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Abstract. Mathematical models are an invaluable tool for understanding marine ecosystems. The performance of these models

is often highly dependent on their parameters. Traditionally, refining these models has involved a time-consuming trial-and-

error approach to identify model parameter values that are able to reproduce observations well. However, as ecosystem models

become more complex, this approach becomes impractical. With advances in computing power, optimisation techniques have

emerged as a viable alternative. However, these techniques often exhibit model-specific customization, which limits their5

broader application. In this study, we present a parameterisation toolbox based on a Particle Swarm Optimizer (PSO) imple-

mented in the Framework for Aquatic Biogeochemical Models (FABM), which allows its reuse between numerous existing

models in FABM, thus making the optimiser more accessible to the community. The effectiveness of the PSO toolbox is

showcased through its application in a 1D physical-biogeochemical model (GOTM-ECOSMO E2E), which successfully pa-

rameterised the Sylt-Rømø Bight ecosystem. The toolbox was able to define optimal values for most of the tuned parameters10

and to suggest potential ranges for poorly constrained parameters. In addition, the toolbox uncovers a number of parameter sets

with notable differences in some parameter values, but leading to only minor variations in biomass and fluxes. Furthermore,

by experimenting with optimisation models of varying complexity, the toolbox was able to define an optimal model for the

Sylt-Rømø Bight.

1 Introduction15

Marine biogeochemical models are valuable tools for hypothesis generation and the acquisition of a mechanistic understand-

ing of ecosystem functioning. This understanding is particularly important given the impacts of anthropogenic-driven climate

change and the increasing need to implement policies and technologies for effective mitigation. To achieve a comprehensive

understanding of ecosystem functioning, it is essential to use models that are capable of reproducing the processes relevant to

the system, as closely as possible to observed data and real-world phenomena. However, obtaining such optimised models is20

challenging due to the complexity of the marine ecosystem. Firstly, unlike atmospheric and hydrodynamic models, which are

based on well-established physical laws such as the Navier-Stokes equations, the governing equations for marine biogeochem-
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ical models remain incomplete (Fennel et al., 2001; Jones et al., 2010; Schartau et al., 2017). Secondly, the sparse nature of

the available data often makes it difficult to constrain all model parameters (Schartau et al., 2017). Thirdly, to cover the full

extent of the marine ecosystem, a number of simplifications (e.g. the use of plankton functional types) are required to reduce25

complexity and computational effort. As a result, processes in marine biogeochemical models are highly dependent on param-

eterisation, which in the best case is often based on empirical studies (Miller, 2009). However, laboratory experiments to define

parameters are typically conducted in a single species under controlled conditions, raising questions about their applicability to

in situ conditions (Fennel et al., 2001). Where direct empirical determination is not possible, parameter optimisation has been

proposed to overcome these challenges (Fennel et al., 2001; Dowd, 2011). Although this approach can help models reproduce30

observed state variables and fluxes, its broader purpose is to systematically improve model skill by finding parameter sets that

improve the agreement between model outputs and observations.

Parameter optimisation has been used in marine ecosystem modeling to optimise poorly known model parameters (Prieß

et al., 2013; Falls et al., 2022; Kern et al., 2024). Essentially, optimisation is done by fitting the model output to the observed

data through objective tuning of the parameters. The parameters are varied until the mismatch between the model outputs35

and the observed data, often referred to as the cost function, is minimised (Fennel et al., 2001). A variety of optimisation

methods used in marine ecosystem modeling (e.g., Generalized Likelihood Uncertainty Estimation (GLUE, Beven and Binley

(1992), Simulated Annealing (SA, Kirkpatrick et al. (1983), Markov Chain Monte Carlo Metropolis et al. (1953)) have been

summarised in Houska (2017). Numerous studies have succeeded in implementing parameterisation and its advanced method

in marine ecosystem modelling (e.g., (Rückelt et al., 2009; Prieß et al., 2011; Reimer, 2019)). However, these implementations40

are often tailored to specific models or difficult to reuse, requiring much effort to implement a new parameterisation (Hemmings

et al., 2015).

In biogeochemical modeling, the Framework for Aquatic Biogeochemical Models (FABM) is widely used to couple sev-

eral physical and ecological models. Many important hydrodynamic and biogeochemical models are coupled to FABM (e.g.

hydrodynamic models include GOTM, ROMS, NEMO, MOM, HYCOM, FVCOM and SCHISM; ecosystem models include45

ECOSMO, ERSEM, BFM, PISCES (marine) and WET/PCLake (freshwater)). An optimisation method that is compatible with

FABM would enable its use and promote its practice within the community. Therefore, in this paper, we present a parameteri-

sation toolbox that is compatible with FABM and also introduce an optimisation algorithm (Particle Swarm Optimizer (PSO))

that is not often used in biogeochemical models.

We demonstrate the application of the PSO to 1D GOTM-ECOSMO/ECOSMO E2E in FABM to optimise the model for50

the Sylt-Rømø Bight ecosystem (hereafter the Sylt ecosystem) using observational data at the Sylt Road. We chose the Sylt

ecosystem as an application because there are several hypotheses about the dynamics of the Sylt ecosystem, such as: (i) warmer

winters lead to shifts from a pelagic to a more benthic dominated food web, (ii) enhanced top-down control during warm winters

by predators (e.g, blue mussels, oysters, razor clams) (pers.comm. Johannes Rick and Sabine Horn), (iii) bare mussel beds and

mussel cultures reduce the standing stock of phytoplankton, but also promote phytoplankton primary production (Asmus and55

Asmus, 1991), to which requires a modeling approach to address.
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The structure of the paper is as follows: in the next section we describe the PSO, the cost function used in the optimisation,

the coupled 1D GOTM-ECOSMO and ECOSMO E2E (hereafter E2E) model configuration and setup. In the third section, we

present the results and discussion of the PSO for the Sylt ecosystem . Finally we end the paper with some concluding remarks.

2 Data and Methods60

2.1 Parameterisation toolbox

The core of the paper is the implementation of the Particle Swarm Optimiser (PSO) with FABM as the PSO Toolbox. The PSO

algorithm has been well described by Poli et al. (2007) and consequently well reviewed by Garcia-Gonzalo and Fernandez-

Martinez (2012); Sengupta et al. (2019). The PSO from Poli et al. (2007) with a boundary condition adjustment was used

to identify parameters of an ecosystem model in Puget Sound (Nguyen, 2021). The PSO toolbox presented in this paper is65

based on the algorithm described in (Nguyen, 2021). A brief description of the PSO in plain language is given below; a full

description can be found in (Nguyen, 2021).

Algorithm. Mathematically, the algorithm is presented as in figure 1. A particle i of the swarm at time t is characterised by

its vector position
�!
Xi(t), its vector velocity

�!
vi(t), and its personal cost

�!
Pi(t). The swarm at time t records its best (global) cost

�!
G(t). The movement of particle i from time t to time (t+1) with velocity

�!
Vi(t+ 1) must take into account its current vector70

velocity, its personal cost and the global (swarm) cost to reach position
�!
Xi(t+ 1) that is closer to the swarm’s best position.

Thus, the particle i moves first parallel to its current velocity vector (
�!
vi(t)), then parallel to the vector connecting its current

position (
�!
Xi(t)) to its personal best position (

�!
Pi(t)), and finally parallel to the vector connecting the current position (

�!
Xi(t))

to the global best position(
�!
G(t)). The addition of these three vectors from the beginning of the first vector to the end of the

third vector is its new velocity (
�!
Vi(t+ 1)). Since the new position of particle i is determined using the previous experience of75

the particle itself and of the whole swarm, the new position is considered to be the better position for particle i to be. If each

particle in the swarm follows these rules, they will cooperate to find the best position in the search space, and thus the best

possible solution. The algorithm is implemented as follows.
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Figure 1. Particle Swarm Optimization Algorithm. A particle i of the swarm at time t is characterised by its vector position
−→
Xi(t), its vector

velocity
−→
vi(t), and its personal cost

−→
Pi(t). The swarm at time t records its best (global) cost

−→
G(t). The particle i approaches to the global

best by first moving parallel to its current velocity vector (
−→
vi(t)), then parallel to the vector connecting its current position (

−→
Xi(t)) to its

personal best (
−→
Pi(t)), and finally parallel to the vector connecting the current position (

−→
Xi(t)) to the global best (

−→
G(t)). The addition of

these three vectors from the beginning of the first vector to the end of the third vector is its new velocity (
−→
Vi(t + 1)).

1. Initialise a population array of particles with random positions and velocities on D dimensions in the search space

rescaled to the interval (0, 1). The personal costs of the particles, calculated from the initialised positions and velocities,80

are assigned to their pbest.

2. loop

3. For each particle, evaluate the desired optimisation fitness function in D variables.

4. Compare the fitness evaluation of the particle with its pbesti. If the current value is better than pbesti, then set pbesti

equal to the current value, and pi equal to the current position xi in D-dimensional space.85

5. Identify the particle in the population with the best success so far, and assign its index to the global variable pg .

6. Change the velocity and position of the particle according to the following equation (see notes below)

8><>:vi �(vi + U (0;�1)
 (pi�xi) + U (0;�2)
 (pg �xi)) ;

xi xi + vi

(1)

where90

– � is “constriction coefficients” to control the convergence of the particle

�=
2

�� 2 +
p
�2� 4�

(2)
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where� = � 1 + � 2 > 4. � is commonly set to 4.1, and� 1 = � 2. � 1 and� 2 are often referred to as the acceleration

coef�cients, which determine the magnitude of the random forces in the direction of the personal best (pbest) and

the global best (g).95

– U (0; � i ) is a vector of random numbers uniformly distributed in[0; � i ]generated, randomly at each iteration and

for each particle.

– 
 is a component-wise multiplication.

– each component ofv i is kept within the range[� Vmax ;+ Vmax ] so that particles do not go out of their search

spaces. The optimal value ofVmax is problem-speci�c, but no reasonable rule of thumb is known. For this study,100

Vmax is half of the maximum of the search space, or 0.5.

7. If thev(x + 1) potentially placesx(t + 1) outside its de�ned search space, the out-of-bounds particle must be carefully

repositioned. Imagine a ball (a particle) moving with velocityv between 2 walls (search space). If the ball hits one of the

walls, it will bounce back to a position between the 2 walls. To represent this, set the “damping” value, which controls

the energy loss of the bouncing ball, to be something like0 < � = 0 :8 < 1 (quite close to 1). If the particle crosses the105

lower bound, then the particle is repositioned asx(t +1) = r � � � x(t), wherer is a random number uniformly distributed

between 0 and 1. So the particle has been randomly repositioned somewhere between its original position and the lower

bound (but the damping ensures that it does not get too close to its original position). If the particle crosses the upper

bound, then the same bouncing ball analogy applies, but the repositioning isx(t + 1) = 1 + r � � � (x(t) � 1). (Note that,

this assumes that the parameter search space has been rescaled to the interval (0, 1)). The velocity of an out-of-bounds110

particle should also be reset. The reset velocity vector should point away from the boundary, towards the original position

x(t). Sticking with the bouncing ball analogy: the velocity decreases with the distance bounced from the ground. So if

the new positionx(t + 1) is far from the boundary, the velocity will be small. So the velocities can be rewritten as:

v(t + 1) = ( r � � � 1) � v(t), which works for particles that cross either the upper or lower boundary.

8. When a criterion is met (usually a suf�ciently good �tness or a maximum number of iterations), exit the loop.115

9. end

A common drawback of parameter optimisation techniques is that they get trapped in a local minimum. To avoid this, the

particles in the population are periodically perturbed after a pre-de�ned number of iterations, allowing them to escape the

current local minimum. This perturbation is achieved by resetting the particles to high velocities, allowing them to jump far

from their current positions.120

The optimisation �tness function: in this study, we use the Willmott skill score (WSS) (Willmott, 1981) mean absolute

error (WSS_MAE , equation 3) (Willmott et al., 2012) to evaluate the goodness of �t of the model to the data in the PSO.

W SS_MAE ranges from 0 to 1, with values close to 1 indicating close agreement between model predictions and observa-

tions.
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W SS_MAE = 1 �
1
N

P i = N
i =1 jmi � oi j

1
N

P i = N
i =1 (jmi � �oj + joi � �oj)

= 1 �
MAE

1
N

P i = N
i =1 (jmi � �oj + joi � �oj)

(3)125

wherem is the model output,o is the observation,N is the number of model/observation pairs, and�o is the averaged observa-

tions.

PSO with FABM: the implementation of PSO with FABM is shown in the �gure below.

Figure 2. Implementation of the Particle Swarm Optimiser (PSO) with FABM. First, the PSO toolbox initialises a set of model evaluations

(M i
1:::m ) by randomly assigning parameters (P i

1:::m ) for each model evaluation in the set (iterationi = 0 ). The parameter values are restricted

to the range [0, 1]. These parameters are then rescaled to their true ranges before being written to the model'sfabm.yaml �le. The toolbox

then calls the executable �le of the corresponding model or coupled model from FABM (for this study, GOTM-ECOSMO was used for

demonstration) to run the model setupM . Upon completion of the model runs, the toolbox extracts the model outputs of the state variables

corresponding to the observations (Oi
1:::m (vi

1 ; :::;v i
k )). It then calls the cost function to compute the skill score for each state variable

(C i
1:::m (vi

1 ; :::;v i
k )), identifying the maximum skill score (Cmax) among all model evaluations in the set. TheCmax and its corresponding

parameters represent the model that best �ts the observations for that iteration. TheCmax and its corresponding parameters are then used as a

reference point to calculate parameters for the set of model scores (M i
1:::m ) in the next iteration. This process is repeated until the expected

skill score (CE ) or the maximum number of iterations is reached.

The use of the toolbox requires the input of several parameters. For example, it is necessary to specify the parameters to be

calibrated with their respective ranges, the directory path to the executable �le of a biogeochemical (BGC) model compiled in130
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the Framework for Aquatic Biogeochemical Models (FABM), evaluated state variables and corresponding observations for the

calculation of model skill scores. In addition, the users must specify the number of iterations to run the PSO, the population

size (i.e., the number of model evaluations per iteration), and the perturbed iterations where model parameters were reset to

avoid being trapped in a local minimum. It is essential that the cost function is adapted to speci�c requirements. Full details,

including access to the toolbox code, manual and examples, can be found in the PSO Toolbox repository, available here.135

2.2 The coupled 1D GOTM-ECOSMO E2E model

GOTM (General Ocean Turbulence Model, www.gotm.net) is an open-source community model of the hydrodynamics and

turbulent mixing processes in coasts, oceans and lakes (Umlauf et al., 2016). It is a one-dimensional water column model

that can be run in stand-alone mode or coupled to a 3D circulation model. The core of the model computes solutions to the

one-dimensional versions of the momentum, salt and heat transport equations.140

ECOSMO (Daewel and Schrum, 2013; Schrum et al., 2006) is a biogeochemical model. The model is �rst integrated into

the HAMSOM (HAMburg Shelf Ocean Model) physical model of the North and Baltic Seas (Schrum, 1997; Schrum and

Backhaus, 1999). The biogeochemical processes in ECOSMO are simulated using 16 state variables to resolve ecosystem

dynamics through a functional group approach. The model estimates two zooplankton functional groups, three phytoplankton

groups, the nitrogen, phosphorus and silicon cycle, oxygen, detritus, biogenic opal, dissolved organic matter, and three sediment145

groups. The model was used for a multi-decadal long-term simulation and validated in detail (Daewel and Schrum, 2013, 2017).

ECOSMO E2E (Daewel et al. (2019)) is an extended ecosystem model of ECOSMO that includes functional group formula-

tions for �sh and macrobenthos in addition to the state variables related to nutrients, phytoplankton, zooplankton and �sh. In the

original ECOSMO E2E (Daewel et al. (2019)) model, the higher trophic levels included a single functional group for �sh. How-

ever, the current model code includes two functional groups of �sh, pelagic and demersal. In addition, the model now includes150

macrobenthos, which are divided into two functional groups: benthic suspension-/�lter-feeders and benthic deposit-feeders.

The macrobenthos component of the model is extended to include �lter feeders to account for the abundant �lter-feeding mac-

robenthos (e.g., blue mussels, oyster beds) in the Sylt region (Asmus and Asmus, 1991; Asmus, 2011). The model parameters

subjected to optimisation are given in the Appendix (table A1 to A3).

The GOTM and ECOSMO E2E models are con�gured and coupled via FABM using yaml �les (gotm.yaml for GOTM and155

fabm.yaml for ECOSMO/ECOSMO E2E). The goodness of �t of the model is then assessed by the Willmott skill score (WSS)

mean absolute error (WSS_MAE , equation 3) (Willmott et al., 2012).

2.3 Model con�guration and setup

Study site:The Sylt Road (55.03N, 8.46E), located in the Sylt-Rømø Bight (SRB) to the east of the islands of Sylt and Rømø,

is one of the large tidal basins of the Wadden Sea, which lies along the coastal margin of the North Sea. The SRB is drained160

by three tidal inlets, the Rømø Dyb, the Høyer Dyb and the Lister Tief, all three of which meet in the Lister Ley basin,

which is connected to the North Sea by a narrow opening of 2.6 km between the islands Asmus (2011). Two rivers, Vidå

and Bredeå, �ow into the bay and drain a catchment area of about 1554km2 (1081 km2 and 473 km2, respectively) Asmus

7



(2011). Ecological research on �sh and shell�sh has been carried out in the SRB since the early 1930s, and in the 1990s

extended ecosystem analyses were carried out to investigate material and energy �ows in the SRB intertidal zone. While165

this research has contributed to our knowledge of Wadden Sea ecosystems, an overall and common view of the interlinked

dynamics of material �ows and the organisms has not yet been achieved Asmus (2011). Two-dimensional hydrodynamic and

numerical models described in the 1990s remained largely limited to abiotic processes such as currents and material transport

(Stanev et al., 2003; Kohlmeier and Ebenhöh, 2009). In this study, we have proposed a model that describes the coupled

dynamics of organisms (or describes the dynamics of ecosystem processes), which will provide the necessary information and170

understanding to explore the hypotheses previously mentioned in the Introduction and to provide input to other models such as

Ecopath-Ecosim or the ENA model (Horn et al., 2021a, b) to investigate ecosystem functioning.

GOTM: we use MERRA-2 (Modern-Era Retrospective analysis for Research and Applications, Version 2) meteorological

data around the Sylt Road site. The data were downloaded from the NASA Goddard Earth Sciences (GES) Data and Information

Services Center (DISC). The meteorological data include wind speed at 10 meter, air pressure, air temperature at 10 meter,175

humidity at 2 meter and shortwave radiation. The data were then processed in the GOTM format.

In this study, we did not explicitly validate the GOTM model. Instead, we applied a relaxation scheme to nudge the modelled

temperature and salinity towards the observations, ensuring that the simulated hydrographic conditions remained consistent

with the measurements. This data assimilation-like approach was implemented to provide a dynamically constrained and

physically realistic environment for the coupled ecosystem model. The observational dataset, derived from the long-term180

Sylt Road monitoring programme, was obtained from PANGAEA (www.pangaea.de) and served as a reference to maintain

hydrographic �delity in the simulations.

Figure 3. GOTM model outputs for temperature and salinity were nudged toward observational data to ensure realistic physical conditions.

ECOSMO and ECOSMO E2E forcings and evaluation:we use data monitored at Sylt Road (55.03N, 8.46E) for forcing,

boundary conditions and model evaluation. Speci�cally, we downloaded available data from www.pangaea.de from 2000 to

2008 (8 years of data). The weekly sampling dataset includes surface temperature (oC), salinity (psu), nutrients (nitrate (NO3,185

� mol/l), phosphate (PO4, � mol/l), silicate (SiO4, � mol/l), turbidity (SPM), chlorophyll-a (� gChla/l), zooplankton (cell/l).

Details of data sampling methods and quality control are given in (Rick et al., 2023). Data were processed to the model unit
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(mgC/m3 and mgChla/m3) and written in the format required by GOTM and FABM. For zooplankton, the biomass per cell

given in (Martens, 1975) was used to convert the number of zooplankton per liter to biomass in carbon.

2.4 Model con�guration and experimental parameterisation setups190

The ECOSMO/ECOSMO E2E model setups were con�gured by modifying the corresponding fabm.yaml �le. We performed

six experiments (detailed in Table 1) to demonstrate the PSO toolbox and to de�ne a model that best describes the Sylt Road

ecosystem. These experiments were conducted for the period 2000 - 2004. Probably due to the relatively short characteristic

timescale of the tidally dynamic Sylt-Rømø Bight and the initial conditions derived from a stable simulation, the model reached

a stable annual cycle within one year of simulation. Therefore, the �rst year was discarded as a spin-up period. The remaining195

four years (2001 to 2004) were used for evaluation and computation within the PSO algorithm.

In these six experiments, we always parameterised phytoplankton-related parameters, including growth rates (muP l , muPs),

mortality rates (mP l , mPs), photosynthetic ef�ciency (aa) and light extinction (EXw ), and gradually increased the number

of parameters to be parameterised and thus the model complexity. Three experiments were carried out using ECOSMO or

excluding the �sh and macrobenthos formulations. In the �rst experiment, we parameterised bottom-up processes using six200

parameters related to nutrients and light (half-saturation rates and water clarity). In the second experiment, we focused ex-

clusively on top-down control processes and calibrated 13 parameters related to zooplankton (grazing rates, half-saturation

rates, mortality rates and food reference). The third experiment combined both bottom-up and top-down processes, with a total

of 19 parameters. The remaining three experiments included macrobenthos and �sh, and transitioned to the ECOSMO E2E

model. In the fourth experiment, we calibrated bottom-up and top-down processes as in the third experiment (calibration of205

19 parameters), but included the macrobenthos component without calibrating it. The �fth experiment followed the fourth, but

included a macrobenthos calibration with 35 parameters. In the sixth experiment, we added a �sh component and calibrated

�sh parameters, for a total of 65 parameters.

Details of the parameters tuned in each experiment, together with their corresponding ranges and reference values, are given

in Tables A1 to A3 in the Appendix. The reference values were sourced from Daewel et al. (2019), who applied a three-210

dimensional ecosystem to simulate the North Sea and Baltic Sea ecosystems. Since this study uses a one-dimensional model

for the Sylt-Rømø Bight, where the tidal dynamics are signi�cantly different from those in the North Sea and Baltic Sea, the

reference values from Daewel et al. (2019) were not expected to produce simulation results close to optimal. To de�ne the

calibration bounds, the parameter ranges were set to half and double the reference values. The choice of parameter ranges in

parameterisation or optimisation studies is often debated in terms of appropriateness. For studies with a limited number of215

parameters, literature reviews provide the most effective approach to de�ne reasonable parameter ranges (Falls et al., 2022).

However, for studies involving a larger number of parameters, ranges are typically derived from reference values (Kern et al.,

2024). Given the substantial number of parameters requiring calibration in this study, we have adopted the latter approach.

For each PSO con�guration, the population size per PSO iteration increased with the number of calibrated parameters. In

general, the population size was at least twice the number of calibrated parameters to ensure the ef�ciency of the algorithm220

(Poli et al., 2007). Thus, the population size for each experiment was as follows Experiment (1): 30, (2): 45, (3) and (4): 65,
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(5): 90, and (6): 150. It should be noted that increasing the number of calibrated parameters (or the population size required

per iteration) correspondingly increases the computational time of the PSO run. To avoid being trapped at a local minimum,

the model parameters were perturbed four times, at the 50th, 100th, 150th, and 200th iterations.

Model Exp. Experiment Parameters

type No. name to tun

ECOSMO 1 bottom-up (bt) 1 - 12 (12 parameters) as in ta-

ble A1

2 top-down (tdz) 1-4, 6-7, 13-25 (19 parame-

ters) as in table A1

3 bottom-up and top-down

(bttdz)

1 - 25 (25 parameters) as in ta-

ble A1

ECOSMO

E2E

4 bottom-up and top-down

(bttdz_e2e_n�)

1 - 25 (25 parameters) as in ta-

ble A1

5 bottom-up, top-down, and �lter-

feeder (bttdzff_e2e_n�)

1 - 41 (41 parameters) as in ta-

ble A1 and A2

6 tuning all (e2e_tuned_all) 1 - 65 (65 parameters) as in ta-

ble A1, A2, and A3

Table 1. Description of the parameterisation experiments. Six optimisation experiments were conducted in this study to identify the model

that best represents the ecosystem around Sylt Road. Parameters related to phytoplankton growth (parameters 1-4 and 6-7 as listed in table

A1) were calibrated in all six experiments. Experiments 1-3 were run with the ECOSMO model (an NPZD-type model), while experiments

4-6 were run with the ECOSMO E2E model, which includes macrobenthos and �sh. Experiment 1, namedbt, investigated bottom-up control

by calibrating parameters related to nutrients and light. Experiment 2, namedtdz, investigated top-down control by calibrating parameters

related to zooplankton. Experiment 3, namedbttdz, investigated both bottom-up and top-down controls. Experiment 4, namedbttdz_e2e_n�,

extended experiment 3 by including macrobenthos in the model. Experiment 5, namedbttdzff_e2e_n�, was similar to experiment 4, but

with calibration of macrobenthos-related parameters. Finally, experiment 6, namede2e_tuned_all, included the calibration of all model

parameters.
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3 Results and Discussions225

3.1 Demonstration of the PSO toolbox

Parameter identi�cation and model skill score improvement

In optimisation methods, it is generally expected that the optimiser will run until all parameters have converged. However, such

runs are computationally demanding, especially when optimising a large number of parameters (more than 10). Numerous test

simulations carried out during this study have shown that reliable results can be obtained from PSO well before full parameter230

convergence. In Appendices A1 and A2, we show that the skill scores of the model and the evaluated state variables, as well

as the converged parameter values, stabilise around the 300th iteration. Therefore, we chose the 300th iteration as the stopping

condition for the PSO in the six experiments shown in Table 1.

The results of the 6th experiment (e2e_tuned_all), shown in Figure 4(a), illustrate the effectiveness of the PSO toolbox. The

skill scores of the evaluated variables—chlorophyll-a (Chla), small zooplankton (Zos), large zooplankton (Zol), nitrate (NO3),235

phosphate (PO4) and silicate (SiO4) - as well as with the overall model skill score, calculated as the sum of the evaluated

variables, show signi�cant improvement throughout the PSO iterations. In particular, the overall model improvement (shown

by the black line) occurred mainly within the �rst 50 iterations. From the 50th to the 100th iteration, the model skill score

shows a marginal increase, with the scores stabilising after the 100th iteration. The convergence rate of the model skill score is

shown in the Appendix, Figure A6.240

Parallel to the overall model improvement, the skill score improvement for the evaluated variables is mainly observed within

the �rst 50 iterations. However, between the 80th and 100th iteration, while the overall model skill score shows a slight increase,

the skill score of chlorophyll-a shows a signi�cant increase. This increase is partially offset by a decrease for other variables.

In particular, among the variables evaluated, the most signi�cant improvements are seen in PO4, SiO and large zooplankton,

followed by Chl-a and small zooplankton. Conversely, NO3 shows minimal improvement.245
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Figure 4. (a) Improvement of the skill score (WSS_MAE) of the coupled 1D GOTM-ECOSMO E2E model and its evaluated state variables

over PSO iterations: The x-axis represents iterations, the left y-axis shows the skill scores of the evaluated state variables (Chla, small

zooplankton - Zs, large zooplankton - Zl, nitrate - NO3, phosphate - PO4 and silicate - SiO4) and the right y-axis shows the overall model

skill score (black line), which is the sum of all evaluated state variables. (b) Exploration of model parameters through PSO iterations: the

x-axis represents iterations and the y-axis represents parameter values. Grey dots indicate the parameter values explored, while black dots

represent the best parameter values at each iteration. The �gure illustrates parameter exploration for two parameters,GrZlP (grazing of large

zooplankton on phytoplankton) andasefF1(assimilation ef�ciency of pelagic �sh), as examples. The parameter exploration may converge

quickly (e.g.GrZlP) or take longer to converge (e.g.asefF1).

In the present experiment (the 6th experiment), 65 parameters were tuned to re�ne the model. Examples of parameter ex-

ploration are shown for the grazing rate of large zooplankton on phytoplankton (GrZlP) and the assimilation rate of pelagic

�sh (asefF1) (Figure 4 (b)). Details of the parameter exploration for all parameters can be found in the Appendix (Figure A3).

The parameters will eventually converge if the optimisation is run long enough, but reliable optimised parameters can often

be obtained much earlier, before full convergence. Figure 4 (b) illustrates that the parameters can converge quickly (e.g. in250

the case ofGrZlP) or take much longer to converge (e.g. in the case ofasefF1). The speed of convergence is likely to depend

on the availability of relevant data used in the cost function. However, we cannot draw de�nitive conclusions about the speed

of convergence. Our parameter exploration (Figure A3) showed that some parameters relevant to the available data converged

rapidly (e.g.muPl(maximum growth rate of large phytoplankton),GrZlP (grazing rate of mesozooplankton on phytoplankton),

GrZsP(grazing rate of microzooplankton on phytoplankton)), while others relevant to the same data converged slowly (e.g.255
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mPl (mortality rate of large phytoplankton),rPO4 (half-saturation rate of phosphate),rSi (half-saturation rate of silicate)). In

addition, parameters for which there were no relevant data for evaluation also showed a rapid convergence (e.g.GrF1MB2

(grazing rate of pelagic �sh on deposit feeder),rMB1 (half-saturation rate of �lter feeder),rMB2 (half-saturation rate of de-

posit feeder)). Apart from the data available to constrain the parameters, the convergence speed of the optimisation algorithms

can be in�uenced by the sensitivity of the model parameters. Parameters that have a signi�cant effect on the model output260

will typically require more iterations to converge, as the optimisation process has to account for their large effect. Conversely,

parameters with minimal in�uence may lead to faster convergence due to their limited effect on the model behaviour. A study

by Fennel et al. (2001) found that models with parameters of high sensitivity require more calibration effort to achieve accurate

predictions. Razavi and Gupta (2016) discussed the importance of sensitivity analysis in environmental modelling, highlight-

ing that parameters with high sensitivity can dominate model behaviour and therefore require careful consideration during265

model calibration. Therefore, further research is likely to be required to clarify the relationship between velocity parameter

convergence, data availability and model parameter sensitivity.

Compared to other optimisation algorithms, such as the Biased Random Key Genetic Algorithm (BRKGA) studied by

Falls et al. (2022), which reached convergence within the �rst 10-20 iterations, the PSO algorithm showed a slower rate of

convergence. This difference can be attributed to several factors. First, the basic nature of the algorithms is different. PSO is a270

population-based optimisation technique in which particles explore the search space and iteratively adjust their positions based

on both their own experience and that of their neighbours. As a result, PSO often requires a greater number of iterations as

the particles incrementally re�ne their positions towards the optimal solution while balancing exploration and exploitation.

In contrast, BRKGA showed faster convergence due to its ability to ef�ciently guide the search towards promising regions

early in the optimisation process. However, this advantage comes at the cost of a higher probability of getting trapped in275

local minima. In addition, the biased selection mechanism in BRKGA facilitates rapid population improvement, which further

accelerates convergence. Second, the initialisation strategies of the two algorithms were different. The BRKGA may start with

near-optimal solutions, thus requiring fewer generations to reach convergence. In contrast, PSO initialised with a wider range

of parameter estimates, requiring additional iterations for re�nement. Third, PSO calibrated with a larger number of parameters

compared to BRKGA - 65 and 9 respectively. The higher dimensionality of the PSO increases the complexity of parameter280

calibration, potentially prolonging convergence. In contrast, the lower number of parameters in BRKGA results in a more

constrained search space, further contributing to its faster convergence.

In order to fully assess the performance of Particle Swarm Optimisation (PSO) in comparison to other optimisation tech-

niques, an ideal approach would be a quantitative comparison with the other techniques, such as Genetic Algorithms (GA),

Simulated Annealing (SA) and Bayesian Optimization (BO), within the same case study of the Sylt-Rømø Bight. However,285

such a comprehensive comparison is beyond the scope of this study. Instead, based on a qualitative assessment of the strengths

and limitations of each method, the PSO was selected primarily because of our previous experience with the algorithm and its

demonstrated ability to ef�ciently handle high-dimensional parameter spaces (up to 65 parameters in this study) while ensuring

rapid convergence. The PSO is particularly well suited to this optimisation problem because it effectively balances exploration

and exploitation through velocity updates, offering greater computational ef�ciency than GA, which requires a large number290

13



of function evaluations due to crossover and mutation operations. While SA is advantageous for escaping local minima, its in-

herently slow convergence makes it impractical for high-dimensional problems. To further enhance the robustness of the PSO,

we incorporate a periodic perturbation mechanism that resets the particle velocities after a prede�ned number of iterations.

This adjustment exploits the strength of SA in escaping local minima, while preserving the fast convergence advantage of

PSO. Although BO is highly ef�cient in low-dimensional spaces, its computational cost escalates signi�cantly with increasing295

dimensionality due to the complexity of updating surrogate models. Given these considerations, PSO emerges as a particularly

effective choice for optimising complex biogeochemical model parameters in this study.

Potential model parameter ranges

As shown in Figure 4(a), the model skill score stabilises after the 100th iteration, although small �uctuations in the skill score of

the evaluated variables persist over the next 50 iterations. This suggests that the parameter set from the 100th iteration provides300

a similar goodness of �t for the model. We have extracted the best parameter values from this iteration (black dots), as shown

for GrZlP andasefF1in Figure 4(b), and plotted these values in Figure 5. It can be seen that about two thirds of the tuned

parameters each converge to their respective values. The parameters with the largest ranges are predominantly associated with

�sh or macrobenthic elements, which represent the highest trophic levels and ultimately the closure terms within the model.

The use of closure terms to address model-data mismatch is a common practice in modeling. In addition, the lack of data to305

constrain the macrobenthic and �sh parameters allows these parameters to vary freely during parameterisation, resulting in

greater uncertainty. Overall, Figure 5 shows that the PSO toolbox can de�ne speci�c values for some parameters and suggest

possible ranges for others.

Several model parameters were calibrated to their upper bounds to optimise the model performance, including the growth

rates of large (muPl) and small (muPs) phytoplankton, the half-saturation constants for pelagic (rF1) and demersal �sh (rF2),310

the half-saturation constant for �lter feeders (rMB1), and the grazing preferences of microzooplankton for small phytoplankton

(prefZsPs) and mesozooplankton for large phytoplankton (prefZlPl). The elevated values ofmuPlandmuPscan be attributed

to limitations inherent in both the 1D model and the input data. Phytoplankton growth in the model follows Liebig's law

of the minimum (Schrum et al., 2006), where the most limiting factor restricts growth. As the MERRA2 reanalysis data

underestimates shortwave radiation (Yingshan et al., 2022), which is used to forcing the model, it is likely to result in lower315

simulated light levels compared to reality, thereby suppressing phytoplankton growth. To compensate for this reduced growth

potential and reproduce the observed phytoplankton biomass,muPlandmuPswere parameterised to higher values. The high

values ofrF1, rF2, rMB1, prefZsPsandprefZlPl are likely a consequence of their representation at higher trophic levels, with

closure terms applied to these parameters to account for model-data discrepancies. Given the inherent limitations of any model,

including the inability to represent all real-world processes and the lack of suf�cient data to fully constrain parameter values,320

it is crucial to interpret these parameters in the light of model simpli�cations and data availability.
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Figure 5. Potential parameter values and their corresponding ranges, as suggested by the PSO toolbox, are shown. The black dots represent

the optimal parameter values obtained from the 100th iteration onwards, up to the �nal iteration, as shown in Figure 4(b) forGrZlP and

asefF1. The blue triangle points are the reference parameter values of the model.

PSO optimised parameter set for the ecosystem around Sylt Road

As the model skill score stabilised from the 100th iteration, we selected the parameter values from the 100th iteration as the

optimal parameter set for the coupled 1D GOTM-ECOSMO E2E model to simulate the ecosystem around Sylt Road. We

ran two models: one with the parameter set from the 100th iteration (namedmodel_pso) and one with the default parameters325

(shown as blue triangle points in Figure 5) before applying PSO (namedmodel_ref), for the period from 2000 to 2008. The

year 2000 was excluded as a spin-up period. The period from 2001 to 2004 (shown in the shaded part of �gure 6) was used in

the PSO experiments (1). Consistent with the improvement in skill scores, themodel_psooutput for PO4 and large zooplankton

(mesozoo) (represented by the black line) over the period 2001 to 2004 closely matches the observational data (represented

as grey dots). In addition, the model with the optimal parameter set from PSO captures the seasonal cycle of SiO better,330

although to a slightly lesser extent. The model effectively simulates the spring phytoplankton bloom, which is a distinct and

signi�cant event characterised by a substantial increase in biomass. However, it struggles to reproduce the lower magnitude

blooms that occur at other times of the year, such as in summer or autumn. In parameterisation, the primary objective is

often to capture the key feature of the system dynamics. Accordingly, model parameters were initially calibrated with a focus

on these high biomass events. As a result, the calibration may have reduced the ability of the model to represent or capture335

blooms at other times of the year. In contrast to phytoplankton, the model performs well in simulating the dynamics of small

zooplankton (microzooplankton) and shows good agreement with observed data. Comparing the performance of the default

model (represented by the blue line) with that of the model after parameter optimisation via PSO, there is a clear improvement

in the latter, which shows signi�cantly better agreement with observed data.
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