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Abstract
This is a maiden attempt to explore the in�uence of sea surface temperature (SST) variations in the tropical Indian Ocean on the
gross primary productivity (GPP) of the terrestrial vegetation of India during the summer monsoon. We studied the productivity
of the vegetation across India using solar-induced chlorophyll �uorescence (SIF) as a proxy. Our results demonstrated a strong
negative SST–SIF relationship: the productivity decreases (increases) when the SST of the tropical Indian Ocean is higher (lower)
than normal. This SST–SIF coupling observed during June can be explained through the atmospheric teleconnections. Positive
SST anomalies weaken the land–ocean thermal gradient during the monsoon onset period, reduce the monsoon �ow, and hence
decrease the moisture transport from the ocean to the Indian mainland. The resultant water stress, along with the high air
temperature, leads to a reduction in the GPP. Conversely, negative SST anomalies strengthen the monsoon and increase the
availability of moisture for photosynthesis. There is scope for improving regional GPP forecasting studies using the observed
SST–SIF relationships.

Introduction
Primary productivity plays a key role in the global carbon cycle as a considerable amount of atmospheric CO2 gets locked up in

terrestrial ecosystems through photosynthetic assimilations of carbon1. The gross primary productivity (GPP) of a terrestrial
ecosystem is determined by the interaction of environmental characteristics, climate variables, and availability of nutrients1. The
abiotic factors limiting plant productivity are the solar radiation reaching the earth’s surface, availability of water and nutrients,
and temperature2. As the atmospheric conditions indirectly affect the availability of nutrients to plants, climatic variables appear
to have a dominant role in determining the photosynthetic e�ciency of a terrestrial ecosystem3. However, the in�uence of the
climate on productivity of the vegetation is neither simple nor direct. Due to the complexity of these processes and the dynamics
involved, even small changes in climate systems bring about considerable changes in vegetation productivity across regional
and global scales4. It is well known that climatic oscillations such as the El Niño Southern Oscillation (ENSO), Paci�c Decadal
Oscillation (PDO), and North Atlantic Oscillation (NAO) affect the global terrestrial primary productivity through teleconnections5.
Even though many studies have explained the response of terrestrial ecosystems to different climate drivers, the effect of sea
surface temperature (SST) on terrestrial productivity has largely remained unexplored.

The SST strongly in�uences the atmospheric circulation and potentially affects the vegetation productivity by modulating the
precipitation and temperature patterns on land. There are shreds of evidence to show that there is signi�cant ocean–land
connectivity across different parts of the globe and to prove the relevance of the SST in the functioning of terrestrial
ecosystems6,7. SST �uctuations in the West Paci�c Warm Pool have a strong but variable in�uence on the plant productivity in
both the northern and southern hemispheres8. The vegetation greenness of the arid and semi-arid climatic zones in the tropics is
tightly linked to oceanic variations. Enhanced vegetation indices may be predicted 3–6 months ahead using SST9. A monthly
100-year output of the coupled CCM3-IBIS model shows that the SSTs of the major oceans are correlated to the net primary
production (NPP) of South American vegetation, in current and future scenarios10. Similarly, the variability of the normalized
difference vegetation index (NDVI) in semi-arid regions of the Sahel exhibited was signi�cantly related to global SST
anomalies11. The in�uence of local SST changes persists in the spatial variability of the GPP in water-limited ecosystems12.
Most studies have considered vegetation indices to represent ecosystem functionality; but this does not represent the actual
amount of carbon taken in by the vegetation. Moreover, there are errors in these greenness-based indices due to radiometric
saturation, background re�ection, and environmental stresses13–16.

A newly developed satellite-derived data called solar-induced chlorophyll �uorescence (SIF) serves as a better indicator of GPP17.
SIF is the energy �ux in the red and far-red band of the electromagnetic spectrum from chlorophyll molecules excited during
photosynthesis. The captured photons show the status of actual photosynthesis, thus helping gain a clearer understanding of
terrestrial carbon dynamics18,19. Spectrometers originally designed for atmospheric chemistry applications now generate global
SIF datasets using Fraunhofer lines20. The use of SIF overcomes some of the limitations of conventional vegetation indices21 as
it avoids extrapolating the GPP, which may fail to capture transient stresses22. Since SIF effectively indicates the vegetation
water stress23, the variations in the rainfall and the associated changes in the photosynthetic assimilation of carbon may also
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be inferred from the variations in the SIF. Thus, there is considerable potential for using satellite-based high-resolution SIF
products to continuously monitor the GPP of terrestrial ecosystems and how they respond to climate change.

As India is the fourth largest emitter of CO2, one of the harmful greenhouse gases responsible for global warming, it is vital to

understand the terrestrial ecosystem carbon �uxes in the country. The GPP in India varies from 0 to 4147.55 g C m−2 year−1, with
a mean of 1507.32 g C m−2 year−1, and 142.68 g C m−2 month−1 is �xed during the summer monsoon according to estimates
generated for the year 200824. The average Indian GPP varies between 2.9 and 3.3 Pg C yr−1. Studies have con�rmed the
sensitivity of the terrestrial carbon cycle to climate change and indicated that any variations in atmospheric conditions could
impact ecosystem services25,26. Besides, large-scale modes of climate variability such as ENSO affect the vegetation
productivity across India, which indicates the relevance of both ocean and atmospheric characteristics to the functionality of
terrestrial ecosystems27,28. Thus there is scope for extending the investigation of climate–vegetation interactions by
incorporating oceanic variables.

SST, the critical climate indicator that provides information about the ocean surface heat, is a key element that determines the
earth’s climate29. The in�uence of SST variations is directly visible in the climatic conditions: SST, in conjunction with surface air
temperatures, creates extreme climate phenomena that result in signi�cant economic and agricultural losses30. Since the
variability of monsoon rainfall is associated with the heat content of the surface waters of the tropical Indian Ocean31, any
�uctuation in the SST may affect the functioning of terrestrial vegetation ecosystems in India.

The Indian Ocean is physically the most complex of the world’s three major oceans32. The differential heating between land and
ocean creates a seasonally reversing monsoonal wind and ocean circulation in the region33. The strong meridional pressure
gradient produced during the boreal summer monsoon forces a southwesterly wind from the Indian Ocean34. However, the role
of the Indian Ocean in the variability of the monsoon rainfall is complex, even though the ocean is an important modulator of
tropical climate variability35,36. In addition to the teleconnections with the Paci�c Ocean, SST changes in the tropical Indian
Ocean play a major role in Indian summer monsoon rainfall (ISMR) variability37. In India, several investigations have been
carried to model the GPP using satellite-derived vegetation indices and their connections with climate parameters such as
rainfall, solar radiation, and temperature25,38,39, but the impact of SST on vegetation productivity remains unexplored. As
phenomena like ENSO and the Indian Ocean Dipole (IOD) impact the tropical climate system40,41, the previous investigations
broadly evaluated the relationships between Indian vegetation productivity and these climate oscillations using the respective
climate indices42. The Indian summer monsoon rainfall, which determines India’s overall vegetation dynamics, is also intimately
linked to the Indian Ocean SST variability since the temperature gradient between the ocean and land is the critical driving
mechanism behind this coupled large-scale circulation43–45. Therefore the tropical Indian Ocean SST has a profound in�uence
on the summer monsoon rainfall variability that is independent of the remote forcing induced by climate oscillations46.

Thus the current study aims to unveil the relationship between the regional-scale variability of the tropical Indian Ocean SST and
the Indian vegetation productivity to identify regions with strong SST–GPP coupling during the summer monsoon. SST was used
as a climatic variable, and SIF was used as the GPP proxy to evaluate the ocean–vegetation intercommunication. To
comprehensively understand the SST-SIF linkage, the Indian mainland was considered as 14 mainland agro-climatic zones
(ACZs) such as Western Himalayan Region (WHR), Trans Gangetic Plains (TGP), Upper Gangetic Plains (UGP), Middle Gangetic
Plains (MGP), Lower Gangetic Plains (LGP), Eastern Himalayan Region (EHR), Western Dry Region (WDR), Central Plateau and
Hills (CPH), Eastern Plateau and Hills (EPH), Gujarat Plain and Hills (GPH), Western Plateau and Hills (WPH), Southern Plateau
and Hills (SPH), Western Coastal Plains and Ghats (WCPG), and Eastern Coastal Plains and Hills (ECPH)47. Likewise, the tropical
Indian Ocean is divided into Western Indian Ocean (WIO), Northern Indian Ocean (NIO), and Central Indian Ocean (CIO).

Results
SIF and SST variations during the summer monsoon
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The 18-year climatology of SIF indicates the spatial variability of the vegetation functional characteristics across India in the
summer monsoon (Fig. 1). Overall, the magnitude of SIF varies by up to 0.55 W m−2 µm−1 sr1. The EHR, which is dominated by
thick forests of the northeastern region, appears to be the most productive ACZ, with a mean SIF of 0.35 W m−2 µm−1 sr−1. The
northwestern desert areas of WDR, characterized by sparse vegetation and an arid climate, are the least productive area and thus
show weak SIF signals (0.05 W m−2 µm−1 sr−1). Details of the estimated SIF are provided in Table S1. Fig. 2 shows the
distribution of SIF values during the monsoon months: the photosynthesis rate is lowest in June and highest in August. During
the monsoon’s initial stages, the maximum SIF values are in the forest areas, while they are comparatively low in croplands. The
contribution of the croplands to the total productivity of the vegetation in India increases rapidly once the monsoon attains its
peak in August. The magnitude of the SIF of the forest ecosystems across the country remains roughly the same even in the
second half of the monsoon, and the SIF variability in August and September is nearly the same. There is a signi�cant
intraseasonal oscillation in this SIF pattern. Overall, the ACZs in the Indo-Gangetic Plains and the central Indian region display
the highest variability in productivity due to signi�cant interannual and intraseasonal changes in the monsoon rainfall at these
locations.

The tropical Indian Ocean SST exhibits a unique regional distribution based on an 18-year monthly climatology of the summer
monsoon. The SSTs of the western, northern, and central Indian Ocean (WIO, NIO, and CIO) have ranges of 26.78–30.22°C,
23.33–29.53°C, and 21.91–28.26°C, respectively (Fig. 1). NIO is the warmest, followed by WIO and CIO. The de-trended time
series of mean monthly SST anomalies during the monsoon period exhibits large interannual variability in each of the oceanic
regions (Fig. 3). The maximum SST anomalies observed are in WIO, followed by NIO and CIO. The SST �uctuations of WIO and
NIO are closely linked (+0.80), although the variations of CIO diverge slightly (Fig. 3-a). The time series of indices such as SST
anomalies in the NINO3 region (NINO3), the dipole mode index (DMI), and difference between the western and central India
Ocean SSTs (W-CIO) represent the possible in�uence of climate events (ENSO and IOD) on the SST variations in individual
Indian Ocean regions (Fig. 3-b). The DMI shows a considerable correlation strength with the SST anomalies in both WIO and NIO
as well as the W-CIO. Relatively, the degree of correlation between the index NINO3 and the three Indian Ocean regions appears to
be weaker.
Linear SST-SIF correlations

The correlations between the SST anomalies in the three Indian Ocean regions and the SIF anomalies in the 14 ACZs were
computed for June, July, August, and September. As per the statistics, the strengths of the SST–SIF associations vary both
spatially and temporally (Table 1). Overall, the Pearson correlation coe�cient reached the maximum value of -0.74, between CIO
and CPH in June. Only the robust SST–SIF connections, which are statistically signi�cant, were evaluated. Broadly, the SIF
anomalies of all the ACZs except EHR appear to be impacted by SST variations in at least one Indian Ocean region during one of
the monsoon months. The SST anomalies in June in WIO show strong correlations with the SIF variability of ECPH (-0.55), EPH
(-0.60), SPH (-0.48), CPH (-0.55), TGP (-0.56), UGP (-0.59), and WHR (0.53), while the correlations with the SIF variabilities in
August in WCPG and LGP were +0.58 and -0.48, respectively. When the monsoon ends in September, WIO shows a strong
correlation with WCPG (+0.59), TGP (0.47), and WDR (-0.51). The coe�cients of the correlation of the SIF anomalies of EPH,
CPH, TGP, UGP, MGP, and WHR with the SST anomalies in NIO in June are -0.53, -0.60, -0.48, -0.54, -0.55, and -0.50. Strong SST–
SIF links are observed only between NIO and WCPG in August (+0.65) and in September (+0.50). Similarly, at the onset of the
monsoon, the CIO SST anomalies are linked to the SIF anomalies of EPH (-0.68), WPH (-0.66), CPH (0.74), TGP (-0.50), UGP
(-0.55), MGP (-0.55), GPH (-0.60), and WHR (-0.54). These ACZs cover the entire Deccan Plateau except for the southern parts, the
full stretch of the Indo-Gangetic Plains, and the hot and cold deserts of India. When the monsoon peaks in August, the
teleconnections with the CIO SST anomalies are con�ned to the arid regions of GPH (+0.59) and WDR (+0.51), on the western
Indian boundary. As the monsoon withdraws, the CIO SST in�uence shifts to ECPH (+0.53) and EPH (+0.48), of eastern coastal
India.
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Table 1
The correlation coe�cients (r) between SST and SIF during the months of June, July, August and September, mentioned across

the western, northern and central Indian Ocean. The statistically signi�cant at P<0.05 correlations are shown in bold tests

  Correlation Coe�cient (r)

Agro

Climatic

zone

Western Indian Ocean (WIO)      Northern Indian Ocean (NIO)         Central Indian Ocean (CIO)

Jun Jul Aug Sep Jun Jul Aug Sep Jun Jul Aug Sep

WCPG -0.415 -0.066 0.581 0.593 -0.083 -0.051 0.649 0.495 -0.296 -0.375 -0.045 0.398

ECPH -0.549 -0.142 0.062 0.216 -0.196 -0.077 0.201 0.262 -0.227 0.147 0.292 0.533

EPH -0.609 -0.207 0.125 0.042 -0.534 -0.313 0.205 0.141 -0.676 -0.241 0.084 0.475

WPH -0.222 0.187 -0.041 -0.332 -0.325 0.061 0.011 -0.270 -0.657 0.266 0.394 -0.061

SPH -0.478 0.005 -0.159 0.037 -0.245 0.0003 -0.037 0.145 -0.295 0.262 0.317 0.387

CPH -0.546 -0.122 0.005 -0.337 -0.607 -0.166 0.163 -0.177 -0.738 0.151 0.425 0.008

TGP -0.559 -0.220 -0.368 -0.472 -0.476 -0.167 -0.184 -0.141 -0.494 0.210 0.382 0.129

UGP -0.593 -0.342 -0.115 -0.087 -0.540 -0.343 0.071 -0.328 -0.546 -0.017 0.116 -0.120

MGP -0.443 -0.401 -0.201 0.219 -0.557 -0.407 -0.016 0.288 -0.554 -0.133 -0.290 0.280

LGP -0.322 -0.445 -0.481 -0.388 -0.282 -0.372 -0.109 0.090 -0.317 -0.016 -0.267 0.351

GPH -0.291 0.119 -0.365 -0.433 -0.387 0.036 -0.137 -0.104 -0.607 0.191 0.592 0.376

WDR -0.408 0.181 -0.280 -0.512 -0.396 0.122 -0.031 -0.149 -0.412 0.228 0.505 0.270

WHR -0.526 -0.400 -0.095 0.057 -0.501 -0.381 0.391 0.206 -0.536 -0.029 0.453 0.258

EHR -0.177 -0.063 -0.369 -0.449 -0.374 -0.121 -0.229 -0.383 -0.128 0.277 0.227 -0.057

 

ENSO and IOD teleconnections 

To isolate the effects of ENSO and the IOD, a partial correlation was calculated between SST and SIF. Only the partial correlation
between the oceanic regions and ACZs having signi�cant linear correlation coe�cients are discussed here (Table 2). Compared
with the standard linear correlations (Table 1), the strength of the SST–SIF association does not decrease greatly even with the
removal of the in�uences of ENSO and the IOD, and some of those relationships remained statistically signi�cant, indicating that
the in�uences of ENSO and the IOD are not very signi�cant. All the ACZs other than the highlighted ones linked with the tropical
Indian Ocean regions. Based on the estimated partial correlations, the intensity of the ENSO and IOD effects on the SIF variability
across India is less in June, but it gradually increases as the monsoon proceeds. Even after excluding the independent effect of
ENSO and the IOD from the respective months, most of the productive ACZs across northern and central-eastern portions of
India maintained their relationship with WIO in June. Similarly, the signi�cance of the NIO SST anomalies is still considerable in
EPH, CPH, UGP, and MGP, whereas the CIO has maintained its SST teleconnection with all of the selected ACZs except TGP. No
considerable ocean–land connectivity is observed in August and September, during which period the WIO SST anomalies are
linked with the SIF variability across India. Besides, in August both NIO and CIO show signi�cant connections only with WCPG
and GPH, respectively. During September, the linkage of the CIO SST shifts to the SIF anomalies of ECPH and LGP. However, there
may still be certain ambiguities in the reported SST–SIF correlations (e.g., interactive effects of ENSO and IOD when they
coincide). The composite of SIF anomalies (Fig. 4), on the other hand, illustrates how India's terrestrial ecosystems respond to
severe positive and negative SST years in the western, northern, and central Indian Oceans, thus clearly representing the
independent in�uence of the tropical Indian Ocean SST on the Indian vegetation productivity.
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Table 2
Partial Correlation coe�cient determined to understand the independent in�uence of SST �uctuations in Indian

Ocean basins over the months of June, August and September, where SST anomalies due to ENSO and IOD events
kept as �xed variables. The highlighted Agro-climatic zones contain the impact of climatic oscillations in the

observed SST-SIF relationship.

  Partial Correlation coe�cient between Indian Ocean SST and SIF limiting NINO3 SST

Oceanic June August September

region ACZ Independent variables ACZ Independent variables ACZ Independent variables

    NINO3 DMI   NINO3 DMI   NINO3 DMI

WIO ECPH -0.55 -0.38 WCPG +0.51 +0.16 WCPG +0.58 +0.316

EPH -0.63 -0.56 LGP -0.59 -0.32 TGP -0.37 -0.69

CPH -0.56 -0.66       WDR -0.34 -0.72

SPH -0.49 -0.37            

TGP -0.57 -0.59            

UGP -0.62 -0.52            

WHR -0.55 -0.50            

NIO                  

EPH -0.51 -0.49 WCPG +0.59 +0.54 WCPG +0.46 +0.24

CPH -0.58 -0.65            

TGP -0.44 -0.47            

UGP -0.51 -0.49            

MGP -0.52 -0.52            

WHR -0.46 -0.47            

CIO                  

EPH -0.66 -0.72 GPH +0.55 +0.58 ECPH +0.55 +0.48

WPH -0.65 -0.66 WDR +0.46 +0.53 EPH +0.53 +0.48

CPH -0.72 -0.74            

TGP -0.463 -0.50            

UGP -0.51 -0.59            

MGP -0.52 -0.58            

GPH -0.58 -0.61            

WHR -0.50 -0.56            

 
The link of SIF variations over India with Indian Ocean SST during early monsoon

The inverse ocean-land linkage observed in the correlation analyses is also seen in the composite anomalies of SIF. It indicates
that the plant productivity in India declines when the WIO, NIO, and CIO are warmer than normal (Fig. 4i-a,b,c). Similarly, the
in�uence of colder-than-normal surface waters in the same oceanic regions enhances plants’ photosynthetic rates, as displayed
by the positive anomalies of SIF (Fig. 4i-d,e,f). However, apart from the results obtained in the correlation analysis, some other
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ACZs are also in�uenced by SST variations in the WIO. This predominantly includes MGP and WPH. Overall, the effect of the WIO
warm anomaly is concentrated on ACZs such as WHR, TGP, UGP, MGP, EPH, WPH, and CPH (Fig. 4i-a). But the in�uence of NIO’s
SST is con�ned to the ACZs that lie in the north-central areas (Fig. 4i-b&e). As per the SST–SIF correlations, the NIO governs the
vegetation productivity only in the EPH, CPH, UGP, and MGP. The composite analysis reveals that WHR and TGP are also subject
to the effect of SST signals from the NIO. However, the oceanic in�uence extends over the same geographical extent in both
analyses. The SST patterns in the western and central oceanic regions are nearly identical, as illustrated in Fig. 1. This similarity
is also observed in the SST teleconnections to SIF anomalies all over India. The in�uence of CIO is predominantly found in the
Indo-Gangetic Plains and the northern and central regions of India (Fig. 4i-c&f). As with the SST interactions from WIO, the SST
anomalies in CIO govern the plant production in EPH, CPH, UGP, and WHR. Furthermore, GPH, WPH, and MGP also showed
linkages to the CIO SST. The composites of SIF anomalies almost agree with the observed correlation with the SST (Table 2).

The linkage between the Indian ecosystem and the tropical Indian Ocean was examined using composite anomalies of the
important hydroclimatic variables (speci�c humidity, rainfall, and soil moisture) and the air temperature. These auxiliary
parameters indicate how the SST variations in WIO, NIO, and CIO are connected with the functionality of the terrestrial ecosystem
through modulation of the availability of water to the plants for photosynthesis. The composite of speci�c humidity (Fig. S1),
rainfall (Fig. S2), soil moisture (Fig. S3), and air temperature (Fig. S4) showed corresponding anomalies that agree with the SIF
pattern according to the warm and cold SST anomalies. Negative anomalies of the speci�c humidity (Fig. S1-a,b,c), rainfall (Fig.
S2-a,b,c), and soil moisture (Fig. S3-a,b,c), together with positive air temperature anomalies (Fig.S4-a,b,c) across India, result in
negative anomalies of SIF because the corresponding water stress reduces the vegetation productivity as the surface waters of
WIO, NIO, and CIO are warmer than normal. Similarly, negative anomalies of air temperature (Fig. S4-d,e,f), together with positive
anomalies of speci�c humidity (Fig. S1-d,e,f), rainfall (Fig.S2- d,e,f), and soil moisture (Fig.S3- d,e,f), occur due to negative SST
anomalies, which reduces the chances of the vegetation experiencing water stress and favour positive SIF anomalies. Except for
WHR, all the agro-meteorological metrics studied here show corresponding anomalies that match the SIF pattern on the same
terrestrial band and are limited mainly to the northern Indian regions when the NIO is warmer than normal, while the central-
eastern side of India exhibits considerable anomalies of these hydroclimatic variables when negative SST anomalies persist in
the NIO. Comparatively, the positive SIF anomalies induced by the negative CIO SST anomalies are weaker across India (Fig. 4i-
f). This effect is also observed in the variation of agro-climatic parameters (Fig. S1-f, S2-f, S3-f, S4-f). Thus the viability of the
identi�ed SST–SIF links is clear when there is a warm anomaly in the CIO, but it is less evident when the anomaly is a cold.
Overall, the results suggest that the relationship between SST variations in the western, northern, and central Indian Ocean and
SIF anomalies across India is feasible through atmospheric teleconnections.

The SST–SIF link after June

The ocean–terrestrial vegetation interactions observed in June appear to deteriorate thereafter, which points to the complexity of
the physical processes associated with the later phase of the summer monsoon. Only a few strong SST–SIF correlations are
seen during August and September in the analyses. The negative SST–SIF correlation observed in June shifts to a mixed kind of
relationship in August and September (Table 1). But mostly, a positive SST–SIF relationship was observed during this phase of
the summer monsoon. Apart from the SST–SIF associations identi�ed in partial correlation analysis, the positive effect of SST
anomalies from Indian Ocean regions slightly in�uences the vegetation productivity of some other terrestrial ecosystems across
India (Fig. 4ii&4iii). However, the cause–effect chain of SST and SIF failed in August (Fig. S5-S8) and September (Fig. S9 & S10)
as the observed composite anomalies are not signi�cant.

Discussion
Our �ndings give another dimension to the impact of climate on the Indian terrestrial ecosystem by incorporating
teleconnections stemming from SST variations in the tropical Indian Ocean. As the SST exerts a major in�uence on the air–sea
interactions, it drives the global weather systems and climate patterns. Therefore changes in the SST, either increases or
decreases, can cause a wide variety of impacts in every component of the climate system. The vegetation carbon dynamics
across India mainly depends on seasonally occurring rainfall events, especially the summer monsoon, which is linked to the
regional SST variations in the Indian Ocean. Therefore, it is expected that the vegetation productivity in India is linked to the SST
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variability in the Indian Ocean. This is correct at a seasonal scale, and we investigated the details by stratifying the monsoon
season into individual months (June, July, August, and September). The idea behind the strati�ed analysis was to understand
the intra-seasonal variability of the SST–SIF relationship rather than establish a general relationship for a season. Indeed, as
expected, a strong SST–SIF link was found only in the early monsoon period. Therefore, the rest of this discussion is mostly
based on the June SST–SIF relationship.

The inverse nature of the SST–SIF relationship in June indicates that vegetation productivity reacts opposite to SST changes.
Warmer SST anomalies in the tropical Indian Ocean regions reduce the land–sea thermal gradient and lead to the weakening of
the monsoon circulation, thus producing negative anomalies of rainfall across India48. The weakened southwesterly wind is also
evident in the composite anomalies of wind speed vectors over the entire study area (Fig. S11), and it hinders the moisture
transport from the tropical Indian Ocean, as depicted by northeasterly anomalies. The consequent reduction in rainfall and soil
moisture and the increase in air temperature create water stress in plants, which decreases the vegetation productivity49–51.
Similarly, cold SST anomalies in the Indian Ocean generate a strong land–sea gradient and increase the monsoon activity. The
relatively strong summer monsoon winds blowing from southwest of the tropical Indian Ocean region (Fig. S12) bring an ample
amount of water to India. The resultant positive rainfall anomalies generate positive anomalies of soil moisture, reduce the
chances of water stress together with cooler air temperature anomalies, and, therefore, enhance the vegetation productivity. The
Indian Ocean is warming in response to global warming, and the impact of this warming through atmospheric teleconnections
should re�ect in the functional characteristics of terrestrial vegetation. An attempt is made to infer such a possibility on the basis
of the present analyses though no attempt has been made here to understand the in�uence of the Indian Ocean warming trend.
It was found that the warmer years of the Indian Ocean are more in�uential as compared with the cooler years, indicating a bias
of the SST–SIF link to warmer trends. This means a warmer Indian Ocean will lead to reduced GPP across India, at least in the
initial phase of the monsoon. Consequently, the decline in vegetation primary production probably will alter the land–
atmosphere–ocean interactions and affects the climate over the Indian subcontinent. A drop in GPP will adversely affect plant
health, reducing crop yields and raising concerns about food security. This may result in signi�cant socio-economic issues in
India along with environmental impacts.

Overall, the SST effect was observed mostly in the plant productivity across the central and northern Indian regions, where the
land largely comprises rain-fed agricultural lands and forest ecosystems, the NPP of which areas �uctuates according to the
monsoon rainfall52,53. Mostly an arid–semi arid climatic condition persists in the ACZs of this region and, in some areas, shifts
to sub-humid climates. Normally, the hydrologic �uctuations control the vegetation growth in arid to semi-arid ecosystems54,55.
Especially in regions that are predominantly covered with rain-fed agricultural lands, the crop productivity depends on the
precipitation as a source56. Additionally, the net primary productivity of the forest ecosystems in the tropical belt depends to a
large extent on the precipitation57.

The inverse relationship between the SST and GPP in June decouples afterward. No signi�cant relationship is found for July,
which could be because of the fact that the rainfall impacts are already factored into the vegetation growth in June. Even though
the composite of SIF exhibits positive anomalies in August and September, their intensities, as well as spatial coverage, are
much smaller compared with the onset phase. This is because once the monsoon establishes over the country in June,
convective heating plays a major role in maintaining the tropospheric temperature gradient and the monsoon circulation during
the remaining months58. The recharge of soil water during the initial phase of the monsoon helps the atmospheric moisture from
terrestrial sources to become more active through evapotranspiration and contributes signi�cantly to the Indian summer
monsoon. Therefore the decoupling the SST–SIF relationship after the onset phase of the monsoon could be due to the
establishment of more local circulations owing to terrestrial moisture build-ups and/or the effects of local interference. The
present study focused mostly on the nature of the SST–GPP relationship, but there are other factors within the ocean–
atmosphere–vegetation interactions, especially during the monsoon. In the future, the authors will investigate these uncertainties
comprehensively and �gure out how the SST–GPP connection works throughout the monsoon. The contribution of the SST to
the vegetation productivity suggests the possibility of prediction, which may facilitate improved GPP forecasts in India. Such
forecasts are bene�cial to forest management practices, and the e�cient use of water resources in croplands. They also
contribute to the understanding of future imbalances in the Indian terrestrial carbon budget arising from climate change.
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Methodology
India is a mega-diverse country that spans latitudes 8–38°N and longitudes 66–100°E (Fig. 1). It has an extent of over 3.287
million km2, of which 44.12% is cultivated land. The country is primarily guarded by the Himalaya in the north and surrounded by
the Indian Ocean on the other three sides. The 20.39% forest cover includes deciduous broad-leaved, deciduous needle-leaved,
evergreen broad-leaved, evergreen needle-leaved, and mangrove forests, along with shrubland and grassland59. The climate of
the country varies from monsoonal to temperate, with complex agro-climatic situations. The country has been divided into
different (homogeneous) ACZs on the basis of physiography, soil, climate, and vegetation by the Indian Planning Commission60.
India experiences the summer monsoon, or southwest monsoon, during June, July, August, and September. This monsoon brings
torrential rainfall to the mainland61. Since the major portion of India’s vegetation relies on the monsoon rainfall, its variability at
any scale has a considerable in�uence on the terrestrial carbon dynamics as well as the food security of the country.

Gridded global datasets of SIF, SST, wind components, speci�c humidity, rainfall, soil moisture, and air temperature collected
during 2001–2018 were used (Table 3). Global Orbiting Carbon Observatory SIF (GOSIF) version 2 data were developed by
integrating coarser Orbiting Carbon Observatory-2 (OCO-2) SIF, surface re�ectance from the Moderate Resolution Imaging
Spectroradiometer (MODIS) and reanalysis meteorological data from the Modern-Era Retrospective Analysis for Research and
Applications (MERRA-2) using machine learning methods62. These SIF estimates are highly correlated with GPP from 91
FLUXNET sites63,64. SST data were collected from the NOAA 0.25° daily Optimum Interpolation Sea Surface Temperature version
2 (OISST V2) high-resolution product65. The dataset was constructed by combining observations from different platforms
(satellites, ships, buoys, and Argo �oats)66. The U and V wind components were collected from the European Centre for Medium-
Range Weather Forecasts (ECMWF) reanalysis dataset67. To represent the in�uence of ENSO, the SST anomalies in the Nino 3
region were derived using the area-averaged SST data obtained from the global climate observing system of Physical Sciences
Laboratory (PSL)68. The intensity of the IOD is represented by the anomalous SST gradient between the western equatorial
Indian Ocean and the southeastern equatorial Indian Ocean, represented by DMI. DMI values were also obtained from the
monthly climate time series provided by PSL69. We used high-resolution daily rainfall data from the India Meteorological
Department. Soil moisture data were obtained from the FEWS NET land data assimilation system model output70. We used
speci�c humidity values at a pressure level of 850 hPa and air temperature at 2 m height, from the MERRA-2 model71.

Table 3
Details of data used during 2001 to 2018 at monthly temporal resolution

Data Spatial Resolution (Deg) Source

Solar-Induced chlorophyll Fluorescence 0.05 x 0.05 GOSIF V2

Sea Surface Temperature 0.25 x 0.25 NOAA OISST V2.1

Air Temperature at 2m 0.5 x 0.625 MERRA-2 Model

Speci�c humidity at 850hPa 0.5 x 0.625 MERRA-2 Model

Rainfall 0.25 x 0.25 IMD

Wind components at 850hPa 0.25 x 0.25 ERA5

Soil Moisture 0.1 x 0.1 FLDAS Model

NINO3 SST and DMI - NOAA PSL GCOS

 
All the datasets were converted to 0.05° × 0.05° gridded data after being processed to a monthly scale. The SST indices were
derived for the WIO, NIO, CIO, and the difference between the western and central India Ocean (W-CIO) by taking area averages
over those domains. The geographical extent of WIO, NIO, and CIO along with the 14 ACZs is given in Fig. 1. The wind speed at
850 hPa was calculated using the formula
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Wind speed=√u2 + v2, where u and v are the zonal and meridional components of the wind, respectively.

An outline of the methodology adopted in this study is provided in Fig. 5. The 18-year climatology was generated for all the
collected datasets and the anomalies during each year in June, July, August, and September were calculated from it. A de-
trended time series was generated for the SST anomalies in each of the three demarcated regions in the Indian Ocean and for
the SIF anomalies in the 14 ACZs separately. Moreover, the W-CIO index was derived from the difference in SST between the
western and central parts of the Indian Ocean. To represent the interactions related to the climate events, the de-trended time
series of NINO3, W-CIO, and DMI was also incorporated in the analysis. The Pearson correlation coe�cient was determined for
all the combinations of the SST and SIF anomalies. To exclude the in�uence of SST anomalies forced by the ENSO and IOD
events, a partial correlation between the SST anomalies in the Indian Ocean and the SIF anomalies in the ACZs was calculated.
To obtain better clarity about the impact of SST variations on the Indian climate and vegetation as well as to understand the
route of the SST–SIF connectivity, composites of the anomalies were made. These were made for the years in which the
anomalies in the SST in the Indian Ocean were above and below +0.5°C and -0.5°C (WIO) and +0.25°C and -0.25°C (NIO and
CIO). These criteria were selected on the basis of the 75th percentile of the representation of extreme SST events. All the
composite anomalies were tested for statistical signi�cance at the 95% con�dence level using the two-tailed Student’s t-test.
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Figure 1

Study area showing the Indian landmass with 14 agro-climatic zones (Upper LH) and the Indian sub-continent with the Indian
Ocean strati�ed into Western, Northern, and Central regions based on the SST pattern (Lower LH). The climatology of SIF and
SST during summer monsoon season is shown for the period of 2001 to 2018 (RH).
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Figure 2

Spatial variation of mean SIF (W m-2 µm-1 Sr-1) across India during the months of a) June, b) July, c) August, and d) September
indicates progressive increase from June to September with respect to growing season. The regions with higher SIF values
during the month of June indicates presence of forest and natural vegetation.
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Figure 3

Time series of basin wise average SST anomalies over a) Western Indian Ocean, North Indian Ocean and Central Indian Ocean,
and time series of b) NINO3 SST anomalies, DMI and W-CIO index during monsoon season (2001- 2018), which depicts a strong
interannual variability.



Page 17/18

Figure 4

4i. Composite anomalies of SIF (W m-2 µm-1 Sr-1) across India during the month of June when, SST anomalies of the Western
Indian Ocean (a,d), Northern Indian Ocean (b,e), and Central Indian Ocean (c,f) demonstrated positive (upper) and negative
(lower) trends. The warmer SST in the Oceanic regions lead to negative SIF anomalies (red), while colder SST leads to positive
SIF anomalies (green) 4ii. Composite anomalies of SIF (W m-2 µm-1 Sr-1) across India during the month of August when, SST
anomalies of the Western Indian Ocean (a,d), Northern Indian Ocean (b,e), and Central Indian Ocean (c,f) demonstrated positive
(upper) and negative (lower) trends. The warmer SST in the Oceanic regions lead to positive SIF anomalies (red), while colder
SST leads to negative SIF anomalies (green) 4iii. Composite anomalies of SIF (W m-2 µm-1 Sr-1) across India during the month
of September when, SST anomalies of the Western Indian Ocean (a,d), Northern Indian Ocean (b,e), and Central Indian Ocean
(c,f) demonstrated positive (upper) and negative (lower) trends. The warmer SST in the Oceanic regions lead to positive SIF
anomalies (red), while colder SST leads to negative SIF anomalies (green)
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Figure 5

Methodology Flow Diagram with various steps followed for establishing relationship between Climate and Primary Productivity
in the Indian sub-continent region
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