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Abstract. The coupled physical–biogeochemical dynamics of the Baltic Sea are challenging to simulate due to its complex

10 bathymetry, strong stratification, and high optical turbidity. This study evaluates a multi-source data assimilation framework
using a three-dimensional coupled model, comparing univariable (chlorophyll‑a only) and multivariable (chlorophyll‑a plus
sea surface temperature) assimilation strategies. Our results quantify the vertical and dynamical limits of surface-constrained
assimilation in stratified marginal seas. Satellite chlorophyll‑a assimilation markedly improves the spatial and seasonal
representation of surface phytoplankton biomass, but in situ profiles are necessary to accurately reconstruct the subsurface

15 chlorophyll maximum. Physical and biological constraints are complementary, and their joint assimilation yields a
synergistic improvement, substantially reducing thermohaline biases and enhancing overall model consistency. Although
chlorophyll‑a increases can modify subsurface heating through bio‑optical feedback, deep‑water oxygen profiles at
monitoring stations remain insensitive to surface‑focused constraints and are governed instead by physical ventilation and
remineralization. Crucially, the joint configuration provides a cross‑variable regularization that prevents noisy biological

20 updates from degrading the physical state. These results demonstrate that, in optically complex marginal seas, joint
physical–biogeochemical assimilation is essential to overcome the limitations of univariable frameworks and to ensure that
surface observations translate into an accurate representation of the full water column.
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30 1. Introduction
The Baltic Sea ranks among the world’s most heavily affected marine ecosystems. Its semi-enclosed basin, limited water
exchange with the North Sea, low salinity, and strong vertical stratification collectively hinder the dilution and export of
land-derived pollutants, rendering the basin exceptionally vulnerable to anthropogenic pressures (Jahanmard, et al., 2025;
Liblik et al., 2022). Over recent decades, excessive nitrogen and phosphorus inputs from agricultural and industrial waste

35 have triggered widespread eutrophication, recurrent phytoplankton blooms, and expanding hypoxic zones (Gustafsson et al.,
2012; Savchuk, 2018; Andersen et al., 2017), with profound consequences for cycling and ecosystem functioning across the
basin (Meier et al., 2022).

Chlorophyll‑a (Chl‑a), the primary photosynthetic pigment in phytoplankton, serves as a widely used proxy for
40 phytoplankton biomass and a proxy for primary productivity (Siegel et al, 2013, Clow et al., 2026). A realistic

characterization of Chl‑a variability is therefore essential for assessing ecological status and tracking eutrophication
dynamics in coastal seas (Maúre et al., 2021). In the Baltic Sea, both in situ and satellite observations reveal strong
spatiotemporal variability in Chl‑a, driven by complex interactions among stratification, nutrient availability, freshwater
inputs, and light conditions (Carstensen et al, 2020; Brando et al., 2021; Stramska and Jakacki, 2024). However, numerical

45 ecosystem models consistently fail to capture this variability – particularly bloom timing, spatial distribution, and intensity –
due to coarse resolution, oversimplified biological parameterizations, poor representation of regional optical properties, and
insufficient integration of high‑resolution observational data (Neumann et al., 2021; Soomets et al., 2022; Meier et al., 2019;
Ruvalcaba Baroni et al., 2024).

50 In global and regional oceans, data assimilation (DA) has been widely and successfully applied to physical variables (e.g.,
temperature, salinity, sea surface height) systems, producing substantial improvements in reanalysis and forecast skill
(Stammer et al., 2016; Karspeck et al, 2018; Liu et al., 2021; Lai et al, 2021). Assimilation of biogeochemical variables,
including nutrients, dissolved oxygen, and occasionally Chl‑a, has recently emerged as a promising approach for improving
ecosystem model simulations in regional seas (Liu et al, 2014; Ciavatta et al, 2018; Teruzzi et al., 2021). However, most

55 coupled systems treat the physical and biogeochemical update steps independently, and the mechanisms by which biological
increments propagate into the physical state – or are dampened by it – remain poorly understood, especially in optically
complex, salinity-stratified marginal seas (Goodliff et al., 2019; Skákala et al., 2021). Weakly coupled frameworks, in which
physical and biogeochemical variables share a common state vector but are updated without explicit cross-variable error
covariances, offer a practical intermediate method. Such frameworks avoid the risk of introducing spurious cross-

60 covariances but still allow the nonlinear model dynamics to mediate indirect physical–biogeochemical interactions during
the forecast step. Nevertheless, the effectiveness of this indirect coupling pathway, as well as the conditions under which it
fails, have not been systematically assessed for the Baltic Sea.
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The Baltic Sea presents a particularly demanding environment for satellite-based chlorophyll-a assimilation. A major
65 difficulty arises from high concentrations of riverine-derived colored dissolved organic matter (CDOM), which dominate

light absorption at blue wavelengths throughout the year and contribute more than 80% of total light absorption at 400 nm
across large parts of the Baltic Sea (Kratzer and Moore, 2018; Simis et al., 2017). This optical complexity challenges ocean
color retrieval algorithms and also compromises atmospheric correction procedures. As a result, satellite-derived Chl‑a
products in the Baltic Sea exhibit systematic biases, especially in coastal and estuarine eutrophicated zones (Kratzer and

70 Moore, 2018; Tilstone et al., 2022). Recent advances in CDOM-explicit bio-optical modelling (Neumann et al., 2021) and in
dedicated regional Chl-a algorithms for Sentinel-3 OLCI have partially mitigated these biases, but assimilation of satellite
products still requires preprocessing and robust error characterization to prevent the propagation of retrieval bias into the
model state (Lavigne et al., 2021; Brando et al., 2021). Furthermore, the haline stratification that dominates the Baltic
vertical structure constrains the coupling between thermal, biological, and physical processes. Unlike thermally stratified

75 open-ocean systems, the buoyancy impact of bio-optical heating anomalies in the Baltic is expected to be modest relative to
the stabilizing salinity gradient, fundamentally altering the expected cross-variable responses.

Despite the maturity of coupled biogeochemical modelling of the Baltic Sea including operational reanalysis and forecast
systems, the direct assimilation of Chl-a within the Baltic context remains underused. Moreover, to date, no comprehensive

80 studies have yet systematically assessed how the joint assimilation of satellite and in situ Chl-a together with sea surface
temperature (SST) influences the simulation of phytoplankton dynamics and physical–biogeochemical feedback within a
weakly coupled framework (Ciavatta et al., 2018; Goodliff et al., 2019; Teruzzi et al., 2021). This study addresses this gap
using a controlled set of assimilation experiments conducted within the NEMO–SCOBI modelling system, using the LSEIK
ensemble filter. We examine how different DA strategies affect the representation of phytoplankton phenology and spatial

85 biomass distribution, as well as coupled physical–biogeochemical interactions in the Baltic Sea. By assimilating high-
resolution satellite and in situ Chl-a data, we provide observational constraints for an optically complex marginal sea system.
Through this suite of experiments, we quantify the relative and combined effects of Chl‑a and SST assimilation on model
performance. Specifically, we evaluate: (i) how assimilating satellite and in situ Chl‑a, separately and in combination,
modifies the representation of phytoplankton phenology and spatial biomass patterns; (ii) how biologically induced

90 variations in light absorption influence upper‑ocean thermal structure and stratification within a weakly coupled system; and
(iii) how assimilation impact differs across the surface layer, the subsurface chlorophyll maximum (SCM), and the deep
oxygen environment, thereby clarifying which components of the vertical water column can be realistically constrained by
multi‑source assimilation in an optically complex marginal sea. By addressing these questions, the study moves beyond
traditional performance assessment toward a process-oriented understanding, establishing a mechanistic basis for assessing

95 both the potential and the limits of joint physical–biogeochemical assimilation in the Baltic Sea and similar CDOM-rich,
salinity-stratified coastal systems.
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2. Model Configuration and Data
2.1 Model: NEMO-SCOBI
A coupled ocean–biogeochemical modeling system was configured for the Baltic–North Sea based on the NEMO framework

100 (Nucleus for European Modelling of the Ocean), with a horizontal resolution of approximately 3.7 km (2 nautical miles) and
56 vertical levels with variable thickness. Near the surface, layers are finely resolved at about 3 m to capture stratification
and upper-layer dynamics, and the maximum layer thickness reaches 22 m in the deepest parts of the basin, such as the
Norwegian Trench. Open boundaries to the English Channel and between Scotland and Norway use the Flather radiation
condition (Flather, 1994) for depth-integrated (barotropic) velocities and the Flow Relaxation Scheme (Davies, 1976) for

105 relaxing tracer variables (temperature, salinity, and biogeochemical components). The model adopts a nonlinear free surface
with a split-explicit time-stepping scheme to separately resolve fast barotropic and slower baroclinic components. Lateral
boundaries apply free-slip conditions for momentum, and bottom friction is calculated using a quadratic drag law with
spatially varying roughness lengths. Vertical mixing is parameterized using a k–ε turbulence closure scheme (Umlauf and
Burchard, 2003), with mixing-length limitation following Galperin et al. (1988) to maintain realistic stratification in strongly

110 stratified regions. Tracer advection is computed using a Total Variation Diminishing (TVD) scheme to ensure numerical
stability and conservation (Leclair and Madec, 2009). Isopycnal diffusion is enhanced near river inflows to prevent negative
salinity values, especially in areas of intense freshwater discharge such as the Neva estuary.

The biogeochemical processes are simulated in this study by the SCOBI (Swedish Coastal and Ocean Biogeochemical)
115 module, which is online-coupled with NEMO to simulate essential biogeochemical dynamics, including nutrient cycling

(nitrate, ammonium, phosphate, silicate), oxygen dynamics, primary and secondary production (phytoplankton and
zooplankton), and detritus decomposition (Eilola et al. 2009; Ruvalcaba Baroni et al., 2024). In SCOBI, hydrogen sulfide
concentrations are represented by “negative oxygen” equivalents (1 mL H2S L−1 = -2 mL O2 L−1) (Fonselius, 1962).
Biogeochemical tracers are transported by the physical flow and interact through local biogeochemical transformations. The

120 open boundaries for biogeochemical variables are prescribed using monthly climatological fields. Sea ice processes are
simulated with the LIM3 model, which accounts for both thermodynamic growth and melt and dynamic sea-ice transport.

The coupled system is initialized from a reanalysis simulation described by von Schuckmann et al. (2019). Atmospheric
forcing is provided by the UERRA regional reanalysis with hourly data at 11 km resolution (Ridal et al., 2017; Copernicus

125 Climate Change Service, 2019). A precipitation correction factor of 0.8 is applied to account for known overestimation. At
the open boundaries in the North Sea, hydrographic variables and sea level are prescribed using ECMWF’s ORAS4/5
reanalyses (Balmaseda et al., 2013; Zuo et al., 2018), supplemented by barotropic surge levels from the NOAMOD model
(She et al., 2007). Freshwater inflow is represented using daily river discharge from the EHYPE hydrological model
(Arheimer et al., 2012), with river salinity fixed at 0.001 PSU and temperature matched to the local sea surface temperature.
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130
Figure 1. Map of the study area showing the discretized model bathymetry(a). The squares show the locations of the
representative in situ monitoring stations. The positions of Baltic sub-basins and correponding relative errors of satellite
observations to the in situ observations statisticaled in the basin are shown in figure(b) for Skagerrak (SR), Kattgat (KT),
Danish straits (DS), Arokna basin (AB), Bornholm basin (BB), east Gotland basin (EGB), west Gotland basin (WGB), north

135 Baltic proper (NBP), Gulf of Finland (GF), Gulf of Riga (GR), Åland Sea (ÅS), Bothnian Sea (BoS), and Bothnian bay
(BoB).

2.2 Observational Datasets
2.2.1 Chlorophyll-a

140 Two satellite-derived Chl-a datasets from Copernicus Marine Service (CMEMS) product
OCEANCOLOUR_BAL_BGC_L3_MY_009_133 were assimilated, differing in spatial resolution and temporal coverage.
The first dataset has a 1 km spatial resolution and is a multi-sensor product combining observations from several ocean
color instruments (e.g., MODIS, VIIRS, MERIS, SeaWiFS, OLCI–S3A), providing a consistent long-term record. The
second dataset offers higher resolution (300 m) and is derived from Sentinel-3 OLCI Level-3 observations within the same

145 processing framework, available from 2016 onwards. Both datasets provide near-daily observations, depending on cloud
conditions and orbital cycles, and cover the entire Baltic Sea. Only clear-sky satellite observations were used in the
assimilation, and all data were filtered using quality flags to minimize contamination from atmospheric effects and land
adjacency.
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150 The combined assimilation of these datasets enhances spatial coverage and representation of variability across scales relative
to a single-product approach. Differences in sensor characteristics and resolution result in complementary sampling from
basin to coastal scales. Specifically, the 1 km dataset constrains basin-scale variability, while the 300 m dataset captures
finer-scale features, particularly in coastal and heterogeneous waters. Their joint use enables consistent representation of
large-scale patterns while improving the characterization of small-scale phytoplankton dynamics.

155

Figure 2. Temporal frequency and normalized spatial density of unique Baltic Sea in situ profiles between October 2015 and
December 2018. (a) Monthly sampling sequence showing standard baseline monitoring (13 to 85 profiles/month) punctuated
by an extensive high-resolution cruise in May 2016 (474 profiles). (b) Basin-wide spatial sampling density mapping derived

160 via smooth Gaussian kernel density estimation. The color scale highlights the geometric footprint of high-frequency
undulating cross-basin transects overlaid on traditional fixed monitoring stations.

In situ Chl-a measurements were obtained from the CMEMS Bio-In Situ Thematic Assembly Centre database (product ID:
INSITU_BAL_PHYBGCWAV_DISCRETE_MYNRT_013_032) comprising fluorometric Chl-a observations derived from

165 CTD casts in the Baltic Sea. The database provides observations over an extended nominal period; however, only data
corresponding to the period of this study were used. The observations are spatially and temporally heterogeneous, with
denser coverage near long-term monitoring stations and during summer survey periods. Vertical sampling typically includes
multiple depths within the upper 50 meters, offering critical information on vertical distribution of phytoplankton biomass
that complements the satellite surface observations.

170
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The in situ Chl-a dataset used in this study exhibits significant spatiotemporal clustering. The temporal sampling baseline is
stable, with approximately 13–85 observation points per month, but a significant anomalous peak occurs in May 2016,
reaching 474 profiles, marking an intensive cross-basin field expedition (Fig. 2a). Normalized Gaussian kernel density maps
show that data density is highly concentrated in the Baltic Propoer and the Gulf of Finland (Fig. 2b). The areas with the

175 highest relative density (0.85–1.0) are concentrated at internationally recognized long-term monitoring stations, such as
BY15 in the Eastern Gotland Basin, which are regularly visited for routine environmental reporting. Outside these highly
surveyed corridors and long-term monitoring stations, large areas of the basin exhibit sparse spatial data gaps, indicating the
typical spatial heterogeneity of sampling inherent in hybrid autonomous and shipborne marine monitoring programs.
2.2.2 Sea Surface Temperature

180 The SST data utilized in this study were obtained from the EUMETSAT Ocean and Sea Ice Satellite Application Facility
(OSI SAF) high-latitude Level-3 Sea and Sea Ice Surface Temperature products OSI‑203‑a (Metop‑B/AVHRR) and
OSI‑203‑b (S‑NPP/VIIRS). These products cover all ocean and ice regions poleward of 50°N and provide twice-daily
gridded SST and sea ice surface temperature fields at a spatial resolution of 5 km. The dataset spans from 2012 onwards and
combine clear-sky retrievals from multiple overpasses into regular daily composites, thereby effectively capturing seasonal

185 and interannual SST variability across the Baltic Sea and adjacent high-latitude seas (Donlon et al., 2012; Merchant et al.,
2019).

3. Methodology
3.1 Local Singular Evolutive Interpolated Kalman filter
We employ the Local Singular Evolutive Interpolated Kalman filter (LSEIK; Pham et al., 1998) to assimilate observations

190 into the coupled ocean–biogeochemical model. LSEIK is an ensemble-based scheme that updates the model state by
optimally combining the forecast with observations according to their respective error statistics. The analysis state vector is
obtained from the forecast state through a Kalman filter update, in which the innovation (difference between observations
and model equivalents) is weighted by the Kalman gain matrix. The gain is computed from the forecast error covariance and
the observation error covariance, following standard ensemble Kalman filter formulations. An inflation factor of 0.3 is

195 applied to the forecast error covariance to mitigate ensemble underdispersion. This value follows previous applications of
LSEIK in ocean DA (e.g., Liu and Fu, 2018) and is adopted here as a pragmatic choice to ensure stable filter performance.
The LSEIK filter is implemented in an offline configuration, where ensemble statistics are derived from a long-term free-
running model simulation rather than from a dynamically evolving ensemble. This approach provides a computationally
efficient estimate of background error covariances while retaining the dominant variability of the system.

200
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In this study, a weakly coupled DA framework is adopted. Although physical and biogeochemical variables are included in a
common state vector, they are updated independently during the analysis step, and no explicit cross-variable error
covariances are imposed. As a result, interactions between biological and physical variables arise only through the nonlinear
model dynamics during the forecast step, as cross-variable error covariances are not explicitly represented. Therefore, any

205 impact of Chl-a corrections on temperature or stratification should be interpreted as an indirect effect mediated by changes in
radiative transfer and subsequent physical adjustments within the model.
3.2 Localization Strategy
To reduce spurious long-range correlations in ensemble-based error covariances, spatial localization is applied to the Kalman
gain. Distance-based weighting functions are used to restrict the influence of observations to a local neighborhood around

210 each model grid point. Horizontally, we apply a Gaussian tapering function with a cutoff radius of 150 km for physical
variables and 100 km for biogeochemical variables. Vertically, a uniform localization radius of 30 m is used for all variables.
The observations within the localization radius are weighted based on their Euclidean distance between the observation
location and the target grid points using a quasi-Gaussian function (Liu et al., 2013; Liu et al, 2021). Although this approach
does not explicitly account for complex bathymetry, it provides a computationally efficient and previously validated solution

215 for the Baltic Sea.

The choice of a uniform vertical localization radius of 30 m represents a compromise between capturing upper-ocean
variability and limiting spurious vertical correlations. This value is broadly consistent with typical mixed layer depths during
productive seasons in the Baltic Sea. However, the use of a constant vertical scale does not account for seasonal or regional

220 variability in stratification, and sensitivity to this parameter remains a source of uncertainty.
3.3 Ensemble Generation and Assimilation Cycle
The LSEIK filter is implemented in an offline configuration, in which ensemble perturbations are constructed from a long-
term free-running model simulation rather than being dynamically evolved. The background error statistics are estimated
from a multi-decadal hindcast covering the period 1990–2016, with model snapshots stored at three-day intervals. For each

225 analysis date, ensemble members are selected using a time-window sampling approach to represent seasonally consistent
variability. Specifically, a 6-year temporal window centered on the target date is considered, and for each year within this
window, model snapshots within ±45 days of the analysis date are extracted. This window length was selected to ensure
sufficient sampling of interannual variability while maintaining seasonal consistency. This results in a total ensemble size of
120 members (6 years × 20 samples per year), providing a balance between sampling robustness and computational

230 efficiency. The use of an offline ensemble derived from a long-term hindcast provides a computationally efficient
approximation of background error covariances and captures dominant seasonal and interannual variability. However, this
approach assumes statistical stationarity and may not fully represent transient or extreme events.
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To isolate the dominant variability relevant for DA, the ensemble pool is first filtered using a Gaussian band-pass filter to
235 suppress both high-frequency noise and low-frequency trends. A multivariate empirical orthogonal function (EOF)

decomposition is then applied, and the leading modes are retained to define a reduced-order representation of the forecast
error covariance. Ensemble perturbations are subsequently reconstructed using a second-order exact sampling method (Liu
and Fu, 2018), yielding a low-rank but dynamically consistent estimate of background uncertainty.

240 DA is performed within a 3-day window centered on the analysis time, incorporating observations from one day before to
one day after. This window represents a functional compromise between the rapid evolution of the spring bloom and the
thermodynamic response time of the upper mixed layer (Stramska and Jakacki, 2024). The window is sufficiently short to
capture the rapid onset and peak of phytoplankton blooms (e.g., the spring diatom bloom or summer cyanobacteria filaments;
Klais et al, 2021), thereby preventing the model from significantly drifting away from the observed biomass dynamics. At

245 the same time, this window provides sufficient integration time for the model’s radiative transfer scheme to respond to the
updated chlorophyll fields. Specifically, chlorophyll concentration updates modify the light attenuation coefficient, which
alters the vertical distribution of shortwave radiation and consequrently contribute to changes in the temperature tendency
(Ciavatta et al., 2018, Skákala et al., 2021). A multi‑day forecast is therefore required for these localized heating rate
anomalies to translate into a measurable change in thermal structure (Gentemann, et al. 2009; Kang e al, 2024).

250
This weakly coupled assimilation framework circumvents the known issues in strongly coupled system, where poorly
constrained or non‑stationary cross‑variable covariances can introduce spurious correlations or initialization shock. In our
setup, the 3‑day forecast acts as a natural physical‑biogeochemical filter, ensuring that any indirect thermodynamic updates
remain dynamically consistent with the model’s internal physics.

255
To reduce computational cost, ensemble perturbations are updated at different temporal frequencies for different variable
groups: every 6 days for physical variables and every 30 days for biogeochemical variables. This approach reflects the faster
temporal variability of physical processes compared to biogeochemical dynamics, while maintaining computational
efficiency.

260 3.4 Observation Quality Control and Error Specification
All observations undergo a series of quality control procedures prior to assimilation. Observations located over land, as
defined by the model land–sea mask, are excluded, along with duplicate records. Satellite observations within 5 km of the
coastline are removed to reduce contamination from land adjacency effects. When multiple observations are available within
the same model grid cell and depth level, they are averaged to provide a representative value.

265
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The observation error covariance matrix is assumed to be diagonal, implying uncorrelated observation errors. Observation
error standard deviations are specified according to variable type and data source. For SST, a constant error standard
deviation of 0.3 °C is adopted, consistent with previous regional DA studies (Liu and Fu, 2018). Chl-a observations are
assimilated in logarithmic space to account for their approximately log-normal distribution and to ensure non-negativity. For

270 in situ Chl-a profiles, a constant error standard deviation is assumed in log-space, defined as:
σin_situ =  log(1 + 0.1) (1),
corresponding to an approximate relative uncertainty of 10%, reflecting a stable measurement uncertainty. For satellite-
derived Chl-a, the observation error is formulated as a function of the observed concentration to account for increased
uncertainty at low concentrations and in optically complex waters. The standard deviation in log-space is defined as follows:

275 R =  log 1 + max(εrel, 
0.1

Cobs
) (2),

where 𝐶𝑜𝑏𝑠 denotes the observed Chl-a concentration, and 𝜀𝑟𝑒𝑙 is a sub-basin–specific relative error coefficient. The sub-
basin–specific relative error coefficient (𝜀𝑟𝑒𝑙) was estimated from statistical comparisons between collocated satellite and in
situ Chl-a observations. For each sub-basin, relative differences were computed and aggregated to determine representative
uncertainty levels, reflecting both retrieval errors and regional optical complexity. The resulting values are intended to

280 provide a first-order characterization of spatially varying observational uncertainty.

This formulation allows the observation error to scale with concentration while avoiding unrealistically small uncertainties at
low values. It also accounts for the increased uncertainty of satellite retrievals in optically complex waters such as the Baltic
Sea, where high CDOM and suspended sediments can significantly affect optical signals.

285
It should be noted that the specification of observation errors remains a key source of uncertainty in the assimilation system,
particularly for satellite-derived Chl-a. Our pragmatic parameterization attempted to balance observational constraints and
model stability, but its impact on assimilation performance should be considered when interpreting the results.
3.5 Experimental Design

290 Based on the model configuration and DA framework described above, three numerical experiments were conducted using
NEMO–SCOBI to assess the impact of DA on ecosystem dynamics. All experiments were integrated over the period from
October 2015 to November 2018. Initial and restart fields for all experiments were taken from the ocean reanalysis described
by von Schuckmann et al. (2019). The experiments differ only in the assimilated observations.

295 The reference experiment (REF) was a free-running simulation without DA and serves as a baseline representation of
coupled physical–biogeochemical variability. In the CHL_SAT experiment, only satellite Chl-a observations were
assimilated to constrain biogeochemical state variables and evaluate the impact of surface biogeochemical assimilation on
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ecosystem dynamics. In the CHL_3D run, Chl-a observations from both satellite and in situ sources were assimilated to
isolate the impacts of increased subsurface observational constraints on biogeochemical dynamics. In the CHL_SST

300 experiment, both satellite and in situ Chl-a observations were assimilated alongside SST observations within the weakly
coupled LSEIK framework to assess the combined influence of biogeochemical and physical constraints on coupled
physical–ecosystem processes.
3.6 Assessment metrics
The experiments are evaluated against observational products using standard statistical measures, including mean bias

305 (Bias), root mean square error (RMSE), and Taylor skill score (TSS). In addition, spatial variations between the simulations
are further examined by calculating the direct differences (Δ), defined as the respective DA runs minus the REF run (e.g.,
CHL_SAT - REF).
These metrics are defined as follows:
Bias = 1

𝑁∑𝑁
𝑖=1 𝑆𝑖

obs − 𝑆𝑖
sim (3),

310 RMSE = 1
𝑁 ∑𝑁

𝑖=1 (𝑆 𝑖
obs − 𝑆 𝑖

sim)2 (4),
where Ssim and Sobs denote simulated and observed fields, respectively, and N is the total number of data points.
TSS = 4(1+𝑅)2

(σsim σobs+σobs σsim)2(1+𝑅0)2 (5),
where 𝑅 is the Pearson correlation coefficient between the simulated and the observed data, R0 is the maximum achievable
correlation coefficient (assumed to be 1 here), and σsim and σobs represent the standard deviation of simulated and observed

315 fields, respectively.

4 Results
4.1 Sea Surface Temperature
The reference simulation (REF) reproduces the broad SST climatology of the Baltic Sea, with TSSs ranging from 0.94 to
0.99 across most sub-basins and a basin-wide temporal correlation of about 0.98 (Fig. 3a). Skill is lower in the Bothnian Bay

320 and along the northeastern coastal margins of the Baltic Proper, where complex ice-edge dynamics and freshwater inputs are
not well represented in the free run. Assimilating Chl-a alone (CHL_SAT, CHL_3D) produces only marginal changes in
SST relative to REF, with spatially heterogeneous response and a negligible basin-mean TSS decrease of approximately -
1.4×10⁻⁵ (Fig. 3b-c). This indicates that, in this weakly coupled framework, biological updates do not propagate directly
into surface temperature fields. In contrast, the CHL_SST experiment achieves the highest SST skill (Fig. 3d). TSS is

325 improved in nearly all sub-basins, except for narrow coastal zones where values remain slightly below those of REF, and
basin-wide skill increases by approximately 7%, with the strongest gains in the northern Baltic Sea. These findings indicate
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that direct SST constraints eliminates the regional cold biases present in REF and provides a physical consistent baseline for
interpreting the biogeochemical state. 

330 Figure 3. Spatial distribution and comparison of the Taylor Skill Score (TSS) for simulated sea surface temperature across
different assimilation experiments. (a) Absolute TSS for the reference run (REF). (b–d) Spatial discrepancies in TSS (ΔTSS)
between the data assimilation runs and the reference run, calculated as: (b) CHL_SAT - REF, (c) CHL_3D - REF, and (d)
CHL_SST - REF. The domain-averaged value for each experiment is indicated in the upper-left corner of each panel. The
colorbars in (b–d) denote the relative differences expressed in percentage (%).

335
These results demonstrate that incorporating physical constraints into CHL_SST allows for the developement of a more
accurate thermal environment, which is a prerequisite for correctly representing the stratification-dependent processes such
as bloom initiation, SCM formation, and oxygen dynamics, which are examined in the following sections. The subsequent
thermal response to biological corrections is therefore interpreted as a secondary, nonlinear adjustment within the model

340 rather than a basin-scale physical reorganization.
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4.2 Surface Chlorophyll-a
4.2.1 Basin-Scale Assessment and Error Statistics
The REF simulation exhibits a systematically underestimation of surface Chl-a concentration across the entire basin, yielding
a basin-wide RMSE of 2.30 mg m⁻³ relative to the multi-sensor satellite product. The spatial distribution of model errors

345 shows a clear south–north gradient (Fig. 4). Performance is relatively better in the Arkona and Bornholm basins, where
localized RMSE values are around 1.44 mg m⁻³, but errors rise significantly toward the northeastern Baltic, reaching 4.02
mg m⁻³ in the Gulf of Finland and 4.62 mg m⁻³ in the Gulf of Riga. These regions characterized by intricate complex
circulation, strong riverine discharge, and high CDOM concentrations. 

350 Figure 4. Spatial and regional assessment of modeled surface chlorophyll-a errors. (a–d) Spatial distribution of root-mean-
square error (RMSE, mg m-3) calculated against the multi-sensor satellite product for the reference run and the respective
data assimilation experiments. (e) Regional comparison of the domain-averaged RMSE (mg m-3) across the major sub-basins
of the Baltic Sea.

355 All three DA configurations substantially reduce the basin-mean RMSE, although with varying efficienicy. CHL_SAT
decreases the Baltic-mean RMSE to 1.62 mg m⁻³, correponding a 30% reduction relative to REF, while CHL_3D performs
slightly better with a RMSE of 1.58 mg m⁻³ (a 31% reduction). The largest local improvement in CHL_3D occurs in the
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northern Baltic Proper and West Gotland Basin, where localized RMSE decreases by 46% and 45%, respectively. The
CHL_SST experiment provides the most robust constraint, further reduces basin-mean RMSE to 1.41 mg m⁻³ (a 39%

360 reduction relative to REF). These quantitative reductions show that the northern sub-basins, Arkona Basin, and Bornholm
Basin benefit most from the combined physical and biogeochemical constraint. The comparison also suggests that the
physical and biogeochemical constraints are complementary rather than redundant. Regions that benefited from Chl-a
assimilation alone show further improvement when the SST constraint is added. This is particularly evident in northern sub-
basins, where stratification dictates bloom phenology, and within the Arkona and Bornholm basins, where complex

365 hydrodynamic features amplify the impact of thermal assimilation. In these regions, the SST assimilation appears to correct
the upper-ocean thermal environment that regulates phytoplankton development, while Chl-a assimilation directly constrains
biomass.

Figure 5. Seasonal variability of surface Chlorophyll-a (mg m-3) from the four numerical experiments and two observational
370 products (multi-sensor and Sentinel-3) in the Baltic Sea.

A comparative analysis of the two satellite Chl-a products reveals distinct differences in seasonal amplitudes. The multi-
sensor product yields a summer maximum of approxmiately 3.4 mg m⁻³, whereas Sentinel-3 reports consistently higher
concentrations, characterized by an enhanced late-winter to early-spring signal (Fig. 5). None of the DA experiments are

375 capable of replicating this early-season peak in Sentinel-3 product. This persistent mismatch originates from a hard-coded
structural thresholding within the biogeochemical formulation rather than a failure of the assimilation scheme itself (Eilola et
al, 2009; Ruvalcaba Baroni et al., 2024). Specifically, overly restrictive thresholds for minimum light availability and
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background phytoplankton biomass artificially suppress primary production under cold, low-light, early-season conditions.
Therefore, this limits the model’s intrinsic ability to initiate the late-winter to early-spring bloom, regardless of the strength

380 or configuration of the observational constraints applied.
4.2.2 Seasonal spatial distribution
The impact of assimilation on the spatial distribution of simulated surface Chl-a shows a clear seasonal divergence,
indicating the evolving interplay between thermodynamic forcing and biological growth regimes that govern chlorophyll
dynamics in the Baltic Sea (Fig. 6). In winter, robust convective mixing supplies abundant ambient nutrients, but severe light

385 limitation and low temperature suppress phytoplankton growth, resulting in minimal biomass. During this period, the model
shows its maximum annual basin-wide bias (1.68 mg m⁻³). Although satellite observation quality deteriorates due to sea-ice
cover and cloud contamination, DA runs reduce errors by 8–18% relative to the free run. Notably, assimilating SST data
yields an error reduction approximately 1.8 times greater than that achieved through the biological constraints alone,
implying that correcting the thermodynamic state is more effective under extreme light-limited conditions. In spring, the

390 dynamics of phytoplankon bloom in the Baltic Sea are primarily governed by mixed-layer shoaling and light availability.
Under these conditions, CHL_SST reduces the Chl-a bias by 64%, substantially outperforming the 38% reduction achieved
by assimilating biological observations alone (CHL_SAT). This disproportionate improvement indicates that maintaining an
accurate thermal and stratification state is a critical prerequisite for capturing bloom onset and spatial distribution. In
summer, nutrient limitation (i.e., nitrogen and phosphorus) becomes the dominant control governing phytoplankton

395 dynamics, especially in the central and southern Baltic basins. Direct biological assimilation in CHL_SAT reduces the Chl-a
bias by 64%, particularly in the Baltic Proper, where the bias decreases from 0.61 to 0.12 mg m⁻³. Because the upper-ocean
physical structure is relatively stable at this stage, additional SST constraints provide only marginal benefits, implying that
improvements are driven mainly by the direct correction of biogeochemical states. In autumn, enhanced vertical mixing
triggers a secondary bloom by entraining nutrients from the deeper layers. The REF run shows considerable biases in

400 productive coastal regions, with a basin-wide mean bias of 1.36 mg m⁻³. All DA configurations reduce these biases by
29–32%, though residual errors persist in highly productive nearshore areas. 
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Figure 6. Seasonal spatial distribution of surface chlorophyll-a concentrations and discrepancies across different simulation
experiments. (a–d) Multi-sensor satellite observational product used as the reference baseline for Winter, Spring, Summer,

405 and Autumn, respectively. (e–h) Spatial mean bias (Bias, mg m-3) of the reference run (REF) relative to the satellite product
(multi - REF). (i–t) Spatial differences (∆, mg m-3) in surface chlorophyll-a between the respective data assimilation (DA)
runs and the REF run, calculated as: (i–l) CHL_SAT - REF, (m–p) CHL_3D - REF, and (q–t) CHL_SST - REF. The
domain-averaged value for each specific case is indicated in the upper-left corner of each panel.
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410 Overall, these seasonal patterns indicate a systematic shift in dominance constraint on model skill for phytoplankton
dynamics in the Baltic Sea. Physical constraint is most important in winter and spring, while biological constraint becomes
more important in summer and autumn.

Figure 7. Time–depth distributions of chlorophyll-a across major Baltic sub-basins. Comparison between in situ
415 observations (first row) and simulation experiments: REF (second row), CHL_SAT (third row), CHL_3D (fourth row), and

CHL_SST (fifth row). Stations represent a south–north gradient: BY1 (Arkona Basin), BY5 (Bornholm Deep), BY15
(Eastern Gotland Basin), and BY29 (Northern Baltic Proper). Note the enhanced representation of the Subsurface
Chlorophyll Maximum (SCM) in the CHL_3D and CHL_SST experiments following the inclusion of vertical profile data.
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420 4.3 Vertical Chlorophyll-a Structure
4.3.1 Satellite-only assimilation and its vertical limitations
Assimilating satellite-derived Chl-a (CHL_SAT) markedly improves the simulation of surface bloom dynamics, better
constraining bloom timing and magnitude within the mixed layer (Figs. 7 and 8). However, the impact of surface
observations on subsurface layers is limited by vertical localization. Rather than propagating improvements downward, the

425 surface-bounded constraint occasionally generates spurious vertical gradients and fails to correct the subsurface chlorophyll
structure. In particular, the CHL_SAT remains incapable of accurately reproducing the SCM during stratified periods, which
fluctuates between 15 and 30 m based on in situ observations. In contrast, the SCM inferred from the CHL_SAT run persists
near the surface, similar to the REF run. This vertical decoupling is a fundamental consequence of the observation geometry.
Satellite sensors sample only the uppermost optical depth (~1 𝐾𝑑), whereas the SCM forms near the base of the seasonal

430 pycnocline at depths of about 20–40 m in the central Baltic. 
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Figure 8. Simulated vertical profiles of chlorophyll-a (Chl-a, mg m-3) temporal evolution revealing the dynamics of
435 Subsurface Chlorophyll Maxima (SCM) from 2016 to 2019 at stations BY1, BY5, BY15, and BY29. Columns correspond to

the different monitoring sites, whereas rows display the four numerical experiments. The results demonstrate the capability
of the three-dimensional assimilation schemes (CHL_3D and CHL_SST) in reconstructing the seasonal deepening and
structural stratification of the phytoplankton biomass within the euphotic zone compared to the surface-only constraint
(CHL_SAT).

440
The basin-wide profile validation (Table 1) quantifies a localized degradation in the subsurface layers, where the basin-mean
bias in the CHL_SAT run worsens relative to that in the REF run (increasing from 0.14 to 0.62 mg m-3 at 5–10 m and from
0.49 to 0.68 mg m-3 at 10–20 m). However, the seasonal mean profiles at representative offshore stations show that the
satellite assimilation better resolves the observed mixed layer depth relative to the REF run(Fig. 9). This discrepancy implies

445 that the subsurface degradation is spatially localized and primarily driven by productive coastal zones and river plumes
unresolved by the offshore stations.
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Table 1. Basin-wide statistical validation of simulated Chlorophyll-a (mg m⁻³). Statistical performance metrics – Root Mean
Square Error (RMSE) and Mean Bias (Bias) – calculated against all available in situ observations (0–200 m) for the entire

450 Baltic Sea.
Depth Range Metrics(mg m⁻³) REF CHL_SAT CHL_3D CHL_SST

Surface
(0–5m)

RMSE 5.51 5.36 5.23 5.16
Bias 1.18 1.14 1.37 1.30

Mid
(5–10m)

RMSE 3.19 2.78 2.68 2.62
Bias 0.14 0.62 0.39 0.33

Mid
(10–20m)

RMSE 1.85 1.72 1.43 1.40
Bias 0.49 0.68 0.16 0.16

Mid
(20–30m)

RMSE 1.85 1.76 1.49 1.51
Bias 0.96 0.75 0.34 0.29

Mid
(30–40m)

RMSE 0.88 0.83 0.75 0.79
Bias 0.37 0.17 0.13 0.05

Deep
(>40m)

RMSE 0.23 0.20 0.14 0.15
Bias 0.18 0.10 0.05 0.03

4.3.2 Profile assimilation and SCM reconstruction
Incorporation of in situ Chl-a profiles (CHL_3D and CHL_SST) significantly enhances the representation of the vertical
biomass distribution, reducing the systemic subsurface chlorophyll overprediction occurred in unconstrained simulation

455 (Table 1). The largest improvement occurs in intermediate layers (10–20 m), where both profile-based assimilation
configurations reduce the basin-mean bias by 67%, from 0.49 mg m⁻³ in REF to 0.16 mg m⁻³. Additionally, a 34% reduction
in RMSE is achieved in waters below 40 m. The seasonal evolution of the SCM depth (Fig. 8) shows that both CHL_3D and
CHL_SST effectively guide the biomass peak to descend into the pycnocline (approximately 15–30 m) during summer
stratification, with reducing localized profile RMSE reduction of up to 25% at station BY15 (Fig. 7). This behavior indicates

460 that in situ profiles directly constrain the depth-integrated phytoplankton structure that governs light attenuation, nutrient
drawdown, and oxygen consumption. This adaptive capability is further evident in their precise responsiveness to transient
hydrodynamic forcing. During episodic mixing, such as early 2018 at station BY29, these constraints promptly induce sharp
downward shift in SCM following a mixing event (Fig. 8).
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465 Figure 9. Seasonal evolution of Chlorophyll-a at representative monitoring stations. The mean vertical profiles of
observations and simulations are show for stations BY1, BY5, BY15, and BY29. The data assimilation experiments
successfully correct the timing and magnitude of the spring bloom. Each panel represents one season (Winter, Spring,
Summer, Autumn), with station variability captured in the shaded regions for observations and mean profiles plotted for
simulations.

470
Seasonal mean profiles (Fig. 9) show the greatest RMSE reductions occur in spring and summer, whereas autumn mixing
reveals a clear difference between the two profile-constrained configurations. As autumnal convection deepens the mixed
layer, both the CHL_3D and CHL_SST runs sustain their vertical responsiveness, successfully guide the simulated SCM
downward into intermediate depths (approximately 15–30 m). However, the REF and CHL_SAT runs fail to adapt to this

475 vertical feature. Furthermore, a distinct vertical partitioning emerges between the two profile-constrained configurations. The
CHL_3D run primarily optimizes the water column within the upper 30 m, whereas the CHL_SST run provides a more
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accurate structural representation of the deeper chlorophyll features in the 30–55 m depth range. This divergence suggests
SST assimilation indirectly regulates the subsurface ecosystem during the autumn transition by correcting the underlying
thermodynamics and accurately modulating the seasonal pycnocline.

480 4.4 Bio-optical Feedbacks and Thermal Response
The direct SST constraints in Section 4.1 provide the large-scale physical baseline for the analysis. Here, we examine the
localized thermal response that arises from biological correction alone. Correcting the biological state through Chl-a
assimilation produces physically consistent changes in the vertical thermal structure, even without the direct temperature
updates. Figure 10 illustrates this bio-optical feedback at stations BY5 in the Bornholm Basin and BY15 in the Eastern

485 Gotland Basin during the post-spring bloom period (May). In the REF run, the underestimated phytoplankton biomass yields
a relatively transparent water column, with 𝐾𝑑 values of about 0.20–0.22 m⁻¹ in the upper 25 m. The CHL_SAT run
increases 𝐾𝑑 to around 0.23 m⁻¹ at BY5 and about 0.25 m⁻¹ at BY15, indicating stronger optical attenuation. These optical
modifications redistribute solar heating vertically. Although overall SSTs remain nearly unchanged across the Chl-a–only
assimilation experiments, the increased turbidity in CHL_SAT induces a localized, modest near-surface warming of up to

490 0.4 °C and a slight cooling in the intermediate layer between 25 and 75 m relative to the REF run. This vertical pattern is
consistent with the expected response to enhanced biological shading. Below 75 m, temperature profiles converge across
Chl-a–only assimilation experiments. This convergence demonstrates that the thermal feedback is confined to the depth
range controlled by seasonal stratification and the penetration depth of shortwave radiation.
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495 Figure 10. Vertical profiles of the light attenuation coefficient (𝐾𝑑, m⁻1) and temperature (°C) at monitoring stations (a–b)
BY5 (Bornholm Basin) and (c–d) BY15 (Eastern Gotland Basin) in May. The CHL_SAT experiment shows higher 𝐾𝑑 and
an approximately 0.4 °C deep-water warming compared to the REF run. This divergence highlights a
physical–biogeochemical feedback where corrected biological turbidity modifies the vertical distribution of solar radiation
absorption, leading to localized adjustments in the mixed layer depth and the sequestration of heat in subsurface layers.

500
The resulting thermal changes are small and spatially heterogeneous, and they do not lead to a basin-wide improvement in
SST statistics (TSS change < 0.01%). This near-neutral response suggests that the bio-optical feedback primarily
redistributes heat vertically rather than driving large-scale surface temperature anomalies. In salinity-stratified marginal seas
like the Baltic Sea, buoyancy and horizontal gradients are primarily influenced by wind mixing and riverine inputs, which

505 dominate the weaker thermodynamic signatures of biological light absorption.
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4.5 Deep dissolved oxygen
The vertical distribution of dissolved oxygen at the four monitoring stations reveals a clear two-layer structure, which is
distinctly insensitive to the choice of DA configuration (Fig. 11). Within the well-ventilated upper mixing and oxic waters
(0–40 m), all simulations show a narrow variability and systematically slightly overestimate dissolved oxygen compared to

510 shipboard observations by 0.5–1.5 ml L⁻¹. The biological DA configurations achieve a visible reduction in this positive bias.
This improvement proves that an enhanced representation of biomass and subsurface thermal signatures leads to more
accurate dissolved oxygen distributions in oxic waters. Notably, the inter-comparison of these experiments reveals
introducing surface thermal constraints yields further error reduction in these oxic intermediate layers, highlighting the
synergistic benefit of joint physical–biogeochemical corrections on upper-ocean redox state variables. A profound departure

515 from observations occurs beneath the pycnocline. In the deep basins, below 75m, all simulations fail to reproduce the
observed sharp oxycline, showing a persistent positive oxygen bias of 1.0–2.5 ml L⁻¹ before transitioning into anoxic
conditions (Fig. 11c–d), where the negative values represent the equivalent hydrogen sulfide (H2S) debt. The assimilation
runs show slightly larger discrepancies from observations than the REF run in these hypoxic layers, whereas the spread
among configurations remains very small. This behavior indicates that improving surface biological forcing and upper-ocean

520 bio-optical feedbacks does not improve the representation of the deep oxycline. This finding mechanistically implicates
physical transport (particularly the episodic saltwater inflows that ventilate the deep basins) and sediment remineralization as
the primary controls on the vertical oxygen gradient, processes not constrained by current DA framework. 
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Figure 11. Comparison of simulated vertical profiles of the dissolved oxygen (ml L-1) against in situ observations at
525 monitoring station (a) BY1 (Arkona Basin), (b) BY5 (Bornholm Basin), (c) BY15 (east Gotland Basin), and (d) BY29 (north

Baltic proper). Horizontal error bars on the in situ observation represent observational uncertainty. Note the high model-
observation agreement in the upper 20 m (oxic zone) and the increasing model bias and observational uncertainty within the
oxycline (50–100 m), particularly in the deeper basins (c and d).

530 The persistently wide observational uncertainty in the 50–100 m oxycline zone also warrants caution in the quantitative
interpretation of model-data mismatch at depth. These results delineate the boundaries of what surface-focused, weakly
coupled DA. This framework can effectively improve the biological and thermal state of the euphotic zone. However, the
redox environment of the deeper basins is governed by internal model dynamics and requires independent physical or deep-
water constraints to be improved. 
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535 5 Discussion
5.1 Asymmetry of Biophysical Coupling in Halocline-Dominated Marginal Seas
Our experiments demonstrate a pronounced asymmetry in biophysical coupling pathways in the Baltic Sea. Physical
constraints strongly regulate ecosystem evolution through their control of stratification, mixing, and nutrient supply, whereas
biological corrections exert a localized and vertically confined influence on the thermal structure. Previous Baltic Sea studies

540 have shown that optically active constituents can alter the vertical distribution of shortwave heating but produce only a weak
SST response under strong stratification and efficient wind-driven mixing (Löptien and Meier, 2011; Cahill et al.,
2023). Here, we extend these findings by separating physical control on ecosystem dynamics from the thermal response to
biological corrections, allowing the direction and strength of biophysical coupling to be evaluated explicitly in a single
modeling framework.

545
In the CHL_SAT and CHL_3D experiments, enhanced phytoplankton biomass increases light attenuation, leading to a weak
surface warming and a compensating subsurface cooling (25–75 m). This vertical dipole structure, consistent with previous
global and regional bio-optical feedback studies (Manizza et al., 2005; Lengaigne et al., 2007; Park et al., 2014; Hernandez
et al., 2017; Berthet et al., 2023; Meng et al., 2024), indicates a redistribution of heat rather than a substantial change in

550 upper-ocean heat content. Although the biologically induced temperature anomalies remain small (< 0.4 °C), they may still
modify the local density gradients near the thermocline and influence the timing of seasonal mixed-layer deepening. In a
halocline-dominated marginal sea, such perturbations may advance the onset of autumn mixing, with implications for
nutrient entrainment and oxygen ventilation across the oxycline. In a seasonally stratified and oxygen-sensitive system such
as the Baltic Sea, ecological sensitivity may exceed thermal sensitivity, with small thermal perturbations influencing nutrient

555 supply, oxygen ventilation, and the timing of seasonal transitions. These mechanistic insights go beyond earlier Baltic
studies, which mostly focused on the physical response to optical properties rather than on the coupling between physical
control and biological feedbacks (Löptien and Meier, 2011; Cahill et al., 2023). The weak thermal response contrasts with
more weakly stratified systems, in which bio-optical feedbacks can more readily alter the thermal state(e.g., Löptien et al,
2009; Gnanadesikan and Anderson, 2009; Park et al., 2014). The difference likely arises from the dominant role of salinity

560 stratification in the Baltic Sea. The permanent halocline preconditions the upper-ocean heat budget and limits the penetration
of optical perturbations, thereby suppressing the translation of chlorophyll variability into basin-scale thermal anomalies. As
a result, chlorophyll variability modifies the vertical heat structure without substantially altering the horizontal temperature
patterns.

565 The CHL_SST result further clarifies this asymmetry. SST assimilation reduces regional cold bias and improves the physical
environment governing phytoplankton dynamics. Chlorophyll assimilation produces only a minor thermal adjustment, while
significantly correcting phytoplankton biomass. The weak thermal response indicates the dominance of the pre-existing
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hydrographic structure in regulating the expression of bio-optical feedbacks. Accordingly, the thermal response to biological
assimilation should be interpreted as a secondary, dynamically consistent adjustment within a halocline-dominated system

570 rather than as a basin-scale reorganization of surface temperature. Biophysical coupling in the Baltic Sea is therefore not
weak but strongly asymmetric, with physical forcing dominating biogeochemical variability and biological feedbacks
exerting only a secondary influence on the thermal state. The pronounced asymmetry in coupling pathways provides a
mechanistic basis for designing observation-sensitive assimilation strategies in halocline-dominated coastal seas.
5.2 Vertical mediation of surface biogeochemical change

575 The differences among assimilation runs suggest that surface biogeochemical anomalies in the Baltic Sea are not propagated
linearly downward through the water column, but are mediated by the contemporaneous thermal state and stratification of
the upper water column (Berthet et al., 2023). Accordingly, chlorophyll variability should be considered as a process
outcome. This outcome is conditionally expressed within a vertically structured physical environment (Viljoen et al, 2024).
Our multi-experiment configuration provides a direct diagnostic platform to test this coupling. By isolating the independent

580 impacts of thermal and biological constraints, we can resolve the precise environmental thresholds where surface data
ingestion successfully translates into vertical subsurface precision.

Our findings indicate that the capacity of surface chlorophyll corrections to penetrate downward depends on whether the
upper ocean maintains sufficient vertical coherence. Satellite-only assimilation (CHL_SAT) can improve near-surface bloom

585 signals, but it remains less effective at constraining the SCM during transition periods (Wang et al., 2021). While expanding
this biological constraint via full vertical bioprofile assimilation (CHL_3D) extends the biological correction throughout the
water column, its effective depth range still depends on the background stratification (Teruzzi, et al, 2014; Cossarini et al.,
2019; Berthet et al., 2023). The joint assimilation configuration in CHL_SST is therefore not merely a merger of data
streams, but a thermodynamically consistent framework that preserves the dynamical expression of biological renewal as the

590 mixed layer deepens or shoals seasonally. For example, at station BY15, CHL_SST brought the SCM depth closer to the
observed pycnocline during the 2018 winter transition (Fig. 8), indicating a more realistic coupling between surface forcing
and subsurface biomass structure. This spatial correction helps align the simulated biological productive center with the
observed nutricline and pycnocline (Teruzzi, et al, 2021), thereby providing a more reliable basis for interpreting subsurface
primary production and its potential implications for carbon export.

595
SST constraints do not only modify the thermal field but also determine the effective vertical extent of biogeochemical
corrections (Goodliff et al, 2019). In summer, when the euphotic layer and the seasonal pycnocline are closely aligned,
surface biological changes are more readily reflected in the subsurface chlorophyll structure (Barbieux et al., 2019; Baldry et
al, 2020; Xu et al, 2022). This limitation is particularly pronounced during the autumn transition. As wind-driven turbulence

600 and convective cooling accelerate the downward entrainment of the mixed layer, the fixed correlation scales within CHL_3D
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fail to track the descending pycnocline between 30 and 55 meters. This phenomenon suggests that the failure of purely
biological assimilation is not a problem in the observation geometry, but rather a structural conflict between stationary
correlation length scales and nonlinear ocean mixing. The primary advantage of integrating SST lies precisely in its ability to
dynamically re-adjust this hydrodynamic boundary. In this dynamic context, our results show that biogeochemical

605 corrections affect the SCM only when the hydrographic environment retains sufficient vertical coherence to allow surface
anomalies to penetrate below the mixed layer (Kahru et al., 2012; Quartly et al., 2023). The added value of SST lies in its
restoration of a physically plausible upper-ocean background, which helps maintain vertical consistency in chlorophyll-
related light attenuation, nutrient depletion, and biomass redistribution (Zhang et al., 2016; Sein et al., 2022). SST therefore
defines the stratified domain within which biogeochemical signals can be expressed, but it does not directly generate those

610 signals (Behrenfeld et al., 2006).
5.3 Dynamical Decoupling of the Deep Redox Environment
The nearly invariant oxycline trajectories in our results (Fig. 11) reveal that the static benthic boundary layers in the model
effectively seal the sediment-water interface, completely insulating deep-water redox renewals from any pelagic biological
updates. The weak response of deep oxygen to all assimilation configurations indicates that the deep redox environment is

615 dynamically decoupled from surface biomass (Park et al, 2018; Teruzzi et al., 2021). Below the pycnocline, the oxygen
variability is primarily governed by ventilation, basin-scale exchange (Brandt et al. 2015), benthic oxygen demand, and the
persistence of the halocline (Kuliński et al., 2022; Kõuts et al., 2021), rather than by surface chlorophyll adjustments. This
indicates that deep basins respond to a different controlling regime than the photosynthetic layer, and that the linkage
between surface productivity and deep redox state is interrupted by the strong haline stratification in the Baltic Sea.

620
Improving the upper-ocean biological state does influence oxygen levels in the oxic surface and intermediate layers, but this
influence does not extend into the deep basins, where the oxycline remains largely unchanged (Fig. 11). This localized
efficacy demonstrates that deep oxygen is therefore not a delayed or smoothed continuation of surface biogeochemical
change. Instead, it behaves as a semi-isolated compartment whose state depends on episodic renewal events and on the

625 integrity of the salinity barrier that regulates vertical exchange. This process-level separation explains why forcing the model
with either surface satellites (CHL_SAT) or full vertical bioprofiles (CHL_3D) yields diminishing returns below the
halocline. Without correcting the underlying physical baseline of vertical transport, the assimilation system remains blind to
the deep anoxic pool. This multi-variable vertical coupling and the corresponding performance of different DA
configurations are systematically summarized in Table 2.

630
This suggests that surface biogeochemical corrections cannot be expected to reorganize the deep redox environment unless
they are accompanied by independent changes in ventilation or benthic flux conditions. From this perspective, the remaining
deep-oxygen bias should not be interpreted simply as a residual model truncation error of the DA algorithm, but rather as a
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physical manifestation of missing deep-water constraints. The Baltic Sea should therefore be viewed as a system of partially
635 connected compartments. The photosynthetic zone forms the upper compartment, where biomass, light, and the local thermal

structure interact closely. Conversely, the deep basin operates as a separate domain. Its oxygen state is largely controlled by
external renewal events and internal consumption processes.

Tabel 2. Hierarchy of physical–biogeochemical controls across the simulated Baltic Sea domains.
Layer / Variable Dominant control Key DA configuration Primary mechanism

Surface SST Direct thermodynamic forcing CHL_SST Kalman update of temperature field
Surface Chl-a (spring) Thermal stratification & MLD CHL_SST Restored physical background

optimizes bloom phenology
Surface Chl-a
(summer)

Nutrient availability &
biomass

CHL_SAT / CHL_3D Direct state correction of phytoplankton
biomass

Subsurface Chl-a /
SCM

Thermocline depth &
stratification

CHL_3D / CHL_SST Profile constraints align simulated
SCM with the dynamic pycnocline

Bio-optical 𝐾𝑑

feedback
Phytoplankton absorption &
shading

CHL_SAT Altered optical attenuation induces
vertical heat redistribution

Deep-water redox
status

Physical transport & benthic
flux

All configurations (no
basin-wide
improvement)

Dominated by episodic saltwater
inflows and sediment remineralization

640

6 Conclusions
In this study, a weakly coupled data assimilation framework was developed and evaluated for the Baltic Sea that jointly
integrates satellite and in situ Chl-a together with SST into the coupled physical–biogeochemical model. The system
substantially improves the representation of surface phytoplankton biomass while providing a dynamically consistent view

645 of how bio-optical corrections influence thermal structure and oxygen distributions in a salinity-stratified marginal sea. 

First, the experiments demonstrate that Chl-a assimilation markedly enhances the spatial and seasonal structure of surface
chlorophyll fields, particularly during seaonsal transition periods and within offshore deep basins where the model strongly
underestimates bloom magnitude and incorrectly predicts seasonal phases. Direct SST assimilation is necessary to achieve

650 near-optimal SST skill and, combined with Chl-a constraints, yields the largest and most coherent improvements in regions
where physical–biogeochemical coupling is strongest, especially during spring stratification onset. Our results show that
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physical and biological observational constraints are complementary rather than redundant, acting synergistically to correct
both the state and the context of phytoplankton dynamics. 

655 Second, the analysis reveals a clear vertical hierarchy of control. Surface-only satellite Chl-a assimilation is insufficient to
reconstruct the SCM in the stratified central basins, and may even degrade mixed-layer structure if vertical localization is
relied upon as the sole pathway for downward influence. Assimilation of in situ Chl-a profiles is essential to constrain the
pycnocline-layer biomass and SCM depth (Figs. 7 and 8), while SST assimilation indirectly improves subsurface structure
by correcting the seasonal pycnocline and mixed-layer depth. In contrast, the deep-water oxycline remains largely insensitive

660 to any of the tested configurations, confirming that deep oxygen dynamics are dominated by physical ventilation and
remineralization processes that lie outside the reach of surface-focused weakly coupled assimilation. 

Third, the results demonstrate structural limitations imposed by the optically complex nature of the Baltic Sea. High CDOM
concentrations and heterogeneous particulate loads generate substantial uncertainty in satellite Chl-a retrievals, particularly

665 from high-resolution products such as Sentinel-3, which cannot be fully mitigated by statistical error inflation (Fig. 5). In this
context, the joint assimilation of Chl-a and SST acts as a form of cross-variable regularization. The physical constraint
prevents noisy biological updates from driving the thermal state away from observations, while the biological constraint
refines the bio-optical control on vertical heat redistribution within the euphotic zone. These findings are relevant for other
CDOM-rich coastal and marginal seas where satellite-based biogeochemical assimilation is pursued under similarly

670 challenging optical conditions. 

Finally, the study emphasizes the need to move toward multivariate biogeochemical assimilation if the system is to be used
for robust nutrient budget assessment or eutrophication management. Updating only phytoplankton biomass leaves nutrient
and detrital pools to adjust solely through model-internal NPZ dynamics, which may be adequate at the basin scale but does

675 not guarantee local stoichiometric consistency. Future developments should therefore prioritize the simultaneous adjustment
of nutrients and particulate organic matter in proportion to biomass increments, as well as the inclusion of additional
observational constraints such as CDOM or benthic oxygen. In combination with flow–dependent background error
covariances, such enhancements would extend the present framework from a process-oriented diagnostic tool toward a more
comprehensive operational system for monitoring and forecasting biogeochemical conditions in the Baltic Sea and other

680 optically complex marginal seas.

These results have direct implications for biogeochemical monitoring and eutrophication management in optically complex
marginal seas. The 30–39% reduction in Chl-a RMSE improves the reliability of bloom detection and supports more robust
eutrophication assessments (e.g., HELCOM indicators) by providing a baseline that better separates anthropogenic nutrient

685 forcing from natural variability. At the same time, surface Chl-a alone cannot constrain deep oxygen dynamics or diagnose
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deep hypoxia in the Baltic Sea. Effective eutrophication control requires explicitly accounting for physical ventilation (e.g.,
Major Baltic Inflows) and benthic processes in addition to biological constraints.

Code and data availability
The NEMO–SCOBI code as applied in this study is available from the SMHI GitLab repository upon registration and

690 login: https://git.smhi.se/fouo/nemo3.6/. The data assimilation code is based on Liu and Fu (2018) and was extended to
assimilate chlorophyll-a. The river forcing used in this study is described in Ruvalcaba Baroni et al. (2024) and is freely
available therein. The quality-controlled databases used in the present paper are publicly available from CMEMS and OSI
SAF. The simulation output is too large to be archived in a public repository; therefore, the data supporting the findings of
this study are available from the corresponding author upon reasonable request. Selected output fields and analysis scripts

695 will be deposited in a public repository or provided upon reasonable request.
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