Preprints are preliminary reports that have not undergone peer review.

6 Research Sq uare They should not be considered conclusive, used to inform clinical practice,

or referenced by the media as validated information.

Spatiotemporal variability of air-sea CO, fluxes in
the Northern Indian Ocean: Insights from ocean
color remote sensing

Nandha Kumar M.
Central University of Karnataka

Mukeem Thoufiq Ahmed
Andhra University

Nazeera Begum Pathan
Acharya Nagarjuna University (ANU)

P. Brahmaji Rao
Acharya Nagarjuna University (ANU)

Ibrahim Shaik
ibrahimshaik ., 1985RFgmail . com

National Remote Sensing Centre (NRSC)

Mahesh Pathakoti
National Remote Sensing Centre (NRSC)

Research Article

Keywords: Air-sea CO2 flux, NIO region, surface ocean pC0O2, atmospheric pCO2
Posted Date: November 27th, 2025

DOI: https://doi.org/10.21203/rs.3.rs-8054322/v1

License: € ® This work is licensed under a Creative Commons Attribution 4.0 International License.
Read Full License

Additional Declarations: No competing interests reported.


https://doi.org/10.21203/rs.3.rs-8054322/v1
https://doi.org/10.21203/rs.3.rs-8054322/v1
https://doi.org/10.21203/rs.3.rs-8054322/v1
https://creativecommons.org/licenses/by/4.0/

Spatiotemporal variability of air-sea CQO: fluxes in the Northern Indian
Ocean: Insights from ocean color remote sensing

Nandha Kumar M.!, Mukeem Thoufiq Ahmed?, Nazeera Begum Pathan?®, P. Brahmaji Rao®, Ibrahim Shaik*"
Mahesh Pathakoti*

!Central University of Karnataka, Gulbarga, India.

2Department of Geoengineering, Andhra University, Visakhapatnam, India.

3Department of Environmental Sciences, Acharya Nagarjuna University (ANU), Guntur, India.
“National Remote Sensing Centre (NRSC), Hyderabad, India.

*Corresponding author: ibrahimshaik.1985@gmail.com

Abstract

Quantifying sea surface pCO2 (pCOzsw), atmospheric pCO2 (pCO2air), and the CO: flux between
these two media is essential for understanding the global carbon cycle and its interactions with
climate change. Satellite based quantification offers a significant advantage in monitoring
oceanic CO: absorption by providing continuous, widespread, and high-resolution data, thereby
overcoming the limitations posed by sparse in-situ measurements particularly in the North Indian
Ocean (NIO). This study integrates satellite derived datasets, regression equations, and models to
estimate pCO: fields and compute air-sea CO; fluxes across the NIO region, including the
Andaman Sea, Arabian Sea (AS), Lakshadweep Sea, and Bay of Bengal (BoB). Key input
variables include sea surface temperature (SST), sea surface salinity (SSS), chlorophyll-a (Chla),
wind speed (WS), atmospheric CO: concentration, and sea level pressure (SLP). A multi-
parameter regression approach was used to estimate pCOasw using SST, SSS, and Chla, while
pCO2air was derived using atmospheric CO: and sea level pressure. CO> flux was then calculated
based on ApCOs-, solubility coefficients, seawater density, WS, and gas transfer velocity. The
results reveal a spatially diverse pattern across the NIO. The AS and Persian Gulf act as CO»
sources, whereas the BoB and Andaman Sea serve as sinks. The Lakshadweep Sea exhibits dual
characteristics, functioning both as a source and a sink depending on temporal and spatial
factors. SST and Chla play significant roles in regulating sea surface pCO, while SSS has a
minor but notable influence on the direction and magnitude of flux. These insights contribute to
improving the accuracy of air-sea CO; flux estimation, understanding regional carbon dynamics,
and projecting future trends. They also provide valuable input for shaping effective climate

policies and mitigation strategies.
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1. Introduction

Carbon dioxide (COy) is a key greenhouse gas whose atmospheric concentration has risen
sharply due to anthropogenic activities, increasing at a rate of ~2 ppm/year between 2002-2011
(Ciais et al., 2013) and reaching over 420 ppm from a pre-industrial level of ~278 ppm (Ciais et
al., 2013; Le Quere et al., 2018). In the ocean, CO: reacts with water to form carbonic acid and
its dissociation products (Eq. 1-4), regulating carbon storage and contributing to ocean
acidification (Doney et al., 2020).

H>O + CO: < H2CO3 (1)

H>COs+ H,0 ¢ HCO5s + H;0" (2)
HCOs5 + H,0 ¢ CO:>+H;0"  (3)
CO:+ CO32+ H,0 < 2 HCOs™ (4)

Annually, oceans absorb ~24% of anthropogenic CO: emissions, making them crucial carbon
sinks (Sabine et al., 2004), though this capacity is increasingly affected by the narrowing of the
air-sea COx: partial pressure difference (ApCO2 = pCOzsw - pCOz2air), which governs flux direction
and intensity (Takahashi et al., 2009). Atmospheric pCO: has increased from ~390 patm in 2011
to ~420 patm (Le Quere et al., 2018; Sutton et al., 2019), reducing ocean uptake efficiency
(Gruber et al., 2019). Seawater pCO: is influenced by sea surface temperature (SST), sea surface
salinity (SSS), chlorophyll-a concentration (Chla), upwelling, biological activity, dissolved
inorganic carbon (DIC), alkalinity, freshwater input, and wind speed (WS). Seasonal and
regional variability in the Indian Ocean has been reported, with pCOzsy reaching ~450 patm in
the Arabian Sea (AS) during monsoon driven upwelling and 320-420 patm in the Bay of Bengal
(BoB) due to freshwater input and cyclonic activity (Mangesh et al., 2021). The dual role of
oceans as CO: sink/source is dynamic and region-specific (Joshi et al., 2020). Phytoplankton
reduces pCOzsw via the biological pump (Boyd et al., 2019), whereas respiration in oxygen
minimum zones (OMZs) can elevate it (Rixen et al., 2020). Globally, forests absorb ~29%,
oceans ~23%, and the remaining 48% of CO: remains in the atmosphere (Sabine et al., 2004;
Khatiwala et al., 2013; Friedlingstein et al., 2024), with anthropogenic emissions contributing
90% and biological sources 10%. The Indian Ocean, one of the fastest warming basins, exhibits
reduced CO: solubility and enhanced stratification, lowering its uptake capacity (Resplandy et
al., 2023), with regional fluxes varying from a sink of 0.4-0.6 Gt C/yr to a source of -0.05 Gt

Clyr, especially in the AS during monsoons, while the BoB maintains uptake that is episodically
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disrupted by cyclones (Lenton et al., 2013; Sarma et al., 2013; Mangesh et al., 2021). Despite
their importance, air-sea CO: flux estimates carry ~20-30% uncertainty due to sparse pCOasw
observations and variability in gas transfer velocity (k) (Rodenbeck et al., 2014). Recent
advancements in remote sensing have enabled regional scale investigation of decadal air-sea CO-
flux variability in the Northern Indian Ocean (NIO), overcoming limitations of previous studies
by integrating satellite derived parameters (SST, SSS, and Chla) with machine learning and
multi-parametric regression models to capture spatial and temporal dynamics more
comprehensively (Wanninkhof et al., 2013). This approach supports the development of
regionally tuned models and enhances the understanding of flux variability driven by climate
phenomena such as ENSO (Feely et al., 2017) and episodic events like cyclones, ultimately
providing improved insights into the ocean role in the global carbon cycle. In the present study,
we investigated the decadal variability of air-sea CO- fluxes in the NIO using a remote sensing
based approach, addressing limitations of sparse in-situ observations and high uncertainties in
previous estimates. We utilized satellite-derived oceanographic parameters such as SST, SSS,
Chla, WS and Sea level pressure (SLP) from multi-sensor datasets to estimate sea surface
pCOzsy. These were then used in conjunction with atmospheric pCOzair to compute ApCO: and
subsequently the air-sea CO: fluxes using established gas exchange formulations. By utilizing
high resolution, long-term remote sensing data, the present study quantifies seasonal and
interannual variations and detects shifts in CO: sink/source behavior. This approach substantially
reduces reliance on in-situ datasets, enhances spatial coverage, and provides more consistent and
continuous estimates of air-sea CO: fluxes in the NIO, thus offering valuable insights into the
oceans role in regulating atmospheric CO: under changing climate conditions.

1. Study region

The NIO, a semi-enclosed basin of the Indian Ocean (IO) located between 30°N-3°S and 14.5°E-
103.5°E, is surrounded by the Asian landmass to the north and exhibits unique oceanographic
and biogeochemical characteristics compared to the other major ocean basins (Schott and
McCreary, 2001) (Fig. 1). In this study, the NIO was divided into distinct sub regions based on
the MarineRegions.org classification (Flanders Marine Institute, 2019) to capture the spatial
variability in CO: flux dynamics more effectively. The analysis focused primarily on the AS
(25.6°N-1°S; 51°E-74.1°E), BoB (23°N-5.9°N; 78.9°E-95°E), Andaman Sea (17.3°N-5.6°N;
92.3°E-98.9°E), and Lakshadweep Sea (14.8°N-0.7°S; 71.9°E-80.6°E), each exhibiting distinct



physical and biogeochemical regimes (Bates et al., 2006; Kumar et al., 2004). The BoB and
Andaman Sea are characterized by significant freshwater influx and strong stratification due to
major river discharges (Prasanna Kumar et al., 2012), while the AS is dominated by seasonal
upwelling and high biological productivity driven by monsoonal forcing (Madhupratap et al.,
1996). The Lakshadweep Sea, by contrast, represents more oligotrophic open ocean conditions

with minimal terrestrial influence (Antony et al., 2021).

40°E 50°E 60°E 70°E B0°E 90°E " 100°E

40°E S0°E 60°E 10°E BO°E 90°E 100"E

1 — ANDAMAN SEA 3 — LAKSHADWEEP SEA
2 — BAY OF BENGAL 4 — ARABIAN SEA

Fig.1 depicts the NIO study region

Additional regions, including the Persian Gulf, Gulf of Oman, Strait of Hormuz, Bab el-Mandeb,
Gulf of Aden, and adjacent equatorial waters, were also included to provide a comprehensive
understanding of the broader NIO CO: flux patterns. This regional categorization allows for
better interpretation of the spatial heterogeneity in air-sea CO. exchange driven by varying
physical forcings, freshwater inputs, and biological activity (Sabine et al., 2004; Takahashi et al.,
2009).

2. Satellite data

As this study focuses on the estimation of air-sea CO: flux, we utilize long-term, monthly remote
sensing datasets from various sources for key oceanographic and atmospheric variables. SST and
Chla were obtained from MODIS-Aqua with ~9 km spatial resolution, while SSS and WS data
were acquired from the Copernicus Marine Environment Monitoring Service (CMEMS). In
addition, SLP and atmospheric CO: were sourced from the Copernicus Atmosphere Monitoring
Service (CAMS) (Tablel). SST, a crucial physical parameter, influences the solubility of CO: in

seawater, with lower temperatures enhancing CO: solubility, thereby reducing surface pCO-
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levels. SST is governed primarily by solar radiation and varies both spatially and temporally due
to diurnal heating, latitude, and oceanographic processes like upwelling. SSS reflects the salt
concentration in surface waters and is influenced by freshwater input from rivers, precipitation,
evaporation, and ice melt. SSS affects pCOs: indirectly by modifying ionic strength, which alters
carbonate chemistry and the solubility of CO.. Chla, representing phytoplankton biomass, plays a
crucial biological role by removing CO- from surface waters via photosynthesis and contributing
to vertical carbon export through the biological pump. Chla variability is often associated with
nutrient availability, river discharge, and upwelling. WS regulates gas exchange rates across the
ocean-atmosphere interface, with stronger winds enhancing CO: flux through increased
turbulence and boundary layer mixing. Moreover, wind driven upwelling can bring CO: rich
deep waters to the surface, influencing surface pCO: concentrations. SLP represents the
atmospheric pressure at sea level and governs wind patterns and weather systems, including
cyclonic and anticyclonic activity, which indirectly affects CO- flux dynamics. Atmospheric CO-
concentration, expressed in parts per million (ppm), is a critical driver of the air-sea CO:
gradient. It varies spatially and temporally due to anthropogenic emissions, biomass burning, and
natural processes, and is a key input in calculating atmospheric pCO:. Higher atmospheric CO:
concentrations can suppress CO: efflux from the ocean to the atmosphere and contribute to long-

term ocean acidification, further influencing carbon cycle dynamics in the marine system.

Sensor/ .
Parameters Model Resolution | Resampled | Source

MODIS-
SST ODIS 0.09° 0.75° https://oceancolor.gsfc.nasa.gov/13/

Aqua

MODIS-
Chla ODIS 0.09° 0.75° https://oceancolor.gsfc.nasa.gov/13/

Aqua
SSS CMEMS | 0.083° 0.75° https://doi.org/10.48670/moi-00021
Wind speed | CMEMS [ 0.083° 0.75° https://doi.org/10.48670/moi-00181
Sea Level CAMS 0.75° 0.75° https://ads.atmosphere.copernicus.eu/datas
Pressure EGG4 ’ ’ ets/cams-global-ghg-reanalysis-egg4
Atmospheric | CAMS 0,750 0,750 https://ads.atmosphere.copernicus.eu/datas
CO2 EGG4 ’ ’ ets/cams-global-ghg-reanalysis-egg4

Table 1 Details of the datasets used for the study.


https://doi.org/10.48670/moi-00021
https://doi.org/10.48670/moi-00181

2.1. Data processing

The primary variables used in this study include monthly mean SST, SSS, Chla, WS,
Atmospheric CO, and SLP. These datasets were acquired in Network Common Data Format
(NetCDF) from various reliable sources (Table 1). To ensure spatial consistency across all
variables, each dataset was resampled to a uniform spatial resolution of 0.75° x 0.75° using the
nearest neighbor resampling technique, which preserves original pixel values without
introducing averaging or smoothing artifacts. Prior to resampling, quality flags and invalid data
points (land, clouds, and missing values) were masked using standard variable specific
thresholds and flags provided by the data producers. After spatial harmonization, all datasets
were temporally collocated by aligning their time coordinates to a common monthly temporal
resolution. This step ensured that each grid cell across variables corresponds to the same
temporal instance, thereby facilitating accurate pixel-wise comparisons and computations during
the estimation air-sea CO: fluxes.

3. Methods of the study

3.1. Computation of air-sea CO: flux

The air-sea CO- flux represents the transfer of CO; across the ocean atmosphere interface and
plays a crucial role in understanding the global carbon cycle and climate regulation. This flux is
determined by several parameters, including the gas transfer velocity (k), the CO: solubility

constant (Ku©©:

), wind speed dependent coefficient (C2), seawater density (p), and the difference
in CO: partial pressure between the ocean and atmosphere (ApCO:). The calculation follows the
formulation outlined in Eq. 5, based on the work of Wanninkhof (1992; 2014). The detailed
methodology adopted for the study was represented in Fig. 2.

Flux = ApCO, * K§P%2 x p x C, xk* 24 x0.01  (5)
Where

ApCO, = (pCOysw — PCO2air ) (6)

pCOasw = Partial pressure of CO; in seawater (patm)
pCO2.ir = Partial pressure of CO> in atmosphere (patm)
K192 = Dissolution coefficient of CO, (mol/kg/atm)
p = Sea water density (in kg/m?)
C>= Wind speed coefficient

k =Gas transfer velocity (in cm/hr)
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Fig. 2 represents the methodology adopted for the study.

3.2. Computing dissolution coefficient (Ky“?)

The dissolution coefficient of CO: is crucial for estimating the air-sea CO- flux, as it represents
the efficiency of CO: diffusion at the ocean atmosphere interface. This coefficient is also referred
to as Henry’s Law constant for carbon dioxide in seawater. The equation proposed by Sunquist
(1985) was used for the analysis, incorporating SST and SSS, which are key influencing factors,
along with turbulence, upwelling, and other oceanographic processes (Sunquist 1985).
Accurately modeling KyCO:s: is essential for improving observations and understanding of the

carbon cycle within the Earth system.

KGO = —60.2409 + 934517 + (=) + 23.3585 «In (=) + S » [0 023517 — 0.023656
T 2
(=) +0.047036 + () ] )

Where T is the temperature of sea surface in Kelvin (SST + 273.15) and S is the salinity present

in the sea surface in PSU.



3.3. Computing sea water density (p):

Calculating the density of seawater is essential, as the mobility of gases is influenced by the
density of the medium. Therefore, accurate estimation of seawater density plays a significant role
in understanding the dynamics of gas exchange between the ocean and atmosphere (Millero

2013).
p=(pw+A*S+BxS32+Cx(5)?)+1003) (8)

Where A, B, C are the constants derived from the calculations. S is the Salinity of the Sea water and p is

density of the pure water. This can be calculated by using the Eq. 9.

pw = 999.842594 + 6.793952 x 10C-2) x SST — 9.09529 * 1003 % (SST)? +
1.001685 * 104 x (SST)3 — 1.120083 * 109 * (SST)* + 6.536332 *
109 x (SST)5 9)

A =0.824493 — 4.0899 * 1003 % SST + 7.6438 * 1007 « (§ST)? — 8.2467 *
10C-7) % (SST)3 + 5.3875 * 102 % (SST)*  (10)

B = 5.72466 * 10073 + 1.0227 * 10% x SST — 1.6546 * 1079 x (SST)? (11)

C = 48314+10C%  (12)
3.4. Computing wind speed coefficient (C2)
The wind speed coefficient (C) in the air-sea CO; flux calculation is used to account for wind
speed variability when estimating monthly average fluxes, as opposed to daily fluxes. It adjusts
the gas transfer velocity to reflect the non-linear relationship between WS and gas exchange.
This correction is necessary to capture changes in WS over the course of a month (Wanninkhof

et al., 2002).

_ (sz)mean

(Umean)?

(13)

2

Where U j is WS (daily) and U meanis WS (monthly averaged).

3.5. Computing gas transfer velocity

Gas transfer velocity is a key parameter in flux calculations, as it quantifies the rate at which CO-
molecules are exchanged between the ocean and atmosphere, playing a crucial role in the global
carbon cycle. It is influenced by air velocity near the sea surface and SST, both of which directly
affect gas exchange and dissolution processes (Wanninkhof et al., 2002).

keeo = 0.39 % Ujp?  (14)



_ Sc~-05
k = keeo * (100) (15)
S, =2073.1 —125.62 * SST + 3.6276 * (SST)2 —0.043219 = (SST)3 (16)

Where Uj¢? is the monthly average of the wind speed at 10 meters above the surface and S. is the
Schmidt number, a measure of diffusivity, which is based on SST.

4. Results and discussion

4.1. Estimation of pCOzsw in the NIO region

In the present study, surface ocean pCO: fields over the NIO were estimated using a
Multiparametric Linear Regression (MLR) approach developed by Shaik et al. (2025). This
method integrates both in-situ measurements and satellite-derived parameters, including SST,
SSS, and Chla, to capture the complex biogeochemical variability influencing pCO- distribution.
The MLR model was constructed through statistical analysis of the relationship between these
variables and corresponding pCO: values, enabling spatially continuous estimations. The final
regression equation (Eq. 16) derived from this analysis were applied to generate interannual
(2011-2020) pCO: fields for the NIO region (Shaik et al., 2025).

pCO2sw=11.08 * SST +4.75 * SSS - 22.76 * logio (Chla) — 125.76  (16).

4.1.1. Spatiotemporal variability of interannual ocean surface pCO:

The interannual variability of surface ocean pCO: in the NIO from 2011 to 2020 (Fig. 3) reveals
a clear spatial and temporal heterogeneity, driven by complex biogeochemical and physical
processes. Throughout the decade, pCO- values exhibit a general increasing trend, particularly in
the AS, where values frequently exceed 400 patm and reach up to ~460 patm, shown by the
dominant orange to red color patterns in most years (Fig. 3). In contrast, the BoB consistently
demonstrates relatively lower pCOs: levels, predominantly ranging between ~300 -370 patm, as
indicated by the prevalence of green to blue hues. This inter-basin variability is largely attributed
to differences in biological productivity, freshwater influx, and oceanographic circulation. The
AS, with its high evaporation rates, limited riverine input, and strong seasonal upwelling,
particularly during the southwest monsoon; experiences enhanced vertical mixing and
entrainment of CO- rich subsurface waters, contributing to elevated surface pCO.. Additionally,
intense biological productivity in this region often leads to the accumulation of respired CO: in
deeper layers, which resurfaces during upwelling events. Conversely, the BoB receives
substantial freshwater input from major rivers like the Ganges, Brahmaputra, and Irrawaddy,

especially during the monsoon season, resulting in strong salinity stratification that suppresses
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vertical mixing. This limits the upward transport of CO: rich waters and, combined with high
primary production driven by nutrient inputs from river discharge and eddy activity, results in
relatively lower surface pCO: concentrations. The year to year variations observed across the
decade can be linked to both regional and basin-scale climatic phenomena such as the El Nino
Southern Oscillation (ENSO) and Indian Ocean Dipole (IOD), which influence wind patterns,
SST, and ocean circulation. For instance, El Nino events typically reduce monsoonal intensity
and upwelling in the AS, potentially lowering surface pCO. temporarily, while La Nina events
enhances these processes. Moreover, anomalously warm SSTs associated with positive IOD or
El Nino years (2014, 2015, 2016, 2018 and 2019) reduce CO: solubility, thereby elevating pCO-

levels in surface waters.

2011 2012 2013 2014

2015 2016 2017 2018

2019 2020

T .
254.36 305.98 357.61 409.23 460.85
pCOz sw (Hatm)

Fig. 3 Interannual variability of pCOzsw in the NIO region (2011-2020).
Anthropogenic CO: uptake by the ocean and increasing atmospheric CO: concentrations further
contribute to the long term rise in surface ocean pCO: values across the NIO. The combined
effects of these natural and anthropogenic factors evident in the interannual variability observed
in the decadal dataset. Furthermore, changes in regional wind speed, ocean currents, and
biological activity driven by nutrient dynamics and light availability play a secondary but
significant role in modulating pCOe.. It is also noteworthy that the western AS consistently shows

the highest pCO: values due to persistent upwelling zones near the Omani and Yemeni coasts.
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Overall, the observed interannual variability of surface pCO: in the NIO is a product of the
dynamic interplay between atmospheric forcing, oceanographic processes, and biogeochemical
responses, emphasizing the sensitivity of this region to both climate variability and long term
environmental change.

4.1.2. Climatological variability of ocean surface pCO:

The climatological variability of surface ocean pCO: in the NIO (Fig. 4) shows pronounced
seasonal dynamics influenced by monsoonal circulation, biological productivity, temperature,
salinity, and regional hydrodynamics. From January to March, pCO: levels across the AS and
BoB remain relatively moderate, with the AS exhibiting slightly higher concentrations (~360-
400 patm) due to weak winter convection that enhances vertical mixing and brings CO: rich
subsurface waters to the surface. During this period, cooler SST increase CO: solubility,
moderating the overall pCO: despite vertical CO- fluxes. As the intermonsoonal period begins in
April and May, increasing SST reduce COz solubility, especially in the AS, resulting in a rise in
surface pCO: levels (>400 patm in some regions). The onset of the southwest (SW) monsoon in
June through August marks a significant shift in pCO: patterns. In the AS, intense coastal
upwelling driven by strong southwesterly winds along the Omani and Indian coasts leads to the
resurfacing of CO: rich deeper waters, contributing to elevated pCO- levels often exceeding 430
patm. Simultaneously, enhanced biological productivity induced by nutrient rich upwelled
waters acts to draw down pCO: locally through photosynthetic CO. uptake. However, this
biological drawdown is often exceeded by the physical supply of CO: from upwelling, resulting
in net pCO: increases. In contrast, the BoB, under the influence of heavy monsoonal
precipitation and substantial river runoft (Ganges-Brahmaputra system), exhibits reduced salinity
and strong vertical stratification that suppresses mixing. This leads to comparatively lower pCO-
values (~310-360 patm), despite high nutrient input, due to limited entrainment of subsurface
CO: and enhanced biological utilization of surface CO.. The northeastern Bay in particular
maintains low pCO: values during this period due to persistent low salinity and high
productivity. In the post monsoon season (September to November), the AS begins to exhibit a
decline in pCOs2 levels as upwelling subsides, biological productivity decreases, and SST begin
to decrease, increasing CO: solubility. Meanwhile, the BoB continues to show moderate pCO:
levels due to lingering freshwater input and stabilized stratification. December marks the onset of

the northeast (NE) monsoon, characterized by dry winds from the Indian subcontinent and
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cooling SST, particularly over the northern AS. This cooling increases CO: solubility, leading to
a reduction in surface pCO-, despite some convective mixing that brings subsurface CO- to the
surface. Overall, the AS exhibits higher seasonal pCO- variability due to the strong influence of
monsoonal upwelling and temperature driven solubility changes, whereas the BoB displays a
more subdued seasonal cycle, dominated by stratification and freshwater fluxes. These
climatological patterns emphasize the sensitivity of pCO: to seasonal ocean atmosphere
interactions and highlight the contrasting biogeochemical regimes of the two sub basins within
the NIO, which are essential for understanding regional carbon fluxes and predicting future

responses to climate change.

Jan

Aug

Nov

T T
264.87 313.11 361.36 409.60 457.84
pCO2z sw (Hatm)

Fig. 4 Climatological variability of pCO:sw in the NIO region.
4.2. Estimation of atmospheric pCO2
The pCO: in the atmosphere (pCO2.r) is the measurement of pressure exerted by the
concentration of the CO2, which prevails in the atmosphere. This is the counterpart of pCOzsw in
the estimation of air-sea flux of CO.. It is important for the identification of the available CO:
present in the atmosphere for the dissolving in the ocean. This is important for the understanding
the cycle of carbon within the system of the earth. pCOz.ir was estimated using Eq. 17 (Dickson
and goet, 1994, Dickson et al., 2007).
pCO2 (airy = XCO:2 * (Pt - Pr20o) (17)
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Where XCO: is the mole fraction of CO: in the atmosphere in ppm (parts per million) and Pr is
the sea level pressure in the atmosphere in the units of atm, Pu2o is the saturation of the vapour
pressure of sea water in the atmosphere in the units of atm. The formula used in the analysis was

given by (Weiss and Prince, 1980) as follows.

Puyo = exp ( 24.4543 — 67.4509 + (=) — 4.8489 + In (=) — 0.000544 ) (18)

Where T is the temperature of sea surface in Kelvin (SST + 273.15) and S is the salinity present in the sea
surface in PSU.

4.2.1. Spatiotemporal variability of interannual atmospheric pCO2

The interannual variability of pCO:zir in the NIO during the period 2011-2020 exhibits a
pronounced increasing trend, reflecting the global atmospheric CO: rise driven by anthropogenic
emissions. The Fig. 5 demonstrated that, pCOz.ir values increased steadily from relatively low
levels (~365-375patm) in the early part of the decade (2011-2013) to significantly higher
concentrations exceeding 400 patm by 2020. This progressive enhancement is primarily
attributed to the continuous increase in fossil fuel combustion, land use land cover changes, and
industrial emissions worldwide, leading to elevated CO: concentrations in the atmosphere.
Regionally, the NIO interannual atmospheric pCO: pattern is modulated by both large scale
climatic phenomena and local ocean atmosphere interactions. For instance, during strong El Nino
years such as 2015-2016, atmospheric warming and reduced vertical mixing in the Pacific
affected global circulation patterns and indirectly influenced atmospheric composition over the
Indian Ocean (10) via atmospheric teleconnections, which in turn modified wind patterns, SST,
and convective activity. Although pCO..ir is largely controlled by global scale atmospheric CO-
concentrations, anomalies during certain years such as 2015, 2016, and 2019 may be enhanced
due to regional atmospheric dynamics, including weakened monsoon winds and suppressed
oceanic CO: uptake linked with warmer SST, reduced solubility, and enhanced stratification.
These physical conditions inhibit oceanic carbon absorption and can result in higher pCO.air
values over the ocean surface. Conversely, La Nina conditions, characterized by intensified
upwelling and cooler SST in some parts of the Indian Ocean, may support oceanic CO- uptake,
slightly moderating the atmospheric CO: signal in those years. The relatively uniform spatial
distribution across the basin indicates that the atmospheric signal dominates over localized
oceanic variations, although coastal and upwelling zones occasionally show minor deviations.

The Fig. 5 reveals a latitudinal gradient, with slightly elevated pCO..ir levels observed over the
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northern AS and BoB in recent years likely due to urban industrial proximity and associated
emissions. This consistent year on year rise in pCO.ji emphasizes the dominant role of
anthropogenic forcing over natural variability in determining atmospheric CO2 concentrations in
the region. Furthermore, the growing atmospheric CO: burden has significant implications for air
sea CO: exchange processes, potentially reducing the ocean capacity to act as a carbon sink in
the long term, particularly under warming scenarios. Understanding this interannual variability is
crucial for interpreting trends in oceanic carbon fluxes, evaluating feedback mechanisms under

climate change, and improving projections of carbon climate interactions in the NIO.

2011 2012

2014

2015 2016 2017 2018

2019 2020

g e
Fig. 5 Interannual variability of pCOzair in the NIO region (2011-2020).

4.2.2. Climatological variability of atmospheric pCO: in the NIO region

The climatological distribution of pCOzi: over the NIO displays (Fig. 6) a distinct seasonal
cycle, closely influenced by atmospheric circulation patterns, regional climatology, and the
monsoonal system. Monthly composite maps derived from long term observational datasets
reveal clear spatial and temporal variations in pCOz;: over the region (Fig. 6). From January
through March, the pCOz.;r values are relatively high across most parts of the NIO. This period
corresponds to the northeast monsoon season, characterized by cooler and drier continental air

masses blowing seaward. The AS and BoB both exhibit pCO2.;; values exceeding 387 patm in
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several regions, with localized hotspots in the northern AS, approaching and occasionally
exceeding 394 patm, as indicated by the orange to reddish tones in the maps. These elevated
levels are likely a result of continental influence, low precipitation, and reduced convective
mixing during this season. With the transition into April and May, pCOzi: begins to decline
slightly across the basin. The onset of warming and increasing solar radiation contributes to
gradual changes in air-sea exchange and the pCOa,i: values range between 380 and 387 patm
over much of the region. By June, the southwest monsoon becomes dominant, bringing in strong
southwesterly winds, increased cloud cover, and heavy rainfall, particularly over the western and
eastern coastal margins. During the peak monsoon months of June to August, a clear decline in
pCOx;: is observed, particularly over the AS and western BoB, where values drop below 380
patm in many locations, denoted by prominent blue regions in the maps. The influx of moist,
marine air masses, coupled with intense convective activity and vertical mixing, contributes to
this drawdown in pCOa,i:. Additionally, the dilution effect due to high precipitation and enhanced
biological activity may further lower pCOz.i: levels near the coastlines. From September through
October, the transition from the southwest to northeast monsoon phase is accompanied by a
gradual increase in pCOz;: .Although the values remain relatively low compared to early winter
months, the AS and BoB begin showing signs of pCO-.i: recovery, particularly in the northern
and western sectors. The spatial gradients observed during this time may reflect residual
monsoonal effects and lagged responses in air-sea exchange dynamics. By November and
December, pCO2,i: begins to peak again across the NIO, with widespread values between 387
and 394 patm. This late year increase correlates with the reestablishment of the northeast
monsoon, decreased cloud cover, and lower SST, which likely reduce oceanic CO: uptake and

contribute to higher atmospheric concentrations.
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Fig. 6 Climatological variability of pCOzair in the NIO region (2011-2020).

4.3. Interannual variability of air-sea CO2 flux

The interannual variability of air-sea CO: flux across the NIO from 2011 to 2020 (Fig. 7-8)
demonstrates pronounced regional and temporal heterogeneity, modulated by both atmospheric
and oceanic processes. Fig. 7 presents annual mean spatial distributions of air-sea CO: flux,
while Fig. 8 provides monthly variability trends across four sub regions: the Andaman Sea, AS,
BoB, and Lakshadweep Sea, along with the overall NIO. Fig. 7 indicates a transition in the CO:
flux regime over the decade, with notable spatial and temporal anomalies. In earlier years such as
2011-2014, the NIO predominantly acted as a net CO> source to the atmosphere, as indicated by
widespread reddish hues, especially in the western and northern sectors. From 2015 onwards,
increased blue shading in the eastern AS and BoB regions suggests a shift towards enhanced
oceanic CO> uptake in some years, with 2016 and 2020 showing relatively higher sink
intensities. These patterns reflect interannual differences in pCOzsw and wind induced gas
transfer velocities, likely driven by climatic variability such as ENSO events and 10D phases.
Fig. 8 further shows this variability across regional scales. In the Andaman Sea, the air-sea CO:
flux exhibits a consistent sink like behavior throughout the year, particularly from May to

October. This pattern can be attributed to elevated primary productivity and freshwater input
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from monsoonal precipitation and riverine discharge, which reduce pCO2sy levels. The
variability across years remains relatively constrained, suggesting limited interannual
fluctuations in biogeochemical cycling in this semi enclosed basin. The AS, in contrast, displays
a complex pattern with both source and sink phases throughout the year. Interannual variability
is particularly evident in the months of March-May and October, where some years such as 2015
and 2018 show pronounced emission events. These fluctuations are likely linked to variations in
winter convective mixing and pre monsoon upwelling, which bring CO: rich subsurface waters
to the surface. The anomalous peak in CO: flux in 2015 may also be tied to a strong El Nino

event, which altered regional wind patterns and surface temperatures.

2011 2012 2013 2014

2015 _ 2016 2017 2018

2019 2020

1181 -0.59 10.63 21.85
Air-Sea CO, Flux (gC/yr/m?)

Fig. 7 Interannual variability of air-sea CO> flux in the NIO region (2010-2020).
The BoB generally acts as a CO: sink, with enhanced uptake during the monsoon and post
monsoon periods (June-October). However, interannual variability here is influenced by
freshwater stratification, which controls surface water CO: concentrations and air-sea exchange
efficiency. Notably, 2016 and 2020 display deeper sink intensities, potentially linked to stronger
monsoon forcing and stratification-induced suppression of CO: rich subsurface mixing. In the
Lakshadweep Sea, air-sea CO: fluxes remain relatively stable, with minor fluctuations around

neutral to weak sink conditions. This region exhibits the least interannual variability among the
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sub basins, likely due to its open ocean setting and minimal terrestrial influence. The overall NIO
trend in Fig. 8 suggests modest interannual variability, with flux values clustering around a slight
net source or near equilibrium. However, specific years such as 2016 and 2020 indicate a basin
wide shift towards greater CO: uptake, emphasizing the influence of basin scale oceanographic

and atmospheric anomalies on carbon flux dynamics.
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Fig. 8 Climatological variability of air-sea CO: flux in sub regions of the NIO (2011-2020).
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4.4. Climatological variability of air-sea CO: flux

The climatological variability of air-sea CO: flux in the NIO, derived from multi-year mean
datasets (Fig. 9), demonstrates distinct seasonal and spatial patterns modulated by monsoonal
dynamics, regional circulation, and biogeochemical processes. Fig. 9 illustrates the monthly
mean spatial distributions of air-sea CO: flux, and Fig. 8 shows the monthly climatological
trends in the Andaman Sea, AS, BoB, Lakshadweep Sea, and the NIO as a whole. Fig. 9 shows a
general seasonal transition in the NIO between net atmospheric CO- uptake (blue regions) and
source conditions (red regions). During the winter and pre monsoon months (January- May), the
basin predominantly acts as a weak to moderate CO: sink, particularly evident in the BoB,
southeastern AS, and Andaman Sea. These regions exhibit cooler surface waters and enhanced
vertical mixing that lower surface pCOs: levels, favoring oceanic uptake. In contrast, the northern
AS and coastal zones show localized emitting during this period, likely driven by convective
mixing of CO: rich subsurface waters and higher SST. From June through September, during the
southwest monsoon, CO: flux patterns shift notably. The AS becomes a significant source of
CO: to the atmosphere, with maximum fluxes observed in June and July (up to ~46.8 gC/m?/yr).
This enhancement results from monsoon driven upwelling along the western boundary, which
brings subsurface, carbon rich waters to the surface, elevating pCO.. Additionally, elevated WS
during this season increase gas exchange rates, reinforcing the emission. Meanwhile, the BoB
and Andaman Sea continue to act as CO: sinks, supported by intense freshwater inputs from
monsoonal rains and river discharge, which lower surface salinity and suppress pCO.. By
October through December, air-sea CO: fluxes begin transitioning back to sink conditions across
most of the NIO. The AS gradually weakens as a source, while the BoB and Andaman Sea
maintain sink behavior. This seasonal modulation aligns with weakening monsoonal winds,
reduced upwelling, and cooling SST, which promote enhanced CO: solubility. Fig. 8
complements this spatial assessment by illustrating monthly climatological flux trends across
defined regions. In the Andaman Sea, consistent negative fluxes (sink) are observed year round,
peaking in June-October, likely due to strong freshwater input and persistent stratification. The
AS shows strong seasonality, acting as a significant source from May to August, with a
pronounced peak in June-July, attributed to upwelling and high wind speeds. The BoB remains a
net sink throughout the year, with increased uptake during monsoon and post monsoon months,

driven by freshwater stratification and biological productivity. The Lakshadweep Sea exhibits
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minimal variability, reflecting its open-ocean nature and reduced biophysical forcing. The
aggregated NIO signal shows a net sink phase from September to February, transitioning to a
weak source during peak monsoon (June-August), consistent with regional dynamics.

Jan Feb Mar Apr

May Jun Jul Aug

Sep Oct Nov Dec

-9.‘13 9.152
Air-Sea CO, Flux (gC/yr/m?)

Fig. 9 Climatological variability of air-sea CO: Flux in the NIO region (2011-2020).
4.5. Interrelationships among oceanographic variables regulating air-sea CO: flux

Fig. 10 demonstrates a scatterplot matrix with Pearson correlation coefficients (r) between five
key oceanographic variables: SST, SSS, Chla, ApCO: and air-sea CO: flux. This graphical
representation highlights the linear relationships and distributions among these variables,
offering insights into the processes governing air-sea CO: exchange in the NIO. The strongest
positive correlation (r = 0.83) is observed between SST and ApCO., indicating that warmer sea
surface temperatures are associated with a higher ApCO.. This is consistent with established
thermodynamic principles, where increasing SST reduces the solubility of CO: in seawater,
leading to elevated surface pCOzsw. As ApCO: is a key driver of air-sea CO: flux, this positive
relationship suggests that warmer waters tend to act as sources of CO: to the atmosphere.
However, the direct relationship between SST and CO: flux is weaker (r = -0.12), possibly due to
modulation by other variables such as wind speed, biological activity, and vertical mixing. Chla

exhibits strong negative correlations with both ApCO: (r = -0.80) and SST (r = -0.63). These
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results highlight the role of biological processes in CO: dynamics. Higher Chla values, indicative

of phytoplankton blooms and enhanced primary production, are associated with lower ApCOs.

This reflects the biological drawdown of CO: during photosynthesis, which reduces pCOasy in

surface waters. The inverse relationship with SST suggests that productive regions in the NIO

tend to occur in relatively cooler waters, possibly due to upwelling zones or post monsoon

nutrient enrichment events.
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Fig. 10 The scatterplot shows the relationships among oceanographic variables influencing
air-sea CO- flux.

The relationship between SSS and other variables is comparatively weaker. SSS shows a modest

negative correlation with Chla (r = -0.27), which may be linked to freshwater influx from river
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discharge or precipitation in productive zones like the BoB. A weak positive correlation with
CO: flux (r = 0.37) may reflect upwelling induced increases in salinity and CO: emission. ApCO-
shows a moderate positive correlation with air-sea CO: flux (r = 0.38), reinforcing its role as a
direct driver of flux direction and magnitude. Yet, this correlation is not particularly strong,
suggesting that ApCO: alone does not fully determine flux variability. This may be attributed to
the influence of gas transfer velocity, wind speed, and other physical drivers not captured in this
analysis. The weak negative correlation between Chla and air-sea CO: flux (r = -0.26) suggests
that biological processes do contribute to the ocean CO: uptake capacity, though their net impact
may be diluted by physical processes across spatial and temporal scales. Fig. 10 emphasize the
complexity of air-sea CO: exchange in the NIO, with SST and biological productivity (Chla)
emerging as dominant influencers. The results highlight the importance of accounting for both
physical and biological processes in carbon cycle studies, particularly in monsoon affected
tropical marine systems where these drivers interact dynamically.

4.6. Comparative assessment of air-sea CQO: flux estimates in the NIO

The estimated air-sea CO: flux from this study over the NIO is approximately 0.06 + 0.02 Pg C
yr!, indicating a net CO: source to the atmosphere. This value is compared here with previous
observational and model-based estimates across similar regions to provide context and assess
consistency. Bates (2006) estimated the annual CO: flux for the entire Indian Ocean at 0.24 +
0.13 Pg C yr!, suggesting a stronger source of CO.. When narrowed down to sub basins, Bates
reported 0.064 £ 0.01 Pg C yr! for the AS and 0.013 + 0.005 Pg C yr ' for the BoB, which align
reasonably well with this study regional scale. Sarma et al. (2023), in a more recent assessment,
estimated CO: fluxes north of 18°S at 0.04 + 0.05 Pg C yr', and south of 18°S at —0.23 £ 0.11
Pg C yr!, indicating that the southern Indian Ocean acts as a CO: sink, while the northern
portion remains a weak source. These regional disparities are largely driven by variations in
ocean circulation, biological activity, and monsoonal dynamics that influence CO- solubility and
gas exchange. The findings from this study fall within the range of previous estimates,
particularly aligning with those of Sarma et al. (2023) for the northern sector. The close
agreement reinforces the robustness of the observational approach used here. However, the
estimate from this study is slightly higher than Sarma et al. (2023) northern component, possibly
due to differences in temporal coverage, resolution, and data assimilation techniques. The Fig. 11

demonstrates these comparisons, highlighting not only the differences in absolute values but also
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the uncertainty margins associated with each estimate. This comparative analysis is useful for
improving model validation and understanding the regional role of the Indian Ocean in the global

carbon cycle.
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Fig. 11 Comparison of air-sea CO: flux estimates in the Indian Ocean region.
4.7. Limitations and scope of the future work

The present analysis relies on only five variables (SST, SSS, Chla, WS, and SLP); however,
pCOasyw is also significantly influenced by total alkalinity (TA), dissolved inorganic carbon
(DIC), and ocean circulation. Incorporating these additional variables can enhance model
performance and reduce uncertainties in the results. Furthermore, the use of advanced analytical
methods, such as deep learning (DL), can further improve the accuracy and robustness of the
estimations (Ghoshal et al., 2025). According to Sarma et al. (2013), upwelling plays a major
role in determining pCOxzsw levels, particularly along the western boundaries of oceanic basins,
where nutrient rich deep waters rise to the surface due to the Coriolis effect. This process
elevates surface DIC and, consequently, pCOzsw concentrations. Therefore, accounting for DIC
and TA is essential for more realistic pCOzsw estimations. Additionally, the number of available
in-situ observations for regression modeling is relatively low in the NIO compared to other ocean
basins like the Atlantic and Pacific. This sparse data coverage limits the accuracy and

representativeness of existing models. Hence, there is an imperative need for more frequent and
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spatially comprehensive pCOzsw measurements across the NIO, especially given the regions
complex and heterogeneous biogeochemical conditions.

5. Conclusion

This study aims to explore the air-sea CO: exchange in the NIO region by utilizing satellite-
derived datasets and models to estimate surface pCOzsw and compute CO» fluxes across marginal
seas such as the AS, Andaman Sea, BoB, and Lakshadweep Sea, as well as adjoining regions like
the Persian Gulf, Equatorial Indian Ocean, and Gulf of Oman. The analysis reveals significant
spatial variability in carbon cycling patterns across the region. The study investigates how
various oceanographic and atmospheric variables such as SST, SSS, Chla, WS, atmospheric CO-,
and SLP influence pCOasw variability and air-sea CO: fluxes. It was found that the AS and
Persian Gulf generally act as CO: sources to the atmosphere, while the BoB and Andaman Sea
tend to function as CO: sinks. The Lakshadweep Sea exhibits dual behavior, acting as both a
source and sink depending on seasonal and spatial conditions, likely due to its intermediate
position between these basins. These regional characteristics are influenced by a combination of
freshwater input, salinity gradients, biological activity, and surface water temperature. The study
also highlights an inverse relationship between air-sea CO: flux and atmospheric CO:
concentration, indicating a shift toward saturation between oceanic and atmospheric CO: levels.
SST and Chla are identified as primary drivers of pCOzsw variability, while salinity plays a more
indirect role by affecting both the direction and magnitude of the flux. Satellite observations
provide spatially continuous and high-resolution data that help overcome the limitations of
sparse and unevenly distributed in-situ measurements in the NIO region. However, the study
acknowledges uncertainties due to the exclusion of key carbon system drivers such as TA and
DIC ocean currents, and upwelling processes. To enhance model accuracy, the incorporation of
these additional variables is recommended. Developing robust models that are less dependent on
in-situ datasets will also help reduce uncertainties. The findings of this study provide valuable
insights that can inform future projections and support the development of climate policies aimed
at mitigating anthropogenic impacts on oceanic carbon uptake. Future research should focus on
expanding the set of influencing variables, refining predictive models, and enhancing monitoring
systems to support sustainable marine ecosystem management and long term carbon regulation

strategies.
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