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33 Abstract. Marine primary production, converting approximately SOGtC per year, is an important component of
34 the global carbon cycle, and a major determinant of past, present and future climate. Large-scale, long-term
35 estimates of marine primary production rely primarily on two types of models: satellite-based models that make
36 extensive use of remote-sensing data, and ecosystem models providing numerical simulation of ecological
37 processes embedded in general ocean circulation models. Intercomparison exercises of model outputs (both within
38 and across the two model types) have consistently revealed high discrepancies between estimated global ocean
39 primary production, including divergent magnitudes and even opposite trends. Comparisons of model results with
40 in-situ observations have also revealed large uncertainties in marine primary production estimates. These
41 uncertainties limit the applications of these models, especially in the climate context, where an important question
42 is whether climate change will drive significant future changes in regional or global primary production. Both
43 satellite-based and ecosystem model equations rely on a range of fixed parameters, whose values need to be
44 carefully estimated and tested. In this paper, we suggest that such model parameters represent an underappreciated
45 but important source of inter-model differences. With the proliferation of both satellite and in situ observations of

46 relevant variables at global scales and the availability of powerful statistical tools in data assimilation and machine
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47 learning, we argue that time is right to systematically examine model parameters and gain insights into how they
48 may vary spatially and temporally. We emphasize that such spatio-temporal variability can be easily theoretically
49  justified for the models with complexity similar to the satellite models, or the ecosystem models commonly used
50 within Earth System Models (ESMs) in climate studies. We argue that the spatially and temporally varying
51 parameter values provide a strong reason to anticipate unification of models, which would otherwise appear
52 structurally different. A better understanding of model parameter roles could therefore reduce discrepancies
53 among the primary production models and improve the reliability of marine primary production projections.

54
55

56 1. Introduction

57 The climate problem is highly complex, the stakes are very high, and substantial knowledge gaps remain,
58 especially in the ocean biogeochemistry domain (Kwiatkowski ef al., 2020). More broadly, the need to address
59 complex issues related to the carbon cycle, ecosystem services and biogeochemistry through Earth System Models
60 (ESMs), e.g. in the context of climate adaptation and resilience, has been highlighted by expert groups in Hewitt
61 et al. (2021). Similarly, Jones et al. (2024) focus on modelling priorities to support international climate policy.
62 In their assessment, they emphasise the value of “a coordinated, internally consistent set of simulations, data, and
63 knowledge to support Intergovernmental Panel on Climate Change (IPCC) assessments” and outline multiple
64 applications of Coupled Model Intercomparison Project (CMIP) projections. These include investigations of
65  threats to marine ecosystems (which have consequences for the ocean’s ability to buffer climate change, Tjiputra
66 et al., 2025) and downstream services under various climate scenarios and associated risks of tipping points. Jones
67 et al. (2024) also state that improving confidence in future projections requires models to reproduce the observed
68 historical period. Furthermore, they identify parameter uncertainty as one of the key elements of uncertainty in
69 climate models. The European Commission (2024) emphasised the need for improved projections of future
70 possible impacts to understand better the relation between physiological processes and environmental variables.
71 Against this background and in line with the recommendations of expert bodies, this review focuses on the
72 climate priority challenge associated with marine ecosystem and biogeochemistry modelling, with a particular
73 focus on marine primary production. Phytoplankton primary production (PP), the process by which marine
74 autotrophs convert CO; into organic matter through photosynthesis, is a major component of the ocean and
75 planetary carbon cycle. Currently estimated at around 50 Pg C y™' (Kulk et al. 2020, 2021), the magnitude of
76 marine PP is five times the estimated fossil fuel emissions of 10 Pg C y™! in 2022 and nearly 20 times the net ocean
77  carbon sink (Friedlingstein et al. 2024). Its magnitude is comparable to that of terrestrial primary production
78 (Lurin et al. 1994; Longhurst e al. 1995; Field et al. 1998; Friedlingstein ez al. 2024). A key question in climate
79 research is whether the current levels of marine PP can be maintained under climate change (Tagliabue et al.,
80 2021), at a time when marine ecosystems are increasingly threatened by a variety of sources, including ocean
81 acidification (Jin et al., 2020, Dai et al., 2025), rising seawater temperatures (Kwiatkowski et al., 2020),
82 intensified storminess over the oceans (Gastineau and Soden, 2009, Young et al., 2019, Gentille ef al., 2023, Liu
83 et al., 2024), ocean deoxygenation (Schmidtko ef al., 2017), modified current and stratification influencing surface
84 nutrients (Maishal, 2024), as well as changes in aerial nutrient supply (Bergas-Masso et.al., 2025), biodiversity
85 loss (Luypaert et al., 2020), and sea-ice loss (Myksvoll ef al., 2023). In this review we consider PP estimated
86  from two types of models: “satellite-based models” that utilize remote-sensing data together with statistical

87 algorithms, whose parameters are informed by in situ measurements, to calculate PP, and mechanistic ecosystem
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88 models which use numerical methods to solve a set of differential equations representing ecological processes,
89 with one output being PP.
90 When discussing marine primary PP, it is important to keep track of its different components. Theoretically,
91 PP before any of the loss terms are considered is referred to as gross PP (GPP); once the respiration by marine
92 autotrophs is subtracted from GPP we obtain net PP (NPP). GPP can also be partitioned according to whether
93 only the organic carbon fixed into particulate material is considered (production of particulate organic carbon), or
94 if the exudates (dissolved organic matter) are also included in the estimate (production of total organic carbon,
95 Regaudie-de-Gioux et al. 2014). While ecosystem models can make explicit distinction between these
96 components, it is not always straightforward to measure each of the components, often due to lack of experimental
97 methodologies that would differentiate clearly between them (IOCCG, 2022). In this review, we focus mainly on
98 GPP as computed in ecosystem models. For satellite-based estimates, we treat primary production derived from
99 in-situ experiments measuring short (1-4 hours) incubations as GPP, and those derived from experiments
100 measuring longer (12-24 hour) incubations as NPP, while fully recognising that the distinction is not that clear
101 cut (e.g., Halsey et al. 2011). It should be noted that estimates of the magnitude of losses due to respiration vary
102 considerably. Some estimates place it at about 30% of gross primary production (e.g., Platt e al. 1991), while
103 some other estimates are higher (e.g., 60% according to Halsey et al. 2011). Platt and Sathyendranath (1988)
104 compared daily water-column primary production computed on the basis of short incubations with those measured
105 in situ over daily time scales, and showed the two sets of independent estimates to be comparable, which points
106 to low respiration losses. Also, satellite-based estimates of NPP (Behrenfeld and Falkowski 1997) tend to be
107 roughly the same or higher than GPP (Longhurst et al. 1995). Since, by definition, NPP cannot be greater than
108 GPP, these comparisons reveal a great deal of uncertainty in respiration, or in PP computed using different
109 approaches, when compared with each other.
110
111
112 2. Background
113 Considerable differences exist in model-based estimates (here and elsewhere, we use “models’” without a
114 qualifier, to mean both satellite-based and ecosystem models) of the current and past global PP in the ocean, and
115 in ecosystem-model based projections into the future.
116 Satellite-based estimates of global marine PP are converging around 45-55 Pg C y ! (Figure 1A). These
117 estimates were obtained from both multi-sensor products of the Ocean Colour Climate Change Initiative (OC-
118 CCI; version 6, Sathyendranath et al. 2019, Kulk ez al. 2020, 2021), as well as from single-sensor products of the
119 Oregon State University (http://orca.science.oregonstate.edu/), which include the Carbon, Absorption, and
120 Fluorescence Euphotic-resolving (CAFE) model (Silsbe et al. 2016; 2025), Carbon-Based Primary Productivity
121 Model (CBPM; Westberry et al. 2008), the Vertically Generalised Production Model (VGPM; Behrenfeld and
122 Falkowski 1997) and the VGPM-Eppley model (which incorporates the Eppley (1972) temperature function).
123 However, we note that much higher values (up to 67 Pg C y ') and lower values (<45 Pg C y *!) have also been
124 reported from satellite-based products (Antoine e al. 1996; Behrenfeld et al. 2005; Carr et al. 2006; Uitz et al.
125 2010) (here we recognize that satellite products may differ in the computed PP components, as noted earlier).
126 Large differences also emerge in the PP trends over the last decades estimated from both the CCI and Oregon

127 State University products (Figure 1B), as well as associated reanalyses (e.g. those of Gregg and Rousseaux, 2019).
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128 These differences are strongly impacted by the choice of historical period and the underlying characteristics of
129 the satellite products (e.g. whether they have data-gaps, or not), but the choice of satellite-based PP model does
130 matter. In a recent comparison (Ryan-Keogh 2025) of six satellite-based primary production models applied to a
131 common satellite product (OC-CCI) and a common period (1998-2023), showed that four of them showed
132 declining trends, while the other two showed an increasing trend. Interestingly, the split is along the lines of
133 whether the models incorporated temperature-dependent production parameters, or not. Ryan-Keogh et al. (2025)
134 also compared satellite products and outputs of several ecosystem models from the Climate Model
135 Intercomparison Project (CMIP-6), and concluded that, in general, the climate models underestimated the

136 decreasing trends seen in many of the satellite-based models.
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139 Figure 1. Global marine PP computed using the satellite-based model of Platt & Sathyendranath (1988) as updated
140 by Sathyendranath ez al. (2020) and Kulk ez al. (2020, 2021) with version 6.0 of Ocean Colour Climate Change
141 Initiative (OC-CCI) data as input (in green), compared with openly available time-series data from four other
142 satellite-based primary production models from the Oregon State University Primary Production website
143 (http://orca.science.oregonstate.edu/-npp_products.php) based on single-sensors (Sea-viewing Wide Field-of-
144 view Sensor (SeaWiFS; 1998-2007), Moderate Resolution Imaging Spectroradiometer Aqua (MODIS-Aqua;
145 2003-present), and Visible Infrared Imaging Radiometer Suite (VIIRS; 2013-present)). The panels show the
146 following: A) Global ocean primary production for the five different satellite-based primary production models
147 for the time period between 1998-2022 (i.e., full data record), for all sensors combined; and B) Trends in primary
148 production for the full ocean colour data record and for subsets of the periods during which specific sensors were
149 operational, with stars indicating significant trends (p < 0.05), for the five satellite-based primary production
150 models. All latitudes were considered, but coverage at higher latitudes (>70°N and S) is typically poor in satellite
151 data.

152

153

154 Differences in marine PP and its trends are not limited to satellite-based products. Earth System Model
155 intercomparisons show even considerably larger uncertainty than the satellite models for the annual NPP estimate

156 during the (recent past) “historical’” period (i.e., 17-83 Pg C y''; Bopp et al. 2013; Doney et al. 2014; Laufkétter
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et al. 2015; Tagliabue ez al. 2021; see Figure 2), whilst showing weak or no trends over the recent historical period
(Kwiatkowski et al., 2020). Ecosystem model uncertainties are even higher in future projections where models
disagree even on the sign of change to the year 2100 under the high emission scenario, although most ecosystem
models project a decline in global PP. While the uncertainty in annual NPP in the recent past has decreased in the
CMIP6 (Coupled Model Intercomparison Project phase 6) ensemble compared with CMIPS5, the uncertainty in
projected PP trends has increased significantly in the CMIP6 ensemble compared with CMIP5 (Kwiatkowski et
al. 2020). In particular, while the ensemble mean in CMIP5 suggested a significant decrease in PP at the global
scale of —8.06% + 4.83% (where the uncertainties are reported as the inter-model standard deviation), the CMIP6
ensemble has a much smaller mean and the standard deviation includes the null hypothesis of no trend (—1.76%
+ 9.01%). Frolicher et al. (2016) have noted that ecosystem model uncertainties (missing/mis-represented
processes, parameter uncertainties) dominated the total uncertainty in the 21%-century projections of PP and their
relative importance with respect to scenario uncertainty doesn’t decrease with projection lead time. Recent studies
have confirmed this, highlighting the role of uncertainty in the representation of key biogeochemical processes,
including diazotrophy (Tagliabue ez al. 2021; Bopp et al., 2022; Doléac et al. 2025), bacterial remineralization
(Kim et al., 2023) and parameter uncertainty (Jones et al. 2024), including in zooplankton grazing rates (Rohr et
al. 2023). Laufkétter et al. (2015) concluded that the projected future changes in marine PP are driven by multiple
processes, including changes in circulation or mixing, leading to a stronger lateral or vertical loss of biomass;
increased aggregation or mortality of phytoplankton; or higher grazing pressure. Laufkétter et al. (2015) also
noted that temperature-dependent functions of PP and loss terms can affect the direction of change of PP from
marine ecosystem models in climate warming scenarios. It should be noted that regional variations in PP are
especially sensitive to how model represents these wide range of processes (Dutkiewicz et al, 2013), and given
the high uncertainty in their model representation, very few of the models agree on the direction of the trend
regionally. Furthermore, global models, with their coarse horizontal resolution, will especially struggle to capture

coastal processes that enhance PP, which makes them also apt to underestimate global PP.
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184  Figure 2. Comparison of NPP from marine ecosystem models in CMIP5 comparison projected to the end of this
185 century under a high emission scenario. A) From Laufkétter et al. (2015) — RCP8.5 (Representative Concentration
186 Pathways 8.5 scenario) with from left to right global values, lower latitudes (30°S-30°N) and Southern Ocean (90-
187 50°S) in Gt C per year (top) and percent (bottom); and B) Global NPP projections from Tagliabue et al. (2021) —
188 SSP5-8.5 (Shared Socio-economic Pathways 8.5 scenario). Note that the magnitude of contemporary annual NPP
189 ranges from less than 20 to more than 80 Pg C y™! in the compilation from Laufk®étter et al. (2015). Both analyses
190 showed negative and positive global trends, though most ecosystem models predict decreasing trends towards the

191 year 2100.
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196 Figure 3. The impact of PP on fisheries. Figure reproduced from Marshak and Link (2021). Individual
197 observations from different coastal regions of the USA are indicated in different colours.

198

199 Several studies have also been carried out to compare estimates from ecosystem models with satellite-based
200 products and in sifu observations, both at global scale (Carr et al., 2006, Steinacher et al. 2010; Bopp et al. 2013;
201 Laufkotter ef al. 2015; Séférian et al. 2020) and at regional scales (Friedrichs et al., 2009, Saba et al., 2010, Lee
202 and Yoo 2016; Doléac et al. 2024). In some cases these comparisons (e.g., between ecosystem and satellite-based
203 models) led to better constrained PP projections, e.g., in the tropics, using an emergent constraint approach
204 (Kwiatkowski et al., 2017). However, it is fair to say that overall these comparisons have not led to convergence
205 of model outputs that would reduce the uncertainty of marine PP estimates. All previous works have highlighted
206 large differences between estimates (e.g., varying from <-60% to >60%; Séférian ez al. 2020), with highly variable
207 spatial patterns (Bopp et al. 2013). Tagliabue et al. (2021) highlighted the need for stronger constraints on NPP
208 using new approaches that include the growing observational coverage from Biogeochemical-Argo (BGC-Argo)
209 floats (Claustre et al. 2020, for an example of this see Arteaga et al., 2022). Such field observations of PP, typically
210 treated as the “truth”, are often compared with model outputs to evaluate model performance. However, this type

211 of comparison is confounded by the errors in the field observations themselves, which can be quite high, as well
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212 as by the differences in the spatial and temporal scales of the in sifu observations and the validated models.
213 Furthermore, technologies such as BGC-Argo do not measure PP directly, but infer it from other variables.

214 Given these challenges both in remote sensing and ecosystem modelling, the IPCC has assigned low
215 confidence to current estimates of marine PP and its trends. The reasons cited include uncertainties in production
216 estimates and projections, the short duration of available time series data used in the analyses, and the lack of
217 independent validation (IPCC 2019; Gulev et al. 2021; Chapter 2 in IPCC AR6, WG 1, 2021). This assessment is
218 of particular concern as it has major implications for ecosystem service provision, mitigation planning, enhancing
219 adaptation and building resilience to climate change (Hewitt et al. 2021). These applications often require regional
220 to local information as PP determines spatial variability in ecosystem services such as fisheries (Marshak and
221 Link 2021; see Figure 3), while uncertainties at these scales are further increased compared to the global estimates
222 (Tagliabue et al. 2021). Both remote sensing and ecosystem models can, in principle, deliver such regional
223 insights, when used with granularity and resolution needed at the appropriate scales. Reducing uncertainty in
224 models, ideally through a coordinated and internally consistent set of simulations, data and knowledge, would
225 then enable us to discuss downstream services under various climate scenarios and associated risks of tipping
226 points (Jones et al. 2024). Such improvements would support climate policy, as well as management decisions
227 pertaining to mitigation and adaptation, at both international and regional levels.

228 We argue here that efforts to reduce uncertainty in estimates and projections of marine PP should include a
229 focus on investigating model structures and parametrisations, with the goal of identifying genuine inter-model
230 differences and reconciling apparent differences. In this review, we examine both the sources of differences
231 between satellite-based and ecosystem models, as well as within these two types of models. We argue that there
232 is strong scientific justification for considering how the current model parameterisations could be improved. An
233 avenue to improvement might be to allow parameters that are currently treated as constants (e.g. the A4; parameters
234 from Table 1), to acquire different values at different spatial locations and times. Although this increases the
235 complexity of functional forms used in PP models, we argue that, at least in the less complex PP models (e.g.
236 within satellite models and ecosystem models used in ESMs for climate projections), there are both, good
237 scientific reasons to expect such parameter variations to be present, and to assume that absence of such variations
238 is responsible for the many apparent differences between the current PP models. Parameter variability might be
239 less important for the more complex models with large numbers of phytoplankton types and/or size-classes, but
240 for those models it is still essential to focus on the best possible ways of optimizing the existing constant
241 parameters. In general, we highlight the importance of correct parameterisations that are valid across multiple
242 spatial and temporal scales, and for multiple phytoplankton types. We also discuss the challenges posed by such
243 PP model parametrisations, argue that this is the right time to rise to those challenges, and propose strategies to
244 overcome them. Finally, we discuss uncertainties in marine PP that persist even when improved model
245 parametrisations are adopted.

246

247 3. Modelling primary production

248 In this section, we assess how marine PP is treated in satellite-based and ecosystem models, identifying inter-
249 model differences.

250 It is useful to consider GPP as the product of a biomass-specific production, say PM, where M is a measure

251 of phytoplankton biomass, multiplied by the biomass itself. In other words:
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252 P=P"xM (1)

253 such that PM carries all the information on the physiological controls on PP, whereas M accounts for the role of
254 varying phytoplankton concentrations. Since phytoplankton are complex organisms, many options exist for
255 defining biomass, including concentrations of the phytoplankton pigment chlorophyll (B), phytoplankton carbon
256 (C) or nitrogen content. The choice of biomass often depends on practical considerations (such as data availability)
257  or by the study objectives (for example, carbon is an obvious choice in models designed to investigate the
258  biologically mediated carbon cycle in the ocean). Models can also be classified according to which measure of
259 biomass they track as the main currency in the ecosystem.

260 Dimensional analysis suggests that, in its simplest form, PM can be represented in a canonical form with two
261 parts: a scale factor BY that carries the same dimensions as PM, and a dimensionless function f; of the scaled
262 irradiance I, available for photosynthesis (Platt and Sathyendranath, 1993), where the scaling factor would be a
263 model parameter with the same dimensions as light. Thus, in such a canonical form, P can be written as:

264 PM =pM x f(1). (2)

265 In this form, BY is not strictly constant, but implicitly accounts for the effects of other environmental variables
266 on primary production, such as temperature (T') and nutrients (N), or of changes in species composition. Such
267 dependencies can be made more explicit (removing 7 and N dependence from P¥), such that Equation (1)
268 becomes:

269 PM = P X F(fr (D), fu(N), £i(1)). ()

270 The function F(f7, fv, f1) can be specified as a simple product f7 X fy X f7 (e.g., Laufkotter et al. 2015; Kishi
271 et al. 2006; Vichy et al. 2007; Yool et al. 2013; Butenschon et al. 2016), representing co-limitation by each
272 variable, or it can follow Liebig’s law of the minimum (e.g., Gregoire et al. 2008; Daewel and Schrum 2013;
273 Radtke ez al. 2019) where the most limiting resource dictates the growth rate. Note that in Equations 2 and 3, the
274 functions f; are dimensionless, and that all the dimensions are carried by the scaling factor P¥. When models
275 resolve multiple phytoplankton groups or species, then Equation (3) is specified for each group, and their
276 contributions are added to get total PP.

277 Table 1 summarises commonly used functions in PP models that represent the modulating roles of
278 temperature, nutrients and light. When more than one nutrient is considered, additional terms have to be included
279 for each nutrient. Thus, models differ depending on how many environmental factors are included in the model,
280 and on the explicit functional forms selected for each modulating function. Ideally, the combined function F would
281 have values within the [0,1] interval; however, this is often not the case for the temperature f;- function (as
282 illustrated in Table 1).

283 In some cases, it is necessary to track multiple measures of phytoplankton biomass within a model. For
284 example, a unit conversion between chlorophyll and carbon might be needed to make the exponent in the light
285 function (f;) dimensionless, or it may be that the model tracks more than one currency. Such a conversion may
286 also be needed to transform modelled phytoplankton carbon fields into chlorophyll fields for comparison with
287 satellite-based chlorophyll products. This is typically achieved using a chlorophyll-to-carbon ratio (6, which
288  varies among phytoplankton and under different environmental conditions and is usually estimated using photo-
289 acclimation models. Commonly used functions in photo-acclimation models are also shown in Table 1. It shows
290 that in those models f; often takes a more general form and may also contain a dependence on temperature 7 and

291 nutrients N.
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Table 1. The different f7, f, f;and 6 functions used across variety of CMIP and operationally used ecosystem
models, as well as satellite models (which however typically do not explicitly use nutrient-limitation function).
The ecosystem models explicitly mentioned are Biogeochemical Model for Hypoxic and Benthic Influenced areas
(BAHMBI, Gregoire and Soetaert (2010)), Biogeochemical Flux Model (BFM, Vichi et al. 2015), ECOSystem
MOdel (ECOSMO, Daewel and Schrum, 2013), European Regional Seas Ecosystem Model (ERSEM,
Butenschon et al. 2016), Hadley Centre Ocean Carbon Cycle (HadOCC, Toterdell, 2013), Model of Ecosystem
Dynamics, Sequestration and Acidification (MEDUSA, Yool ef al. 2013), Marine Ecosystem Model (MEM,
Shigemitsu et al. 2012), North-Pacific Ecosystem Model for Understanding Regional Oceanography (NEMURO,
Kishi et al. 2007), PELAgic biogeochemistry for Global Ocean Simulations (PELAGOS, Vichi et al. 2007),
Pelagic Interactions Scheme for Carbon and Ecosystem Studies (PISCES, Aumont ef al. 2015), Carbon, Ocean
Biogeochemistry and Lower Trophics (COBALT, Stock et al., 2020, 2025), DARWIN model (Ward et al. 2012).
Ph, C and N represent the concentrations of nutrients (such as phosphate, carbon, and nitrogen). A; and D; stand

for the different model parameters. In photoacclimation models 6 is chlorophyll-to-carbon ratio.
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307 In the next two sections, we examine in more detail the variety of ways in which these concepts are implemented
308 in satellite-based and ecosystem models.

309

330 Satellite-based models

311 In satellite-based PP models, daily water-column production is calculated as a function of phytoplankton biomass
312 and light available at the sea surface, obtained from ocean-colour remote-sensing observations, coupled with
313 models of photosynthetic response to light. Since the launch of the first ocean-colour satellite, the Coastal Zone
314  Color Scanner (CZCS) in the 1970s, scientists have developed various satellite-based PP models that can be
315 roughly categorised into three classes: 1) Chlorophyll-based models, 2) Absorption-based models, and 3) Carbon-
316 based models (Figure 4). Each of these models differ from each other according to whether they are implemented
317 aslinear/non-linear, spectral/non-spectral, vertically-uniform/vertically-non-uniform, or as a combination of these
318 (Platt & Sathyendranath 1993; Sathyendranath & Platt 2007). Further bifurcations occur, depending on whether
319  or not the models are depth-integrated (Friedrichs e al. 2009). Most of the satellite-based models do not resolve
320 PP by phytoplankton size classes, or functional types, with some exceptions, such as Uitz et al. (2010), Brewin et
321 al (2016) and Tao et al. (2017).

322 Satellite-based model outputs have been compared against in situ data, both globally and regionally
323 (Friedrichs et al. 2009; Saba et al. 2010, Lee et al. 2015). No clear winners have emerged from these
324 intercomparisons (and perhaps selecting winners was not an objective of the comparisons), and the assignment of
325 model parameters remains one of the biggest sources of uncertainty in estimates of primary production from
326 remote sensing observations (Platt & Sathyendranath 1993; Sathyendranath & Platt 2007, Sathyendranath et al.
327 2009; Kulk et al. 2020, 2021, Brewin ef al., 2023).

328 Interestingly, the types of models described above all converge to the same principles and a common set of
329 parameters (Sathyendranath & Platt 2007; Figure 4). Chlorophyll-based (or available-light or photosynthesis-
330 irradiance) models typically use the parameters of the photosynthesis-irradiance curve, normalised to B, the
331 concentration of chlorophyll-a, i.e., the initial slope (a®) and the assimilation number (P2) of the light saturation
332 curve, and the photoacclimation parameter (I, = PE/a®) derived from the other two (Platt et al. 1980;
333 Sathyendranath and Platt 2007; Figure 4). Absorption-based (which are also called biomass-independent or
334  inherent-optical-property) models use the realised maximum quantum yield (@,,,) and the absorption coefficient
335 of phytoplankton (a,y) (Kiefer & Mitchell 1983, Lee et al. 2015). This model can be shown to be equivalent to
336 the photosynthesis-irradiance models by using the identity @,, = ocB/aph (Platt et al. 1988; Sathyendranath and
337 Platt 2007; Figure 4). The key parameter in carbon-based (or growth) models is the growth rate (g), i.e., the rate
338 of change of carbon per unit time normalised to the initial phytoplankton carbon concentration. The chlorophyll-
339  to-carbon ratio (6) can be used to transform growth models to production models and vice versa (Sathyendranath
340 & Platt 2007; Sathyendranath ez al. 2009). Thus, the different types of satellite-based primary production models
341 are interchangeable through a common set of parameters: the initial slope (a?) and assimilation number (PZ) of
342 the light saturation curve, the mean specific absorption coefficient of phytoplankton (a,;), and the chlorophyll-
343  to-carbon ratio (6) (Sathyendranath and Platt 2007; Sathyendranath et al. 2009). When the light incident at the
344  sea surface exceeds a threshold above which light can damage the photosystems, a photo-inhibition term has to
345 be added to the photosynthesis-irradiance equation (Platt ez al. 1980). This parameter is often not used in satellite-

346 based models; a sensitivity analysis on a photosynthesis-irradiance model (Platt ez al. 1990) showed that
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347 incorporation of realistic values of the photo-inhibition parameter into the model had only small to negligible
348 effect on computed water-column primary production, which lends some justification to why this term is often
349 ignored. But this is a simplification that can be readily dropped, if new evidence suggests that photo-inhibition
350 could be important at large scales.

351 Spectral models of primary production are designed to capture the wavelength-dependent light penetration
352 underwater, and wavelength-dependent photosynthesis (Sathyendranath and Platt, 1989). In fully-spectral models,
353  the action spectrum of photosynthesis (which describes the wavelength-resolved values of the initial slope a®is
354  coupled to the light available at corresponding wavelengths for photosynthesis (Sathyendranath & Platt, 1989;
355 Kyewalyanga et al., 1992), such that the product a®1 that appears in non-spectral models has to be replaced by
356 the wavelength integral [ a®(2)I(1) dA, where A represents the wavelength, and the integral is taken over the
357 photosynthetically active range (400-700 nm). The spectral form of the action spectrum closely resembles that of
358 the phytoplankton absorption spectrum (apn) (Sathyendranath et al. 1989b; Kyewalyanga et al. 1997). Spectral
359 effects are generally considered to be not relevant at saturating light levels. Therefore, if the light available is blue-
360 rich, where action spectrum is maximum, then the coupling between light and photosynthesis would be stronger
361 than if the light were green-rich, where the action spectrum typically goes through a minimum. We know from
362 previous studies that spectral and non-spectral models may differ from each other in a systematic manner
363 (Sathyendranath & Platt 2007), because non-spectral models are not able to account for the covariance (or the
364 lack of it) between spectrally-resolved a? and apn- To some extent, the impact of the spectral effects on water-
365 column primary production could be accommodated into non-spectral models by suitably tuning the parameters
366 of non-spectral models (Platt and Sathyendranath 1991). Typically, therefore, one anticipates systematic
367 differences between spectral and non-spectral models of marine primary production, unless model parameters are

368 adjusted to compensate for the difference.

Links between three basic types of primary production models

Absorption-based models

PE = wmaphlkfr

= Q)ma;hlk (1 - exp(—],«))

Chlorophyll-based models
P8 = Prﬁfl

= PE(1 —exp(-1.))B

Carbon-based models
P = P,.,le,

= BBo(1 - exp(-1))

i

where where where
_ * 1 B
apn = B ayp, I =—, ==,
I c
oE — and «— and
. =B
and _ P2 Pt =PpEg

B_ .
a® = Dpapp-

All three models are interchangeable through four fundamental parameters: BZ, o, ayn, and @

369

370 Figure 4. Phytoplankton absorption-, chlorophyll- and carbon-based primary-production models commonly-used
371 in satellite-based approaches, and the parameter transformations between them. Notations: Primary production
372 (P), light-limitation function (f;), as in Table 1, assimilation number of the saturation-light curve, or the light
373 saturation parameter (PZ), initial slope of the light-saturation curve (a®), mean absorption coefficient of
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374 phytoplankton ( a,p ), chlorophyll-to-carbon ratio ( 6 ), chlorophyll-specific absorption coefficient of
375 phytoplankton (ap,), realised maximum quantum yield of photosynthesis (,,), photoacclimation parameter of
376 the light-saturation curve (I ), phytoplankton biomass in chlorophyll-a units (B), normalised irradiance (I.,),
377 irradiance (I), phytoplankton carbon biomass (C), time (t), and growth rate (g). One of the (f;) functions from
378 Table 1 was selected here for illustrative purposes, but other functions have also been used in the literature. As
379 shown below (Figure 7), numerically, most of the (f;) functions are almost identical to each other, unless photo-
380 inhibition is introduced. Currently, remote-sensing-based primary-production models do not incorporate the
381 photo-inhibition term.

382

383 3.2 Ecosystem models

384 Ecosystem models differ greatly in their complexity, ranging from simple, three-component Nutrient-
385 Phytoplankton-Zooplankton (NPZ) models (Fasham ez al. 1990; Steele and Henderson 1992; Franks, 2002;
386 Gentleman, 2002) to highly complex ones with hundreds of ecosystem components (e.g., Dutkiewicz et al., 2020,
387 Fennel et al. 2022). Some models use a single nutrient (usually nitrogen, or carbon) as the model currency,
388 assuming a fixed stoichiometry (relationship between biogeochemically-important elements), whereas other
389 models allow for dynamically resolved stoichiometry within fy. In this section, we focus primarily (but not
390 exclusively) on marine ecosystem models (here used interchangeably with “*marine biogeochemical models’”)
391 that participate in the Climate Model Intercomparison Project (CMIP) (e.g., Laufkotter et al. 2015; Kwiatkowski
392 et al. 2020), as well as regional ecosystem models that are run operationally by forecasting centres (e.g., Fennel
393 etal. 2019) for regional climate projections. In these models, primary production is usually estimated along the
394 lines of equations 2 and 3, where primary production (P) is calculated by multiplying the phytoplankton biomass
395  (usually carbon) by its reference growth rate g), modulated typically by the three functions, fr, fy and fi.

396 There are also many similarities across the ecosystem models that go beyond the functional form of Equation
397 (2), and a few common approaches can be identified in the equations used to express the functions fr, fy and fj,
398 (Table 1). For instance, fr is typically described through an exponential function (originating from Eppley et al.
399 1971; e.g., see Laufkotter et al. 2015), that might include inhibition at temperatures much higher than those
400 optimal for the species’ growth (e.g., Norberg 2004; Butenschon et al. 2016, Dutkiewicz et al., 2020a), which is
401 based on Q10, a measure of the sensitivity of photosynthesis to temperature. However, most models resolve groups
402 of phytoplankton (e.g. diatoms) rather than individual species, and they do not have temperature inhibition
403 assuming that there is a spectrum of diatoms that have optima across the full temperature range (see e.g. Anderson
404 et al 2020). Furthermore, some models do not have explicit PP temperature dependence at all (e.g., Daewel and
405  Schrum 2013). When multiple nutrients are considered, the fx function is typically formulated to use Liebig’s law
406 of minimum to combine their effects on PP, and is often based either on cell quota of nutrients within the cells
407 (Droop 1974), or on the concentrations of the nutrients in the medium (Michaelis and Menten 1913). In some
408 cases (e.g., Shigemitsu et al. 2012), fy is based on the optimal uptake kinetics (Smith et al. 2009), which allows
409 for parameters in the Michaelis-Menten equation to vary (Table 1). A variety of equations are currently in use to
410  describe the light-dependence function (fi, see Table 1) in ecosystem models, including those from Platt et al.
411  (1980), Steele (1962), and Jassby and Platt (1976), some of which account for the effect of photo-inhibition at
412 high light, whilst others do not. Furthermore, many of the ecosystem models also include photoacclimation, either

413  as part of the fi function, or as an additional term, mostly following the model of Geider et al. (1997,1998).
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414 Other significant differences across ecosystem photosynthesis models include the number of phytoplankton
415 functional types and size-classes represented, the number of limiting nutrients included (and the types of equations
416 selected to represent the role of each nutrient), and the number of wavebands considered in representation of
417  irradiance (the level to which light is spectrally and directionally resolved, e.g., see Platt and Sathyendranath 1991,
418 Dutkiewicz et al. 2015, Gregg & Rousseaux, 2016). Practically all ecosystem models include nitrogen limitation.
419 But iron limitation is also considered important, as is silica limitation, especially in those models that include
420 diatoms as a phytoplankton class. Phosphate limitation becomes important as well, in particular when dealing
421 with nitrogen-fixing organisms. Another fundamental difference lies in the representation of the production and
422 remineralisation of particulate and dissolved organic matter which are included in the models as explicit or implicit
423 processes, affecting the model parametrisations up to the formulation of gross primary production which may or
424  may not include exudation (e.g. Butenschon et al 2016, Vichi et al. 2007, Wu et al. 2021).

425

426 3.3 Comparison of satellite-based and ecosystem models

427 Satellite-based and ecosystem models for estimating ocean PP have some similarities, but also key distinctions
428 (see Figure 5, also IOCCG 2020). Model parameter assignment provides one clear perspective on a difference
429 Dbetween the two types of models. For example, parameters associated with PP models in the satellite-based
430 approach of Platt and Sathyendranath (1988), Kulk et al. (2020) and Sathyendranath et al. (2020) are established
431 from field observations, whereas ecosystem model parameters are typically estimated using information from
432  laboratory experiments conducted under controlled conditions, followed by tuning the model towards the available
433  observations. But here also, the distinction is not total: for example, the carbon-based production model of
434 Behrenfeld et al. (2005) relies on culture measurements to establish growth rate and carbon-to-chlorophyll ratio.
435 The satellite-based models that do not have explicit nutrient and temperature dependencies, inherently contain
436 those dependencies in the model parameter values, which are allowed to vary across biogeographical provinces
437 and seasons (e.g., see Figure 6; for model described by Longhurst ez al. 1995 as updated by Sathyendranath et al.
438 2020 and Kulk er al. 2020, 2021), representing different nutrient and temperature limiting environments.
439  Ecosystem models typically represent the nutrient and temperature limitation explicitly, with different parameters
440 assigned to each plankton group. Another difference in parameterisation is that many ecosystem models use
441 maximum carbon or nitrogen-specific production rate under optimal conditions as a model parameter and carbon
442  ornutrient biomass is then used to estimate primary production (Figure 5). While carbon-based satellite algorithms
443  for primary production are similar to ecosystem models in this respect, other satellite models rely on bio-optical
444  properties such as chlorophyll concentration or phytoplankton absorption coefficient as the state variable. Some
445  ecosystem models also include a photo-inhibition term, to represent the reduction in photosynthesis under high
446 light intensities, whereas satellite-based models typically account only for the saturating response to light without
447  including photoinhibition. Another process linked to photosynthesis, photo-acclimation, is generally addressed by
448 Dboth approaches and though there are differences, variations of the Geider et al. (1997, 1998) models are now
449 common to both satellite-based and ecosystem models.

450 Finally, the ecosystem models are able to compute depth-resolved PP, as is the case for the satellite-based
451 method proposed by Platt and Sathyendranath (1988), whereas some other satellite-based models are designed to
452  yield vertically integrated production (e.g., Behrenfeld and Falkowski 1997).
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Figure 5. Comparison of satellite remote sensing (left) and ecosystem modelling (right) approaches to computing
marine primary production, and where they interact (light blue) through the photo-acclimation model which is
essential to enable comparison between the models. I = Light, N = Nutrient, T=Temperature. It should be noted
that although carbon, or nitrogen, are the most common currency used by the ecosystem models, there are also

ecosystem models which use chlorophyll-a as the currency.

Thus, the differences between satellite-based and ecosystem-based models of primary production are not clear
cut. All satellite-based models are data-rich, in the sense that they are designed to exploit satellite observations,
typically with global coverage and nominal daily repeat frequency. Some use culture data as auxiliary information;
others rely on in situ field observations. Ecosystem models, on the other hand, tend to be data-sparse; even when
operated in data assimilation mode, only a fraction of the modelled ecosystem compartments or fluxes are usually
constrained by assimilation. The constraints imposed by satellite data availability limit the processes and variables
that can be estimated, whereas ecosystem models tend to be rich in outputs they provide.

Platt and Sathyendranath (1997) proposed a hierarchy of primary production models (Figure 7). Almost all
the types of models in this hierarchical classification, with the exception of linear models and purely statistical
models, are represented in PP models under discussion in this paper. With the exception of absorbed-light models
that are in use in satellite-based models, but not in ecosystem models, the different classes of models are common
to both. In this regard, the diversity of models within satellite-based or ecosystem-based approaches is no smaller

than across those two groups of models.
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475 Figure 6. Variability in the photosynthesis-irradiance parameter P2 in the ocean. A) Parameter values from a
476  global in situ dataset (Bouman et al. 2018; Kulk et al. 2020) plotted as a function of temperature. Two commonly-
477  used temperature-dependent equations (Eppley 1972; Behrenfeld and Falkowski 1997) of this parameter are also
478 shown. B) The same data sorted according to ecological provinces of Longhurst (2007) and according to season,
479  with colours representing four different oceanic biomes (Longhurst 2007), showing that some structure and pattern

480 emerge when the data are organised according to oceanic biomes and to a smaller degree seasons.
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482 Figure 7. Hierarchy of primary production models. The models get more complete (and more complex), as we go
483  from left to right, and from the upper to the lower limb of each branch.

484

485

486 4. How similar are the different primary production models?

487 Platt and Sathyendranath (1993) showed that we can anticipate systematic biases between satellite-based models
488 that are structured differently, and we can numerically predict under what conditions the biases will manifest
489 themselves. For example, linear and non-linear models are expected to behave similarly under low-light levels
490 but to diverge as light levels increase. However, they showed that when PP models have similar structures, it is
491 possible to reduce all of them to a common, canonical form, revealing that apparently-different model types
492  (available light models, absorbed light models, chlorophyll-based or carbon-based models) become equivalent
493  when implemented with comparable model parameter values (Platt and Sathyendranath 1993; Sathyendranath and
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Platt 2007; Sathyendranath ez al. 2020). Such comparisons also reveal systematic biases between spectral and
non-spectral models of PP, arising from spectral effects in both underwater light penetration and phytoplankton
light utilisation. It was demonstrated that biases between spectral and non-spectral PP models can be minimised
by tuning the diffuse attenuation coefficient of downwelling irradiance, which determines the rate of change of
available light with depth (Platt and Sathyendranath 1991; Kyewalyanga et al. 1992). Similarly, Kova¢ et al.
(2016a) demonstrated that a locally tuned non-spectral model, with adjusted values of photosynthesis parameters,
can outperform a spectral model, without locally tuned values of photosynthesis parameters. Such comparisons
bring to the fore the importance of parameter assessment, assignment, and evaluation to understand model
performances, uncertainties and divergences, which is at the core of this review.

To illustrate the point, let us focus, for example, on the light function (f;), which takes a wide range of forms
in the literature (see Table 1). Even though the functional forms cannot be analytically transformed into each other
(they are mathematically different), numerically they could still be very close to each other, in the sense that they
can all fit the same observations similarly well when the parameters are chosen appropriately, for the range of
light values commonly encountered at sea (Kovac et al., 2017). These different forms split into two classes: one
that includes photo-inhibition and the other that does not (Amirian et al., 2025). Figure 8 shows that the f; models
without photo-inhibition (Webb ez al. 1974; Jassby and Platt 1976; Smith 1936) are all practically identical to
each other for equivalent parameter values and are therefore basically indistinguishable from each other. It should
also be noted that the Webb ef al. (1974) model is a special case of the Platt et al. (1980) model for the case of
zero photo-inhibition. The fi model that stands out is the one of Steele (1962), which struggles to match the other
fi, models under low light conditions. However, when photo-inhibition is important, the f; model of Platt et al.
(1980) can again nicely coincide with Steele (1962) for a suitable combination of their parameter values. What
we learn from Figure 8 is that a lot of the diversity in fi models is only apparent, as the diversity can be eliminated

via model parametrisation.
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519 Figure 8. Comparing the functional forms of four fi models in different regimes. Since only the functional forms
520 are compared, the x and y axes do not necessarily represent realistic values of irradiance and fi, or alternatively
521 the units in which these variables are expressed are not relevant. The Figure shows the degree to which the five
522 different models can be "tuned” to each other through fitting their parameters in a suitable way. The functional
523  forms for the fi models are introduced in Tab.1, except the model by Webb et al. (1974), which is a special case
524  of Platt et al. (1980) for zero photoinhibition (setting A,, = 0, see Tab.1). However, unlike Tab.1, we include
525 here into the free f; parameters also a multiplicative constant (hence what is plotted here is const x fi), which can
526  be always absorbed into the P¥ parameter of equations (2-3). The different panels A-D show cases of increasing
527 photoinhibition as modelled by the most complex Platt ef a/. (1980) model (A is the lowest, D the highest), with
528 the other models calibrated to best fit the curve corresponding to Platt ef al. (1980). We see that the five models
529 essentially split into two families, each representing well a limiting case of either no photoinhibition (Jassby and
530 Platt 1976, Webb ef al. 1974, Smith 1936), or very high photoinhibition (Steele 1962).

531

532 In general, PP models are designed to represent limitations to phytoplankton growth (whether from light,
533 nutrients or temperature) under different environmental conditions. These models have the potential to be
534 generalised to deal with additional external conditions (which may not be explicitly included in the model) by
535 incorporating spatially and temporally variable parameter values. This flexibility allows models to account for the
536 diversity of plankton and the processes responsible for their dynamics, which are not explicitly represented in
537 current models. Representing the full diversity of planktonic species is not feasible due to lack of understanding
538 and computational demand, which is why models typically rely on the use of plankton classes to represent
539 aggregations of multiple species based on shared characteristics or traits, such as body size, life strategies and
540 behaviours. This approach captures at best the average or most typical behaviour of each class (e.g., Anderson
541 2020; Ratnarajah et al. 2023). When aggregating species according to their physiological and functional traits and
542  behavioural patterns into a pre-defined number of modelled classes, fixed values are assigned to model parameters
543  within each aggregated class. For ecosystem models, many of these parameters have assigned values on the basis
544  of laboratory or mesocosm experiments (Geider et al. 1998; Schartau et al. 2017; Ratnarajah et al. 2023), often
545  focusing on a small number of carefully-selected species, far from capturing the full diversity of organisms or
546 their responses and behaviours that might be expected in the natural environment across large spatio-temporal
547 scales (Geider ef al. 1998; Schartau et al. 2017; Ratnarajah et al. 2023). In contrast, in the natural environment,
548 we can expect parameters to vary in time and space, reflecting both changes in the governing conditions and in
549 the unresolved functional diversity in the makeup of planktonic communities (Schartau et al. 2017). Such
550 parameter variability can be observed in model calibration experiments (e.g., Leeds ef al. 2011; Mattern et al.
551 2012, 2014), including those using data assimilation to estimate model parameters jointly with the model state
552 (e.g., Pastres et al. 2003; Tijputra et al. 2007; Roy et al. 2012; Doron et al. 2013; Simon et al. 2015; Gharamti et
553 al 2017a,b; Skakala et al. 2024).

554 A simple illustration of how parameter variability emerges from aggregating species in classes is provided
555 in Figure 9. Although many models differ in the number of phytoplankton classes they resolve, for each
556 phytoplankton class they typically use the same functional form to describe photosynthesis, with total
557 phytoplankton primary production corresponding to the sum of contributions across all classes. Figure 8

558 demonstrates that models with different numbers of classes become equivalent in their description of total PP,
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provided that the parameters in models with fewer classes are allowed to vary in space and time. In such way,
spatio-temporal parameter variations effectively capture the influence of unresolved diversity in plankton
community structure in models with fewer plankton classes. The spatio-temporal model parameter variations are
then a consequence of models’ inability to sufficiently resolve plankton species, which also means that such
parameter variability is expected to be especially relevant for simpler models (e.g. ecosystem models typically
used in ESMs). We acknowledge that the most complex models currently in use (e.g. DARWIN, see Ward et al.,
2012, Dutkiewicz et al., 2020a) have less reason to adopt spatio-temporally variable parameters, but these models
are typically too computationally expensive to be run as part of ESMs in long-term ensemble-based climate
projections and even as complex as they are, they still represent a fraction of the real-world diversity. On the
other hand, as the models get more complex by incorporating more ecosystem compartments, the challenge shifts

to calibrating large numbers of parameters to describe the functions of each of the model components.
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—— class 2 —— class 2
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Figure 9. A simple illustration of how unresolved phytoplankton community structure can lead to parameter
variability. In both panels, we plot PP expressed as P = P¥. f;(1,). M with functional form f; corresponding to
the Platt ez al. (1980) model (see Tab.1). As in Fig.6, ranges of irradiance, I,, and PP values are chosen arbitrarily,
purely to demonstrate the essential point made in section 2. Four phytoplankton classes are plotted each with
different PX, A;3, A1, parameters. The dark blue dots are obtained by summing up the PP across the four classes
(this corresponds to PP of total phytoplankton) and the dark blue line is the fit of the points with the same
functional form used for the four phytoplankton classes assuming the total phytoplankton concentration is the sum
of the concentrations of the four classes. The two panels show two situations where the same total phytoplankton
concentration is distributed into classes in different ways (the phytoplankton community structure changes). We
can see that if we did not resolve the four classes, we could still use the Platt ez a/. (1980) model (including
photoinhibition) for the total phytoplankton, but P¥,A;3, A4, parameters would vary depending on the

(unresolved) variations of the phytoplankton community structure.

5. A way forward
Together, these considerations suggest that investigating parameter assignment and parameter variability may be
an important route to understand and potentially reduce many of the apparent differences between marine PP

models, and hence in the estimated magnitudes of production. Investigation into the role of parameters should be
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589 followed by a consistent calibration against the same observational data. To estimate spatially and temporally
590 varying parameters in ecosystem models, data assimilation can provide a natural tool for model calibration (e.g.,
591 Tjiputra et al., 2007; Singh et al., 2025). However, introducing spatio-temporally variable (or too many constant)
592  parameters commes with its own challenges. For example, allowing the (often many) model parameters to vary
593  substantially increases model flexibility at the risk of overfitting to observations, particularly if the number of
594 model parameters is large or observational data are insufficient. Overfitting may reduce the model ability in
595 predicting new phenomena, including future climate-driven changes. It is therefore essential that introducing
596 variable parameters takes into account such risks and ensures that reasonable assumptions are made to simplify
597 the parameter calibration task. These assumptions would ensure that model calibration is sufficiently constrained,
598  so that there are sufficient observations per each calibrated model parameter value. For example, only a carefully
599 selected subset of parameters may be calibrated, based on their relevance for primary production (established, for
600 example, through sensitivity analysis, e.g. Ciavatta et al. 2025) and lack of correlations with other model
601 parameters.

602 A key consideration when exploring variable parameters is the spatial and temporal scales at which they
603 might vary. For example, it would be important to establish whether seasonal climatological variability in
604 parameters alone can capture observed patterns, implying that both inter-annual and sub-seasonal variability could
605 be negligible. If so, this would relax the requirement on the volumes of observational data needed for the
606 calibration. Hypotheses about temporal variability scales for model parameters can be tested using long time-
607 series of measurements at specific stations, such as the Bermuda Atlantic Time-series Study and the Hawaii Ocean
608 Time-series, both of which present seasonal cycles in photosynthesis parameters (Kovac et al., 2016b: Kovac et
609 al., 2018). Another key question is whether parameters vary over fine spatial scales or maintain coherence over
610 large scales, such as ocean biomes or Longhurst provinces (Longhurst 2007). Preliminary evidence suggests that,
611 at least for the global-scale applications, ecological provinces according to Longhurst might provide an
612 appropriate template for mapping parameters (see Figure 6B), and that monthly or seasonal time scales might be
613  appropriate for modelling variability in photosynthesis-irradiance parameters (Britten et al. 2025). If province-
614 Dbased approaches emerge as viable candidates, it would be desirable to avoid sharp discontinuities in parameter
615 values at province boundaries, which might require incorporation of smoothing methods to make inter-province
616 changes seamless. Moreover, it is essential that model parameter calibration does not compensate for unrelated
617  spatio-temporally varying model biases, such as those arising from external forcings or other ecosystem model
618 constraints (e.g., boundary conditions). For example, given the importance of underlying physical processes,
619  caution should be applied when calibrating parameters in ecosystem models to reproduce the observed PP because
620 the model simulation could improve, but for the wrong reasons. Singh et al. (2025) illustrate that ecosystem
621 parameters in global ocean biogeochemical models are likely calibrated to compensate for biases in their physics
622 (see also Loptien and Dietze, 2019). To avoid mixing different sources of ecosystem model errors, parameters
623  should be ideally estimated jointly with the model state, e.g., using joint parameter-state data assimilation
624  techniques (Schartau ez al. 2017). Finally, existing knowledge of acceptable ranges of parameter values needs to
625  be incorporated into the calibration process to prevent parameters from acquiring unrealistic values.

626 Since parameter spatio-temporal variability results from poorly resolved species types or ecosystem
627 processes, interesting insights into its scale and patterns can be also obtained by comparing models of different

628 complexity. For example, high complexity models (such as the DARWIN ecosystem model) could be used in
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629 some cases to deduce parameter variability of simpler models, or even possibly help inform spatio-temporally
630 varying parameter calibration of those models. Comparison studies across models of different complexity would
631 be desirable in this case (for some examples see Friedrichs et al., 2007, Xiao and Friedrichs, 2014).

632 It should be noted that even after successfully overcoming the challenges associated with spatio-temporal
633 parameter calibration, significant PP uncertainty is likely to remain in both historical estimates and future
634 projections. For satellite-based models, this uncertainty is mostly driven by inherent observational biases, e.g.,
635 gaps in data due to cloud cover or adverse viewing geometry, or inaccuracies in satellite products associated with
636 bio-optical conditions in water. For ecosystem models, additional sources of uncertainty include the forcing data
637 and the physical model driving biogeochemical processes, e.g., its vertical and horizontal resolution, and its ability
638  to represent currents and mixing responsible for nutrient supply and export of organic material. Further constraints
639 are inherent to ecosystem models themselves. Traditionally, plankton are divided into phototrophic phytoplankton
640 and phagotrophic zooplankton. However, recent research emphasises ubiquitous presence of mixotrophy in the
641 global ocean (Mitra et al. 2023), which not only differs in its physiology and ecological role, but can interact with
642  other types of plankton in complex ways (Flynn and Mitra 2023). Despite certain commonality in their approach
643  to modelling primary production, as discussed above, models differ significantly in their approaches to represent
644  various biogeochemical processes such as grazing and associated fluxes, deposition of organic matter and its
645 remineralisation. For many of those processes (e.g. zooplankton grazing), lack of data, variability and high
646 uncertainty of available data, are a major issue. Focusing on biological ocean carbon storage, Henson et al. (2024)
647 identified key areas where improved understanding of processes is required to support future modelling efforts.
648  For PP, the processes that were ranked highest were: resource limitation for growth, nitrogen fixation, zooplankton
649  processes and phytoplankton loss processes. Current ecosystem models differ considerably in their formulation
650 and parameterisation of these processes, contributing to uncertainties in model outcomes. Moreover, nitrogen-
651 fixation is often not included in these models. Even when these key processes are included, spatial parameter
652  estimation through assimilating observed state variables (such as water column nutrients and oxygen) in ocean
653  biogeochemical models does not necessarily lead to an improved estimate of primary production, suggesting that
654  current ecosystem model parameterizations may still be oversimplified compared to the real world (Singh et al.,
655 2025). The time is right to address the problem of parameter estimation in PP models, both for ecosystem models
656 and satellite-based models. Novel and rapidly expanding observations such as BGC Argo profiles, other types of
657 autonomous data collected by in-water vehicles and also large marine mammals (Chai et al. 2020; Claustre et al.
658 2020) have been providing large volumes of biological and bio-optical data that complements in situ data from
659 long time series stations and could be harnessed for this purpose (Figure 10). Complementary observations from
660 satellite remote sensing, now available over multiple decades and merged into climate-quality, consistent data
661 streams (e.g., Sathyendranath et al. 2019), is another rich data source, along with novel satellite products from
662 emerging capabilities such as geostationary, lidar, cubesat and hyperspectral data. When these are combined with
663 more traditional in situ platforms, including long-term gridded climatology from sources such as World Ocean
664  Atlas (WOA, e.g., Garcia et al.), there is already enough data to support a suitably-constrained spatio-temporally
665  varying parameter calibration. This opportunity is further enhanced by new advances in artificial intelligence and
666 machine learning, giving us an historically unprecedented capability to exploit these large and growing datasets

667 and address long-standing questions about marine PP.
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668 However, crucial to this endeavour would be a clear focus on data quality, and on data validation, following
669 community-wide accepted protocols and reliable uncertainty characterization. Moreover, some regions, such as
670 sea-ice margins, coastal margins, and high latitudes in winter, which are often regions experiencing long-term
671 rapid changes and include some of the most productive areas of the global ocean, also tend to be regions that are
672  difficult to observe, and hence suffer from sparse data coverage. More observations are needed in such locations
673  to understand how model parameters might evolve in the future. Even if constrained spatio-temporally varying
674  calibration is possible in these regions with the available data-sets, the importance of further investing in data

675 quantity and quality cannot be overemphasized.

Trajectories of BGC Argo Floats

4 gl B
i -ﬂ
R ‘

S

676
677 Figure 10. The global in situ data available for model calibration. The boundaries show ecological provinces

678 according to Longhurst (2007). BGC-Argo float trajectories are shown in shades of green, providing sufficiently
679  long time-series (since 2008) for calibration. Orange stars mark in situ time series stations with sufficiently long
680 time-series records that can also be used for model calibration. The red crosses mark provinces without sufficient
681 BGC-Argo data or in situ stations, where the models will need to rely solely on satellite records and compilations
682 of in situ observations, such as the World Ocean Atlas.

683

684 6. Conclusions

685 We have argued that, given the growing abundance of observations from diverse platforms, such as satellites and
686 BGC-Argo, combined with rapidly advancing capabilities in ensemble data assimilation techniques and artificial
687 intelligence, the time has now come to address explicitly the importance of parameter assignment in primary
688  production models, and in exploring the spatial and temporal variability in the parameters. We have theoretically
689 justified why such parameter variability is to be expected both in the satellite-based models (where some models
690 already employ variable parameters albeit in a simple fashion) and ecosystem models (where such assignment is
691  still quite rare), at least unless the models are of very high complexity. In the case of primary production, the
692 number of phytoplankton classes that are included in the model is a key differentiator of the model complexity.
693  Relatively simpler models, such as the ecosystem models used as part of ESMs in climate projections, have limited
694  capability to resolve phytoplankton communities. For such models, spatio-temporally varying parameters could

695 provide a means to account for the unresolved phytoplankton variability and processes.
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696 Spatio-temporally variable parameter calibration can shed light on the sources of differences between lower-
697 medium complexity ecosystem models used in ESMs and satellite-based primary-production models. Since
698  variable parameters can capture, in a simple manner, processes or conditions that are not explicitly included in a
699 model, analysing the drivers of parameter variability could help identify how best to overcome current model
700 drawbacks. Furthermore, providing those models with spatio-temporally varying parameters could remove many
701 apparent differences between models, both potentially reducing the spatial and temporal biases in model parameter
702  calibration and enabling the simpler ecosystem models to represent better the effects of unresolved processes or
703 plankton classes. We argue that this could reduce the existing high uncertainty both in historical estimates and
704 future projections of marine primary production. Due to the importance of primary production for climate
705  research, improving its prediction can have a major impact on both climate mitigation and adaptation planning.

706 In the context of our climate, we need to understand how marine ecosystems in general, and phytoplankton
707 in particular, respond to change. Three types of changes need investigation: changes in (i) phytoplankton biomass
708 (whether they be measured as chlorophyll, carbon or nitrogen concentration, or all of them); (ii) the rates of
709 biological processes, with marine primary production being a key process in the global carbon cycle; and (iii)
710  community structure. The first of these can be addressed using fixed model parameters, but we would not know
711  if the effect of variable parameters could have important impacts, if it were not part of the investigation. The
712 second and third objectives both are intimately linked to parameter variability, with the third one in particular
713 calling for resolution of parameter variability at the level of major components of the phytoplankton community.
714 For many decades, we have relied on comparisons and analyses of (both satellite and ecosystem) model
715  outputs for insights into model performance, and for identifying the way forward. It is now time to shift the
716  emphasis toward understanding the behaviour of model parameters, across models, across multiple phytoplankton
717  types, and across multiple spatial and temporal scales. This focus has the potential to reduce uncertainties, unify
718 divergent model results, and provide a stronger foundation for predicting marine primary production under

719  changing climatic conditions.
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