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Abstract Drought is a well-known yet incredibly difficult to understand hydro-
meteorological natural hazard that occurs around the globe as a result of major 
climate change occurrences. For the central Gujarat region, we examined the drought 
periodicities during the previous 30 years for this study. The patterns of drought 
conditions are a sign of climatic and environmental change, and recognizing these 
trends is crucial for the sustainable management of water resources. Application 
of the MK test to the first SPI series revealed that the post-monsoon SPI series 
had a negligible upward trend. The MK test on the original SPEI series indicated 
several time series with large declining trends prior to the monsoon, whereas every 
post-monsoon SPEI series displayed an insignificant growing trend. The findings 
demonstrate that (1) due to the various time series, the SPI and SPEI’s identification 
of the characteristics of drought were quite distinct in space at various timescales, 
(2) The SPI and SPEI differed most at the shortest time scale, and (3) The drought 
represented by the two indicators may be consistent over long periods of time. (4) 
The SPEI may be more suitable than the SPI for drought monitoring in the study 
region when compared to typical drought occurrence. It should be emphasized that 
future research will need to examine whether the SPI and SPEI’s adaptability varies 
among regions and historical periods. 

Keywords Drought · Standardized Precipitation Index (SPI) · Standardized 
Precipitation Evapotranspiration Index (SPEI) · MK test · Discrete wavelet 
transform (DWT)

P. Hirapara (B) 
Junagadh Agricultural University, Junagadh, India 
e-mail: parashirapara972@gmail.com 

M. Brahmbhatt · M. K. Tiwari 
Anand Agricultural University, Anand, India 

© The Author(s), under exclusive license to Springer Nature Switzerland AG 2023 
C. B. Pande et al. (eds.), Surface and Groundwater Resources Development and 
Management in Semi-arid Region, Springer Hydrogeology, 
https://doi.org/10.1007/978-3-031-29394-8_5 

79

http://crossmark.crossref.org/dialog/?doi=10.1007/978-3-031-29394-8_5&domain=pdf
mailto:parashirapara972@gmail.com
https://doi.org/10.1007/978-3-031-29394-8_5


80 P. Hirapara et al.

1 Introduction 

Climate change could have a significant and enduring impact on all major natural 
disasters known to mankind (Krishnamurthy et al. 2014). A perception of climate 
change can be obtained by examining the long-term trend and variability associated 
to hydro-climatic variables such as rainfall, temperature, and drought (Rashed et al. 
2015; Yerdelen et al. 2021). In general, it is anticipated that drought intensity and 
frequency would rise due to global warming, decreased precipitation, and similarly 
increased thermometer readings (Das et al. 2020; Paras et al. 2022). Understanding 
the main physical processes affecting droughts can help improve current drought 
monitoring, forecasting, and management systems as well as reduce the vulnera-
bility to and effects of drought. An investigation of changes in drought magnitude, 
severity, and duration can provide insight into the governing physical and atmospheric 
phenomena (Joshi et al. 2016; Luhaim et al. 2021; Menna et al. 2022). Drought, one 
of the most significant hydrometeorological conditions, is typically characterised as 
a prolonged shortage of freshwater on Earth (Yang et al. 2018; Menna et al. 2022). 

Droughts can be classified as meteorological, agricultural, hydrological, or 
economical in nature. Each has distinctive qualities all of its own. The most severe 
of them is the meteorological drought, which is most clearly caused by a decrease 
in precipitation. The effects of the other three forms of drought on individuals and 
society are more severe. One may contend that the meteorological drought is what 
causes the other three types of drought. Due to the complexity and severity of 
drought, defining and evaluating drought features is particularly challenging (Asadi 
et al. 2015). To evaluate and monitor drought occurrences, numerous drought indices 
have been developed in recent years. Among these are the composite meteorological 
drought index, standardised precipitation evapotranspiration index, Palmer drought 
index, and standardised precipitation index (CI). Two of them, the SPI and SPEI, both 
have the characteristics of several timeframes, which can represent various types of 
droughts and more accurately illustrate the variations in drought aspects (Salehnia & 
Ahn 2022). These indexes are therefore widely used across the globe. Although the 
concepts behind the SPI and SPEI are similar, the parameters used in each computa-
tion are very different (Pande et al. 2023a, b). The SPEI is based on the cumulative 
difference between precipitation (P) and potential evapotranspiration (PET), which 
may properly reflect changes in the surface water balance. The SPI solely considers 
precipitation, which is easy to compute and has strong geographical and temporal 
flexibility. 

However, the increase in evaporation brought on by warming is not trivial for an 
accurate assessment of drought with global warming (Bera et al. 2021). As a result, 
the SPEI is substantially better than the SPI in tracking drought, but its application in 
arid areas may be limited (Ojha et al. 2021). Furthermore, the SPI is still widely used 
worldwide. Therefore, there is still room for debate regarding the distinctions between 
the SPI and the SPEI in terms of tracking droughts as well as their geographical 
applicability in light of overall climate change.
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India is one of the world’s most susceptible and drought-prone nations (Mishra & 
Singh 2010). In India, the south-west monsoon, which lasts from June to September, 
is responsible for 70–90% of the nation’s average annual precipitation (Kumar et al. 
2013). Failure of the monsoon season could result in a lack of water accessible 
across the nation, which could cause droughts (Fung et al. 2019). According to the 
Indian Meteorological Department, a drought year occurs when the seasonal rainfall 
anomaly averaged throughout the nation as a whole is less than 10% of its long-term 
norm (IMD). 

The standardised precipitation index (SPI), which was created at Colorado State 
University to measure precipitation deficiencies (Mckee et al. 1993; Asadi et al., 
2015), has gained widespread acceptance as a tool for studying droughts (Mundetia & 
Sharma 2015; Qaisrani et al. 2021). The World Meteorological Department uses the 
SPI as the index for analyzing agricultural and hydrological drought because of 
its simplicity, stability, and adaptability (Mundetia & Sharma 2015). Despite SPI’s 
widespread acceptance and use, it ignores other elements that can cause drought, 
such as temperature, evapotranspiration volume, wind speed, and soil water-holding 
capacity (Vicente-serrano et al. 2010). Consequently, the SPEI will be used to coun-
teract the benefits of the SPI (Ojha et al. 2021). SPEI is particularly useful for 
analyzing, observing, and researching how drought is affected by climate change 
(Ghasemi et al. 2021). 

Because its performance is unaffected by the assumptions of uniform data distri-
bution and the requirement for skewed data distribution, the Mann–Kendall test is 
determined to be durable (Onoz & Bayazit, 2003; Afshar et al., 2022). The MK test 
has a noteworthy drawback in that it cannot handle data with serial correlation, which 
is typically present in hydro-climatic data (Salehnia & Ahn 2022). When examining 
trends in hydroclimatic time series, it’s crucial to consider how these changes fluctuate 
across various time periods in addition to whether the trend direction is increasing 
or decreasing (Onoz & Bayazit 2003; Yerdelen, et al. 2021). A common method for 
identifying oscillatory signals is the Fourier Transform (FT), which uses sine- and 
cosine-based functions (Tefera et al. 2019). 

A relatively new method for processing time and frequency domain signals 
for time series analysis is the wavelet transformation (WT) (Araghi et al. 2015; 
Mundetia & Sharma 2015). WT is employed to break down time series data into 
several sub-time series data with various periodicities using various scales and ampli-
tudes (Labat 2005; Wang & Lu 2009). Time series data naturally have physical 
properties including trends, periodicity, discontinuities, and change points. Wavelet 
analysis has been shown to be an advanced technique for capturing these proper-
ties (Partal 2010; Nikhil raj & Azeez 2012; Araghi et al. 2015). Having tremendous 
possibilities of SPI and SPEI indices for drought assessment, these Due to the climate 
change and its variability, which could be accounted to the undulating topography 
of the research area, and variation in drought ratings from SPI and SPEI is expected 
(Bera et al. 2021). As a result, this study looked at the level of agreement between the 
SPI and SPEI ratings as instruments for assessing the drought in the Gujarat region. 

This chapter has been focus on four main sections, which includes the introduction 
as 1st Sec. In Sect. 2 we present the materials and methods used in this study, while
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in Sect. 3 we present detail results of our study. In Sect. 4 we present the main 
conclusions and outcomes of the research objective. 

2 Materials and Methods 

2.1 Data and Methods 

The main region of analysis for this study is Middle Gujarat, but for most of the 
analyses employed through the paper we split the Middle Gujarat domain into three 
separate micro-regions such as Dahod, Chhota Udaipur, Vadodara. Monthly rainfall 
data of 17 Grids under study area of 30 years (1986–2015) is used for calculate the 
seasonal and annual SPI drought index (Table 1 and Fig. 1). Monthly precipitation 
and mean temperature are used for calculate seasonal and annual SPEI drought 
index for 42 Grids. The data quality was rigorously monitored, and the average 
values of the data from the adjacent meteorological stations were used to fill in any 
missing values. We acquired the gridded dataset (Precipitation & Temperature) from 
the Climate Research & Services, Pune (IMD, Pune Lab) (https://www.imdpune. 
gov.in/). For detection of seasonal SPI and SPEI, four seasons are considered as 
Winter (December to February), Pre-monsoon (March to May), Monsoon (June to 
August) and Post-monsoon (September to November).

2.2 Description of Drought Indices 

2.2.1 Standardized Precipitation Index (SPI) 

The SPI is a popularly used drought index that is based only on rainfall measurements 
and may be summed up as the likelihood of precipitation being seen at a particular 
time range. Regardless of climate and land use, this probabilistic measure is indepen-
dent and can be applied in various regions. Applying the following equation, the data 
were initially fitted to the gamma probability distribution function and transformed 
into a normal distribution: 

If the amount of precipitation fell during a specific time period was x, the G 
distribution of the probability density function was as follows: 

g(x) = 1 

βα τ (α) 
xα−1 e 

−§ 
β , f or  x  > 0 (1)  

where, x is the monthly accumulated precipitation amount, and α and β are the shape 
and scale parameters of gamma distribution, respectively.

https://www.imdpune.gov.in/
https://www.imdpune.gov.in/
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Table 1 Study area grids location details 

Grid code Lat (°N) Long (°E) District 

For SPI For SPEI From—To From—To 

A01 AE01 22.00–22.25 72.75–73.00 Vadodara 

A02 AE02 22.00–22.25 73.00–73.25 Vadodara 

A03 AE03 22.00–22.25 73.25–73.50 Vadodara 

A04 AE04 22.00–22.25 73.50–73.75 Chhota Udepur 

A05 AE05 22.00–22.25 73.75–74.00 Chhota Udepur 

A06 AE06 22.00–22.25 74.00–74.25 Chhota Udepur 

A07 AE07 22.25–22.50 73.00–73.25 Vadodara 

A08 AE08 22.25–22.50 73.25–73.50 Vadodara 

A09 AE09 22.25–22.50 73.75–74.00 Chhota Udepur 

A10 AE10 22.25–22.50 74.00–74.25 Chhota Udepur 

A11 AE11 22.50–22.75 73.25–73.50 Vadodara 

A12 AE12 22.50–22.75 73.75–74.00 Dahod 

A13 AE13 22.50–22.75 74.00–74.25 Dahod 

A14 AE14 22.75–23.00 73.75–74.00 Dahod 

A15 AE15 22.75–23.00 74.00–74.25 Dahod 

A16 AE16 23.00–23.25 74.00–74.25 Dahod 

A17 AE17 23.25–23.50 74.00–74.25 Dahod

The Z or SPI values is more easily obtained computationally using an approxi-
mation that converts cumulative probability to the standard normal random variable 
Z; 

Z = SP  I  = −
(
t − C0 + C1 t + C2 t2 

1 + d1 t + d2 t2 + d3 t3

)
for 0 < H(x) ≤ 0.5 (2)  

Z = SP  I  = +
(
t − C0 + C1 t + C2 t2 

1 + d1 t + d2 t2 + d3 t3

)
for 0.5 < H(x) < 1 (3)  

where, t =
/
ln

(
1 

(H(x))2

)
and t =

/
ln

(
1 

(1−H(x))2

)
are for 0 < H(x) ≤ 0.5 and 

0.5 < H(x) < 1, , respectively. (The constants are C0 = 2.515517, C1 = 0.802853, 
C2 = 0.010328, d1 = 1.432788, d2 = 0.189269, and d3= 0.001308). 

Values from SPI indicate both dry and wet situations. Extreme wet (> 2), severely 
wet (1.5 to 1.99), moderately wet (1.00 to 1.49), slightly wet (0 to 0.99), mildly 
dry (0 to -0.990), moderately dry (−1.00 to -1.49), severely dry (−1.5 to −1.99), 
and extreme dry (–2.00) are the eight classifications that the SPI drought portion is 
randomly divided. When SPI approaches 0.0, a drought event begins, and it ends 
when SPI turns positive (World Meteorological Organization, 2012).
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Fig. 1 A Geographical location map of the study location

2.2.2 Standardized Precipitation Evapotranspiration Index 

Vicente Serrano and associates suggested the SPEI in 2010 as an improvement of 
the SPI. Based on the water balance principle, the SPEI assesses the dry and wet 
conditions of the region using the difference between precipitation (P) and poten-
tial evapotranspiration (PET) (Tirivarombo et al. 2018). The SPEI has a significant 
advantage over other commonly used drought indices that take the impact of PET 
on drought severity into account because its multi-scalar properties make it possible 
to identify various drought types and their effects in the context of global warming. 

Using a discrepancy between precipitation and evapotranspiration from the 
average condition, the SPEI is used to detect drought in a region (Vicente-serrano 
et al. 2010). The Penmen Monteith (PM) equation is used to calculate PET (Allen 
et al., 1998) as follows; 

ET o  = 
0.408∆(Rn − G) + γ

[
900 

T+273

]
u2(es − ea)

∆ + γ (1 + 0.34u2) 
(4) 

where, ETo represents evapotranspiration (mm/day); ∆ = saturated vapor pressure 
slope (kPa/°C); G = heat flux density of soil (MJ/m2 /day); Rn = net radiation
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(MJ/m2 per day); T = mean temperature (°C); u2 = average daily speed of wind 
(m/s); es − ea = deficit of vapor pressure; γ = psychrometric constant (kPa/°C). 

After a standard normal distribution process, the SP  E  I  can be obtained by below 
equation: 

SP  E  I  = W − C0 + C1W + C2W 
1 + d1W + d2W + d3w'

W = 
√−2ln(P) (5) 

When, P ≤ 0.5, P = 1 - F(x); P  > 0.5, P = 1 – P. (C0 = 2.515517, C1 = 
0.802853, C2 = 0.010328, d1 = 1.432788, d2 = 0.189269, and d3= 0.001308 
(Vicente-serrano et al. 2010). 

2.3 Mann–Kendall (MK) Trend Tests 

The Mann Kendall (MK) statistical test is used to detect trends in hydrological time 
series data that have been recorded (precipitation, runoff, water quality, temperature). 
Analysis of time series data trends has proven to be a useful technique for efficient 
management, planning, and design of water resources (Mallick et al. 2021). For each 
study location, the MK test and its variance were identified in order to derive the 
test’s standard normal value (Z). The essential two-tailed Z-value (area under the 
normal curve) corresponding to the significant level of α /2 (this study used = 5%) 
then was compared to the absolute value of this Z. (Ali et al. 2019). The Z values 
for α of 5% in a two-tailed test are ± 1.96. If the Z-value obtained from the MK 
calculation is found outside the -1.96 and + 1.96 boundaries, then this indicates that 
the trends detected are significant. 

The calculation of the MK test statistic, which is also known as the Kendall’s tau, 
is as follows (Yue et al. 2002): 

St =
∑n−1 

c=1

∑n 

d=c+1 
si  gn(Xd − Xc) (7) 

where, Xc and Xd are data points, and n is the number of the dataset. 
si  gn(t) is defined as: 

si  gn(Xd − Xc) = 

⎧⎨ 

⎩ 

+1, Xd > Xc 

0, Xd = Xc 

−1, Xd < Xc 

(8) 

The Mann–Kendall statistic Z is given as: 

Var  (St ) = (n(n − 1))(2n + 5) −
∑n 

c=1 
tc(c)(c − 1)(2c + 5)/18
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Z = 

⎧⎨ 

⎩ 

(St − 1)/
√
Var(St ), St > 0 

0, St < 0 
(St + 1)/

√
Var(St ), St = 0 

(9) 

where, t c indicates the cumulative sum of t , which is the size of ties or duplicates of 
the extent c. 

2.4 Magnitude of Trend Using Sen’s Slope Estimator 

In order to determine the magnitude and variability of the trend in time series of SPI 
and SPEI Sen’s slope estimator was used (Ali et al. 2019) with the following set of 
equations: 

The slope of the dataset is obtained from: 

mi = (x j − xk)/( j − k) 

(i = 1, 2, . . . ,  N ) (10) 

where, mi , N , x j , and xk denote the slope, the number of data points and j and k 
( j > k) represent the time points, respectively. 

The median of these N value of mi is termed as Sen’s estimator of slopes and is 
calculated by the following formulae: 

β =
(
m(N+1)/2, when N i s  odd 

1/2(mN /2 + m(N+1)/2, when N i s  even 
(11) 

A positive value means an increasing or upward trend, and a negative value means 
a decreasing or downward trend (Jain et al. 2013; Agarwal et al. 2021). 

3 Results and Discussion 

3.1 Temporal Evolution of the SPI and SPEI Analysis 

3.1.1 Pre Monsoon 

Since the turn of the century, the frequency and severity of droughts in the middle 
Gujarat region have increased, with the tendency becoming more obvious the further 
back in time one goes. In this study, we examined the differences between the 
pre-monsoon (May) and post-monsoon seasons using 3-month SPI & SPEI values
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Fig. 2 The time series of the pre monsoon SPI and SPEI in the study region during 1986–2015 

(November). The 12-month SPI values (SPI-12) and 12-month SPEI values (SPEI-
12) for December are used to detect annual SPI and SPEI values (Yang et al. 2018; 
He et al. 2015). The temporal distribution of SPI & SPEI for pre monsoon are clearly 
indicated in Fig. 2. 

The SPI based analysis indicates that pre monsoon indices from 3.22 to -0.25 
(Extremely wet to Mildly dry state), while SPEI vary between 2.49 to – 4.39 which 
means extremely wet to extremely dry state. At 3-month time scale, strongest wet 
year identify by SPI & SPEI were 2000. Unlikely for the dentification of extremely 
driest year found by SPEI is 2010. Temporal distribution of SPI & SPEI are clearly 
indicated in Fig. 2 and it reviled that the maximum drought occurrence at 3-month 
time scale is highest in SPEI than SPI. Less fluctuation of extreme wet to extreme 
dry observed in SPI compared to SPEI, which means it give linear response-based 
rainfall data. While SPEI give quite good response by combination of rainfall and 
evapotranspiration data. 

3.1.2 Post Monsoon 

Figure 3 shows that post monsoon SPI & SPEI drought apical severity vary from 2.51 
to –3.08 and 2.42 to –2.40 (Extremely wet to Extremely dry) respectively. In SPI
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Fig. 3 The time series of the post monsoon SPI and SPEI in the study region during 1986–2015 

identify year 2013 (Gride A05) is an extremely wet year while 1998 (AE10) year is 
based on SPEI. 3-month time scale SPI found 1986 is extremely dry drought severity 
while in SPEI 1987 year is extremely dry drought severity and intensity respectively. 

Additionally, SPEI performed well in capturing the drought in 3-month time scale. 
Figure 2 shows that the SPEI identify higher draught year in all year compared to 
SPI. Regardless of their difference, however SPI and SPEI able to identify major 
recorded drought year in the study area including 1986, 1987, 2000, & 2015 in most 
cases. The SPI and SPEI were essentially consistent in representing drought periods, 
but the SPI’s reflection of the severity of the drought was higher than the SPEI’s. 

3.2 Serial Correlation and Seasonality Factors 

Here we used lag-1 autocorrelation for assessment of seasonality patterns, and it 
is applied to each and every SPI and SPEI data sets. Figures 4, 5 illustrate the 
lag-1 correlation graph for pre monsoon and post monsoon SPI. The frequency of 
statistical significance correlation at 0.4 and –0.4 levels is marked with red and grey 
color respectively (Figs. 4, 5) and investigated time scale of the analysis indicated
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Fig. 4 Lag-1 correlograms for pre & post monsoon SPI
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Fig. 5 Lag-1 correlograms for pre & post monsoon SPEI 

an acceptable degree of agreement between SPI & SPEI. Correlograms for whole 
dataset was also prepared and we observed that no any significant seasonality pattern 
follows by SPI pre and post monsoon time series data set.

3.3 Seasonal and Annual Trends in SPI 

MK test is employed to analyze the trend for SPI and SPEI drought indices of all 
stations over the period of 1986 to 2015. This is done with 3-month cumulative time 
series data and 5% significance level. Results of the Mann Kendall trend test and 
Sen’s slope for 3-month time scale seasons of SPI & SPEI are exhibited in Tables 2, 
3. Pre monsoon SPI series significantly increases in its trend in most of the grids, 
only A05, A06 indicates negative trend which means trend of these two grids are 
not at its significant level. In pre monsoon Sen’s slope estimator indicates no change
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Table 2 Results of Mann–Kendall (Z) and Sen Slope (β) for seasonal SPI from 1986 to 2015 for 
17 Grids. (Significant values at α = 5% are denoted by an asterisk) 

Grid Pre monsoon Post monsoon 

Z β Z β 
A01 0.90 0.000 1.94 0.045 

A02 0.46 0.000 0.46 0.011 

A03 0.00 0.000 1.52 0.036 

A04 0.13 0.000 1.21 0.031 

A05 −1.21 0.000 1.87 0.045 

A06 −0.61 0.000 2.48* 0.049 

A07 0.98 0.000 0.95 0.028 

A08 0.63 0.000 1.93 0.046 

A09 1.87 0.000 1.70 0.036 

A10 1.22 0.000 2.03* 0.045 

A11 0.44 0.000 2.09* 0.045 

A12 0.52 0.000 0.95 0.024 

A13 0.75 0.000 1.37 0.031 

A14 0.83 0.000 1.30 0.038 

A15 2.22* 0.000 1.14 0.022 

A16 0.86 0.000 1.71 0.043 

A17 1.99* 0.000 1.82 0.029

on SPI series while in post monsoon all SPI series for sen’s slope are positive trend. 
Highest significant tread observed in A06 grid (Z = 2.48 & β = 0.049). Sen’s slope 
indicates weighted median of the difference in all values. Here is a simplest possibility 
illustration of zero is shorter upward trending segments. 

Seasonal SPEI trend series period of 1986 to 2015 for 17 different grids into the 
study area (Table 3). Based on results, it found that the pre monsoon were significant 
decreasing trend in the study areas. On other hand post monsoon analysis indicates 
insignificantly increasing trend of SPEI over the study locations. Sen’s slope indicates 
difference between major and minor value is significant in both pre monsoon and post 
monsoon. SPEI capture tall the major drought years between 1986 to 2015 at time 
scale, while SPI fail to capture extreme drought events (Tables 2, 3). SPI value appears 
little lower than the SPEI values. This type of dissimilarity observed in our study and 
in other studies also. Wang et al. 2014 reported difference between SPI and SPEI 
based drought assessment. SPI predict extreme event based only precipitation data, 
while SPEI uses precipitation and temperature variability to predict climate extreme 
events (Mckee et al. 1993; Guttmann 1999; Vicente, et al. 2010). However, difference 
between SPI and SPEI values doesn’t mean that they give complete opposite results. 
In lower temperature variation regions, SPI can give equal results as strong as SPEI
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Table 3 Results of Mann–Kendall (Z) and Sen Slope (β) for seasonal SPEI from 1986 to 2015 for 
17 Grids. (Significant values at α = 5% are denoted by an asterisk) 

Grid Pre monsoon Post monsoon 

Z β Z β 
AE01 −2.39* −0.043 1.23 0.028 

AE02 −2.34* −0.044 0.23 0.006 

AE03 −2.44* −0.042 0.68 0.017 

AE04 −2.48* −0.042 0.79 0.023 

AE05 −0.05 −0.003 1.15 0.034 

AE06 0.12 0.005 1.93 0.041 

AE07 −2.41* −0.042 0.14 0.007 

AE08 −2.39* −0.041 1.18 0.037 

AE09 0.00 0.000 1.53 0.031 

AE10 0.00 0.001 1.12 0.019 

AE11 −2.37* −0.041 1.28 0.032 

AE12 0.05 0.003 1.84 0.032 

AE13 0.00 0.004 0.70 0.014 

AE14 −0.95 −0.025 1.09 0.030 

AE15 −1.07 −0.026 0.91 0.024 

AE16 −0.98 −0.027 0.98 0.018 

AE17 −0.95 −0.019 1.03 0.019

does. This indicates inability of SPI to count the effect of global warming in drought 
monitoring. 

Sen’s slope results agreed with (Dogan 2018), which concluded that the good 
relationship can be expected if scattering of points is diminished, and lie relatively 
close to line which represent mean. Here, existed good level of agreement for most 
of scattering points lie between set range of upper and lower limit. 

3.4 Linear Relationship Between SPI and SPEI for Pre 
and Post Monsoon Reasons 

Using Pearson’s correlation coefficient, it was found that SPI and SPEI have a linear 
relationship for different seasons. The results showed that the pre- and post-monsoon 
seasons did not yield significant results for the SPI and SPEI. Pre and post monsoon 
SPI & SPEI correlation is displayed using R2, which has values of 0.1928 & 0.1298, 
respectively. Scattered plot revealed that the relationship between SPI and SEPI 
and time was linearly decrementing (Fig. 6). This is partially due to the fact that 
the outcomes of the two distinct approaches do not agree, which could lead to a
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Fig. 6 Scatter plot showing the linear relationship of SPI & SPEI for all grids in pre monsoon & 
post monsoon season

variety of conclusions that are either good or negative. This was supported by Dogan 
NO 2018, which cautioned against using correlation to gauge the comparability of 
different methodologies. The results clearly demonstrate that SPI and SPEI have a 
linear connection in this case, however there is not necessarily a degree of agreement. 
Furthermore, the independent Sen’s slop test clearly demonstrates that the SPI and 
SPEI in this study do not differ significantly from one another. 
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4 Conclusion 

SPI and SPEI indicators were utilized in the current study to analyze the spatial and 
temporal characteristics of climate extreme occurrences that occurred in Gujarat, 
India, before during and after the monsoon season. Drought is a devastating and 
slow-moving event that is influenced by both human and natural activity, in contrast 
to other climatic calamities. The number of severe occurrences in the study area 
was trended using both Sen’s slope and the MK test. We can therefore infer from 
the results of this study that SPEI outperformed SPI in the Vadodara regions of 
Gujarat. However, the research for additional study locations also showed that SPEI 
can be used in place of SPI at time scales. SPI cannot be calculated in the absence 
of temperature data and a suitable analytical instrument; hence it is reasonable to 
assume that SPI can be used to measure drought in the research region at all-time 
scales. 

This study’s focus was on meteorological conditions based historical drought indi-
cators. In order to make well-informed decisions for sustainable basin planning and 
management and to maximize the operational guidelines of existing water resources, 
trends in drought indices would be projected to future periods based on the antici-
pated outcomes from global climate models. Future studies that consider hydrologic, 
agricultural, and socioeconomic droughts will produce more insightful findings. 
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