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Final report on WP5.4: 
Seasonal predictability of ocean biogeochemistry and potential 
benefits of ESA CCI data assimilation 
 

 

 

 

Purpose and scope of this report  
 

This document is the final report on WP5.4 (“Seasonal predictability of ocean biogeochemistry 

and potential benefits of ESA CCI data assimilation”) of the CCI+ CMUG project. 

 

WP5.4 aims to explore the potential benefits to our capacity to predict key ocean 

biogeochemical variables at seasonal time scales when ESA CCI products for physical fields 

(sea surface temperature, sea surface salinity, sea level, sea ice) and biogeochemical fields 

(ocean colour) are assimilated into state-of-the-art modelling systems. Two partners (Met 

Office and Barcelona Supercomputing Center) separately performed sets of experiments 

assimilating different combinations of ESA CCI products into the ocean physical-

biogeochemical reanalysis configurations of their respective global seasonal forecasting 

systems. The results of these experiments have been inter-compared and conclusions drawn as 

to the optimal assimilation strategy for initialising seasonal forecasts of ocean biogeochemical 

variables, and the relative importance of satellite observations of physical and biogeochemical 

fields. Recommendations have been made, and the follow-on OWP5.4 will build on this work 

and run seasonal reforecasting experiments with the Met Office system. 

 

This report is in the form of a draft journal paper, planned to be submitted for publication 

shortly. 
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Abstract 
 

Two global ocean physical-biogeochemical reanalysis systems were used to assess the impact 

of different assimilation configurations and satellite observation products on properties relevant 

to seasonal forecasting of global ocean biogeochemistry. Both physics and biogeochemistry 

satellite products showed potential to improve reanalyses and therefore seasonal forecasts of 

biogeochemistry, but only if used in ways that enabled multivariate and subsurface updates. 

Doing so helped maximise impact, but at times degraded model skill, demonstrating the need 

for careful design of such assimilation schemes. 

 

1. Introduction 
 

There is a growing need for seasonal predictions of variables which impact the marine 

ecosystem, such as primary production, pH, dissolved oxygen, and marine heatwaves. These 

can inform fisheries management decisions, and provide early warning of ocean acidification 

extremes and hypoxia events which could devastate vulnerable ecosystems and marine 

protected areas. 

 

Seasonal forecasts of ocean biogeochemistry are in their infancy, but several studies have 

already shown potential predictive skill. Tommasi et al. (2017) demonstrated the utility of 

seasonal forecasts of sea surface temperature (SST) for fisheries management, while 

downscaling global ocean physics forecasts to create coastal ecosystem forecasts has been 

demonstrated to aid fisheries management decisions (Siedlecki et al., 2016, 2023; Jacox et al., 

2020). Another approach is to combine dynamical ocean models with statistical methods (Matli 

et al., 2020; Xu et al., 2023), while Jouanno et al. (2023) forced a Sargassum transport-

physiology model with ocean-atmosphere seasonal forecasts to generate skilful predictions of 

Sargassum accumulation in the tropical Atlantic. The approach most akin to state-of-the-art 

coupled ocean-atmosphere seasonal forecasting systems is to extend these systems to include 

ocean biogeochemistry, as in Earth System Models (ESMs) used for climate projections. The 

coupling is typically one-way (ocean biogeochemistry forced by physics either online or 

offline), but there is scope for two-way coupling (Ford et al., 2018). Séférian et al. (2014) found 

multi-year predictability for tropical marine productivity, Rousseaux and Gregg (2017) 
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demonstrated skilful seasonal predictions of surface chlorophyll in the tropical Pacific, and 

extended this to the global ocean in Rousseaux et al. (2021). Park et al. (2019) found chlorophyll 

prediction skill several months ahead in regions including the tropical Pacific, North Atlantic, 

and Indian Ocean. Mogen et al. (2023) found forecast skill for temperature, dissolved oxygen, 

and dissolved inorganic carbon (DIC) across the global ocean, and in a further global study 

Mogen et al. (2024) found particular skill for marine heatwaves and ocean acidification 

extremes in the eastern Pacific. 

 

Underpinning seasonal forecasting systems are ocean reanalyses, which combine models and 

observations through data assimilation to reconstruct the past ocean state. These are often used 

to initialise and calibrate seasonal predictions, as well as being vital for understanding and 

quantifying recent climate variability, such as the evolution of the ocean carbon sink which 

remains highly uncertain (Friedlingstein et al., 2025). 

 

Accurate reanalyses rely on accurate models and observations, and optimal assimilation 

strategies to best exploit both sources of information, accounting for their relative uncertainties. 

Assimilation of ocean physics observations is well established, bringing clear improvements to 

ocean physics reanalysis skill (Storto et al., 2019) and coupled ocean-atmosphere seasonal 

forecasts (Balmaseda et al., 2024; Thierry et al., 2025). Its benefits for ocean biogeochemistry 

remain unclear though, with several studies reporting deleterious impacts on reanalyses due to 

increased vertical mixing (Raghukumar et al., 2015; Park et al., 2018; Gasparin et al., 2021), 

with uncertain consequences for forecasts, and refined strategies are likely required to maximise 

its contribution to biogeochemical prediction skill (Park et al., 2019). Assimilation of ocean 

biogeochemistry observations has been shown to improve the skill of reanalyses and short-

range forecasts (Fennel et al., 2019), while a perfect model study suggested that initialising 

physics variables is more important for multi-year biogeochemistry forecasts (Fransner et al., 

2020). For seasonal predictions though, the relative importance of accurately initialising 

biogeochemical variables versus physics-driven ocean circulation remains an open question. Of 

the ocean biogeochemical seasonal forecasting efforts discussed above, most only utilised data 

assimilation as part of the physics forcing datasets, and those that did directly assimilate ocean 

observations either assimilated only physics (Park et al., 2019) or only biogeochemistry 

(Rousseaux and Gregg, 2017; Rousseaux et al., 2021). 

 

A key decision is which observations to use, and how to use them. Satellites provide routine 

and widespread coverage of the ocean surface, and the role of satellite data are focused on in 

this study. Specifically, satellite data from the European Space Agency (ESA) Climate Change 

Initiative (CCI) (Plummer et al., 2017; https://climate.esa.int), which provides long-term high-

quality climate data records (CDRs) for many essential climate variables (ECVs). Another 

component of the ESA CCI is its Climate Modelling User Group (CMUG), which aims to bring 

together the remote sensing and climate modelling communities, and provided the funding for 

this work. 

 

This study used the ocean reanalysis components of two separate seasonal forecasting systems, 

run by Barcelona Supercomputing Center (BSC) and Met Office (MO) respectively, to explore 

the relative impacts of assimilating ocean physics and biogeochemistry satellite data on ocean 

reanalyses and potential prediction skill, aiming to inform initialisation strategies for seasonal 

forecasts of global ocean biogeochemistry. 
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2. Observations 
 

This section details in turn the observation products used for assimilation and validation in this 

study. 

 

2.1 Satellite data 

 

The satellite data products used are summarised in Table 1, and detailed below. 

 

ECV Assimilated (BSC) Assimilated (MO) Validation only 

Ocean 

colour 

BICEP/NCEO monthly L3 

phytoplankton carbon 

derived from OC-CCI v5.0 

OC/-CCI v6.0 daily L3 

chlorophyll 

BICEP/NCEO monthly 

L3 primary production 

derived from OC-CCI 

v4.2 

Sea ice  OSI SAF OSI-450-a 

(v3.0) daily L4 SIC 

 

Sea level  CMEMS along-track 

L3 sea level anomaly 

 

SST SST-CCI v3.0 daily L4 SST-CCI v3.0 along-

track L2P/L3U 

 

SSS  SSS-CCI v4.41 along-

track L2P 

 

Ocean 

carbon 

  UExP-FNN-U (v2026-

pre1) 

Table 1: Satellite data products used in this study. See following sections for details. 

 

2.1.1 Ocean colour 

 

The ocean colour CCI project (OC-CCI) provides daily, 8-day, and monthly level 3 (L3) merged 

products for water-leaving radiances, inherent optical properties, and derived chlorophyll 

(Sathyendranath et al., 2019). The latest version is v6.0 (Sathyendranath et al., 2023), and daily 

chlorophyll products from v6.0 were used in MO assimilation experiments. 

 

Further products can be derived from ocean colour data, and the PHYTO-CCI project 

(https://climate.esa.int/en/projects/PHYTO-CCI/) will add many of these to the CCI catalogue 

in future. As a precursor to this, the ESA Biological Pump and Carbon Exchange Processes 

(BICEP) project, with support from the National Centre for Earth Observation (NCEO), derived 

products including phytoplankton carbon (PhyC) and primary production from OC-CCI data.  

 

For BSC assimilation experiments we used monthly L3 phytoplankton carbon derived from 

OC-CCI v5.0 (Sathyendranath et al., 2020, 2021). This product provides the total carbon 

concentration of phytoplankton as well as the concentration of the pico-, nano- and 

microphytoplankton size classes. The algorithm is based on a coupled model of primary 

production and photoacclimation in the surface mixed layer of the ocean. Data were generated 

https://climate.esa.int/en/projects/PHYTO-CCI/
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at monthly temporal and 4 km spatial resolution between 1998 and 2022. For both modelling 

systems, monthly L3 primary production derived from OC-CCI v4.2 (Kulk et al., 2020, 2021) 

was used for validation in addition to the assimilated data. 

 

2.1.2 Sea ice concentration (SIC) 

 

The sea ice CCI project provides sea ice concentration (SIC) and sea ice thickness (SIT) CDRs. 

SIC developments are coordinated with the European Organisation for the Exploitation of 

Meteorological Satellites (EUMETSAT) Ocean and Sea Ice Satellite Application Facility (OSI 

SAF), and the OSI-450-a (v3.0) CDR from OSI SAF (EUMETSAT OSI SAF, 2022) was used 

in MO assimilation experiments. 

 

2.1.3 Sea level anomaly (SLA) 

 

The sea level CCI project has produced a global CDR from 1993-2015, and is now developing 

coastal altimetry products (Cazenave et al., 2022). Operational production of global products 

has shifted to the Copernicus Climate Change Service (C3S) and Copernicus Marine Service 

(CMEMS), and MO assimilation experiments used the CMEMS product 

SEALEVEL_GLO_PHY_L3_MY_008_062 (https://doi.org/10.48670/moi-00146) which 

provides along-track L3 sea level anomaly (SLA). 

 

2.1.4 Sea surface salinity (SSS) 

 

The sea surface salinity (SSS) CCI project uses satellite observations available since 2010 to 

produce weekly and monthly gridded SSS products (Boutin et al., 2021). While not publicly 

available, along-track L2P SSS is produced as part of the processing chain, and made available 

to researchers on request. L2P SSS from v4.41 was used in MO assimilation experiments. 

 

2.1.5 Sea surface temperature (SST) 

 

The SST CCI project (SST-CCI) produces CDRs from three series of thermal infra-red sensors: 

the Advanced Very High Resolution Radiometers (AVHRRs), the Along-Track Scanning 

Radiometers (ATSRs), and the Sea and Land Surface Temperature Radiometers (SLSTRs); and 

two microwave sensors: the Advanced Microwave Scanning Radiometers (AMSR), giving a 

record from 1980 (Embury et al., 2024). MO assimilation experiments used the v3.0 along-

track L2P/L3U products (Embury, 2024a,b), while BSC assimilation experiments used the L4 

gap-free daily products (Good and Embury, 2024). 

 

2.1.6 Ocean carbon 

 

The ESA CCI project Ocean Carbon for Climate (OC4C) (https://climate.esa.int/en/supporting-

the-paris-agreement/ocean-carbon-4-climate/) aims to produce CDRs of ocean carbon variables 

https://doi.org/10.48670/moi-00146
https://climate.esa.int/en/supporting-the-paris-agreement/ocean-carbon-4-climate/
https://climate.esa.int/en/supporting-the-paris-agreement/ocean-carbon-4-climate/
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using multiple satellite ECV data as input. As a precursor to this, the ESA OceanSODA project 

generated an initial set of these products. In this study, the OceanSODA-ETHZ v5.5 (Gregor 

and Gruber, 2020, 2021) monthly L4 pCO2 and pH data were used for validation. An initial 

development from OC4C, the UExP-FNN-U (v2026-pre1) dataset (Daniel Ford and Jamie 

Shutler, personal communication) was also used for pH. 

 

2.2 In situ data 

 

While the focus of this study is on the role of satellite data, both systems also assimilated in situ 

physics data as this forms a standard part of the existing reanalysis systems and is key in terms 

of physics reanalysis and forecast skill (Balmaseda et al., 2024; Thierry et al., 2025). In situ 

biogeochemistry data can be assimilated (While et al., 2012; Ford, 2021), but this is not yet 

done routinely, so has just been used for validation in this study. The in-situ datasets used for 

assimilation and validation are described in turn below. 

 

2.2.1 Temperature and salinity (T&S) 

 

The Met Office Hadley Centre EN4 dataset (Good et al., 2013) provides quality-controlled 

profiles of temperature and salinity (T&S), as well as monthly gap-filled objective analyses 

from 1900. MO assimilation experiments used temperature and salinity profiles from EN4.2.2 

with Gouretski and Reseghetti (2010) corrections. BSC used the monthly T&S analyses from 

the same version. 

 

MO experiments additionally assimilated in situ SST observations from the Hadley Centre 

Integrated Ocean Database (HadIOD) (Atkinson et al., 2014). 

 

2.2.2 Biogeochemistry 

 

For validation purposes, monthly climatological fields of nitrate from the World Ocean Atlas 

2023 (WOA23) climatology were used, which is based on historic in situ observations (Garcia 

et al., 2023). 

 

3. Modelling systems 
 

3.1 BSC 

 

The experiments carried out at the BSC used the ocean component of the Earth System Model 

(ESM) EC-Earth (Döscher et al., 2022). This configuration consists of the NEMO ocean general 

circulation model version 4.2 (Madec and the NEMO System Team, 2023) with an ORCA1 

grid (~ 1° horizontal resolution), coupled with the PISCESv2 biogeochemical model (Aumont 

et al., 2015), a model of intermediate complexity designed for global ocean biogeochemical 

applications. It includes 24 prognostic variables and simulates biogeochemical cycles of 
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oxygen, carbon and the primary nutrients controlling phytoplankton growth (nitrate, 

ammonium, phosphate, silicic acid and iron).  

 

PISCESv2 distinguishes four plankton functional types based on size: two phytoplankton 

groups (small = nanophytoplankton and large = diatoms) and two zooplankton groups (small = 

microzooplankton and large = mesozooplankton). For phytoplankton, the prognostic variables 

include total biomass in C, Fe, Si (for diatoms) and chlorophyll, making the Fe/C, Si/C, Chl/C 

ratios variable. In contrast, for zooplankton, these ratios are constant, with total biomass in C 

being the only prognostic variable. The bacterial pool is not explicitly modelled. The model 

also distinguishes three non-living pools for organic carbon: small particulate organic carbon, 

large particulate organic carbon and semi-labile dissolved organic carbon. Additionally, 

alongside the three organic detrital pools, carbonate and biogenic siliceous particles are 

modelled. The model is also capable of resolving the carbonate system, incorporating variables 

such as dissolved inorganic carbon and total alkalinity. 

 

Data assimilation is performed using a nudging scheme, which applies a bias towards 

observations at each model timestep. The strength of the bias depends on the difference between 

the observed and the modelled value at a particular timestep, and a restoring factor set to 30 

days for this study, as described further in Section 4.1. 

 

3.2 Met Office 

 

MO employs a seamless modelling strategy across weather and climate time scales (Brown et 

al., 2012), with the same models used for short-range ocean forecasting with the Forecast Ocean 

Assimilation Model (FOAM) (Mignac et al., 2025), atmosphere-ocean seasonal forecasting 

with GloSea (Kettleborough et al., 2026), and Earth system climate modelling with the UK 

Earth System Model (UKESM) (Mulcahy et al., 2023). 

 

The current generation of systems is based around the Global Coupled model version 5 (GC5) 

configuration (Xavier et al., 2023). For ocean physics and sea ice this uses the UK Global Ocean 

and Sea Ice configuration version 9 (GOSI9) (Guiavarc'h et al., 2025), based on v4.0.4 of the 

NEMO ocean modelling framework (Madec and NEMO system team, 2019) and the SI3 sea ice 

component (Blockley et al., 2024). For ocean biogeochemistry, version 2.1 of the Model of 

Ecosystem Dynamics, nutrient Utilisation, Sequestration and Acidification (MEDUSA) (Yool 

et al., 2013, 2021) is used. In global ocean configurations, biogeochemistry is currently only 

routinely included as part of UKESM (Mulcahy et al., 2023), but has been used for research 

purposes coupled with the FOAM reanalysis system (Ford, 2020, 2021). Ocean data 

assimilation is performed using NEMOVAR (Waters et al., 2015; Mirouze et al., 2016). 

 

The ocean physics and sea ice model setup used in this study was the same as the 1/4° resolution 

configuration presented in Mignac et al. (2025), although in this study atmospheric forcing was 

provided by the ECMWF ERA5 reanalysis (Hersbach et al., 2020). The MEDUSA version of 

Yool et al. (2021) was coupled as described in Ford (2021); the coupling was one-way with no 

feedback from biogeochemistry to physics. 
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Data assimilation of SST, SLA, SIC, and T&S profiles – the standard variables currently 

assimilated in FOAM and in the ocean reanalysis used with GloSea – was as described in 

Mignac et al. (2025). This used a first guess at appropriate time (FGAT) 3D-Var configuration 

of NEMOVAR (specifically NEMOVAR v6.5.26 in this study). 

 

Assimilation of SSS data are not yet operational, but has been developed (Martin et al., 2019, 

2022). The method used in this study was as described in Martin et al. (2019). Due to high 

observation uncertainties at higher latitudes, SSS observations were only assimilated between 

40°N and 40°S. 

 

Assimilation of OC-CCI chlorophyll data was tested in two different configurations in this 

study. The first used the method described in Ford (2021). In this, NEMOVAR was used to 

calculate a set of increments to total surface log10(chlorophyll) on the model grid. For 

application to MEDUSA, which models phytoplankton biomass and chlorophyll using two 

phytoplankton functional types (PFTs) (Yool et al., 2013), the total chlorophyll increments were 

split into increments to each PFT chlorophyll variable in such a way as to maintain the 

background model ratio between the PFTs at each grid point. Similarly, increments to the PFT 

biomass variables were calculated to maintain the background carbon to chlorophyll ratio (and 

silicon to chlorophyll ratio for diatoms) for each PFT. These increments were applied 

throughout the model mixed layer. 

 

The second configuration also used NEMOVAR to calculate increments to total surface 

log10(chlorophyll), but then calculated increments to a wider array of model state variables 

throughout the water column using the nitrogen balancing scheme of Hemmings et al. (2008). 

The concept of the scheme is to determine whether phytoplankton errors at each grid point are 

primarily the result of growth errors or loss errors, and calculate increments to the wider model 

state variables accordingly while conserving mass. The scheme was designed for the simpler 

Hadley Centre Ocean Carbon Cycle model (HadOCC) (Palmer and Totterdell, 2001), which 

models one class each of phytoplankton and zooplankton, compared with the two classes of 

each modelled by MEDUSA. The implementation for global studies with HadOCC of Ford et 

al. (2012) was extended here to MEDUSA in a way that preserved the internal workings of the 

scheme described in Hemmings et al. (2008). The MEDUSA phytoplankton and zooplankton 

variables were summed at each grid point, and these were passed to the nitrogen balancing code 

along with the MEDUSA dissolved inorganic nitrogen (DIN), detrital nitrogen, DIC, and 

alkalinity variables (equivalent to the six state variables of HadOCC). The increments 

calculated to these latter four were applied directly to those model variables, while increments 

to the two PFTs and zooplankton types were split in a way that preserved their background 

ratios, as in the first configuration. Additionally, diatom silicon was updated to preserve its ratio 

to diatom nitrogen, and silicate updated equally and oppositely to conserve mass. Finally, 

detrital carbon was updated to preserve its ratio to detrital nitrogen. This method has the 

advantage of maintaining the functionality and principles of the Hemmings et al. (2008) 

scheme, but the disadvantage that the code still uses parameterisations designed for HadOCC 

rather than MEDUSA; updating this would be a major piece of work outside the scope of this 

study. 

 

For stability reasons, in both cases biogeochemical balancing increments were limited in certain 

areas, similar to Ford (2020). No biogeochemical increments were applied in grid boxes with 

SIC > 0.01, in the Indonesian Throughflow region where there is special treatment of tidal 
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mixing (Koch-Larrouy et al., 2008), or in grid boxes where any of the phytoplankton state 

variables were ≤ 0.0. In shelf seas (model bathymetry ≤ 250 m) only chlorophyll increments 

were applied, with no further balancing. At all grid points, the maximum total absolute 

chlorophyll increment was capped at 2.0 mg m-3, enforced prior to the balancing scheme being 

run, and the mixed layer depth (MLD) used by the balancing was capped at 250 m. 

 

4. Experiments 
 

This section describes the reanalysis experiments performed with the two systems. There was 

deliberately no attempt to harmonise the experiments run between the two systems or their 

initialisation or inputs. Experimental configurations were chosen which make sense for how 

each system is run (or would be run) operationally, to provide a real-world test of the impact of 

different observation products and assimilation choices. For reasons of computational expense 

due to the different model resolutions, the MO experiments were run for a shorter period than 

the BSC experiments, though these periods overlapped. Each experiment was assessed and 

validated against observation-based data to provide system-dependent conclusions, with these 

then compared to provide more general conclusions. 

 

4.1 BSC 

 

The BSC first spun the model up to a quasi-equilibrium state by running five repeated cycles of 

the 1959–2021 period forced by ERA5 reanalysis atmospheric cycles in preindustrial conditions 

(Griffies, 2016; Bernardello et al., 2022). This was then used to initialise a set of assimilation 

experiments (Table 2). For all experiments, subsurface temperature and salinity were nudged 

towards the EN4 subsurface ocean dataset (Good et al., 2013). As detailed below, the differences 

between experiments lay on the different satellite ECV products used to nudge surface 

variables. 

 

CONTROL: The first experiment is an ocean reconstruction in which we only nudged 

temperature and salinity in the ocean subsurface using EN4. 

 

SST_CCI: In this experiment, branching off from the CONTROL and covering the period 

1980-2021, we nudged sea surface temperature (SST) with the SST-CCI v3.0 daily L4 product 

and sea surface salinity (SSS) from ECMWF’s ORAS5 reanalysis (Zuo et al., 2019), which was 

used instead of the ESA SSS-CCI product due to its availability for a much longer period. 

 

SST_CCI+PhyC:  This experiment presents the same physical data assimilation setup as 

SST_CCI but incorporates assimilation of the CCI-derived phytoplankton carbon (PhyC) 

product (Sathyendranath et al., 2020). It also branches off from the CONTROL and covers the 

period 1998-2021, for which PhyC observations are available. The PhyC product estimates the 

phytoplankton carbon contribution of three phytoplankton groups, yet the biogeochemical 

model PISCESv2 represents two groups. This mismatch was overcome by amalgamating the 

two groups in PhyC representing large-celled phytoplankton, and assimilating this into the 

PISCESv2 macro-phytoplankton group.  

 



CMUG CCI+ Deliverable  
Number:  Final report D3.1d 

Submission date:   April 2026 

Version:  1.0 

 

12 of 32 

Experiment name Profile T&S 

assimilated 

SST assimilated Ocean colour 

assimilated 

CONTROL    

SST_CCI    

SST_CCI+PhyC    

Table 2: Overview of BSC experiments. 

 

The BSC set of experiments was run to test the hypothesis that satellite-derived biogeochemical 

variables can be used to improve biogeochemical models. The method we used to test this idea, 

called “nudging”, applies a bias towards observations at each model timestep. The strength of 

the bias depends on the difference between the observed and the modelled value at a particular 

timestep, and a restoring factor set to 30 days for this study. The phytoplankton carbon product 

was chosen as the best candidate variable to test the hypothesis because carbon is the 

fundamental currency in PISCESv2. Chlorophyll was decided against as it is a secondary 

variable in the model, resulting from flexible ratios, hence more likely to damp down the 

effectiveness of the nudging. 

 

4.2 Met Office 

 

All MO experiments started from the same initial conditions. Given the known positive impact 

of physics assimilation on the ocean circulation (Mignac et al., 2025), it would seem desirable 

to use a previous physics assimilation run to provide the most realistic physics initial conditions. 

Conflicting with this though, is the known impact of physics assimilation on vertical mixing, 

which can degrade biogeochemistry (Ford, 2020). To try and best satisfy both these 

considerations, physics and sea ice initial conditions for 1 July 2015 were taken from the most 

recent GloSea ocean physics reanalysis assimilating SST, SIC, SLA, and T&S (Tamara Collier 

and Richard Renshaw, personal communication), and the model then run forward with no data 

assimilation. After three months, by which time the vertical velocities had returned to free run 

levels, biogeochemistry was coupled using initial conditions from a previous free run. This was 

run on for a further three months with no data assimilation to provide the initial conditions for 

the experiments presented here. 

 

Six experiments were performed with the MO system, as summarised in Table 3. Each 

experiment was run for five years from 1 January 2016 to 31 December 2020. Ideally, 

reanalyses in support of seasonal forecasting would cover a longer period, but running multiple 

reanalyses at 1/4° resolution with coupled biogeochemistry is computationally expensive and 

this was unfeasible within the scope of this study. Five years is sufficient to draw robust 

conclusions about the impact of data assimilation, and any future operational system would use 

a longer reanalysis. 

 

FREE was a model free run with no data assimilation. STANDARD assimilated the same 

variables as the current operational physics systems and GloSea reanalysis (SST, SIC, SLA, 

T&S); the impact on biogeochemistry of assimilating each of these variables in isolation was 

previously explored by Ford (2020). STANDARD+SSS added assimilation of SSS data, while 

SSS assimilated SSS on its own; this latter would not be done operationally, but was run to 

isolate its impact on biogeochemistry which has not previously been looked at. Two 
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experiments, STANDARD+SSS+OC and STANDARD+SSS+OCbal, added assimilation of 

chlorophyll from ocean colour to the full set of physics observations, using Ford (2021) and 

Hemmings et al. (2008) balancing respectively. The run STANDARD+SSS+OCbal crashed 

due to an error in October 2019, so results shown for this run are incomplete. 

 

As well as the physics and biogeochemistry model variables, each run included a standalone 

passive tracer, initialised to be equal to the MEDUSA DIN initial conditions, which was 

advected and diffused but did not interact with the biogeochemistry. This was to help isolate 

the role of physics changes on the transport of biogeochemical fields. 

 

Experiment name Profile 

T&S 

assimilated 

SST, SIC, 

SLA 

assimilated 

SSS 

assimilated 

Ocean colour 

assimilated 

FREE     

SSS     

STANDARD     

STANDARD+SSS     

STANDARD+SSS+OC    Ford (2021) 

balancing 

STANDARD+SSS+OCbal    Hemmings et 

al. (2008) 

balancing 

Table 3: Overview of MO experiments. 

 

5. Results 
 

Section 5.1 focuses on primary production, being the biogeochemical variable of most interest 

for fisheries management, with each of the two systems considered in turn. Section 5.2 then 

assesses the wider model state in the MO system, which is the one that will be used in follow-

on seasonal forecasting experiments, focusing on variables and processes expected to be most 

relevant for seasonal prediction skill. 

 

5.1 Primary production 

 

5.1.1 BSC 

 

To evaluate the influence of nudging to the modelled primary production we compare the 

SST_CCI experiment with SST_CCI+PhyC. 

 

SST_CCI shows that nudging towards SST induced colder waters in the Gulf Stream, along 

the western coasts of South America and Africa and the North Pacific (Fig. 1). Subtropical gyres 

were generally weakly warmer (<2°C) after nudging and the Southern Ocean presented mixed 

warmer/colder patterns along the Antarctic Circumpolar Current, with predominance of colder 

waters. SST_CCI+PhyC shows almost no difference in SST with respect to SST_CCI. This 
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result was expected as the nudging of surface phytoplankton can only influence SST through 

an indirect effect of heat absorption by phytoplankton cells (Brewin et al, 2019). 

 

Figure 1: 20-year mean sea surface temperature (2000-2019) in SST_CCI and 

SST_CCI+PhyC compared to CONTROL. 

 

In contrast, the two experiments show differences in the modelled water column-integrated 

primary production (intPP) (Fig. 2), which are particularly notable in the Tropics. While 

nudging only SST induced an increase in productivity in the Equatorial Pacific and a decrease 

in the North Pacific, the experiment with additional nudging of PhyC presents more marked 

and complex patterns. For instance, the productivity increase in the Equatorial Pacific persists 

but appears limited to the eastern part of the basin, with decreases in the subtropical regions. A 

reduction in intPP is also modelled in the Indian Ocean, while the Equatorial and Southeast 

Atlantic present a clear increase in productivity. Differences are also evident in the North 

Pacific sector, where SST_CCI shows a stronger productivity decrease than SST_CCI+PhyC. 

In the North Atlantic, Southern Ocean and Arctic both experiments show very similar results, 

with productivity increases in the first two areas, and productivity decreases in the latter.  

 

Figure 2: 20-year mean integrated primary production (2000-2019) in SST_CCI and 

SST_CCI+PhyC compared to CONTROL. 
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The changes induced by nudging SST and PhyC are one order of magnitude smaller than the 

differences between the modelled and the satellite-estimated intPP, as demonstrated by a time 

series of each in the Equatorial Pacific (Fig. 3), a region where previous studies have found 

predictive skill (Séférian et al., 2014; Rousseaux and Gregg, 2017). Neither of the two nudging 

techniques improved the model skill compared with the observation-based product. The reasons 

for this are likely the complex and interdependent parameter space in PISCESv2 which make 

the model inflexible to “external” perturbations. 

 

Figure 3: 20-year integrated primary production timeseries over the Equatorial Pacific (-5, 5, 

180,270) for the three BSC model simulations and the observation-based dataset. 

 

5.1.2 Met Office 

 

Assessment of the assimilation of SST and chlorophyll in an older version of the MO system 

was presented in Ford (2020), and this section focuses on the novel aspects in this study. 

Compared with the assimilated OC-CCI chlorophyll data, each iteration of the assimilation 

reduced the global root mean squared error (RMSE) of the model background (i.e., prior to 

assimilation each cycle, essentially a one-day forecast). The largest RMSE was seen in FREE, 

reduced in SSS, reduced further in STANDARD and STANDARD+SSS, and was smallest in 

the two runs assimilating the OC-CCI data (Fig. 4). Counter to expectations, the more complex 

balancing scheme of Hemmings et al. (2008) increased the RMSE compared with the simpler 

balancing method used in Ford (2021). 

 



CMUG CCI+ Deliverable  
Number:  Final report D3.1d 

Submission date:   April 2026 

Version:  1.0 

 

16 of 32 

 
Figure 4: Time series of global background minus observation RMSE of log10(chlorophyll) 

(log10(mg m-3)) from each MO run against the CCI chlorophyll observations. 

 

Looking at maps of intPP for each run for June 2019 (northern hemisphere spring/summer in 

the final year with results from all runs) compared with the satellite-based product (Fig. 5), the 

different ECVs have different spatial influences when assimilated. FREE matches the broad 

patterns of the observation-based product, but underestimates intPP in the subtropical gyres. 

SSS improves this to some extent, with its biggest changes seen at mid-latitudes. STANDARD 

results in higher intPP globally, but especially around the equator, while STANDARD+SSS 

combines these two patterns. Compared with STANDARD+SSS, STANDARD+SSS+OC 

increases intPP in the subtropical gyres and decreases it elsewhere, giving the best match for 

the observation-based product. STANDARD+SSS+OCbal generally results in higher intPP. 

The drivers behind these changes are investigated further in Section 5.2. 
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Figure 5: Monthly mean column-integrated primary production for June 2019 from each MO 

run and the BICEP product derived from OC-CCI data. 

 

5.2 Wider model state 

 

This section looks at the wider physics and biogeochemistry model state in the MO experiments, 

to help explain the results seen in Section 5.1.2, and further investigate potential seasonal 

prediction skill with different assimilation choices. The figures focus on the same month as Fig. 

5, but the conclusions are more broadly representative. 

 

Figure 6 shows the turbocline depth (the measure of mixed layer depth used by biogeochemistry 

within NEMO) for June 2019 of each distinct physics run, and their difference to their relative 

control (FREE for SSS and STANDARD, and STANDARD for STANDARD+SSS). 

Assimilating SSS deepens the turbocline depth across much of the Pacific and at around 40°S, 

the limit at which the observations are assimilated (see Section 3.2). This appears to be one of 

the main mechanisms for SSS impact on biogeochemistry, with a similar effect seen in the 

northern hemisphere in other months (not shown). Assimilating only SSS data degrades 

subsurface salinity compared with EN4 data (not shown), which is not the case in 

STANDARD+SSS, demonstrating the role of SSS data as part of a multivariate assimilation 

system. Interestingly, in STANDARD there is a shallowing of the turbocline depth in the 

chaotic region east of the Agulhas current, where SSS shows a deepening. Elsewhere, 

STANDARD has a mixed impact on the turbocline depth, but most commonly deepens it; this 

is not enough to explain the changes in intPP in STANDARD seen in Fig. 5 though. 
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Figure 6: Monthly mean turbocline depth (m) for June 2019 from each distinct physics setup, 

and their difference to their relative control. 

 

The combination of variables assimilated in STANDARD has previously been noted to result 

in increased vertical mixing around the equator (Ford, 2020) which upwells excessive carbon 

and nutrients and impacts primary production. A sizeable increase in the magnitude of vertical 

velocities remains evident in STANDARD (Fig. 7), although recent developments to the bias 

pressure correction (Barbosa Aguiar et al., 2024) and temperature correlation length scales 

(Mignac et al., 2025) may have helped mitigate this. The addition of SSS assimilation has some 

impact (Fig. 7), but mostly on the chaotic patterns rather than the absolute magnitudes. 

 

 
Figure 7: Monthly mean vertical velocity (m d-1) at 500 m depth for June 2019 from each 

distinct physics setup, and their difference to their relative control. 

 

The impact of this change in vertical mixing on biogeochemical fields is demonstrated in Fig. 

8, which shows maps of the surface concentration of a standalone passive tracer which was 

initialised from the DIN field and subject only to physical processes (see Section 3.2). 
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Consistent with findings from multiple centres (Park et al., 2018; Ford, 2020; Gasparin et al., 

2021), STANDARD results in much higher surface concentrations, especially at low latitudes, 

than in FREE. Adding SSS to STANDARD makes minimal difference to passive tracer 

concentrations, but compared with FREE, SSS shows higher concentrations at mid-latitudes. 

In each case, these can be linked to the patterns of intPP changes seen in Fig. 5. 

 

 
Figure 8: Monthly mean standalone passive tracer concentration (originally mmol N m-3) at the 

surface for June 2019 from each distinct physics setup, and their difference to their relative 

control. 

 

The corresponding fields of surface DIN, which is subject to biogeochemical as well as physical 

processes, are shown in Fig. 9, and compared to the WOA23 climatology. The changes in DIN 

due to physics assimilation are comparable, but not as pronounced, demonstrating complex 

biogeochemical feedbacks. The increased upwelling around the equator results in a better match 

for the observation-based climatology, though whether this is correcting or cancelling an error 

needs further investigation. Adding assimilation of chlorophyll with limited multivariate 

balancing (STANDARD+SSS+OC) has a small impact, mostly slightly reducing surface 

nutrient concentrations. The run with more complex multivariate balancing 

(STANDARD+SSS+OCbal) has a much larger impact on DIN though, as a result of the direct 

updates made to the nutrient fields, increasing surface DIN globally. In some regions this results 

in a better match for the WOA23 climatology, but overall it represents a degradation in skill. 

Analysis (not shown) suggests that this has primarily come about due to a model chlorophyll 

bias that the assimilation is continually trying to correct in the same direction, resulting in an 

imbalance in the nutrient increments applied. This demonstrates the potential for multivariate 

balancing to make widespread changes to the model, but also the importance of correctly 

formulating such schemes and ensuring assumptions (unbiased models and observations are 

assumed by most assimilation schemes) are met. 
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Figure 9: Monthly mean surface nitrate (mmol N m-3) for June 2019 from each run, and the 

climatology from World Ocean Atlas (WOA23). 

 

Similar maps of surface pCO2 and pH, this time compared with the OceanSODA-ETHZ 

product, are shown in Fig. 10 and Fig. 11 respectively. For pH, the UExP-FNN-U (v2026-pre1) 

product, which builds on OceanSODA-ETHZ and OC4C developments, is also shown. The 

patterns of impact in each case are broadly the same as for DIN, indicating a common impact 

on biogeochemistry from the physics assimilation, and whole-model impact of the Hemmings 

et al. (2008) multivariate balancing used in STANDARD+SSS+OCbal. The direct impact on 

carbonate chemistry from assimilating SSS appears small, indicating its role in affecting ocean 

mixing to be of higher order. 
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Figure 10: Monthly mean surface pCO2 for June 2019 from each run and the OceanSODA-

ETHZ observation-based product. 
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Figure 11: Monthly mean surface pH for September 2019 from each run and the OceanSODA-

ETHZ and UExP-FNN-U (v2026-pre1) observation-based products. 

 

6. Summary and conclusions 
 

This study used two separate global ocean physical-biogeochemical reanalysis systems to assess 

the impact of different assimilation configurations and satellite observation products on 

properties relevant to seasonal forecasting of global ocean biogeochemistry. 

 

Experiments run by the Barcelona Supercomputing Center (BSC) tested the hypothesis that 

state-of-the-art satellite-based products can improve model predictions. One experiment used 

sea surface temperature (SST) from the ESA Climate Change Initiative (CCI) to nudge the 

model, and a second experiment used both SST-CCI and phytoplankton carbon (PhyC) derived 

from CCI ocean colour data. Both experiments showed that the nudging influenced the 

modelled SST and primary production, particularly in the Equatorial Pacific. Yet, the absolute 

value of this influence was, on average, lower than 10%, when often the model is biased more 

than 100% when compared to observation-based estimates of primary production. Nudged 

model outputs were not successful in improving the observed monthly variability. These results 

suggest that nudging SST and PhyC CCI products was insufficient to significantly improve the 

model simulations. The cause of the low model flexibility is associated with the model 

architecture and design, highly parametrised and tuned to reproduce consistent global trends. 

However, the nudged mechanism was successful technically, proving its potential application 
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with other observed datasets or restoring constants. A future line of research is the application 

of satellite-based datasets to infer flexible parametrisations that tune the model towards 

observations, in a similar way to ongoing work with Biogeochemical-Argo float data (Hyvernat 

et al., 2025). 

 

Experiments run by the Met Office (MO) used a more complex 3D-Var assimilation scheme 

with multivariate balancing, and assimilated more variables. This showed greater impact from 

both physics and biogeochemistry assimilation, though with mixed impacts on the skill of 

variables and processes likely to be important for seasonal forecasting of biogeochemistry. 

Assimilating the full range of physics observations (SST, SSS, SLA, SIC, T&S) increased 

vertical velocities in the tropics and chaotic regions such as the Antarctic Circumpolar Current. 

This increased vertical mixing may be consistent with observational estimates at the very 

equator (Karnauskas, 2025), but is likely too large away from the equator and at depth 

(Karnauskas, 2025), with likely implications for seasonal prediction skill. It remains to be seen 

whether this is correcting or compensating for an error. The impact of assimilating ocean colour 

data depended on the multivariate balancing scheme used. The more complex scheme of 

Hemmings et al. (2008), designed for a simpler biogeochemical model, resulted in more 

widespread changes to biogeochemical variables, but often at the expense of model skill 

compared with both assimilated and non-assimilated data. This demonstrates the potential for 

such a scheme to maximise the information gain from satellite data, but suggests it needs tuning 

and development for each specific model configuration. 

 

Taken together, some consistent conclusions emerge. Both physics and biogeochemistry 

satellite products clearly have potential to improve reanalyses and therefore seasonal forecasts. 

However, this requires assimilation schemes which are designed to fully exploit the information 

available, through multivariate and subsurface updates. For instance, using ocean colour data 

to only update surface phytoplankton has limited impact on biogeochemistry, although this can 

be locally large in regions such as the tropics. Using a multivariate balancing scheme originally 

designed for another model had a much wider impact, but not always positive. Schemes 

therefore need to be tuned and designed for specific model configurations, whether such 

schemes utilise balance relationships, ensembles, machine learning, or some combination. 

Whether gap-filled (level 4) or non-gap-filled (level 2 or 3) satellite data are required will 

depend on the assimilation method, and it would be useful for both to be available to the 

community. For assimilation though, daily products are likely to be more impactful than 

monthly ones. Furthermore, the combination of satellite and in situ data, for both physics and 

biogeochemistry, is expected to be fundamental for maximising skill. 

 

Follow-on work, focussing on the MO system, will focus further on the role of physics 

assimilation on vertical mixing and biogeochemistry skill, and developing multivariate 

balancing schemes. Furthermore, coupled ocean-atmosphere-biogeochemistry reforecasts will 

be run, initialised from the different reanalyses presented here, to further examine likely 

prediction skill and optimal assimilation strategies. 

 

 

 



CMUG CCI+ Deliverable  
Number:  Final report D3.1d 

Submission date:   April 2026 

Version:  1.0 

 

24 of 32 

References  
 

Atkinson CP, Rayner NA, Kennedy JJ, and Good SA (2014) An integrated database of ocean 

temperature and salinity observations, J. Geophys. Res. Oceans, 119, 7139–7163, 

https://doi.org/10.1002/2014JC010053 

 

Aumont, O., Ethé, C., Tagliabue, A., Bopp, L., and Gehlen, M. (2015) PISCES-v2: an ocean 

biogeochemical model for carbon and ecosystem studies, Geosci. Model Dev., 8, 2465–2513, 

https://doi.org/10.5194/gmd-8-2465-2015 

 

Balmaseda MA, Balan Sarojini B, Mayer M, Tietsche S, Zuo H, Vitart F and Stockdale TN 

(2024) Impact of the ocean in-situ observations on the ECMWF seasonal forecasting system. 

Frontiers in Marine Science 11:1456013. https://doi.org/10.3389/fmars.2024.1456013 

 

Barbosa Aguiar A, Bell MJ, Blockley E, Calvert D, Crocker R, Inverarity G, King R, Lea DJ, 

Maksymczuk J, Martin MJ, Price MR, Siddorn J, Smout-Day K, Waters J, and While J (2024) 

The Met Office Forecast Ocean Assimilation Model (FOAM) using a 1/12-degree grid for 

global forecasts. Quarterly Journal of the Royal Meteorological Society, 150(763), 3827–3852. 

https://doi.org/10.1002/qj.4798 

 

Bernardello R, Sicardi V, Lapin V, Orteg P, Ruprich-Robert Y, Tourigny E, and Ferrer E., 

(2023), Ocean biogeochemical reconstructions to estimate historical ocean CO 2 uptake., Earth 

System Dynamics Discussions, 1-24. 

 

Blockley, E., Fiedler, E., Ridley, J., Roberts, L., West, A., Copsey, D., Feltham, D., Graham, 

T., Livings, D., Rousset, C., Schroeder, D., and Vancoppenolle, M. (2024) The sea ice 

component of GC5: coupling SI3 to HadGEM3 using conductive fluxes, Geosci. Model Dev., 

17, 6799–6817, https://doi.org/10.5194/gmd-17-6799-2024 

 

Boutin J, Reul N, Koehler J, Martin A, Catany R, Guimbard S, Rouffi F, Vergely JL, Arias M, 

Chakroun M, Corato G, Estella-Perez V, Hasson A, Josey S, Khvorostyanov D, Kolodziejczyk 

N, Mignot J, Olivier L, Reverdin G, Stammer D, Supply A, Thouvenin-Masson C, Turiel A, 

Vialard J, Cipollini P, Donlon C, Sabia R and Mecklenburg S (2021) Satellite-based sea surface 

salinity designed for ocean and climate studies. Journal of Geophysical Research: Oceans 

126:e2021JC017676. https://doi.org/10.1029/2021JC017676 

 

Brown A, Milton S, Cullen M, Golding B, Mitchell J, and Shelly A (2012) Unified Modeling 

and Prediction of Weather and Climate: A 25-Year Journey. Bull. Amer. Meteor. Soc., 93, 

1865–1877. https://doi.org/10.1175/BAMS-D-12-00018.1 

 

Brewin, RJW, Ciavatta S, Sathyendranath S, Skákala J, Bruggeman J, Ford D, Platt T, The 

Influence of Temperature and Community Structure on Light Absorption by Phytoplankton in 

the North Atlantic, Sensors 19, n.o 19 (2019). https://doi.org/10.3390/s19194182. 

 

Cazenave A, Gouzenes Y, Birol F, Leger F, Passaro M, Calafat FM., Shaw A, Nino F, Legeais 

JF, Oelsmann J, Restano M, and Benveniste J (2022) Sea level along the world’s coastlines can 



CMUG CCI+ Deliverable  
Number:  Final report D3.1d 

Submission date:   April 2026 

Version:  1.0 

 

25 of 32 

be measured by a network of virtual altimetry stations. Commun Earth Environ 3, 117. 

https://doi.org/10.1038/s43247-022-00448-z 

 

Döscher, R., Acosta, M., Alessandri, A., Anthoni, P., Arsouze, T., Bergman, T., Bernardello, 

R., Boussetta, S., Caron, L.-P., Carver, G., Castrillo, M., Catalano, F., Cvijanovic, I., Davini, 

P., Dekker, E., Doblas-Reyes, F. J., Docquier, D., Echevarria, P., Fladrich, U., Fuentes-Franco, 

R., Gröger, M., v. Hardenberg, J., Hieronymus, J., Karami, M. P., Keskinen, J.-P., Koenigk, T., 

Makkonen, R., Massonnet, F., Ménégoz, M., Miller, P. A., Moreno-Chamarro, E., Nieradzik, 

L., van Noije, T., Nolan, P., O'Donnell, D., Ollinaho, P., van den Oord, G., Ortega, P., Prims, 

O. T., Ramos, A., Reerink, T., Rousset, C., Ruprich-Robert, Y., Le Sager, P., Schmith, T., 

Schrödner, R., Serva, F., Sicardi, V., Sloth Madsen, M., Smith, B., Tian, T., Tourigny, E., 

Uotila, P., Vancoppenolle, M., Wang, S., Wårlind, D., Willén, U., Wyser, K., Yang, S., Yepes-

Arbós, X., and Zhang, Q. (2022) The EC-Earth3 Earth system model for the Coupled Model 

Intercomparison Project 6, Geosci. Model Dev., 15, 2973–3020, https://doi.org/10.5194/gmd-

15-2973-2022 

 

Embury, O. (2024a): ESA Sea Surface Temperature Climate Change Initiative (SST_cci): Sea 

and Land Surface Temperature Radiometer (SLSTR) Level 2 Pre-processed (L2P) product, 

version 3.0. NERC EDS Centre for Environmental Data Analysis, 16 May 2024. 

https://dx.doi.org/10.5285/f4151599eb7b491c9f4ce75489eb8b1e 

 

Embury, O. (2024b): ESA Sea Surface Temperature Climate Change Initiative (SST_cci): Sea 

and Land Surface Temperature Radiometer (SLSTR) Level 3 Uncollated (L3U) product, 

version 3.0. NERC EDS Centre for Environmental Data Analysis, 16 May 2024. 

https://dx.doi.org/10.5285/61b7a51d72b54692890d45818307d72f 

 

Embury O, Merchant CJ, Good SA, Rayner NA, Høyer JL, Atkinson C, Block T, Alerskans E, 

Pearson KJ, Worsfold M, McCarroll N and Donlon C (2024) Satellite-based time-series of 

sea-surface temperature since 1980 for climate applications. Scientific Data 11:326. 

https://doi.org/10.1038/s41597-024-03147-w 

 

EUMETSAT OSI SAF (2022) OSI SAF Global sea ice concentration climate data record 1978-

2020 (v3.0, 2022), OSI-450-a, EUMETSAT Ocean and Sea Ice Satellite Application Facility, 

https://doi.org/10.15770/EUM_SAF_OSI_0013 

 

Fennel K, Gehlen M, Brasseur P, Brown CW, Ciavatta S, Cossarini G, Crise A, Edwards CA, 

Ford D, Friedrichs MAM, Gregoire M, Jones E, Kim H-C, Lamouroux J, Murtugudde R, 

Perruche C and the GODAE OceanView Marine Ecosystem Analysis and Prediction Task 

Team (2019) Advancing Marine Biogeochemical and Ecosystem Reanalyses and Forecasts as 

Tools for Monitoring and Managing Ecosystem Health. Frontiers in Marine Science 6:89. 

https://doi.org/10.3389/fmars.2019.00089 

 

Ford, D. A., Edwards, K. P., Lea, D., Barciela, R. M., Martin, M. J., and Demaria, J. (2012) 

Assimilating GlobColour ocean colour data into a pre-operational physical-biogeochemical 

model, Ocean Sci., 8, 751–771. https://doi.org/10.5194/os-8-751-2012 

 

Ford D, Key S, McEwan R, Totterdell I and Gehlen M (2018) Marine biogeochemical 

modelling and data assimilation for operational forecasting, reanalysis, and climate research. 



CMUG CCI+ Deliverable  
Number:  Final report D3.1d 

Submission date:   April 2026 

Version:  1.0 

 

26 of 32 

In: Chassignet EP, Pascual A, Tintoré J, Verron J (eds), New Frontiers in Operational 

Oceanography, 625–652. https://doi.org/10.17125/gov2018.ch25 

 

Ford, D. A. (2020) Assessing the role and consistency of satellite observation products in global 

physical–biogeochemical ocean reanalysis, Ocean Sci., 16, 875–893, 

https://doi.org/10.5194/os-16-875-2020 

 

Ford D (2021) Assimilating synthetic Biogeochemical-Argo and ocean colour observations into 

a global ocean model to inform observing system design, Biogeosciences, 18, 509–534. 

https://doi.org/10.5194/bg-18-509-2021 

 

Fransner F, Counillon F, Bethke I, Tjiputra J, Samuelsen A, Nummelin A and Olsen A (2020) 

Ocean Biogeochemical Predictions—Initialization and Limits of Predictability. Frontiers in 

Marine Science 7:386. https://doi.org/10.3389/fmars.2020.00386 

 

Friedlingstein P, O'Sullivan M, Jones MW, Andrew RM, Hauck J, Landschützer P, Le Quéré 

C, Li H, Luijkx IT, Olsen A, Peters GP, Peters W, Pongratz J, Schwingshackl C, Sitch S, 

Canadell JG, Ciais P, Jackson RB, Alin SR, Arneth A, Arora V, Bates NR, Becker M, Bellouin 

N, Berghoff CF, Bittig HC, Bopp L, Cadule P, Campbell K, Chamberlain MA, Chandra N, 

Chevallier F, Chini LP, Colligan T, Decayeux J, Djeutchouang LM, Dou X, Duran Rojas C, 

Enyo K, Evans W, Fay AR, Feely RA, Ford DJ, Foster A, Gasser T, Gehlen M, Gkritzalis T, 

Grassi G, Gregor L, Gruber N, Gürses Ö, Harris I, Hefner M, Heinke J, Hurtt GC, Iida Y, Ilyina 

T, Jacobson AR, Jain AK, Jarníková T, Jersild A, Jiang F, Jin Z, Kato E, Keeling RF, Klein 

Goldewijk K, Knauer J, Korsbakken JI, Lan X, Lauvset SK, Lefèvre N, Liu Z, Liu J, Ma L, 

Maksyutov S, Marland G, Mayot N, McGuire PC, Metzl N, Monacci NM, Morgan EJ, Nakaoka 

S-I, Neill C, Niwa Y, Nützel T, Olivier L, Ono T, Palmer PI, Pierrot D, Qin Z, Resplandy L, 

Roobaert A, Rosan TM, Rödenbeck C, Schwinger J, Smallman TL, Smith SM, Sospedra-

Alfonso R, Steinhoff T, Sun Q, Sutton AJ, Séférian R, Takao S, Tatebe H, Tian H, Tilbrook B, 

Torres O, Tourigny E, Tsujino H, Tubiello F, van der Werf G, Wanninkhof R, Wang X, Yang 

D, Yang X, Yu Z, Yuan W, Yue X, Zaehle S, Zeng N and Zeng J (2025) Global Carbon Budget 

2024. Earth System Science Data 17:965–1039. https://doi.org/10.5194/essd-17-965-2025 

 

Garcia, H.E., C. Bouchard, S.L. Cross, C.R. Paver, Z. Wang, J.R. Reagan, T.P. Boyer, R.A. 

Locarnini, A.V. Mishonov, O. Baranova, D. Seidov, and D. Dukhovskoy (2023) World Ocean 

Atlas 2023, Volume 4: Dissolved Inorganic Nutrients (phosphate, nitrate, silicate). A. 

Mishonov, Tech. Ed. NOAA Atlas NESDIS 92, doi.org/10.25923/39qw-7j08 

 

Gasparin F, Cravatte S, Greiner E, Perruche C, Hamon M, Van Gennip S and Lellouche JM 

(2021) Excessive productivity and heat content in tropical Pacific analyses: Disentangling the 

effects of in situ and altimetry assimilation. Ocean Modelling 160:101768. 

https://doi.org/10.1016/j.ocemod.2021.101768 

 

Good SA, Martin MJ, and Rayner NA (2013) EN4: Quality controlled ocean temperature and 

salinity profiles and monthly objective analyses with uncertainty estimates, J. Geophys. Res. 

Oceans, 118, 6704–6716. https://doi.org/10.1002/2013JC009067 

 



CMUG CCI+ Deliverable  
Number:  Final report D3.1d 

Submission date:   April 2026 

Version:  1.0 

 

27 of 32 

Good, S.A.; Embury, O. (2024): ESA Sea Surface Temperature Climate Change Initiative 

(SST_cci): Level 4 Analysis product, version 3.0. NERC EDS Centre for Environmental Data 

Analysis, 09 April 2024. https://dx.doi.org/10.5285/4a9654136a7148e39b7feb56f8bb02d2 

 

Gouretski V and Reseghetti F (2010) On depth and temperature biases in bathythermograph 

data: development of a new correction scheme based on analysis of a global ocean database. 

Deep-Sea Research I, 57, 6. http://dx.doi.org/10.1016/j.dsr.2010.03.011 

 

Gregor, L. and Gruber, N. (2020) OceanSODA-ETHZ: A global gridded data set of the surface 

ocean carbonate system for seasonal to decadal studies of ocean acidification (NCEI Accession 

0220059), Tech. Rep., NOAA National Centers for Environmental Information, 

https://doi.org/10.25921/m5wx-ja34 

 

Gregor, L. and Gruber, N. (2021) OceanSODA-ETHZ: a global gridded data set of the surface 

ocean carbonate system for seasonal to decadal studies of ocean acidification, Earth Syst. Sci. 

Data, 13, 777–808, https://doi.org/10.5194/essd-13-777-2021 

 

Guiavarc'h, C., Storkey, D., Blaker, A. T., Blockley, E., Megann, A., Hewitt, H., Bell, M. J., 

Calvert, D., Copsey, D., Sinha, B., Moreton, S., Mathiot, P., and An, B. (2025) GOSI9: UK 

Global Ocean and Sea Ice configurations, Geosci. Model Dev., 18, 377–403, 

https://doi.org/10.5194/gmd-18-377-2025 

 

Hemmings JC, Barciela RM, and Bell MJ (2008) Ocean color data assimilation with material 

conservation for improving model estimates of air-sea CO2 flux. Journal of Marine Research 

66(1). https://elischolar.library.yale.edu/journal_of_marine_research/189 

 

Hersbach H, Bell B, Berrisford P, Hirahara S, Horányi A, Muñoz‑Sabater J, Nicolas J, Peubey 

C, Radu R, Schepers D, Simmons A, Soci C, Abdalla S, Abellan X, Balsamo G, Bechtold P, 

Biavati G, Bidlot J, Bonavita M, De Chiara G, Dahlgren P, Dee D, Diamantakis M, Dragani R, 

Flemming J, Forbes R, Fuentes M, Geer A, Haimberger L, Healy S, Hogan RJ, Hólm E, 

Janisková M, Keeley S, Laloyaux P, Lopez P, Lupu C, Radnoti G, de Rosnay P, Rozum I, 

Vamborg F, Villaume S and Thépaut J‑N (2020) The ERA5 global reanalysis. Quarterly Journal 

of the Royal Meteorological Society 146:1999–2049. https://doi.org/10.1002/qj.3803 

 

Hyvernat, Q., Mignot, A., Gutknecht, E., Ruggiero, G., Perruche, C., Samson, G., Sauzède, R., 

Aumont, O., Claustre, H., and D'Ortenzio, F. (2025) Optimizing a large number of parameters 

in a Biogeochemical Model: A Multi-Variable BGC-Argo Data Assimilation Approach, 

EGUsphere [preprint], https://doi.org/10.5194/egusphere-2025-4369  

 

Jacox MG, Alexander MA, Siedlecki S, Chen K, Kwon YO, Brodie S, Rykaczewski R et al. 

(2020) Seasonal-to-interannual prediction of North American coastal marine ecosystems: 

Forecast methods, mechanisms of predictability, and priority developments. Progress in 

Oceanography 183:102307. https://doi.org/10.1016/j.pocean.2020.102307 

 

Jouanno J, Morvan G, Berline L, Benshila R, Aumont O, Sheinbaum J and Ménard F (2023) 

Skillful seasonal forecast of Sargassum proliferation in the Tropical Atlantic. Geophysical 

Research Letters 50:e2023GL105545. https://doi.org/10.1029/2023GL105545 

 



CMUG CCI+ Deliverable  
Number:  Final report D3.1d 

Submission date:   April 2026 

Version:  1.0 

 

28 of 32 

Karnauskas KB (2025) How Fast is the Mean Upwelling in the Equatorial Pacific Ocean?. J. 

Climate, 38, 4117–4138. https://doi.org/10.1175/JCLI-D-24-0704.1 

 

Kettleborough JA, Davis PJ, Comer RE, Martin MJ, Barbosa Aguiar A, Collier T, Scaife AA, 

Clark A, Mancell J, Smout-Day KA, Hardiman SC (2026) Global Seasonal forecasting system 

6 (GloSea6): a large ensemble seasonal forecasting system. Monthly Weather Review. 2026 

Jan;154(1):39-57. https://doi.org/10.1175/MWR-D-25-0007.1 

 

Koch-Larrouy, A., Madec, G., Blanke, B., and Molcard, R. (2008) Water mass transformation 

along the Indonesian throughflow in an OGCM, Ocean Dynam., 58, 289–309, 

https://doi.org/10.1007/s10236-008-0155-4 

 

Kulk, G., Platt, T., Dingle, J., Jackson, T., Jönsson, B.F., Bouman, H.A., Babin, M., Doblin, 

M., Estrada, M., Figueiras, F.G., Furuya, K., González, N., Gudfinnsson, H.G., Gudmundsson, 

K., Huang, B., Isada, T., Kovac, Z., Lutz, V.A., Marañón, E., Raman, M., Richardson, K., 

Rozema, P.D., Van de Poll, W.H., Segura, V., Tilstone, G.H., Uitz, J., van Dongen-Vogels, V., 

Yoshikawa, T., and Sathyendranath S. (2020) Primary production, an index of climate change 

in the ocean: Satellite-based estimates over two decades. Remote Sens., 12, 826. 

https://doi.org/10.3390/rs12050826 

 

Kulk, G., Platt, T., Dingle, J., Jackson, T., Jönsson, B.F., Bouman, H.A., Babin, M., Brewin, 

R.J.W., Doblin, M., Estrada, M., Figueiras, F.G., Furuya, K., González-Benítez, N., 

Gudfinnsson, H.G., Gudmundsson, K., Huang, B., Isada, T., Kovač, Ž., Lutz, V.A., Marañón, 

E., Raman, M., Richardson, K., Rozema, P.D., van de Poll, W.H., Segura, V., Tilstone, G.H., 

Uitz, J., van Dongen-Vogels, V., Yoshikawa, T., and Sathyendranath, S. (2021) BICEP / 

NCEO: Monthly global Marine Phytoplankton Primary Production, between 1998-2020 at 9 

km resolution (derived from the Ocean Colour Climate Change Initiative v4.2 dataset). NERC 

EDS Centre for Environmental Data Analysis, 22 December 2021. 

https://dx.doi.org/10.5285/69b2c9c6c4714517ba10dab3515e4ee6 

 

Madec, G. and NEMO system team (2019) Nemo Ocean Engine – version 4.0.1, Notes du Pôle 

de modélisation de l'Institut Pierre-Simon Laplace (IPSL), 27, Zenodo, 

https://doi.org/10.5281/zenodo.3878122 

 

Madec, G. and the NEMO System Team (2023) NEMO Ocean Engine Reference Manual, 

Zenodo, https://doi.org/10.5281/zenodo.8167700 

 

Martin MJ, King RR, While J, Barbosa Aguiar A (2019) Assimilating satellite sea-surface 

salinity data from SMOS, Aquarius and SMAP into a global ocean forecasting system. Q J R 

Meteorol Soc 145:705–726. https://doi.org/10.1002/qj.3461 

 

Martin, M. J., Remy, E., Tranchant, B., King, R. R., Greiner, E., & Donlon, C. (2022). 

Observation impact statement on satellite sea surface salinity data from two operational global 

ocean forecasting systems. Journal of Operational Oceanography, 15(2), 87–103. 

https://doi.org/10.1080/1755876X.2020.1771815 

 

Matli VRR, Laurent A, Fennel K, Craig K, Krause J and Obenour DR (2020) Fusion-based 

hypoxia estimates: combining geostatistical and mechanistic models of dissolved oxygen 



CMUG CCI+ Deliverable  
Number:  Final report D3.1d 

Submission date:   April 2026 

Version:  1.0 

 

29 of 32 

variability. Environmental Science & Technology 54(20):13016–13025. 

https://doi.org/10.1021/acs.est.0c03655 

 

Mignac, D., Waters, J., Lea, D. J., Martin, M. J., While, J., Weaver, A. T., Vidard, A., 

Guiavarc'h, C., Storkey, D., Ford, D., Blockley, E. W., Baker, J., Haines, K., Price, M. R., Bell, 

M. J., and Renshaw, R. (2025) Improvements to the Met Office's global ocean–sea ice 

forecasting system including model and data assimilation changes, Geosci. Model Dev., 18, 

3405–3425, https://doi.org/10.5194/gmd-18-3405-2025 

 

Mirouze, I., Blockley, E. W., Lea, D. J., Martin, M. J., and Bell, M. J. (2016) A multiple length 

scale correlation operator for ocean data assimilation, Tellus A, 68, 29744, 

https://doi.org/10.3402/tellusa.v68.29744 

 

Mogen SC, Lovenduski NS, Yeager S, Keppler L, Sharp J, Bograd SJ and Buil MP (2023) 

Skillful multi-month predictions of ecosystem stressors in the surface and subsurface ocean. 

Earth’s Future 11(11):e2023EF003605. https://doi.org/10.1029/2023EF003605 

 

Mogen SC, Lovenduski NS, Yeager SG et al. (2024) Multi-month forecasts of marine 

heatwaves and ocean acidification extremes. Nature Geoscience 17:1261–1267. 

https://doi.org/10.1038/s41561-024-01593-0 

 

Mulcahy, J. P., Jones, C. G., Rumbold, S. T., Kuhlbrodt, T., Dittus, A. J., Blockley, E. W., Yool, 

A., Walton, J., Hardacre, C., Andrews, T., Bodas-Salcedo, A., Stringer, M., de Mora, L., Harris, 

P., Hill, R., Kelley, D., Robertson, E., and Tang, Y. (2023) UKESM1.1: development and 

evaluation of an updated configuration of the UK Earth System Model, Geosci. Model Dev., 

16, 1569–1600, https://doi.org/10.5194/gmd-16-1569-2023 

 

Palmer JR and Totterdell IJ (2001) Production and export in a global ocean ecosystem model. 

Deep Sea Research Part I: Oceanographic Research Papers. 48(5):1169-98. 

https://doi.org/10.1016/S0967-0637(00)00080-7 

 

Park JY, Stock CA, Yang X, Dunne JP, Rosati A, John J and Zhang S (2018) Modeling global 

ocean biogeochemistry with physical data assimilation: a pragmatic solution to the equatorial 

instability. Journal of Advances in Modeling Earth Systems 10(3):891–906. 

https://doi.org/10.1002/2017MS001223 

 

Park JY, Stock CA, Dunne JP, Yang X and Rosati A (2019) Seasonal to multiannual marine 

ecosystem prediction with a global Earth system model. Science 365(6450):284–288. 

https://doi.org/10.1126/science.aav6634 

 

Plummer S, Lecomte P and Doherty M (2017) The ESA climate change initiative (CCI): A 

European contribution to the generation of the global climate observing system. Remote 

Sensing of Environment 203:2–8. https://doi.org/10.1016/j.rse.2017.07.014 

 

Raghukumar K, Edwards CA, Goebel NL, Broquet G, Veneziani M, Moore AM and Zehr JP 

(2015) Impact of assimilating physical oceanographic data on modeled ecosystem dynamics in 

the California Current System. Progress in Oceanography 138:546–558. 

https://doi.org/10.1016/j.pocean.2015.01.004 



CMUG CCI+ Deliverable  
Number:  Final report D3.1d 

Submission date:   April 2026 

Version:  1.0 

 

30 of 32 

 

Rousseaux CS and Gregg WW (2017) Forecasting ocean chlorophyll in the Equatorial Pacific. 

Frontiers in Marine Science 4:236. https://doi.org/10.3389/fmars.2017.00236 

 

Rousseaux CS, Gregg WW and Ott L (2021) Assessing the skills of a seasonal forecast of 

chlorophyll in the global pelagic oceans. Remote Sensing 13(6):1051. 

https://doi.org/10.3390/rs13061051 

 

Sathyendranath S, Brewin RJW, Brockmann C, Brotas V, Calton B, Chuprin A, Cipollini P, 

Couto AB, Dingle J, Doerffer R, Donlon C, Dowell M, Farman A, Grant M, Groom S, 

Horseman A, Jackson T, Krasemann H, Lavender S, Martinez-Vicente V, Mazeran C, Mélin F, 

Moore TS, Müller D, Regner P, Roy S, Steele CJ, Steinmetz F, Swinton J, Taberner M, 

Thompson A, Valente A, Zühlke M, Brando VE, Feng H, Feldman G, Franz BA, Frouin R, 

Gould RW Jr, Hooker SB, Kahru M, Kratzer S, Mitchell BG, Muller-Karger F, Sosik HM, Voss 

KJ, Werdell J, and Platt T (2019) An ocean-colour time series for use in climate studies: the 

experience of the ocean-colour climate change initiative (OC-CCI). Sensors 19:4285. 

https://doi.org/10.3390/s19194285 

 

Sathyendranath, S., Platt, T., Kovač, Ž., Dingle, J., Jackson, T., Brewin, R.J.W., Franks, P., 

Marañón, E., Kulk, G., and Bouman, H.A. (2020) Reconciling models of primary production 

and photoacclimation. Applies Optics, 2020, 59, C100. https://doi.org/10.1364/AO.386252 

 

Sathyendranath, S., Platt, T., Kovač, Ž., Dingle, J., Jackson, T., Brewin, R.J.W., Franks, P., 

Kulk, G., and Bouman, H.A. (2021) BICEP / NCEO: Monthly global Phytoplankton Carbon, 

between 1998-2020 at 9 km resolution (derived from the Ocean Colour Climate Change 

Initiative v5.0 dataset). NERC EDS Centre for Environmental Data Analysis, 22 December 

2021. https://dx.doi.org/10.5285/6a6ccbb8ef2645308a60dc47e9b8b5fb 

 

Sathyendranath, S., Jackson, T., Brockmann, C., Brotas, V., Calton, B., Chuprin, A., Clements, 

O., Cipollini, P., Danne, O., Dingle, J., Donlon, C., Grant, M., Groom, S., Krasemann, H., 

Lavender, S., Mazeran, C., Mélin, F., Müller, D., Steinmetz, F., Valente, A., Zühlke, M., 

Feldman, G., Franz, B., Frouin, R., Werdell, J., Platt, T. (2023) ESA Ocean Colour Climate 

Change Initiative (Ocean_Colour_cci): Version 6.0, 4km resolution data. NERC EDS Centre 

for Environmental Data Analysis, 08 August 2023. 

https://dx.doi.org/10.5285/5011d22aae5a4671b0cbc7d05c56c4f0 

 

Séférian R, Bopp L, Gehlen M, Swingedouw D, Mignot J, Guilyardi E, and Servonnat J (2014) 

Multiyear predictability of tropical marine productivity, Proc. Natl. Acad. Sci. U.S.A. 111 (32) 

11646-11651, https://doi.org/10.1073/pnas.1315855111 

 

Siedlecki SA, Kaplan I, Hermann A et al. (2026) Experiments with seasonal forecasts of ocean 

conditions for the Northern region of the California Current upwelling system. Scientific 

Reports 6:27203. https://doi.org/10.1038/srep27203 

 

Siedlecki SA, Alin SR, Norton EL, Bond NA, Hermann AJ, Feely RA and Newton JA (2023) 

Can seasonal forecasts of ocean conditions aid fishery managers? Experiences from 10 years of 

J-SCOPE. Oceanography 36(2/3):158–167. https://www.jstor.org/stable/27257895 

 



CMUG CCI+ Deliverable  
Number:  Final report D3.1d 

Submission date:   April 2026 

Version:  1.0 

 

31 of 32 

Storto A, Alvera-Azcárate A, Balmaseda MA, Barth A, Chevallier M, Counillon F, Domingues 

CM, Drevillon M, Drillet Y, Forget G, Garric G, Haines K, Hernandez F, Iovino D, Jackson 

LC, Lellouche JM, Masina S, Mayer M, Oke PR, Penny SG, Peterson KA, Yang C and Zuo H 

(2019) Ocean Reanalyses: Recent Advances and Unsolved Challenges. Frontiers in Marine 

Science 6:418. https://doi.org/10.3389/fmars.2019.00418 

 

Thierry V, Claustre H, Pasqueron de Fommervault O, Zilberman N, Johnson KS, King BA, 

Wijffels SE, Bhaskar UTVS, Balmaseda MA, Belbeoch M, Bollard M, Boutin J, Boyd P, 

Cancouët R, Chai F, Ciavatta S, Crane R, Cravatte S, Dall’Olmo G, Desbruyères D, Durack PJ, 

Fassbender AJ, Fennel K, Fujii Y, Gasparin F, González-Santana A, Gourcuff C, Gray A, 

Hewitt HT, Jayne SR, Johnson GC, Kolodziejczyk N, Le Boyer A, Le Traon P-Y, Llovel W, 

Lozier MS, Lyman JM, McDonagh EL, Martin AP, Meyssignac B, Mogensen KS, Morris T, 

Oke PR, Smith WO Jr, Owens B, Poffa N, Post J, Roemmich D, Rykaczewski RR, 

Sathyendranath S, Scanderbeg M, Scheurle C, Schofield O, von Schuckmann K, Scourse J, 

Sprintall J, Suga T, Tonani M, van Wijk E, Xing X and Zuo H (2025) Advancing ocean 

monitoring and knowledge for societal benefit: the urgency to expand Argo to OneArgo by 

2030. Frontiers in Marine Science 12:1593904. https://doi.org/10.3389/fmars.2025.1593904 

 

Tommasi D, Stock CA, Pegion K, Vecchi GA, Methot RD, Alexander MA and Checkley DM 

Jr (2017) Improved management of small pelagic fisheries through seasonal climate prediction. 

Ecological Applications 27:378–388. https://doi.org/10.1002/eap.1458 

 

Waters, J., Lea, D., Martin, M. J., Mirouze, I., Weaver, A., and While, J. (2015) Implementing 

a variational data assimilation system in an operational 1/4 degree global ocean model, Q. J. 

Roy. Meteor. Soc., 141, 333–349. https://doi.org/10.1002/qj.2388 

 

While J, Totterdell I and Martin M (2012), Assimilation of pCO2 data into a global coupled 

physical-biogeochemical ocean model, J. Geophys. Res., 117, C03037, 

https://doi.org/10.1029/2010JC006815 

 

Xavier, P., Willett, M., Graham, T.and Earnshaw, P., Copsey, D., Narayan, N., Marzin, C., Zhu, 

H., Sellar, A., Ackerley, D., Blockley, E., Bodas-Salcedo, A., Bushell, A., Choi, N., Chua, X. 

R., Guiavarc'h, C., Hassim, M., Heming, J., Hudson, D., Ineson, S., Jones, C., Keane, R. J., 

Kim, K., Kim, J., Kuhlbrodt, T., In Lee, M., Le, C., Martin, G., Mccabe, A., Moise, A., Ridley, 

J., Robert, L., Sahany, S., Schiemann, R. K. H., Storkey, D., Tennant, W., Tomassini, L., 

Tsushima, Y., Weedon, G. P., West, A., Wheeler, M., Zhou, X., and Zhu, H.: Assessment of 

the Met Office Global Coupled model version 5 (GC5) configurations, Report, CenTAUR 

(Central Archive at the Reading University) report, ID code:112173, Met Office, Exeter, 

https://centaur.reading.ac.uk/112173/ 

 

Xu L, Yu H, Chen Z, Du W, Chen N and Zhang C (2023) Monthly ocean primary productivity 

forecasting by joint use of seasonal climate prediction and temporal memory. Remote Sensing 

15(5):1417. https://doi.org/10.3390/rs15051417 

 

Yool, A., Popova, E. E., and Anderson, T. R. (2013) MEDUSA-2.0: an intermediate complexity 

biogeochemical model of the marine carbon cycle for climate change and ocean acidification 

studies, Geosci. Model Dev., 6, 1767–1811, https://doi.org/10.5194/gmd-6-1767-2013 

 



CMUG CCI+ Deliverable  
Number:  Final report D3.1d 

Submission date:   April 2026 

Version:  1.0 

 

32 of 32 

Yool, A., Palmiéri, J., Jones, C. G., de Mora, L., Kuhlbrodt, T., Popova, E. E., Nurser, A. J. G., 

Hirschi, J., Blaker, A. T., Coward, A. C., Blockley, E. W., and Sellar, A. A. (2021) Evaluating 

the physical and biogeochemical state of the global ocean component of UKESM1 in CMIP6 

historical simulations, Geosci. Model Dev., 14, 3437–3472, https://doi.org/10.5194/gmd-14-

3437-2021 

 

Zuo H, Balmaseda MA, Tietsche S, Mogensen K, and Mayer M (2019) The ECMWF 

operational ensemble reanalysis–analysis system for ocean and sea ice: a description of the 

system and assessment, Ocean Sci., 15, 779–808. https://doi.org/10.5194/os-15-779-2019. 

 


