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Abstract: Understanding the dynamics of vegetative greenness and how it interacts with various
hydroclimatic factors is crucial for comprehending the implications of global climate change. The
present study utilized the MODIS-derived normalized difference vegetation index (NDVI) to under-
stand the vegetation patterns over 21 years (2001–2021) in Rajasthan, India. The rainfall, land surface
temperature (LST), and evapotranspiration (ET) were also analyzed. The changes, at a 30 m pixel
resolution, were evaluated using Mann–Kendall’s trend test. The results reveal that the NDVI, ET,
and rainfall had increasing trends, whereas the LST had a decreasing trend in Rajasthan. The NDVI
increased for 96.5% of the total pixels, while it decreased for 3.4% of the pixels, of theh indicates
vegetation improvement rather than degradation. The findings of this study provide direct proof of a
significant reduction in degraded lands throughout Rajasthan, particularly in the vicinity of the Indira
Gandhi Canal command area. Concurrently, there has been a noticeable expansion in the cultivated
land area. The trend of vegetation decline, particularly in the metro cities, has occurred as a result
of urbanization and industrialization. In contrast to the LST, which has a decreasing gradient from
the western to eastern portions, the spatial variability in the NDVI, ET, and rainfall have decreasing
gradients from the southern and eastern to western regions. The results of correlations between
the vegetative indices and hydroclimatic variables indicate that the NDVI has a strong positive
correlation with ET (r2 = 0.86), and a negative correlation with LST (r2 = −0.55). This research
provides scientific insights into vegetation change across Rajasthan, and may help the state to monitor
vegetation changes, conserve ecosystems, and implement sustainable ecosystem management.

Keywords: vegetation dynamics; NDVI; rainfall; land surface temperature; remote sensing; Rajasthan

1. Introduction

Vegetation is an integral part of the terrestrial ecosystem and is an essential component
of the biosphere [1]. Vegetation is a critical element of soil–water–plant–atmospheric sys-
tems, having a considerable influence on the global energy budget, as well as hydrological,
terrestrial carbon, and biogeochemical cycles from a local-to-global scale over seasonal,
annual, and decadal periods [2–4]. Vegetation dynamics can act as an essential parameter
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for changes in the environment, including climatic and hydrological parameters like tem-
perature, precipitation, evapotranspiration (ET), and land surface temperature, because it
has a clear relationship with climate change [5,6].

In recent decades, vegetation–climate interactions have gained much attention due to
global climate change [7–13]. However, past studies have been carried out worldwide by
various researchers to understand vegetation dynamics using the vegetation index. Sur
et al. [14] used 17 years (2000–2016) of normalized difference vegetation index (NDVI)
datasets to characterize the spatiotemporal change in vegetation over the western part
of Rajasthan. Mariano et al. [15] analyzed land degradation and drought events using
the moderate resolution imaging spectroradiometer (MODIS)-leaf-area index, albedo, and
evapotranspiration images for northeastern Brazil for 2002–2016. Many researchers have
studied the changes in vegetation patterns on the Mongolian Plateau, and their responses
to climatic factors and human activities [16–19]. Globally, the trend of vegetation dynam-
ics and its interaction with associated drivers, such as precipitation, temperature, and
evapotranspiration, have been studied using satellite-based products [20–24].

Ground observation is currently the most precise method for capturing local vegetation
conditions. However, due to the limited number and uneven distribution of ground sta-
tions, it is challenging to use ground observation directly on a regional or global scale [19].
The utilization of long-term satellite data enables the better monitoring and evaluation
of surface vegetation dynamics in relation to climate change on different spatiotempo-
ral scales [25,26]. The land surface vegetation can be effectively characterized by using
satellite-derived vegetation indices, such as the normalized difference vegetation index
(NDVI) and the enhanced vegetation index (EVI) [23]. Among several vegetation indices,
the NDVI is the most extensively used index as a proxy for monitoring vegetation dynamics
across the world [27–30]. Globally, many researchers have explored the changes in vege-
tation dynamics using this remote sensing-based vegetation index for arid and semi-arid
regions [14,15,24,31]. The simplicity of its calculations, its availability at several temporal
and spatial scales, and its ability to eliminate noises arising from illumination conditions,
topography, clouds, and other atmospheric conditions, make the NDVI an essential index
for monitoring vegetation dynamics [32]. In addition, past studies primarily focused on
analyzing vegetation trends using a single index. Moreover, there has been relatively
little research in the Indian context, particularly in Rajasthan, highlighting vegetation–
hydroclimatic interactions. Therefore, an in-depth analysis of vegetation dynamics and its
response to climate change in Rajasthan still needs further clarification. This present study
focused mainly on the vegetation indices’ annual and seasonal variations, and their rela-
tionship with hydroclimatic variables from 2001 to 2021. We hypothesized that Rajasthan
state had undergone a vegetative- greening or -browning trend due to changes in climatic
factors, the intensification of canal irrigation, and urbanization. The goals of the present
study were as follows: (1) to evaluate the seasonal and annual variations in the NDVI and
hydroclimatic factors in Rajasthan during the past 21 years; and (2) to analyze trends at
the pixel level using the Mann–Kendall (MK) test. This study will help to analyze the root
causes behind drought phenomenon, the restoration of degraded lands, and ecosystem
services in the study area.

2. Materials and Methods
2.1. Study Area

The current study was carried out in Rajasthan state, in western India; a peculiarly
hot spot prone to substantial changes induced by climate change and anthropogenic
modifications. Rajasthan is located in northwestern India and lies between the latitudes of
23◦30′ and 30◦11′ N and the longitudes of 69◦29′ and 78◦17′ E. Geographically, it occupies
a 342,239 km2 area, which covers almost 10.4% of the country’s total geographical location,
making it India’s largest state. Rajasthan has a diverse topography, with the Aravalli
Hills in the center (which extends from the northeast to the southwest), the Thar Desert in
the northwest, sand plains in the northeast, and a plateau in the southeastern part. The
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climate in Rajasthan is characterized by insufficient (480–750 mm) and highly erratic rainfall
distribution, high evaporation losses, low humidity values, strong winds, and extreme air
temperature values. The Aravalli Hills significantly impact Rajasthan’s climate, due to its
orientation parallel to the southwest monsoon. The eastern slope of the Aravalli Hills is
hit by the Arabian Sea branch of the southwest monsoon so it receives adequate rainfall,
while the northwestern portion remains dry. However, moderate-to-highly humid climatic
conditions prevail in the southeastern parts of the state.

Ten agro-climatic zones (ACZ) are present in the state: (i) the arid western plain; (ii) the
irrigated northwestern plains; (iii) the hyper-arid partially irrigated western plain; (iv) the
transitional plain with inland drainage; (v) of thethe transitional plain of the Luni Basin;
(vi) the semi-arid eastern plain; (vii) the flood-prone eastern plains; (viii) the sub-humid
southern plains; (ix) the humid southern plains; and (x) the humid southeastern plains
(Figure 1). The hyper-arid partially irrigated western plain and the arid western plain have
harsh climatic conditions with inadequate rainfall and low vegetation cover. The soil of
these zones are characterized by dunes and aeolian soil. The humid southern plains and the
humid southeastern plains climatic zones receive good rainfall and have high vegetation
coverage. The state has two main important cropping seasons: Kharif and Rabi. In Kharif,
crops are sown between June and July and are reaped between September and October;
in Rabi, crops are sown between October and November and are reaped between March
and April. The net sown area of Rajasthan is 18.13 Mha, which is about 53% of the TGA,
while fallow land and forest cover 3.62 Mha (11%) and 2.77 M ha (8%), respectively. The
other remaining areas fall under non-agricultural uses, barren land, permanent pasture,
and other grazing land. Out of 20 million hectares of cultivated area, only 20% is irrigated
because the state has only 1% of the country’s total water resources [33].
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2.2. Data Set

Data from high-resolution satellite images are excellent sources for monitoring a large
area’s mapping and time-series analysis. Taking advantage of the accessibility of long-term
satellite datasets, we have chosen four key parameters with which to characterize the
spatiotemporal variation in the vegetation–hydroclimatic interactions. The current study
utilized the MODIS-derived NDVI to comprehend the vegetation patterns from 2001 to
2021. Three hydroclimatic factors were also used to understand the climatic variation
during 2001–2021 (Figure 2). The various datasets and their specifications are given in
Table 1.
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Table 1. The dataset used in this study and its specifications.

S. No. Dataset Variable Unit Temporal
Resolution

Spatial
Resolution Period

1 MODIS MOD13Q1 NDVI - 16 days 250 m 2001–2021
2 CHIRPS Rainfall mm Daily 5 km 2001–2021
3 MODIS MOD11A2 LST ◦C 8 days 1 km 2001–2021
4 MODIS MOD16A2GF ET kg/m2/8 d 8 days 500 m 2001–2021

2.3. Downloading and Processing of Satellite Data
2.3.1. NDVI

The NDVI data from the NASA Land Processes Distributed Active Archive Center’s
MODIS products (MOD13Q1) were used in the present study. The best pixel values from
the acquisitions made by satellites over 16 days were selected by algorithms using the
primary criteria of low clouds, small view angles, and maximum NDVI. In the current



Sustainability 2023, 15, 15191 5 of 29

study, the NDVI product of MODIS MOD13Q1 was downloaded from Google Earth Engine
for the 21 years (2001–2021). The NDVI time-series data were temporally smoothed using
the Savitzky–Golay filter (SGF) [34]. The SGF uses a weighted least-squares regression to
fit a polynomial function. The data sets were reprojected from the geographic coordinates
system to a UTM 43 coordinate system. Furthermore, the datasets were resampled to 30 m
cell size using bilinear interpolation in ArcGIS (10.5) [35].

2.3.2. Rainfall

In the present study, we used 5 km spatial resolution rainfall data from the climate-
hazards group infrared precipitation with station data (CHIRPS)-based rainfall products.
The datasets were downloaded using Google Earth Engine for the 21 years (2001–2021).
The mean monthly rainfall was computed by taking the mean of the respective month for
the 21 years (2001–2021). Similarly, the total annual rainfall was computed by calculating
the sum of all the images for the individual year.

2.3.3. Land Surface Temperature

In this study, the MODIS MOD11A2 LST product was downloaded from Google Earth
Engine for the 21 years (2001–2021). The data were further converted into ◦C [36,37] using
the following formula:

LST = 0.02×DN− 273.15

The mean monthly LST values were computed by calculating each month’s mean for
2001–2021. Similarly, the mean annual LST was computed by calculating the mean of all
the images of the respective year.

2.3.4. Evapotranspiration (ET)

The evapotranspiration data were obtained from MODIS, and were highly correlated
with the ET observations of the Indian conditions [38]. Based on the Penman–Monteith
equation, the MOD16 data-product collection algorithm incorporates inputs from the daily
reanalysis of meteorological data and MODIS data products, like vegetation dynamics,
land cover, and albedo. The pixel values for the ET layer were calculated by adding data
from an 8-day composite period. The data product MOD16A2GF was downloaded from
Google Earth Engine from 2001 to 2021 using the following steps: (i) the monthly ET was
computed by aggregating the 8-day composite images within the respective month of the
particular year. (ii) After that, the long-term (21 years) mean monthly ET for each month
was computed by calculating the mean of the respective month. (iii) Similarly, the total
annual ET was calculated by aggregating the monthly ETs for the respective year.

2.4. Trend Analysis

We used the nonparametric MK test and Sen’s slope estimator [39,40] to assess the
significant trends and magnitudes, respectively. Hamed and Rao (1998) [41] introduced
a modified version of the MK test to consider the effect of autocorrelation on the data.
They proposed a correction of the variance for the adequate number of observations. The
null hypothesis (H0) of no trend, and the alternative hypothesis of there being a trend,
were tested at a 5% level of significance. The trend tests were implemented using R 4.2.1
software.

Four factors (NDVI, LST, ET, and rainfall) were downloaded using Google Earth
Engine for the 21 years (2001–2021). All these input layers had varying resolutions (Table 1).
To harmonize the datasets, all the raster layers were resampled to 30 m using a bilinear
resampling method. After that, these datasets were used for the MK test. First, all the
images were stacked in one raster in ascending order of year. Then, the MK test was
implemented using a raster and the Kendall function from the spatialEco package.

Methodology Description:
The computational procedure for the MK test for the time-series data, y1, y2, y3, . . . , yn,

was as follows:
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Step 1: Calculate all-possible differences of yi − yj, where i > j, i.e., n(n−1)
2 for the

given time-series data. The differences are

y2 − y1, y3 − y2, . . . , yn − yn−1

Step 2: Determine the sign of all the differences
(
yi − yj

)
.

Step 3: Assign numerical values to the sign differences. The assignment rule is as
follows:

sign
(
yi − yj

)
=


1; i f

(
yi − yj

)
> 0

0; i f
(
yi − yj

)
= 0

−1; i f
(
yi − yj

)
< 0

Step 4: Now, calculate the sum of

S =
n−1

∑
j=1

n

∑
i=j+1

sign
(
yi − yj

)
which is the number of positive differences minus the number of negative differences.

If n ≤ 10, the value of |S| can be compared directly to the theoretical distribution of S
derived by Mann and Kendall, i.e., the Gilbert table of probabilities. If n ≥ 10, the statistic
S is about normally distributed with the mean and variance as follows:

E(S) = 0

var (S) =
1
18

[
n(n− 1)(2n + 5)−

g

∑
p=1

tp(tp − 1)(2tp + 5)

where g is the number of tied groups, and tp is the number of observations in the pth group.
The tie correction method was given by Hensel (2005) [42] for ties in the data due to equal
values or non-detects. To infer the test, the test statistic ZMK is computed by the equation:

ZMK =


= S−1√

var(S)
i f S > 0

= 0 i f S = 0
= S−1√

var(S)
i f S > 0

If |ZMK| is greater than Zα/2, where α represents the significance level, then there is
evidence of a significant trend. Positive values of ZMK indicate increasing trends, while
negative ZMK values show decreasing trends.

The MK test is used on uncorrelated data because serial correlation can increase or
decrease the probability of detecting significant trends. When serial correlation is present,
pre-whitening is used to identify a trend in a time series. Hamed and Rao (1998) [41]
suggested a modified MK test for serially correlated data that corrects the variance (S) for
the effective number of observations.

The corrected variance (S) is given by

var (S) =
1

18
[n(n− 1)(2n + 5)] ∗ n

n∗

where n
n* = 1 + 2

n(n−1)(n−2) ∗ (n− k)(n− k− 1)(n− k− 2) ∗ ρk.
n∗ is the effective number of observations to account for data autocorrelation, whereas

ρk represents the serial correlation between the observation ranks for lag-k.
Sen’s slope estimator:
Sen (1968) [43] devised a nonparametric, robust approach for evaluating the slope

of a trend in time-series data. The slope-estimator methods of Sen (1968) [43] and Theil
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(1950) [44] are used for the prediction of the magnitude of the trend. The algorithms for
Sen’s slope for a time-series data, y1, y2, y3, . . . , yn, are as follows:

Step 1: Calculate all
(

n(n−1)
2 ) possible differences of yi − yj, where i > j. These

differences are
y2 − y1, y3 − y2, . . . , yn − yn−1

Step 2 Find Ti as

Ti =
yi − yj

i− j

Step 3: Calculate the median of these Ti, which are represented as Sen’s estimator.

Tmed =

 TN+1
2

; i f N is odd
T N+2

2
+T N

2
2 ; i f N is even.

A positive value of Tmed indicates an upward or increasing trend, and a negative value
of Tmed gives a downward or decreasing trend for the variables under study.

2.5. Relationship of Vegetative Indices with Hydroclimatic Factors

Pearson’s correlation was used to identify the potential correlations between natural
vegetation dynamics and climatic parameters. The Pearson correlation coefficient, which
ranges from −1 to +1, quantifies the degree and direction of a monotonic relationship
between two variables, where−1 and +1 represent monotonically decreasing and increasing
associations, respectively. The correlation coefficients were calculated by implementing a
Pearson correlation analysis. Subsequently, these correlations were subjected to a t-test at a
5% significance level.

3. Results
3.1. Rainfall
3.1.1. Characterization of Annual Change

The inter-annual or temporal variability in rainfall for the 21 years (2001–2021) is
depicted in Figure 3. The maximum rainfall (~2400 mm) and minimum rainfall (0.0 mm)
were recorded in 2011 and 2002, respectively. It can be observed that 2011, followed by 2019
and 2010, received the highest rainfall during the last 21 years. Further, 2002, followed by
2015, received the lowest rainfall. The median rainfall varied between ~380 and ~1400 mm
throughout the period. The 25th and 75th percentile values ranged from ~200 to ~750 mm
and ~500 to ~1750 mm, respectively, across the years. The maximum fluctuations in the
temporal pattern of rainfall were observed in 2011, while the minimum were in 2002.
of theThe boxplots for rain suggest that the mean rainfall varied slightly between 2001
and 2021.

3.1.2. Characterization of Intra-Annual Change

Figure 4 shows the mean monthly variability in rainfall (monsoon and non-monsoon)
for 2001–2021 in Rajasthan. The maximum precipitation was observed in the month
of July (~640 mm), followed by August (~625 mm), September (~305 mm), and June
(125 mm), respectively. Among all the months, June to September showed higher temporal
fluctuations. The boxplot related to the rainfall received shows that the rainfall ranged
from 0.0 to ~ 640.0 mm across all twenty-one years. The median of monthly rainfall varied
between 0.0 and ~340.0 mm throughout the period. It is also noticeable that the rain has its
seasonal peak in July and August, while the lowest mean rainfall values in Rajasthan are
observed to occur in December.



Sustainability 2023, 15, 15191 8 of 29

Sustainability 2023, 15, x FOR PEER REVIEW 8 of 30 
 

Step 2 Find 𝑇𝑖  as 

𝑇𝑖 =
𝑦𝑖 − 𝑦𝑗

𝑖 − 𝑗
  

Step 3: Calculate the median of these 𝑇𝑖 , which are represented as Sen’s estimator. 

Tmed = {

𝑇𝑁+1
2
 ; 𝑖𝑓 𝑁 𝑖𝑠 𝑜𝑑𝑑

𝑇𝑁+2
2
+ 𝑇𝑁

2

2
; 𝑖𝑓 𝑁 𝑖𝑠 𝑒𝑣𝑒𝑛.

  

A positive value of Tmed indicates an upward or increasing trend, and a negative 

value of Tmed gives a downward or decreasing trend for the variables under study. 

2.5. Relationship of Vegetative Indices with Hydroclimatic Factors 

Pearson’s correlation was used to identify the potential correlations between natural 

vegetation dynamics and climatic parameters. The Pearson correlation coefficient, which 

ranges from −1 to +1, quantifies the degree and direction of a monotonic relationship 

between two variables, where −1 and +1 represent monotonically decreasing and in-

creasing associations, respectively. The correlation coefficients were calculated by im-

plementing a Pearson correlation analysis. Subsequently, these correlations were sub-

jected to a t-test at a 5% significance level. 

3. Results 

3.1. Rainfall 

3.1.1. Characterization of Annual Change 

The inter-annual or temporal variability in rainfall for the 21 years (2001–2021) is 

depicted in Figure 3. The maximum rainfall (~2400 mm) and minimum rainfall (0.0 mm) 

were recorded in 2011 and 2002, respectively. It can be observed that 2011, followed by 

2019 and 2010, received the highest rainfall during the last 21 years. Further, 2002, fol-

lowed by 2015, received the lowest rainfall. The median rainfall varied between ~380 and 

~1400 mm throughout the period. The 25th and 75th percentile values ranged from ~200 to 

~750 mm and ~500 to ~1750 mm, respectively, across the years. The maximum fluctua-

tions in the temporal pattern of rainfall were observed in 2011, while the minimum were 

in 2002. of theThe boxplots for rain suggest that the mean rainfall varied slightly between 

2001 and 2021. 

 

Figure 3. Boxplot for the inter-annual variability in rainfall during 2001–2021.

Sustainability 2023, 15, x FOR PEER REVIEW 9 of 30 
 

Figure 3. Boxplot for the inter-annual variability in rainfall during 2001–2021. 

3.1.2. Characterization of Intra-Annual Change 

Figure 4 shows the mean monthly variability in rainfall (monsoon and 

non-monsoon) for 2001–2021 in Rajasthan. The maximum precipitation was observed in 

the month of July (~640 mm), followed by August (~625 mm), September (~305 mm), and 

June (125 mm), respectively. Among all the months, June to September showed higher 

temporal fluctuations. The boxplot related to the rainfall received shows that the rainfall 

ranged from 0.0 to ~ 640.0 mm across all twenty-one years. The median of monthly rain-

fall varied between 0.0 and ~340.0 mm throughout the period. It is also noticeable that the 

rain has its seasonal peak in July and August, while the lowest mean rainfall values in 

Rajasthan are observed to occur in December. 

 

Figure 4. Mean monthly rainfall during 2001–2021. 

3.1.3. Characterization of Spatial Change 

Figure 5 illustrates the spatial variance in the mean annual rainfall for 2001 to 2021 at 

a 30 m resolution, which varies from 8 to 2397 mm. The maximum rainfall ranged be-

tween 1920 and 2397 mm, and was observed in 2006, 2010, 2011, 2019, and 2020. These 

maps indicate a decreasing rainfall trend from the southern and eastern regions to the 

western region of the study area. The south and southeastern part of Rajasthan receive 

higher rainfall. The west of Rajasthan receives the lowest rainfall, which includes the 

hyper-arid partially irrigated zone, the arid western plains, the irrigated northwestern 

plains, and a transitional plain with inland drainage. Due to the deficient rainfall, most of 

the state’s drought occurrences occur in the western region. 

Figure 4. Mean monthly rainfall during 2001–2021.

3.1.3. Characterization of Spatial Change

Figure 5 illustrates the spatial variance in the mean annual rainfall for 2001 to 2021 at
a 30 m resolution, which varies from 8 to 2397 mm. The maximum rainfall ranged between
1920 and 2397 mm, and was observed in 2006, 2010, 2011, 2019, and 2020. These maps
indicate a decreasing rainfall trend from the southern and eastern regions to the western
region of the study area. The south and southeastern part of Rajasthan receive higher
rainfall. The west of Rajasthan receives the lowest rainfall, which includes the hyper-arid
partially irrigated zone, the arid western plains, the irrigated northwestern plains, and a
transitional plain with inland drainage. Due to the deficient rainfall, most of the state’s
drought occurrences occur in the western region.
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3.1.4. Trend Analysis for Rainfall

Over the years from 2001 to 2021, it was noticed that rainfall values had an overall
temporal increase, with a positive correlation of 0.37 (Figure 6). There was a sharp decline
in rainfall between 2002 and 2009. In order to analyze these trends, we implemented the
MK test and Sen’s slope estimator; the computed results are depicted in Figure 7. Sen’s
slope (SS) is the median slope and is used to estimate the magnitude of the trend. Increasing
and decreasing trends are represented by positive and negative SS values, respectively, and
range from 2 to 31 mm per year. Rainfall increased for 99.9% of the study area, including the
61.83% which showed a significant increasing trend (S > 0, p < 0.05). Pixels with increasing
trends (S > 0, p < 0.05) were mainly concentrated in the irrigated northwestern plains, of
thethe transitional plains with inland drainage, the sub-humid southern plains, and the
humid southeastern plains.
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3.2. Land Surface Temperature
3.2.1. Characterization of Annual Change

The boxplot of the annual LST shows that the LST fluctuated slightly between 2001
and 2021 (Figure 8). For instance, compared to the other years taken into consideration
here, the LST values for 2006 and 2012 appear to be lower. Interestingly, the LST data points
for each year include data for each month from January through December. The highest
and lowest LST levels were observed to have occurred in 2016 and 2021, respectively. The
median of the LST varied between ~34 and ~36 ◦C throughout the period. The 25th and
75th percentile of the LST varied between ~29 and ~30 ◦C and ~39 and ~41 ◦C, respectively,
across 2001–2020.
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3.2.2. Characterization of Intra-Annual Change

Figure 9 shows the seasonal variability in the LST over the period 2001–2021, and
it can be observed that the LST fluctuates throughout the year. The LST has a seasonal
peak from April to June, while December and January have the lowest LST mean values.
Further, it can be seen from Figure 9 that the LST usually starts to rise in January, reaches
its maximum in May, and then decreases until December.
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3.2.3. Characterization of Spatial Change

Spatial variations in the long-term mean annual LST for 2001 to 2021 at a 30 m
resolution are depicted in Figure 10, and vary from 24 to 47 ◦C. It can be observed that
the western parts have higher temperatures compared to the eastern and southern parts
of Rajasthan. The hyper-arid partially irrigated zone and the arid western plains show
less variation, while the sub-humid southern plains show the maximum variation over the
21 years. The maximum number of pixels which had a 43–47 ◦C LST was observed in 2016,
followed by 2009 and 2001. Similarly, the maximum area which had a 24–33 ◦C LST was
observed in 2021, followed by 2020.

3.2.4. Trend Analysis of LST

Figure 11 depicts the trend in the mean LST across Rajasthan for the 21 years (2001–2021).
A linear regression model was developed to detect temporal variations in the LST since
2001 by calculating the average LST for all pixels for the whole of Rajasthan. The results
indicate an overall decreasing trend in the LST, with a negative correlation of 0.38 over
2001–2021. The mean LST values vary from ~35.9 to 38.3 ◦C. In Figure 12A, both increasing
and decreasing trends are shown for the mean annual LST data. The magnitude of the
change in the LST ranges from−0.26 to 0.30 ◦C per year. It can be observed that the majority
of the pixels (78.65%) have a decreasing trend (S < 0), with the southern and southeastern
parts showing the highest declining rates, whereas 21.35% of the pixels have increasing
rates, and are concentrated mainly in the western parts of Rajasthan. Figure 12B shows
the statistical significance level of the LST trend over the 21 years, and reveals that all of
the regions’ trends are insignificant. About 50% of the pixels show significant changes
(p < 0.05), and are located mainly in the southern and southeastern parts, whereas the rest
of the pixels show a non-significant difference (p > 0.05) in the annual LST.
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3.3. Evapotranspiration
3.3.1. Characterization of Annual Change

The annual temporal variations in ET for the 21 years is presented in Figure 13. The
maximum fluctuations in the temporal ET pattern are observed to have occurred in 2020,
while the minimum was in 2002. The ET values corresponding to 2002 and 2003 appear
lower (~350 mm) when compared to the other years considered here. The maximum and
minimum ET values occurred in 2020 and 2002, respectively. The median ET varies between
~240 and ~390 mm throughout the period. The 25th and 75th percentile values range from
~120 to ~200 mm and from ~350 to ~590 mm, respectively, from 2001 to 2020.
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3.3.2. Characterization of Intra-Annual Change

Figure 14 depicts the mean monthly ET for the twenty-one years (2001–2021). Further,
we noticed that the monthly ET values fluctuate throughout the year. It can also be observed
that ET reaches its seasonal peak in February, while the lowest values for ET occur in April.
Additionally, it has been noted that ET often begins to rise in January, peaks in February,
and then declines until April, and then, once more, it starts increasing until September, and
decreases until December.
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3.3.3. Characterization of Spatial Change

Spatial variations in the annual ET from 2001 to 2021 at a 30 m resolution are depicted
in Figure 15. The yearly ET varies from 0 to 821 mm. These maps indicate a decreasing
trend in ET from the southern and eastern parts to the northern and western parts of
Rajasthan. The south and southeastern parts of Rajasthan have a higher ET, which includes
the humid southern plains, the sub-humid southern plains, and the humid southeastern
plains. The maximum number of pixels with a low ET (0–50 mm) were observed in 2002,
followed by 2009. It can also be observed that ET increased in most parts, particularly in
the southern and southeastern regions, between 2001 and 2021.

3.3.4. Trend Analysis of ET

Figure 16 depicts the trend in the mean ET for the twenty-one years (2001–2021) for
Rajasthan. A linear regression model was created to determine the ET variations since 2001,
by averaging the mean ET across all the pixels for the whole state of Rajasthan. With a
positive correlation of 0.71 between the ET values over 2001–2021, an overall increasing
temporal trend in ET was observed. The mean annual ET values for Rajasthan vary from
~54 to 181 mm.

Figure 17A indicates that most of the area (98.24%) shows a positive trend. Only
a few pixels (1.76%) have a negative for the mean annual ET and, by incorporating the
significance level from Figure 17B, it is found that 90.21% of the area shows a significant
positive change in ET, and only 16.80% of the area shows no trend in ET.
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3.4. Normalized Difference Vegetation Index (NDVI)
3.4.1. Characterization of Annual Change

The boxplot corresponding to the annual NDVI temporal patterns indicates that the
NDVI varied slightly between 2001 and 2021 (Figure 18). The mean of all the NDVI
values from January to December is contained in the NDVI data from 2001 to 2021. The
NDVI values were at their highest (~0.74) and lowest (~−0.15) points in 2020 and 2005,
respectively. The NDVI experienced its highest variations in 2017 and 2020, while its
greatest downward fluctuations were in 2008 and 2010. Additionally, the NDVI’s 75th
percentile lies between 0.43 and 0.52, while the 25th percentile of the NDVI did not show
any significant variations across the twenty-one years. In addition to this, the NDVI varied
between −0.15 and 0.75 from 2001 to 2021.
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3.4.2. Characterization of Intra-Annual Change

Figure 19 shows the NDVI seasonal patterns for the entire Rajasthan state. The boxplot
displays the mean monthly NDVI values for 2001 to 2021. This study area’s NDVI values
are shown to be lowest in June, with seasonal peaks in the NDVI occurring in February and
September. Additionally, it can be demonstrated that the monthly NDVI values fluctuate
less during the summer than during the monsoon and winter seasons. Further, it has been
noted that vegetation greening (NDVI) often begins in May or June, peaks in September,
then shows a slight decrease from October to December, and again reaches its maximum
value in the month of February, and after that decreases until April or May. This shows the
relationship of the NDVI values with the cropping season (Kharif, Rabi, and Zaid).
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3.4.3. Characterization of Spatial Change

Figure 20 depicts the variations in the mean annual NDVI for 2001–2021 at a 30 m
resolution. The NDVI varied from−0.15 to 0.74. The NDVI increased in Rajasthan over time,
which reflects the increased greenness in Rajasthan. Among all the years, the maximum
number of green pixels was recorded in 2021. In 2001, on the other hand, the trend was
the exact opposite, with lower NDVI values covering much of the basin. Despite a solid
upward trend in the NDVI, the inter-annual variation has increased since 2009. Most of the
areas with high NDVI values fall under the following ACZs: the semi-arid eastern plains,
the humid southeastern plain, the humid southern plains, the sub-humid southern plains,
and the flood-prone eastern plain. The lowest NDVI values were observed in the following
areas of the ACZs: the arid western plain and the hyper-arid partially irrigated zone.
Overall, a significantly increasing trend in the NDVI was observed across the study area.

3.4.4. Trend Analysis of NDVI

Figure 21 shows the mean NDVI trend for Rajasthan during 2001–2021. A linear
regression model was developed by computing the mean NDVI over all the pixels for the
entirety of Rajasthan. With a positive correlation of 0.85 between 2001 and 2021, an overall
increasing trend in the NDVI was detected. The mean annual NDVI varied between ~0.20
and 0.31. Sen’s slope values and the MK test for significant trends in the mean annual NDVI
at the pixel level are presented in Figure 22A,B. From 2001 to 2021, there were more pixels
with improved vegetation than with degraded vegetation. The NDVI increased for 96.5%
of the studied area (S > 0), primarily in the south and east, while it dropped for 3.4% of the
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pixels (S < 0). A statistically significant difference (p < 0.05) was observed for 83.7% of the
total pixels. In addition to this, it was also observed that the NDVI significantly increased
over the Indira Gandhi Canal command area in the Jaisalmer district of Rajasthan, which is
in the hyper-arid and drought-prone regions. The NDVI decreased for some of the pixels
in the Jaipur and Jaisalmer districts.
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3.5. Correlation between Hydroclimatic Parameters and Vegetative Indices

A pair-wise Pearson correlation coefficient test was implemented to quantify the
association between the study parameters. Except for the RF-LST, all the pairs had a
significant association between themselves (Figure 23). The highest positive correlation
can be observed for ET-NDVI (0.86), followed by ET-RF, whereas the NDVI-LST shows the
highest negative correlation (−0.55), followed by ET-LST (−0.46). Overall, we can infer
that the LST is negatively correlated with the other parameters, and the other variables are
positively correlated.
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4. Discussion
4.1. Spatiotemporal Variation in Rainfall

The annual rainfall exhibited a high inter-annual variability during 2001–2021. Strong
El Nino conditions were pervasive in 2002, resulting in the lowest rainfall received [33,45,46].
For the 21 years, the median of the annual rainfall is observed to lie in the center of
the box, indicating that the annual rainfall follows a normal distribution. The mean
monthly variations in precipitation over the last twenty-one years in Rajasthan show that
the maximum rainfall is received in July (~640 mm), followed by August (~625 mm) and
September (~305 mm), while the lowest mean rainfall is recorded in December. This
concurs with previous research conducted in Rajasthan [47,48]. Saini et al. [33] also stated
that around two-thirds of the annual rainfall is received in only two months, viz., July
and August, while December accounts for only around 0.49% of the yearly rainfall. The
spatial variation in the annual rainfall shows decreasing gradients from the southern and
southeastern to the western regions of Rajasthan. The western ACZs received the lowest
rainfall (8–486 mm), which includes a hyper-arid partially irrigated zone, the arid western
plains, the irrigated northwestern plains, and an internal- drainage dry zone. In contrast,
more than 1400 mm fell on the transitional plateau of the Luni Basin, and the humid
and sub-humid southern plains. A similar result was reported by Meena et al. [47]. The
presence of the Aravalli Mountains, which spread from the northeast to southwest in
central Rajasthan, is primarily responsible for this decrease in annual average rainfall from
east to west [31,49]. Relatively low annual- rainfall variability has been observed in areas of
high precipitation. Therefore, the frequent occurrence of drought conditions in the arid and
semi-arid regions is attributed to low rainfall and high variability. These findings concur
with those of Saini et al. [33], Narain et al. [50], and Kundu and Datta [51].

The MK test and Sen’s slope estimator assessed the spatial distribution of annual
rainfall trends and their magnitude from 2001 to 2021. All the pixels with S > 2 mm per
year show an increasing trend in annual rainfall. Among all the ACZs, three ACZs, namely
the humid southeastern plains, the sub-humid southern plains, and the transitional plains
of the Luni Basin, have observed a high positive magnitude (S~31 mm per year). These
findings are consistent with earlier studies [33,52,53]. All the pixels in western Rajasthan
exhibited increasing trends, but the magnitude was less, and this result is consistent with
those of Meena et al. [47], Basistha et al. [54], Kharol et al. [55], Kumar et al. [56], and
Singh et al. [57]. This increasing trend is significant mainly in four ACZs: the irrigated
northwestern plains, the internal-drainage dry zone, the sub-humid southern plains, and
the humid southeastern plains. Similar findings were observed by Meena et al. [47], Sharma
et al. [48], and Deoli and Rana [58]. To comprehend these trends, it seems most likely that
rising sea surface temperatures and surface latent heat flow across the tropical Indian
Ocean [59,60] are accountable. The increasing rainfall intensity may also be primarily
influenced by the increasing atmospheric moisture content [61]. The western arid region,
which is assumed to be the most drought-prone area, has observed an increase in its mean
annual rainfall, which could be highly beneficial for agricultural and groundwater recharge.
Meena et al. [47] and Poonia and Rao [62] also reported an increasing trend in rainfall in
the arid climate of Rajasthan. Saini et al. [33] studied rainfall variability and trends for
1961–2017, and found a significant increasing trend in the arid and semi-arid regions.

4.2. Spatiotemporal Variation in Land Surface Temperature

The LST is an essential indicator of the Earth’s surface energy balance [63]. Remote
sensing-based LST data are used to explore the consequences of vegetative greenness and
LULC change [10,64]. The annual LST temporal patterns show that the LST fluctuated
slightly between 2001 and 2021. These fluctuations might be due to the heterogeneity of
vegetation coverage and rainfall patterns [65]. In addition to these factors, some natural
factors, such as parent material, soil condition, surface roughness, and albedo, are some
important factors influencing the LST [66]. The monthly evaluation revealed that April,
May, and June had regions with higher LST values, whereas December and January showed
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lower LST values. Due to the variations in the angle of inclination of the Earth with the Sun
throughout the year, there is significant variation in the Incoming solar radiation at different
locations [67]. The LST showed a decreasing trend during the monsoon season (June to
August), which may be because, in the monsoon season, most of the land is occupied with
dense crops or vegetation, which reduces the LST; however, in summer, the vegetation
cover over the land is at a minimum, resulting in high LSTs [63]. Several studies have
shown a relationship between lower vegetation greenness or NDVI values with higher
LST values [65]. So, the LST decreased during the peak vegetative growth of the Rabi and
Kharif crops.

It was observed that the western parts have higher temperatures as compared to the
eastern and southern parts of Rajasthan. Different climatic and landscape components, such
as rainfall, solar insolation, air temperature, elevation, sparse vegetation, and soil properties,
significantly impact heat emission and absorption, affecting the LST variations [68]. The
annual rainfall also decreases from east to west, creating moisture fluxes in arid and semi-
arid regions [55]. This is primarily due to the Aravalli mountains, which extend from central
Rajasthan’s northeast to southwest [49]. The western part of Rajasthan has unsuitable soil
conditions and texture, low vegetation cover, and arid climatic conditions [66]. Therefore,
this zone has a higher LST than the eastern and southern parts. The LST is significantly
impacted by the study area’s elevation, which varies from −6 to 1698 m. The temperature
falls with increasing elevation, which is evident from many studies, and the same was
observed in this study [69].

To analyze the annual trend of the LST over the 21 years (2001–2021), a linear regression
model shows a decrease in the LST by 6.2 ◦C for the entirety of Rajasthan. It was observed
that the LST increased in 2002 and 2009, which may be attributed to the prevalence of
drought or low rainfall and low vegetation cover [33,70]. The MK test and Sen’s slope were
used to determine the spatial pattern of annual rainfall trends at the pixel level in 2001 and
2021. A decreasing trend (S < 0) was observed in the southern and southeastern regions
as rainfall increased, a significant factor for high vegetative greenness. There is a general
declining trend in the LST as vegetation becomes denser (exhibited by the higher value of
the NDVI). The dense vegetation canopy provides an efficient barrier against incoming
solar radiation and enhances the evaporative cooling effect, which has a moderating effect
on an increasing surface temperature. Thus, the land surface temperature decreases with
increasing vegetation cover. Furthermore, a noticeable decreasing trend was found over
the Indira Gandhi Canal, which could be due to the area under irrigation increasing over
time, as a result of the expanding canal system [71]. As in other tropical regions [72–74],
our results also indicate that eastern Rajasthan is experiencing a colder shift yearly.

4.3. Spatiotemporal Variation in Evapotranspiration

The spatiotemporal pattern of the mean annual ET clearly indicates strong variations
corresponding to native vegetation types and prevailing climatic conditions. The annual
pattern of ET exhibits an increasing trend. This can be attributed to the fact that rainfall
has increased during the last 21 years and is a prime factor for high vegetation greenness.
Several studies have also reported that changes in ET are most likely caused by changes in
climatic parameters (rainfall and LST), rather than changes in the NDVI and EVI [73,75].
All the parameters, including the median, the 25th, and the 75th percentile, were at a
minimum during 2002 because it was a drought year in Rajasthan [33,70]. The seasonal
variation in ET clearly shows peaks and valleys based on the crop season. The ET rate was
high during the peak vegetative stage of the Rabi and Kharif seasons, while it was low
during the summer due to less vegetation coverage. The low ET levels during the summer
were accompanied by the senescence of deciduous forests and crops, low relative humidity,
very high temperatures, and low soil moisture [76]. The low ET rate in the winter may be
due to low mean temperature and more diffuse solar insolation [77,78]. The results of this
study are highly consistent with the output of Poonia and Rao (2013) [62]. The annual ET
varied between 0 and 821 mm for the entire state of Rajasthan (2001–2021). Rajasthan’s arid
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regions, with deserts and sparsely vegetated areas in the western parts, had the lowest ET
(50 mm), while the southern part of the state had the highest ET (>500 mm). In the western
region, low rainfall, very little or no available soil moisture, and poor vegetation are the
reasons for the low ET rate. Our results are consistent with those of Goroshi et al. [76].
The mean annual ET of the state was 126 mm, with maximum and minimum values of
54.3 mm and 181.3 mm in 2002 and 2021, respectively. The ET rate decreased in 2002 due
to the drought phenomenon [70]. Researchers from various climatic and geographical
regions have performed this sort of analysis. Matzneller et al. [79] analyzed the annual
ET trends over Bologna–Cadriano, Italy, from 1952 to 2007, using the Hargreaves and
Samani Method, and suggested that rising air temperatures are accountable for the changes.
Specifically, in the western arid and semi-arid regions, the enormous increase in the amount
of land irrigated by canals, and a modification in cropping patterns and cultivars, may
have enhanced the annual ET [71,80].

The estimation of the ET trend from the MK test and Sen’s slope estimator revealed
that most of the area (98.24%) showed a positive trend (S > 0), while 1.76% of the pixels
had a negative trend (S < 0). This significant increasing (p < 0.05, S > 0) trend was mainly
concentrated in the southern, southeastern, and northern regions, and was highly depen-
dent on native vegetation, soil properties, and climatic conditions. In addition to this, a
significant increasing (p < 0.05, S > 0) trend was observed for the canal area, and this is
mainly attributed to a proportionate increase in crop area as a result of the increasing canal
networks [71]. Figure 24 depicts a part of the Indira Gandhi Canal (IGC) in the western
dry lands that has entirely changed over time. Before human interference, this area was
covered sandy barren land, but greenness spread with the distinctively visible expansion
of agricultural fields as time passed. There is a decreasing trend for ET, particularly in
the Jaipur district, which is experiencing vegetative degradation due to urbanization and
industrialization over the years [63,81]. Extensive industrialization has caused substantial
cropland losses [82,83] and regional climate change [84,85]. Google Earth images also confirm
that the built-up areas and industries have expanded over the years (Figures 25 and 26).
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4.4. Spatiotemporal Variation in NDVI

The annual temporal pattern of the NDVI shows that it fluctuated slightly between
2001 and 2021. Rajasthan’s uneven rainfall distribution caused this variation in vegetation
greenness. Several researchers have revealed that temporal variations in the NDVI are
closely related to precipitation [10,86–88]. However, a one- or two-month lag exists between
the NDVI and rainfall [10,89].

The spatial variability in the mean annual NDVI ranged from−0.15 to 0.74 during 2001
to 2021. This spatial variability has arisen primarily due to the uneven rainfall distribution
in the state [31]. The ACZ regions encompassing the humid southern plains, the humid
southeastern plain, the flood-prone eastern plain, and the sub-humid southern plains have
a high NDVI as a result of sufficient precipitation, ranging from 800 to 1000 mm, which
helps to increase the cultivation of Kharif crops and the residual moisture helps to grow
crops in the Rabi season also. The central part of Rajasthan state, denoted by the internal-
drainage dry zone, the transitional plain of the Luni Basin, and the semi-arid eastern plains,
had a medium NDVI. This could be explained by the medium rainfall and high LST, along
with the seasonal fallow situation of the agricultural lands. The western part of Rajasthan
had NDVI values of less than 0.15. The sandy Thar Desert, located in the western part of
Rajasthan, has a typical arid climate with very little rainfall and intense heat waves, making
it difficult for vegetation to grow there, other than Caryophyllales (cactus) plants [14,90].
However, recent irrigation management strategies have resulted in some changes in these
areas [14]. Crops are currently grown widely in the heart of the desert. As a result, a
spatial shift in the spread of greenness has become evident over time. However, vegetation
conditions were substantially stressed in 2002. Several researchers have also reported that
a severe drought prevailed during Kharif in 2002 [31,91]. Despite the predominance of
drought conditions in Rajasthan in 2002, the eastern parts of the state remained unharmed.
Furthermore, the topography of Rajasthan exhibits significant variations, with an elevation
range of −6 to 1698 m above sea level. These topographical conditions have a significant
influence on the patterns of vegetation distribution across Rajasthan.

Regarding this temporal trend, the NDVI values increased from 2001 to 2021, with a
positive correlation of 0.85. However, the NDVI values in 2002 were far less than those of
2001 and 2003, indicating the stressed vegetation during the monsoon due to drought. It
is more interesting that the NDVI showed an increasing trend around the Indira Gandhi
Canal. This might be due to the enhancement of irrigation facilities due to the Indira
Gandhi Canal, the restoration of degraded land, cropping-pattern changes, sufficient
rainfall, the cultivation of wastelands, and rainwater-harvesting structures, while proper
policy interventions might be the reasons in other parts of the study area [71]. The Indira
Gandhi Nahar Pariyojana (IGNP) stretches over seven districts in Rajasthan: Churu, Barmer,
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Sriganganagar, Hanumangarh, Bikaner, Jodhpur, and Jaisalmer, and has brought about
tremendous changes over time [14]. After 2012, the canal’s impact was felt widely over
the western drylands, resulting in a substantial surge in agricultural productivity due
to improved irrigation facilities. Sur and Chauhan (2019) [71] also reported a significant
change (1–78%) in the net primary productivity (NPP) during 1982–2012 across the IGC
area. Figure 24 illustrates an area of the IGNP canal located in the western drylands,
which has undergone significant transformations over a period of time. Some of the pixels
exhibit a noticeable decrease in the NDVI, particularly within the Jaipur district. This
decline may be attributed to factors such as industrialization, urbanization, groundwater
depletion, inadequate irrigation practices, and alterations in cropping patterns. According
to Dangayach et al. [92], there has been a significant decrease in agricultural land, which
reduced from 47.20% to 25.50%, while the built-up land recorded a rise from 22.80% to 44.2%
during the period of the past two decades (2000–2020). Urbanization and industrialization
have led to significant reductions in cropland [82,83], and have also contributed to regional
climate change [84,85]. Google Earth images (Figures 25 and 26) have also confirmed that
the built-up areas and industries have expanded over the years.

4.5. Correlation between Hydroclimatic Parameters and Vegetative Index

Temperature and rainfall are widely recognized as the primary factors which char-
acterize the climate of a region and exert significant effects on vegetation [93]. ET-NDVI
has a significant positive correlation (0.86), while ET-RF shows a slightly lower positive
correlation (0.40). On the contrary, the NDVI-LST has the highest negative correlation
(−0.55), followed by ET-LST, with a negative correlation of −0.46. These findings reveal
a significant relationship between the NDVI and climatic factors, and vegetation growth
is affected by precipitation, the LST, and ET. The NDVI value increases with an increase
in precipitation [94]. Generally, high LST values are usually associated with low NDVI
areas, and vice versa. The areas with high LST values are characterized by the presence
of built-up areas and exposed bare-ground surfaces. In contrast, the low LST zones are
primarily associated with the presence of water bodies and extensive vegetation cover. The
presence of a dense vegetation canopy serves as an effective shield against incoming solar
radiation, hence, enhancing the evaporative cooling process of the vegetation and reducing
the surface temperature. In general, a negative NDVI is indicative of the existence of water
bodies or wetlands. Therefore, it may be concluded that the LST–NDVI relationship for
water bodies or wetlands is not consistent. This result is highly consistent with that of
Abera et al. [95], Guha and Govil [96], and Garai et al. [97]. Furthermore, it has been
observed that there is a negative relationship between rainfall and LST, indicating that the
LST is influenced by variations in rainfall. The combination of low rainfall and a higher
LST value suggests that the vegetation has a low moisture content, which could be one
of the factors contributing to forest fires [98]. Overall, these findings show a relationship
between the NDVI, rainfall, and LST.

Assessing climate change and its influence on vegetation dynamics using high-resolution
satellite data is the first step in providing valuable information for researchers, planners, and
agricultural decision makers to mitigate climate change’s impact, restore degraded lands,
and achieve sustainable development goals by establishing land exploration and restoration
policies. We advocate for the authorities to draw particular attention to achieving land
degradation neutrality in the study area, as a significant portion of Rajasthan is affected by
desertification disasters. This study employed high-resolution remote sensing products
to analyze the vegetation dynamics of Rajasthan. However, it is important to note that
there is a degree of uncertainty associated with these products, due to possible product
quality issues. The present study, however, primarily concentrated on performing an initial
analysis of vegetation change. Nonetheless, it is important to conduct more investigations
in order to fully investigate the underlying mechanisms responsible for the observed
inconsistencies. There is a need to quantify the relative contributions climate change and
human activities have made to vegetation changes using geospatial modeling.
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5. Conclusions

Vegetation monitoring is difficult in Rajasthan due to the intricate topography and
extreme climatic variability. Thus, a remote sensing technique is a boon for analyzing and
monitoring vegetation trends, and evaluating its response to a changing climate. This
study explored the long-term (21 years) spatiotemporal variability in vegetation greenness
using the NDVI and its relationship with three hydroclimatic factors, viz., rainfall, LST, and
ET, which were derived from satellite images of Rajasthan. The results show a significant
change in all five parameters during the study period from 2001 to 2021. This study’s
results provide direct evidence of a considerable decrease in degraded lands in Rajasthan,
especially in the Indira Gandhi Canal command area, and a simultaneous increase in
cropping area. The climatic impact of the increasing or decreasing vegetation trend across
Rajasthan is confirmed by the strong correlation between the NDVI and the associated
hydroclimatic factors. This study also reveals the efficiency of high-resolution satellite
images for monitoring vegetation greenness on a regional level. This study’s outcomes can
help to restore degraded lands, achieve ecosystem conservation, and achieve sustainable
development goals.
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