1 SOM grid structure) to 87% for 
12 clusters (12 × 1 SOM grid structure).

SOM prototypes for 2 clusters (Fig.  8a) and 12 clusters (Fig.  8b) 
provide additional detail on dominant circulation regimes represented 
in the original dataset. The prototypes are labeled according to the 
SOM configuration and the number of clusters; for instance, when 
SOM is applied with grid dimensions of (2 × 1), the prototypes are 
referred to as SOM 1 and SOM 2. The percentages shown in Fig.  8 are 
rounded and represent the frequency of occurrence for each prototype. 
In Fig.  8a, where 2 prototypes are used, the surface currents in the 
Gulf of Riga are broadly characterized by flow patterns entering/exiting 
and exiting/entering through the western/northern entrance, combined 
with internal circulation toward the eastern and western regions. There 
are also some mesoscale cyclonic and anticyclonic features inside each 
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Fig. 7. SOM clustering performance compared with the original fields (left y-axis) and the performance of sciCUN outputs in being assigned to the correct clusters 
(right y-axis).

map. By increasing the number of clusters to 12 (Fig.  8b), the pro-
totypes provide a more detailed representation of current dynamics, 
capturing finer variations in speed and direction. Distinct inlet and 
outlet patterns are captured in the Irbe Strait between its northern 
and southern sections. Within the Gulf, the curvature of currents varies 
significantly, accompanied by coastal currents with diverse directional 
tendencies. Additionally, the spatial variability of current intensity and 
the signatures of mesoscale cyclonic and anticyclonic features differ 
among the prototypes. These variations further underscore the complex 
nature of surface current vector variability in the Gulf of Riga, making 
them more challenging to predict.

Besides, Figs.  9a and 9b illustrate the daily variability in the occur-
rence of SOM application prototypes for the (2 × 1) and (12 × 1) cases. 
Notably, neither figure reveals distinct temporal patterns governing the 
occurrence of each current prototype. This absence of discernible tem-
poral regularity further underscores the complexity of daily variability 
in the sea surface current fields of the Gulf of Riga.

Furthermore, we assessed the mismatch distribution in clustering 
for the SOM analysis with a 12 × 1 grid structure, where the highest 
mismatches were reported (Fig.  7). Considering the 1461 time instances 
in the testing period, 87% correctness indicates that approximately 
160 time instances could have been better predicted to align with the 
correct cluster. Fig.  10 primarily reveals that the mismatch frequency 
was higher between clusters with similar prototypes. For instance, the 
highest mismatches occurred between the 9th and 10th prototypes 
(SOM 9 and SOM 10). Looking back to Fig.  8b shows that both 
SOM 9 and SOM 10 include general circulation patterns of discharge 
from the Irbe Strait and inlet from the northern entrance, with slight 
differences in coastal current patterns and southwestward current cur-
vatures. These slight differences are also evident in other hotspots of 
mismatches, such as between SOM 9, SOM 10 and SOM 11 (where 
the current patterns predominantly indicate outlet flow through the 
Irbe Strait, with slight variations in internal basin direction, ranging 
from southward to eastward tendencies), or SOM 2, SOM 5 and SOM 
6 (where the current patterns mainly represent inlet flow through the 
Irbe Strait, with minor directional deviations within the basin from 
northward to westward tendencies). By "slight differences’’, we mean 
that the variations of current vectors between these prototypes are 
significantly smaller than those in between other clusters. This suggests 
that even prediction with errors are still provide close representation 
to the actual surface circulation patterns. Overall, mismatches occur 
primarily between prototypes with more similar internal circulation 
structures. This behavior indicates that most SOM ‘‘errors’’ correspond 
to confusion among closely related regimes, rather than assignment to 
fundamentally different circulation patterns. In this way, SOM agree-
ment complements the pointwise metrics by confirming that sciCUN 
preserves the dominant daily circulation structures even when localized 
vector differences exist.

Fig. 8. Differences in SOM prototypes for a 2 × 1 grid structure and a 
12 × 1 grid structure. Each prototype represents a distinct cluster of sea 
surface currents, demonstrating the unique and dominant circulation patterns 
within the original dataset. For better visibility of vector directions, they are 
illustrated at every fourth grid point with uniform size.
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Fig. 9. Temporal distribution of clustering assignments from SOM prototypes with a 2 × 1 grid structure and a 12 × 1 grid structure. 

Fig. 10. Frequency of mismatches in SOM cluster assignments when applied 
to the sciCUN outputs, illustrating deviations from patterns inside the original 
Data.

3.3. Case study of consecutive-day surface current evolution

As a final case study for benchmarking sciCUN’s performance in 
predicting daily variability of sea surface current patterns, Fig.  11 
presents predictions for four consecutive days in September 2023 
(16–19 September). For each day, the left panels show the original sea 
surface current fields, while the right panels display the corresponding 
sciCUN predictions. The spatially averaged Euclidean distances for 
these four days are 0.022 m/s, 0.021 m/s, 0.021 m/s, and 0.028 m/s, 
respectively, indicating consistently low prediction errors.

On 16 September (Fig.  11a, left panel), eastward currents enter 
the Gulf of Riga from the northern part of the Irbe Strait. Part of 
this inflow turns northward, while the remaining currents merge with 
coastal flows, initiating the formation of a mesoscale anticyclonic eddy 
in the central gulf. The corresponding sciCUN prediction (right panel) 
successfully reproduces both the magnitude and direction of these 
currents.

A pronounced shift in circulation occurs on the following day (17 
September; Fig.  11b, left panel), when currents in the northern region 
reverse direction and flow southward into the Gulf of Riga, accompa-
nied by stronger discharges from the southern part of the Irbe Strait. 

At the same time, the anticyclonic eddy formed on the previous day 
further intensifies in the central basin. The sciCUN prediction accu-
rately captures these contrasting dynamics, demonstrating its ability to 
represent abrupt changes in current direction and intensity.

The current fields from 16 September served as part of the input for 
predicting the circulation on 17 September, illustrating that sciCUN ef-
fectively exploits the combination of atmospheric forcing and prior-day 
current information to reproduce the evolving circulation state. This 
behavior is consistent with the design of the model and its intended 
emulation of temporal dependencies.

Similar performance is observed for 18 and 19 September (Figs. 
11c and 11d), during which the circulation patterns differ substantially 
from the preceding days due to variations in inlet–outlet dynamics and 
basin-scale mesoscale features. Despite these changes, sciCUN consis-
tently reproduces the main spatial structures and variability of the sea 
surface currents, indicating stable performance under rapidly evolving 
circulation conditions.

4. Discussion

In general, the insights gained from the results of this study high-
light the potential of sciCUN for operational applications (Röhrs et al., 
2023). In operational settings, the model can serve as an efficient tool 
for predicting sea surface currents with high accuracy, enabling timely 
and informed decision-making in various marine activities. The results 
in Section 3 show that sciCUN achieves consistently low emulation 
errors relative to the magnitude and variability of sea surface currents 
in the Gulf of Riga. During the testing period, temporally averaged 
daily current speeds reached up to 0.180 m/s, while instantaneous 
currents at individual grid points occasionally exceeded 0.75 m/s. In 
this context, the spatially averaged Euclidean distance of 0.023 m/s 
– with 91% of daily values below 0.03 m/s – represents only a small 
fraction (approximately 10%) of both mean and upper-bound current 
magnitudes. Consistently, sciCUN attains high predictive skill, with 
component-wise average correlation coefficients of 0.92, MAE on the 
order of 10−2 m∕s, and standard deviation differences below 0.005 m/s, 
indicating that both the amplitude and temporal variability of the 
surface current components are well captured.

Localized discrepancies in sciCUN predictions are most apparent 
near coastal boundaries and at the western entrance of the Gulf of 
Riga, particularly the Irbe Strait, indicating regions of reduced model 
accuracy. These errors are primarily associated with boundary-driven 
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Fig. 11. sciCUN daily forecast cases from September 16 to September 19, 
2023.

processes that are not explicitly represented in sciCUN, as the model 
relies on relationships between prior-day surface currents and contem-
poraneous atmospheric forcing while neglecting additional boundary-
related drivers such as river discharge and advective exchanges with 
adjacent basins. In particular, substantial freshwater inflows from ma-
jor rivers along the southern and eastern coasts of the Gulf of Riga, 
including the Daugava and Pärnu Rivers, can generate localized den-
sity gradients and stratification during high-discharge periods, thereby 
altering circulation patterns within the basin (Suursaar et al., 2002; 
Yurkovskis, 2004; Soosaar et al., 2016). As shown in Fig.  5, higher 
Euclidean distances – indicating reduced sciCUN prediction accuracy 
– are more pronounced during the warmer months, consistent with 
the seasonal cycle of freshwater content in the Gulf of Riga, which is 
lowest in winter and peaks in summer (Raudsepp et al., 2023). These 
freshwater impacts can propagate to adjacent areas, depending on the 

magnitude and persistence of the outflows, and may interfere with 
predictions based solely on atmospheric drivers. Moreover, the primary 
exchange of water between the Gulf of Riga and the Baltic Proper 
occurs through the Irbe Strait (Lilover et al., 1998; Väli et al., 2024). 
This interaction introduces additional variability, particularly during 
events of anomalous inflows from the Baltic Proper, which are not 
explicitly accounted for in sciCUN’s input data. These boundary-driven 
processes, especially under irregular conditions, can further complicate 
predictions by altering the coastal and basin-wide current systems. 
Therefore, it can be stated that while sciCUN’s architecture is designed 
to emulate temporal derivatives and forcing interactions within the 
hydrodynamic model, it does not explicitly account for the effects of 
spatial derivatives at boundaries. Capturing these dynamics – partic-
ularly the interactions between boundary conditions and basin-wide 
processes – may require enhancements in future iterations of the model, 
such as incorporating additional drivers or refining the representation 
of boundary-related spatial derivatives. For the present study, this 
challenge was compounded by the inherently inconsistent data struc-
ture it creates. In hydrodynamic models, rivers are typically inserted 
into only a limited number of grid points, yet the complex math-
ematical processes in these models generalize such localized effects 
to neighboring grid points over time. Similarly, at basin boundaries, 
even small perturbations along hypothetical boundary lines can amplify 
and propagate into significant spatial variations in the basin’s flow 
dynamics. Consequently, the primary challenge lies in reconciling input 
and target data with mismatched dimensions. As a result, the model 
exclusively utilizes input data that can be dimensionally matched to the 
target data, ensuring that each prediction target point is paired with a 
consistent, fair, and unbiased dataset. While this approach does not ad-
dress all limitations, the results still demonstrate that sciCUN produces 
meaningful and reliable predictions, offering significant insights within 
the study’s scope.

In addition, the use of SOM in this study highlights its value as 
a post-processing and benchmarking tool for gridded vector fields 
of sea surface currents. While conventional metrics such as corre-
lation, MAE, and Euclidean distance quantify pointwise agreement, 
SOM analysis evaluates the similarity of entire circulation patterns 
and their variability across time. The regime-assignment agreement 
therefore provides a direct, map-level check that the quantitative skill 
reported in Section 3 corresponds to the correct reproduction of dom-
inant circulation structures. As demonstrated in Figs.  7 & 10, SOM 
effectively organizes daily current maps into a hierarchy of domi-
nant circulation regimes, enabling a pattern-based comparison between 
modeled and original fields. Importantly, the SOM-based error assess-
ments indicate that the quantified deviations primarily reflect moderate 
variations within otherwise correctly reproduced circulation regimes, 
rather than fundamentally different flow structures. This provides a 
more advanced and physically interpretable assessment of model per-
formance than pointwise statistics alone, particularly for applications 
where the preservation of circulation regimes and mesoscale structures 
is critical. In this sense, SOM results can confirm that sciCUN preserves 
the dominant sea surface current patterns, even in cases where localized 
amplitude or directional errors occur. Furthermore, SOM analysis using 
a larger number of nodes demonstrates that sea surface currents in the 
Gulf of Riga exhibit diverse daily patterns, which do not simply repeat 
(Figs.  8 and 9).

Nevertheless, in conjunction with evaluating the implications of 
the model’s capability in emulating temporal dynamics – achieved 
solely through the CNN-UNet architecture and structured during the 
data preparation phase by incorporating previous days’ current fields 
alongside the present day’s atmospheric forcing – the case studies pre-
sented in Fig.  11 provide further insight into sciCUN’s behavior under 
strong day-to-day variability. The model successfully reproduces abrupt 
directional changes, evolving inlet–outlet dynamics, and mesoscale fea-
tures over consecutive days, while maintaining low spatially averaged 
errors. This behavior suggests that sciCUN has successfully learned how 
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to model the relationship between atmospheric forcing (the present-
day driver) and previous days’ current fields (the historical context) 
to produce accurate representations of the present-day current fields. 
Such capability aligns with the fundamental principles underlying hy-
drodynamic forecasting systems, where the dynamics of the ocean are 
modeled based on interactions between current states and external 
forcing.

Previous studies have used CNN-based methods to support surface-
current estimation either through local diagnostic relationships (Sinha 
and Abernathey, 2021) or through super-resolution of scalar surface 
fields (Ciani et al., 2025), in which dynamically consistent scalar fields 
are reconstructed and currents are subsequently derived diagnosti-
cally. Building on the demonstrated applicability of CNNs to such 
dynamics, the present study addresses a complementary problem by 
directly emulating regional sea surface current fields using atmospheric 
forcing and prior-day states, without requiring concurrent sea sur-
face data. More recent studies have explored physics-informed and 
operator-learning strategies for surface-current estimation and fore-
casting, primarily targeting energetic, large-scale ocean regimes. For 
example, Zhang et al. (2024) showed that incorporating dynamical 
constraints through weighted loss functions improves the prediction of 
high-magnitude surface currents in geostrophically dominated open-
ocean settings. In addition, neural-operator–based systems such as 
those introduced by El Aouni et al. (2025) aim to approximate the 
prognostic behavior of global ocean models through learned state-to-
state mappings. Although sciCUN yields comparatively low errors in 
sea surface current estimation, direct error-based comparisons with 
these studies are not meaningful and should be avoided, as the model 
domains, spatial scales, and numerical ranges of the target variables 
differ substantially. What is important to note is that those advanced 
approaches also introduce considerable model complexity, technical 
overhead, and computational demands. From a broader modeling per-
spective, the primary motivation for data-driven emulation is not to 
replicate numerical ocean simulations at comparable or greater cost, 
but to provide a computationally efficient alternative when only a 
limited subset of variables is required for specific applications. It should 
always be recognized that numerical ocean simulations remain essential 
for advancing physical understanding and for future projections, as 
they are grounded in well-established governing equations and physical 
principles. Data-driven emulation, in contrast, is based on the as-
sumption that these physical processes are implicitly embedded within 
historical datasets, and that learning these embedded relationships 
can provide useful guidance for anticipating their recurrence under 
similar future conditions. So, if an emulation framework approaches 
the complexity and resource requirements of the underlying hydrody-
namic model, its practical advantage over direct numerical simulation 
becomes questionable.

In the present study, the Gulf of Riga exemplifies a regime where 
partial emulation is both justified and effective. It is a small, shallow 
semi-enclosed basin with relatively weak mean currents compared to 
global scales, but pronounced day-to-day variability, in which reliable 
daily surface-current information is essential due to dense shipping 
traffic and intensive human activities. Within this context, the present 
results indicate that a purely data-driven CNN–U-Net, combined with 
a physically consistent data-preparation strategy that encodes tempo-
ral dependence through prior-day states, can effectively capture daily 
surface-current variability. While extension to larger or more ener-
getic domains would likely necessitate more complex physics-informed 
or operator-learning architectures, sciCUN, in its current configura-
tion, still provides a computationally efficient and sufficiently accurate 
partial-emulation solution tailored to the dynamics and operational 
needs of the Gulf of Riga.

In the case study of the Gulf of Riga presented here, sciCUN com-
pletes its training in about 30 min on a standard desktop workstation 
equipped with an NVIDIA GeForce RTX 3060 GPU, using a total dataset 
size of less than 5 GB. This represents a substantial reduction in 

data and computational resource requirements compared to traditional 
hydrodynamic modeling approaches. Consequently, deep-learning sur-
rogate models like sciCUN can be stabilized to play a key role in 
the development of Digital Twins and associated impact models (Li 
et al., 2023). As hydrodynamic simulations are continuously extended 
in time and updated through improved configurations, surrogate mod-
els can be periodically retrained to remain aligned with the evolving 
simulation archive. In this context, relatively short training times are 
advantageous, as they enable regular model updating and long-term 
applicability without incurring prohibitive computational costs. At the 
same time, sciCUN serves to showcase the capability of deep-learning 
partial emulation for producing a targeted surface-current product effi-
ciently, as reflected by the skill quantified in Section 3, while relying on 
hydrodynamic simulations as the physically consistent basis for training 
and periodic updating, particularly when further improvements are 
required. Accordingly, continued advances in hydrodynamic model 
accuracy are expected to translate into more reliable surrogate learning 
and, in turn, improved partial-emulation performance, so that such 
surrogates act as complementary components, at least in the near 
term, within operational modeling chains rather than substitutes for 
comprehensive hydrodynamic simulations.

Beyond this, accurate sea surface current data are essential for 
numerous research applications. For instance, previous studies have 
demonstrated the critical role of current data in enhancing the perfor-
mance of wave models (Kanarik et al., 2021; Christakos et al., 2021). 
sciCUN addresses this need by providing a resource-efficient approach 
for updating sea surface current data to align with the temporal require-
ments of such models, provided sufficient historical data are available 
for training. Beyond wave modeling, sciCUN can support a wide range 
of research disciplines, including climate studies, particle tracking, and 
ecological modeling (e.g., Mishra et al. 2022, Pärt et al. 2023, Hsu et al.
2024). By enabling cost-effective and accurate emulation of sea surface 
currents, sciCUN can contribute to advancing scientific research across 
these domains.

Future work could focus on enhancing sciCUN’s ability to capture 
finer-scale variability and localized features, potentially through the in-
tegration of additional atmospheric and oceanographic variables or the 
adoption of hybrid deep-learning architectures. These improvements 
would enable the model to better represent complex dynamics and 
broaden its applicability to diverse oceanographic challenges.
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Appendix A. sciCUN core codes

The sciCUN model is implemented in MATLAB R2024a using the 
Deep Learning Toolbox™ (Version 24.1, License 40687166). The prac-
tical application of sciCUN can be divided into two main phases: 
data preparation and the implementation of the training architecture, 
including layers and options. As detailed in Section 2.2.2, the input data 
must be prepared as a 4D matrix. The first two dimensions represent 
longitude and latitude, the third dimension represents the channels 
(either current components or atmospheric variables), and the fourth 
dimension corresponds to time. Similarly, the target data should also 
be organized as a 4D matrix. However, while the input data contains 7 
channels (third dimension), the target data is limited to 2 channels. An 
important recommendation for applying sciCUN to a new study area is 
that the gridded maps of the study area (the first and second dimensions 
of the input and target data) must have lengths that are multiples of 
8. This requirement stems from the encoding and decoding procedures 
within the sciCUN structure.

To maintain simplicity as a surrogate model, we have chosen not 
to upload the model to an external repository. We believe that sci-
CUN can be easily implemented for any new study area by following 
the instructions provided in this study. However, those interested in 
obtaining sample case study setup files are encouraged to contact 
the corresponding author. The core part of the code related to the 
architecture and training options is as follows:

% Load the input and target data
load(inputData_train.mat) % size(inputData_train) = [96, 104, 7, 9860]
load(targetData_train.mat) % size(targetData_train) = [96, 104, 2, 9860]
% Define Input Layer
InLay = size(inputData_train, 1:3); % size(inputData_train) = [96, 104, 7, 9860]
% Define sciCUN Layers
layers = [
    imageInputLayer(InLay, ’Name’, ’input’)
    % Encoder
    convolution2dLayer(3, 32, ’Padding’, ’same’, ’Name’, ’conv1_1’)
    batchNormalizationLayer(’Name’, ’batchnorm1’)
    reluLayer(’Name’, ’relu1_1’)
    maxPooling2dLayer(2, ’Stride’, 2, ’Name’, ’pool1’)
    convolution2dLayer(3, 128, ’Padding’, ’same’, ’Name’, ’conv2_1’)
    batchNormalizationLayer(’Name’, ’batchnorm2’)
    reluLayer(’Name’, ’relu2_1’)
    maxPooling2dLayer(2, ’Stride’, 2, ’Name’, ’pool2’)
    convolution2dLayer(3, 256, ’Padding’, ’same’, ’Name’, ’conv3_1’)
    batchNormalizationLayer(’Name’, ’batchnorm3’)
    reluLayer(’Name’, ’relu3_1’)
    maxPooling2dLayer(2, ’Stride’, 2, ’Name’, ’pool3’)
    % Bottleneck
    convolution2dLayer(3, 512, ’Padding’, ’same’, ’Name’, ’conv4_1’)
    batchNormalizationLayer(’Name’, ’batchnorm4’)
    reluLayer(’Name’, ’relu4_1’)
    % Decoder
    transposedConv2dLayer(3, 256, ’Stride’, 2, ’Cropping’, ’same’, ’Name’, ’upconv3’)
    concatenationLayer(3, 2, ’Name’, ’concat3’)
    convolution2dLayer(3, 256, ’Padding’, ’same’, ’Name’, ’conv3_2’)
    batchNormalizationLayer(’Name’, ’batchnorm5’)
    reluLayer(’Name’, ’relu3_2’)
    transposedConv2dLayer(3, 128, ’Stride’, 2, ’Cropping’, ’same’, ’Name’, ’upconv2’)
    concatenationLayer(3, 2, ’Name’, ’concat2’)
    convolution2dLayer(3, 128, ’Padding’, ’same’, ’Name’, ’conv2_2’)
    batchNormalizationLayer(’Name’, ’batchnorm6’)
    reluLayer(’Name’, ’relu2_2’)
    transposedConv2dLayer(3, 32, ’Stride’, 2, ’Cropping’, ’same’, ’Name’, ’upconv1’)
    concatenationLayer(3, 2, ’Name’, ’concat1’)
    convolution2dLayer(3, 32, ’Padding’, ’same’, ’Name’, ’conv1_2’)
    batchNormalizationLayer(’Name’, ’batchnorm7’)
    reluLayer(’Name’, ’relu1_2’)
    % Output
    convolution2dLayer(1, 2, ’Padding’, ’same’, ’Name’, ’conv_final’)
    regressionLayer(’Name’, ’output’)
];

% Build Layer Graph and Add Skip Connections
lgraph = layerGraph(layers);
lgraph = connectLayers(lgraph, ’relu1_1’, ’concat1/in2’);
lgraph = connectLayers(lgraph, ’relu2_1’, ’concat2/in2’);
lgraph = connectLayers(lgraph, ’relu3_1’, ’concat3/in2’);
% Define Training Options
options = trainingOptions(’adam’, ...
    ’InitialLearnRate’, 5e-4, ...
    ’MaxEpochs’, 32, ...
    ’MiniBatchSize’, 16, ...
    ’Shuffle’, ’every-epoch’, ...
    ’Plots’, ’training-progress’, ...
    ’ValidationData’, {inputData_val, targetData_val}, ...
    ’ValidationFrequency’, 16, ...
    ’Verbose’, true, ...
    ’ExecutionEnvironment’, ’gpu’);
% Training
sciCUN = trainNetwork(inputData_train, targetData_train, lgraph, options);

Appendix B. sciCUN all testing time instances

In addition to the results presented in the manuscript, the complete 
records of sciCUN’s performance during its testing period, visually 
compared with the original data, are available in the attached video 
accessible through the link below:

Download Video

Data availability

Data will be made available on request.
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Abstract16

Ocean models can represent surface circulation at kilometer scales, but their computational17

cost limits broad experimentation. We present DeepCUN, a deep convolutional encoder–18

decoder (U-Net) that emulates daily-mean Baltic Sea surface current components on a 1-19

nautical-mile grid. DeepCUN is trained on 2015–2023 reanalysis currents with atmospheric20

reanalysis forcing. An occlusion-sensitivity channel ablation indicates that wind provides the21

dominant predictive information when combined with the antecedent surface-current state,22

while additional atmospheric variables contribute negligibly. Accordingly, DeepCUN is con-23

figured to use only the prior surface-current state and the subsequent-day wind components24

to predict next-day surface current fields. On an independent 2024 test year, DeepCUN25

captures the dominant spatial patterns and temporal variability, with the highest errors26

concentrated in the southwestern boundary exchange corridor and narrow straits and lower27

errors across the basin interior, where correlations exceed 0.9 in most locations. For post28

hoc explainability of this data-driven mapping, we apply layer-wise relevance propagation to29

characterize attributed support and a diagonal Jacobian elasticity metric to quantify local30

responsiveness, revealing spatially varying reliance on state memory in the southwestern31

boundary-influenced region and wind-modulated adjustment across the basin interior. In32

addition, to assess the potential forecast skill of this approach, we perform recursive rollouts,33

which show domain-mean absolute error increasing smoothly from ∼ 2.5 cm s−1 at 1 day to34

∼ 6.0 cm s−1 at 21 days while correlation decreases from > 0.9 to ∼ 0.65, indicating stable35

multi-week behavior under idealized forcing conditions. The framework provides an effi-36

cient and interpretable template for configuring, pruning, and stress-testing reduced-input37

emulators of regional surface circulation.38

Plain Language Summary39

High-resolution ocean models can simulate sea surface currents realistically, but they40

are expensive to run because they compute the full three-dimensional ocean state.41

We developed an AI model called DeepCUN that predicts the next day’s surface currents42

for the Baltic Sea using only two inputs: the previous day’s surface currents and the wind for43

the day being predicted. DeepCUN learns this relationship from many years of reanalysis44

data and then produces current fields on the same high-resolution grid much faster than45

running a full ocean model.46

We also used explainable AI methods to better understand how DeepCUN uses its47

inputs. These analyses show where the model relies more on the previous current state48

and where it responds more strongly to wind forcing, helping to interpret the behavior of49

an otherwise black-box model. Finally, we tested potential forecast stability by running50

DeepCUN repeatedly in a step-by-step mode to benchmark, under idealized forcing, how51

errors grow gradually over multiple weeks.52

1 Introduction53

Observations of the ocean surface are essential for understanding and predicting key54

physical processes, yet they remain sparse in both space and time. Satellite and in situ55

measurements provide invaluable information, but they do not continuously resolve surface56

dynamics at the spatiotemporal scales required for many scientific and operational appli-57

cations (Gould et al., 2013; Legler et al., 2015; Traon et al., 2015). To bridge these gaps,58

numerical hydrodynamic models are routinely employed (Allen et al., 2013; Eschenbach,59

2017). These models solve the primitive equations over discretized regional domains with60

prescribed initial and boundary conditions, thereby representing the coupled dynamical and61

thermodynamic evolution of the ocean (Kantha & Clayson, 2000; Grooms & Julien, 2018;62

Fox-Kemper et al., 2019; Chassignet & Xu, 2021). Because surface currents are dynam-63

ically coupled to subsurface momentum, stratification, and boundary exchanges (Bryan,64
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1969), even applications focused on near-surface fields typically require time-integrating the65

full three-dimensional system with short time steps, making regional simulations computa-66

tionally demanding.67

Recent studies emphasize complementary, lower-cost strategies—including equation-68

free surrogates, hybrid corrections within dynamical cores, and data-driven parameterizations—69

that aim to preserve physical fidelity while reducing computational burden (Pawar & San,70

2022; Ross et al., 2023; Perezhogin et al., 2023; Liu et al., 2023). In this context, ar-71

tificial intelligence (AI) provides an efficient route to partial emulation, in which models72

are trained to reproduce selected outputs of numerical ocean models from a reduced set73

of inputs, enabling rapid inference of target variables without rerunning computationally74

expensive regional simulations (Bolton & Zanna, 2019; Sonnewald et al., 2021; Song et al.,75

2023; Heimbach et al., 2025). Recent work demonstrates that such approaches can emulate76

and downscale regional ocean states, correct systematic model errors (offline or online), and77

support physically informed parameterizations in specific settings (Jiang et al., 2023; Liu78

et al., 2023; Ross et al., 2023; C. Zhang et al., 2023; Sane et al., 2023; Finn et al., 2024).79

Because partial emulators are designed around a limited set of outputs, they can often80

operate with an optimized subset of input variables compared with full primitive-equation81

configurations, reducing data requirements and computational cost while retaining useful82

skill for the target domain and metrics (Ryzhov et al., 2019; Agarwal et al., 2021). We use83

the term partial emulation to distinguish this setting from full emulation, in which an entire84

dynamical core would be replaced by a surrogate.85

Although nominally different ocean models—such as MITgcm (Adcroft et al., 2004),86

ROMS (Haidvogel et al., 2008), NEMO (Madec et al., 2017), etc. —are all based on the same87

primitive equations, their numerical schemes and parameterizations differ, requiring careful88

configuration and optimization for each new region. In contrast, AI models for oceano-89

graphic applications can be adapted to new basins or target variables through relatively90

straightforward architectural modifications and retraining (Rus et al., 2023; Barzandeh et91

al., 2025). Compared with the substantial configuration and computational programming92

effort required to deploy numerical ocean models, adapting an AI model is typically more93

streamlined and faster, providing greater flexibility to design, test, and tailor models to94

specific basins and tasks (Dong et al., 2022; Q. Zhao et al., 2024). Additionally, their ability95

to bypass computationally expensive full-basin simulations further underscores the value of96

AI as a powerful and scalable tool for partial-emulation applications. Machine learning, a97

subset of AI, provides the foundational framework for computers to learn from data, while98

Deep Learning (DL) is a powerful subset of machine learning that utilizes multi-layered99

neural networks (NNs) to automatically extract high-level features from complex datasets,100

making it exceptionally relevant for emulating intricate systems like the ocean (Lou et al.,101

2023; Hao et al., 2025). Recently, DL-based emulators have been developed as components102

of digital twins for marine applications, achieving skill levels comparable to regional dynam-103

ical forecasts while operating at a fraction of the computational cost (Chattopadhyay et al.,104

2024; Xu et al., 2024; Miedtank et al., 2024; Dheeshjith et al., 2025). Among DL archi-105

tectures, convolutional neural networks (CNNs) are particularly adept at processing spatial106

data (O’Shea & Nash, 2015; Manucharyan et al., 2021; C. Zhang et al., 2025). CNNs are107

particularly well suited for emulating oceanic multi-dimensional fields because their convolu-108

tional filters excel at recognizing and learning spatial patterns, hierarchies, and multi-scale109

structures—such as eddies, fronts, and large-scale currents—directly from gridded data.110

This capability enables highly efficient and accurate DL-based modelling, as demonstrated111

in several recent studies (Bai et al., 2022; Huang et al., 2022; Yuan et al., 2024; Fanelli et al.,112

2024; Ciani et al., 2025). Within this family, U-Net–style autoencoder CNNs are especially113

effective for gridded geophysical data (Ronneberger et al., 2015; van der Meer et al., 2023;114

Bône et al., 2024; Heuer et al., 2024), as the encoder aggregates basin-scale context while115

the decoder, aided by the skip connections, restores sharp coastal and frontal structures at116

full resolution. This makes U-Nets naturally suited to dense, pixelwise regression of ocean117

model outputs.118
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Considering the above, the present study focuses on the partial emulation of sea sur-119

face currents (SSC), a target variable of paramount operational significance. SSCs are a120

primary driver for numerous critical applications, including maritime navigation, search-121

and-rescue operations, oil spill trajectory forecasting, and the transport of marine debris122

and plankton (Breivik et al., 2013; Röhrs et al., 2023). The study area is the Baltic Sea,123

a semi-enclosed marginal sea located between approximately 54◦N–66◦N and 9◦E–31◦E. It124

is characterized by a complex bathymetry, multiple sub-basins, and narrow connections to125

the North Sea through the Danish Straits, which regulate saline inflows and exert a first-126

order control on basin-wide transports and ventilation (Mohrholz, 2018; Lehmann et al.,127

2022; Elken & Omstedt, 2025). Surface circulation in the Baltic Sea is strongly driven by128

local wind forcing, sea-level variations, river discharge, and inflow events from the North129

Sea, resulting in a highly dynamic and spatially heterogeneous flow field shaped by both130

geostrophic and ageostrophic components (Leppäranta & Myrberg, 2009; Omstedt et al.,131

2014; Barzandeh et al., 2024). Its high-latitude location leads to pronounced and sometimes132

unique responses to climate change, including severe storms and marine heatwaves (Meier133

et al., 2022; Rutgersson et al., 2022; Bashiri et al., 2025). The circulation exhibits multi-134

scale dynamics, from basin-wide gyres and estuarine exchange flows (Soosaar et al., 2014;135

Elken et al., 2015; Lips et al., 2016b; Maljutenko & Raudsepp, 2019) to mesoscale and136

submesoscale processes that influence mixing, upwelling events, and nutrient transport in137

the surface layer (Väli et al., 2017, 2024; Salm et al., 2025). Water exchange through138

narrow straits can significantly impact salinity and ecosystem conditions when blocked or139

reduced (Liblik et al., 2024). SSCs are thus a key regulators of basin-scale variability of the140

physical properties (Lips et al., 2016a; Elken & Omstedt, 2025), sea-level variability, and141

the regional water budgets (Raudsepp et al., 2023; Elken et al., 2024; Jahanmard, Ellmann,142

& Delpeche-Ellmann, 2025). Beyond emphasizing the role of coastal currents and eddies in143

particle dispersion and ecosystem connectivity in the Baltic Sea (Hariri et al., 2025), sev-144

eral studies have highlighted that reliable gridded SSC data are critical for improving wave145

forecasts, Lagrangian particle tracking, and pollutant dispersion modeling (Kanarik et al.,146

2021; Christakos et al., 2021; Pärt et al., 2023). Therefore, efficient partial emulation of SSC147

offers a transformative pathway to support operational services, such as search-and-rescue148

and pollution response, while advancing scientific understanding of the Baltic Sea’s complex149

circulation without incurring the high computational cost of full 3D numerical simulations.150

In this regard, a previous work introduced the SSC emulator sciCUN, a CNN–U-Net–based151

framework that infers next-day SSC fields in the Gulf of Riga from contemporaneous SSC152

conditions and five atmospheric drivers on the target day (Barzandeh et al., 2026). Although153

strong predictive skill was achieved in this relatively homogeneous subregion, performance154

degraded when the same approach was extended to the full Baltic Sea, where the Gulf of155

Riga represents only about 4% of the total area (Fig. 1). Such degradation is expected when156

a model trained or tuned for a compact and comparatively uniform domain is applied to a157

larger, more heterogeneous basin unless model capacity and representational flexibility are158

increased. Deeper neural networks are often better able to capture multi-scale and spatially159

varying features and can generalize more effectively across complex domains (Mhaskar et al.,160

2017; Eslami & Yun, 2023; X. Zhao et al., 2024; Zavala-Romero et al., 2025). Motivated by161

these considerations, we introduce DeepCUN, a deeper and more expressive Convolutional162

U-Net variant designed for SSC emulation over the full Baltic Sea at 1-nautical-mile res-163

olution. In addition, we aim to examine the explainability of this data-driven “black-box”164

mapping by assessing how the emulator allocates reliance across the available input informa-165

tion when generating SSC fields throughout the basin. Explainable AI (XAI) is increasingly166

emphasized in aquatic applications to support user trust and to diagnose model behavior167

in safety- and mission-critical settings (Elsayed et al., 2025). Recent work also highlights168

the value of quantitatively evaluating post hoc explanations (e.g., localization and faithful-169

ness) for marine data-driven models (Manss & El-Mihoub, 2026). Furthermore, we aim to170

evaluate the potential multi-day predictability of the learned mapping, by characterizing171

how forecast errors may grow and skill may change with lead time under idealized forcing172

conditions.173
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Figure 1. Baltic Sea geography and bathymetry

2 Data and Methods174

We begin by designing a framework to train a one-step emulator for daily-mean Baltic175

SSC. The emulator learns a conditional daily update that maps the SSC state on day t176

together with daily-mean atmospheric forcing aligned to day t+1 to the SSC field on day177

t+1.178

2.1 Data for the study domain179

2.1.1 SSC.180

Daily gridded zonal (uSSC) and meridional (vSSC) SSC components are taken from181

the Copernicus Marine Environment Monitoring Service (CMEMS) Baltic Sea reanaly-182

sis (E.U. Copernicus Marine Service Information (CMEMS), 2025), produced with the183

Nemo-Nordic 2.0 configuration of NEMO 4.0 (Madec et al., 2017; Kärnä et al., 2021).184

The native horizontal grid is 1 nautical mile, spanning approximately ∼ 9.0◦E–∼ 30.2◦E185

and ∼ 53.0◦N–∼ 65.9◦N (spatial size: 763 longitudinal grid points × 774 latitudinal grid186

points). After applying the land mask, each daily field contains O(1.5 × 105) wet grid187

points. We treat these reanalysis SSC fields as reference targets for training and evaluation;188

validation of the product is documented in (Panteleit et al., 2025).189

2.1.2 Atmospheric forcing190

Atmospheric variables are obtained from ERA5 (Hersbach et al., 2020, 2023). Following191

prior Baltic Sea studies of air–sea forcing pathways (Myrberg & Lehmann, 2013; Omstedt et192

al., 2014; Lehmann et al., 2022), we initially consider mean sea level pressure (msl), 2 m air193

temperature (t2m), 2 m dew point temperature (d2m), and 10 m wind components (uWIND,194

vWIND).195

2.1.3 Preprocessing and data partitioning196

All variables are placed on a common analysis grid obtained by slight cropping of the197

native products and are indexed by (i, j) ∈ {1, . . . , S1} × {1, . . . , S2} with S1 = 736 and198
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S2 = 768 (spanning approximately ∼ 9.8◦E - ∼ 30.2◦E and ∼ 53.1◦N - ∼ 65.9◦N). The199

crop primarily removes land along the western and southern margins, which removes rows200

and columns that contain mainly land points and yields spatial dimensions divisible by201

25 = 32, consistent with five successive factor-two downsampling operations in DeepCUN202

architecture (Table 1). The SSC land mask on this grid defines the ocean domain Ω ¢203

{1, . . . , S1} × {1, . . . , S2}, and all channels are set to zero at land points (i, j) /∈ Ω.204

The dataset is partitioned into a 2015–2023 training period and an independent 2024205

test period. Each year provides 364 samples, or 365 in leap years such as 2016 and 2020,206

formed from consecutive day pairs (t, t+1). To preserve physical units and interpretability,207

SSC channels are left unnormalized. Atmospheric channels are first masked using Ω, and208

per-variable extrema are then computed over (i, j) ∈ Ω and all times in 2015–2023. Each at-209

mospheric channel is normalized using these ocean-only extrema and then linearly (affinely)210

rescaled to the pooled SSC range over the same ocean-only training set. For an atmospheric211

channel ATMc this gives212

ATMnorm
c (i, j, t) =

(
ATMc(i, j, t)−minΩ(ATMc)

maxΩ(ATMc)−minΩ(ATMc)

) (
max
Ω

(SSC)−min
Ω

(SSC)
)
+min

Ω
(SSC),

(1)
where minΩ(·) and maxΩ(·) denote extrema taken over (i, j) ∈ Ω and all training times, and213

minΩ(SSC) and maxΩ(SSC) are computed over (i, j) ∈ Ω and all training times by pooling214

both SSC components.215

2.2 One-step emulation problem216

For each day t, define an input tensor X(·, ·, ·, t) ∈ RS1×S2×Cin and output tensor217

Y(·, ·, ·, t+1) ∈ RS1×S2×Cout with Cout = 2 corresponding to (ûSSC, v̂SSC). In this sense,218

DeepCUN is formulated here as a forced one-step partial emulator rather than as an au-219

tonomous causal forecast model. The objective is to emulate the daily SSC response of the220

NEMO-based reanalysis under a prescribed atmospheric forcing over the target-day interval.221

In this formulation, wind at day t+1 is treated as external forcing for the update from day222

t to day t + 1, analogous to the atmospheric forcing supplied to a numerical ocean model223

during an integration step. In the present study this forcing is taken from ERA5 reanalysis,224

so the one-step results quantify emulation skill under realized atmospheric forcing. Opera-225

tional use would require replacing ERA5 winds with forecast wind products and explicitly226

accounting for forcing uncertainty.227

To determine which atmospheric channels provide independent predictive information228

beyond SSC persistence, we perform an occlusion-sensitivity ablation on the DeepCUN test229

set. The analysis indicates negligible incremental contribution from msl, t2m, and d2m once230

SSC at day t and wind on day t+1 are included. Accordingly, the finalized DeepCUN input231

retains only uWIND and vWIND (Appendix Appendix B; Fig. B1) to emulate the next-day232

SSC response under prescribed target-day wind forcing:233

Y(·, ·, ·, t+1) = DeepCUN(X(·, ·, ·, t)) , (2)

with channel definitions234

Y (i, j, 1, t+1) = ûSSC(i, j, t+1),

Y (i, j, 2, t+1) = v̂SSC(i, j, t+1),

X(i, j, 1, t) = uSSC(i, j, t),

X(i, j, 2, t) = vSSC(i, j, t),

X(i, j, 3, t) = unorm
WIND(i, j, t+1),

X(i, j, 4, t) = vnormWIND(i, j, t+1).

(3)

so that the wind channels are aligned with the predicted day (t+1), while SSC at day t235

provides the antecedent state for the one-step update (Cin = 4). Thus, the model learns a236
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forced state update conditioned on antecedent SSC and prescribed target-day wind, rather237

than an autonomous forecast model that also predicts future atmospheric forcing.238

2.3 DeepCUN architecture239

The network follows a five-level encoder–decoder architecture with skip connections,240

making it deeper than sciCUN, which uses three downsampling levels (Barzandeh et al.,241

2026), and increasing its multi-scale representational capacity for Baltic-wide heterogeneity.242

The five-level depth was chosen because the full Baltic Sea domain contains both basin-scale243

circulation patterns and localized structures associated with coastlines, narrow straits, gulfs,244

and the western boundary exchange corridor. Repeated downsampling increases the effective245

receptive field and allows the encoder to aggregate broader spatial context, while skip connec-246

tions preserve high-resolution information needed to reconstruct coastal and frontal details.247

This design choice is supported by the architecture ablation in Appendix B2, where the248

finalized five-level DeepCUN configuration outperforms the shallower sciCUN-style three-249

level architecture on the independent 2024 test period. Each encoder block applies a 3×3250

convolution, group normalization (GN), and ReLU (Wu & He, 2020; Nair & Hinton, 2010),251

followed by 2×2 max pooling with stride 2 (Nagi et al., 2011). GN is used instead of batch252

normalization (BN) because the full-domain training setup uses a mini-batch size of 1, for253

which BN statistics are poorly estimated and can become unstable. In contrast, GN normal-254

izes feature groups within each sample and is therefore better suited to the memory-limited255

streaming training strategy used here. The BN comparison in Appendix B2 further sup-256

ports this choice, showing that replacing GN with BN in DeepCUN increases the emulation257

error. Channel widths increase with depth as (32, 64, 128, 256, 512), followed by a bottleneck258

convolution with 1024 channels. The decoder mirrors the encoder using transposed convo-259

lutions for learnable upsampling (Glorot & Bengio, 2010; He et al., 2015), followed at each260

level by concatenation with the corresponding encoder activations and a 3×3 Conv–GN–261

ReLU refinement block. This U-Net-style design combines the coarse contextual information262

recovered by the decoder with high-resolution encoder features (Ronneberger et al., 2015).263

Because transposed convolutions can introduce checkerboard-like artifacts in some image-264

generation settings (Odena et al., 2016), each DeepCUN upsampling step is followed by265

skip-feature concatenation and convolutional refinement. A final 1×1 convolution maps266

the decoder features to Cout = 2 output channels. The full layer-by-layer configuration is267

reported in Table 1.268

2.4 Training strategy and evaluation269

Training minimizes the half mean squared error between predicted and reference SSC270

components, augmented by an L2 regularization term on the learnable weights:271

Ltot = Ldata + λ∥W∥22, Ldata =
1

2

[
(ûSSC − uSSC)

2
+ (v̂SSC − vSSC)

2
]
, (4)

where ûSSC and v̂SSC are the predicted SSC components and uSSC and vSSC are the cor-272

responding reference components, W denotes the collection of learnable weights, and λ =273

10−4.274

A practical objective of SSC emulation is computational cost reduction relative to275

running full ocean circulation models; consequently, a training workflow that depends on re-276

peated access to supercomputing resources would weaken this premise. We therefore adopt277

a training strategy that is feasible on a single workstation/desktop computer equipped with278

one commodity GPU while still exposing the network to multi-year variability. Because the279

full multi-year dataset at 1 nautical-mile resolution does not fit in typical GPU memory,280

training is conducted in a memory-efficient streaming scheme that processes one calendar281

year at a time. The network is initialized on the first annual chunk, and subsequent years are282

warm-started from the previously learned weights while keeping the architecture fixed. To283

improve temporal mixing, the 9 training years (2015–2023) are cycled through for 8 passes;284
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Table 1. DeepCUN architecture summary. Tensor dimensions are reported consistently as
(longitude)× (latitude)× (channels). The input tensor has dimensions S1 ×S2 ×Cin. Conv(k, k, n)
denotes a 2-D convolution with a k × k kernel and n output feature channels (spatial dimensions
preserved within the block by padding), followed by GN and ReLU as indicated. GNg partitions
the feature channels into g groups prior to normalization. MaxPool[p,p]→st ↓ denotes p × p max
pooling with stride st, and the symbol ↓ indicates downsampling by a factor of 2 in each horizontal
dimension. In the decoder, TConv(k, k, n)↑ denotes a transposed convolution used for upsampling;
the symbol ↑ indicates upsampling by a factor of 2 in each horizontal dimension. Concat(Eℓ) con-
catenates (along the channel dimension) the decoder feature maps with the corresponding encoder
activations from level Eℓ (skip connection). The arrow → denotes sequential composition of oper-
ations within a stage. The finalized configuration values for the Baltic Sea scenario considered in
this study are k = 3, p = 2, st = 2, nF = 25, and nG = 22, selected empirically through systematic
trial-and-error experiments.

Stage Operation(s) Output

Input Preprocessed input tensor X S1 × S2 × Cin

E1 Conv(k, k, nF 2
0)GNnG20→ReLU →MaxPool[p,p]→st ³ S1

21 × S2

21 × nF 2
0

E2 Conv(k, k, nF 2
1)GNnG21→ReLU →MaxPool[p,p]→st ³ S1

22 × S2

22 × nF 2
1

E3 Conv(k, k, nF 2
2)GNnG22→ReLU →MaxPool[p,p]→st ³ S1

23 × S2

23 × nF 2
2

E4 Conv(k, k, nF 2
3)GNnG23→ReLU →MaxPool[p,p]→st ³ S1

24 × S2

24 × nF 2
3

E5 Conv(k, k, nF 2
4)GNnG24→ReLU →MaxPool[p,p]→st ³ S1

25 × S2

25 × nF 2
4

B Conv(k, k, nF 2
5)GNnG25→ReLU

S1

25 × S2

25 × nF 2
5

D5 TConv(k, k, nF 2
4)↑→Concat(E5)→ Conv(k, k, nF 2

4)GNnG24→ReLU
S1

24 × S2

24 × nF 2
4

D4 TConv(k, k, nF 2
3)↑→Concat(E4)→ Conv(k, k, nF 2

3)GNnG23→ReLU
S1

23 × S2

23 × nF 2
3

D3 TConv(k, k, nF 2
2)↑→Concat(E3)→ Conv(k, k, nF 2

2)GNnG22→ReLU
S1

22 × S2

22 × nF 2
2

D2 TConv(k, k, nF 2
1)↑→Concat(E2)→ Conv(k, k, nF 2

1)GNnG21→ReLU
S1

21 × S2

21 × nF 2
1

D1 TConv(k, k, nF 2
0)↑→Concat(E1)→ Conv(k, k, nF 2

0)GNnG20→ReLU S1 × S2 × nF 2
0

O Conv(1, 1, Cout) S1 × S2 × Cout
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within each pass, each annual chunk is trained for 6 epochs using Adam with mini-batch size285

1 (enabled by GN), shuffled samples, and an initial learning rate of 8 × 10−4 (Marquardt,286

1963; Bishop, 2006; Kingma & Ba, 2017). On a single NVIDIA GeForce RTX 3060 GPU287

(12 GB), training requires about one minute per annual chunk per epoch per pass, corre-288

sponding to a total of approximately 9 (years) × 8 (passes) × 6 (epochs) ≈ 432 minutes (∼ 7289

hours), which is sufficient for convergence in this configuration. For inference, the finalized290

DeepCUN model contains approximately 18.9 million trainable parameters, corresponding291

to about 75.5 MB of FP32 weights. On the same NVIDIA GeForce RTX 3060 GPU used292

for training, the forward pass for one full-domain 736× 768 daily SSC field with batch size293

1 requires approximately 0.043 s and uses about 0.13 GB of GPU memory. These estimates294

exclude data loading, preprocessing, and post-processing. Therefore, the reported values295

characterize the inference cost of the trained neural emulator itself.296

Model performance is evaluated on the held-out 2024 test period using vector-error297

and component-wise measures, and we additionally assess rotational structure using rela-298

tive vorticity diagnostics. Because interpretation of surface circulation depends on both299

current magnitude and current direction, we use complementary metrics rather than a sin-300

gle scalar error. The primary metrics are Euclidean distance (ED), mean absolute error301

(MAE), and the Pearson correlation coefficient (CC), computed gridwise and summarized302

spatially where needed. In addition to velocity-component and vector-error statistics, the303

vorticity-based diagnostics are included because circulation assessment depends on both304

current magnitude and flow orientation. The vorticity sign agreement used in the case stud-305

ies evaluates whether predicted and reference fields have the same cyclonic or anticyclonic306

orientation. However, sign agreement alone does not quantify whether the spatial organiza-307

tion or relative strength of rotational structures is reproduced. We therefore also compute308

a normalized vorticity pattern skill (VPS) over the full 2024 test period. VPS combines309

the spatial correlation between predicted and reference relative-vorticity fields with a nor-310

malized vorticity-amplitude similarity term, providing a scale-normalized dynamical metric311

that complements the sign-agreement diagnostic. Full definitions of the skill metrics are312

provided in Appendix Appendix A.313

2.5 XAI assessment314

In this study, we implemented a two-stage XAI workflow that separates input configu-315

ration from post hoc interpretation. First, during model-configuration finalization, we per-316

formed an occlusion-sensitivity analysis to refine the candidate input set, in which individual317

channels were systematically masked and the resulting change in out-of-sample forecast skill318

was evaluated relative to the unmasked baseline (Appendix Appendix B). This masking-319

based ablation served as a channel-selection step by quantifying each input’s net contribution320

to predictive skill under a prescribed intervention. By construction, however, it provides321

only a domain-aggregated measure of channel influence and does not yield spatially resolved322

attribution patterns or pointwise measures of local input–output dependence. Second, after323

training the final network using the occlusion-selected inputs, we carried out a post hoc324

interpretability assessment that conditions on the learned parameters and thus character-325

izes how the trained model exploits the retained information; this stage was organized into326

two phases, described below. In summary, occlusion is an intervention-based, skill-level test327

that does not require access to internal gradients or relevance propagation rules, whereas328

the post hoc methods are explicitly weight-conditioned analyses of the trained DeepCUN329

mapping that use the learned parameters to attribute and differentiate input influence.330

To structure the post hoc interpretation, we use two complementary notions of input331

importance. The first is attributed support, which describes where and through which input332

channels the trained model recruits information to construct the predicted SSC field. This333

quantity is evaluated with Layer-wise Relevance Propagation (LRP), which redistributes the334

model output backward through the network and yields spatial relevance maps (Montavon335

et al., 2019). The second is local responsiveness, or elasticity, which describes how strongly336
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the predicted SSC component magnitude at a grid point responds to a small co-located337

perturbation of an input variable. This quantity is evaluated with the Diagonal Jacobian338

Elasticity (DJE) metric, a gradient-based diagnostic inspired by attribution and saliency339

analyses (LeCun et al., 2012; Simonyan et al., 2014). The two diagnostics are intention-340

ally non-redundant because LRP characterizes attributed support pathways, whereas DJE341

quantifies local co-located magnitude responsiveness.342

2.5.1 post-hoc XAI—Phase 1: LRP for attributed support343

Considering Eq. (3), we design and apply an architecture-aware version of LRP to our344

SSC emulator to quantify attributed support, or the importance of the presence of infor-345

mative input-channel evidence, defined here as the spatial distribution of input evidence346

supporting each predicted SSC component. DeepCUN maps the input tensor X(i, j, c, t) to347

the output field Y (i, j, k, t+1) through the encoder–decoder operators in Table 1. LRP mir-348

rors this computation in reverse and assigns to each input element a relevance score, yielding349

an input relevance tensor Rc,k(i, j, t) consistent with the indexing of Eq. (3). Specifically,350

relevance is propagated through the full DeepCUN computation graph, applying redistribu-351

tion rules at each operator in Table 1 (Conv/TConv, GN, ReLU, pooling/unpooling, and352

skip concatenations), yielding an operator-wise backward pass that is conditioned on the353

forward activations.354

LRP is applied independently for each output component k ∈ {1, . . . , Cout}. Because355

SSC predictions are signed, we implement a two-sided initialization in which positive and356

negative predicted values are treated as separate nonnegative targets. For each sample t357

and output component k, relevance is initialized at the network output as358

R
(0)+
k (i, j, t) = max(Y (i, j, k, t+1), 0) , R

(0)−
k (i, j, t) = max(−Y (i, j, k, t+1), 0) . (5)

Each branch is propagated back to the inputs using the same redistribution rules, yielding359

input-side relevance tensors R̃+
c,k(i, j, t) and R̃−

c,k(i, j, t). We report a direction-independent360

attributed-support map by combining the two branches as361

Rc,k(i, j, t) = R̃+
c,k(i, j, t) + R̃−

c,k(i, j, t), (6)

which is nonnegative in typical cases under the z+ redistribution used below; any residual362

negative values (arising, e.g., from negative forward activations multiplying positive back-363

ward messages) are set to zero for scoring and visualization, and do not affect the relevance364

propagation rules.365

For each linear operator Op (e.g. Conv or TConv), relevance is redistributed using an ε-366

stabilized z+ rule retaining only positive contributions. Here and below, R(i, j, ·, k, t) denotes367

the relevance tensor at an intermediate layer (the output of the current operator), whereas368

Rc,k(i, j, t) denotes relevance evaluated at the input layer in channel c. Let A(i, j, ·, t) denote369

the forward activation entering Op, let R(i, j, ·, k, t) denote the relevance at its output for370

component k, and let W+ = max(W, 0). Here W denotes the weight tensor of the current371

linear operator Op (not the full parameter set W in Eq. (4)). With stabilization constant372

εLRP, we compute373

Z+(i, j, ·, t) = Op
(
A,W+

)
+ εLRP,

Rin(i, j, ·, k, t) = A(i, j, ·, t)»Op¦
(
R(i, j, ·, k, t)
Z+(i, j, ·, t) ,W

+

)
,

(7)

where Op¦ is the exact transpose of the forward operator implemented with the same374

padding, stride, and cropping conventions as in Table 1, and » denotes elementwise multi-375

plication. In all experiments, εLRP = 10−6.376

Nonlinear and routing layers follow the forward topology, with relevance gated by ReLU377

support, max-pooling relevance returned to recorded argmax locations via max-unpooling,378
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and concatenation relevance split into upsample and skip branches according to the forward379

channel partition, with skip relevance accumulated at the matched encoder resolution. GN380

is handled in a GN-aware manner by caching the per-sample forward group statistics (mean381

and inverse standard deviation) and propagating relevance through the corresponding fixed382

normalization transform via an ε-stabilized z+ rule acting on the effective per-channel gain383

and centered activations (Wu & He, 2020). Interpretability is restricted to the ocean do-384

main Ω defined by the land–sea mask; relevance is set to zero over land. LRP is computed385

on all daily samples from 2023 (in-distribution inputs, Nsamp:2023 = 364) by applying the386

trained DeepCUN and propagating relevance backward through the fixed network, yielding387

maps Rc,k(i, j, t) for (i, j) ∈ Ω, c ∈ {1, . . . , Cin}, and k ∈ {1, . . . , Cout}. Using in-distribution388

2023 samples (for which benchmarking indicates near-saturated skill and minimal systematic389

residual structure on inputs drawn from the training distribution) emphasizes attribution390

patterns tied to learned features of the mapping, enabling the relevance maps to be inter-391

preted as the model’s intrinsic evidence pathways rather than responses to distribution shift392

or extrapolative error compensation under unseen test conditions.393

To reduce sensitivity to rare extreme values and to place all channels and both velocity394

components on a common within-sample scale, each sample is rescaled by a robust ocean-395

only factor SLRP (t) computed from the pooled distribution of strictly positive relevance396

values across all (c, k) over Ω:397

SLRP (t) = P99

({
Rc,k(i, j, t) : (i, j) ∈ Ω, c, k, Rc,k(i, j, t) > 0

})
, (8)

where P99 denotes the 99th percentile. The normalized per-sample score is398

ScoreLRP(i, j, c, k, t) = min

{
100, max

{
0, 100

Rc,k(i, j, t)

SLRP (t)

}}
, (9)

and the reported LRP support score is the sample mean,399

ScoreLRP(i, j, c, k) =
1

Nsamp:2023

Nsamp:2023∑

t=1

ScoreLRP(i, j, c, k, t), (10)

with ScoreLRP(i, j, c, k) = 0 for (i, j) /∈ Ω. The tensor ScoreLRP(i, j, c, k) (percent) summa-400

rizes persistent attributed-support patterns across 2023 under the finalized inputs in Eq. (3)401

and the operators in Table 1.402

2.5.2 post-hoc XAI – Phase 2: DJE for quantifying local responsiveness403

(elasticity)404

For each output component k ∈ {1, . . . , Cout} and input channel c ∈ {1, . . . , Cin}, DJE405

targets the spatial-diagonal input–output derivative406

Dc,k(i, j, t) :=
∂ Ỹk(i, j, t+1)

∂X(i, j, c, t)
, (11)

i.e., the derivative of the prediction at grid point (i, j) with respect to the input at the same407

grid point (i, j). It is important to emphasize that DJE is a spatial-diagonal diagnostic. It408

measures the same-grid sensitivity of the predicted SSC component magnitude at (i, j) to409

an input perturbation applied at the same grid point (i, j). Therefore, DJE should not be410

interpreted as a full spatial influence map. Nonlocal dependencies between distant input411

and output locations may exist through the convolutional receptive field, pooling operations,412

skip connections, and decoder structure of DeepCUN, but these off-diagonal Jacobian terms413

are excluded by construction in Eq. (11). DJE is therefore used here as a diagnostic of local414

co-located responsiveness, complementary to LRP, which is used to characterize broader415

attributed support pathways.416
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Although Eq. (11) is written as an input–output derivative, it is evaluated for the417

trained DeepCUN mapping. Let Fθ denote the trained network with parameters θ, so that418

Y(·, ·, ·, t+1) = Fθ(X(·, ·, ·, t)) (equivalently, Eq. (2)). (12)

Then Dc,k(i, j, t) is the (i, j)–diagonal element of the Jacobian of the composite map X 7→419

φ◦ Fθ(X). It is computed by automatic differentiation through the complete DeepCUN420

computation graph (all operators in Table 1) via the chain rule. Therefore, every intermedi-421

ate operator (Conv/TConv, GN, ReLU, max pooling, and skip concatenations) affects Dc,k422

through its Jacobian evaluated at the realized forward-pass state for that sample and, where423

applicable, through learned weights. DJE reports only this end-to-end local derivative and424

does not decompose Dc,k into per-layer contributions.425

Because the predicted SSC components are signed, we apply a smooth pointwise mag-426

nitude transform to each scalar component prediction:427

φ : R → R+, φ(y) =
√
y2 + ε2φ, εφ = 10−6, (13)

which is a differentiable approximation of |y|. We then define428

Ỹk(i, j, t+1) := φ
(
Y (i, j, k, t+1)

)
=

√
Y (i, j, k, t+1)2 + ε2φ. (14)

The use of φ has an important interpretive consequence. Because φ maps signed SSC-429

component predictions to a smooth magnitude-like quantity, DJE quantifies sensitivity of430

the predicted component magnitude rather than sensitivity of the signed component itself.431

Directional information associated with the sign of Y (i, j, k, t+ 1) is therefore not retained432

in the reported DJE score. In addition, the derivative of the transform is433

φ′(y) =
y√

y2 + ε2φ

, (15)

which approaches zero as y approaches zero. Consequently, DJE is less sensitive in regions434

or times where the predicted SSC component is close to zero. We therefore interpret DJE as435

a magnitude-responsiveness diagnostic rather than as a diagnostic of signed flow-direction436

sensitivity.437

Computing Eq. (11) at all (i, j) by forming the full spatial Jacobian is prohibitively438

expensive. We therefore estimate the spatial-diagonal field using a randomized Rademacher-439

probe diagonal estimator (Hutchinson/Bekas-style probing) with nprobe = 8 probes (Hutchinson,440

1990; Bekas et al., 2007; Avron & Toledo, 2011). This value was selected from a probe-count441

ablation that balanced stability of the DJE visualization against the approximately linear442

increase in computational cost with the number of probes (Appendix B3).443

Fix a day t and output component k. Perform one forward pass of the trained network to444

obtain Y (i, j, k, t+1) and Ỹk(i, j, t+1) (Eq. (14)). The same forward-pass state (activations,445

ReLU gating, and max-pooling argmax routing) is used for all probes r = 1, . . . , nprobe.446

For each probe r, draw a probe field Vr(i, j) such that Vr(i, j) ∈ {−1,+1} on ocean447

points (i, j) ∈ Ω with equal probability, and Vr(i, j) = 0 on land points (i, j) /∈ Ω. The draws448

are independent across probes r and across ocean grid points within each probe. Define the449

scalar objective450

Jk,r(t) :=

S1∑

i=1

S2∑

j=1

Vr(i, j) Ỹk(i, j, t+1), (16)

and compute its gradient with respect to the full input tensor,451

Gc,k,r(i, j, t) :=
∂Jk,r(t)

∂X(i, j, c, t)
. (17)
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The stochastic diagonal estimator is then452

D̂c,k(i, j, t) :=
1

nprobe

nprobe∑

r=1

Vr(i, j)Gc,k,r(i, j, t). (18)

To see why this targets the spatial diagonal, write Jk,r(t) =
∑

p,q Vr(p, q) Ỹk(p, q, t+1)453

and apply the chain rule:454

Gc,k,r(i, j, t) =
∑

p,q

Vr(p, q)
∂Ỹk(p, q, t+1)

∂X(i, j, c, t)
. (19)

Multiplying by Vr(i, j) and taking expectation over probe randomness uses455

E[Vr(i, j)Vr(p, q)] = δ(i,j),(p,q) for (i, j), (p, q) ∈ Ω, (20)

and the expectation is zero if either index lies on land because Vr = 0 there. Hence off-456

diagonal terms (p, q) ̸= (i, j) cancel in expectation, giving457

E
[
D̂c,k(i, j, t)

]
=

∂Ỹk(i, j, t+1)

∂X(i, j, c, t)
. (21)

Therefore, D̂c,k(i, j, t) is an unbiased (in expectation over probes) Monte Carlo estimator458

of the spatial-diagonal derivative in Eq. (11), with sampling noise decreasing as nprobe459

increases.460

To compare responsiveness across input channels with different units and variance,461

define an ocean-only scale σc as the standard deviation of input channel c over (i, j) ∈ Ω462

and all samples in the analysis year. Define the standardized elasticity463

Êc,k(i, j, t) :=
∣∣∣D̂c,k(i, j, t)

∣∣∣ σc, (22)

and set Êc,k(i, j, t) = 0 for (i, j) /∈ Ω.464

As in the LRP analysis, DJE is computed for all daily samples in 2023. For each day t,465

we compute Êc,k(·, ·, t) for all (c, k) and define a single robust normalizer shared across all466

CinCout maps:467

SDJE(t) = P99

({
Êc,k(i, j, t) : (i, j) ∈ Ω, c = 1, . . . , Cin, k = 1, . . . , Cout, Êc,k(i, j, t) > 0

})
.

(23)
The per-sample normalized elasticity score is468

ScoreDJE(i, j, c, k, t) = min

{
100, max

{
0, 100

Êc,k(i, j, t)

SDJE(t)

}}
, (24)

and the reported elasticity score is the sample mean469

ScoreDJE(i, j, c, k) =
1

Nsamp:2023

Nsamp:2023∑

t=1

ScoreDJE(i, j, c, k, t). (25)

The tensor ScoreDJE(i, j, c, k) (percent) summarizes persistent local responsiveness (elastic-470

ity) patterns across 2023 under the finalized inputs in Eq. (3) and the forward operators in471

Table 1.472

2.6 Autoregressive multi-day rollout under prescribed forcing473

DeepCUN is trained for one-step forced emulation (Eq. (3)). To evaluate stability under474

recursive deployment and to quantify potential medium-range behavior under prescribed475

–13–



manuscript accepted for publication in JGR: Machine Learning and Computation

forcing, we run DeepCUN in an autoregressive loop in which predicted SSCs are recycled476

as SSC inputs for subsequent steps, while wind forcing is prescribed at the corresponding477

lead time.478

For a forecast initialized at day t, set479

Ŷ (i, j, 1, t) = uSSC(i, j, t), Ŷ (i, j, 2, t) = vSSC(i, j, t), (26)

and for lead n g 0 form the next-step input tensor (with Cin = 4)480

X̂(i, j, 1, t+n) = Ŷ (i, j, 1, t+n),

X̂(i, j, 2, t+n) = Ŷ (i, j, 2, t+n),

X̂(i, j, 3, t+n) = unorm
WIND(i, j, t+n+1),

X̂(i, j, 4, t+n) = vnormWIND(i, j, t+n+1),

(27)

so that wind remains aligned with the predicted day, as in Eq. (3). The recursion is481

Ŷ(i, j, :, t+n+1) = DeepCUN
(
X̂(i, j, :, t+n)

)
, n = 0, 1, . . . , N−1, (28)

yielding the N -day sequence482

{
Ŷ(i, j, :, t+1), Ŷ(i, j, :, t+2), . . . , Ŷ(i, j, :, t+N)

}
. (29)

This experiment is designed as a controlled potential and stability assessment, not as483

an operationally deployable forecast system. In the present setup, (i) the wind forcing is484

taken from ERA5 reanalysis (not from real-time numerical weather prediction forecasts),485

and (ii) the initial SSC state is taken from reanalysis. Therefore, the experiment quantifies486

how forecast errors accumulate under recursion when the forcing is effectively “perfect’ and487

when only the SSC state is being propagated by the network. Operational deployment488

would require near-real-time SSC initialization, forecast wind products, and an explicit489

treatment of forcing uncertainty and data latency; these considerations are outside the scope490

of the current study, which focuses on partial emulation and interpretability using reanalysis-491

consistent inputs. Figure 2 schematizes the network and the autoregressive deployment.492

3 Results493

3.1 DeepCUN Performance in SSC Emulation494

Figure 3 summarizes DeepCUN performance for the zonal and meridional SSC compo-495

nents during the 2024 test period. The annual-mean MAE fields (Fig. 3b,d, right panels)496

show that prediction errors are largest along the western boundary, the principal exchange497

corridor between the Baltic Sea and the North Sea, where MAE reaches about 10 cm s−1.498

In contrast, errors remain below 5 cm s−1 across most of the basin interior, indicating sub-499

stantially improved predictive accuracy. Additional basin-wide statistics were computed to500

summarize the annual performance quantitatively. The domain-mean MAE is 2.2 cm s−1 for501

uSSC and 2.3 cm s−1 for vSSC, while the annual mean spatially averaged ED is 3.6 cm s−1.502

The ground-truth fields (hereafter denoted by the NEMO suffix), derived from the503

CMEMS Baltic Sea reanalysis (Section 2.1.1), exhibit an annual velocity range of approxi-504

mately ±270 cm s−1, with extremes concentrated near the western boundary due to ener-505

getic exchange flows. Despite this strong variability, DeepCUN maintains robust skill over506

both the coastal zones and the interior basin east of the Danish Straits (roughly east of507

12◦E), capturing the dominant circulation patterns with consistently low errors. The left-508

side panels of Figure 3 (a,c) display the spatial distribution of CC computed grid point509

by grid point over the entire year. The CC remains consistently high, generally exceeding510

0.9, which indicates that DeepCUN captures the temporal variability and direction of the511

–14–



manuscript accepted for publication in JGR: Machine Learning and Computation

MaxP2D 
(2×2)

C
on

v2
D

 
(3

×3
, 3

2)

G
N

R
eL

U

C
on

v2
D

 
(3

×3
, 1

02
4)

G
N

R
eL

U

Tr
C

on
v2

D
 

(3
×3

, 5
12

)

C
on

v2
D

 
(3

×3
, 5

12
)

G
N

C
on

ca
t

Conv2D 
(1×1, 2)

Regression

ReLU

73
6×

76
8×

4

46×48×512

73
6×

76
8×

32

MaxP2D 
(2×2)

C
on

v2
D

 
(3

×3
, 6

4)

G
N

R
eL

U

36
8×

38
4×

64

36
8×

38
4×

32

MaxP2D 
(2×2)

C
on

v2
D

 
(3

×3
, 1

28
)

G
N

R
eL

U

18
4×

19
2×

12
8

18
4×

19
2×

64

MaxP2D 
(2×2)

C
on

v2
D

 
(3

×3
, 2

56
)

G
N

R
eL

U

92
×9

6×
25

6

92
×9

6×
12

8

MaxP2D 
(2×2)

C
on

v2
D

 
(3

×3
, 5

12
)

G
N

R
eL

U

46
×4

8×
51

2

46
×4

8×
25

6

23
×2

4×
51

2

23
×2

4×
10

24

46
×4

8×
51

2

23
×2

4×
10

24

Tr
C

on
v2

D
 

(3
×3

, 2
56

)

C
on

v2
D

 
(3

×3
, 2

56
)

G
N

C
on

ca
t

ReLU

92 × 96 × 256

92
×9

6×
25

6

92
×9

6×
51

2

46×48×512

23
×2

4×
10

24

46
×4

8×
51

2

92×96×256

E1

E2

E3

E4

E5

B

D5

D4

D3

D2

D1

Tr
C

on
v2

D
 

(3
×3

, 1
28

)

C
on

v2
D

 
(3

×3
, 1

28
)

G
N

C
on

ca
t

ReLU

184 × 192 × 128

18
4×

19
2×

25
6

92
×9

6×
25

6

184×192×128

18
4×

19
2×

12
8

Tr
C

on
v2

D
 

(3
×3

, 6
4)

C
on

v2
D

 
(3

×3
, 6

4)

G
N

C
on

ca
t

ReLU

368 × 384 × 64
36

8×
38

4×
12

8

18
4×

19
2×

12
8

36
8×

38
4×

64368×384×64

Tr
C

on
v2

D
 

(3
×3

, 3
2)

C
on

v2
D

 
(3

×3
, 3

2)

G
N

C
on

ca
t

ReLU

736 × 768 × 32

73
6×

76
8×

64

36
8×

38
4×

64

73
6×

76
8×

32736×768×32

O

in Forecast mode 
SSCOutput(t+1) → SSCInput(t), 

with externally updated ATM_var(t+1); 
repeated each cycle.

736×768×32

73
6×

76
8×

2

Inputs:
SSC(t) & ATM (t+1)

Outputs:
SSC(t+1)

Figure 2. DeepCUN architecture and multi-day forecasting framework. Encoder (E1–E5, pink),
bottleneck (B, orange), decoder (D5–D1, yellow), and output head (O, green; 1×1 Conv → regres-
sion loss).
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flow reliably, even where MAE is elevated. Additional basin-wide correlation statistics were512

computed to complement the spatial CC maps. The domain-mean CC is 0.9 for both uSSC513

and vSSC, with corresponding domain-median values of 0.93 and 0.92, respectively. The514

western-boundary error maximum is physically consistent with the regional dynamics of the515

southwestern Baltic exchange corridor. This area includes the Danish Straits and the ad-516

jacent transition region toward the North Sea, where surface currents are strongly affected517

by narrow straits, complex bathymetry, coastal steering, and rapidly varying inflow–outflow518

conditions. Previous Baltic Sea studies have shown that exchange through this region is519

controlled by sea-level gradients, large-scale atmospheric circulation patterns, wind forcing,520

barotropic adjustment, and episodic inflow events, producing sharp velocity gradients and521

energetic, spatially confined current structures (Gustafsson, 1997; Elken et al., 2008; Bendt-522

sen et al., 2009; Karabil et al., 2018; Börgel et al., 2026). In such regions, even small errors523

in the timing, width, or lateral position of an exchange jet can produce comparatively large524

component-wise MAE and ED, although the broader circulation pattern may remain well525

correlated. This explains why the western boundary exhibits the largest absolute errors526

while retaining high temporal correlation.527

The elevated errors also reflect a limitation of the reduced-input DeepCUN formulation.528

The model receives antecedent SSC and target-day wind forcing, but it does not receive ex-529

plicit open-boundary information such as boundary sea level, boundary transports, salinity-530

driven exchange structure, or externally imposed barotropic pressure gradients. Therefore,531

variability associated with the North Sea–Baltic exchange must be inferred indirectly from532

the previous SSC state and the wind field. This makes the exchange corridor more chal-533

lenging than the basin interior, where the daily surface-current evolution is more directly534

constrained by spatially coherent wind forcing and local persistence. Nonetheless, the com-535

bination of high CC and elevated MAE suggests that the dominant errors are primarily due536

to under- or overestimation of the zonal and meridional SSC component magnitudes rather537

than misrepresentation of their role in circulation patterns. Figure 3e shows the time series538

of spatially averaged ED throughout the testing period, which varies on a day-to-day basis539

between approximately 3–7 cm s−1.540

To further assess DeepCUN’s predictive skill under contrasting conditions, Figure 4541

presents two benchmark case studies corresponding to the minimum and maximum spa-542

tially averaged ED during the 2024 testing period (Figure 3e). Panel (a) shows a best-case543

scenario on 7 August 2024, for which ED values between the NEMO reference and Deep-544

CUN prediction remain low over nearly the entire basin. The spatially averaged ED is below545

3 cm s−1, with local values rarely exceeding 10 cm s−1, and both zonal and meridional SSC546

structures are closely reproduced, particularly in the interior Baltic Sea. The corresponding547

vorticity fields exhibit strong dynamical consistency, with approximately 88% agreement in548

vorticity sign, indicating accurate representation of the dominant rotational structures. This549

sign-based comparison also provides a simple visual aid for recognizing whether the main550

positive and negative vorticity regions in the two maps are arranged consistently. Panel (b)551

illustrates the most challenging case on 17 March 2024. Here, ED locally exceeds 20–552

30 cm s−1 along the western boundary, where strong exchange currents and sharp velocity553

gradients dominate. Despite these elevated errors, both NEMO and DeepCUN reproduce554

the same large-scale jet structures between approximately 54◦N and 60◦N west of 12◦E.555

The increased ED primarily reflects differences in jet width and marginal positioning, with556

localized overestimation of current magnitude in the DeepCUN prediction rather than a557

breakdown of the circulation pattern. Away from this energetically active boundary region,558

ED decreases rapidly and remains below 10 cm s−1 across most of the interior basin. The559

corresponding vorticity fields retain sign agreement exceeding 80%, with localized disagree-560

ments mainly confined to offshore regions of weak SSC magnitude where vorticity values561

are near zero. Taken together, these contrasting cases demonstrate that DeepCUN’s largest562

errors are concentrated in high-energy boundary regions, while the interior Baltic Sea con-563

sistently exhibits low ED and strong dynamical consistency. The preservation of vorticity564

sign and coherent circulation patterns in both cases indicates that DeepCUN captures the565
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Figure 3. Annual evaluation of DeepCUN performance during 2024. Panels (a,c): spatial
distribution of CC for u- and v-components, respectively. Panels (b,d): MAE maps for u- and
v-components. Panel (e): daily time series of spatially averaged ED.
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Figure 4. DeepCUN prediction examples for days corresponding to a) minimum and b) max-
imum spatially averaged ED during the 2024 testing period. Top panels: SSC fields from NEMO
(reference) and DeepCUN (prediction). For clarity, SSC vectors are plotted at every 12th grid
point. Bottom panels: corresponding vorticity fields ·. The comparison highlights that DeepCUN
reproduces both SSC vector structure and rotational organization based on the · sign agreement.
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essential rotational structure of the surface flow even when local current magnitudes are566

imperfectly estimated. Additional vorticity-based statistics were computed to complement567

the case-study sign-agreement diagnostic with a basin-wide annual dynamical assessment568

(Appendix A4). Over the full 2024 test period, the annual vorticity-pattern correlation is569

Rζ = 0.85, showing that DeepCUN reproduces the basin-wide spatial organization of the570

relative-vorticity field. The normalized vorticity-amplitude similarity is Aζ = 0.99, showing571

that the relative strength of the vorticity field is also preserved. The annual mean vorticity572

sign agreement is 84.7%. These results indicate that DeepCUN reproduces not only the573

rotational orientation of the flow, but also the basin-wide pattern and relative strength of574

rotational structures.575

3.2 XAI for DeepCUN576

The XAI results are computed from 2023 samples to characterize the learned behavior577

of the trained DeepCUN mapping under in-distribution conditions. They are therefore in-578

terpreted as diagnostics of model reliance and local responsiveness, whereas the independent579

2024 period is used for predictive-skill evaluation.580

3.2.1 Insights from LRP581

Figure 5 summarizes LRP score maps averaged over all Nsamp = 364 daily samples in582

2023. To place all input–output pairs on a common robust scale, the daily relevance fields583

are normalized by a single ocean-only P99 factor pooled across all 4× 2 input–output maps,584

then clipped to [0, 100] and averaged over time. Consequently, locations with higher values585

indicate where the trained network finds stronger input support for forming the next-day586

SSC prediction.587

Across panels, relevance is consistently highest in the southwestern straits, the main588

exchange corridor between the Baltic Sea and the adjacent North Sea basin, indicating that589

dynamically constrained boundary regions carry strong model support. A clear scale separa-590

tion is evident between forcing and state: wind inputs at t+1 (uWIND, vWIND) show broadly591

elevated relevance across the Baltic interior (longitudes > 12◦E) and often along coherent592

coastal bands, whereas SSC-state inputs at time t are more localized and spatially hetero-593

geneous, with hotspots concentrated near coasts and straits. For uSSC(t+1) (top row), the594

wind fields dominate the basin-wide attribution, while SSC-state support is patchier and595

boundary-focused. For vSSC(t+ 1) (bottom row), vSSC(t) provides the strongest state con-596

tribution; uSSC(t) is weaker overall except near the southwestern boundary. Non-negligible597

relevance in the cross-component panels further shows that the network exploits coupled hor-598

izontal structure rather than treating u and v independently. Collectively, the maps indicate599

a spatially varying balance in which winds provide basin-scale support for next-day SSC,600

while state persistence (i.e. SSC memory) and cross-component terms are most influential601

in coastal and strait regions where the circulation is strongly constrained. The enhanced602

LRP support from the antecedent SSC channels in the southwestern exchange corridor also603

helps explain the spatial pattern of prediction error in Figure 3. In this boundary-influenced604

region, the next-day SSC prediction depends strongly on the previous SSC state, indicat-605

ing that DeepCUN uses state memory to represent exchange-related variability that is not606

supplied through explicit open-boundary forcing. Consequently, errors are expected to be607

larger there when the antecedent state does not fully encode the timing, strength, or spatial608

position of rapidly changing inflow–outflow structures.609

3.2.2 Insights from DJE610

Figure 6 summarizes DJE as a spatially resolved measure of local responsiveness in the611

trained DeepCUN one-day update. High DJE values occur where infinitesimal perturba-612

tions to an input channel at a grid point produce large, co-located changes in the predicted613

next-day SSC component magnitude. The resulting patterns are distinctly coastal. Respon-614
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Figure 5. LRP results for DeepCUN averaged over all 2023 samples. Panels show spatial
relevance maps for each input channel contributing to the prediction of uSSC(t+1) and vSSC(t+1).
Relevance is normalized per sample by an ocean-only P99 factor pooled across all 4×2 input–output
maps and clipped to [0, 100] before averaging.

Figure 6. DJE results for DeepCUN averaged over all 2023 samples. Panels show spatial-
diagonal elasticity maps (0–100%) quantifying the local sensitivity of the predicted SSC component
magnitude to infinitesimal perturbations in each input channel at the same grid point. Elasticity
is standardized by the ocean-domain variability of each input channel and normalized per sample
by an ocean-only P99 factor pooled across all 4× 2 input–output maps before averaging.
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siveness is enhanced along shorelines and in narrow sub-basins and gulfs, while it is lower615

and more uniform over much of the open interior. This implies that local perturbations616

to the retained inputs have the strongest potential to affect predicted SSC magnitude in617

coastal and geometrically constrained regions, where flows are tightly steered and gradients618

are sharper.619

Channel-wise, DJE is dominated by same-component pathways and shows a consistent620

row-wise structure. For the uSSC(t+1) target, the strongest maps are uSSC(t) ⇒ uSSC(t+1)621

and uWIND(t + 1) ⇒ uSSC(t + 1), whereas the corresponding cross-component and cross-622

wind panels are substantially weaker. For the vSSC(t+1) target, the strongest maps switch623

accordingly to vSSC(t) ⇒ vSSC(t + 1) and vWIND(t + 1) ⇒ vSSC(t + 1), with the remaining624

cross panels again low. This indicates that, at the spatial-diagonal level, local responsiveness625

is governed primarily by persistence of the matching SSC component and by locally aligned626

wind forcing, while pointwise cross-component effects are minor. Any additional inter-627

component coupling is therefore more likely to act through spatially distributed pathways628

that are excluded by DJE by construction, consistent with the complementary role of LRP629

in revealing nonlocal information use. Taken together with Figure 5, LRP and DJE separate630

two aspects of input importance. LRP indicates where information is recruited to construct631

the prediction, whereas DJE indicates where co-located input perturbations most strongly632

modulate the predicted SSC magnitude.633

3.3 Potential Forecast Behavior Under Prescribed Forcing634

Figure 7 summarizes the performance of the multi-day autoregressive rollout under pre-635

scribed forcing, following the framework described in Section 2.6. The blue curves show the636

spatially averaged MAE of the DeepCUN predictions relative to the NEMO reference as a637

function of forecast lead time from n = 1 to n = 21 days. As expected for an autoregressive638

setup, forecast errors increase monotonically with lead time due to cumulative error propa-639

gation. MAE grows from approximately 2.4–2.6 cm s−1 at day 1 to about 5.6–5.8 cm s−1 by640

day 21 for both velocity components. Error growth is most rapid during the first 5–7 fore-641

cast days and then progressively flattens, indicating a gradual loss of predictability rather642

than an abrupt breakdown of forecast stability. The maroon curves show the corresponding643

spatially averaged CC for each SSC component. Correlation decreases smoothly from val-644

ues above 0.9 at day 1 to approximately 0.65 by day 21, with the strongest decay occurring645

within the first 7–10 days. Despite this reduction, correlations remain moderate at extended646

lead times, indicating that the large-scale directional structure of the surface currents de-647

grades progressively with the forecast horizon. The near-identical evolution of MAE and CC648

for uSSC and vSSC indicates balanced, component-consistent forecast behavior and provides649

no evidence of a lead-time–dependent, component-specific bias associated with the unified650

normalization based on global SSC extrema (Eq. 1).651

Figure 8 provides a spatial perspective on forecast degradation by showing mean ED652

(top row) and mean CC (bottom row) for lead times of 1, 7, 14, and 21 days, averaged653

over the 2024 testing period. At a 1-day lead time, ED values are low across most of the654

domain, with slightly elevated values confined to the western boundary and narrow inflow–655

outflow regions, consistent with the single-day performance shown in Figure 3. By day 7, ED656

increases but remains spatially localized, with highest values along the western boundary657

and southern coastal regions, while offshore areas in the central and northern basin retain658

comparatively lower ED. At lead times of 14 and 21 days, regions of elevated ED expand,659

particularly along the western boundary and into offshore parts of the southern and eastern660

Baltic, with a localized maximum west of Gotland near 18◦E and 58◦N. In contrast, large661

portions of the northern basin consistently exhibit lower ED. The corresponding CC fields662

provide complementary insight into pattern agreement. While correlations decrease with663

lead time, high CC values persist over much of the basin, especially in coastal and northern664

regions, even at 14- and 21-day lead times. Overall, the ED and CC maps indicate that665

forecast degradation is spatially structured, with increasing magnitude errors and reduced666
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pattern agreement concentrated in specific western, southern, and offshore regions, whereas667

large areas of the interior basin retain ED values below 10 cm s−1 together with relatively668

high correlation even at a three-week forecast horizon.669

Figure 7. Performance of DeepCUN under autoregressive multi-day forecasting. The blue curve
(left axis) shows the spatially averaged MAE between predictions and reference SSC components
as a function of forecast lead time (1–21 days). The maroon curve (right axis) shows the spatially
averaged CC (mean of uSSC and vSSC).

Figure 8. Spatial distribution of DeepCUN forecasting skill at selected lead times. Top row:
ED between predicted and reference SSC. Bottom row: spatially averaged CC for the u and v
components of SSC CC = 1

2
(CCuSSC +CCvSSC). Shown are averages for lead times of 1, 7, 14, and

21 days over the 2024 testing period.
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4 Discussion670

The present study develops and evaluates DeepCUN for emulating daily Baltic Sea SSC671

fields on a structured grid at approximately 1 nautical-mile resolution. The network learns672

a one-day SSC state update from the previous-day SSC state and next-day wind forcing,673

and performance is evaluated against NEMO-based reanalysis to quantify predictive skill674

and support explainability analyses. This formulation targets partial emulation of simulated675

surface circulation without integrating a three-dimensional ocean model. A methodological676

contribution is the use of occlusion sensitivity to guide input-channel pruning during model677

configuration rather than solely as a post hoc interpretability tool (Bolmer et al., 2022; Wang678

et al., 2025). To benchmark channel reliance under generalization (and avoid in-sample679

underestimation due to learned inter-channel correlations), we apply occlusion to a trained680

7-channel baseline on the independent 2024 year; the resulting reduced input set is then681

retrained with the retained channels. The occlusion results indicate negligible incremental682

predictive value from mean sea level pressure and near-surface thermodynamic variables683

once SSC persistence and wind forcing are included (Figure B1), allowing the input set to684

be reduced to four channels without measurable loss of skill. This illustrates the practical685

value of targeted input pruning for partial emulation, where efficiency within a defined686

scope is prioritized over including a broad set of potentially relevant drivers. The reduced 4-687

channel configuration should therefore be interpreted as a task-specific input design choice.688

The removed variables (msl, t2m, and d2m) may remain physically relevant for Baltic Sea689

air–sea interaction, but they do not provide appreciable additional predictive skill beyond690

antecedent SSC and next-day wind forcing in the tested DeepCUN configuration.691

One-day-ahead results (Figures 3 and 4) show that DeepCUN reproduces the dominant692

basin-scale structure and temporal variability of both SSC components. Errors are spatially693

structured, with higher discrepancies concentrated in the dynamically active southwestern694

exchange corridor and lower errors together with stronger correlations over much of the695

basin interior. This pattern is consistent with enhanced dynamical complexity and stronger696

gradients in boundary-influenced regions (Gustafsson, 1997; Nielsen, 2005; Gröger et al.,697

2019). The southwestern Baltic is not simply a lateral edge of the model domain; it is698

the main exchange pathway between the Baltic Sea and the North Sea. Currents there699

are shaped by narrow straits, abrupt bathymetric and coastline changes, sea-level-driven700

exchange, episodic inflows and outflows, and strong wind-modulated pressure-gradient vari-701

ability. These processes can generate narrow jets and sharp velocity gradients, so small702

phase or displacement errors in the predicted exchange flow can produce large local MAE703

and ED even when the large-scale current pattern remains realistic.704

Because the mapping in Eq. (3) does not include explicit boundary forcing, Deep-705

CUN represents boundary influence indirectly through spatial dependencies learned from706

the simulation data. This interpretation is supported by the LRP results in Figure 5, which707

show enhanced attributed support from the antecedent SSC channels in the southwest-708

ern exchange corridor. The model therefore appears to rely strongly on the previous SSC709

state to infer boundary-controlled variability that is not explicitly prescribed through open-710

boundary sea level, transport, or hydrographic information. This also helps interpret the711

autoregressive results in Figure 8: the same boundary-influenced region where antecedent712

SSC support is strong exhibits persistent ED growth with lead time. Because predicted713

SSC fields are recursively reused as inputs during autoregressive deployment, errors in this714

state-dependent exchange corridor can propagate into subsequent steps more strongly than715

in regions where the update is more directly constrained by wind forcing. Incorporating716

external boundary information could reduce errors in the exchange corridor, but boundary717

data are often defined on spatial supports that differ from the interior grid and may require718

additional transformations (Bhardwaj et al., 2025) or specialized architectures such as graph719

neural networks (Holmberg et al., 2025). If such information is only available from running720

the same numerical model at inference time, the emulation objective is weakened because721

the network remains dependent on the simulation it seeks to approximate.722
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Under recursive deployment, domain-mean errors increase smoothly with lead time723

(Figure 7) and the highest-error regions remain largely confined to the southwestern ex-724

change corridor and other dynamically active areas (Figure 8), while substantial parts of725

the interior retain comparatively lower degradation. The recursive experiment uses ERA5 re-726

analysis winds rather than forecast winds and therefore represents a potential, upper-bound727

estimate of recursive skill under realized atmospheric forcing, highlighting that practical de-728

ployment will depend on the accuracy of available wind forecasts over the Baltic Sea. The729

spatially structured degradation nevertheless suggests stable autoregressive behavior of the730

learned one-step operator and is noteworthy given the highly variable SSC regime of the731

Baltic Sea, where strong atmospheric forcing and shallow bathymetry amplify temporal and732

spatial variability (Jędrasik & Kowalewski, 2019; Bednorz et al., 2021). Recent work has also733

explored physics-informed learning and neural-operator formulations that embed dynamical734

constraints or global state-to-state mappings (L. Zhang et al., 2024; El Aouni et al., 2025;735

Jahanmard, Hordoir, et al., 2025). While these approaches pursue different objectives, the736

present results indicate that a purely data-driven CNN–U-Net architecture can be effective737

for regional SSC emulation on structured grids when the goal is short-horizon prediction738

based on limited inputs, consistent with earlier CNN-based studies of surface-current esti-739

mation and enhancement (Sinha & Abernathey, 2021; Ciani et al., 2025). This also aligns740

with recent Baltic Sea applications in which convolutional latent-space representations were741

used to reduce high-dimensional ocean fields while preserving physically meaningful spatial742

structure (Hayatijozani et al., 2026).743

From an XAI perspective, a central outcome of this work is the explicit separation of744

attributed support and elasticity as complementary notions of interpretability for the pre-745

dicted SSC field with respect to the input channels, quantified here with LRP and DJE,746

respectively (Sections 2.5.1–2.5.2). LRP is well matched to DeepCUN because the network747

represents a deterministic, feed-forward surrogate of a one-day update operator, so relevance748

maps provide a direct view of which input features are repeatedly recruited to construct the749

next-day SSC field. DJE adds information that relevance alone cannot provide by quanti-750

fying how strongly the predicted SSC magnitude at a grid point responds to infinitesimal,751

co-located perturbations in each input channel. Computing both diagnostics on an entire752

in-distribution year and reporting annual means reduces event-specific noise and yields at-753

tribution patterns that characterize the typical behavior of the trained operator rather than754

a single case study.755

Interpreted jointly, the two diagnostics yield a physically consistent and non-redundant756

picture of how DeepCUN combines prior state and forcing. The LRP results (Figure 5) indi-757

cate that wind inputs at t+1 provide broad basin-scale support for next-day SSC prediction,758

especially across the Baltic interior, while SSC persistence, uSSC(t) and vSSC(t), provides759

more localized structural support in the western exchange corridor, coastal passages, and760

straits where currents are energetic and gradients are sharp. This distinction is consistent761

with the role of wind as a basin-scale external forcing and the role of antecedent SSC as762

a state-memory term that is particularly informative in dynamically constrained bound-763

ary and coastal regions. DJE complements this interpretation by showing that coastal764

and constricted regions exhibit the highest local responsiveness, implying that local input765

perturbations in these regions have the strongest potential to affect the predicted current766

magnitude (Figure 6). Over offshore and interior areas, wind-related DJE remains strong767

and can exceed the SSC-state contribution, indicating that once wind forcing is provided to768

the network it becomes a primary local modulator of the predicted SSC magnitude.769

A robust feature of Figure 6 is that wind responsiveness is largely component-aligned,770

with uwind(t+1) ⇒ uSSC(t+1) and vwind(t+1) ⇒ vSSC(t+1) exceeding the corresponding771

cross-wind panels. This is expected for daily-mean near-surface currents in a semi-enclosed772

basin where the response to synoptic forcing is shaped by coastal steering, wind-driven773

setup and associated pressure gradients, inertial variability, and mixing-mediated coupling774

to deeper layers (Lehmann & Hinrichsen, 2000; Placke et al., 2018; Vortmeyer-Kley et775
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al., 2019; Onken et al., 2020; Liblik et al., 2022). The component-aligned DJE response776

should therefore be interpreted as a local sensitivity pattern of the retained wind channels,777

rather than as a complete description of the full air–sea momentum pathway, which can also778

involve wave-modified stress and roughness-dependent mixing (Haapaniemi et al., 2026).779

Consistent with Baltic Sea analyses that separate geostrophic and ageostrophic components,780

wind influence becomes relatively more prominent as the averaging window shortens toward781

daily means, both directly through surface stress and indirectly through wind-set sea-level782

gradients and mixing adjustments (Barzandeh et al., 2024; Lehmann & Myrberg, 2008;783

Dietze & Löptien, 2016; Delpeche-Ellmann et al., 2021; Bulczak et al., 2024; Elken et al.,784

2024). At the same time, exchanges through the western boundary and episodic inflow events785

shape the evolving background state and constrain variability in boundary corridors (Meier,786

2007; Neumann et al., 2017; Mohrholz, 2018), which aligns with the stronger persistence-787

related relevance in Figure 5.788

These attribution patterns are consistent with the model formulation adopted here, in789

which SSC at time t provides the initial state and wind at time t + 1 provides external790

forcing (Eq. (3)). Although DeepCUN does not explicitly enforce governing equations, the791

combined LRP–DJE results indicate a clear separation between state-supported structure in792

boundary-influenced regions and wind-modulated adjustment over the basin interior. The793

maps should be interpreted as data-consistent diagnostics of how DeepCUN represents the794

dynamics embedded in the CMEMS–NEMO reanalysis and ERA5 forcing, and they provide795

actionable guidance on where improvements are most likely to matter, particularly in coastal796

and constricted regions where responsiveness is highest.797

Beyond the climatological averages reported here, the same LRP–DJE workflow can be798

applied to individual forecast instances. This enables case-based analysis of specific events,799

including days with unusually strong winds, extreme SSC magnitudes, rapid reversals, or800

large prediction errors, by comparing event-wise attributions against the annual-mean base-801

line. Such analysis can indicate whether an extreme prediction is supported by physically802

consistent input pathways, whether the network relies disproportionately on localized coastal803

information, and which input channels and locations contribute most to forecast degradation804

in high-impact conditions.805

Nevertheless, a limitation of DJE is that it reports only the spatial-diagonal part of806

the input–output Jacobian after applying a magnitude transform to the predicted SSC807

component. It therefore identifies where local perturbations most strongly modulate the808

predicted component magnitude, but it does not describe the full nonlocal influence of an809

input field, nor does it retain the sign of the response. Accordingly, DJE is interpreted810

here together with LRP. LRP provides broader attributed-support patterns, whereas DJE811

isolates local co-located magnitude responsiveness.812

Overall, this study demonstrates that DeepCUN achieves a balance between accuracy,813

efficiency, and interpretability that is well suited to partial emulation of SSC in a complex814

marginal sea. While the approach does not replace full dynamical models, it provides a815

fast and physically plausible surrogate that can support ensemble forecasting, sensitivity816

studies, and operational applications where rapid surface-current estimates are required.817

The combination of optimized data design, interpretable deep learning, and rigorous spatial818

evaluation establishes a framework that can be extended to other regions and variables,819

while also highlighting key challenges—such as boundary representation—that merit further820

investigation.821

Appendix A Validation metrics822

This appendix collects the full metric definitions used for one-step emulation and for823

the autoregressive multi-day experiment. All metrics are computed over the ocean domain824
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Ω defined by the land–sea mask; land grid points are excluded (or equivalently set to zero825

by masking) in the reported fields.826

A1 Euclidean distance (vector error)827

The gridwise Euclidean distance (ED) between predicted and reference SSC vectors is828

ED(i, j, t) =

√(
ûSSC(i, j, t)− uSSC(i, j, t)

)2

+
(
v̂SSC(i, j, t)− vSSC(i, j, t)

)2

. (A1)

A2 Mean absolute error (component-wise)829

For a given evaluation period of length T (e.g., T = 365 for year 2024), for the zonal830

component,831

MAEu(i, j) =
1

T

T∑

t=1

∣∣∣ûSSC(i, j, t)− uSSC(i, j, t)
∣∣∣, (A2)

and analogously for the meridional component MAEv(i, j).832

A3 Pearson correlation coefficient (component-wise)833

For the zonal component,834

CCu(i, j) =

T∑

t=1

(
ûSSC(i, j, t)− ûSSC(i, j)

)(
uSSC(i, j, t)− uSSC(i, j)

)

√√√√
T∑

t=1

(
ûSSC(i, j, t)− ûSSC(i, j)

)2
√√√√

T∑

t=1

(
uSSC(i, j, t)− uSSC(i, j)

)2
, (A3)

where the overbar denotes the temporal mean at (i, j) computed over the evaluation period.835

The same formulation defines CCv(i, j) for the meridional component.836

A4 Relative vorticity diagnostic837

We validate rotational structure using the vertical component of relative vorticity de-838

rived from SSC:839

ζ(i, j, t) =
∂vSSC
∂x

(i, j, t)− ∂uSSC

∂y
(i, j, t), (A4)

with predicted vorticity ζ̂(i, j, t) computed by applying the same discrete derivative operators840

to (ûSSC, v̂SSC). We interpret the fraction of ocean grid points with sign(ζ) = sign(ζ̂) as841

a measure of consistency in identifying cyclonic versus anticyclonic structures, while |ζ|842

characterizes the strength of rotational features.843

To complement this binary sign-based diagnostic, we compute VPS as follows: For each844

day t, the spatial vorticity-pattern correlation is defined as845

Rζ(t) = corr
(
ζ̂(i, j, t), ζ(i, j, t)

)
, (A5)

The corresponding normalized vorticity-amplitude similarity is846

Aζ(t) =
2σζ̂(t)σζ(t)

σ2
ζ̂
(t) + σ2

ζ (t)
, (A6)

where σζ̂(t) and σζ(t) are the spatial standard deviations of predicted and reference vorticity847

over finite ocean values. The daily VPS is then848

VPS(t) = Aζ(t)max (0, Rζ(t)) . (A7)
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The annual VPS reported for the 2024 test period is849

VPS2024 =
1

T

T∑

t=1

VPS(t). (A8)

VPS approaches one when the predicted and reference vorticity fields agree in both spa-850

tial pattern and relative amplitude. It decreases when rotational structures are misplaced,851

over-smoothed, over-amplified, or oppositely oriented. Because VPS combines vorticity-852

pattern correlation with normalized amplitude similarity, it provides a scale-normalized853

dynamical complement to vorticity sign agreement without using a raw vorticity MAE.854

Appendix B Model-Design Ablation Analyses855

B1 Input-channel ablation and reduced-input comparison856

This appendix provides the complete occlusion sensitivity methodology used to opti-857

mize the DeepCUN input set. The procedure follows the same seven-channel formulation858

previously used in sciCUN (Barzandeh et al., 2026), initially extended here from the Gulf859

of Riga to the full Baltic Sea. Let ûSSC and v̂SSC denote model predictions and uSSC, vSSC860

the reference values. The baseline (pre-pruning) input tensor uses Cin = 7 channels:861

(
ûSSC(i, j, t+1), v̂SSC(i, j, t+1)

)
= DeepCUN(X(i, j, :, t)) ,

X(i, j, 1, t) = uSSC(i, j, t),

X(i, j, 2, t) = vSSC(i, j, t),

X(i, j, 3, t) = unorm
WIND(i, j, t+1),

X(i, j, 4, t) = vnormWIND(i, j, t+1),

X(i, j, 5, t) = mslnorm(i, j, t+1),

X(i, j, 6, t) = t2mnorm(i, j, t+1),

X(i, j, 7, t) = d2mnorm(i, j, t+1).

(B1)

Input importance is assessed on the held-out 2024 test year (T = 365 daily instances862

from 2 January to 31 December). For each channel c ∈ {1, . . . , Cin}, we replace that channel863

by its temporally averaged (daily-mean) gridded field computed over the test year, while864

leaving all other channels unchanged:865

Xc(i, j) =
1

T

T∑

τ=1

X(i, j, c, τ), (B2)

866

Xocc→c(i, j, :, t) =
(
X(i, j, 1, t), . . . , Xc(i, j), . . . , X(i, j, Cin, t)

)
. (B3)

We then compute reference predictions (no occlusion) and occluded predictions:867

(
ûref
SSC(i, j, t+1), v̂refSSC(i, j, t+1)

)
= DeepCUN(X(i, j, :, t)) ,

(
ûocc→c
SSC (i, j, t+1), v̂occ→c

SSC (i, j, t+1)
)
= DeepCUN(Xocc→c(i, j, :, t)) .

(B4)

Occlusion is intended here as an out-of-sample intervention test of channel reliance.868

When performed on data used for optimization (training years), masking a channel can869

yield overly optimistic conclusions because the network may have learned to impute the870

missing information from other covarying channels in-sample, reducing the apparent skill871

drop. Evaluating occlusion on the independent 2024 year mitigates this effect and better872

reflects sensitivity under generalization. The occlusion experiment itself does not alter model873

parameters; however, once negligible channels are identified, the network is retrained with874
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the reduced channel set because the input dimensionality (and thus the first-layer weights)875

changes. Performance is quantified using the gridwise ED between predicted and reference876

SSC vectors, averaged over the evaluation period (Eq. (A1)). Let EDref be the ED field877

for the unoccluded (reference) prediction and EDocc→c the ED field for channel-c occlusion.878

Channel influence is summarized by the occlusion ratio879

ORc = 1− EDref

EDocc→c
. (B5)

Here ORc ≈ 0 indicates negligible influence, while ORc ≈ 1 indicates strong dependence.880

(Negative values would indicate slight improvement after occlusion; none were observed.)881

Applied to 2024, the occlusion analysis indicates negligible contribution from msl, t2m,882

and d2m once SSC persistence and wind forcing are included (Fig. B1). These channels are883

therefore removed, yielding the finalized Cin = 4 input set used throughout the main text884

(Eq. (3)).

Figure B1. Occlusion sensitivity analysis.

885

To further consolidate the reduced-input design, we also performed a direct test-period886

comparison between the trained seven-channel baseline and the finalized four-channel Deep-887

CUN model on the same independent 2024 evaluation set. Both models were evaluated888

using the same reference fields and the same annual metrics. The seven-channel model pro-889

duced only marginal differences relative to the four-channel model, with domain-mean MAE890

changing from 2.22 to 2.21 cm s−1 for uSSC and from 2.32 to 2.29 cm s−1 for vSSC. The891

annual mean spatially averaged ED changed from 3.57 to 3.54 cm s−1. The corresponding892

domain-mean CC values remained essentially unchanged, with uSSC staying at 0.901 and893

vSSC changing only slightly from 0.902 to 0.901. These differences are small relative to the894

overall error levels and do not indicate an appreciable annual skill gain from retaining msl,895

t2m, and d2m in this one-day SSC emulation setting.896

Because the independent evaluation is based on a single test year, we additionally897

assessed whether the 2024 forcing conditions were anomalous relative to the 2015–2023898

training period. This check focused on ERA5 10 m wind because the finalized DeepCUN899

configuration retains uWIND and vWIND as the only atmospheric forcing channels after input-900

channel ablation. We evaluated both basin-scale and spatially resolved wind-speed statistics,901

using UWIND =
√

u2
WIND + v2WIND. For the area-weighted daily domain-mean wind speed,902

the 2024 annual mean was 3.87 m s−1, close to the 2015–2023 mean of 3.94 ± 0.14 m s−1.903

The corresponding upper-tail statistics were also within the training-period interannual904

range, with 2024 P95 and P99 values of 6.03 and 7.24 m s−1, compared with 6.04 ± 0.29905

and 7.15 ± 0.46 m s−1 for 2015–2023. The fraction of days exceeding the 2015–2023 daily906

domain-mean P95 threshold was 4.64% in 2024, compared with 4.99 ± 2.39% during 2015–907

2023. When all grid points and days were considered, the 2024 wind-speed range also908
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remained within the 2015–2023 range, with a maximum of 19.91 m s−1 compared with909

20.05 m s−1 during training. However, 2024 was not simply a repeated realization of the910

training years: the spatial P99 and annual-maximum wind-speed maps exceeded the 2015–911

2023 interannual envelope over 9.14% and 7.42% of grid cells, respectively. These diagnostics912

indicate that 2024 is not an outlier as an independent test year, but it contains new localized913

wind patterns while remaining largely within the wind-speed range sampled during training.914

B2 Architecture Ablation and Baseline Comparison915

DeepCUN uses a five-level encoder–decoder structure with skip connections and GN916

(Table 1). This design was selected to increase the representational capacity of the network917

for the larger and more heterogeneous full Baltic Sea domain. To support this finalized918

design choice, we performed an architecture ablation and baseline comparison using the919

independent 2024 test period.

Figure B2. Architecture ablation and baseline comparison during the independent 2024 test
period. Curves show the daily spatially averaged ED relative to SSCNEMO for three trainable
neural-network configurations and two naive reference baselines. The trainable configurations are
the finalized DeepCUN model, the DeepCUN variant with batch normalization (BN), and the
previous sciCUN-style three-level architecture trained for the whole Baltic Sea. The naive baselines
are one-day persistence and daily climatology computed from 2015–2023. Lower ED indicates better
agreement with SSCNEMO.

920

Figure B2 compares the finalized DeepCUN model with two trainable variants, a Deep-921

CUN variant in which GN is replaced by BN and a sciCUN-style three-level architecture,922

as well as two naive baselines, one-day persistence and daily climatology from 2015–2023.923

The finalized DeepCUN configuration generally maintains the lowest ED throughout the924

independent 2024 test period. Using BN instead of GN slightly but consistently increases925

the error, supporting the use of GN under the adopted training setup. The larger errors of926

the sciCUN-style model indicate that the additional depth in DeepCUN improves represen-927

tation of the full Baltic Sea’s spatial heterogeneity. The persistence and daily climatology928

baselines produce substantially larger errors than the trainable neural-network configura-929

–29–



manuscript accepted for publication in JGR: Machine Learning and Computation

tions, showing that the trained models learn a nontrivial one-day mapping beyond simple930

persistence and stable climatological assumptions.931

B3 DJE Probe-Count Ablation932

The DJE estimator uses randomized Rademacher probes to approximate the spatial-933

diagonal derivative in Eq. (18). Increasing the number of probes reduces stochastic sampling934

noise, but it also increases the computational cost approximately linearly because each935

additional probe requires an additional gradient evaluation. We therefore performed a probe-936

count ablation to evaluate whether the selected value, nprobe = 8, is sufficient for the DJE937

visualization shown in Figure 6.938

The ablation was carried out using nprobe ∈ {2, 4, 8, 16, 32}. For each probe count, the939

same complete DJE analysis was recomputed. The resulting DJE maps were rescaled to the940

plotted normalized score range and summarized over ocean grid points for each of the eight941

input–output panels using the mean and standard deviation of the normalized DJE score.942

Table B1 shows that the domain-mean and standard-deviation values vary only moder-943

ately with probe count, especially for the dominant same-component and component-aligned944

pathways. We also visually inspected the resulting DJE maps for different probe counts (not945

shown). Increasing the number of probes mainly reduced stochastic roughness and produced946

slight additional smoothing or shading changes, but did not provide additional interpretive947

information after nprobe = 8. The dominant local-responsiveness pathways remained the948

same from nprobe = 8 onward: uSSC(t) → uSSC(t + 1) and uWIND(t + 1) → uSSC(t + 1) for949

the zonal target, and vSSC(t) → vSSC(t+ 1) and vWIND(t+ 1) → vSSC(t+ 1) for the merid-950

ional target. Weaker cross-component terms showed greater sensitivity to probe count, but951

this did not alter the main interpretation of Figure 6. Because larger probe counts sub-952

stantially increase computation time while producing only incremental visual changes, we953

selected nprobe = 8 as a computationally efficient value for the DJE analysis.954

Table B1. Probe-count ablation for the final DJE visualization. Values are ocean-domain mean
± standard deviation of the normalized plotted DJE score for each plotted input–output map.

Input–output DJE map nprobe = 2 nprobe = 4 nprobe = 8 nprobe = 16 nprobe = 32

uSSC(t) → uSSC(t + 1) 75.23 ± 10.89 71.56 ± 12.73 69.25 ± 14.07 68.19 ± 14.75 67.83 ± 15.02

vSSC(t) → uSSC(t + 1) 45.97 ± 8.33 35.57 ± 6.40 26.90 ± 4.85 20.52 ± 3.80 16.21 ± 3.26

uWIND(t + 1) → uSSC(t + 1) 69.54 ± 10.18 67.21 ± 9.95 65.95 ± 9.89 65.44 ± 9.90 65.28 ± 9.94

vWIND(t + 1) → uSSC(t + 1) 49.21 ± 9.26 41.31 ± 8.09 35.32 ± 7.27 31.58 ± 6.79 29.61 ± 6.55

uSSC(t) → vSSC(t + 1) 45.82 ± 7.85 35.57 ± 6.07 26.98 ± 4.68 20.69 ± 3.78 16.47 ± 3.38

vSSC(t) → vSSC(t + 1) 84.27 ± 8.22 81.79 ± 9.74 80.31 ± 10.95 79.65 ± 11.59 79.44 ± 11.83

uWIND(t + 1) → vSSC(t + 1) 53.07 ± 9.38 45.02 ± 7.88 38.92 ± 6.67 35.13 ± 5.97 33.10 ± 5.67

vWIND(t + 1) → vSSC(t + 1) 80.20 ± 8.84 79.61 ± 8.74 79.47 ± 8.83 79.45 ± 8.98 79.45 ± 9.07

The statistics are computed over ocean grid points only after applying the same normalization and plotted score
range used for Figure 6. Increasing nprobe mainly reduces stochastic roughness in the DJE estimator. The
dominant input–output responsiveness pathways remain unchanged from nprobe = 8 onward.

Open Research Section955

This study was conducted using E.U. Copernicus Marine Service Information. The ref-956

erence sea-surface current fields used for training and evaluation are from the Copernicus Ma-957

rine Service product Baltic Sea Physics Reanalysis (Product ID: BALTICSEA_MULTIYEAR_PHY_003_011)958

(E.U. Copernicus Marine Service Information (CMEMS), 2025). Atmospheric forcing fields959

are from the Climate Data Store dataset ERA5 hourly data on single levels from 1940 to960

present (Hersbach et al., 2023). In this work, ERA5 hourly fields were aggregated to daily961

means and interpolated to the SSC grid as described in Section 2.1. The analyses in this962

manuscript use the 2015–2024 subsets of the above products.963
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The complete DeepCUN workflow, including source code for data preparation, train-964

ing, testing, explainability analyses (LRP and DJE), forecasting experiments, and figure-965

generation scripts, has been archived on Zenodo (Barzandeh, 2026). The Zenodo archive966

also includes the final trained DeepCUN model and the processed evaluation outputs re-967

quired to reproduce the results reported in this manuscript. The archive is distributed under968

the Creative Commons Attribution 4.0 International license (CC BY 4.0).969
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