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Abstract
The present study examines the role of surface-CO2 sources and wind transport on atmospheric CO2

observations over the Bay of Bengal. The ship-based observations of mixing ratio and stable carbon
isotope ratio (δ13C) of air CO2 was carried out at coastal and open ocean location during 17 July 2009
until 18 August 2009, covering the peak months of the Southwest Monsoon season. The average mixing
ratio was higher for the coastal sites (407 ± 17 µmol mol− 1) than the open ocean sites (394 ± 9 µmol
mol− 1), whereas the average δ13C value was lower (more depleted in 13C) (-8.75 ± 0.53‰) for the coastal
sites than the open ocean sites (-8.48 ± 0.04‰). The observations were further used to identify the
isotopic ratio of the source CO2 using the Keeling and the Miller-Tans plot. The presence of two different
sources were con�rmed from the observations. The coastal observations were affected by continental
sources of CO2 (-19.95 ± 1.7‰), whereas for open ocean sites, oceanic sources (-10.31 ± 0.15‰) played
a major role. Although there was a transport of continental air to open ocean, as observed from the WRF
model simulated wind, the land-ocean contrast was maintained. It was evident from the Carbon Tracker
simulation during the study period. Despite continental air transport, the open ocean observation was
in�uenced by oceanic sources of CO2. To explore the reason, the predominant wind pattern for the
sampling sites were determined from the WRF model simulated winds. A k-means clustering technique
was used on the WRF model simulated hourly wind to understand the different atmospheric transport
patterns during different days of sampling in July and August. Most of the sampling sites were resided
within the clusters whose mean wind direction indicates south-westerly/southerly wind. Thus, irrespective
of continental transport, the sampling sites were in�uenced by oceanic wind during July and August. The
in�uence of oceanic wind allowed the identi�cation of oceanic source CO2 over the open ocean sites
despite the transport from the continent.

1. Introduction
The increase in atmospheric CO2 concentration since the industrial revolution in the 19th century is
mainly due to the CO2 emitted from anthropogenic activity such as fossil fuel combustion, biomass
burning, deforestation, land-use changes, etc. (IPCC, 2021). Half of the total anthropogenically emitted
CO2 since 1850 remains in the atmosphere and the other half is taken up by the ocean and land
(Takahashi et al. 1997; IPCC, 2013). During 1870–2017, approximately 25% of anthropogenic carbon was
captured by the ocean (Le Quéré et al. 2018). Moreover, the retention time of this CO2 in the ocean is of
the order of centuries to millennia (Feely et al. 2001). Thus, the ocean plays an important role in
understanding the carbon dynamics and future growth trajectories of atmospheric CO2 (Le Quéré et al.
2009, 2016).

The Indian Ocean (44°S − 30°N) plays a crucial role in the global carbon cycle. It acts as a net annual sink
of CO2 (Sarma et al. 2013) and accounts for ~ 20% of the global CO2 uptake (Takahashi et al. 1997). The
oceanic �uxes vary largely in the Northern Indian Ocean (Valsala et al. 2012). The north-eastern Indian
Ocean (i.e., Bay of Bengal) acts as a net mild sink, whereas the north-western Indian Ocean (Arabian Sea)
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acts as a net source of atmospheric CO2 (Valsala and Maksyutov, 2010; Valsala and Maksyutov, 2013;
Sarma et al. 2012). The northern Indian Ocean is also uniquely enclosed in the north and east by the
Indian Subcontinent. Thus, the transport of continental CO2 �ux also makes this region interesting to
study.

In contrast to other tropical oceans, the North-eastern Indian Ocean i.e., the Bay of Bengal (hear after as
‘BoB’) is a small net annual sink of atmospheric CO2 (Valsa and Maksyutov, 2010; Sarma et al. 2013).
The BoB receives signi�cant amount of freshwater from both precipitation and rivers (Sengupta et al.
2006). Strong strati�cation in the vertical structure of the ocean (George et al. 1994) creates lowers the
partial pressure of CO2 in the surface water (pCO2sea) in comparison to the atmosphere, thus making BoB
a mild net sink of CO2 (Kumar et al. 1996; Sarma, 2003; Takahashi et al. 2009; Sarma et al. 2012).
Although the BoB acts as a net annual sink of CO2, there exists a considerable temporal and spatial
variation of air-sea CO2 �uxes over BoB (Ye et al. 2018). Based on an observation made at 5°N and 90°E
over the central BoB, it was identi�ed as a sink for CO2 during September to March and a source for CO2

during April to August (Ye et al. 2018). The pCO2 in the surface seawater (pCO2sea) is higher in April–June
and lower in December–February, mainly due to higher sea surface temperatures (SSTs) associated with
strong solar radiation and weak winds in summer and vice versa in winter (Ye et al. 2018). The western
continental shelf of BoB, that is the coastal BoB, can either act as a source or sink depending on the
peninsular river discharge (Sarma et al. 2012). From June until September, Southwest monsoon months
(mentioned hereafter as ‘SWM’), the pCO2sea was reported to be lower than the pCO2 in the atmosphere
(pCO2air), whereas for the discharging peninsular rivers, was an order of magnitude higher than that of
pCO2air. Thus, the river discharge into BoB and the distribution of discharged water along the coast by the
East India Coastal Current determine whether the coastal BoB will act as a source or sink during SWM
(Sarma et al. 2012).

The atmospheric dynamics of BoB are equally interesting and emphasize the need for monitoring CO2 in
the atmospheric marine boundary layer. The BoB experiences south-westerly wind in SWM and north-
easterly wind in winter (December to February). During SWM, the BoB experiences the most intense deep
convection and precipitation in the tropical oceans (Webster 1995). The deep convection varies at a 30–
90 day time scale, and it can carry the near-surface trace gases like CO2 to the mid and upper troposphere
(Li et al. 2010). During SWM, there exists a noticeable land-ocean difference in the mixing ratio of CO2

and CH4 over the Indian subcontinent and the adjacent BoB (Kumar et al. 2013; Guha et al. 2018),
primarily driven by wind and the contrast in surface CO2 �uxes between land and ocean. This contrast is
usually preserved in the vertical due to strong convection (Li et al. 2010) and thus the CO2 mixing ratio
measured near the ocean surface is detectable by model and satellite-based observations (Kumar et al.
2013).

Although, previous studies over BoB have extensively investigated the biogeochemical cycle of CO2 in the
surface water as well as with increasing depth of water (Sarma et al. 2012, 2013), there is an acute



Page 4/21

scarcity in understanding the atmospheric CO2 variability in the marine boundary layer over BoB and thus
the understanding is limited both spatially and temporally, especially during SWM. The Continental
Tropical Convergence Zone (CTCZ) expedition of 2009
(https://incois.gov.in/portal/datainfo/ctczdata.jsp) gave an opportunity to understand the atmospheric
CO2 variability over BoB during July 17th until August 18th. Although a month-long observation
campaign is not su�cient to identify intra-seasonal variability, the aim of this study is to understand how
the surface �uxes and/or the transport from continent affect the atmospheric CO2 variability over BoB.

We studied combined measurements of mixing ratio and stable carbon isotope ratio (δ13C) of
atmospheric CO2 at coastal and open ocean locations to identify the predominant sources of CO2 over
BoB. We further analysed the WRF model simulated winds to discern the contribution of BoB sources and
sinks compared to the in�uence of continental �uxes at the sampling sites at the open ocean locations.
One of the common techniques to address this problem is Lagrangian back trajectory analysis (Draxler et
al. 2010; Liu et al. 2019). The Lagrangian back trajectories of air parcels are often used to determine the
origins of air masses using model simulated wind �elds (Gheusi and Stein 2002; Guha et al. 2017).
However, in this study we adopted spatio-temporal clustering (in particular, k-means clustering) of the
simulated wind �elds to analyse dominant wind patterns and their persistence over a larger BoB study
region. Clustering analyses have been used in previous studies to identify clusters in meteorological
observations (e.g., Kaufmann and Whiteman 1999, Clifton et al. 2012). Unlike back trajectory modelling,
k-means clustering is rather simple and does not involve additional atmospheric models other than model
simulated winds. One of the other qualitative goals of this study was to �nd regions of homogenous wind
patterns over a period. This provides a general understanding of the atmospheric dynamics required to
deploy such future experiments.

2. Methods

2.1 Air sample collection, extraction, and analysis of CO2:
During the CTCZ national cruise expedition of 2009 two research vessels, the ORV Sagar Kanya (SK261)
and the Sagar Nidhi were deployed to make observations over the BoB during SWM. The air sampling
was conducted from July 17th until August 18th, 2009, along the cruise track shown in Fig. 1. Air
samples were collected from 12 different sites over BoB (Fig. 1). The geographic location of the sampling
sites was determined using high-resolution GPS on board throughout the cruise. Sampling was done
mostly in the afternoon time (between 12:00–15:00 Indian Standard Time), as at that time the boundary
layer remain at higher height and air is mostly well mixed within the boundary layer. Out of these sites, 4
sites were located along the western coast of BoB, termed as “coastal sites” and the rest 8 sites were in
the open ocean, termed as “open ocean sites”. The open ocean sites were selected in such a way that
they were at least ~ 350 km away from the coast. Air samples were collected from the ship deck at ~ 10
m above the sea surface. To avoid contamination of sampling with the ship engine exhaust, the sampling
place was decided based on the prevailing wind direction. The location chosen was to be approximately
80 m upwind of the ship exhaust funnels. Air samples were collected in a 1 litre Pyrex glass �ask �tted
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with a high-vacuum Viton O-ring stopcock (Brandon Scienti�c, Australia) (Guha and Ghosh, 2010) for
preventing air exchange between the �ask and outside (Sturm et al. 2004). A detail of the air sampling
protocol can be found in Guha and Ghosh 2010; 2013; 2015. Within a week after the cruise period, CO2

was extracted from the glass �ask using a cryogenic extraction and separation protocol (Guha and
Ghosh, 2013). The mixing ratio of the extracted CO2 was determined volumetrically using Baratron

manometer, whereas the carbon isotopic ratio, δ13C (i.e., 13C/12C ratio in the sample with respect to a
standard, as δ = (13C/12Csample / 13C/12Cstandard – 1) of the was measured using dual inlet peripheral of
isotope ratio mass spectrometer, IRMS MAT253 (Thermo-Fisher, Bremen, Germany) (Guha and Ghosh,
2013). The experimental set up was calibrated using primary standard NBS19 and a cross-calibration of
our measurement with JRAS reference air mixtures provided by MPI-BGC (Wendeberg et al. 2013) was
conducted to determine the system offset. The precision for mixing ratio and δ13C measurements was ± 
2 µmol mol− 1 and 0.02‰, determined based on repeat measurements of CO2 extracted from JRAS
standard (Guha and Ghosh, 2013). The observational data is given in Table 1.
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Table 1
Mixing ratio and δ13C value of air CO2 measured during CTCZ cruise expedition, 2009

  Sample
ID

Date Time Latitude
(°N)

Longitude
(°E)

mixing ratio
(µmol mol− 1)

δ13C
(VPDB)

Open Ocean
Sites

SK1 17-Jul-
09

12:30 11.8 85.8 401 -8.51

SK2 18-Jul-
09

12:40 11.0 89.0 403 -8.51

SK3 23-Jul-
09

12:40 18.98 89.1 398 -8.50

SK4 30-Jul-
09

14:55 19.0 90.6 403 -8.52

SN1 26-Jul-
09

14:45 6.2 86.0 381 -8.43

SN2 10-
Aug-
09

14:00 8.0 91.5 393 -8.48

SN3 11-
Aug-
09

15:00 8.0 93.0 393 -8.47

SN4 17-
Aug-
09

14:30 9.0 85.0 383 -8.41

Average           394 -8.48

Standard
Deviation

          ± 9 ± 0.04

Coastal Sites SK5 7-Aug-
09

13:00 20.7 88.3 395 -8.32

SK6 11-
Aug-
09

15:00 19.9 86.4 390 -8.33

SK7 16-
Aug-
09

14:30 17.2 82.8 434 -9.41

SK8 17-
Aug-
09

14:05 13.5 80.8 408 -8.95

Average           407 -8.75

Standard
Deviation

          ± 19 ± 0.53
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2.2 Simulated CO2 from Carbon Tracker
To identify the spatial variability in atmospheric CO2, we used simulated CO2 from the Carbon Tracker, CT-
2015 version (Peters et al. 2007). Carbon Tracker is a global CO2 measurement and modelling system,
created by National Oceanographic and Atmospheric Administration/Earth System Research Laboratory
(NOAA/ESRL). It generates simulated CO2 mole fraction using the Carbon Tracker optimized surface
�uxes and simulated atmospheric transport. This helps to track the global distribution of carbon uptake
and release from land ecosystems and oceans around the world. We used the Carbon Tracker mole
fraction (µmol mol− 1 of CO2) response of individual �uxes, like fossil fuel, biosphere, and �re, which is
created using optimized surface �uxes and simulated atmospheric transport. We took an average of
fossil fuel, biosphere, and �re mole fraction component and averaged them. This averaged value was
considered in this study as ‘land contribution of CO2’, as these are the three predominant CO2 sources
over land.

2.3 WRF Model simulation and clustering analysis
To explore the dominant wind patterns over BoB during the period of our study and to analyze wind
patterns over the BoB sampling sites, we utilized simulated wind data from the Weather Research and
Forecasting model (WRF), version 3.9.1.1 (Skamarock et al. 2008).

The WRF model is a mesoscale numerical weather prediction system with a fully compressible, non-
hydrostatic Euler equation with vertical coordinate. In this study, we used two nested domains, where the
coarse domain (d01) uses a horizontal grid spacing of 12km and the inner domain (d02) 4km grid
spacing. The nested domain con�guration is shown in Supplementary material (SI-1). The “one-way”
nesting method is used, in which the inner domain is constrained by the outer domain through nudging of
the boundary conditions that drive the meteorology (Soriano et al. 2004). The feedback from the inner
domain to the coarse domain was not allowed. We only analysed the inner domain (d02) as it covers the
area of interest. The physical parameterization used for WRF simulation is given in Table 2. The model
simulation is done separately for the month of July (start from: 2009-07-01, 00:00:00 UTC, run through:
2009-08-01, 00:00:00 UTC) and August (start from: 2009-08-01, 00:00:00 UTC, run through: 2009-09-01,
00:00:00 UTC) to capture the dominant wind pattern more precisely.
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Table 2
WRF physical parameterizations:

Parameter Option

Land Surface Model Uni�ed Noah (Tewari et al. 2004)

Planetary boundary layer Yonsei University (YSU; Hong et al. 2006) scheme

Surface layer Revised MM5 (Jimenez et al. 2012)

Cumulus Kain–Fritsch (KF; Kain, 2004)

Microphysics WSM-3 (Hong et al. 2004)

Shortwave radiation physics Dudhia Shortwave Scheme (Dudhia, 1989)

Longwave radiation physics Rapid Radiative Transfer Model (RRTM) (Mlawer eta al. 1997)

Initial and boundary conditions NCEP Global Final Analysis (FNL)

We used hourly U, V wind at 10 m above ground from the WRF simulation over the entire study period and
perform a spatio-temporal clustering. Cluster analysis can identify groups with similar wind speed and
wind direction. A wide array of clustering methods has been proposed thus far to �nd groups in n-
dimensional data. In this study we adopted the ubiquitous k-means clustering technique (Kaufman and
Rousseeuw, 2005; Jain et al. 2000). K-means clustering splits the data into k many discrete and non-
overlapping buckets or clusters. The k-means clustering chooses a set of k cluster centers and
assignment of data points to cluster centers by minimizing a global dissimilarity. We used the squared
Euclidean distance as the dissimilarity between the data points in a particular cluster and that cluster’s
center. Given the number of clusters, global dissimilarity is then computed as the sum over the cluster
dissimilarities. To get closer to the global minima while minimizing the global dissimilarity, the k-means
algorithm is usually run multiple times with multiple random initializations of the cluster center to get the
least global dissimilarity. We used the R-package clusterR (Mouselimis, 2020) to perform the k-means
clustering. We chose the optimal number of clusters based on the ‘distortion_fk’ criterion (Pham et al.
2005) with e�cient K-means + + initializations (Arthur and Vassilvitskii, 2007). Once we have determined
the optimal number of clusters, we used the standard random-initialization with 50 repetitions to obtain
the �nal set of clusters.

The k-means clustering technique was employed on the hourly U, V wind components in July and August
to group the data into different atmospheric transport patterns. Clustering was done separately for July
and August. For each month, hourly U, and V data were vectorized and stacked to create a dataset with
two features or columns. Then k-means clustering was performed on the entire spatio-temporal dataset.
Therefore, one speci�c cluster can not only cover a region but also spans over a period. This means, two
clusters may cover same region over different days. This is quite plausible as the wind �eld over a �xed
location can greatly vary over time and thus can belong to different clusters on different days. A total of
14 clusters were obtained for each month. For each cluster, we obtained the summary statistics of the
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wind directions, speeds and the centroids over the hours and days it was present. This provided us with
an overview of the location, timing, and strength of the wind clusters.

3. Results And Discussion

3.1 Identifying the land contribution of CO2 from Carbon
Tracker:
The land contribution of CO2 mole fraction from Carbon Tracker simulation, averaged over the study
period, is shown in Fig. 1, as a base map. The land contribution of CO2 is found to be comparatively
higher near to the coastal area than the open ocean. This is due to the proximity of the coastal area to the
Indian subcontinent. Although there exists no in-situ fossil fuel, biosphere or �re sources over the open
ocean, traces of land contribution of CO2 are found to be present over open ocean. This prevailing
westerly wind has transported the continental CO2 to the open ocean. This is evident in the WRF model
simulated 10 m above ground wind vector, as shown in Fig. 1 with black arrows. Moreover, the oceanic
�uxes also play a role in controlling the CO2 variability. Thus, a contrasting amplitude in land and ocean
�uxes is expected to affect the observation of CO2 between coast and the open ocean. This is further

explored using observation on mixing ratio and δ13C of atmospheric CO2 at coastal and open ocean
sites.

3.2 Identifying the isotopic signature of the source-CO2

The average mixing ratio values for the coastal and open ocean sites are 407 ± 17 µmol mol− 1 and 394 ± 
9 µmol mol− 1 respectively. The δ13C of CO2 is found to be more depleted in 13C (more negative) for the

coastal sites compared to the open ocean sites. The average δ13C values of CO2 for the coastal and open
ocean sites are − 8.75 ± 0.53‰ and − 8.48 ± 0.04‰ respectively. The mixing ratio of CO2 is found to be
higher for the coastal sites compared to the open ocean sites. Observations at the coastal area is
affected largely by land contribution i.e., the continental sources of CO2, whereas over open ocean the
land contribution is diluted as evident from the Carbon tracker data also. The open ocean sites show a
relatively less variability (spread) in both mixing ratio and δ13C of CO2. Along with the transport of
continental CO2, the oceanic �ux is also expected to play a major role in composing the open ocean CO2.
To address this, we have identi�ed the sources of CO2 for both the open ocean and coastal sites,

separately. We have used an inverse relationship between both mixing ratios and δ13C value of CO2 to
identify the isotopic ratio of CO2 in source air, popularly known as a Keeling plot (Keeling, 1958). The
Keeling plot for both the open ocean (blue circles) and coastal sites (black circles) is shown in Fig. 2a. A
Geometric Mean Regression, GMR method is used to �t the data and the intercept of the regression line
provides the isotopic composition of source CO2. Usually, an ordinary least square method is used to �t
the data and the method assumes that the independent variable is not associated with any error (Sokal
and Rohlf, 1995). In this case, the independent variable that is mixing ratio has an analytical error, so
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instead of ordinary least square method we have used GMR �t to the data (Pataki et al. 2003). The δ13C
value of source-CO2 is found to be and − 20.2 ± 1.8‰ (R2 = 0.95, p < 0.05) and − 10.3 ± 0.15‰ (R2 = 0.96,
p < 0.05) for the coastal and open ocean sites respectively, as shown in Fig. 2a. According to the Miller
and Tans, 2003, in keeling plot method the source isotopic ratio is determined by extrapolating the 1/CO2

mixing ratio and this could introduce large error in source CO2 estimation. So, we have further used Miller-

Tans method to estimate the δ13C value of source-CO2 (Miller and Tans, 2003). The relationship between

mixing ratios and mixing ratio x δ13C values of CO2 is plotted in Fig. 2b. The GMR method is used, and

the slopes of the regression lines provide the δ13C value of source CO2. The δ13C value of source CO2 is

found to be -19.9 ± 1.7‰ (R2 = 0.98, p < 0.05) and − 10.3 ± 0.15‰ (R2 = 0.99, p < 0.05) for coastal and
open ocean sites, respectively. Miller-Tans method has allowed explicit subtraction of background values
for both CO2 and δ13C and thus provided suitable platform where the background is not constant through
the time or space, as relevant to this study. Two different sources are found to in�uence observations at
coastal and open ocean sites. For the coastal sites, the source estimated (~-20‰) is representative of
continental sources (combination of sources like biomass, fossil fuel, cement etc.) (Guha and Ghosh,
2015). The source identi�ed for open ocean sites (~-10‰) is comparatively enriched than typical
anthropogenic source signature and rather indicative of a kinetic air-sea gas exchange that is ~ -2‰
fractionation on top of a background value of ~ -8‰ (Siegenthaler and Munnich, 1981; Wanninkhof
1985; Zhang et al. 1995). This implies an in�uence of oceanic �uxes
(https://www.esrl.noaa.gov/gmd/ccgg/isotopes/c13tellsus.html) on the air-CO2 variability for open
ocean sites. A direct measurement of isotopic ratio of CO2 �ux from ocean surface might con�rm it
quantitatively. Nevertheless, the presence of two different sources for the coastal and open ocean sites
are con�rmed from the observation of mixing ratio and δ13C of CO2. Apart from different sources, the
wind can also play an essential role on air CO2 variability over the open ocean sites of BoB either by
transporting continental air to open ocean sites or allowing the in-situ oceanic �uxes to in�uence the
observations over open ocean sites. To understand the wind transport for the open ocean sites we have
used a cluster analysis of wind.

3.3 k-means clustering of wind to explore the dominant
transport to the sampling sites
Total 14 different clusters with different wind pattern are found for both July and August. Out of all
sampling days in July, three days (July 17, July 23, and July 30) are plotted in Fig. 3. The spatial
distribution of all the 14 clusters obtained at the sampling time are shown in Fig. 3 (A1, A2 and A3) and
the mean wind direction for the respective clusters are shown in Fig. 3 (B1, B2 and B3). Similarly for
August, three days (August 10, August 11 and August 17) are plotted in Fig. 4. The spatial distribution of
all the 14 clusters is shown in Fig. 4 (A1, A2 and A3) and the mean wind direction for the respective
clusters are shown in Fig. 4 (B1, B2 and B3). The sampling sites are found to be located near/within the
clusters as shown in both Fig. 3 and Fig. 4 con�rming the predominant wind for the sampling site at the
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time of sampling. Although at the beginning of the cruise season (from July 17), the sites were in�uenced
by south-westerly wind, as the days progressed towards August, the sampling sites predominantly
experienced southerly wind. While the south-westerly wind carry the continental air to the sites, this
continental transport was largely reduced latter in the cruise season due to the presence of southerly wind
bringing oceanic air to the sites. This predominance of oceanic wind at open ocean sites largely reduced
the continental source in�uence and eventually allowed capturing oceanic source in�uence in the
atmospheric CO2 observation.

4. Conclusions
The observation on mixing ratio and δ13C of CO2 over BoB during SWM allowed identi�cation of possible
sources of CO2 for both coastal and open ocean sites. Based on the source identi�cation from
observation, the coastal sites observations were found to be controlled by the continental sources,
whereas the observation on open ocean sites by oceanic sources of CO2. Despite the transport of
continental CO2 over open ocean as shown from Carbon Tracker, the open ocean observation could
identify the in�uence of oceanic source of CO2. The cluster analysis on WRF simulated wind showed
dominance of southerly wind (mostly from ocean) for majority of the sampling sites. The dominance of
wind from oceanic regime allowed identi�cation of oceanic source in�uence in open ocean observation,
despite continental transport of CO2. In an ideal situation, a clustering analysis with forward model
simulated winds can provide a detailed design to decide on the sampling sites prior to such a cruise
expedition. The k-means clustering of the wind �eld can help identifying the suitable sites which can
minimizes the similarities in observation between different sites while maximizing the oceanic
contribution if the target is to identify oceanic sources. Thus, this study also provides guidance for
utilizing wind from model simulation to decide on the potential sampling sites prior to cruise expedition.
A more intensive observational network over BoB is needed to study the carbon cycle, role of the land-
ocean interactions on climate, and the ocean’s ability as a sequester of anthropogenic CO2 in a warming
climate.
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Figure 1

Cruise track with sampling sites. The land contribution of CO2 mole fraction, averaged over the study
period is shown as a base map with color bar. The WRF model simulated wind vector at 10m above
ground is shown with the black arrow. The abbreviation ‘SK’ and ‘SN’ stands for Sagar Kanya and Sagar
Nidhi Cruise. The open ocean sites are shown with cyan colored symbols and the coastal sites were
shown with yellow symbols. The cruise’s start and end points are shown with a red symbol.  
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Figure 2

(a) The Keeling plot for both the open ocean and coastal sites, (b) The Miller-Tans plot for both the open
ocean and coastal sites. The open ocean sites are shown with blue symbols, whereas the coastal sites
are shown with black symbols.
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Figure 3

Cluster plot for July 2009. Panel A1 shows spatial distribution of all the 14 clusters at the sampling time.
Different colors show the regions represented by different clusters. Panel B1 shows the mean wind
direction of these clusters over the sampling times. Here different gradients show the mean wind
direction represented by the clusters. 
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Figure 4

Cluster plot for August 2009. Panel A1 shows spatial distribution of all the 14 clusters at the sampling
time. Different colors show the regions represented by different clusters. Panel B1 shows the mean wind
direction of these clusters over the sampling times. Here different gradients show the mean wind
direction represented by the clusters. 


