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Abstract

Recent studies have shown an increasing trend in hydroclimatic disturbances like

droughts, which are anticipated to become more frequent and intense under global

warming and climate change. Droughts adversely affect the vegetation growth and

crop yield, which enhances the risks to food security for a country like India with

over 1.2 billion people to feed. Here, we compared the response of terrestrial net

primary productivity (NPP) to hydroclimatic disturbances in India at different scales

(i.e., at river basins, land covers, and climate types) to examine the ecosystems’ resi-

lience to such adverse conditions. The ecosystem water use efficiency (WUEe: NPP/

Evapotranspiration) is an effective indicator of ecosystem productivity, linking carbon

(C) and water cycles. We found a significant difference (p < .05) in WUEe across

India at different scales. The ecosystem resilience analysis indicated that most of

the river basins were not resilient enough to hydroclimatic disturbances. Drastic

reduction in WUEe under dry conditions was observed for some basins, which high-

lighted the cross-biome incapability to withstand such conditions. The ecosystem

resilience at land cover and climate type scale did not completely relate to the

basin-scale ecosystem resilience, which indicated that ecosystem resilience at basin

scale is controlled by some other ecohydrological processes. Our results facilitate

the identification of the most sensitive regions in the country for ecosystem man-

agement and climate policy making, and highlight the need for taking sufficient

adaptation measures to ensure sustainability of ecosystems.
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1 | INTRODUCTION

As per Intergovernmental Panel on Climate Change (IPCC), the global

surface temperature will rise and precipitation regimes around the

globe will change substantially under climate change in the 21st cen-

tury (Pachauri & Meyer, 2014). However, the impacts of climate

change are not limited to the atmosphere or hydrosphere, but it also

has a profound influence on ecosystem functioning (Dale, Joyce,

McNulty, & Neilson, 2000; Karl & Trenberth, 2014; Meehl & Tebaldi,

2004; Wheeler & Von Braun, 2013). The productivity of terrestrial

ecosystems is adversely affected by the hydroclimatic disturbances

such as droughts (Breshears et al., 2005; Dale et al., 2000; Thomey

et al., 2011; Xu et al., 2017; Zhao & Running, 2010), which have

implications for the food security, especially for a country like India

with a population over 1.2 billion (Zhang, Obringer, Wei, Chen, &

Niyogi, 2017). Terrestrial ecosystems also play an important role in

global carbon cycle as a major sink for atmospheric CO2 (Cao &

Woodward, 1998; Ciais, Tans, Trolier, White, & Francey, 1995; Yu
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et al., 2014). Terrestrial plants take out CO2 from the atmosphere

through photosynthesis along with the loss of water, which regulates

the mass-energy exchange between the vegetation and the atmo-

sphere (Keenan et al., 2013). The terrestrial net primary production

(NPP) is defined as the difference between the plant photosynthesis

and the autotrophic respiration (Roxburgh, Berry, Buckley, Barnes, &

Roderick, 2005). NPP is an effective indicator for ecosystem func-

tioning and carbon fluxes from ecological and physiological processes

(Cao & Woodward, 1998). Climatic conditions such as precipitation,

temperature, and solar radiation control the primary productivity

(Running et al., 2004). The increase in NPP during 1982-1999 was

attributed to the eased critical climatic constraints on plant growth

(Nemani et al., 2003). Water stress is one of the most important lim-

iting factors, which directly or indirectly constrains the vegetation

productivity (Mu, Zhao, & Running, 2011a). The water loss from the

ecosystem can be divided into two parts: (i) “physiologically produc-

tive water” which represents the transpiration during the growing

season, and (ii) “nonproductive” water loss which includes the water

loss from canopy interception and evaporation from bare soil (Sun

et al., 2016). These two parts of ecosystem water use are controlled

differently by the climatic factors. The reduction in NPP during

2000–2009 was attributed to the large-scale droughts, which indi-

cated the importance of water as limiting factor for the vegetation

productivity (Zhao & Running, 2010). In Europe, the reduction in

gross primary productivity was attributed to the rainfall deficit and

extreme summer heat in 2003 (Ciais et al., 2005). Hence, water

stress or drought has a significant impact of terrestrial ecosystems

as a constraint on vegetation growth. The ecosystem water use effi-

ciency (WUEe), defined as the ratio of the rate of carbon uptake and

the water loss, indicates the interaction of carbon and water fluxes

between the terrestrial ecosystem and atmosphere (Jones, 2004; Niu

et al., 2011; Song et al., 2017; Tang et al., 2014). It is one of the

most important factor controlling plant productivity in dry environ-

ments (Mu et al., 2011a). The hydroclimatic conditions play a crucial

role in spatiotemporal variation in WUEe by affecting the ecosystem

evaporation, transpiration, and carbon uptake (Niu et al., 2011; Yang

et al., 2016).

The spatiotemporal pattern of WUEe and its environmental con-

trols play an important role in understanding the responses of terres-

trial ecosystems to climate change. Several global and regional

studies have been carried out around the globe, but there are very

few studies in India (Huang et al., 2015, 2016; Song et al., 2017;

Tang et al., 2014). The quantification of the patterns of WUEe is

needed to assess the natural and human impacts on terrestrial

ecosystems in the country. A better understanding of how WUEe

responds to hydroclimatic changes will provide insight into how car-

bon and water cycles will change under hydroclimatic alterations

caused due to global climate change (Huang et al., 2015).

In this work, we compared the functional response of WUEe to

hydroclimatic disturbances (particularly droughts) to examine the

ecosystem resilience, which is defined as the ability of the ecosys-

tem to absorb the disturbances and sustain the same functioning

under disturbed conditions (Ponce Campos et al., 2013; Walker,

Holling, Carpenter, & Kinzig, 2004). The climate in most parts of

India is tropical or temperate and hence, the vegetation productivity

is controlled by the water/precipitation (Running et al., 2004; Sun

et al., 2016). However, an increase in both drought severity and fre-

quency has been reported both globally (Dai, 2011, 2013) and in

India (Mallya, Mishra, Niyogi, Tripathi, & Govindaraju, 2015). In addi-

tion, droughts in India have shifted toward the agriculturally impor-

tant Indo-Gangetic, central Maharashtra, and coastal south-India

plains in recent past (Mallya et al., 2015), which adds to the risk for

food security in future as it has already been a serious concern due

to overexploited groundwater (Asoka, Gleeson, Wada, & Mishra,

2017) and fluctuating monsoon rainfall (Mallya et al., 2015). Hence,

in this study, we have tried to assess the impact of water-limited

conditions on the NPP and WUEe.

During the early twenty-first century drought, the ecosystems in

North America and Australia showed remarkable cross-biome resili-

ence, which was assessed using WUEe by Ponce Campos et al.

(2013). A resilient ecosystem absorbs the disturbances and sustains

its productivity by increasing or maintaining WUEe under water-lim-

ited conditions induced by lesser annual precipitation, whereas a

nonresilient ecosystem is not able to sustain productivity under such

conditions. We carried out ecosystem resilience assessment at river

basin scale for better representation of hydroclimatic disturbances,

considering 22 major river basins in India as defined by India-WRIS

(India-WRIS, 2014). We used satellite datasets, terrestrial NPP pro-

duct (MOD17A3), and Evapotranspiration product (MOD16A3) from

the Moderate Resolution Imaging Spectroradiometer (MODIS), for

spatiotemporal assessment of WUEe over 2000 to 2014. The satel-

lites datasets were used due to the unavailability of eddy covariance

sites in India. These satellite products have been used in many regio-

nal and global studies (Anav et al., 2015; Turner et al., 2006; Xue,

Guo, Otto, Xiao, & Tao, 2015; Zhao & Running, 2010). The compara-

tive assessment of different river basins is important for helping to

understand how future climate change will affect the carbon and

energy budgets in different regions. However, the diversity of

responses to disturbances among different ecosystem components

plays an important role in defining the overall ecosystem resilience

(Elmqvist et al., 2003) and hence, the assessment of the contribution

of different factors is necessary. Therefore, the basin-scale assess-

ment of WUEe or ecosystem resilience was further related to land

cover and climate types to understand the role of these factors. The

objectives of this study were to compute and relate the WUEe at dif-

ferent scales (river basin, land cover, and climate type) in India and

to evaluate the ecosystem resilience of different river basins in India

and its relation with the ecosystem resilience at land cover and cli-

mate type scales.

2 | MATERIALS AND METHODS

2.1 | River basin definition

For this study, river basins in India were defined as per the India-

WRIS (Water Resources Information System) report “Watershed
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Atlas of India” (India-WRIS, 2014). The study was carried out at 22

river basins (Fig. S1, Table S1). Table S1 shows the watershed details

and mean annual precipitation (MAP, mm/year) for different basins.

Fig. S1 shows the location of basins and the spatial distribution of

precipitation in India. Ganga Basin (Basin Id 2a) is the largest basin in

terms of the geographical area (8,61,452 km2), whereas East flowing

rivers between Godavari and Krishna Basin (Basin Id 16) is the small-

est basin (12,289 km2). West flowing rivers South of Tapi Basin

(Basin Id 14) receive the highest mean annual rainfall amount of

2755 mm/year due to the presence of Western Ghats. West flowing

rivers of Kutch and Saurashtra including Luni Basin (Basin Id 20),

which covers the arid and semi-arid regions of Rajasthan and

Gujarat, receive the least mean annual rainfall amount of 560 mm/

year.

2.2 | MODIS NPP

We used the global annual MOD17A3 products (Version: 055) from

the NASA Earth Observation System (EOS) program. The global

dataset was developed by Numerical Terradynamic Simulation Group

(NTSG) at University of Montana (UMT) (available from http://www.

ntsg.umt.edu/project/mod17). The MOD17A3 product was gener-

ated using the MOD17 algorithm (Running et al., 2004; Zhao, Hein-

sch, Nemani, & Running, 2005). The global MODIS NPP and Gross

Primary Productivity (GPP) products showed no overall bias across

multiple biomes (Turner et al., 2006). The MOD17A3 product has

been validated and used in many studies (Turner et al., 2006; Zhao,

Running, & Nemani, 2006; Zhao et al., 2005). We used annual NPP

dataset from 2000 to 2014 at a spatial resolution of 1 km. There is

a significant spatial variation in mean annual MODIS NPP across

India (Fig. S2). Northeastern and Western Ghats regions have higher

mean annual NPP (>1500 gC/m2), whereas the arid regions of west-

ern India have the least NPP.

2.3 | MODIS ET

We used evapotranspiration data from the global annual MOD16A3

product from the NASA Earth Observation System (EOS) program.

The dataset is available at same resolution from 2000 to 2014 (avail-

able from http://ntsg.umt.edu/project/mod16). The MOD16 ET

datasets were estimated using improved ET algorithm (Mu, Heinsch,

Zhao, & Running, 2007; Mu, Zhao, & Running, 2011b, 2013). Like

NPP, there is substantial variation in mean annual ET across India

(Fig. S3).

2.4 | Koppen-Geiger climate classification

The Koppen-Geiger climate classification maps were prepared based

on recent datasets from the Climatic Research Unit (CRU) of the

University of East Anglia and the Global Precipitation Climatology

Centre (GPCC) at the German Weather Service (Kottek, Grieser,

Beck, Rudolf, & Rubel, 2006; Rubel & Kottek, 2010) (available from:

http://koeppen-geiger.vu-wien.ac.at/present.htm).

2.5 | Meteorological data

We obtained the daily gridded rainfall dataset (IMD4) from Indian

Meteorological Department (IMD) at a high spatial resolution

(0.25°90.25°) which provides data over the Indian mainland (Pai

et al., 2014). The data were prepared from daily rainfall records from

6955 rain gauge stations in India and is available from 1901 to

2015. The total annual precipitation (sum of daily precipitation, mm/

year) and mean annual precipitation (mean of annual precipitation,

mm/year) at same resolution were computed from daily values.

2.6 | Ecosystem water use efficiency (WUEe)

The annual WUEe was computed at pixel level using annual rasters

of MODIS NPP and ET. First, the pixels corresponding to the valid

and nonfill values of NPP and ET were identified and, then, WUEe

was computed for every valid pixel to represent its spatial variations

within a basin. The average WUEe was computed as the average for

all pixels. The mean annual WUEe (denoted as WUEm) over 15 years

(2000–2014) was computed by averaging all rasters.

2.7 | Ecosystem resilience analysis

The WUEe during the driest year, denoted as WUEd, in the study

duration was compared with the WUEm for each basin to examine

the ecosystem resilience. As water is the climatic control for NPP

over India (see Figure 1 of Running et al. 2004), the hydroclimatic

disturbances were identified based on annual precipitation. The dri-

est year was chosen based on the annual precipitation and Standard-

ized Precipitation Index (SPI) and Standardized Precipitation

Evapotranspiration Index (SPEI) (McKee, Doesken, & Kleist, 1993;

Vicente-Serrano, Beguer�ıa, & L�opez-Moreno, 2010). SPI for the per-

iod 2000–2014 was computed based on long-term precipitation ser-

ies (1901–2015), whereas the SPEI was computed based on long-

term precipitation and temperature series (1951–2014) from IMD.

The negative values of SPI represent the dry conditions. As the pro-

ductivity of resilient ecosystems should not be affected by the dis-

turbance (i.e., the water-limited conditions), the ecosystem that

sustains its productivity by increasing or maintaining its WUEm during

the driest year was considered as resilient. We defined an index Rd

(Equation 1) that represents the ratio of WUEd and WUEm.

Rd ¼ WUEd
WUEm

(1)

The dimensionless Rd can be used for comparative assessment of

ecosystem resilience of different basins. Different classes were formed

based on the value of Rd. If Rd is greater than or equal to 1, the ecosys-

tem is resilient to disturbances as it sustained its productivity despite

the disturbed conditions by increasing the WUEe. If Rd lies between

0.9 and 1, the basin is termed as slightly nonresilient, as the productiv-

ity of the basin is not much affected by the disturbances. If Rd is

between 0.8 and 0.9, the basin is termed as moderately nonresilient

and if Rd is less than 0.8, the basin is termed as severely nonresilient.
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3 | RESULTS

3.1 | Basin-scale WUEe

The mean annual WUEe (denoted as WUEm) showed considerable

spatial variations over India due to different climate, soils, and vege-

tation types. Figure 1a,b show the WUEm and standard deviation

(STD) for different river basins in India. There was a significant dif-

ference, F (21,308) = 127.35, p < .01 (ANOVA), in WUEm across

basins. The basins in the northeastern parts of the country had

higher WUEm followed by northern, eastern, southern, and western

regions, respectively (Figure 1a). The spatial variation in WUEm is clo-

sely related to the variations in the mean annual precipitation (see

Fig. S1) and NPP (see Fig. S2). WUEe for Brahmaputra basin (Basin

Id. 2b, WUEm = 1.111 gC m�2 mm�1) in the northeastern regions

was significantly higher (p < .01) than for other basins, whereas

Mahi basin (Basin Id. 10) in the western region had the least WUEm

(= 0.249 gC m�2 mm�1). The standard deviation (STD, Figure 1b) of

the pixel values of WUEm was highest for Indus basin (Basin Id 1),

followed by Ganga (Basin Id 2a) and Brahmaputra basins (Basin Id

2b), respectively, due to larger geographical areas and presence of

different climate and vegetation types in the basins. STD was less

than 0.2 gC m�2 mm�1 for all other basins, indicating lesser spatial

variations within the basins.

3.2 | Land-cover-scale WUEe

Different vegetation types differ in carbon uptake and water con-

sumption, leading to the differences in WUEe. Figure 2a shows the

spatial distribution of different land cover types in India. This land

cover classification is based on 10 years (2001–2010) of Collection

5.1 MCD12Q1 land cover type data and was obtained from the

USGS Land Cover Institute (LCI, https://landcover.usgs.gov/global_cli

matology.php) (Broxton, Zeng, Sulla-Menashe, & Troch, 2014). Crop-

lands (CR) is the most dominant land cover type in India, covering

about 50% of the total geographical area. Figure 2b shows the

WUEm for major land cover types. It can be seen that forest classes

had higher WUEm compared to other vegetation types, which is con-

sistent with the global studies (Tang et al., 2014). The highest WUEm

(= 1.087 gC m�2 mm�1) was found for Mixed Forests (MF), followed

by Deciduous Needleleaf Forest (DNF, WUEm = 1.001 gC

m�2 mm�1), Evergreen Needleleaf Forest (ENF, WUEm = 0.959 gC

m�2 mm�1), and Evergreen Broadleaf Forest (EBF, WUEm = 0.948

gC m�2 mm�1). In contrast to other forest types, Deciduous Broad-

leaf Forest (DBF) had much smaller WUEm (= 0.416 gC m�2 mm�1),

however, DBF accounts for only 0.56% area. All nonforest land cov-

ers had WUEm less than 0.7 gC m�2 mm�1
.

3.3 | Climate type scale WUEe

India has a diverse spatial distribution of different climate types

(Peel, Finlayson, & McMahon, 2007). Figure 3a shows the spatial dis-

tribution of Koppen-Geiger climate classes in India, which was

derived from Kottek et al. (2006). Southern parts of the country

have tropical (A) climate, northwestern parts have dry (B) climate,

northern and northeastern parts have temperate climate (C), and

Himalayan parts have polar climate (E). Of 31 different climate types

identified in India by Kottek et al. (2006), we considered the climate

types having spatial coverage of more than 2.5% of the total geo-

graphical area. Temperate climate types, Cwa and Cwb, had highest

WUEm of 1.055 gC m�2 mm�1 and 1.009 gC m�2 mm�1, respec-

tively, followed by equatorial and arid climates (Figure 3b), which

was consistent with global studies (Xia, Wang, Mu, Jin, & Sun, 2015).

Arid climates, BWh and BSh, had least WUEm of 0.175 gC m�2 mm�1

and 0.475 gC m�2 mm�1, respectively.

3.4 | Ecosystem resilience analysis at river basin
scale

Table 1 shows the results of the ecosystem resilience analysis of

different river basins. The table shows the computation of Rd,

which indicates the degree to which an ecosystem is affected by
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the hydroclimatic disturbances. Higher the value of Rd, higher the

resilience of ecosystem. Our results showed that only 6 basins

(Basin Id’s 1, 2b, 9, 17, 18, and 20) of 22 river basins were resilient

to climatic disturbances in the study duration (Figure 4). Indus basin

(Basin Id. 1) had the highest Rd, which indicated that the ecosys-

tems in this basin sustained their productivity by increasing the

WUEe under water-limited conditions. Rd for Brahmaputra basin

(Basin Id 2b, the basin with highest WUEm) was slightly above 1,

indicating the resilient characteristics of ecosystems in the basin.

Basin Id. 20, which had low WUEm (= 0.348 gC m�2 mm�1) and

located in arid and semi-arid drought affected regions of Rajasthan

and Gujarat, was also resilient (Rd = 1.189). The ecosystems in arid

regions are habituated to the water-limited conditions due to fre-

quent droughts and hence, have an inherent resilience to such
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(WUEm) (b). Climate classes with an area less than 2.5% of total area were not used in this study

SHARMA AND GOYAL | 5



conditions. In addition, three basins along the coastal south India

(Basins Id’s 9, 17 and 18) were also found resilient. Seven basins

including the Ganga basin (Basin Id. 2a, the largest and most popu-

lous basin) were found slightly nonresilient (0.9 ≤ Rd < 1). The

basins along the Western Ghats (Basin Id. 14), which have generally

water surplus because of high annual rainfall, failed to maintain

their WUEm during the driest year. Three basins (Basin Id’s 4, 8,

and 16) were found moderately nonresilient (0.8 ≤ Rd < 0.9).

Ecosystems in the central and eastern regions of the country were

least resilient to dry conditions as Rd was less than 0.8 for all the

basins in the region. Among all basins, the Mahi basin (Basin Id. 10)

had the highest degree of nonresilience (Rd = 0.592).

3.5 | Ecosystem resilience analysis at land cover
scale

The ecosystem resilience analysis for the major land cover types was

carried out to understand the factors controlling the ecosystem resi-

lience at the basin scale. Table 2 shows the ecosystem resilience

analysis at land cover scale. Only evergreen forests (ENF and EBF)

were found resilient (i.e., Rd ≥ 1) which partially explains the resili-

ence of forest-dominated Brahmaputra basins (Basin Id 2b). Decidu-

ous broadleaf forest (DBF), which had least WUEm among forest

covers, was the least resilient (Rd = 0.70). The WUEe for grasslands

(GR), the most sensitive biome to water availability (Ponce Campos

et al., 2013), decreased slightly for the driest year (Rd = 0.98). Crop-

lands (CR and CNV), the largest land cover in India, had similar

behavior as GR under dry conditions. The ecosystem resilience of

Ganga basin (Basin Id 2a) is consistent with the presence of large

croplands.

3.6 | Ecosystem resilience analysis at climate type
scale

Ecosystem resilience analysis of different climate types indicated

that only three climate types, namely, Csa, Cwb, and ET, were resili-

ent to hydroclimatic disturbances during the study duration

(Table 3). Csa was found the most resilient (Rd = 1.060). The ecosys-

tem productivity of BWh climate type was most affected by the dry

conditions (Rd = 0.627).

Basin
ID WUEm

Driest
year

Mean
SPI6 for
driest
year

Mean
SPEI6 for
driest year

Precipitation
in the driest
year (mm) WUEd Rd ¼ WUEd

WUEm

Resilient
(Rd ≥ 1)

1a 0.802 2002 �0.89 �1.20 466 1.055 1.315 True

2a 0.729 2009 �2.09 �1.02 812 0.67 0.92 False

2ba 1.111 2001 �1.32 �0.71 1982 1.115 1.004 True

2c 0.895 2006 �1.25 �0.73 1741 0.845 0.944 False

3 0.387 2009 �1.39 �1.37 861 0.277 0.716 False

4 0.438 2003 �1.37 �1.09 554 0.373 0.851 False

5 0.643 2002 �2.79 �1.69 488 0.635 0.988 False

6 0.533 2010 �1.73 �0.90 891 0.37 0.695 False

7 0.586 2010 �1.51 �1.50 1081 0.449 0.766 False

8 0.556 2000 �1.3 �0.59 888 0.493 0.887 False

9a 0.631 2014 �0.87 �0.75 490 0.715 1.134 True

10 0.249 2000 �0.88 �0.92 454 0.147 0.592 False

11 0.288 2002 �1.15 �1.18 382 0.283 0.982 False

12 0.366 2000 �0.99 �0.47 681 0.236 0.643 False

13 0.325 2000 �0.55 �0.32 563 0.203 0.624 False

14 0.507 2002 �1.2 �0.59 2220 0.487 0.961 False

15 0.587 2002 �0.47 �0.98 911 0.533 0.909 False

16 0.508 2002 �0.96 �0.59 697 0.438 0.862 False

17a 0.633 2014 �0.7 �0.98 582 0.792 1.25 True

18a 0.799 2002 �2.2 �1.52 464 0.844 1.056 True

19 0.724 2003 �2.4 �1.94 312 0.7 0.968 False

20a 0.348 2002 �0.92 �1.08 232 0.414 1.189 True

SPI6 and SPEI6 represent the 6-month standardized precipitation index and standardized precipitation

evapotranspiration index.
aRepresents the resilient (WUEd ≥ WUEm) basins.

TABLE 1 Ecosystem resilience analysis
at the basin scale
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4 | DISCUSSION

4.1 | WUEe at different scales

Water is the most important limiting factor for primary productivity in

India (Running et al., 2004). Addition of water due to elevated precipi-

tation will simulate the primary productivity more than the ET, leading

to the increase in WUEe. Figure 1a,b shows that Brahmaputra basin

(Basin Id 2b) had the highest WUEm (= 1.111 gC m�2 mm�1), which

can mainly be attributed to the presence of forests in the basin (Fig-

ure 2a), as forest classes had higher WUEm compared to other land

cover types (Figure 2b). Among all river basins, northeastern basins

have the largest forest cover. EBF and MF, respectively, covers

about 24.45% and 21.82% of area in the Brahmaputra basin, with

total forest cover about 50% of the basin area. Similar to Brahmapu-

tra basin, neighboring Barak and other basins (Basin Id 2c) also have

large forest cover about 60.81% of the basin area and, therefore,

have higher WUEm. On the other hand, Mahi basin (Basin Id 10) has

F IGURE 4 Ecosystem resilience of different river basins in India

TABLE 2 Ecosystem resilience analysis
at land cover scale

Land cover type WUEm

Driest
year

Precipitation in the
driest year (mm) WUEd Rd ¼ WUEd

WUEm

Resilient
(Rd ≥ 1)

Evergreen Needleleaf

Forest (ENF)a
0.959 2001 1612 0.990 1.03 True

Evergreen Broadleaf

Forest (EBF)a
0.948 2012 1934 0.951 1.00 True

Deciduous Broadleaf

Forest (DBF)

0.416 2002 983 0.290 0.70 False

Mixed Forests (MF) 1.087 2012 1440 1.034 0.95 False

Grasslands (GR) 0.488 2009 1030 0.478 0.98 False

Croplands (CR) 0.619 2002 743 0.609 0.98 False

Cropland/Natural

Vegetation Mosaic

(CNV)

0.689 2002 1008 0.671 0.97 False

aRepresents the resilient (WUEd ≥ WUEm) land covers.
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the least WUEm (= 0.249 gC m�2 mm�1) due to the absence of for-

est area (<1%), where cropland covers about 83% of basin area (Fig-

ure 2a). The basin had least WUEm due to the low productivity and

high ratio of evaporation to ET associated with sparse vegetation. It

should be noted that Brahmaputra basin has one of the highest

mean annual precipitation (MAP), whereas the Mahi basin has much

smaller MAP (Figure 2b), which shows the dependence of WUEe on

precipitation. In contrast to the good correlation between WUEm and

MAP for different basins, the west flowing rivers South of Tapi Basin

(Basin Id 14) had the highest MAP but lesser WUEm (= 0.507 gC

m�2 mm�1). Basin Id 18 had relatively higher WUEm (= 0.799 gC

m�2 mm�1) compared to other basins in southern regions due to the

large presence of CNV. The moderate WUEm (= 0.802 gC

m�2 mm�1) of Indus basin (Basin Id 1) was due to the presence of

forests in lower Himalayan regions.

Due to different patterns of eco-hydrological process among dif-

ferent vegetation types, the land cover type was one of the major

factors controlling the WUEe at basin scale. In addition to vegetation

types, the hydroclimatic conditions also control the ecological and

hydrological process such as evapotranspiration, plant respiration, etc.

For Indian region, we found that Cwa and Cwb climate types had the

highest WUEm (Figure 3b). These climate types are mainly present in

the Brahmaputra basin (Basin Id 2b, Figure 3a), which had the highest

WUEm. One the other hand, the arid climate types (i.e., BWh and BSh)

had least WUEm, which was consistent with the lesser WUEm of

basins (Basin Id’s 10, 11, 12, 13, and 20) in the western regions.

4.2 | Ecosystem resilience to hydroclimatic
disturbances at different scales

The primary productivity of the ecosystems is affected differently by

the hydroclimatic conditions at different scales because the response

of the ecosystems at different scales is controlled by different eco-

hydrological processes. For example, in arid regions, the productivity

is controlled by the water availability, whereas in mountain regions

solar radiation is the controlling factor. The resilience of an ecosys-

tem to the disturbance represents the cross-biome capability to tol-

erate the disturbed conditions (Ponce Campos et al., 2013). For

Indian conditions, the major climatic control on the vegetation pro-

ductivity is the water availability or precipitation (Running et al.,

2004). A decrease (increase) in water availability to the vegetation

will result in lower (higher) primary productivity. We evaluated the

ecosystem resilience in terms of the capability of an ecosystem to

maintain its productivity during the hydroclimatic disturbance (i.e.,

water-limited conditions). Our results show that only 6 (of 22) river

basins were able to sustain their primary productivity by increasing

the WUEe under driest year (Figure 4). As the ecosystem response to

the hydroclimatic changes is driven by the dominant species, we

related the ecosystem resilience of a basin to the land cover types

and climate types present in the basin. The land-cover-scale ecosys-

tem resilience analysis indicated that only two forest classes (ENF

and EBF) were resilient during the study duration (Table 2). The pres-

ence of these biomes in Brahmaputra basin could be the reason for

the resilient characteristics of the basin. In addition, Brahmaputra

basin has Cwa and Cwb climate types, which were found resilient

(Table 3). A dynamic vegetation modeling-based study on Indian for-

ests also found the northeastern forests resilient to climatic changes

(Chaturvedi et al., 2011). The least resilient basins include Basin Id’s

3, 6, 7, 10, 12, and 13, which are mainly located in the central India.

CR and Woody Savannas (WS) are the major land cover types in

these regions; whereas Aw, As, and BSh are the dominant climate

types. Our results showed that these land cover or climate types

were not resilient, which had resulted into nonresilient characteris-

tics of the central India. Forests in some parts of Western Ghats and

central India were found more vulnerable (least resilient) to climate

change (Chaturvedi et al., 2011), which was consistent with our

results. Ganga basin, the most populous and agriculturally important

basin, (Basin Id 2a) was also found slightly nonresilient (Rd = 0.920).

CR is the most dominant land cover type in the basin, and Csa, Aw,

and Cwa are the major climate types. Although Csa was found resili-

ent, but the contribution from other climate types have resulted in

overall nonresilient characteristics of the basin. The anthropogenic

factors such as population growth, deforestation, agricultural activi-

ties, urbanization, and construction activities have deteriorated the

ecology of the basin (Sarkar, Bhattacharya, & Bhattacharya, 2003),

which could be the possible reason behind the nonresilient

Climate
Type

Percent
Area (%) WUEm

Driest
year

Precipitation in the
driest year (mm) WUEd Rd ¼ WUEd

WUEm

Resilient
(Rd ≥ 1)

Am 2.99 0.535 2002 1930.38 0.513 0.958 False

As 5.51 0.400 2000 787.19 0.261 0.653 False

Aw 25.88 0.504 2002 892.21 0.425 0.844 False

BWh 6.48 0.175 2002 95.21 0.110 0.627 False

BSh 21.45 0.475 2002 440.07 0.429 0.903 False

Csaa 6.63 0.476 2007 692.14 0.505 1.060 True

Cwa 19.32 1.055 2009 1257.54 1.041 0.987 False

Cwba 3.16 1.009 2001 1515.10 1.027 1.018 True

ETa 3.29 0.242 2014 545.71 0.257 1.060 True

aRepresents the resilient (WUEd ≥ WUEm) climate types.

TABLE 3 Ecosystem resilience analysis
at Koppen-Geiger climate type scale
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characteristics of the basin. Aw climate type, the most dominant cli-

mate in the eastern and southern regions, was found moderately

nonresilient (Rd = 0.844), which was also consistent with basins fall-

ing in these regions except for Basin Id’s 9, 17, and 18. As climate

type, mainly limited to the central parts, was found severely nonre-

silient (Rd = 0.653) and was consistent with basins in central parts

(Basin Id’s 3, 12, and 13). The nonresilient characteristics of the

ecosystem in these basins were consistent with the higher vulnera-

bility of forests in the region to climate change (Chaturvedi et al.,

2011). Ecosystems in arid climate were found nonresilient, which

was consistent with Krishna basin (Basin Id 4). On the other hand,

Basin Id 20 was found resilient which was inconsistent with the

presence of arid climates. Although land cover and climate type were

related to the ecosystem resilience of some basins, but the ecosys-

tem response in other basins cannot be completely related to these

two factors due to substantial eco-hydrological variations within the

basins. This highlights that there is a need to further investigate the

eco-hydrological processes that govern the complex climate–soil–

plant interactions.

4.3 | Implications for climate change

The results of our study facilitate understanding of how ecosystems

in different regions of the country respond to hydroclimatic distur-

bances. Under the scenarios of increasing trend in drought severity

and frequency during the recent decades (Mallya et al., 2015; Mis-

hra, Aadhar, Akarsh, Pai, & Kumar, 2016) and projected future possi-

ble reductions in monsoon-related rainfall in the country (Prabhakar

& Shaw, 2008), ecosystems in India will face many hydroclimatic dis-

turbances such as droughts. The nonresilient characteristics of most

river basins suggested that the NPP would decrease under such con-

ditions in the future. The results of this study are compelling as it

highlights that ecosystems in most of the basins are not resilient to

hydroclimatic disturbances as anticipated for future through increas-

ing trend of droughts in India (Mallya et al., 2015). The inability of

ecosystems at different scales to tolerate the water-limited condi-

tions may pose a serious challenge in terms of carbon sequestration,

crop production, and food security. This study, to our knowledge, is

the first to relate WUEe with ecosystem resilience in India. Our

results also provide the knowledge about the hotspots for the

ecosystem management and climate policy making.
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