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Abstract

Climate change-induced aridity changes are observed globally and in India, with variable spatial and temporal distribution.
Unlike droughts, aridity denotes a persistent climate condition requiring in-depth analysis utilising long-term data to
identify any significant spatio-temporal shifts. Given the absence of a comprehensive assessment covering the entire Indian
subcontinent, the primary objective of this study is to investigate the spatial change in aridity, its temporal trend, and the
change point of its mean values across Indian mainland considering a time period of 1902-2021. Furthermore, this study
also investigates the spatio-temporal variations in desertification vulnerability across the Indian mainland. Findings from
the study reveal the potential for both desertification and oasification across India’s diverse climate regions. Analysis over
a period of 120 years (1902 to 2021), the aridity index (Al), which is calculated as a ratio of precipitation (P) and potential
evapotranspiration (PET), reveals that eastern and northeast states (20% of total area) show a significant decreasing trend
in the aridity index (i.e., increased aridity). In contrast, parts of north-western and southern peninsular India (21% of the
total area) show a significant increasing trend (i.e., decreased aridity). This pattern shows a tendency to shift towards dryer
condition in the eastern and northeast regions of India, while oasification propensity is seen in the north-western and southern
regions. Wherever these changes were observed, 59% of the area experienced a sudden change in mean Al (change point
at 5% significance level) between 1950 and 1980, which can be attributed to the shift in the global climate regime during
the 1970s and 1980s. Furthermore, spatial extent of sub-humid regions has increased by 6.3% between pre-change point
(1902-1951) and post-change point (1982-2021) time period, while semi-arid zones have been found to shrink with time.
The change can be mainly attributed to changes in P and PET across India. Overall, this study emphasizes on the potential
oasification and desertification trends and the vulnerability towards desertification across India. The findings enhance the
understanding of impending desertification/oasification, aiding future agricultural and hydrological planning.

1 Introduction

Aridity is a climatic phenomenon that is primarily
identified by a deficiency in the availability of water. As
Agnew and Anderson (1992) described, aridity primarily
depends on a region’s average climatic conditions, generally
indicating a lack of moisture. The arid and semi-arid
regions, commonly referred to as drylands, are highly
vulnerable to desertification (Mirzabaev et al. 2022).
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Drylands accommodate nearly 40% of the global population
(Mirzabaev et al. 2022), and according to observed data,
the drylands expanded by about 4-8% during the twentieth
century globally and now spanned across roughly 40% of
the land area (Feng and Fu 2013; Schlaepfer et al. 2017). In
India, the semi-arid region accounts for 42.9% of the gross
cropped area, supporting approximately 37% of the total
population (Squires and Gaur 2020). The vulnerability of
dryland ecosystems to desertification is greatly amplified
by the synergistic impacts of anthropogenic climate change,
increasing pressures on already limited resources, and the
implementation of unsustainable management strategies
(El-Beltagy and Madkour 2012).

In contrast to the desertification process, which
degrades the productivity of a large area of land along
with water, flora, and livestock, oasification improves
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soil moisture, water availability and creates habitats for
humans and wildlife (Xue et al. 2019). Anthropogenic
activities, coupled with global warming, have amplified
the processes of desertification and oasification, resulting
in considerable modifications to the dynamics of the
atmosphere-water-soil-plant system, particularly in arid
and semi-arid areas (Xue et al. 2019). Previous studies
have shown evidence of changing patterns of precipitation,
temperature, and soil moisture across the globe, including
India (Dash and Maity 2021; Dutta and Maity 2022).
Globally, extensive aridification across continents can be
primarily attributed to the significant rise in greenhouse
gas (GHG) emissions and the subsequent increase in
temperatures over multiple decades (Bonfils et al. 2020).
D’Odorico et al. (2013) showed that a combination of
rising aridity and widespread land use practices can cause
severe land degradation, which in turn aggravates the
effects of climatic change occurring close to the surface
and accelerates the process of desertification over time.
However, it is worth noting that many arid ecosystems
have also demonstrated substantial greening and increased
vegetation productivity since the 1980s (Lian et al. 2021)
due to climate change (Zhu et al. 2023).

Several studies have also been conducted to analyse the
change in aridity across the Indian mainland. Based on data
from 1951 to 2005, Ramarao et al. (2019) showed that a
reduction in precipitation and a rise in PET have led to
an increase in aridity across the bulk of India’s semi-arid
region. Goparaju and Ahmad (2019) assessed the seasonal
aridity across India based on the cropping season and
concluded that some districts with sufficient precipitation
are experiencing high aridity during the rabi and zaid
seasons, which hinders crop production. A study by Sahu
et al., (2021) revealed that the dryness and wetness are
increasing in different parts of the country. Kalyan et al.
(2021) studied the desertification vulnerability index over
Bana River basin, a semi-arid region of Rajasthan, and
found that the desertification vulnerability has decreased for
30% of the area, whereas it increased for 70% of the area.
Such changes can be attributed to the changes (positive or
negative) in precipitation and temperature across Rajasthan
(Pradhan et al. 2019). Choudhary et al. (2023) demonstrated
a consistently decreasing humid condition across northeast
India by employing the (Barrow 1992) Al index for the
period 1969-2017.

To this end, it is essential to investigate the change in
aridity across distinct climatic zones of the Indian main-
land by determining the aridity change point over a suf-
ficiently long time period and identifying zones with
desertification or oasification trends, thereby facilitating
water resource planning and management in various sec-
tors. Before proceeding further, it is worthwhile to note the
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fundamental difference between aridity and drought, with
the former being a long-term climatic condition and the
latter being a transient phenomenon based on water deficit.

Aridity is defined based on various indices in several
studies. Budyko’s aridity index is used by Oguntunde
et al. (2006) to examine the trends in aridity across the
Volta River Basin in West Africa. The worldwide aridity
phenomena have been studied by Huang et al. (2016)
and (Asadi Zarch et al. 2015) using the United Nations
Environment Programme (Barrow 1992) and United
Nations Educational, Scientific and Cultural Organization
(UNESCO 1979) aridity indices, respectively. De
Martonne, (1926) aridity index is used in a study by
Zhang et al. (2009) to examine the underlying trends
in aridity across the Pearl River basin in South China,
whereas Huo et al. (2013) utilised the Thornthwaite
(1948) aridity index to detect the trends in aridity over
northwest China. Sahu et al. (2021) and Goparaju and
Ahmad (2019) have considered Thornthwaite and Mather
(1955) aridity index and UNESCO (1979) aridity index
respectively, to examine the aridity across India. Among
the indices used, those based on precipitation along with
potential evapotranspiration (PET) are accepted widely
because of their robustness owing to the inclusion of
critical meteorological variables like temperature, solar
radiation, atmospheric humidity, wind, surface albedo
(Yang and Yang 2012). For instance, the emerald city
of Seattle, Washington receives, on average, 950 mm of
precipitation each year. However, the climate of Dallas,
Texas, which likewise receives 950 mm of precipitation
annually on average, appears significantly dryer (Scheff
and Frierson 2015). This is because of the higher
temperatures and dry air, which help to evaporate more
water from plants and soil. Therefore, when quantifying
climatic aridity, P relative to PET must be considered
(Hartmann 1994).

While the findings of the aforementioned studies
pertaining to aridity offer valuable insights, they are
constrained by their utilization of a limited time span,
which may not be enough to capture the long-term shift in
aridity and may not accurately represent the long-term trend
in aridity across India’s diverse climate. In addition, the
aforementioned studies have not attempted to identify the
change point at which such shifts in aridity occurred, which
may be an essential component in comprehending why it
occurs. Hence, a comprehensive analysis of the aridity index
as well as desertification vulnerability utilising long-term
data is essential for the assessment of potential desertification
and oasification tendencies, if any, as it is evident that there is
a spatial redistribution of rainfall patterns across many parts
of the world as well as India (Maity and Maity 2022; Schlef
et al. 2023). Thus, the aim of this study is to investigate
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the possible desertification/oasification trend, along with
identification of such change points and assessment of spatio-
temporal changes in desertification vulnerability index (DVI)
across the Indian mainland between 1902 and 2021 on a
decadal and annual scale. Furthermore, the study also tries
to quantify any changes in the spatial extents of aridity-based
climate zones. For this purpose, internationally recognized
UNESCO (1979) aridity index is utilised because the usage
of a single aridity index enables a quantitative evaluation of
the spatial pattern and builds a better conceptualization of
the underlying trends in aridity. However, the present study
only explores the changes in aridity during the observed
period which could potentially shift in a positive or negative
direction in the future.

2 Study area

As stated, the entire Indian mainland constitutes the study
area (Fig. 1). India has a total land area of 3,287,263 km?
that encompasses multiple climatic zones between latitudes
8.4°N and 37.6°N and longitudes 68.7°E and 97.25°E. The
Indian Ocean bounds India to the south, the Arabian Sea to the

southwest, and the Bay of Bengal to the east. The administra-
tive division of India consists of 28 states and 8 union territo-
ries. Roughly 60% of the total land area is used for agricultural
purposes, while nearly 22% is forest land (Ahmad et al. 2019).
Southwest monsoon during June—September contributes about
80% of total annual rainfall over India (Sahu et al. 2021). India
exhibits diverse bioclimatic variations, and the ongoing climate
change is expected to influence it (Shukla et al. 2017).

3 Data and methodology
3.1 Data used

The current study uses the monthly mean precipitation (P) and
potential evapotranspiration (PET) data to compute the arid-
ity index. The data for the aforementioned variables are col-
lected from the Climatic Research Unit (CRU) (https://cruda
ta.uea.ac.uk/cru/data/hrg/ accessed on October 2022), which
is continuously being improved and maintained by principally
UK’s Natural Environment Research Council (NERC) and
the United States Department of Energy for the entire globe.
These datasets relate to the Climatic Research Unit (CRU)

Fig. 1 Digital Elevation Model 70°E 80°E 90°E
(DEM) of the study area (Indian
mainland) generated from Shut-
tle Radar Topography Mission
(SRTM) data (https://www.
earthdata.nasa.gov/)
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gridded time Series version 4.06 (CRU TS v. 4.06) (Harris
et al. 2020). For this analysis, precipitation and PET data
from CRU TS v. 4.06 datasets are obtained for the period of
1902 to 2021 with 0.5°%0.5° (55 km X 55 km) horizontal grid
resolution across the Indian mainland. The CRU datasets are
based on in situ observations and have proven to perform well
in different regions across the globe (Sun et al. 2018; Shen
et al. 2021). Various quality-control techniques, including the
exclusion of outliers and short records, have been employed
in the compilation of the most recent CRU database (Harris
et al. 2020). Recent hydro-climatological research conducted
around the globe has utilised CRU data with great effective-
ness (Ahmed et al. 2020).

Penman—Monteith equation is used to calculate the PET
data in the CRU database (Harris et al. 2020) as it offers
the best estimate of PET compared to other formulas and
also suggested by the Food and Agriculture Organization
(FAO) (Koutroulis 2019). The Penman—Monteith equation
has been adopted in several studies to calculate PET (Lick-
ley and Solomon 2018; Salam et al. 2020). Additionally,
for DVI, the digital elevation model (DEM) is obtained
from the Shuttle Radar Topography Mission (SRTM)
(https://www.earthdata.nasa.gov/ accessed on August
2023). Soil texture data is obtained from Regridded Har-
monized World Soil Database v1.2 (https://daac.ornl.
gov/cgi-bin/dsviewer.pl?ds_id=1247 accessed on August
2023) (Wieder 2014) and soil depth data is obtained from
the National Remote Sensing Centre (NRCS) archive of
Bhuvan (https://bhuvan-app3.nrsc.gov.in/data/download/
index.php accessed on August 2023). Further description
of the dataset to calculate DVI is described in Section 3.4.

3.2 Aridity indices

Aridity indices can quantify the degree of water scarcity in
a given region due to long-term climate change. Typically,
aridity is measured as a function of annual mean precipitation.
For instance, a typical precipitation-based definition of an arid
region is one with fewer than 250 mm of precipitation per
year. The Intergovernmental Panel on Climate Change (IPCC)
utilised this criterion for aridity IPCC 2007). Semi-arid loca-
tions are often characterised by yearly precipitation between
and (250 and 500 mm). Aridity indexes that have achieved
general recognition consider all three criteria, whether directly
or indirectly. Although there is consensus regarding the broad
location of arid regions, there is disagreement regarding the
methods used to distinguish the specific boundaries of ter-
ritories with varying degrees of aridity (Agnew & Anderson
1992). Several other aridity indices have also been introduced,
primarily based on potential evapotranspiration (PET). Some
of these indices are (1) Thornthwaite aridity index (Thorn-
thwaite 1948), (2) Erinc’s aridity index (Ering 1965), (3)
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United Nations Environment Programme (Barrow 1992) arid-
ity index, and (4) United Nations Educational, Scientific and
Cultural Organization (UNESCO 1979) aridity index.

In this study, we have used the aridity index (AI) for-
mulated by UNESCO 1979, which is based on the ratio of
annual precipitation and potential evapotranspiration and
expressed by Eq. (1) as follows:

P

Al= —
PET M

where, PET is calculated using the Penman—Monteith for-
mula (Penman 1948; Monteith 1965; Zotarelli et al. 2014).
Thus, the index is conceptually simple and requires only pre-
cipitation and potential evapotranspiration data. However,
the index bears a signature of different hydrometeorologi-
cal characteristics, such as temperature, relative humidity,
precipitation, solar radiation, and wind speed. Based on this
index, five aridity classes are defined, and the details are
provided in Table 1.

3.3 Statistical analysis

In this study, non-parametric statistical tests like Sen’s
Slope estimator (Sen 1968) combined with modified
Mann-Kendall (m—MK) test (Hamed and Ramachandra Rao
1998) is used to determine the decadal trend, rate of change
of Al as well as the corresponding area at 0.05 significant
level. Pettitt test (Pettitt 1979) is used to determine the
change point in the mean aridity index at an annual scale.
Non-parametric tests like Pettitt test and m-MK test methods
are less sensitive to outliers and missing values in a time
series (Ullah et al. 2019); hence, it is robust and resilient
compared to parametric ones (Wang 2006). Furthermore,
it does not require prior distribution knowledge or data
normality and is less sensitive to unexpected gaps in a time
series (Conover 2006).

The Mann-Kendall (MK) test is an effective method for
detecting trends in a time series. However, the presence of
positive autocorrelation increases the likelihood of identi-
fying a trend even when one does not exist (Hamed and
Ramachandra Rao 1998). The m-MK test is an improvement
over the MK test, as it includes an autocorrelation correction

Table 1 Classification of aridity index (AI) based on UNESCO
(1979) (Asadi Zarch et al. 2015)

Classifications Aridity index (AI)
Hyper arid AI<0.03

Arid 0.03<AI<0.2
Semi-arid 0.2<AI<0.5
Sub humid 0.5<AI<0.75
Humid Al>0.75
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coefficient (Eq. (5)) to remove errors caused by autocorrela-
tion in a time series, if present.

In addition, the Innovative Polygon Trend Analysis (IPTA)
(Sen et al. 2019) is also employed to compare the results
obtained from the m-MK test. IPTA is unaffected by auto-
correlation and is mathematically simple (Sen et al. 2019).
However, in the present study, results from the m-MK test are
utilised for further analysis, while IPTA is used only to verify
the trend pattern obtained from the m-MK test.

Pettitt test is frequently employed for change point detection
as it is not restricted by distributional assumptions and is effec-
tive in identifying a single dominant change point (Shukla et al.
2023; Soorya Gayathri et al. 2023). In the subsequent section,
the m-MK test and Pettitt test are explained briefly. The detailed
methodology for IPTA can be found in Sen et al. (2019).

3.3.1 Modified Mann-Kendall test (m-MK)

The most frequent method for detecting trends in hydrome-
teorological time series data is the modified Mann—Kendall
(m—MK) test, which is a non-parametric, two-tailed statisti-
cal test based on rank system (Hamid and Ramachandra Rao,
1998). As a first step, data are detrended, and then the effec-
tive sample size is determined by ranking the coefficients
of significant serial correlation. The null hypothesis (H,) of
the m-MK test states that there is no monotonic trend in the
intended significance level against the alternative hypothesis
(H,) that the data follow a monotonic trend. The test statis-
tics is given by Eq. (2) as follows:

n—1 n .
S = Zi:l Zj:m sign (xj - x,-) 2)

where n indicates the total number of data, and x; and x;
denote the data points of time i and j. sign(xj - xi) is given
by Eq. (3).

=+lifx; —x; >0
Sign(x; —x;) =4 =0ifx;—x; =0 3)
=-lifx; —x; <0
The variance of S, modified VAR(S), can be estimated
using Eq. (4) as (Hamed and Ramachandra Rao 1998):

VAR(S) = %{n(n — D(@2n +5)} <nﬁ> )

*
e

The autocorrelation correction coefficient (ni) is evalu-

ated by Eq. (5) as follows:

n 2 n-1 . . . .
(—) =1+ m Zi:l =0 —1i-1)n—-1i-2)p>),
%

In this equation, p(i), represents the autocorrelation
across ranks of calculated observations, and n is the opti-
mal number of observations for calculating autocorrelation
in data.

The standardized test measurement Z is given by Eq. (6)
as follows for n> 10:

S—1 .
ARG if §$>0
Z = 0 ,if§=0 6)
_VS;(S) ,ifS<0

At a significance level of a =0.05, a Z-score greater
than 1.96 (Z critical) indicates a significant positive trend,
whereas a Z-score less than -1.96 indicates a significant
negative trend, and the trend is insignificant when the
value falls within -1.96 and + 1.96.

3.3.2 Pettitt test

Detecting the change points is one of the most crucial
components of analysing climatic and hydrological data
series (Gao et al. 2011). The non-parametric method,
devised by Pettitt (1979), permits the identification of a
significant change point in a time series when the exact
timing of the change is uncertain. The null hypothesis
states that there is no change point in the series; the
alternative hypothesis is that there is a change point,
which is characterised by two samples, such as x;, X,...,
Xy and X ., X5..., X, are from the same population. The
test statistic U, , is given by Eq. (7):

n i-1
U= Dy Do, S8 = X)) %)
where sign is defined by Eq. (8):

+1if (X, - X;) > 0
Sign(X; - X;) =1 0if(X; - X;) =0 @®)
~1if (X, - X)) <0
The test statistic calculates the instances in which a
member of the first sample is greater than a member of
the second sample. Most of the unique change points are
identified at the point where the magnitude of the test statistics
|Ut, nl is maximum.
Pettitt Test Statistic for two tail tests is given by Eq. (9):

K; =Max|U,,|,1 <t<n )

When IU, | is maximum, the associated confidence level
(p) for the sample length (n) may be described by Eq. (10) as:
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_ —6K,* 0
p=2em\ s (10

Once the p-value falls below the predetermined signifi-
cance level of 0.05, the null hypothesis can be rejected, and
the data can be divided into two subseries (before and after
the transition point).

3.4 Desertification Vulnerability Index (DVI)

In the present study, the areas sensitive to desertification are
identified by calculating the desertification vulnerability index
(DVI) (Kalyan et al. 2021). DVI is generally calculated as the
geometric mean of several other indices such as climate qual-
ity index (CQI), soil quality index (SQI), socioeconomic qual-
ity index (SoQI) and so on (Xu et al. 2019; Kalyan et al. 2021;
Perovic et al. 2021). In this study, we have utilised only CQI
and SQI to calculate DVI (Eq. (11)). Further the changes in
DVI between the pre-change point (1902-1951) and the post-
change point (1982-2021) (refer to Section 4.4) are analysed
to identify the regions with increased or decreased DVI. The
equation of DVI is given by Eq. (11) as follows:

DVI = (CQI x SQI)'/? (11)

The indices and necessary additional data to calculate
DVI are described in the subsequent sections.

3.4.1 Climate Quality Index (CQlI)

The Climate Quality Index (CQI) relates the impact
of climate variation with desertification sensitivity. In
this study, it was estimated based on the following three
parameters: mean annual precipitation, Al, and slope-
aspect. The annual precipitation is obtained from CRU
data as described in Section 3.1 and Al is calculated as
per Section 3.2. Slope aspect is calculated from a digital

elevation model obtained from Shuttle Radar Topogra-
phy Mission (SRTM) (https://www.earthdata.nasa.gov
accessed on August 2023) and resampled to the same
resolution as CRU using QGIS 3.32.2 software. Subse-
quently, the values of these three parameters are assigned
weights, and the geometric mean values of these weights
are calculated to determine the CQI utilising Eq. (12),
which is as follows:

CQI = (annual precipitation X aridity index X slope aspect)l/ 3 (12)

The values and assigned weights for the parameters of
CQI are listed in Table 2.

3.4.2 Soil Quality Index (SQI)

The Soil Quality Index (SQI) measures the effect of the
landscape as well as the soil conditions on desertification.
The SQI considers the slope of the terrain, soil texture,
and soil depth to quantify the region’s resilience against
desertification, or, in other words, how vulnerable it is
to desertification. Generally, a higher slope is associated
with decreased soil stability, which is prone to erosion
(Siswanto and Sule 2019). Soil texture and depth also
have significant impacts on land desertification. Soils
with shallow depth and a high proportion of sand have
a reduced water-holding capacity and are more suscep-
tible to erosion (Xu et al. 2019). Due to changing cli-
mate, regions with such soil features are generally more
sensitive to desertification. The SQI is calculated using
Eq. (13) as follows (Siswanto and Sule 2019; Kalyan et al.
2021; Perovié et al. 2021):

SQI = (Slope x Soil texture X Soil depth)l/3 (13)

The slope is calculated from DEM obtained from Shut-
tle Radar Topography Mission (SRTM) (https://www.

Table 2 Description of
parameters used to obtain

the Climate Quality Index
(CQI). Low to high values of (mm)
weights indicate very good to

very poor resilience against

desertification, respectively

Parameter Description Weight References
Annual precipitation > 1000 1 Xu et al.
650-1000 1.33 (2019); |
Perovié et al.
280-650 1.67 2021)
<280 2
Aridity Humid (>0.75) 1 Asadi Zarch
Dry sub-humid (0.5-0.75) 1.33 etal. (2015)1z
. Perovic et al.
Semi-arid (0.2-0.5) 1.67 (2021)
Arid (0.03-0.2) 2
Slope aspect Flat 1 Xu et al. (2019)
West, Northwest, North 1.33
Northeast, East 1.67
Southeast, South, Southwest 2
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earthdata.nasa.gov accessed on August 2023) and resa-
mpled to the same resolution as CRU using QGIS 3.32.2
software. Soil texture data is calculated from Regridded
Harmonized World Soil Database v1.2 (https://daac.ornl.
gov/cgi-bin/dsviewer.pl?ds_id=1247 accessed on August
2023) (Wieder 2014) and Soil depth data is obtained from
the National Remote Sensing Centre (NRCS) archive of
Bhuvan (https://bhuvan-app3.nrsc.gov.in/data/download/
index.php accessed on August 2023). The description and
weights of the parameters are listed in Table 3.

4 Results and discussions

4.1 Spatial distribution of precipitation (P)
and potential evapotranspiration (PET)

The spatial distribution of precipitation (P) and potential
evapotranspiration (PET) plays a vital role in comprehend-
ing the aridity within a particular region. While previous
studies have adequately outlined the spatial patterns of
P and PET across various time periods (Mukherjee et al.
2015; Lakshmi et al. 2019), it remains necessary to pro-
vide an overview of these patterns before looking into
an in-depth analysis of aridity trends across India. From
1902 to 2021, mean annual precipitation varied from less
than 100 mm to more than 4000 mm across India, with
an average of 1093 mm (Fig. 2a). Maximum precipita-
tion is noted across the western ghat region and north-
east India, while lower precipitation is observed across
the north-western region of the country and the leeward
side of the western ghat. Furthermore, the coefficient of

Table 3 Description of parameters used to obtain the Soil Quality
Index (SQI). Low to high values of weights indicate very good to
very poor resilience against desertification, respectively

Parameter Description Weight References
Texture* L,SCL,SL,LS,CL 1 Kosmas et al. (1999)
SC, SiL SiCL 1.33
Si, C, SiC 1.67
S 2
Slope <6 1 Kosmas et al. (1999)
(%) 6-18 1.33
18-35 1.67
>35 2
Soil depth (cm) >75 1 Kosmas et al. (1999)
30-75 1.33
15-30 1.67
<15 2

*L, loamy; SCL, sandy clay loam; SL, sandy loam; LS, loamy sand;
CL, clayey loam; SC, sandly clay; SiL, silty loam; SiCL, silty clay
loam; Si, silt; C, clay; SiC, silty clay, S, sand

variation (CV) of precipitation is observed to be highest in
the lowest precipitation regions, such as Gujarat, followed
by Rajasthan, while the minimum CV is noted in parts of
southern India, such as Kerala, eastern India, and northeast
India (Fig. 2b).

The mean annual potential evapotranspiration across
India during the period of 1902-2021 varies from less than
700 mm to more than 1900 mm, with a mean of 1451 mm
(Fig. 2¢).

The highest value of PET is observed across the west-
ern part, followed by southern and central India, which
can be attributed to high temperatures, strong wind, and
dry climate. A gradual decline in PET is observed towards
India’s northeastern and northern regions. Regions with
the lowest mean PET showed the highest CV (Fig. 2d).
This pattern is particularly evident in areas such as
Ladakh, Jammu and Kashmir (J&K), followed by north-
east India. From Fig. 2, it can be observed that zones
with lower precipitation approximately coincide with the
region with high PET demand. Low-precipitation regions
with high PET are potentially more susceptible to aridity
change (Ramarao et al. 2019). However, confirming the
occurrence of any such changes necessitates additional
investigation, as described in the subsequent sections.

4.2 Trend analysis

Since aridity is a prolonged climatic condition, under-
standing its underlying trend necessitates considering
longer time scales, such as decades. In this study, the
aridity index is calculated considering UNESCO (1979)
aridity index, as described in Section 3.2. The m-MK
test is used to analyse the nature of the trend in conjunc-
tion with Sen’s slope estimation to determine the trend’s
slope at a significance level of 0.05, if any. Results show
that the aridity index exhibits a mixed spatial pattern of
significant increasing (decreasing aridity) and decreas-
ing trend (increasing aridity) across the country (Fig. 3).
Similar trend results are obtained from the IPTA test (Sec-
tion 3.3), as shown in Fig. S1. Among the regions show-
ing a significant trend, 20% of the area experienced a sig-
nificant decreasing trend in Aridity index (i.e., increasing
dryness), covering Nagaland, Mizoram, Manipur, Tripura,
Assam, Meghalaya, Arunachal Pradesh, Jharkhand, East
Uttar Pradesh, Chhattisgarh, Bihar, and East Madhya
Pradesh). Approximately 23% of the area experienced
a significant increasing trend (i.e., decreasing dryness),
which includes Telangana, Andhra Pradesh, North Karna-
taka, Maharashtra, Punjab, North Rajasthan, Ladakh and
Jammu & Kashmir.

Interestingly, the areas dominated by monsoon precipitation
show increasing dryness, whereas areas predominantly dry
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Fig.2 Maps showing (a) mean annual precipitation (mm), (b) coefficient of variation (CV) (%) of annual precipitation, (¢) mean annual poten-
tial evapotranspiration (mm), (d) coefficient of variation (CV) (%) of annual potential evapotranspiration over the period 1902-2021

show increasing wetness. The variation noticed from the
results could be linked with the different climate variables
used in this index, i.e., precipitation and PET. Guhathakurta
and Rajeevan, (2008) demonstrated that a part of the southern
peninsula, the coastal portion of Maharashtra, and the
Kashmir region have a trend of significantly increasing annual
precipitation, whereas a portion of northern and central India
has a trend of significantly decreasing annual precipitation.
Conversely, Goroshi et al. (2017) reported that Southern India
has a trend of significantly decreasing evapotranspiration,
while northern and northeastern India have a trend of
significantly increasing evapotranspiration. Mondal et al.
(2015) showed that such contrasting precipitation trends can
be attributed to climate change, whereas Chattopadhyay and
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Hulme (1997) showed the same but for PET. It is evident from
the results of the aforementioned existing studies that such
contrasting trends in aridity obtained in the present study can
be directly attributed to climate change. These studies also
indicate that precipitation and potential evapotranspiration
contribute significantly to the trend in aridity over northern
and southern India. In contrast, potential evapotranspiration
is the primary contributor in northeast India.

Next, we computed the rate of change in the aridity index
using Sen’s slope estimator (Sen 1968). Sen’s slope is
5% },fori —1,2,3,4....N,j>i,

where x; and x; represent values of time series data at j and
i times, and N represents the number of pairs of time series

defined as the median of { pa
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Fig.3 Modified Mann—Kendall (m-MK) trend analysis of aridity
index (AI) at 5% significant level where increasing trend indicates
increasing Aridity index (decreasing aridity) and decreasing trend
indicates decreasing aridity index (increasing aridity)

elements (x;,x;). The spatial map of the aridity index change
rate at decadal scale for the period of 1902-2021 is presented
in Fig. 4. It is noticed from the results that northeast India
has the highest negative change rate of-0.11 /decade,
whereas western ghat has the highest positive change rate of
0.035/decade, followed by J&K.

4.3 Variation of the spatial extents of various
climatic zones based on aridity

The variations in the yearly extent of hyper-arid, arid, semi-
arid, sub-humid, and humid areas (%) during 1902 to 2021
are shown in Fig. 5. Furthermore, it provides insight into
the cyclic behaviour of different categories of aridity during
the time period. However, the trend in the spatial extent of
different aridity-based zones is not reflected on a yearly scale
but is visible in a decadal scale (Fig. 6).

Table 4 illustrates the decade wise spatial extent (in
percentage of total area of the Indian mainland) of the arid, semi-
arid, sub-humid, and humid areas, which varies from 8.09% to
6.73%, 30.85% to 22.57%, and 39.35% to 44.53% respectively
from first to last decade of the time period, whereas, the area
percentage of the hyper-arid zone is negligible in decadal
analysis. The trend results show a significant increasing trend for
the sub-humid zone (0.58% per decade), whereas a decreasing
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Fig.4 Spatial map of rate of change in aridity index (per decade) dur-
ing 1902-2021

trend is observed for the semi-arid zone (-0.41% per decade).
The humid zone also indicates a decreasing trend, however, of
a small magnitude (-0.19% per decade). On the other hand, the
change in the arid zone is negligible. The expansion in sub-
humid zones, accompanied by a reduction in semi-arid and
humid zones, indicates a potential redistribution of climate
aridity that could lead to the oasification and desertification of
semi-arid and humid regions, respectively.

4.4 Change point analysis

We utilised the Pettitt test to identify the years with sudden
changes in mean Al, as described in Section 3.3.2. Figure 7a
shows the spatial map of change points for the aridity index
in each grid point over India and the corresponding p-value
(Fig. 7b). The results show that most of the significant
change points of mean Al across the Indian mainland lie
between 1950 and 1980, covering around 59% of the area
with a significant increasing/decreasing trend.

Next, we considered two specific points to demonstrate
the increasing (Fig. 8) and decreasing (Fig. 9) change points.
In Fig. 8, a change point corresponding to the latitude and
longitude of 15.25°N, 78.25°E is depicted, which is located
in [llurukothapalle, Andhra Pradesh. Here, the change point
was observed in 1954, accompanied by a sudden increase
in the mean aridity index. Similarly, Fig. 9 illustrates a sud-
den decrease in the mean aridity index at Baisagopalganj,
Bihar (latitude 26.25°N and longitude 87.75°E), where the
change point was noted in 1956. The result of the change
point analysis is then utilised to divide the study period
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Table 4 Decadal variation of the spatial extent of hyper-arid, arid,
semi-arid, sub-humid, humid climatic zones during 1902-2021

Decade Spatial extent of climatic zones (in percentage of entire

Indian mainland)

Hyper arid Arid Semi-arid Sub humid Humid
1902-1911 0.00 8.09 30.84 21.72 39.35
1912-1921 0.00 6.64 29.64 22.66 41.06
1922-1931 0.00 7.75  29.73 20.27 42.25
1932-1941 0.00 8.60 27.77 20.53 43.10
1942-1951 0.00 7.07 2530 23.51 44.12
1952-1961 0.00 6.05 22.40 28.28 43.27
1962-1971  0.00 7.84  26.75 23.60 41.82
1972-1981 0.00 6.39 2641 25.89 41.31
1982-1991 0.00 8.35 2845 23.34 39.86
1992-2001 0.00 7.33  26.24 28.79 37.65
2002-2011  0.00 724 2777 27.60 37.39
2012-2021 0.00 6.73  22.57 26.58 44.12

into two time periods, 1902—-1951, and 1982-2021, in order
to investigate any oasification or desertification tendency
across India before and after the occurrence of a sudden
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change in average aridity, which also coincides the global
climate regime shift in the 1970s and 1980s (Reid et al.
2016).

4.5 Oasification/desertification analysis

Comparison of the spatial extent of different climatic zones
between the two time periods 1902-1951 and 1982-2021
reveals that the sub-humid region has expanded by 6.3%,
whereas arid region, semi-arid region, and humid region
have decreased by 0.5%, 3.3%, and 2.5%, respectively.
Map showing the areas that are converted to sub-humid
regions from semi-arid and humid regions is presented in
Fig. 10. The semi-arid regions converted into sub-humid
regions are primarily situated in the southern peninsula
across Maharashtra, Karnataka, Andhra Pradesh and
Telangana, indicating a potential oasification. On the
contrary, humid zones converted to sub-humid areas are
mainly concentrated over the Gangetic plains covering
parts of Uttar Pradesh, Bihar, and Madhya Pradesh. These
observations coincide with the trend analysis results
described in Section 4.2. In addition, the spatial distribution
of aridity pattern over 12 decades is also shown in Fig. 11,
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which shows the gradual increase of sub-humid zones
and gradually shrinking semi-arid regions. Although the
decrease in semi-arid regions is the primary contributor to
the increase in sub-humid regions, the increasing trend of
aridity in humid regions may become a major contributor
in the future which requires further investigation.
Increasing aridity in some regions of the Gangetic
plains indicates a potential vulnerability to the propensity
for desertification. Conversely, decreasing aridity in
historically semi-arid regions in southern and western
India suggests a tendency towards oasification. To better
understand the desertification/oasification propensity, the

desertification vulnerability index (DVI) is investigated in
the subsequent sections.

4.6 Desertification vulnerability Index (DVI)

The Climate Quality Index (CQI), a component used in
calculating the Desertification Vulnerability Index (DVI),
is depicted in Fig. 12 for both the pre- and post-change point
periods. The range of CQI values observed lies between
1 and 2. A higher value indicates greater vulnerability to
desertification in relation to factors such as precipitation,
aridity, and slope aspect. Conversely, a lower value indicates
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Fig. 10 Regions converted from semi-arid and humid regions to sub-
humid regions in 1982-2021 compared to 1902-1951

a lower vulnerability to desertification. The results obtained
for the Climate Quality Index (CQI) coincide with the
aridity-based zones, demonstrating that humid and sub-
humid zones are the least vulnerable to desertification,
whereas arid and semi-arid zones are the most vulnerable.
However, a shift in the CQI from the pre-change point to the
post-change point period can be observed from the figures,
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which indicate that the CQI has increased in the post-change
period for the humid region. In contrast, it has decreased for
the semi-arid and sub-humid regions.

Next, we examine the Soil Quality Index (SQI) (Fig. 13).
The SQI value ranges from 1 to 1.65, wherein a higher value
indicates soils with low resilience, while a lower value indicates
a higher resilience to desertification. The results reveal that a
significant portion of Eastern India and parts of the Southern,
Western, Northwest, and Northeast regions exhibit a favourable
SQI. The result also points out that despite having more sandy
soil (Fig. S2) than Maharashtra and Madhya Pradesh, Rajasthan
has lower weights in SQI. Such characteristics are possible
because the soil depth in Maharashtra and Madhya Pradesh is
comparatively lesser than in Rajasthan (Fig. S3). The highest
vulnerability is observed towards Ladakh and J&K regions.

Next, the DVI is calculated as the geometric mean of
CQI and SQI for the pre- and post-change point periods and
represented in Fig. 14, along with the changes in DVI between
the aforementioned periods. The results indicate a significant
increasing shift in the DVI across parts of the Gangetic
plains and Madhya Pradesh, along with several other regions
scattered throughout India. However, parts of southern,
western, and northern India showed a significant decrease in
DVI. Comparing Fig. 10 and Fig. 14c, it is evident that the
regions converted from humid and semi-arid to sub-humid
show increasing and decreasing DVI change, respectively.
However, apart from those regions, other areas in southern
India (parts of Karnataka, Telangana, Andhra Pradesh, and
Maharashtra), western India (part of Gujarat) and northern
India (part of Ladakh and J&K) show a decreasing DVI.
These changes indicate a propensity towards oasification,
which can be mainly attributed to increasing P and decreasing
PET (Mondal et al. 2015; Goroshi et al. 2017).
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Fig. 12 Climate Quality Index (CQI) map of India where a higher
value indicates high vulnerability and a lower value indicates less
vulnerability to desertification in terms of annual rainfall, aridity, and
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Fig. 13 Soil Quality Index (SQI) map of India, where a higher value
indicates high vulnerability and a lower value indicates less vulner-
ability to desertification regarding soil texture, soil depth, and terrain
slope. Grey colour indicates grids with no data

5 Conclusions
The present study explored the detailed spatio-temporal

characteristics of aridity across the Indian mainland to evaluate
its magnitude and extent. Overall, India’s hyper-arid and arid
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slope aspect for the period of a pre-change point: 1902-1951 and b
post-change point: 1982-2021

zones cover about 8% of the geographical area, including parts
of Rajasthan, Gujarat, Punjab and Haryana and Ladakh. Semi-
arid, sub-humid, and humid zones cover about 28%, 24%,
and 40%, respectively. The trend analysis revealed decreasing
aridity over part of Southern India and J&K and increasing
aridity over eastern, northeast, and part of northern India. A
sudden change in mean aridity between 1950 and 1980 is
captured over 59% of the area, showing a significant trend.
The decadal trend analysis revealed that the spatial extent of
the sub-humid region is significantly increasing, whereas it
is decreasing for the semi-arid region. In accordance with
the aforementioned, sub-humid region spans over 27.68%
of the total area in the period of 1982-2021 compared to
21.38% during 1902-1951. The 6.3% spatial expansion of
sub-humid region is mainly due to the conversion of semi-arid
regions in southern and western India, leading to oasification.
Although the changes are noticed mainly between semi-arid
and sub-humid areas, the increasing dryness over the humid
region requires further investigation based on future climate
change scenarios. Furthermore, the DVI analysis indicates
that the parts of southern, western, and northern India show
a significant decrease in DVI compared to the parts of the
Gangetic plains, which show a significant increase. These
changes mostly coincide with the changes in aridity before
and after the change point period. These findings indicate a
tendency towards oasification over the southern peninsula,
western, and northern India. The decrease in aridity and the
increased vulnerability to desertification in the Gangetic
plains may be partially attributed to the region’s heightened
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less vulnerability to desertification in terms of combined SQI and

groundwater extraction for irrigation (Dangar and Mishra
2021). That, in turn, raises the potential evapotranspiration
(PET), and when combined with decreasing precipitation,
it adversely affects the level of aridity. Whereas, in parts of
South and North India, decreased aridity can be primarily
attributed to increased precipitation and decreased potential
evapotranspiration due to climate change (Chattopadhyay and
Hulme 1997; Mondal et al. 2015).

CQI. The DVI is shown for (a) pre-change point: 1902-1951 and (b)
post-change point: 1982-2021. The changes in DVI between pre- and
post-change are represented in (c)

Overall, the findings from this study reveal both positive
and negative aspects of climate change on aridity. Oasification
in some western and southern India regions suggests a
potentially more favourable climate, which would be good
news for agriculture and water availability in the region.
However, increased dryness over the existing humid region
indicates a drier future climate that will call for different
agricultural and water management strategies. To tackle
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the issue of desertification, the following recommendations
based on “Hariyali Guidelines” (https://megsoil.gov.in/docs/
HARAYALI_Guidelines.pdf accessed on August 2023) by the
Department of Land Resources Ministry of Rural Development
Government of India may be helpful:

o Efficient collection of precipitation for irrigation and potable
water, as well as other water-intensive activities, to create a
sustainable source of water and income for rural communities

e Improving weather forecasts and educating farmers and
other stakeholders on effectively utilising the data to
determine irrigation or crop plantation requirements to
minimize water waste and increase output.

e Advancing the use of simple, low-cost, and accessible
technological solutions and institutional arrangements
that employ and build upon local technical expertise and
readily available resources to manage water resources
and related works more efficiently.

The results of this study may help identify the places that
may require the aforementioned recommendations and can
also help prepare guidelines for improved water distribution
management in the event of future climate change. With a
better understanding of the aridity trend, agricultural and
water resource management can be enhanced in a way that
is both sustainable and productive.
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