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Abstract
This study presents the development, implementation, and validation of the high-resolution three-dimensional bio-
geochemical 3D CEMBS-PolSea model for the southern Baltic Sea. The model is based on the NPZD (Nutrient–
Phytoplankton–Zooplankton–Detritus) framework and simulates key ecosystem components and processes, including
phytoplankton, zooplankton, chlorophyll a, dissolved oxygen, nutrients (NO3, PO4, SiO3, NH4), and organic matter
dynamics. The model was developed within the CSI-POM 2 project and integrated into an operational environmental
information system for Polish marine areas.
Model performance was evaluated using in situ observations from the ICES Hydrochemistry databases and satellite-
derived chlorophyll-a products from the SatBałtyk system. Validation results demonstrated the highest agreement
for dissolved oxygen, with correlation coefficients reaching 0.87 and 0.72 for the ICES Low Resolution and High
Resolution datasets, respectively. Moderate agreement was obtained for nutrients and chlorophyll a, with correlation
coefficients ranging from 0.51 to 0.68. Additional performance metrics, including bias, normalised RMSE (nRMSE),
the RMSE-observation standard deviation ratio (RSR), and the coefficient of variation (CV), indicate that model errors
remain comparable to or lower than the variability of the observational datasets. These results demonstrate that the
model reproduces a substantial fraction of the observed environmental variability despite the high natural variability of
biogeochemical conditions in the Baltic Sea.
The integration of satellite-derived chlorophyll a assimilation improves the representation of phytoplankton dynamics
and enhances the operational applicability of the modelling system. The developed 3D CEMBS-PolSea model provides
a valuable tool for ecosystem assessment, environmental monitoring, forecasting, and marine management in the
southern Baltic Sea.
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1. Introduction1

The Baltic Sea ecosystem is strongly influenced by river-2

ine inflows, episodic inflows of saline North Sea waters3

through the Danish Straits, and local hydrodynamic pro-4

cesses such as upwelling, stratification, and vertical mix-5

ing. Excessive nutrient inputs from land-based sources in-6

tensify eutrophication, stimulating phytoplankton blooms7

and contributing to oxygen depletion in deeper water lay-8

ers. Because observational programmes provide limited9

spatial and temporal coverage, numerical models have be-10

come indispensable tools for analysingmarine ecosystems,11

©2026 The Author(s). This is the Open Access article distributed

under the terms of the Creative Commons Attribution Licence.

investigating environmental processes, and forecasting 12

their variability (Daewel and Schrum, 2013; Dzierzbicka- 13

Głowacka et al., 2013a,b; Eilola et al., 2009; Gräwe et al., 14

2015; Hordoir et al., 2019; Meier et al., 2014; Murawski et 15

al., 2021). 16

Over the last two decades, numerous hydrodynamic 17

and biogeochemical models have been developed for the 18

Baltic Sea. Examples include the Baltic Sea Long-Term 19

Large-Scale Eutrophication Model (BALTSEM) (Gustafsson 20

et al., 2012), ERGOM-based ecosystemmodels (Eilola et al., 21

2009), theNEMO-Nordicmodelling framework (Hordoir et 22

al., 2019), and coupled regional ecosystem models such as 23

ECOSMO(Daewel and Schrum, 2013). Thesemodelling sys- 24

tems have substantially improved our understanding of nu- 25

https://creativecommons.org/licenses/by/4.0/deed.en
https://doi.org/10.5697/...
mailto:dzierzb@iopan.pl


In
Pr
es
s

Development and validation of the 3D CEMBS-PolSea biogeochemical model ... 2/27

Figure 1. Conceptual architecture of the CSI-POM and CSI-POM 2 operational environmental information systems and

the integration of the 3D CEMBS-PolSea ecohydrodynamic model. Stage 1 – components developed within CSI-POM

while Stage 2 – components developed within CSI-POM 2.

trient cycling, oxygen dynamics, eutrophication processes,26

and ecosystem responses to climate variability and anthro-27

pogenic pressures. Nevertheless, the complex interactions28

between physical forcing, biogeochemical processes, and29

human activities continue to represent a major scientific30

challenge, particularly in coastal and shelf environments31

characterised by strong environmental gradients and high32

temporal variability.33

Despite significant advances in marine monitoring and34

numerical modelling, comprehensive analysis of processes35

occurring in coastal ecosystems remains challenging. This36

is particularly evident in semi-enclosed basins such as37

the Baltic Sea, where strong vertical stratification, highly38

variable riverine freshwater and nutrient inputs, irregular39

inflows from the North Sea, and complex biogeochemi-40

cal interactions control ecosystem functioning (Feistel et41

al., 2008; Leppäranta and Myrberg, 2009; Stramska et al.,42

2021). In recent decades, increasing anthropogenic pres-43

sure and eutrophication have further altered the ecological44

status of the Baltic Sea, leading to changes in phytoplank-45

ton biomass, water transparency, hypoxia, and the occur-46

rence of harmful algal blooms (Gustafsson et al., 2012;47

HELCOM, 2023; Stramska et al., 2021). Owing to the op- 48

tical complexity of Baltic waters and the strong spatial 49

and temporal variability of environmental conditions, re- 50

liable monitoring and forecasting require the integration 51

of in situ observations, satellite remote sensing products, 52

and advanced numerical modelling systems (Darecki and 53

Stramski, 2004; She et al., 2020; Stramska et al., 2021). 54

Although numerous studies have been conducted, un- 55

certainties remain regarding the quantitative importance 56

of individual ecosystem processes and their interactions. 57

Reliable environmental assessments therefore requirehigh- 58

quality observational datasets togetherwith robust numer- 59

icalmodels capable of reproducing the observed variability 60

of marine conditions. Model validation and quantitative 61

evaluation of model performance are essential prerequi- 62

sites for the application of numerical simulations in ecosys- 63

tem research, environmental assessment, and operational 64

forecasting. 65

While many Baltic Sea ecosystem models have proven 66

successful as scientific research tools, their integration into 67

operational environmental information systems remains 68

relatively limited. Consequently, a gap persists between 69
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scientific advances in marine ecosystem modelling and70

their practical application in environmental management,71

marine spatial planning, and decision-support systems.72

Bridging this gap requires not only accurate numerical73

models but also efficient mechanisms for transforming74

model outputs into operational environmental information75

products accessible to end users.76

The Digital System for Environmental Information of77

Polish Marine Areas (CSI-POM Stage 2, http://www.csip78

om2.pl), developed as a continuation of CSI-POM Stage 179

(http://www.csipom.pl), aims to address this challenge by80

integrating advanced numerical modelling with an opera-81

tional environmental information system for Polishmarine82

areas (Dybowski et al., 2025; Dzierzbicka-Głowacka et al.,83

2025). The overall structure of the CSI-POM and CSI-POM84

2 systems, together with the role of the 3D CEMBS-PolSea85

model within the operational framework, is presented in86

Figure 1.87

The three-dimensional prognostic ecohydrodynamic88

3D CEMBS-PolSea model constitutes the core numerical89

component of the Digital System for Environmental Infor-90

mation of Polish Marine Areas (CSI-POM and CSI-POM 2).91

The system consists of two principal modules: a hydro-92

dynamic module and a biogeochemical module, supple-93

mented by dedicated components responsible for atmo-94

spheric forcing, riverine inputs, satellite data assimilation,95

operational management, and dissemination of environ-96

mental information products. The hydrodynamic compo-97

nentwas validated independently and is described in detail98

in Dybowski et al. (2025).99

In addition to the numerical modelling components,100

the system includes supervisory procedures responsible101

for workflow control, data exchange, quality assurance,102

data archiving, and user-oriented product generation.103

While CSI-POM Stage 1 focused primarily on the analysis104

and forecasting of physical marine parameters, CSI-POM105

Stage 2 extends these capabilities through the implementa-106

tion of advanced biogeochemical modelling and ecosystem107

analysis tools. The development of the 3D CEMBS-PolSea108

biogeochemical module therefore represents a key step109

towards integrating high-resolution ecosystem modelling110

into an operational environmental information system sup-111

porting environmental monitoring, scientific research, and112

marine management in Polish marine areas.113

The main objective of this study is the development,114

implementation, and validation of a high-resolution bio-115

geochemical module of the 3D CEMBS-PolSea model for116

the southern Baltic Sea. The model enables simulations117

of phytoplankton and zooplankton biomass, chlorophyll a118

concentration, dissolved oxygen, nutrient dynamics, and119

organic matter transformations. Particular emphasis is120

placed onmodel validation using in situ observations from121

the ICES database and satellite-derived chlorophyll a prod-122

ucts, as well as on the assessment of the model’s ability123

to reproduce the spatial and temporal variability of key124

biogeochemical parameters in the southern Baltic Sea. 125

This paper focuses on the structure, implementation, 126

and performance of the biogeochemical component of the 127

3D CEMBS-PolSea system and its applicability to ecosys- 128

tem analysis in the southern Baltic Sea. The architecture 129

and functionality of the operational CSI-POM 2 environ- 130

mental information platform, in which model products are 131

disseminated to end users, will be presented in a separate 132

publication. 133

2. Material and methods 134

Achieving the objectives of the CSI-POM Stage 2 project, 135

namely determining the dynamics of biogeochemical pa- 136

rameters in the southern Baltic Sea, requires the imple- 137

mentation of the following stages: 138

2.1 Model configuration 139

As part of model setup, a comprehensive dataset of in- 140

put fields was prepared, including initial conditions, atmo- 141

spheric forcing, boundary conditions at the water–water 142

interface, as well as river inflows and nutrient deposition, 143

all supplied through dedicated data modules. 144

2.1.1 Initial conditions 145

Initial fieldswerepreparedon the3DCEMBS-PolSeamodel 146

griddevelopedduring the first stageof theCSI-POMproject. 147

A horizontal resolution of approximately 575 m was ap- 148

plied, representing a compromise between accurate repre- 149

sentation of physical and biogeochemical processes and 150

computational efficiency. The vertical grid consists of 66 151

layers. In the upper part of the water column (down to 152

255mdepth), layers of 5m thickness are used, correspond- 153

ing to 26 vertical layers within the Polish marine areas. 154

Below this depth, the layer thickness gradually increases, 155

reaching a maximum of 83 m in the deepest parts of the 156

southern Baltic Sea domain (Dybowski et al., 2025). 157

Bathymetry was developed based on EMODnet Bathy- 158

metry data, which provide consistent digital terrain mod- 159

els for European marine areas. The resulting bathymetry 160

was subsequently corrected by adjusting it to a high- 161

resolution coastline to ensure accurate representation of 162

flows in the coastal zone (see Figure 2). 163

Initial conditions were prepared for 1 January 2020 164

and include, amongothers, concentrationsof nitrates, phos- 165

phates, ammonia, silicates, dissolved oxygen, phytoplank- 166

ton and zooplankton biomass, chlorophyll a concentration, 167

and organic matter content. These data cover the entire 168

water column at each grid point. The source data were 169

derived from two main datasets. The first was the Baltic 170

Sea Biogeochemistry Reanalysis provided by the Marine 171

Copernicus system, based on the ERGOMmodel coupled 172

with the NEMO ocean–ice model. The second source was 173

the 3D CEMBS model with a spatial resolution of approx- 174

imately 2.3 km, developed at the Institute of Oceanology, 175

Polish Academy of Sciences. 176

http://www.csipom2.pl
http://www.csipom2.pl
http://www.csipom2.pl
http://www.csipom.pl
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Figure 2. Bathymetry of the “effective domain” of the three-dimensional CEMBS-PolSea model, including the locations of

21 river mouths incorporated into the model and the boundaries of the Polish Marine Areas.

Due to the lower spatial resolution of the source data177

compared to the target model, the datasets were interpo-178

lated onto the 3D CEMBS-PolSea grid. To avoid data gaps in179

coastal regions, extrapolation using a Poisson Solver was180

applied. This was followed by vertical and horizontal inter-181

polation using the Piecewise Cubic Hermite Interpolating182

Polynomial (PCHIP) method. The final initial fields were183

stored in netCDF format.184

2.1.2 Atmospheric forcing185

Atmospheric forcing fields were prepared based on fore-186

casts from the Unified Model (UM), developed at the Inter-187

disciplinary Centre for Mathematical and Computational188

Modelling of the University of Warsaw (ICM UW). The189

model provides meteorological forecasts four times per190

day. Input data include wind components at 10 m, air tem-191

perature at 2 m, specific humidity, dew point temperature,192

sea-level atmospheric pressure, precipitation, and short-193

wave and longwave radiation components. These data are194

interpolated onto the 3D CEMBS-PolSea grid and stored in195

netCDF files with an hourly temporal resolution.196

2.1.3 Open boundary conditions197

The 3D CEMBS-PolSea model domain covers the south-198

ern Baltic Sea and is connected to the Danish Straits and199

the central Baltic. Therefore, appropriate open boundary200

conditions are required. These are derived from the op-201

erational 3D CEMBS model with a spatial resolution of202

approximately 2 km (Dzierzbicka-Głowacka et al., 2013a).203

The data are provided at 6-hour intervals as up-to-date204

model outputs and are subsequently processed through205

extrapolation using a Poisson Solver, followed by vertical206

and horizontal interpolation onto the 3D CEMBS-PolSea207

grid.208

2.1.4 River inflows and nutrient deposition 209

The inclusion of river inflows is a key component in mod- 210

elling coastal processes. The 3D CEMBS-PolSea model in- 211

corporates 21 rivers discharging into the southern Baltic 212

Sea from Polish territory. River flow data are derived from 213

SWAT hydrological models (Dybowski et al., 2020, 2019; 214

Dybowski and Dzierzbicka-Głowacka, 2023; Dzierzbicka- 215

Głowacka et al., 2022), the HYPE model, and operational 216

measurements conducted by the Institute of Meteorology 217

and Water Management (IMGW) (Table 1 in Dybowski et 218

al., 2025). 219

In the second stage of the project, the 3DCEMBS-PolSea 220

model was extended to include riverine nutrient inputs. In 221

situ concentration data for nutrients were obtained from 222

the database of the Chief Inspectorate for Environmen- 223

tal Protection (GIOŚ), which conducts independent moni- 224

toring of riverine inputs through chemical and biological 225

analyses of water samples collected at various locations 226

and periods throughout the year. The GIOŚ monitoring 227

programme is independent of measurements performed 228

by the Institute of Meteorology and Water Management 229

(IMGW). The collected measurements were available for 230

all rivers implemented in themodel domain; however, they 231

did not include a complete set of biogenic substances trans- 232

ported by rivers. The available data included primarily con- 233

centrations of nitrates, phosphates, and dissolved oxygen, 234

while information on silicate and chlorophyll a concentra- 235

tions was insufficient to reconstruct their seasonal vari- 236

ability and was therefore supplemented using available 237

literature sources. To obtain continuous daily variability of 238

nutrient concentrations, the available measurements were 239

interpolated using the PCHIP (Piecewise Cubic Hermite 240

Interpolating Polynomial) method between observation 241

points and extrapolated to the beginning and end of the 242

year. This procedure resulted in continuous daily time se- 243

ries representing nutrient concentrations for each day of 244
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the year. Subsequently, the obtained concentrations were245

combined with daily freshwater discharge volumes from246

individual rivers to calculate daily nutrient loads entering247

the Baltic Sea. The calculated loads were converted into248

the units required by themodel (kgm−2 s−1) and prepared249

as input forcing files for the 3D CEMBS-PolSea model for250

each year of the 2018–2023 period. Additionally, based on251

the six-year dataset, mean daily nutrient concentrations252

were calculated and used to provide forcing data for the op-253

erational version of the 3D CEMBS-PolSea system. Due to254

the lack of real-time operational measurements of riverine255

nutrient concentrations, this approach provided a prac-256

tical method for generating reliable nutrient deposition257

estimates suitable for operational forecasting applications.258

2.2 Biogeochemical model259

The biogeochemical component of the 3D CEMBS-PolSea260

model was developed to simulate the main processes gov-261

erning nutrient cycling, primary production, organic mat-262

ter transformation, and oxygen dynamics in the south-263

ern Baltic Sea. The model is based on the NPZD (Nutri-264

ent–Phytoplankton–Zooplankton–Detritus) concept and265

represents interactions among the principal biological and266

chemical compartments of the pelagic ecosystem.267

The implemented module originates from the Baltic268

Sea version of the Community Earth System Model (CESM,269

configuration G) adapted and further developed for re-270

gional applications in the southern Baltic Sea. The model271

describes the coupled dynamics of three phytoplankton272

functional groups, zooplankton biomass, dissolved oxy-273

gen, organic matter, and the major nutrients controlling274

ecosystemproductivity, including nitrates (NO3), ammonia275

(NH4), phosphates (PO4), and silicates (SiO3).276

Biogeochemical processes are represented through277

a system of coupled advection–diffusion–reaction equa-278

tions, in which transport processes are provided by the279

hydrodynamic model and biological transformations are280

represented by source–sink functions. These formulations281

describe nutrient uptake by phytoplankton, grazing by zoo-282

plankton, mortality, remineralisation of organic matter,283

oxygen production and consumption, and nutrient regen-284

eration processes. (Dzierzbicka-Głowacka et al., 2013b;285

Moore et al., 2001). A conceptual representation of the286

model structure is presented in Figure 3.287

2.3 Hydrodynamic forcing of the biogeochemical mod-288

ule289

The biogeochemical component of the 3D CEMBS-PolSea290

system is driven by hydrodynamic fields generated by the291

CSI-POMmodel. The physical model provides the environ-292

mental forcing required for biogeochemical simulations,293

including three-dimensional fields of temperature, salin-294

ity, currents, turbulent mixing, and sea-surface elevation.295

These variables determine the transport of nutrients and296

planktonic organisms, vertical exchange processes, and en-297

Figure 3. Simplified conceptual scheme of the NPZD bio-

geochemical model.

vironmental conditions controlling biological production 298

and biogeochemical transformations. 299

The hydrodynamic and biogeochemical modules op- 300

erate on the same computational grid and use identical 301

bathymetry, open boundary conditions, atmospheric forc- 302

ing, and riverine inputs. Hydrodynamic fields are calcu- 303

lated continuously by the physical model and supplied to 304

the biogeochemical module at each computational time 305

step. The exchange of information is therefore unidirec- 306

tional, from the hydrodynamic model to the biogeochemi- 307

cal component, with no feedback of biogeochemical pro- 308

cesses on hydrodynamic calculations. 309

As a result, the distribution and variability of biogeo- 310

chemical variables are directly controlled by physical pro- 311

cesses such as advection, diffusion, stratification, upwelling, 312

and vertical mixing. These processes regulate the trans- 313

port and availability of nutrients, oxygen, and planktonic 314

biomass throughout thewater columnand across the study 315

area. 316

A detailed description and validation of the hydrody- 317

namicmodel are presented by Dybowski et al. (2025). The 318

present study focuses on the implementation and valida- 319

tion of the biogeochemical module, which uses the vali- 320

dated hydrodynamic model as its physical forcing frame- 321

work. 322

2.4 Satellite data assimilation 323

2.4.1 Satellite data 324

The data used in the assimilation process originate from 325

the SatBałtyk system and represent processed satellite ob- 326

servation products. These data are stored as daily NetCDF 327

files with a horizontal spatial resolution of approximately 328

300m. Each file contains informationon total chlorophylla 329

concentration (ChlaSAT_total) and chlorophyll a concentra- 330

tion attributed to cyanobacteria (ChlaSAT_diaz), as well as 331

a mask indicating their spatial occurrence. Cyanobacterial 332
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Figure 4. Schematic representation of the chlorophyll a data assimilation procedure in the 3D CEMBS-PolSea model.

contribution to chlorophyll a (chlPC) was estimated using333

a two-step approach. In the first step, phycocyanin con-334

centration (PC) was derived from spectral reflectance fol-335

lowing the formulation proposed byWoźniak et al. (2016).336

In the second step, PC concentration was converted into337

cyanobacteria-associated chlorophyll a (chlPC) under the338

assumption of cyanobacterial dominance (by Stoń-Egiert339

(IOPAN) – latest version: 2024-07-02). The detailed de-340

scription of the satellite-derived data products and the341

data assimilation methodology is beyond the scope of this342

paper and will be presented in a separate publication.343

2.4.2 Implementation of the assimilation module344

The assimilation module is based on modified and extend-345

ed components of the Community Earth System Model346

(CESM, configuration type G), a coupled global climate347

model developed by the National Center for Atmospheric348

Research (NCAR), and constitutes an integral part of the349

three-dimensional 3D CEMBS-PolSea model. The applied350

assimilation approach uses both model-derived variables351

and satellite observations as input data.352

The assimilation process is performed daily, provided353

that satellite data are available, within a 24-hour assimila-354

tion window centered at 12:00 (noon). The sequence of355

operations carried out within the assimilation module for356

all model grid points is described in detail in a separate357

publication (in preparation). Additionally, data filtering 358

procedures have been implemented to enhance the stabil- 359

ity of the assimilation process by reducing or eliminating 360

the influence of unrealistic or erroneous satellite observa- 361

tions on the model system. 362

In the three-dimensional CEMBS-PolSea model, chlo- 363

rophyll-a concentration is represented by three functional 364

groups of phytoplankton: diazotrophs, diatoms, and small 365

phytoplankton. In contrast, satellite products provide in- 366

formation on total chlorophyll a concentration 367

(ChlaSAT_total) and the fraction attributed to diazotrophs 368

(ChlaSAT_diaz). Therefore, an intermediate step is required 369

to partition satellite observations into three components 370

corresponding to the model state variables. 371

The procedure consists of the following steps: 372

1. Direct assimilation of diazotrophs 373

The chlorophyll a concentration of diazotrophs 374

(ChlaSAT_diaz) obtained from satellite observations 375

is directly assimilated into the corresponding model 376

variable, in accordance with the adopted assimila- 377

tion methodology. 378

2. Redistribution of the remaining chlorophyll a 379

The non-diazotrophic chlorophyll a fraction 380

(ChlaSAT_nondiaz) is calculated as the difference be- 381
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tween the total chlorophyll a concentration382

(ChlaSAT_total) and ChlaSAT_diaz:383

𝐶ℎ𝑙𝑎𝑆𝐴𝑇_𝑛𝑜𝑛𝑑𝑖𝑎𝑧 = 𝐶ℎ𝑙𝑎𝑆𝐴𝑇_𝑡𝑜𝑡𝑎𝑙−𝐶ℎ𝑙𝑎𝑆𝐴𝑇_𝑑𝑖𝑎𝑧

The remaining chlorophyll a, representing the com-384

bined contribution of diatoms and small phytoplankton,385

is then redistributed between these two groups propor-386

tionally to their relative shares in the model prior to as-387

similation. This approach ensures that the sum of chloro-388

phyll a concentrations for both groups converges to the389

ChlaSAT_nondiaz value derived from satellite data, while390

changes in individual components are scaled according to391

their pre-assimilation proportions.392

This proportional redistribution method preserves the393

ecological consistency of the model and prevents the intro-394

duction of unrealistic changes in the functional structure395

of phytoplankton communities. A schematic illustration of396

this procedure is presented in Figure 4 (details provided397

in a separate publication, in preparation).398

The assimilationprocess enables dynamic correction of399

model outputs, thereby increasing their consistency with400

the actual state of the environment.401

Satellite-derived chlorophyll a products do not repre-402

sent chlorophyll concentration in a single surface layer but403

rather an optically weighted signal originating from the404

upper illuminated part of the water column. Consequently,405

the satellite observations are not directly equivalent to406

chlorophyll concentrations simulated in the uppermost407

model layer. In this study, satellite chlorophyll a data were408

compared with and assimilated into the upper 5 mmodel409

layer as an approximation of the near-surface chlorophyll410

field. This simplification may introduce uncertainties, par-411

ticularly during stratified periods when subsurface chloro-412

phyll maxima occur below the mixed layer and contribute413

to the satellite signal. Therefore, part of the differences be-414

tween model results and satellite observations may arise415

from the different vertical representations of chlorophyll416

a in the observational and modelling systems. A more417

rigorous comparison would require the application of an418

observation operator that converts modelled chlorophyll419

profiles into optically weighted quantities consistent with420

ocean-colour observations. The upper 5 m layer was se-421

lected because it represents the model layer most directly422

associated with the near-surface optical signal and corre-423

sponds to the vertical resolution available in the opera-424

tional model configuration.425

2.5 Validation methodology426

Model validation consisted of comparing simulation out-427

puts with in situ and satellite observations, quantifying the428

degree of agreement, and assessing whether the model is429

suitable for further application.430

2.5.1 Observational data431

To evaluate the performance of the biogeochemicalmodule432

of the 3D CEMBS-PolSea model, simulation results were433

compared with in situ observational data. The analysis 434

covered a four-year period from 1 January 2022 to 31 De- 435

cember 2025, during which a continuous numerical simu- 436

lation was performed. Model outputs were then compared 437

with available experimental measurements to assess their 438

consistency. 439

During simulations, results were stored as daily output 440

files, each containing four time fields representing mean 441

values calculated over six-hour intervals corresponding to 442

00:00–06:00, 06:00–12:00, 12:00–18:00, and18:00–24:00. 443

This approach preserves information on diurnal variability 444

while limiting the volume of generated output data. 445

Observational data used for validation were obtained 446

from the ICES database (International Council for the Ex- 447

ploration of the Sea, https://data.ices.dk/). Two datasets 448

were used: ICES Low Resolution Hydrochemistry and ICES 449

High Resolution Hydrochemistry. 450

From the Low Resolution dataset (2022–2024), mea- 451

surements of dissolved oxygen (O2), chlorophyll a (CHL), 452

phosphates (PO4), silicates (SiO3), and nitrates (NO3) were 453

used. The High Resolution dataset provides higher spatial 454

and vertical sampling resolution but for a more limited 455

number of variables; in this study, only dissolved oxygen 456

(O2) data were used. 457

Data availability for 2025 is currently limited; there- 458

fore, the validation primarily relies on observations from 459

2022–2024. No measurements from 2025 were present 460

in the Low Resolution dataset, while High Resolution data 461

from 2025 account for approximately 5% of the amount 462

available for earlier years. 463

2.5.2 Quality control 464

Prior to the model–observation matching procedure, an 465

initial quality control of observational data was performed. 466

Hydrochemical data from the ICES database were filtered 467

to removemeasurements associatedwith high uncertainty 468

or failing basic quality criteria. 469

In the first step, empty or erroneous records, as well as 470

entries lacking information on sampling time and/or loca- 471

tion, were removed. Subsequently, a filter based on Quality 472

Flags provided within the ICES datasets was applied. Only 473

high-quality measurements were retained, i.e., those for 474

which quality flags for both depth and the analysed vari- 475

able indicated valid or acceptable data. Measurements 476

marked as doubtful or erroneous were excluded from fur- 477

ther analysis. 478

Additionally, the dataset was restricted to points lo- 479

cated within the 3D CEMBS-PolSea model domain. Obser- 480

vations outside the model grid or those that could not be 481

assigned to a sufficiently close grid cell were discarded 482

(e.g., measurements from the Vistula Lagoon or Szczecin 483

Lagoon). 484

2.5.3 Match-up procedure 485

Comparing model outputs with observations requires 486

matching values in space, time, and depth. A modified 487

https://data.ices.dk/
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Figure 5. Spatial distribution of data from the ICES Low Resolution Hydrochemistry dataset used for the validation of

the 3D CEMBS-PolSea model.

Figure 6. Spatial distribution of available data from the ICES High Resolution Hydrochemistry dataset used for the

validation of the 3D CEMBS-PolSea model.

match-up procedure was applied, assigning each observa-488

tional measurement a corresponding model value.489

The vertical structure of the 3D CEMBS-PolSea model490

consists of 26 layers, each 5 m thick, within the Polish ma-491

rine areas. Since in situ measurements are taken at irregu-492

lar depths, they were mapped onto discrete model layers.493

All observations collected within the same spatiotempo-494

ral window (identical geographic coordinates and sam-495

pling day) were grouped according to depth intervals cor-496

responding tomodel layers. Whenmultiplemeasurements497

fell within the same interval, their values were averaged498

to produce a single representative observational value for499

that layer.500

Geographical coordinates were then converted into501

model grid indices (𝑥, 𝑦), assigning each observation to502

the nearest grid point. Observations outside the model 503

domain were excluded. Model values were extracted for 504

the corresponding (𝑥, 𝑦, 𝑧) grid point at the time of mea- 505

surement. As a result, each in situ observation was paired 506

with a corresponding model value at the same time and in 507

the same three-dimensional location. 508

Thismodified approachdiffers from the classicalmatch- 509

up procedure. Vertical interpolation of model results to 510

exact measurement depths was intentionally avoided, as 511

it introduced significant discrepancies, particularly in the 512

surface layer. The first model layer represents an average 513

value over the 0–5 m depth range (centered at 2.5 m), and 514

interpolation toward the surface introduced additional un- 515

certainty, especially since most ICES measurements are 516

taken at or near the surface. Aggregating observations 517
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Figure 7. Vertical distribution of available data from the ICES Low Resolution Hydrochemistry dataset used for the

validation of the 3D CEMBS-PolSea model.

Figure 8. Vertical distribution of available data from the ICES High Resolution Hydrochemistry dataset used for the

validation of the 3D CEMBS-PolSea model.

into depth intervals consistent with model layers reduces518

this uncertainty and enables a more robust comparison519

between model outputs and observations.520

2.5.4 Validation metrics521

To illustrate the availability of observational data used522

in the model validation, maps showing the spatial distri-523

bution of measurement points from both ICES databases524

within the 3DCEMBS-PolSeamodel domainwere prepared525

(see Figures 5–6). All sampling locations used in the analy-526

sis for the years 2022–2025 are shown, covering the pre- 527

viously selected biogeochemical parameters. The map 528

presents the spatial distribution of measurement points 529

against thebathymetryof themodel domain and thebound- 530

aries of the effective computational area. 531

The spatial distribution of the Low Resolution dataset 532

is highly non-uniform and reflects the nature of monitor- 533

ing campaigns in the Baltic Sea. The highest density of 534

observations is found in coastal regions and alongmajor re- 535

search vessel transects, whereas offshore areas and some 536
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parts of themodel domain are significantly under-sampled.537

Despite this spatial heterogeneity, the dataset covers a sub-538

stantial portion of the study area and provides a solid basis539

for statistical evaluation of model performance against ob-540

servations.541

The number of available measurements for the anal-542

ysed period and domain in the ICES Low Resolution Hy-543

drochemistry dataset was as follows: 17691 for dissolved544

oxygen (O2), 3009 for chlorophyll a (CHL), 7083 for phos-545

phates (PO4), 7081 for silicates (SiO3), and 6174 for ni-546

trates (NO3). After applying the modified match-up proce-547

dure and quality-control filters, 5169 O2 measurements,548

2639 CHL measurements, 5674 PO4 measurements, 5672549

SiO3 measurements, and 4812 NO3 measurements were550

retained for analysis.551

For the ICES High Resolution Hydrochemistry dataset,552

the number of available oxygen (O2) measurements was553

168046, which was reduced to 13437 after filtering and554

matching with the 3D CEMBS-PolSea model.555

An important aspect of assessing the availability of ob-556

servational data used in the model validation process is557

the analysis of their vertical distribution within the wa-558

ter column. Since the 3D CEMBS-PolSea model employs559

a discrete vertical structure with 5m thick layers in the up-560

per part of the water column, experimental measurements561

were previously assigned to corresponding model layers562

through aggregation within depth intervals matching the563

model levels. On this basis, it was possible to determine564

the number of observations assigned to individual vertical565

layers of the model.566

Both ICES datasets exhibit a similar vertical profile,567

with a clear dominance of surface-layer observations. The568

analysis of the vertical distribution of data from the ICES569

LowResolutionHydrochemistry dataset showed thatmore570

than 62%of all measurements originate from the upper 30571

mof thewater column (model layers 0–30m). The number572

of observations assigned to individual model layers ranges 573

from several thousand in the surface layers to only single 574

observations in the deepest levels of thewater column (see 575

Figure 7). 576

In the case of the ICES High Resolution Hydrochemistry 577

dataset, the vertical distribution of data is more uniform 578

in the upper part of the water column; however, a clear 579

dominance of surface-layermeasurements is still observed. 580

Approximately 50% of all observations are located within 581

the upper 0–30 mmodel layers (see Figure 8). 582

Such a strong concentration ofmeasurements in the up- 583

per part of the water column is consistent with the nature 584

of oceanographic research in the Baltic Sea, wheremost ob- 585

servations are carried out within the euphotic zone, where 586

the highest intensity of biological processes occurs, such 587

as phytoplankton primary production and biogeochemical 588

transformations. It should also be emphasised that the 589

Low and High Resolution datasets differ in the range of 590

available parameters. In the Low Resolution dataset, mea- 591

surements of several biogeochemical variables were con- 592

sidered simultaneously (dissolved oxygen, chlorophyll a, 593

nitrates, phosphates, and silicates); therefore, the reported 594

numbers of observations refer to all these parameters col- 595

lectively. In contrast, the High Resolution dataset contains 596

only dissolved oxygen (O2) data, and thus its vertical dis- 597

tribution refers exclusively to this variable. 598

3. Results 599

3.1 Validation Results 600

To assess simulation quality, modelled values were com- 601

pared with corresponding observational data from the 602

ICES databases for the period 01.01.2022–31.12.2025. The 603

analysis included dissolved oxygen (O2), chlorophyll a 604

(CHL), phosphates (PO4), silicates (SiO3), and nitrates 605

(NO3). For each parameter, statistical metrics were calcu- 606

lated for paired model–observation data, including mean, 607

Table 1. Summary statistics from the comparison between 3D CEMBS-PolSea model results and ICES observational data

(LR – Low Resolution Hydrochemistry, HR – High Resolution Hydrochemistry).

Model: 3D CEMBS-PolSea 01.01.2022–31.12.2025

Variable N Mean value STD ICES vs Model

ICES Model ICES Model RMSD r

O2 (LR) 5,169 296.74 302.34 109.85 72.61 58.82 0.87
[mmol m−3]

CHL
2,639 3.03 1.44 3.33 1.75 2.73 0.57

[mg m−3]

PO4 5,674 0.80 0.86 0.99 0.37 0.80 0.65
[mmol m−3]

SiO3 5,672 19.94 13.25 15.53 5.22 12.61 0.68
[mmol m−3]

NO3 4,812 3.08 6.30 9.62 9.33 8.44 0.60
[mmol m−3]

O2 (HR) 13,437 286.24 302.21 133.16 69.21 95.75 0.72
[mmol m−3]
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Table 2. Additional skill metrics used for model evaluation

of the 3D CEMBS-PolSea model. Bias represents the differ-

ence betweenmodelled andobservedmeanvalues. nRMSE

is the normalized root mean square error expressed rela-

tive to the observed mean concentration. RSR denotes the

ratio of RMSE to the standard deviation of observations.

CV represents the coefficient of variation of observational

data.

Variable Bias nRMSE [%] RSR CV [%]

O2 (LR) 5.60 19.82 0.54 37.02
[mmol m−3]

CHL
−1.59 90.10 0.82 109.90

[mg m−3]

PO4 0.06 100.00 0.81 123.75
[mmol m−3]

SiO3 −6.69 63.24 0.81 77.88
[mmol m−3]

NO3 3.22 274.03 0.88 312.34
[mmol m−3]

O2 (HR) 15.97 33.45 0.72 46.52
[mmol m−3]

standard deviation, root mean square difference, and the608

Pearson correlation coefficient (Table 1). These measures609

evaluate both agreement in mean values and the model’s610

ability to reproduce spatial and temporal variability. Spa-611

tial performance was assessed by calculating correlation612

coefficients for individual stations and mapping their dis-613

tribution. Only stations with more than 20 observations614

(NS> 20) were included in the statistical analysis.615

3.1.1 Oxygen (O2)616

Dissolved oxygen is one of the key indicators of marine617

ecosystem status because its distribution reflects the com-618

bined effects of biological production, respiration, air–sea 619

gas exchange, vertical mixing, and water mass circulation. 620

Comparison of model simulations with ICES Low Res- 621

olution Hydrochemistry observations demonstrates very 622

good agreement between modelled and observed oxygen 623

concentrations. The Pearson correlation coefficient 624

reached r= 0.87, while the mean modelled concentration 625

(302.34 mmol m−3) was close to the observed value 626

(296.74 mmol m−3), indicating only a small positive bias 627

(+5.60 mmol m−3). The corresponding RSR value of 0.54 628

indicates that model errors remain substantially lower 629

than the natural variability of the observational dataset. 630

For the ICES High Resolution Hydrochemistry dataset, the 631

model also performed well, with a correlation coefficient 632

of r= 0.72 and an RSR value of 0.72 (Table 2). 633

The spatial distribution of correlation coefficients (Fig- 634

ures 9–10) indicates consistently high agreement through- 635

out most of the study area. The highest correlations are 636

observed in offshore waters, whereas slightly lower val- 637

ues occur in some coastal regions and near-bottom envi- 638

ronments characterised by stronger local variability. The 639

model reproduces the seasonal cycle and large-scale dis- 640

tribution of oxygen particularly well in surface and inter- 641

mediate water layers. 642

A tendency to overestimate oxygen concentrations is 643

observed under low-oxygen conditions, mainly in deeper 644

waters. This behaviour may be related to uncertainties in 645

the representation of sediment oxygen demand, benthic 646

remineralisation processes, and local circulation patterns 647

affecting deep-water ventilation. Nevertheless, the high 648

correlation coefficients and favourable RSR values confirm 649

that the model successfully reproduces the dominant pro- 650

cesses controlling oxygen dynamics in the southern Baltic 651

Sea. 652

Figure 9. Spatial distribution map of the Pearson correlation coefficient (r) at individual locations for dissolved oxygen

(O2) concentration, based on the ICES Low Resolution Hydrochemistry dataset.
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Figure 10. Spatial distribution map of the Pearson correlation coefficient (r) at individual station locations for dissolved

oxygen (O2) concentration, based on the ICES High Resolution Hydrochemistry dataset.

3.1.2 Chlorophyll a (CHL)653

Chlorophyll a concentration is commonly used as an indi-654

cator of phytoplankton biomass and primary production655

intensity. Its variability is strongly controlled by nutri-656

ent availability, light conditions, species composition, and657

short-term hydrodynamic forcing.658

Comparison of model simulations with ICES observa-659

tions yielded a correlation coefficient of r= 0.57 (Table 1).660

Although this is the lowest correlation among the anal-661

ysed variables, chlorophyll a also exhibits exceptionally662

high natural variability. The coefficient of variation of the663

observational dataset reaches 109.9%, reflecting thehighly664

episodic and localised nature of phytoplankton blooms.665

The model slightly underestimates chlorophyll a concen-666

trations, with a bias of −1.59mg m−3. The RSR value of667

0.82 indicates that model errors remain lower than the668

overall variability of the observations.669

The spatial distribution of correlation coefficients (Fig-670

ure 11) shows generally better agreement in offshore wa-671

ters than in coastal regions. Lower correlations are ob-672

served in areas influenced by riverine inputs and rapid673

environmental changes, where short-lived bloom events674

and local ecological processes are difficult to reproduce675

accurately. Such spatial patterns are typical for regional676

biogeochemical ecosystemmodels.677

Part of the discrepancy between model results and ob-678

servations may result from differences between the model679

representation and the observation system itself. Satellite-680

derived chlorophyll a products represent an optically681

weighted signal integratedover a certaindepth range rather682

than the concentration occurring exclusively within the683

uppermost model layer. During periods of strong stratifi-684

cation, chlorophyll maxima may occur below the surface685

mixed layer, contributing to differences between modelled 686

and observed chlorophyll a concentrations. In addition, 687

the high spatial and temporal variability of phytoplankton 688

blooms, particularly in coastal waters, remains challenging 689

for regional ecosystemmodels. 690

3.1.3 Phosphates (PO4) 691

Phosphates constitute one of the primary nutrients con- 692

trolling phytoplankton production and eutrophication pro- 693

cesses in the Baltic Sea. Their distribution is influenced by 694

biological uptake, remineralisation, sediment-water inter- 695

actions, and riverine nutrient inputs. 696

The comparison between model results and ICES ob- 697

servations indicates good agreement, with a Pearson cor- 698

relation coefficient of r=0.65 (Table 1). Mean modelled 699

phosphate concentrations closely match observations, re- 700

sulting in a very small positive bias (+0.06 mmol m−3). 701

Although the RMSD reaches 0.80 mmol m−3, the observa- 702

tional dataset itself exhibits substantial variability 703

(CV= 123.8%). The RSR value of 0.81 indicates that model 704

errors remain lower than the standard deviation of the 705

observations. 706

The spatial distribution of correlation coefficients Fig- 707

ure 12) reveals generally higher agreement in offshore 708

regions than in coastal waters. Lower correlations occur 709

in the Gulf of Gdańsk, Puck Bay, the Pomeranian Bay, and 710

near river mouths. These areas are strongly influenced by 711

freshwater inflows and nutrient inputs, which introduce 712

significant short-term variability and local gradients that 713

are difficult to reproduce precisely. 714

Overall, the results indicate that the model captures 715

the principal mechanisms controlling phosphate transport 716

and cycling in the southern Baltic Sea, while remaining 717

discrepancies are largely associated with the complexity 718
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Figure 11. Spatial distribution map of the Pearson correlation coefficient (r) at individual locations for chlorophyll a

(CHL) concentration, based on the ICES Low Resolution Hydrochemistry dataset.

Figure 12. Spatial distribution map of the Pearson correlation coefficient (r) at individual locations for phosphate (PO4)

concentration, based on the ICES Low Resolution Hydrochemistry dataset.

of coastal processes and uncertainties in riverine nutrient719

load estimates.720

3.1.4 Silicates (SiO3)721

Silicates play a fundamental role in the Baltic Sea ecosys-722

tem because they constitute an essential nutrient for di-723

atoms, one of the dominant phytoplankton groups. Conse-724

quently, their availability directly affects primary produc-725

tion and the structure of phytoplankton communities.726

Comparison of model simulations with ICES observa-727

tions indicates good agreement, with a Pearson correlation728

coefficient of r=0.68 (Table 1). The mean modelled con-729

centration (13.25 mmol m−3) is lower than the observed 730

value (19.94 mmol m−3), resulting in a negative bias of 731

−6.69 mmol m−3. The RMSD reaches 12.61 mmol m−3; 732

however, interpretation of this value should consider the 733

substantial variability of the observational dataset 734

(CV=77.9%). The calculated RSR value of 0.81 indicates 735

that model errors remain lower than the standard devia- 736

tion of the observations. 737

Modelled and observed concentrations show good 738

agreement for silicate concentrations up to approximately 739

25 mmol m−3. For higher concentrations, the model tends 740

to underestimate observed values. This behaviour may 741
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Figure 13. Spatial distribution map of the Pearson correlation coefficient (r) at individual locations for silicate (SiO3)

concentration, based on the ICES Low Resolution Hydrochemistry dataset.

Figure 14. Spatial distribution map of the Pearson correlation coefficient (r) at individual locations for nitrate (NO3)

concentration, based on the ICES Low Resolution Hydrochemistry dataset.

be associated with uncertainties in riverine silicon inputs,742

local sediment-water interactions, or resuspension pro-743

cesses that are particularly important in shallow coastal744

environments.745

The spatial distribution of correlation coefficients (Fig-746

ure 13) reveals a clear contrast between offshore and747

coastal regions. Higher correlations are observed through-748

out most open-sea areas, whereas lower values occur in749

coastal waters influenced by river discharge and local hy-750

drodynamic processes. The spatial pattern suggests that751

the model adequately reproduces large-scale silicate vari-752

ability while local discrepancies are primarily associated753

with the complexity of coastal nutrient dynamics. 754

Overall, the obtained results indicate that the model 755

successfully captures the dominant mechanisms control- 756

ling silicate distribution in the southern Baltic Sea and 757

provides a realistic representation of silicon cycling at the 758

regional scale. 759

3.1.5 Nitrates (NO3) 760

Nitrates constitute one of the principal forms of bioavail- 761

able nitrogen and play a key role in regulating primary 762

production and ecosystem functioning in the Baltic Sea. 763

Their concentrations are controlled by riverine inputs, bi- 764
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ological uptake, remineralisation processes, and physical765

transport.766

For nitrates, the model achieved a Pearson correlation767

coefficient of r= 0.60, indicatingmoderate agreementwith768

observations (Table 1). The mean modelled concentra-769

tion (6.30 mmol m−3) exceeds the observed value (3.08770

mmol m−3), resulting in a positive bias of +3.22 mmol771

m−3. Although the RMSD reaches 8.44 mmol m−3, the ob-772

servational dataset is characterised by exceptionally high773

variability, with a coefficient of variation of 312.3%. The774

corresponding RSR value of 0.88 demonstrates that model775

errors remain lower than the overall variability of the ob-776

servations.777

The spatial distribution of correlation coefficients (Fig-778

ure 14) indicates relatively homogeneous model perfor-779

mance throughout the study area. In contrast to phos-780

phates and silicates, no extensive regions of systematically781

low correlation are observed. Most monitoring stations782

exhibit moderate to good agreement between modelled783

and observed nitrate concentrations, suggesting that the784

model successfully reproduces the dominant processes785

controlling nitrate transport and transformation.786

The relatively high variability of nitrate concentrations787

reflects strong seasonal cycles associatedwithwinter accu-788

mulation, spring phytoplankton uptake, and local riverine789

inputs. These processes generate large concentration gra-790

dients that are difficult to reproduce precisely in regional791

ecosystemmodels. Nevertheless, the spatial distribution792

of correlation coefficients confirms that the model cap-793

tures the principal temporal and spatial patterns of nitrate794

variability across the southern Baltic Sea.795

Taken together, the results indicate that the 3D CEMBS-796

PolSea model provides a realistic representation of nitrate797

dynamics and successfully reproduces the major mecha-798

nisms governing nitrogen cycling in the analysed region.799

3.1.6 Validation summary800

The validation results demonstrate that the 3D CEMBS-801

PolSea model successfully reproduces the principal spatial802

and temporal patterns of variability of the analysed bio-803

geochemical parameters in the southern Baltic Sea. The804

assessment was based on comparisons with ICES obser-805

vational datasets and included both statistical indicators806

(Table 1) and the spatial distribution of correlation coef-807

ficients (Figures 9–14). To support the interpretation of808

RMSD values, additional normalised statistics were cal-809

culated, including bias, normalised RMSE (nRMSE), the810

RMSE-observation standard deviation ratio (RSR), and the811

coefficient of variation (CV). Additional normalised perfor-812

mance metrics are presented in Table 2.813

The highest model performance was obtained for dis-814

solved oxygen. Pearson correlation coefficients reached815

0.87 for the ICES Low Resolution dataset and 0.72 for the816

ICES High Resolution dataset (Table 1). The corresponding817

RSR values were 0.54 and 0.72, indicating that model er-818

rors remained substantially lower than the natural variabil-819

ity of the observations (Table 2). Spatial correlation maps 820

(Figures 9–10) show consistently high agreement across 821

most of the model domain, confirming that the model ade- 822

quately reproduces the physical and biogeochemical pro- 823

cesses controlling oxygen dynamics in the southern Baltic 824

Sea. 825

For nutrients, correlation coefficients ranged between 826

0.60 and 0.68 (Table 1). Phosphates and silicates exhib- 827

ited the highest agreement among the analysed nutrients 828

(r = 0.65 and r=0.68, respectively). The spatial distribu- 829

tion of correlation coefficients (Figures 12–13) reveals 830

a clear contrast between offshore and coastal regions. 831

Higher correlations were generally observed in open-sea 832

areas, whereas lower correlations occurred in coastal wa- 833

ters affected by riverine inflows, particularly in the Gulf 834

of Gdańsk, Puck Bay, the Pomeranian Bay, and near the 835

mouths of the Łeba and Słupia rivers. These discrepan- 836

cies most likely reflect uncertainties in riverine nutrient 837

loads and the strong short-term variability characteristic 838

of estuarine and coastal environments. 839

For nitrate concentrations, the model achieved a cor- 840

relation coefficient of r=0.60 (Table 1) despite the ex- 841

ceptionally high variability of the observational dataset 842

(CV=312.3%) (Table 2). The spatial distribution of cor- 843

relations (Figure 14) indicates relatively homogeneous 844

model performance across the study area, without exten- 845

sive regions of systematically poor agreement. This sug- 846

gests that the model captures the dominant mechanisms 847

governing nitrate transport and transformation despite 848

difficulties associated with reproducing extreme concen- 849

tration values. 850

The lowest correlation was obtained for chlorophyll a 851

(r= 0.57) (Table 1). However, chlorophyll awas also char- 852

acterised by very high observational variability 853

(CV= 109.9%) (Table 2), reflecting the episodic and highly 854

localised nature of phytoplankton blooms. The spatial dis- 855

tribution of correlation coefficients (Figure 11) indicates 856

generally better model performance in offshore waters 857

than in coastal regions. Lower correlations observed in 858

nearshore areas are likely related to rapidly changing en- 859

vironmental conditions, local nutrient inputs, and short- 860

term bloom events that remain difficult to resolve even in 861

high-resolution ecosystemmodels. 862

The interpretation of RMSD values should be consid- 863

ered in relation to the natural variability of the analysed pa- 864

rameters. Additional normalised skill metrics indicate that 865

the coefficients of variation of the observational datasets 866

reached 109.9% for chlorophyll a, 123.8% for phosphate, 867

and 312.3% for nitrate concentrations (Table 2). Conse- 868

quently, relatively large RMSD values (Table 1) partly re- 869

flect the broad range of environmental conditions occur- 870

ring within the study area rather than solely model defi- 871

ciencies. The calculated RSR values range from 0.54 to 872

0.88 (Table 2), indicating that model errors remain lower 873

than the standard deviation of observations for all anal- 874
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Figure 15. Locations of stations selected for comparison of 3D CEMBS-PolSea model results with satellite data for

chlorophyll a concentration.

ysed variables.875

Overall, the validation results indicate that the 3D876

CEMBS-PolSea model successfully reproduces the major877

spatial and temporal patterns of variability of dissolved878

oxygen, chlorophyll a, phosphates, silicates, and nitrates in879

the southern Baltic Sea. Although larger discrepancies oc-880

cur in some coastal regions and for highly variable biologi-881

cal parameters, the obtained performance is comparable882

with that reported for regional biogeochemical ecosystem883

models operating in the Baltic Sea and other coastal shelf-884

sea environments. Themodel therefore provides a suitable885

tool for ecosystem analysis, environmental assessment,886

and operational forecasting applications.887

3.2 Method of comparison with satellite data888

To assess the agreement between model results and satel-889

lite observations, a comparative analysis was conducted890

for the period 01.01.2022–31.12.2024. For this purpose,891

12 control points were selected within the model domain892

in a manner ensuring representation of both coastal areas893

and more open-sea regions of the southern Baltic Sea (see894

Figure 15).895

The 12 control points selected for the analysis were896

distributed across the entire model domain in order to rep-897

resent different types of hydrological environments in the898

southern Baltic Sea. Some stations are located in coastal re-899

gions, particularly near the Pomeranian coast and in areas900

influenced by riverine inputs, where chlorophyll a concen-901

trations exhibit high spatial and temporal variability. The902

remaining points are located in more open-sea regions,903

where environmental conditions are more homogeneous904

and variability of biogeochemical parameters is generally905

lower.906

Such a distribution of points allows for the assessment907

of model performance both in dynamic coastal environ- 908

ments and in more stable open-sea conditions. In partic- 909

ular, nearshore stations enable the analysis of local pro- 910

cesses such as riverine nutrient inputs and enhanced hy- 911

drodynamic variability, while offshore stations allow eval- 912

uation of the model’s ability to reproduce chlorophyll a 913

variability at a regional scale. 914

At the selected points, total chlorophyll a concentra- 915

tions from satellite data were compared with modelled 916

values computed as the sum of chlorophyll associated with 917

three phytoplankton groups. It should be emphasised that, 918

unlike the model, which provides daily output, satellite 919

data are not available for all days of the analysed period. 920

This limitation is mainly due to cloud cover, which pre- 921

vents ocean colour observations in the visible spectrum, 922

as well as other factors affecting data quality. As a result, 923

the number of available satellite scenes at the analysed 924

points over the three-year period ranges from 129 to 213 925

days, depending on the location. 926

To provide amore comprehensive assessment ofmodel 927

performance, two sets of statistical indicators were calcu- 928

lated. Table 3 presents the basic descriptive and compara- 929

tive statistics, including the number of observations (N), 930

mean values, standard deviations (STD), root mean square 931

deviation (RMSD), and Pearson correlation coefficients 932

(r). Table 4 complements this analysis with additional per- 933

formance metrics, including bias, normalised root mean 934

square error (nRMSE), the RMSE-observation standard 935

deviation ratio (RSR), and coefficients of variation (CV) for 936

both satellite observations and model results. These indi- 937

cators allowmodel performance to be evaluated in relation 938

to the natural variability of chlorophyll a concentrations 939

and provide amore robust interpretation of the agreement 940

between simulations and observations. 941
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Table 3. Statistical comparison of surface chlorophyll a (CHL) concentrations from the 3D CEMBS-PolSea model with

available satellite observations.

Station N Mean value STD Satellite vs

number [mg m−3] [mg m−3] model

Satellite Model Satellite Model RMSD [mg m−3] r

1 213 2.18 2.63 1.74 1.61 1.61 0.54

2 165 1.28 1.75 1.12 1.38 1.14 0.60

3 129 1.14 1.43 1.01 0.85 1.02 0.41

4 185 2.43 2.60 3.39 1.71 2.64 0.64

5 201 1.71 2.05 1.17 1.01 1.14 0.46

6 189 1.72 1.94 1.34 1.02 1.35 0.37

7 172 1.44 1.54 1.37 0.97 1.14 0.57

8 170 1.52 1.81 1.33 1.15 1.16 0.57

9 143 1.31 1.57 0.93 0.79 1.01 0.32

10 137 1.66 1.85 1.25 0.87 1.30 0.29

11 146 1.24 1.50 0.89 0.80 1.01 0.29

12 132 1.74 1.85 1.34 0.97 1.26 0.45

All stations
1981 1.63 1.92 1.35 1.20 1.27 0.51

2022–2024

Table 4. Additional statistical performance metrics for

the comparison of surface chlorophyll a concentrations

from the 3D CEMBS-PolSea model and satellite observa-

tions, including bias, normalized RMSE (nRMSE), RMSE-

observation standard deviation ratio (RSR), and coeffi-

cients of variation (CV).

Station Bias CVsat [%] CVmod [%] nRMSE [%] RSR

number

All stations
0.29 82.8 62.5 77.9 0.94

2022–2024

Comparative analysis of all measurement points (1–12)942

for the years 2022–2024, based on 1981 observations,943

showed that the mean chlorophyll a concentration in satel-944

lite data was 1.63 mg m−3, while the mean simulated by945

the 3D CEMBS-PolSea model was 1.92 mg m−3. The result-946

ing bias of 0.29 mg m−3 indicates a moderate tendency of947

the model to overestimate chlorophyll a concentrations948

relative to satellite observations.949

The coefficient of variation (CV) reached 82.8% for950

the satellite observations and 62.5% for the model results,951

indicating a high level of natural spatial and temporal vari-952

ability in chlorophyll a concentrations across the southern953

Baltic Sea. The lower CV obtained for the model suggests954

that the simulated chlorophyll a field is smoother and ex-955

hibits slightly reduced variability compared to the obser-956

vations.957

The rootmean square deviation (RMSD) between satel-958

lite and model data was 1.27 mg m−3. When normalised959

by the mean observed concentration, the nRMSE reached960

77.9%. However, the RSR value was 0.94, indicating that961

themodel error remains lower than the standard deviation962

of the observations. This suggests that the model retains963

predictive skill and reproduces a substantial part of the964

observed variability despite the large natural variability of965

chlorophyll a concentrations. 966

The Pearson correlation coefficient (r) reached 0.51, 967

indicating amoderate positive relationship betweenmodel 968

results and satellite observations. Correlation coefficients 969

at individual stations ranged from 0.29 to 0.64, demon- 970

strating that the model captures the general temporal vari- 971

ability of chlorophyll a, although its performance differs 972

among locations. 973

Overall, the results indicate that the 3D CEMBS-PolSea 974

model is capable of reproducing the main spatial and tem- 975

poral patterns of surface chlorophyll a variability in the 976

southernBaltic Sea. The remaining discrepancies are likely 977

related to the high natural variability of chlorophyll a con- 978

centrations, limitations of satellite-derived products, and 979

differences between model representation and observa- 980

tion sampling. 981

3.2.1 Interpretation of results 982

The statistical comparison between the 3D CEMBS-PolSea 983

model and satellite-derived chlorophyll a concentrations 984

indicates a moderate agreement between the two datasets. 985

The model exhibits a positive bias of 0.29 mg m−3, sug- 986

gesting a tendency to slightly overestimate chlorophyll a 987

concentrations relative to satellite observations. The co- 988

efficient of variation of the satellite observations reaches 989

82.8%, confirming the high natural temporal and spatial 990

variability of chlorophyll a in the southern Baltic Sea. The 991

corresponding value for the model is lower (62.5%), indi- 992

cating that the simulated chlorophyll a field is smoother 993

and exhibits reduced variability compared to the observa- 994

tions. 995

Although the normalised root mean square error 996

(nRMSE) reaches 77.9%, the RMSE-observation standard 997

deviation ratio (RSR) equals 0.94, indicating that themodel 998

error remains lower than the standard deviation of the ob- 999

servations. This suggests that the model retains predictive 1000

skill and reproduces a substantial fraction of the observed 1001
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Figure 16. Mean monthly concentrations of dissolved oxygen [mmol m−3] at the surface derived from the 3D CEMBS-

PolSea model simulations for the years 2022–2025.

variability despite the complexity of the ecosystem pro-1002

cesses and the limitations of satellite observations. The1003

Pearson correlation coefficient (r=0.51) further demon-1004

strates that the model captures the general temporal vari-1005

ability of chlorophyll a concentrations, although differ-1006

ences remain in the magnitude and timing of individual1007

bloom events.1008

The analysis of chlorophyll a time series at selected1009

locations indicates that the model generally tends to con-1010

verge toward values derived from satellite observations.1011

The results demonstrate a progressive adjustment of the1012

simulated chlorophyll a field toward the observed patterns,1013

particularly during periods of enhanced phytoplankton1014

bloom activity. Overall, the model reproduces the seasonal1015

variability of chlorophyll a concentrations reasonably well,1016

although discrepancies between simulated and observed1017

values remain at individual time steps.1018

It should be emphasised that the data assimilation ap-1019

proach implemented in the 3D CEMBS-PolSea model does1020

not involve direct fitting of model outputs to observations.1021

Instead, observational information is incorporated grad-1022

ually through small corrections distributed over multiple1023

time steps. This approach preserves the internal consis-1024

tency of the model equations and maintains the balance1025

between physical and biogeochemical processes. Conse-1026

quently, the model is not expected to reproduce satellite-1027

derived chlorophyll a values exactly at every time step, but 1028

rather to progressively adjust its state toward the observed 1029

conditions. 1030

Additional uncertainty is associated with the compari- 1031

son between model simulations and satellite-derived chlo- 1032

rophyll a observations. As discussed in Section 2.4.2, satel- 1033

lite products represent an optically weighted signal orig- 1034

inating from the upper illuminated part of the water col- 1035

umn rather than chlorophyll concentrations within a sin- 1036

gle model layer. Consequently, part of the discrepancy 1037

between model results and observations may arise from 1038

differences in the vertical representation of chlorophyll 1039

a in the observational and modelling systems. This ef- 1040

fect is likely to be most pronounced during stratified peri- 1041

ods, when subsurface chlorophyll maxima may contribute 1042

to the satellite signal while remaining only partially rep- 1043

resented in the near-surface model layer. Furthermore, 1044

satellite-derived chlorophyll a products are affected by 1045

cloud cover, uncertainties in atmospheric correction, wa- 1046

ter turbidity, and suspendedparticulatematter, all ofwhich 1047

contribute additional uncertainty to the comparison. 1048

3.3 Mean monthly values of modelled biogeochemical 1049

parameters 1050

This chapter presents mean monthly concentrations of the 1051

analysed biogeochemical parameters, i.e. dissolved oxy- 1052
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Figure 17. Mean monthly chlorophyll a concentrations [mg m−3] at the surface derived from the 3D CEMBS-PolSea

model simulations for the years 2022–2025.

gen (O2), chlorophyll a (CHL), phosphates (PO4), silicates1053

(SiO3), and nitrates (NO3). The data reflect seasonal vari-1054

ability in the surface layer of the 3D CEMBS-PolSea model1055

over a four-year simulation period from 1 January 2022 to1056

31 December 2025.1057

3.3.1 Oxygen (O2)1058

The seasonal variability of dissolved oxygen concentra-1059

tion in the surface layer is controlled by both physical and1060

biological factors. The most important include water tem-1061

perature, gas exchange with the atmosphere, and primary1062

production processes associated with phytoplankton activ-1063

ity. During the analysed period (2022–2025), the highest1064

mean monthly oxygen concentrations in the surface layer1065

occur in the winter–spring period. This is associated with1066

lower water temperatures, which increase oxygen solu-1067

bility, as well as the onset of the phytoplankton growth1068

season (see Figure 16).1069

The highest mean oxygen concentrations in the mod-1070

elled domain occur in the spring months. In March, the1071

mean value reaches 392.79 mmol m−3, while in April it is1072

392.74 mmol m−3. During this period, maximum spatial1073

values reach approximately 429.91 mmol m−3 and 411.501074

mmol m−3, respectively.1075

In the following months, as water temperature in-1076

creases during the summer period, a gradual decrease1077

in mean oxygen concentration in the surface layer is ob- 1078

served. The lowest values occur in late summer and early 1079

autumn. The minimummean monthly value was recorded 1080

in September andamounted to approximately 290.86mmol 1081

m−3, with minimum spatial values reaching about 214.49 1082

mmol m−3. 1083

During the autumn and winter months, a renewed in- 1084

crease in oxygen concentration in the surface layer is ob- 1085

served, associated with decreasing water temperature and 1086

intensified vertical mixing of the water column. This en- 1087

hanced mixing is driven by surface cooling and increased 1088

wind stress. In December, the mean oxygen concentration 1089

reaches 346.67 mmol m−3, while maximum values in the 1090

model domain reach approximately 383.17 mmol m−3. 1091

The obtained seasonal oxygen pattern is consistent 1092

with the general processes observed in the Baltic Sea and 1093

reflects the influence of water temperature and the sea- 1094

sonal dynamics of primary production on the variability 1095

of oxygen concentrations in the surface layer. 1096

Detailed monthly data are presented in Table 5. 1097

3.3.2 Chlorophyll a (CHL) 1098

Chlorophyll a is widely used as an indicator of phytoplank- 1099

ton biomass and the intensity of primary production in 1100

marine environments. In the 3D CEMBS-PolSea model, 1101

phytoplankton is represented by three functional groups: 1102
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Table 5. Summary of mean monthly dissolved oxygen (O2) concentrations in the surface layer. Model data from the 3D

CEMBS-PolSea for the years 2022–2025.

[mmol m−3] I II III IV V VI VII VIII IX X XI XII

MAX 404.91 412.66 429.91 411.50 374.25 328.34 319.04 321.13 305.55 322.31 346.78 383.17

MEAN 366.18 379.60 392.79 392.74 357.40 316.88 298.78 291.91 290.86 304.93 322.95 346.67

MIN 252.34 251.30 240.12 234.37 237.14 237.99 231.43 223.84 214.49 221.44 216.48 211.55

Table 6. Summary of mean monthly chlorophyll a (CHL) concentrations in the surface layer. Model data from the 3D

CEMBS-PolSea for the years 2022–2025.

[mmol m−3] I II III IV V VI VII VIII IX X XI XII

MAX 1.43 3.18 10.23 14.55 13.49 17.31 17.33 16.18 14.30 10.86 8.34 3.20

MEAN 0.23 0.45 2.18 3.10 0.98 0.94 1.84 2.42 1.86 1.15 0.76 0.32

MIN 0.15 0.21 0.68 0.80 0.26 0.33 1.01 1.60 1.45 0.72 0.38 0.19

small phytoplankton (nano- and picoplankton), large phy-1103

toplankton mainly represented by diatoms, and nitrogen-1104

fixing cyanobacteria. The growth of each group is con-1105

strained by nutrient availability (nitrogen, phosphorus,1106

and silicon – only for diatoms), temperature, and light con-1107

ditions. The seasonal variability of chlorophyll a concentra-1108

tion in the model surface layer reflects the typical cycle of1109

primary production in the Baltic Sea (see Figure 17). The1110

lowest mean values occur during winter months, when1111

solar radiation is weak and light conditions limit phyto-1112

plankton growth.1113

In the analysedperiod, the lowestmeanmonthly chloro-1114

phyll a concentration was observed in January, with an av-1115

erage domain value of 0.23 mg m−3 and minimum spatial1116

values of approximately 0.15 mg m−3. With the onset of1117

spring, a rapid increase in chlorophyll a concentration is1118

observed, associatedwith the spring phytoplankton bloom1119

dominated by diatoms. The highest mean values occur in1120

April, when chlorophyll a reaches 3.10 mgm−3 on average,1121

while maximum domain values reach approximately 14.551122

mgm−3. High concentrations are also observed in March,1123

with a mean value of about 2.18 mg m−3.1124

After the spring bloom, chlorophyll a concentrations1125

decrease due to nutrient depletion in the euphotic zone.1126

During summer, a secondary increase in chlorophyll a1127

is observed, driven by the development of cyanobacte-1128

ria, which can grow under low nitrate conditions due to1129

their ability to fix atmospheric nitrogen. In the analysed1130

period, the highest maximum spatial values in summer1131

months exceed 17 mg m−3, indicating localised cyanobac-1132

terial blooms in combination with nitrate limitation. In the1133

following autumn months, chlorophyll a concentrations1134

gradually decrease as temperature declines and light avail-1135

ability diminishes. In December, the mean domain value is1136

0.32 mg m−3, marking a return to winter conditions.1137

The spatial distribution of chlorophyll a also indicates1138

variability within the model domain. The highest concen-1139

trations typically occur in coastal zones, where the avail-1140

ability of biogenic substances is enhanced due to river-1141

ine inputs and intensified mixing processes. In the more 1142

open sea areas, chlorophyll a concentrations are generally 1143

lower and exhibit reduced spatial variability. The obtained 1144

seasonal pattern of chlorophyll a variability is consistent 1145

with the typical primary production cycle observed in the 1146

Baltic Sea, including the spring diatom bloom and summer 1147

cyanobacterial development. 1148

Detailed monthly data are presented in Table 6. 1149

3.3.3 Phosphates (PO4) 1150

Phosphates are one of the fundamental nutrients regu- 1151

lating primary production in the Baltic Sea. Unlike nitro- 1152

gen, which under certain conditions can be supplemented 1153

through atmospheric nitrogen fixation by cyanobacteria, 1154

phosphorus remains a limiting element for the growth of 1155

all phytoplankton groups. As a result, its concentration in 1156

the euphotic layer is strongly controlled by primary pro- 1157

duction intensity and the seasonal dynamics of the phyto- 1158

plankton biological cycle. 1159

The analysis of mean monthly phosphate values (see 1160

Figure 18) in the surface layer of the 3D CEMBS-PolSea 1161

model for the period 2022–2025 shows a distinct seasonal 1162

variability of this parameter. The highest mean values oc- 1163

cur in winter months, when biological activity is limited 1164

and vertical mixing processes transport nutrients from 1165

deeper layers into the surface waters. 1166

During the analysed period, the highest mean monthly 1167

phosphate concentration was recorded in February, with 1168

a domain-averaged value of 0.92 mmol m−3 and maxi- 1169

mum spatial values reaching approximately 1.43 mmol 1170

m−3. With the onset of spring and the intensification of 1171

phytoplankton growth, a clear decline in phosphate con- 1172

centrations in the surface layer is observed. This process 1173

begins in March and reaches its minimum during sum- 1174

mer. The lowest mean phosphate values occur in August, 1175

when the domain-averaged concentration decreases to ap- 1176

proximately 0.45 mmol m−3, with minimum spatial values 1177

around 0.12 mmol m−3. Low phosphate concentrations 1178

during this period are directly associatedwith its intensive 1179
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Figure 18. Mean monthly phosphate concentrations [mmol m−3] at the surface derived from the 3D CEMBS-PolSea

model simulations for the years 2022–2025.

uptake by phytoplankton (mainly cyanobacteria) during1180

bloom events.1181

In the autumn months, phosphate concentrations in1182

the surface layer increase again. This is linked to decreas-1183

ing water temperature and intensified vertical mixing pro-1184

cesses, which transport nutrients from deeper layers of1185

the water column into the surface layer. In November, the1186

mean phosphate concentration increases to approximately1187

0.74mmolm−3, reaching 0.84mmolm−3 inDecember. The1188

seasonal amplitude of mean phosphate values during the1189

analysed period is approximately 0.47 mmol m−3, reflect-1190

ing the strong influence of primary production dynamics1191

on the phosphorus balance in the euphotic zone.1192

The spatial distribution analysis also indicates consid-1193

erable variability of phosphates within the model domain.1194

In some months, local maximum values exceed 1.7 mmol1195

m−3, indicating areas of elevated concentrations of this1196

nutrient. Higher phosphate levels are typically observed1197

in coastal regions and in areas influenced by riverine in-1198

puts, where the transport of biogenic substances from land1199

constitutes an important source of phosphorus.1200

The obtained seasonal pattern of phosphate variability1201

is consistent with general processes observed in the Baltic1202

Sea. The decline in concentrations during the spring–sum-1203

mer period is associated with intense primary production1204

and phytoplankton uptake of phosphorus, whereas the1205

increase during the autumn–winter period results from 1206

vertical mixing of the water column and regeneration of 1207

biogenic substances through organic matter mineralisa- 1208

tion. 1209

Detailed monthly data are presented in Table 7. 1210

3.3.4 Silicates (SiO3) 1211

Silicates are oneof the keynutrients in theBaltic Sea ecosys- 1212

tem, as they are an essential element for the construction 1213

of silica shells of diatoms. Unlike many other phytoplank- 1214

ton groups, whose growth is mainly limited by nitrogen 1215

and phosphorus availability, diatom development also de- 1216

pends on the availability of dissolved silica in seawater. 1217

As a result, the seasonal variability of silicate concentra- 1218

tion in the euphotic zone is strongly linked to the primary 1219

production cycle and the intensity of the spring diatom 1220

bloom. 1221

The analysis of mean monthly silicate values in the 1222

surface layer of the 3D CEMBS-PolSea model for the pe- 1223

riod 2022–2025 shows a clear seasonal variability of this 1224

parameter (see Figure 19). The highest mean values oc- 1225

cur in winter and early spring, when biological activity is 1226

still limited and vertical mixing of the water column sup- 1227

plies nutrients accumulated in deeper layers to the surface. 1228

During the analysed period, the highest mean silicate con- 1229

centrations are observed in February and December, when 1230
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Table 7. Summary of mean monthly phosphate (PO4) concentrations in the surface layer. Model data from the 3D

CEMBS-PolSea for the years 2022–2025.

[mmol m−3] I II III IV V VI VII VIII IX X XI XII

MAX 1.45 1.43 0.95 0.83 0.96 1.05 1.71 0.95 0.76 0.83 1.12 1.22

MEAN 0.86 0.92 0.81 0.60 0.57 0.59 0.54 0.45 0.47 0.61 0.74 0.84

MIN 0.59 0.66 0.42 0.08 0.12 0.26 0.30 0.12 0.09 0.18 0.26 0.39

Table 8. Summary of mean monthly silicate (SiO3) concentrations in the surface layer. Model data from the 3D CEMBS-

PolSea for the years 2022–2025.

[mmol m−3] I II III IV V VI VII VIII IX X XI XII

MAX 32.55 34.13 29.12 27.34 24.95 25.67 23.62 25.03 24.14 24.81 25.55 24.87

MEAN 12.14 12.45 11.06 8.23 8.17 8.85 9.18 9.32 9.32 10.29 11.33 12.15

MIN 8.84 9.51 7.83 3.70 3.16 4.10 5.57 6.73 7.15 7.87 8.25 8.84

Figure 19. Mean monthly silicate concentrations [mmol m−3] at the surface derived from the 3D CEMBS-PolSea model

simulations for the years 2022–2025.

the domain-averaged values reach approximately 12.451231

mmol m−3 and 12.15 mmol m−3, respectively.1232

With the onset of the phytoplankton growth season,1233

a gradual decline in surface silicate concentrations is ob-1234

served. This process begins in March, when the spring1235

diatom bloom develops and actively consumes silica for1236

the formation of their cellular structures. In the following1237

spring months, silicate concentrations remain at a lower1238

level. The lowest mean values are recorded in April, when1239

the average concentration decreases to approximately 8.231240

mmol m−3, with minimum spatial values reaching about 1241

3.70 mmol m−3. 1242

During summer, silicate concentrations remain rela- 1243

tively stable, with mean values around 9–9.3 mmol m−3. 1244

This is associated with reduced diatom productivity and 1245

the dominance of other phytoplankton groups, such as 1246

cyanobacteria. In autumn, a gradual increase in silicate 1247

concentrations in the surface layer is observed, driven by 1248

verticalmixing processes and the regeneration of nutrients 1249

within the water column. 1250
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Table 9. Summary of mean monthly nitrate (NO3) concentrations in the surface layer. Model data from the 3D CEMBS-

PolSea for the years 2022–2025.

[mmol m−3] I II III IV V VI VII VIII IX X XI XII

MAX 121.88 159.01 133.15 67.79 16.94 9.92 9.15 9.42 12.25 24.69 47.4 62.73

MEAN 7.97 9.60 8.03 2.19 0.08 0.03 0.06 0.33 1.11 2.80 4.75 6.65

MIN 6.28 6.52 1.62 0 0 0 0 0 0 0.04 0.84 1.65

Figure 20. Mean monthly nitrate concentrations [mmol m−3] at the surface derived from the 3D CEMBS-PolSea model

simulations for the years 2022–2025.

The seasonal amplitude of mean silicate values during1251

the analysed period is approximately 4.2 mmol m−3, indi-1252

cating a moderate seasonal variability of this parameter in1253

the surface layer. The analysis of the spatial distribution1254

of silicate concentrations also reveals considerable vari-1255

ability within the model domain. In some months, local1256

maximum values exceed 30 mmol m−3, indicating areas1257

with significantly elevated nutrient concentrations. Such1258

high values may be associated with riverine inputs as well1259

as regeneration processes of silica resulting from the de-1260

composition of organic matter.1261

The obtained seasonal pattern of silicate variability is1262

consistent with the typical biogeochemical cycle observed1263

in the Baltic Sea. Higher winter and early spring concen-1264

trations result from limited phytoplankton uptake and ver-1265

tical mixing of the water column, whereas the decline in1266

spring is directly linked to the intensive consumption of1267

silicates during the diatom bloom. Detailed monthly data 1268

are presented in Table 8. 1269

3.3.5 Nitrates (NO3) 1270

Nitrates are one of the main nitrogen sources for phyto- 1271

plankton and play a key role in regulating primary produc- 1272

tion in the Baltic Sea. In the euphotic layer, their concen- 1273

tration is strongly controlled by the seasonal dynamics of 1274

phytoplankton development and vertical mixing processes 1275

in the water column. During periods of intense primary 1276

production, nitrates are rapidly consumed by phytoplank- 1277

ton, whereas in the autumn–winter period their surface- 1278

layer stocks are replenished through vertical mixing and 1279

the input of nutrients from deeper water layers. The anal- 1280

ysis of mean monthly nitrate values in the surface layer 1281

of the 3D CEMBS-PolSea model for the period 2022–2025 1282

shows a very pronounced seasonal variability of this pa- 1283

rameter. The highest mean values occur in winter and 1284
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early spring, before the onset of the intensive phytoplank-1285

ton growth season (see Figure 20). During the analysed1286

period, the highest mean monthly nitrate concentration1287

was recorded in February, with a domain-averaged value1288

of 9.60 mmol m−3 and maximum spatial values exceeding1289

159mmol m−3. High mean values are also observed in Jan-1290

uary andMarch, when concentrations reach approximately1291

7.97mmol m−3 and 8.03mmol m−3, respectively. With the1292

onset of the spring phytoplankton bloom, a rapid decline1293

in nitrate concentrations in the surface layer is observed.1294

Intensive nitrogen uptake by developing phytoplankton1295

leads to near-complete depletion of nitrate stocks in the1296

euphotic zone during late spring and summer. The lowest1297

mean values occur in June, when the domain-averaged con-1298

centration drops to approximately 0.03mmol m−3. During1299

summer months, minimum values in many parts of the1300

model domain reach 0 mmol m−3, indicating complete ni-1301

trate exhaustion in the surface layer. In the second half1302

of the year, a gradual increase in nitrate concentrations1303

in the surface layer is observed. This process begins in1304

September, when autumn storms and intensified vertical1305

mixing transport nitrates from deeper layers toward the1306

surface. In October, the mean concentration increases to1307

approximately 2.80 mmol m−3, followed by a continued1308

systematic increase throughout the autumn–winter period.1309

The seasonal amplitude of mean nitrate values during the1310

analysed period is very large, at approximately 9.57 mmol1311

m−3, reflecting the strong influence of seasonal primary1312

production on the nitrogen balance in the euphotic layer.1313

The spatial distribution analysis of nitrate concentra-1314

tions indicates a very high variability within the model do-1315

main. In some regions, maximum values exceed 100 mmol1316

m−3, which is associated with high nitrate concentrations1317

in deeper water layers as well as local hydrodynamic pro-1318

cesses. The highest nitrate concentrations in the water1319

column are typically observed at greater depths (below1320

approximately 60 m), where dissolved inorganic nitrogen1321

accumulates as a result of organic matter decomposition.1322

The obtained seasonal pattern of nitrate variability is1323

consistent with the typical biogeochemical cycle observed1324

in the Baltic Sea. High winter and early spring concentra-1325

tions result from limited biological production and inten-1326

sified vertical mixing, whereas the sharp decline in spring1327

is directly linked to intensive nitrogen uptake during phy-1328

toplankton blooms.1329

Detailed monthly data are presented in Table 9.1330

4. Discussion1331

The validation results demonstrate that the 3D CEMBS-1332

PolSea biogeochemical model is capable of reproducing1333

the major spatial and temporal patterns of biogeochemical1334

variability in the southern Baltic Sea. The highest agree-1335

ment between simulations and observations was obtained1336

for dissolved oxygen, with correlation coefficients reach-1337

ing 0.87 for the ICES Low Resolution dataset and 0.72 for1338

the ICES High Resolution dataset. These results indicate 1339

that the model realistically represents the combined in- 1340

fluence of physical transport, vertical mixing, biological 1341

production, and respiration processes that control oxygen 1342

dynamics in the Baltic Sea. 1343

Thevalidationof nutrient concentrations revealedmod- 1344

erate to good agreement betweenmodel results and obser- 1345

vations. Correlation coefficients for phosphates, silicates, 1346

and nitrates ranged from 0.60 to 0.68, indicating that the 1347

model captures the dominant mechanisms controlling nu- 1348

trient cycling and transport within the study area. Lower 1349

performance observed in coastal regions is likely associ- 1350

ated with uncertainties in riverine nutrient loads, highly 1351

variable hydrological conditions, and local-scale processes 1352

that are difficult to resolve even with high-resolution nu- 1353

merical models. 1354

The interpretation of model skill should also consider 1355

the substantial natural variability of biogeochemical pa- 1356

rameters in the Baltic Sea. While some variables exhibit 1357

relatively high RMSD values, the observational datasets 1358

themselves are characterised by very large coefficients of 1359

variation, particularly for nitrate, phosphate, and chloro- 1360

phyll a concentrations. The coefficient of variation reaches 1361

109.9% for chlorophyll a, 123.8% for phosphate, and 1362

312.3% for nitrate observations. Such variability reflects 1363

strong seasonal cycles, vertical gradients, riverine influ- 1364

ences, and local biological processes characteristic of the 1365

southern Baltic Sea. 1366

To provide a more robust assessment of model per- 1367

formance, additional normalised skill metrics were cal- 1368

culated, including bias, normalised RMSE (nRMSE), the 1369

RMSE-observation standard deviation ratio (RSR), and the 1370

coefficient of variation (CV). The RSR values range from 1371

0.54 for dissolved oxygen to 0.88 for nitrate in the ICES 1372

dataset and reach 0.94 for the comparison with satellite- 1373

derived chlorophyll a concentrations. According to the 1374

model evaluation guidelines proposed by Moriasi et al. 1375

(2007), the obtained RSR values are higher than those 1376

typically considered satisfactory in hydrological applica- 1377

tions. However, these criteria were developed for water- 1378

shed models and may be overly restrictive when applied 1379

to highly variable marine biogeochemical variables. 1380

Therefore, the RSR values should be interpreted in the 1381

context of the variability of the observational datasets. In 1382

all analysed cases, model errors remain comparable to or 1383

lower than the standard deviation of the observations, in- 1384

dicating that the model reproduces a substantial fraction 1385

of the observed variability. Consequently, RMSD values 1386

should not be interpreted independently of observational 1387

variability. The obtained results indicate that the model re- 1388

tains predictive skill despite the complexity of the analysed 1389

biogeochemical processes and the uncertainties associated 1390

with both in situ and satellite observations. 1391

The lowest correlation was obtained for chlorophyll 1392

a concentration (r=0.51). However, this result remains 1393



In
Pr
es
s

Development and validation of the 3D CEMBS-PolSea biogeochemical model ... 25/27

within the range commonly reported for regional biogeo-1394

chemical ecosystem models operating in coastal and shelf-1395

sea environments (Daewel and Schrum, 2013; Eilola et al.,1396

2009; Meier et al., 2014). Chlorophyll a is characterised1397

by strong short-term and local variability driven by nu-1398

trient availability, light conditions, species composition,1399

and physical forcing. In coastal waters, rapid bloom devel-1400

opment and small-scale processes may further increase1401

discrepancies between model simulations and observa-1402

tions.1403

Additional uncertainty is associated with the compari-1404

son between model simulations and satellite-derived chlo-1405

rophyll a observations. As discussed in Section 3.2, satel-1406

lite products represent an optically weighted signal orig-1407

inating from the upper illuminated part of the water col-1408

umn rather than chlorophyll concentrations within a sin-1409

gle model layer. Consequently, part of the discrepancy1410

between model results and observations may arise from1411

differences in the vertical representation of chlorophyll a1412

in the observational and modelling systems, particularly1413

during stratified conditions when subsurface chlorophyll1414

maxima occur.1415

The assimilation experiment demonstrated that the1416

incorporation of satellite-derived chlorophyll a informa-1417

tion improves the representation of surface phytoplankton1418

dynamics while maintaining consistency with the inter-1419

nal physical and biogeochemical structure of the model.1420

Because the assimilation procedure applies gradual cor-1421

rections rather than direct replacement of model values,1422

the model state evolves toward the observed conditions1423

while preserving the dynamical relationships among bio-1424

logical, chemical, and physical variables. This approach1425

reduces the risk of introducing artificial discontinuities1426

and maintains the stability of the modelling system.1427

The spatial distribution of correlation coefficients in-1428

dicates generally better model performance in offshore1429

regions than in coastal waters. This pattern is typical1430

of ecosystemmodels and reflects the greater complexity1431

of nearshore environments, where riverine inputs, sedi-1432

ment–water interactions, local circulation patterns, and1433

anthropogenic pressures exert a stronger influence on1434

biogeochemical conditions. Despite these challenges, the1435

model reproduces the observed variability of all analysed1436

parameters across most of the southern Baltic Sea domain.1437

Particular attention should be paid to the role of sili-1438

cates in shaping ecosystem functioning in the Baltic Sea.1439

Silicon availability directly influences the development of1440

diatoms, one of the dominant phytoplankton groups in1441

the region. Consequently, silicate concentrations affect1442

not only the magnitude of primary production but also1443

the structure of phytoplankton communities and nutrient1444

cycling pathways. The tendency of the model to under-1445

estimate higher silicate concentrations in some coastal1446

regions may indicate uncertainties in riverine silicon loads1447

or insufficient representation of local sediment processes.1448

Further investigations of silicon dynamics may therefore 1449

contribute to improving future model performance. 1450

An important advantage of the developed system is 1451

its operational implementation within the CSI-POM 2 plat- 1452

form. Unlike many ecosystem models that remain primar- 1453

ily research tools, the 3D CEMBS-PolSea model provides 1454

continuously updated information that can support en- 1455

vironmental monitoring, ecosystem assessment, marine 1456

spatial planning, and decision-making processes. The in- 1457

tegration of numerical modelling with satellite observa- 1458

tions and operational environmental information services 1459

bridges the gap between scientific research and practical 1460

applications in marine management. 1461

Future work will focus on further validation and refine- 1462

ment of the biogeochemical module, improved estimates 1463

of riverine nutrient loads, better representation of coastal 1464

processes, and the implementation of advanced data as- 1465

similation methods. These efforts are expected to enhance 1466

both the predictive performance and the operational ap- 1467

plicability of the 3D CEMBS-PolSea modelling framework. 1468

5. Conclusions 1469

The main conclusions of this study are as follows: 1470

1. A high-resolution three-dimensional biogeochemical 1471

model (3D CEMBS-PolSea) was successfully devel- 1472

oped and implemented for the southern Baltic Sea 1473

within the CSI-POM 2 operational framework. 1474

2. The model reproduces the major spatial and tem- 1475

poral patterns of dissolved oxygen, chlorophyll a, 1476

phosphate, silicate, and nitrate variability observed 1477

in the southern Baltic Sea. 1478

3. The highest validation performance was obtained 1479

for dissolved oxygen, with correlation coefficients 1480

reaching 0.87 (ICES Low Resolution) and 0.72 (ICES 1481

High Resolution). 1482

4. Nutrient concentrations were reproduced with mod- 1483

erate to good agreement (r=0.60−0.68), indicating 1484

that the model captures the dominant mechanisms 1485

governing nutrient cycling and transport. 1486

5. Chlorophyll a simulations showed moderate agree- 1487

ment with observations (r = 0.51), demonstrating 1488

the capability of themodel to reproduce themain fea- 1489

tures of seasonal phytoplankton dynamics despite 1490

the high natural variability of chlorophyll a concen- 1491

trations and the limitations associated with satellite- 1492

derived products. 1493

6. Additional performance metrics, including bias, 1494

nRMSE, RSR, and the coefficient of variation, indicate 1495

that model errors remain comparable to or lower 1496

than the variability of the observational datasets. 1497
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These results confirm that the model retains pre-1498

dictive skill and reproduces a substantial fraction of1499

the observed environmental variability.1500

7. The assimilation of satellite-derived chlorophyll a1501

observations improves the representation of surface1502

phytoplankton dynamics and enhances the opera-1503

tional applicability of the modelling system.1504

8. The developedmodelling framework provides a valu-1505

able tool for environmental monitoring, ecosystem1506

assessment, forecasting, and marine management in1507

Polish marine areas.1508
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Gröger, M., Liu, Y., Pemberton, P., Schimanke, S., Ander-1610

sson, H., Ljungemyr, P., Nygren, P., Falahat, S., Nord, A.,1611
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