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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-
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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 2 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 2 RD; j = 1; : : : ;K: (3)
17



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 +a(t)hc j(t)

�
x�wold

j

�
; (5)

wherea(t) is the learning rate, hc j(t) is the neighbourhood function centredon theBMU,and t 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
W = fr1;r2; : : : ;rNg; (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 =

2
6666666664

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

3
7777777775

2 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 =

2
4
j j j

x1 x2 � � � xS
j j j

3
5 2 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
h 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

¶h

¶y
; vSSC;geo =

g
f

¶h

¶x
; (10)

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

is the Coriolis parameter, with W the Earth’s angular velocity and f 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 Dl and Df denote the longitudinal and latitudinal gridincrements in degrees. Then the corresponding zonal andmeridional distances at latitude
f are

Dx = Rcosf(Dl
p

180
); Dy = RDf(

p

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),
¶h

¶x

����
i; j
� hi+3; j�9hi+2; j +45hi+1; j�45hi�1; j +9hi�2; j�hi�3; j

60Dxi; j
; (13)

and
¶h

¶y

����
i; j
� hi; j+3�9hi; j+2 +45hi; j+1�45hi; j�1 +9hi; j�2�hi; j�3

60Dyi; 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

jPgeoj+ jPageoj
: (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) =

2
664

uSSC(i; j; t)
vSSC(i; j; t)

unorm
wind (i; j; t +1)

vnorm
wind (i; j; t +1)

3
775 ; (24)

and the corresponding predicted output field was
bUSSC(i; j; t +1) =

�
ûSSC(i; j; t +1)
v̂SSC(i; j; t +1)

�
: (25)

The forecasting model therefore approximated the mapping
bUSSC(i; j; t +1) = Fq (X(i; j; :; t)) ; (26)

where Fq denotes the neural-network predictor with trainable parameters q .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 +lkWk22; (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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