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Abstract. We introduce and evaluate the regional ocean model MOM6-COBALT-IND12 version 1 coupling the MOM6 ocean

dynamics model to the Carbon, Ocean Biogeochemistry and Lower Trophics (COBALT) biogeochemical model at a horizontal

resolution of 1/12◦. The model covers the northern Indian Ocean (from 8.6◦S to the northern continental boundaries), central

to the livelihoods and economies of countries that comprise about one-third of the world’s population. We demonstrate that

the model effectively captures the key physical and biogeochemical basin-scale features related to seasonal monsoon reversal,5

interannual Indian Ocean Dipole and multi-decadal variability, as well as intraseasonal and fine-scale variability (e.g., eddies

and planetary waves), which are all essential for accurately simulating patterns of coastal upwelling, primary productivity,

temperature, salinity, and oxygen levels. Well represented features include the timing and amplitude of the monsoonal blooms

triggered by summer coastal upwelling and winter mixing, the strong contrast between the high evaporation / high salinity

Arabian Sea and high precipitation / high runoff / low salinity Bay of Bengal, the seasonality of the Great Whirl gyre and coastal10

Kelvin upwelling/downwelling waves, as well as the physical and biogeochemical patterns associated with intraseasonal and

interannual variability. Quantitatively, the model exhibits relatively small biases, as reflected by root mean square error (RMSE)

values in key variables: sea surface temperature (0.25–0.3 ◦C), mixed layer depth (7–8.09 m), sea level anomaly (0.02 m), sea

surface salinity (0.53-0.71 psu), vertical chlorophyll (0.03-0.3 mg m−3), subsurface temperature (0.33 ◦C), and subsurface

salinity (0.07 psu). A major model bias (16 µmol kg−1 of oxygen) is the larger oxygen minimum zone simulated in the Bay of15

Bengal, a common challenge of ocean and Earth system models in this region. This bias was partly mitigated by improving the

representation of the export and burial of organic detritus to the deep ocean (e.g., sinking speed, riverine lithogenic material

inputs that protect organic material and burial fraction), and water-column denitrification (e.g., nitrate-based respiration at

higher oxygen levels) using observational constraints. These results indicate that the regional MOM6-COBALT-IND12 v1.0
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model is well suited for physical and biogeochemical studies on timescales ranging from weeks to decades, in addition to20

supporting marine resource applications and management in the northern Indian Ocean.

1 Introduction

The northern Indian Ocean (from 8.6� S to the northern continental boundaries and 32� E to 114� E) is central to the livelihood

and economy of about one third of the Earth's population which lives in its littoral countries (e.g., India, Indonesia, Pakistan,

Bangladesh, Tanzania, Myanmar, Malaysia, Kenya, and Yemen) and provides valuable resources via the “blue economy”, such25

as �shery, aquaculture, and marine tourism (Roy, 2019). A major challenge to understand and anticipate the response of Indian

Ocean ecosystems is to account for the full range of spatio-temporal variability and human-driven changes that control the

climatic and environmental conditions de�ning the habitat, success and survival of these ecosystems (Phillips et al., 2021;

Pinsky et al., 2013; Deutsch et al., 2015). On seasonal and interannual time-scales, the Indian monsoon and the Indian Ocean

Dipole (IOD) control the ocean circulation and regulate temperature (Schott and McCreary, 2001; Saji et al., 1999; Beal et al.,30

2013), oxygen levels (Resplandy et al., 2012; Vallivattathillam et al., 2017; Pearson et al., 2022; Al Azhar et al., 2017) and

primary productivity (Barber et al., 2001; Gauns et al., 2005; Prakash and Ramesh, 2007; Lévy et al., 2007; Kumar et al., 2010;

Wiggert et al., 2009; Resplandy et al., 2011; Currie et al., 2013; Sarma and Dalabehera, 2019), with implications for the spatial

and temporal distribution of species that are commercially valuable such as tuna, and key to local food security such as small

pelagic �sh (e.g., Jebri et al., 2020; Wang et al., 2023).35

On decadal and multi-decadal timescales, the Indian Ocean has undergone rapid warming, with an increase in sea surface

temperature (SST) by about 1� C since the 1950s (Roxy et al., 2020), a decline in primary productivity (Sunanda et al., 2023;

Sridevi et al., 2023; Gregg and Rousseaux, 2019; Dalpadado et al., 2021), and a signi�cant loss in oxygen in the Arabian Sea

and Bay of Bengal (Banse et al., 2014; Piontkovski and Al-Ou�, 2015; Queste et al., 2018; Rixen et al., 2019a; Naqvi, 2019;

Löscher, 2021; Lachkar et al., 2023) as well as in the water masses supplying oxygen to the Indian Ocean (Helm et al., 2011;40

Ito et al., 2017; Naqvi, 2021; Ditkovsky et al., 2023). Warming, decline in primary productivity, and oxygen loss are projected

to continue in the Indian Ocean unless greenhouse gas emissions are rapidly curtailed (Bopp et al., 2013; Kwiatkowski et al.,

2017, 2020; Roxy et al., 2020; Lachkar et al., 2018, 2019; Lévy et al., 2022; Ditkovsky et al., 2023; Sharma et al., 2023).

Warming is also expected to weaken the monsoon despite a potential increase in extreme rainfall events (e.g., Sooraj et al.,

2015; Singh et al., 2019; Roxy et al., 2020). This could modify the supply of freshwater and nutrients to coastal waters,45

and increase the frequency of extreme positive IOD events (Roxy et al., 2020; Cai et al., 2021), which are known to induce

weather extremes (Cai et al., 2021), promote primary productivity in the eastern tropical Indian Ocean (e.g., Wiggert et al.,

2009; Currie et al., 2013) and lead to low coastal oxygen levels (coastal hypoxia) in the eastern Bay of Bengal (Pearson et al.,

2022). Projections from Coupled Model Intercomparison Project (CMIP) models suggest substantial shifts in net primary

production and sharp declines in pH in the coming decades, highlighting the northern Indian Ocean's particular vulnerability50

to climate change (Sunanda et al., 2021, 2023). Observations indicate that these changes have already impacted ecosystems

in the Indian Ocean. For instance, do Rosário Gomes et al. (2008) found that the dominant phytoplankton group during the
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winter bloom in the Arabian Sea shifted from diatom to dino�agellate in recent decades in response to warming and oxygen

loss, with potentially large implications for the functioning of this ecosystem. In coastal areas, the effect of natural variability

associated with the seasonal monsoon and interannual IOD combines with global warming and anthropogenic activities (waste55

waters, urbanization, fertilizers etc.) leading to coastal hypoxic events and in extreme cases to massive mortality events with

implications for coastal �sheries and aquaculture (low oxygen levels, Naqvi et al., 2009; Naqvi, 2021, 2022; Pearson et al.,

2022).

Models are powerful tools for exploring the Indian Ocean's response to climate variability and anthropogenic changes,

identifying the processes at play, and assessing the impacts on biogeochemistry and ecosystems (e.g., Sengupta et al., 2001;60

Rahaman et al., 2014; Lachkar et al., 2018, 2019; Resplandy et al., 2011, 2012; Schmidt et al., 2021; Ditkovsky et al., 2023;

Sunanda et al., 2024). Yet, global ocean and Earth system models are plagued by strong biases in the circulation and biogeo-

chemical dynamics in the Indian Ocean (Séférian et al., 2020; Rixen et al., 2020; Li et al., 2016). In particular, global models

tend to misrepresent the circulation that regulates the exchanges between the Indian Ocean and the Paci�c Ocean (i.e., the

Indonesian through�ow), the over�ows from marginal seas (Red Sea and Persian Gulf; Lachkar et al., 2019; Schmidt et al.,65

2021; Ditkovsky et al., 2023), as well as the mesoscale features (eddies and �laments) key to the ocean circulation, biological

production, and the supply of nutrients and oxygen in the Indian Ocean (e.g., Wirth et al., 2002; Resplandy et al., 2011, 2012;

Nuncio and Kumar, 2012; Vic et al., 2014; Lachkar et al., 2016; Greaser et al., 2020; Vinayachandran et al., 2021). These

shortcomings of global models strongly limit our ability to evaluate the biogeochemical and ecosystem response to climate

variability and change. It is with these applications in mind that we con�gured, customised and validated the regional Indian70

Ocean simulation based on the Modular Ocean Model 6 (MOM6, Adcroft et al., 2019) coupled with the Carbon, Ocean,

Biogeochemistry, and Lower Trophics module version 2.0 (COBALTv2, Stock et al., 2014, 2020). The model con�guration,

called MOM6-COBALT-IND12 version 1 (or MOM6-COBALT-IND12 v1.0), covers the northern Indian Ocean at a horizontal

resolution of 1/12� and is designed for physical-biogeochemical studies as well as applications to ecosystems, marine resources

and management (Figure 1).75

In the following sections, we �rst present the model physical and biogeochemical con�guration (section 2) and the data and

metrics used to assess the model (section 3). We then evaluate key monsoon-driven seasonal patterns (section 4), ocean interior

ventilation and oxygen minimum zones (OMZs) distribution (section 5), as well as intraseasonal and interannual variability

(sections 6 and 7) simulated in the model. Finally, we discuss the main strengths and limitations of the model con�guration

(section 8).80

2 Regional Indian Ocean con�guration

In this section, we describe the regional model con�guration MOM6-COBALT-IND12 v1.0 (called MOM6-COBALT-IND12

in the following), which couples an physical ocean model with a biogeochemical module.
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2.1 Physical ocean model con�guration

The Indian Ocean regional model is based on the Geophysical Fluid Dynamics Laboratory (GFDL) ocean-ice model MOM685

(Adcroft et al., 2019). In the horizontal, the model uses an Arakawa C-grid (Arakawa and Lamb, 1977). The regional con-

�guration MOM6-COBALT-IND12 covers the Arabian Sea and Bay of Bengal and extends to the equatorial Indian Ocean

ending south of Java with one open boundary (32� E to 114� E and 8.6� S to 30.3� N; Figure 1). The horizontal resolution is

1/12� (486� 984 tracer points on the horizontal), with the horizontal grid spacing varying from 9.2 km at the equator to 7.3

km at 30� N. This resolution resolves the �rst baroclinic radius of deformation with at least 2 grid points and is smaller than the90

third baroclinic radius of deformation (R3 � 13 km) everywhere in the domain except in the Persian Gulf and on the coastal

shelf along the eastern Arabian Sea (Chelton et al., 1998; Hallberg, 2013). MOM6-COBALT-IND12 is therefore considered an

`eddy resolving' model for the region with a rectilinear and orthogonal grid (32� E to 114� E and 8.6� S to 30.3� N).

In the vertical, the model includes a 75-layer hybrid z*-isopycnal coordinate system with a z* layers near the surface (about 2

m thick in the upper 20 m in the tropical Indian Ocean) and modi�ed potential density layers below (identical to the hybrid z*-95

isopycnal coordinate developed in Adcroft et al., 2019, see Figure 2). The model bathymetry was generated using the General

Bathymetric Chart of the Oceans version 2020 (GEBCO; Weatherall et al., 2015) by averaging the GEBCO bathymetry

(provided at a resolution of 15 arcsec) over each grid cell. The depths of the channel connecting the Red Sea bottom waters and

the Arabian Sea (region in 12.5-14.2� N, 42.375-43.375� E) are set to 220 m to allow the out�ow. The shallowest bathymetry in

the model is 4 m. The model is integrated in time using a split explicit method (Runge-Kutta second-order scheme; Hallberg100

and Adcroft, 2009). The baroclinic time-step is 600 seconds and the thermodynamic and biogeochemical time-step are 1800

seconds (Table 1). Using an 18-node setup with 40 cores per node, which distributes the 486 x 984 model grid across available

processing units, the model can run one year of simulation in about 16 hours of wall clock time (this includes the output of

extensive diagnostics).

The con�guration of subgrid-scale parameterizations used in MOM6-COBALT-IND12 are based on that of the GFDL Ocean105

Model version 4 (OM4; Adcroft et al., 2019). We use a background kinematic viscosity and a background diapycnal diffusivity

of 1:5� 10� 5 m2 s� 1 (Table 1). As in OM4, viscosity beyond background levels is evaluated as the maximum of a Smagorinsky

and resolution-dependent biharmonic viscosity (Grif�es and Hallberg, 2000). Additional mixing is represented by planetary

boundary layer mixing (Reichl and Hallberg, 2018; Reichl and Li, 2019), shear mixing (Jackson et al., 2008), and mixed-

layer restrati�cation due to submesoscale processes (Fox-Kemper et al., 2011). MOM6-COBALT-IND12 also includes bottom110

boundary layer mixing as in OM4, but the mixing ef�ciency parameter of this scheme is lowered from 0.2 in OM4 to 0.01

following Ross et al. (2023). The model explicitly resolves barotropic tidal forcing (see next section) and low-mode internal

tides are well resolved at 1/12� resolution; however, we parameterize the local dissipation of high-mode internal tides according

to topographic roughness data (St. Laurent et al., 2002; Polzin, 2009). See Table 1 for a list of con�guration parameters.
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Table 1.Major parameters and associated values used in the physical ocean (MOM6) component of the model

Parameter Value Reference

Vertical coordinate 75 layer hybrid z*-isopycnal Adcroft et al. (2019)

Baroclinic time step 600 s

Thermodynamic and BGC time step 1800 s

Planetary boundary layer parameterization ePBL Reichl and Hallberg (2018)

Submesoscale eddy front length 500 m Fox-Kemper et al. (2011)

Biharmonic viscosity Maximum of Smagorinsky and

resolution-dependent viscosities Grif�es and Hallberg (2000)

Smagorinsky coef�cient 0.06

Resolution-dependent 0.01� 3
x m4s� 1 Adcroft et al. (2019)

Bottom boundary layer mixing ef�ciency 0.01 Legg et al. (2006)

Background kinematic viscosity 1:5 � 10� 5 m2s� 1

Background diapycnal diffusivity 1:5 � 10� 5 m2s� 1

Boundary Conditions

Sea level and barotropic velocities Flather scheme Flather (1976)

Baroclinic velocities Radiation scheme and nudging Orlanski (1976) and

(3-day in�ow and 360-day out�ow) Marchesiello et al. (2001)

Temperature and salinity Reservoirs with 9 km length scale Ross et al. (2023)

Biogeochemical tracers Reservoirs with 9 km out�ow length scale

and 300 km in�ow length scale

Tidal SAL coef�cient 0.094 Irazoqui Apecechea et al. (2017)

Stepanov and Hughes (2004); Barton et al. (2022)

Opacity Scheme 3-band with chlorophyll (Manizza, 2005)

Piston velocity for SSS relaxation 0.1667 m d� 1 Adcroft et al. (2019)

2.2 Physical ocean model forcing115

2.2.1 Initial state, spin-up and atmospheric forcing

The ocean model was initialized using temperature and salinity from annual mean �elds from the World Ocean Atlas version

2013 (WOA13; Locarnini et al., 2014; Zweng et al., 2014). Our simulations were run using the atmospheric forcing from the

1/4� horizontal resolution European Center for Medium-range Weather Forecasts reanalysis 5th generation (ERA5) at 1-hour

frequency (Hersbach et al., 2020). In the ocean model, air–sea heat �uxes were computed using the bulk algorithm of Large120

and Yeager (2004), which requires atmospheric input variables referenced at 10 m. As the ERA5 forcing provides near-surface
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Figure 1. Domain and bathymetry of the regional Indian Ocean MOM6-COBALT-IND12. Pink shading indicates the extent of sponge layers

(see Section 2.2.2). Major rivers are indicated in red. Socotra Island and the Bab-el-Mandeb Strait are labeled on the map.

temperature and humidity at 2 m, these variables were vertically adjusted to 10 m following the procedure recommended by

Large and Yeager (2004), ensuring consistency with the algorithm's assumptions. The sea surface salinity (SSS) was restored

to the polar science center hydrographic climatology (PHC2.1), which is based on the World Ocean Atlas 98 with data replen-

ishment in the Arctic Ocean (Steele et al., 2001), with a piston velocity of 0.1667 m d� 1. We conducted a 32-year spin-up,125

consisting of four consecutive 8-year loops of the 1980 to 1987 forcing �eld, and reached a well-equilibrated state with min-

imal linear trends of physical and biogeochemical variables (e.g., drift in SST, SSS, oxygen, nitrate, primary production and

ocean surface partial pressure of carbon dioxidepCO2 < � 0.1% for spin-up years 17-32). Using outputs from the end of the

spinup simulation as initial conditions, the hindcast simulation was started on 1 January 1980 and was run from 1980 to 2020

for our analysis in this study.130

2.2.2 Open boundary conditions and tidal forcing

Open boundary conditions (OBC) are set using the Flather formulation for the tidal and sub-tidal sea level and barotropic

velocity and the Orlanski formulation for the baroclinic velocity (Flather, 1976; Orlanski, 1976). In addition, we nudge the

boundary values towards external forcing with a strong 3-day time-scale for baroclinic normal and tangential velocities en-
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Figure 2. West-east cross-section of the Arabian Sea at 15� N showing the structure of the isopycnal vertical coordinate (contours) overlain

with potential temperature (colors) in September 2005 (a) over the full column and (b) over the top 500 m. The z* layers in the upper ocean

are not shown. The coordinate follows the pattern of the wind-driven upwelling along the coast of Yemen in the west, and the coastal Kelvin

wave-driven upwelling along the Indian coast in the east.

tering the model and a weak 360-day time-scale for outgoing velocities (Marchesiello et al., 2001). The boundary value for135

temperature and salinity are set using a reservoir in which the properties are evolving based on contributions from an in�ow

(properties outside of the domain set by an boundary forcing �le) and out�ow (properties simulated inside the model domain)

�uxes. Similarly to Ross et al. (2023), the in�ow and out�ow length scales are set to 9 km (about 1-10 day time-scale for veloci-

ties of 10� 1 cm s� 1) for temperature and salinity (i.e., in�ow and out�ow have an equal contribution to the boundary reservoir).

The model includes a sponge layer over 15 grid points at the southern open boundary, nudging the model to time-varying Ocean140

Reanalysis System 5 (ORAS5) temperature and salinity with a time-scale increasing from 12 days at the boundary to 174 days

at the 15th grid point. The model also includes two sponge layers at the closed boundaries of the Malacca and Sunda Straits

with a nudging to the climatological WOA18 data. For the Malacca Strait, temperature and salinity are nudged over 15 grid

points with a time-scale increasing from 12 days at the strait outlet to 174 days toward the Indian Ocean. In the Sunda Strait,

the nudging is over 21 grid points and the time-scale increases from 12 days at the outlet to 336 days toward the Indian Ocean.145

Ten tidal components (i.e., M2, S2, N2, K2, K1, O1, P1, Q1, Mm, and Mf) interpolated from the inversion of TOPEX/-

POSEIDON crossover data TPX09 (Egbert and Erofeeva, 2002) are used to generate surface elevation and velocity forcing at

the open boundary. Tidal potential forcing from the same ten components is included in the barotropic momentum equations

throughout the domain, and the effects of self-attraction and loading are represented using the scalar approximation (Accad
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and Pekeris, 1978) with a coef�cient of 0.094. Sub-tidal velocities, temperature and salinity at the southern open boundary are150

from the monthly ORAS5 (Zuo et al., 2019).

2.2.3 River freshwater discharge

Freshwater discharge from rivers was prescribed using the gridded daily Global Flood Awareness System (GloFAS) reanalysis

version 4.0, as described by Grimaldi et al. (2022) and Harrigan et al. (2023). To map the river discharge data onto the MOM6-

COBALT-IND12 grid, we used the GloFAS local drainage direction map to identify outlet points adjacent to the coast, as well155

as any chains of outlet points connected to these coastal outlets, see details in Burek et al. (2013). The stream�ow at these outlet

points was introduced at the surface of the nearest model coastal ocean grid cell. To ensure the riverine freshwater �ux is mixed

into the water column, an extra input of turbulent kinetic energy extending down to a depth of 10 meters was included at the

discharge points (Tseng et al., 2016). By comparing GloFAS to published discharge observations (Jian et al., 2009; Siswanto

et al., 2023), we found that GloFAS overestimated discharge in the Ganges-Brahmaputra river system, and therefore scaled160

down the freshwater discharge by 25% to match observations in these two rivers (see Appendix Figure A1; Jian et al., 2009;

Siswanto et al., 2023). Additionally, we found that GloFAS underestimated runoff in the Irrawaddy-Sittang river system. To

correct for this bias, we applied a linear regression-based correction (see Appendix Figure A1) between the original GloFAS

discharge and discharge data from the Global Runoff Data Centre (GRDC; Recknagel et al., 2023) for the Irrawaddy-Sittang

regions. Finally, we manually removed discharge in the model sponge layers of the Sunda Strait and Malacca Strait.165

2.3 Biogeochemical model con�guration and changes speci�c to Indian Ocean

The physical ocean model is coupled to the COBALT v2 (Stock et al., 2014, 2020). COBALTv2 represents 33 tracers including

nutrients (nitrate, phosphate, silicate, and iron), three phytoplankton groups (small, large, diazotrophs), three zooplankton

groups (small, medium, large), three dissolved organic carbon pools (labile, semi-refractory and refractory), one particulate

detritus pool, oxygen, and carbonate system.170

Several parameters of the standard COBALTv2 model from Stock et al. (2020) were modi�ed to match observational con-

straints and characteristics of the Indian Ocean and improve model biases, including a bias in the extent and volume of the

OMZ in the Bay of Bengal.

– Detritus sinking velocity was increased from 100 to 120 m d� 1, based onin-situ sediment trap observations indicating

sinking speeds up to 160-280 m d� 1 in the Indian Ocean (Rixen et al., 2019b).175

– The burial fraction was increased (the equivalent half-saturation in the denominator of Equation 3 from Dunne et al.,

2007, was reduced from 7 to 1 mmolC m� 2 d� 1) . This increased the burial of particulate organic carbon from 0.013

PgC y� 1 to 0.026 PgC y� 1 in the tropical Indian Ocean, in better agreement with the burial of 0.028 PgC y� 1 found in

the observation-based reconstruction of LaRowe et al. (2020).
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– The oxygen half-saturation for nitri�cation (knit;O 2 in Stock et al., 2020) was reduced from 3.9 to 2.0� mol O2 kg� 1,180

based on recent observations indicating a lower oxygen threshold for ammonium oxidation in the OMZs (Bristow et al.,

2016; Peng et al., 2016; Frey et al., 2023).

– The oxygen constraint on water column denitri�cation was modi�ed fromO2;min =(kO2 + O2;min ) when O2 < 0.8� mol

kg� 1 (see Appendix A3 in Stock et al., 2020) toO2=(kO2+ O2) whenO2 < 4.0� mol kg� 1, in line with �ndings that the

oxygen threshold below which denitri�cation starts is typically between 4 and 5� mol kg� 1 (Paulmier and Ruiz-Pino,185

2009).

2.4 Biogeochemical model forcing

2.4.1 Initial state, open boundary conditions and model drift

For the model spin-up, nutrients (nitrate, phosphate, and silicate) and oxygen were initialized using annual means from the

World Ocean Atlas 2018 (WOA18; Garcia et al., 2019). Dissolved inorganic carbon (DIC) and alkalinity were initialized190

using annual means from the Global Ocean Data Analysis Project version 2 (GLODAPv2), which are representative of year

2002 (Olsen et al., 2016). Other biogeochemical tracers were initialized with very low seed values of 10� 10. This initial value

has a negligible impact on the solution as most of these remaining tracers have turnover time-scales much shorter than the

32-year spin-up duration (e.g., typically of a few days for phytoplankton), except semi-refractory dissolved organic matter

(decay time-scale of 10 years). Atmospheric CO2 forcing was taken from the global carbon budget project (Friedlingstein195

et al., 2022). Biogeochemical boundary values are prescribed from WOA18 monthly climatologies for nitrate, phosphate,

silicate, and oxygen. For DIC and alkalinity boundary values, annual mean �elds were estimated using the Empirical Seawater

Property Estimation Routines (ESPER) MATLAB code (Carter et al., 2021), based on annual mean temperature and salinity

from ORAS5. The OBC for biogeochemical tracers is set using the reservoir scheme (see section 2.2), with an out�ow length

scale of 9 km but an increased in�ow length scale of 300 km, giving more weight to the solution within the model domain.200

This decoupling between contributions from the in�ow and out�ow limits the in�uence of the boundary external forcing on

the model domain, speci�cally when the �elds at the boundaries are poorly constrained such as for biogeochemical tracers.

Model drift after the 32-year spin-up and over the 41 years of a hindcast simulation with constant forcing is small, with linear

trends< 0.05% for oxygen, nitrate, DIC, alkalinity, semi-refractory dissolved organic nitrogen pools and integrated primary

productivity (Appendix Figure A2). The slight drift indicates that the hindcast simulation starts from a well-equilibrated initial205

state provided by the spin-up simulation.

2.4.2 Atmospheric deposition

The model is forced with monthly atmospheric deposition of nitrogen (wet and dry deposition of nitrate and ammonium),

iron, phosphorus, and lithogenic dust derived from the archived GFDL Earth system model version 4.1 (ESM4.1) historical
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simulation1 (1980–2014) and Shared Socioeconomic Pathways 5-8.5 (SSP5-8.5) scenario2 (2014–2020; Stock et al., 2020;210

Horowitz et al., 2020; Paulot et al., 2020). ESM4.1 includes interactive modules for anthropogenic and natural (e.g., biomass

burning, lightning) reactive nitrogen emissions, photochemical reactions, removal of nitrogen by wet and dry deposition, as

well as a land-atmosphere-ocean cycling of dust and ocean ammonia outgassing (Paulot et al., 2020; Horowitz et al., 2020).

Interannual variability in ESM4.1 is not in phase with observed variability (as for any coupled Earth system model). For dry

and wet deposition of oxidized and reduced nitrogen, we therefore used a 15-year moving by month average (e.g., January 2000215

is an average of all Januaries between years 1993 and 2007) that retain the seasonality and the decadal anthropogenic increase

in deposition but removed the interannual variability (see Appendix Figure A3). For iron, phosphorus and lithogenic material

deposition, we used monthly mean climatologies over the 1950-2022 period (ESM4.1 does not include the effects of fossil

fuel burning etc. that would yield a signi�cant long term trend in these �elds, although it would include the smaller impact of

long-term wetting / drying, wind and/or precipitation trends that we ignore here). Iron and dry lithogenic dust depositions are220

from ESM4.1 outputs. Phosphorus deposition was evaluated using the ESM4.1 climatology in dry lithogenic dust deposition,

assuming a phosphorus content of 563 ppm in dust, of which 22% is bioavailable (see Herbert et al., 2018; Ross et al., 2023).

See details about the in�uence of atmospheric deposition in this model in Malsang et al. (2024).

2.4.3 River biogeochemical inputs

The riverine �uxes of dissolved and particulate nutrients (nitrogen and phosphorus) are derived from the annual mean loads225

of inorganic and organic nitrogen and phosphorus from the Global Nutrient Export from WaterSheds2 (GlobalNEWS2), ref-

erenced to the year 2000 (Mayorga et al., 2010). We include riverine inputs of dissolved inorganic nitrogen (DIN), dissolved

inorganic phosphorus (DIP), dissolved organic nitrogen (DON), dissolved organic phosphorus (DOP), and bio-available partic-

ulate organic nitrogen (PON). We do not include bio-available particulate organic phosphorus (POP) as the river input of DIP

is already likely too high in GlobalNEWS2 (Jiao et al., 2023). DON and DOP are distributed among different dissolved organic230

pools, with 30% allocated to the labile pool, 35% to the semi-labile pool, and 35% to the semi-refractory pool (Wiegner et al.,

2006). The riverine PON is assumed 100% bio-available.

The riverine input of iron is set at a value of 70 nmol kg� 1 based on Raiswell and Can�eld (2012). In the Bay of Bengal

(78� E-103� E) region, the riverine DIN concentration is reduced by 80% based on coastal nitrate data collected by Krishna

et al. (2016). This adjustment is supported by Zhou et al. (2022) and Jiao et al. (2023), which compared several global nutrient235

transport models highlighting that GlobalNEWS2 tended to overestimate total nitrogen riverine inputs. The riverine �ux of

DIN in the Arabian Sea and the �ux of other nutrients in both the Arabian Sea and Bay of Bengal are kept equal to the original

values from GlobalNEWS2. The riverine inputs of DIC (0.32 mol m� 3) and alkalinity (0.42 mol equivalents of alkalinity m� 3)

are assigned constant concentrations, consistent with those used in the GFDL-ESM4.1 Earth system model (Stock et al., 2020).

To re�ect spatial differences in sediment supply, we specify riverine lithogenic concentrations based on observational data240

from Milliman and Farnsworth (2011). The lithogenic input from rivers was adjusted to 200 g m� 3 for major rivers (i.e., rivers

1https://www.wdc-climate.de/ui/cmip6?input=CMIP6.CMIP.NOAA-GFDL.GFDL-ESM4.historical
2https://www.wdc-climate.de/ui/cmip6?input=CMIP6.ScenarioMIP.NOAA-GFDL.GFDL-ESM4.ssp585
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with sediment loads exceeding 10 Mt y� 1, e.g., Godavari, Krishna, Ganges, Brahmaputra, Irrawaddy, Sittang, Salween, Indus,

Tapti and Narmada rivers; see Figure 1 for rivers location) and 20 g m� 3 for all other rivers, rather than applying a global

constant of 13 g m� 3 used for all rivers as in Stock et al. (2020). These adjustments account for the signi�cantly higher total

suspended sediment loads in these rivers (Milliman and Farnsworth, 2011; Rixen et al., 2019b), and are supported by river245

observations from Milliman and Farnsworth (2011) showing a broad range from 10 g m� 3 (Muvattupuzha River) to 1,061 g

m� 3 (Ganges River). In the model, this higher lithogenic �ux protects more particulate organic matter from remineralization,

thereby increasing organic carbon export to the deep ocean and reducing oxygen consumption in the subsurface. This is in

line with observations that underscore the signi�cant role of lithogenic matter in reducing organic matter remineralization and

accelerating carbon export in the northern Indian Ocean (Rixen et al., 2019b).250

These concentrations of nutrients, DIC, alkalinity, lithogenic and organic material (constant in time) are incorporated using

the GloFAS freshwater inputs and by assigning them to the nearest neighboring river mouths, with larger rivers given priority

over smaller ones. Nutrient loads vary in accordance with changes in river discharges, and the baseline con�guration presented

in this study does not account for the �uctuations and trends in observed nutrient concentrations during the 1980-2020 model

simulation period.255

3 Methods for assessing model spatial and temporal variability

3.1 Physical and biogeochemical datasets

We used satellite andin-situ observations to assess modeled physical and biogeochemical basin-scale patterns as well as

seasonal, interannual and intraseasonal variability. See Table 2 for a list of all datasets and their references.

For the basin-scale evaluation of physical �elds, we used Argo gridded temperature (Roemmich and Gilson, 2009), temper-260

ature and salinity from the WOA18 (Garcia et al., 2019), satellite-based SST from the Optimum Interpolation SST (OISST)

version 2.1 (Banzon et al., 2016), sea surface height (SSH) and sea level anomaly from AVISO and distributed by the Coperni-

cus Marine and Environment Monitoring Service (CMEMS; http://www.marine.copernicus.eu), the mixed layer depth (MLD)

climatology from De Boyer Montégut et al. (2004; updated in November 2008; https://mld.ifremer.fr/Surface_Mixed_Layer_

Depth.php) and ocean surface currents from the OSCAR drifter database (ESR, 2009). In addition, we used data from the Re-265

search Moored Array for African-Asian-Australian Monsoon Analysis and Prediction (RAMA), speci�cally from two moor-

ings capturing the east-west contrast in the basin at 57� E, 4� S and 95� E, 5� S (data downloaded from the Paci�c Marine

Environmental Laboratory NOAA website; McPhaden et al., 2009), and observations from water mass properties at the Red

Sea out�ow from So�anos et al. (2002).

For the basin-scale biogeochemical model evaluation, we used oxygen concentrations from WOA18 (Garcia et al., 2019)270

and from Bianchi et al. (2012), surface chlorophyll data from the European Space Agency ocean color climate change ini-

tiative (OC-CCI version 5.0; Sathyendranath et al., 2019), vertical chlorophyll data from bio-Argo (Wong et al., 2020), and

integrated primary productivity from the satellite-based Carbon-based Production Model (CbPM) algorithm, the Carbon, Ab-

sorption, and Fluorescence Euphotic-resolving (CAFE) algorithm, the Vertically Generalized Production Model (Standard-
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Figure 3. Sea surface temperature (SST) during (a-c) winter (December-February) and (d-f) summer (June-August) monsoons. Panels (a,d)

show OISST observations, (b,e) show MOM6-COBALT-IND12 model and (c,f) show differences between model and observations. Corre-

lation coef�cients r, RMSE and bias between the observed and model seasonal means are indicated. See details on observations in Table 2.

Model results are averaged over the 1980-2020 period.

VGPM) algorithm and its alternative formulation (Eppley-VGPM), all accessed via the Ocean Productivity website (http:275

//sites.science.oregonstate.edu/ocean.productivity/index.php). In addition, we usedin-situ observations compiled from a lit-

erature review including 24 studies and 351 stations (see Table 2 for references). River inputs and particulate organic and

lithogenic matter in the model were evaluated using river discharge from the Global Runoff Data Center (GRDC; Recknagel

et al., 2023).

3.2 Analysis and evaluation metrics280

We evaluated the amplitude of intraseasonal variability (ISV) using SSH temporal variability as a proxy for mesoscale eddies

and planetary waves (Rossby and Kelvin waves; e.g., Cheng et al., 2013). Observed and simulated SSH were detrended using

a linear regression and �ltered using a 14-120 days band pass �lter to remove the seasonal cycle, interannual variability and

long-term trend, and only retain the intraseasonal timescales. The Dipole Mode Index (DMI) used to evaluate IOD phases was
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calculated as the SST anomalous gradient between the western equatorial Indian Ocean (50� E-70� E and 10� S-10� N) and the285

southeastern equatorial Indian Ocean (90� E-110� E and 10� S-0� N, Saji et al., 1999). Finally, we used three metrics throughout

the study to compare model results and observations: the Pearson correlation coef�cient (r) which measures the correlation

between observations and model in time (for time-series) or in space (for maps), the root mean square error (RMSE, i.e.,

quadratic mean of model minus observations) which measures the model accuracy compared to observations, and the bias (i.e.,

model minus observations) which indicates if the model underestimates or overestimates the observed �elds. For the validation290

of climatological annual and seasonal means, model outputs are averaged over the period 1980–2020. Observation-based data

products are treated based on their availability: if the dataset provides climatological means (annual or seasonal), we use the

provided values directly. If not, we compute climatological means over the available time span of the observational dataset (

see time span in Table 2).

4 Monsoon-driven seasonality295

4.1 Sea surface temperature as an indicator of seasonal dynamics

Patterns of SST in the northern Indian Ocean follow the well described basin-scale features associated with the monsoon

reversal (e.g., Schott and McCreary, 2001). MOM6-COBALT-IND12 captures seasonal SST patterns well, notably the contrast

between the vast warm pool (SST> 28� C) that extends over most of the basin and the regions with colder SSTs that develop

in response to seasonal variations in atmospheric and oceanic circulation (Figure 3). During the winter monsoon, the model300

simulates the relatively cold water (SST< 26� C) associated with evaporative cooling in the northern Bay of Bengal, and a

combination of evaporative cooling and convective mixing (MLD of 40-60 m) in the northern Arabian Sea (Figures 3a-c and

4a-c). During the summer monsoon, the model simulates the colder summer SSTs observed in wind-driven upwelling regions

along the western boundary coasts (e.g., Oman, Yemen, Somalia, Kenya and Tanzania where SST< 26� C), and in the weaker

upwelling controlled by Kelvin wave propagation along the southwestern Indian coast (SST� 27� C; Figure 3d-f; see details305

on wave propagation in section 4.3). At the basin scale, modeled SST patterns shows strong agreement with observed patterns,

characterized by a high correlation coef�cient (r> 0.97), low RMSE (0.25-0.3� C), and small biases (regional mean SST bias of

-0.06� C in winter and -0.01� C in summer for the 1980-2020 period). We note that the good agreement between observed and

modeled SST is in part attributable to the strong in�uence of the prescribed observation-driven atmospheric surface boundary

forcing that controls air-sea heat �uxes in the model (e.g., temperature, wind; see section 2). In addition, a comparison between310

ERA5 and Cross-Calibrated Multi-Platform (CCMP) wind products demonstrates that ERA5 wind forcing effectively captures

the seasonal cycle and spatial distribution of the summer and winter monsoons (Appendix Figure A4).

The model captures the seasonal contrast in MLD between the Arabian Sea and the Bay of Bengal, with deeper mixed layers

in the Arabian Sea and shallower layers in the Bay of Bengal during both winter and summer (Figure 4). The MLD is generally

deeper in summer than in winter. The spatial patterns, including the locations of local MLD maxima, are broadly consistent with315

observational data. Quantitatively, the basin-wide correlation values are similar between the two seasons, although the RMSE

is larger in summer (8.09 m) than in winter (7.00 m). One possible contributor to the larger summer bias is the enhanced
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Table 2.Observational products used to evaluate MOM6-COBALT-IND12

Parameter Sampling frequency Reference dataset

Sea surface temperature monthly optimum OISSTv2.1 includes satellites, ships, buoys, Argo �oats

interpolation (1982-2020) (Banzon et al., 2016)

Mixed-layer depth monthly climatology De Boyer Montégut et al. (2004) - updated Nov. 2008

Surface currents 5-day averaged monthly OSCAR drifter database (ESR, 2009)

Sea level anomaly daily satellite-based Copernicus (Lopez, 2018)

Ocean temperature and salinity monthly climatologies World Ocean Atlas 2018 (WOA18, Garcia et al., 2019)

in-situ pro�les World Ocean Database 2018 (WOD18, Boyer et al., 2018)

in-situ pro�les RAMA moorings (McPhaden et al., 2009)

Wind speed monthly satellite CCMP (Mears et al., 2022)

in-situ RAMA moorings (McPhaden et al., 2009)

Red Sea Out�ow properties in-situ sampling (1995-1996) So�anos et al. (2002)

Oxygen concentration monthly climatologies WOA18 (Garcia et al., 2019) and Bianchi et al. (2012)

Surface chlorophyll monthly climatology OC-CCI v5.0 (Sathyendranath et al., 2019)

River Discharge daily/annual mean Global Runoff Data Center (GRDC, Recknagel et al., 2023)

Jian et al. (2009), Krishna et al. (2016)

Riverine lithogenic �ux in-situ sampling Milliman and Farnsworth (2011)

Marine lithogenic/organic �ux in-situ sampling Rixen et al. (2019b)

Net primary productivity monthly satellite-based CbPM (Westberry et al., 2008), CAFE (Silsbe et al., 2016),

standard-VGPM, Eppley-VGPM

(Behrenfeld and Falkowski, 1997)

in-situ sampling Saxena et al. (2023); Marra et al. (2021); Sarma et al. (2020)

(351 stations) Löscher et al. (2020); Sarma and Dalabehera (2019)

Ahmed et al. (2017); Gandhi et al. (2010, 2011)

Kumar et al. (2010); Naqvi et al. (2010); Prakash et al. (2008)

Prasanna Kumar et al. (2007a, b); Naqvi et al. (2006)

Gauns et al. (2005); Kumar et al. (2004)

Barber et al. (2001); Watts and Owens (1999); Watts et al. (1999)

Savidge and Gilpin (1999); McCarthy et al. (1999)

Veldhuis et al. (1997); Devassy et al. (1983)

Bhattathiri et al. (1980); Radhakrishna (1978)

wind forcing during the monsoon season (see Figure A4), which intensi�es turbulent mixing and deepens the mixed layer. At

the same time, the MOM6 model includes the mixed layer eddy (MLE) parameterization of Fox-Kemper et al. (2011), which
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Figure 4. Seasonal mean mixed layer depth (MLD) and surface currents during a-c) winter (December-February) and d-f) summer (June-

August) monsoons. Panels (a,d) show observations, (b,e) show MOM6-COBALT-IND12 model and (c,f) show differences between model

and observations. Correlation coef�cients r, RMSE and bias between the observed and model seasonal MLD means are indicated. Observa-

tions are an update of De Boyer Montégut et al. (2004) for MLD and the OSCAR drifters database for surface currents (see Table 2). Model

results are averaged over the 1980-2020 period.

represents restrati�cation driven by baroclinic eddies within the mixed layer. This restrati�cation process may also be more320

active in summer, potentially leading to an overcorrection that offsets vertical mixing too strongly. The interaction between

intensi�ed wind-driven mixing and enhanced restrati�cation may thus contribute to the larger MLD bias observed in summer

compared to winter.

4.2 Seasonal reversal of upper ocean circulation

MOM6-COBALT-IND12 reproduces the observed seasonal reversal of the main current systems, as con�rmed by comparison325

with the updated OSCAR drifters database (arrows on Figure 4). In the Equatorial band, these seasonal changes include the

shift from an eastward transport by the Northeast Monsoon Current (Equator to 10� N) and westward transport by the South

Equatorial Countercurrent (5� S to Equator) in winter, to a mostly westward transport by the the Southwest Monsoon Current
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in summer (Equator to 10� N, Figure 4). MOM6-COBALT-IND12 also simulates the summer strengthening and reversal of the

western boundary Somali Current system and its extension northward along the Arabian Peninsula (Figure 4). In the following,330

we compare the simulated and observed seasonal evolution of this western boundary system, with a focus on the characteristics

that are most relevant to the biogeochemical response, and refer the reader to prior work for a more in-depth description of its

dynamics (e.g., Schott and McCreary, 2001; Wirth et al., 2002; Brandt et al., 2003; Sengupta et al., 2001; Beal and Donohue,

2013; Beal et al., 2013; Vic et al., 2014; Wang et al., 2018).

Figure 5 compares the simulated and observed seasonal evolution of the western boundary system. MOM6-COBALT-IND12335

simulates relatively well the observed climatological evolution of the Somali Current. Before the summer monsoon (April),

the Somali Current is relatively weak and �ows northward along the western boundary, crossing the Equator in both obser-

vations and model. At the onset of the summer monsoon (June), the Somali Current intensi�es, and separates at around 4� N

into a northward alongshore current and an eastward �ow that loops back across the equator and feeds the South Equatorial

Countercurrent, a feature also known as the Southern Gyre (Beal et al., 2013). Simultaneously, a quasi-stationary anticyclonic340

mesoscale gyre called the Great Whirl develops at about 10� N (Figure 5). As the southwest monsoon progresses (August),

the Great Whirl intensi�es, becoming one of the largest and most energetic coherent vortices in the world ocean. A smaller

anticyclonic mesoscale eddy, the Socotra Eddy, also develops east of Socotra Island at this time (Figure 5). The structure of the

Great Whirl at its peak is relatively similar in the model and shipboard and mooring observations, with an horizontal footprint

of � 500 km, a vertical extent of� 1000 m, meridional currents of about 1 m s� 1 at the surface and 0.1 m s� 1 at 1000 m depth345

(Figures 5 and 6 and observations reported in Schott and McCreary, 2001; Beal and Donohue, 2013). Finally, during the fall

intermonsoon (October), the gyre system decays, and by the winter monsoon (December), the surface signature of the Great

Whirl and Socotra Eddy are not visible (Figure 5).

4.3 Coastal upwelling and downwelling

Patterns in sea level anomaly can be used as a proxy for coastal seasonal upwelling (negative anomalies) and downwelling350

(positive anomalies) motions (Figure 7a-d). In summer, the model reproduces the amplitude and patterns of wind-driven up-

welling along the western Arabian Sea (e.g., Oman, Yemen and Somalia), and western Bay of Bengal (eastern India) coasts

(Figure 7b,d; correlation coef�cient r = 0.91; RMSE = 0.02 m). We note that the latter upwelling has little in�uence on SST

in both observations and models (Figure 3) due to the strong near-surface strati�cation imposed by high freshwater inputs in

the Bay of Bengal, and hence the strong atmospheric control on SST in this region (e.g., Shetye et al., 1991; Shenoi et al.,355

2002). In winter, SLA patterns largely mirror summertime patterns due to the reversal of the winds and ocean circulation, with

downwelling motions (positive SLA) that develop along the western Arabian Sea coasts and the western Bay of Bengal (Figure

7a-d). This pattern is also well captured by the model (Figure 7a,c; correlation coef�cient r = 0.93; RMSE = 0.02 m).

Wind-driven upwelling and downwelling are strongly modulated by the seasonal propagation of coastal Kelvin waves around

the rim of the northern Indian Ocean (e.g., McCreary et al., 1993; Yang et al., 1998; Nienhaus et al., 2012; Vinayachandran360

et al., 2021). We examine the evolution of these coastal waves following changes in SLA along the Equatorial and coastal

wave guides using the review and description provided in Pearson et al. (2022). Modeled coastal SLA patterns remarkably
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Figure 5. Climatological evolution of the western boundary Somali Current system showing SST (colors) and surface currents (vectors) in

observation-based products (a-e) and MOM6-COBALT-IND12 (f-j). Observation-based products are from OISSTv2.1 satellite for SST and

the OSCAR drifters database for surface currents (see Table 2). Correlation coef�cients r, RMSE and bias between the observed and modeled

SST means are indicated.

capture the timing and amplitude of the observed patterns, starting with the equatorial upwelling Kelvin waves triggered by

wind changes in the summer and winter monsoons (arrows for waves I and II), and the equatorial downwelling Kelvin waves
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