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Abstract. We introduce and evaluate the regional ocean model MOM6-COBALT-IND12 version 1 coupling the MOMG6 ocean
dynamics model to the Carbon, Ocean Biogeochemistry and Lower Trophics (COBALT) biogeochemical model at a hori-
zontal resolution of 1/12°. The model covers the northern Indian Ocean (nerth-ef-8from 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 sea-
sonal monsoon reversal, 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 evapo-
ration / high salinity Arabian Sea and high precipitation / high runoff / low salinity Bay of Bengal, the seasonality of the Great
Whirl gyre and coastal Kelvin upwelling/downwelling waves, as well as the physical and biogeochemical patterns associated
uantitatively, the model exhibits relatively small biases, as reflected by root
in key variables: sea surface temperature (0.25-0.3 °C), mixed layer depth (7-8.09 m), sea
, sea surface salinity (0.53-0.71 psu), vertical chlorophyll (0.03-0.3 mg m—3

0.33 °C), and subsurface salinity (0.07 psu). A major model bias (16 gmol kg~' of oxygen) is the larger oxygen minimum

zone simulated in the Bay of Bengal, a common challenge of ocean and Earth system models in this region. This bias was

with intraseasonal and interannual variability.

mean square error (RMSE) values

level anomal subsurface temperature

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
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MOM®6-COBALT-IND12 v1.0 model is well suited for physical and biogeochemical studies on timescales ranging from weeks
to decades, in addition to supporting marine resource applications and management in the northern Indian Ocean.

1 Introduction

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 (I0OD) control the ocean circulation anc
regulate temperature (Schott and McCreary, 2001; Saji et al., 1999; Beal et al., 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 implicatiefisr the spatial and temporal distribution of species that

are commercially valuable such as tuna, and key to local food security such as small sélegish (e.g., Jebrietal., 2020;

Wang et al., 2023).

temperatur¢hatinereasedSST)by about 1C 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; Loscher, 2021; Lachkar et al., 2023) as well as in the water masses supplying oxygen to the Indian Ocean (Helm
et al.,, 2011; Ito et al., 2017; Naqvi, 2021; Ditkovsky et al., 2023). Warming, decline in primary productmiyoxygen

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.

coastal waters, 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
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in the Indian Ocean. For instance, do Rosario Gomes et al. (2008) found that the dominant phytoplankton group during the
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 (waste
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, Nagvi et al., 2009; Naqvi, 2021, 2022; Pearson et al.,
2022).

ecosystemée-g- - = .
(e.g...Sengupta et al., 2001; Rahaman et al., 2014; Lachkar et al., 2018, 2019; Resplandy et al., 2011, 2012; Schmidt et al., 2C

UL1O, Y L ooy ct;, £Y PR 3

. Yet, global ocean and Earth system models are plagued by strong biases in the circulation and biogeochemical dynamics ir
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 ¢ Ocdhalfigonesian through ow), the

over ows from marginal seaRed-Sea-and-Persian-GulfLachkar et-al;-2019; Sehmidtetal; 2021, Ditkevsky-etaH{REIP Sea anc
, 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 mod-

els strongly limit our ability to evaluate the biogeochemical and ecosystem response to climate variability and change. It is

tion presentedcherebased on the Modular Ocean Model 6 (MOM®6, 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 MOMG6-COBALT-IND12 version 1 (or MOM6-COBALT-IND12 v1.0), covers the northern Indian Ocean at a horizontal

ecosystems, marine resources and management (Figure 1).
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 interi

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

(section 8).

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
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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-iddedede]

horizontal grid spacing varying from 9.2 km at the equator to 7.3 km aN3This resolution resolves the rst baroclinic

radius of deformation with at least 2 grid points and is smaller than the third baroclinic radius of deforrrationR3

gion in 12.5-14.2N, 42.375-43.375E) 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 methigdnge-Kutta-second-order-Hallbergand-Aderoft2009)
(R

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

10 S m?s ! (Table 1). As in OM4, viscosity beyond back-

ground 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

data (St. Laurent et al., 2002; Polzin, 2009). See Table 1 for a list of con guration parameters.



Table 1. Major parameters and associated values used in the physical ocean (MOMG6) component of the model

Parameter

Value

Reference

Vertical coordinate
Baroclinic time step
Thermodynamic and BGC time step

75 layer hybrid z*-isopycnal
600 s
1800 s

Planetary boundary layer parameterization ePBL

Submesoscale eddy front length
Biharmonic viscosity

Smagorinsky coef cient

Resolution-dependent
Bottom boundary layer mixing ef ciency
Background kinematic viscosity
Background diapycnal diffusivity
Boundary Conditions

Sea level and barotropic velocities

Baroclinic velocities

Temperature and salinity
Biogeochemical tracers

Tidal SAL coef cient

Opacity Scheme

Piston velocity for SSS relaxation

500 m
Maximum of Smagorinsky and
resolution-dependent viscosities
0.06
0.0fm*s !
0.01
15 10 °m?s !
15 10 °m?s !

Flather scheme
Radiation scheme and nudging
(3-day in ow and 360-day out ow)
Reservoirs with 9 km length scale
Reservoirs with 9 km out ow length scale
and 300 km in ow length scale
0.094

Adcroft et al. (2019)

Reichl and Hallberg (2018)
Fox-Kemper et al. (2011)

Grif es and Hallberg (2000)

Adcroft et al. (2019)
Legg et al. (2006)

FlatherR—(197djlather (1976)
Orlanski (1976) and
Marchesiello et al. (2001)

Ross et al. (2023)

Irazoqui Apecechea et al. (2017)

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

3-band with chlorophyll
0.1667 m'd

(Manizza, 2005)
Adcroft et al. (2019)

120 2.2 Physical ocean model forcing

2.2.1 Initial state, spin-up and atmospheric forcing

125




Figure 1. Domain and bathymetry of the regional Indian Ocean MOM6-COBALT-IND12. Pink shading indicates the extent of sponge layers
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Figure 2. West-east cross-section of the Arabian Sea aN1showing the structure of the isopycnal vertical coordinate (contours) overlain
with potential temperature (colors) in September 2005 (a) over the full colum(baogter 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

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 veloc-
ity and the Orlanski formulation for the baroclinic velocifylatherR-1976:-Orlanski; 194E) ,.1976; Orlanski, 1976).

(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 velocities of 16m s 1) for temperature and salinity-e(i.e.,in ow and out ow
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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

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 a
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
and Pekeris, 1978) with a coef cient of 0.094. Sub-tidal velocities, temperature and safigipeundaryconditionsat the

(GloFAS) reanalysis version 4.0, as described by Grimaldi et al. (2022) and Harrigan et al. (2028y~Toap the river
discharge datavith-onto the MOM6-COBALT-IND12 grid, we used the GIoFAS local drainage direction map to identify
outlet points adjacent to the coast, as well as any chains of outlet points connected to these coastal outlets, see details i
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 GIoFAS to
published discharge observations (Jian et al., 2009; Siswanto et al., 2023), we found that GIoFAS overestimated discharge in the
Ganges-Brahmaputra river system, and therefore scaled down the freshwater discharge by 25% to match observations in thes
two rivers{seeAppendixFigureAl)(see Appendix Figure Al; Jian et al., 2009; Siswanto et al., 2023). Additionally, we found

the Irrawaddy-Sittang regions. Finally, we manually removed discharge in the model sponge layers of the Sunda Strait and

Malacca Strait.

2.3 Biogeochemical model con guration and changes speci ¢ to Indian Ocean

ticulate detritus pool, oxygen, and carbonate system.

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

volume of thesxygenminimumzeneOMZ in the Bay of Bengal.
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— Detritus sinking velocity was increased from 100 to 120 n},cbased onn-situ sediment trap observations indicating
sinking speeds up to 160-280 mHin the Indian Ocean (Rixen et al., 2019b).

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

0.013 PgC y! to 0.026 PgC y* in the tropical Indian Ocean, in better agreement with the burial of 0.028 P4C y
found in the observation-based reconstruction of LaRowe et al. (2020).

— The oxygen half-saturation for nitri catiorkgi.o » in Stock et al., 2020) was reduced from 3.9 to 2rflol O, kg ?,
based on recent observations indicating a lower oxygen threshold for ammonium oxidationeiy/¢fes-minimum

— The oxygen constraint on water column denitri cation was modi ed frf@min =(ko2+ O2:min ) When G <0.8 mol
kg ! (see Appendix A3in Stock et al., 2020)@=(ko>+ O,) whenO, < 4.0 mol kg !, inline with ndings that the
oxygen threshold below which denitri cation starts is typically between 4 anandl kg * (Paulmier and Ruiz-Pino,
2009).

2.4 Biogeochemical model forcing

2.4.1 Initial state, open boundary conditions and model drift

2 (GLODAPV2), which are

phytoplankton), except semi-refractory dissolved organic matter (decay time-scale of 10 years). AtmosphiiciG®was
taken from the global carbon budget project (Friedlingstein et al., 2022). Biogeoché&mBi€akrefrommenthlyelimatologies

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. This decoupling between contributions from the in ow and out ow limits the in uence @b

with constant forcing is small, with linear trends0.05% for oxygen, nitrate, DIC, alkalinity, semi-refractory dissolved organic
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2.4.2 Atmospheric deposition

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

(: _
pogenic and natural (e.g., biomass burning, lightning) reactive nitrogen emissions, photochemical reactions, removal of ni-
trogen by wet and dry deposition, as well as a land-atmosphere-ocean cycling of dust and ocean ammonia outgassing (Paulc
et al., 2020; Horowitz et al., 2020). Interannual variability in ESM4.1 is not in phase with observed variability (as for any cou-
pled 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 2000 is an average of all Januaries between years 1993 and 2007) that retain the seasonall

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 are 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 loads
of inorganic and organic nitrogen and phosphorus from the Global Nutrient Export from WaterSheds2 (GlobaINEWS?2), 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 GlobaINEWS2 (Jiao et al., 2023). DON and DOP are distributed among different dissolved organic
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 Rgbased 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

Ihttps:/iwvww.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

10
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et al. (2016). This adjustment is supported by Zhou et al. (2022) and Jiao et al. (2023), which compared several global nutrient
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¥1;-and alkalinity (0.42 mol equivalents of alkalinity

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

W|th sediment loads exceeding 10 Mtﬁ/, e.g., Godavari, Krishna, Ganges, Brahmaputra, Irrawaddy, Sittang, Salween, Indus,
Tapti and Narmada rivers see Figure 1 for rivers location) and 20 g ffor all other rivers, rather than applying a global
constant of 13 g m® used for all riversasin 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 river
observations from Milliman and Farnsworth (2011) showing a broad range from 10°dMuvattupuzha 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 ir
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).

These concentrations of nutrients, DIC, alkalinity, lithogenic and organic material (constant in time) are incorporated using
the GIoFAS 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 presentec
in this study does not account for the uctuations and trends in observed nutrient concentrations during the 1980-2020 model
simulation period.

3 Methods for assessing model spatial and temporal variability

3.1 Physical and biogeochemical datasets

We used satellite anih-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 @fe-physical elds, we used Argo gridded temperature (Roemmich and Gilson, 2009),

Layer_Depth.ph_pand ocean surface currents from the OSCAR drifter database (ESR, 2009). In addition, we used data from the

11
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§how OISSTeptimuminterpelationfrom-observations, (b,gg)wow MOMG6-COBALT-IND12 model and (C!Qhovydifferences between model
and observations. Correlation coef cients r, RMSE and bias between the observed and model seasonal means are indicated. See details c

observations in Table 2. Model results are averaged over the 1980-2020 period.

Research Moored Array for African-Asian-Australian Monsoon Analysis and Prediction (RAN®), speci cally from two
moorings capturing the east-west contrast in the basin &,2VS and 95E, 5 S{data-dewnloaded-from-the-Paci-c- Marine-Environme
(
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 {#@&il8H-E-etal,2019)
cia et al., 2019) and from Bianchi et al. (204:2}, surface chlorophyll data from the European Space Agency ocean color

Carbon-based Production Model (CbPM) algorithm, the Carbon, Absorption, and Fluorescence Euphotic-resolving (CAFE)
algorithm, the Vertically Generalized Production Model (Standard-VGPM) algorithm and its alternative formulation (Eppley-
VGPM), all accessed via the Ocean Productivity website (http://sites.science.oregonstate.edu/ocean.productivity/index.php).

12
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In addition, we usedh-situ observations compiled from a literature 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 CentéERBE,—Recknageletal-204@RDC; Recknagel et al., 2023).

3.2 Analysis and evaluation metrics

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

and planetary wavegRessby-and-Kelvin-waves;e.¢--Cheng-etat; 2[R

Observed and simulated SSH were detrended using a linear regression and Itered using a 14-120 days band pass lIter to

elvin waves; e.g., Cheng et al., 2013).

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 calculated as the SST anomalous gradient between the western equatoric
Indian Ocean (5(E-70 E and 10S-10 N) and the southeastern equatorial Indian OceanE2DL0 E and 10S-0 N, Saji

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, gaadratic 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 o

4 Monsoon-driven seasonality
4.1 Sea surface temperature as an indicator of seasonal dynamics

Patterns obeasurfacetemperaturdSST)-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

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 wke2é £3,Tand in the weaker
upwelling controlled by Kelvin wave propagation along the southwestern Indian coast (8BT;; Figure 3d-f; see details

13



Table 2. Observational products used to evaluate MOM6-COBALT-IND12

Parameter Sampling frequency Reference dataset
Sea surface temperature monthly optimum OISSTikcludes 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 Wold Ocean Atlas@0®B18-GareiaH-E—etal;261gWOALS, Garcia et al.
in-situ pro les Wold 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 WOAIBareia-H-E—etal201Garcia 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) Léscher 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); Nagvi 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)

with observed patterfiserrelationeeeteient, characterizety a high correlationcoef cient (r> 0.97),andmedelSSThiases
aresmattlow RMSE

14
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summer for the 1980-2020 period). We note that the good agreement between observed and modeled SST is in part attributabl

rsummerbias is the enhanced

, ascon rmed by comparisorwith. the updated OSCAR drifters database (arrows on Figure 4). In the Equatorial band, these

also simulates the summer strengthening and reversal of the western boundary Somali Current system and its extension nortt
ward along the Arabian Peninsula (Figure 4). In the following, we compare the simulated and observed seasonal evolution
of this western boundary systémausing,
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
etal., 2018).

Figure 5 compares the simulated and observed seasonal evolution of the western boundary system. MOM6-COBALT-IND12

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 bounctagsing the Equator in both obser-
vations and model. At the onset of the summer monsoon (June), the Somali Current intensi es, and separates atNaround 4
into a northward alongshore current and an eastward ow that loops back across the equator and feeds the South Equatoria

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

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

mesoscale gyre called the Great Whirl develops at aboutl 1Bigure 5). As the southwest monsoon progresses (August),
the Great Whirl intensi es, becoming one of the largest and most energetic coherent vortices in the wordvogedhird

. A smaller anticyclonic mesoscale eddy, the Socotra Edidyydevelops east of Socotra Islaatithis 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'sat the surface and 0.1

m s ! at 1000 m depttFi e, 2013)
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Figure 5. Climatological evolution of the western boundary Somali Current system showing SST (colors) and surface currents (vectors) in
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Figure 6. West-east depth section of meridional velocities across the Great Wi(al) idune andb) September 1995 ithe MOM6-

Positive velocities are northward.

4.3 Coastal upwelling and downwelling

Patterns in sea level anomalgtA)}-can be used as a proxy for coastal seasonal upwelling (negative anomalies) and down-
welling (positive anomalies) motions (Figure 7a-d). In summer, the model reproduces the amplitude and patterns of wind-driven
upwelling along the western Arabian Sea (e.g., Oman, Yemen and Somalia), and western Bay of Bengal (eastern India) coast:
(Figure 7b,é 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.,
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-7agrelation 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; Vinayachandran
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
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 | and Il), and the equatorial downwelling Kelvin waves
triggered during the spring and fall intermonsoons (arrows for waves Ill and IV on Figure 7e-f). These successive wave trains
travel east and then counter-clockwise around the Bay of Bengal and the Arabian Sea. The model also captures the summe
upwelling and winter downwelling waves excited in the northwestern Bay of Bengal (arrow for waves V and VI) and at the

18



Figure 7. Coastal upwelling/downwelling inferred from sea level anomalies (Shn) from satellite observations ardMOM6-COBALT-

IND12: (a-d) January and July climatological maps (1993-2020 data and model averggdovmiiller of seasonal SLA (1993-2020 data

and model average, aifg-j) Hovmdller interannual SLA (seasonal cycle removed) for positive 10D (g,i) and negative 10D (h,j) composites.

In panels e-j, the x-axis follows the equatorial and coastal wave guides (red line in inset) starting at the equator (EQ), counterclockwise
around the eastern and western Bay of Bengal (EBoB/WBo0B) and around the eastern and western Arabian Sea (EAS/WAS). Upwelling
(negative SLA) and downwelling (positive SLA) are indicated by circles when wind-driven and by arrows when wave-driven (approximate
wave speed of 2.4 m/s consistent with theoretical rst baroclinic mode Kelvin wavesnan numerals used in text). Unhatched/hatched

regions indicate where the |IOD anomaly reinforces/opposes the seasonal signal. Satellite SLA is from Copernicus (see Table 2).
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tip of India (arrows for waves VIl and VIII), reinforcing the wind-driven summer upwelling and winter downwelling (dashed
circles) that develop in the western Bay of Bengal and eastern Arabian Sea (Figure 7e-f). See further details in Pearson et al
(2022) and references herein.

4.4 Sea surface salinity and river plumes

of Bengal is lowest during the dry winter monsoon and spring intermonsoon, and peaks during the summer monsoon and early
fall intermonsoon, with discharges up to 1.50° m® s ! in the Ganges-Brahmaputra river system and @@ m® s *in the
Irrawaddy-Sittang river systems for which we have observed time-series (Figure 8g-h). The runoff product used to force the
model reproduces the seasonality of the Ganges-Brahmaputra and the Irrawaddy-Sittang river systems (GloFAS was modi ed

plumes are con ned to the river mouths in late spring when runoff is lowest (April), and extend 200 to 500 km offshore in
summer when runoff peaks (August), before being stretched out alongshore in the northern and western Bay of Bengal by
horizontal transport in fall and winter (DecembpgFigure 8c). The seasonality of SSS and the impact of river discharge are

the range of salinity observed on the shelf at the river mouth (Figure 8a-f).
4.5 Seasonal plankton bloom dynamics

The northern Indian Ocean is characterized by two blooming seasons associated with the summer and winter monsoons that ca

be identi ed from surface chlorophyfChl>0.5-mg-m-3, Figure 9-a-e-e.g- Léwy-etak-20Q0Chl> 0.5.mg.m 3; Figure 9a-e; e.g., Léw

. In the Arabian Sea, MOM6-COBALT-IND12 simulates the winter bloom (Figure 9a-c), which develops in response to
nutrient supply by convective mixingrixee-ayerdepthsMLD of 40-80 m-; Figure 4) and eddy vertical turbulent trans-

port (Resplandy et al., 2011); it also simulates the summer bloom (Figure 9d-f) associated with the western and eastern
Arabian Sea coastal upwelling systems (Oman, Yemen, Somalia, southwest, Iseiéasection 4.3) and a combination of

horizontal and vertical eddy turbulent transport that supplifrientnutrientsto the central Arabian Sea (Resplandy et al.,

2011). In the Bay of Bengakurfacechlerophyllis-generallylewerandpresenta-weakseasenaliyin-beth-observationsne

20



420

Figure 8. Seasonality in sea surface salinity (SSS) and river discharge: (a-f) Climatological SSS in April, August and December in the
satellite SMAPv4 product and MOM6-COBALT-IND12 (2015-2019 period for both). White contour delimits waters with SSS <31 psu
(g-i) Water discharge from observations andhe modi ed GIoFAS runoff product used to force MOM6-COBALT-IND1@) time-series

of the Ganges-Brahmaputra river systgh),time-series of the Irrawaddy-Sittang river system @hseasonal climatology for both systems

over the period. See Table 2 for data source. A comparison of modi ed GIoFAS to the raw GloFAS product is presented in Appendix Figure

Al.

chlorophyll levels and attenuatingtheir seasonabariability (Sarma and Aswanikumar, 199The modelalso simulatesthe
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productoffshere-of-western boundary currents (along Somalia, Kenya, Tanzanid,Oman) and in the southern Bay of
Bengal where it-simulatessurfacechlorophyl-valuesthat-are-higher(+0-25te—+0-75mg-m——(Figure 9c-f). Yet-Such

coastabreagDier

agreement within-situ observations than the other satellite products (see Figure 10 and Kalita and Lotliker, 2023, for an
evaluation of the different products). The model captures the magnitude of the double bloom productivity in the central and

In MOM6-COBALT-IND12, the phytoplankton limitation factors vary spatially and seasonally for the three phytoplankton
groups included in the model (small, large and diazotrohigure 11). In the western Indian Ocean, the model simulates a
strong seasonality: nitrogen and phosphorus are the most limiting nutrients in spring and early summer (March to May), but
iron limitation becomes more prevalent towards the end of the summer bloom (September) and even persists in certain re-
gions of the northern Arabian Sea until early winter (December) before it gets replenished by winter mixing (Figure 11). This
shift to iron limitation at the end of the summer monsoon is consistentin4siitu observations revealing a high-nutrient, low
chlorophyll regime where phytoplanktgmowth is limited by iron in the Arabian Sea (Measures and Vink, 1999; Naqvi et al.,

2010; Moffett et al., 2015; Moffett and Landry, 2020). We note, however, that during these periods of iron limitation, growth
is weakly limited by nutrients (see total nutrient limitation valued.5 in western and nothern Arabian Sea in September and
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and observations. Correlation coef cients r, RMSD and bias between the observed and model annual means are indicated. Chlorophyll

observations are from OCI-CC satellite (see details in Table 2). Model results are averaged over the 1980-2020 period.

limited by macronutrients (nitrogen and/or phosphorus), except in the northern Bay of Bengal where iron limitation becomes

more important near river mouths that supply macronutrients in excess compared to iron (Figure 11). We note that the strong

Indeed, iron limitation depends on a cell quota (rather than the ambient nutrient concentration used for macro-nutrient limita-
tions), which requires time to establish near the river mouths. Yet, we note that the overall pattern of limitation simulated in
the Bay of Bengal is consistent with incubation experiments showing a strong limitation by macronutrients in the southeastern

Indian Ocean and co-limitations between macronutrients and iron in the Bay of Bengal (Twining et al., 2019).
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Figure 10. Seasonality in integrated primary productivity (PR) maps of regions used to compare observation-based and modeled PP,
showingin-situ observation sites with PP values in green (in mg Crd 1), (b-f) monthly climatology of PP in MOM6-COBALT-IND12

model (regional mean 1-sigma in dark orange), from available in-situ observations in each region (boxplots showing median, interquartile,
range and outliers de ned as outside of 1.5 times the interquartile range), in the CbPM satellite product (regionallrségma in cyan)

which performs best in this region (Kalita and Lotliker, 2023), and three additional satellite produtisigma range of Standard-VGPM,
Eppley-VGPM and CAFE in light blue). Regions are the western Arabian Sea (WAS), eastern Arabian Sea (EAS), Somalia coast (SOM),
central Arabian Sea (CAS) and Bay of Bengal (BoB). Satelliteinrgitu sampling observations are detailed in Table 2. Model and satellite-

based climatologies are for the available observation period of 2003-2020.

5 Ocean interior, ventilation pathways and oxygen minimum zones
5.1 Ocean vertical structure and thermocline ventilation pathways

470 Observed subsurface temperature and salinity (300 m to 700 m average) reveal the signature of the main water masse
that ventilate the thermocline in the Indian Ocean (Figure 12a,d). The Red Sea and Persian Gulf over ows caatribute
warm and salty waters>(13 C and> 35.6 psu)ir-to_the Gulf of Adenand Gulf of Omanin_the Arabian Sea,respectively

ow (ITF) and the water masses formed in the southern subtropical and subpolar regions (e.g., mode-avaterentral

475 waters) contribute relatively cold and fresh subsurface wate8s@ and< 35 psu) in the south of the domain, before being
mixed and transported westward by the Southern Equatorial Current sigstereand owing northward and crossing the
Equator along the African continent (You, 1997; Schott et al., 2004; Sprintall et al., 2009; McCreary et al., 2013; Nagura and
McPhaden, 2018). Finally, intermediate temperature and salinity in the Bay of Bengal (abGuari® 35 psu) arise from the
relatively weak thermocline ventilati¢e Bay-of Bengalisashadewzoneof-thermeoclineventitation), mostly maintained by

480 the eastward transport from the Arabian Sea and Equatorial region.
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Figure 11. Climatological surface nutrient limitation (nitrogen N, phosphorus P and iron Fe) in MOM6-COBALT-IND12 for small phyto-
plankton, large phytoplankton and diazotrophs in December, March, May and September. Weak P (weak Fe) limitations indicate where P

(Fe) is limiting but by a small amount relative to N or Fe (P) are near co-limiting (i.e., near co-limitation with difference between limitation

MOM6-COBALT-IND12 reproduces the observed patterns in subsurface temperature and salinity in most of the basin (cor-
relation coef cient »0.99 and RMSE of 0.3% and 0.07 psu). Speci cally, the model simulates the contrast between the

ary, and the waters with intermediate temperature and salinity in the Bay of Bengal (Figure 12). The largest departures are
found in the northern Arabian Sea where the model is biased cold and fresh (local bias between -0.8 @@nrd.20.4 to
-0.1 psu; Figure 12), suggesting that the Persian Gulf over ow is not as well simulated as other pathways.

We further examine ventilation pathways using vertical sections in the eastern Indian Ocean, the Gulf of Oman and the
Arabian Sea (Figures 13 and 14). In the eastern Indian Ocean (&},98e model reproduces the observed vertical structure,
including the intermediate salinity found in the subsurface Bay of Bengal and the in uence of fresher ITF waters in the
southern part of the domain (at1000 m depth and latitudes5 S-; Figure 13). We note that the model only extends to
8 S, and therefore does not fully resolve the ITF centered at 5Xor the Southern Equatorial Current at 10-20but
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