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Abstract
This study examines the drought patterns in Pakistan’s Sindh Province (low-riparian of 
the Indus Basin) from 1902 to 2015 using the Standardized Precipitation Evapotranspi-
ration Index (SPEI) on 3-month and 12-month timescales. The spatial "K"luster analysis 
using tree edge removal method was used to divide the study area into four zones with 
similar climatic characteristics. Then, the run theory was applied to characterize droughts 
(durations, severity, intensity, and peaks) in each zone. The non-parametric Mann–Kendall 
trend test was also applied to analyze statistically significant trends by zone and drought 
characteristic. It was found that all four zones experienced a decrease in SPEI throughout 
the analyzed period. The effects of climate change are more evident when we analyzed 
drought characteristics in two time slices, i.e., pre and post-1960. The results showed that 
in the post-1960 time slice, droughts increased in duration, severity, intensity, and peaks 
over the entire study area under both 3 and 12-month SPEI. The findings of this study can 
assist policymakers and water managers in devising policies for managing limited water 
resources under changing patterns of droughts in Sindh Province.
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1 Introduction

Pakistan is among the most vulnerable countries due to climate change. Historical data 
shows an increase in both rainfall and temperature over the entire country in the last 
70 years. In addition, the severity and intensity of extreme events (floods, droughts, and 
heat waves) have also increased. Furthermore, as predicted by the climate models, future 
global warming could alter the water cycle and cause more extreme events, such as 
droughts and floods, in this region (Dars et al. 2020). Drought is one of the most complex 
natural hazards that affects water availability for agriculture and various socio-economic 
activities in a particular region (Adnan and Ullah 2020). Quantifying drought characteris-
tics, such as duration, severity, intensity, and peak, is critical for policymakers and water 
managers.

Numerous drought indices have been used for this purpose, including Standard-
ized Precipitation Index (SPI) (McKee et al. 1993), Decile Index (DI) (Gibbs and Maher 
1967), Palmer Drought Severity Index (PDSI) (Palmer 1965), and Standardized Precipita-
tion Evapotranspiration Index (SPEI) (Vicente-Serrano et al. 2010). Several studies have 
adopted these drought indices to model droughts. For example, Edossa et al. (2016) used 
the self-calibrated Palmer Drought Severity Index (PDSI) to analyze droughts in central 
South Africa. Zou et al. (2005) used PDSI derived from monthly air temperature and pre-
cipitation data from 1951 to 2003. Bazrkar et al. (2020) developed a Hydro-climatic Aggre-
gate Drought Index (HADI) to categorize drought in colder regions. In addition, Haroon 
et al. (2016) applied the Drought Severity Index (DSI) and showed that the DSI could be 
efficiently applied only in agricultural and plain areas. Aksoy et al. (2021) developed criti-
cal drought Intensity–Duration–Frequency (IDF) curves by employing Total Probability 
Theorem (TPT) and Coupled Frequency Analysis (CFA). The critical IDF curves are uti-
lized to identify more severe drought events in vulnerable regions. The study highlighted 
the potential of critical IDF curves in providing valuable information for regions prone to 
drought. In another research conducted by Won and Kim (2023) the Ecological Drought 
Condition Index (EDCI) based on the Normalized Difference Vegetation Index (NDVI) 
was evaluated to detect the effects of meteorological droughts on vegetation health. The 
study demonstrated the effectiveness of EDCI in detecting the impact of meteorological 
droughts on vegetation health.

Another research study by Wang et al. (2015) used SPI and SPEI to investigate drought 
severity in China by using monthly observed climatic data from 633 stations. In addition, 
Tirivarombo et al. (2018) used the SPEI and SPI to monitor droughts over the Kafue basin 
in Zambia. They also compared both indices and found that SPEI efficiently calculated the 
drought duration and severity. Moreover, (Jamro et al. 2019, 2020) conducted two studies 
on Pakistan and Balochistan Province to analyze the spatiotemporal variability of droughts 
using SPEI. (Xie et  al. 2013; Ashraf and Routray 2015; Jamro et  al. 2020) applied the 
Standardized Precipitation Index (SPI) over Pakistan and Balochistan Province to analyze 
drought trends (Adnan et  al. 2015). However, under the current scenarios of increasing 
temperatures, the effects of climate change cannot be ignored, and the temperature cannot 
be assumed to be stationary in the future. The SPEI integrates the effects of climate change 
on temperature and precipitation and produces more reliable results than indices such as 
SPI that only use precipitation amounts (Jamro et al. 2019).

To our knowledge, no study has been conducted in the Sindh Province to characterize 
droughts and their trends using SPEI. This research aims to analyze the spatial variabil-
ity of drought characteristics (drought duration, severity, intensity, and peak) using 3- and 
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12-month SPEI across Sindh Province, Pakistan, from 1902–2015. The studied period is 
also divided into two parts, pre-1960 and post-1960, to highlight the effect climate change 
has had on the drought characteristics of the region.

2  Materials and methods

2.1  Study area

Sindh Province lies in the southwest corner of South Asia, with the Thar Desert in the 
east, the mountains and hilly areas in the west, arid regions of Punjab in the north, and 
the Arabian Sea in the south (Abbas et al. 2018). Sindh is the second-most populous prov-
ince of Pakistan and covers an area of 140,915  km2. It has a flat topography and is situ-
ated between 23° to 30° north latitude and 66°–71° east longitude (Fig. 1). All the spatial 
plots are made using ArcMap. Being a lower-riparian zone, Sindh is vulnerable to floods 
when there is excess rainfall and droughts when there is low rainfall (Dars et al. 2021). The 
topography of Sindh Province can be divided into four geographic zones.

Sindh lies in the subtropical region with an arid climate. Its average summer and winter 
temperatures are 35 °C and 16 °C, respectively. The maximum temperature reaches 50 °C 
in the summer season, while minimum temperatures drop to − 1 °C in the winter (Abbas 
et al. 2018). Its average rainfall is about 180 mm a year, which is received mostly in the 
summer. Due to erratic rainfall and high potential evaporation rates, almost 80 percent of 
groundwater is brackish and agricultural land is affected by waterlogging and salinization 
(Fig. 2).

Fig. 1  The topographic map of the study area
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2.2  Climatic data

We used the gridded precipitation and potential evapotranspiration (PET) data provided by 
the climate research unit (CRU) (https:// cruda ta. uea. ac. uk/ cru/ data/ hrg/ cru_ ts_4. 06/ cruts. 
22052 01912. v4. 06) at the University of East Anglia (CRU TS 3.24; (Harris et al. (2014) 
to compute the SPEI. The CRU data is available at a monthly temporal resolution for ten 
climatic variables from 1901 to 2015 at a spatial resolution of 0.5° by 0.5° (approximately 
55.5 km near the equator). Many studies have used the CRU datasets over the Indus Basin 
region, such as Jamro et al. (2019) and Jamro et al. (2020), which showed that the CRU 
dataset could be used in hydrological studies over the Indus Basin and surrounding regions. 
In addition, Krakauer et  al. (2019) concluded that despite the poor representation of the 
spatial variability over this region, the CRU data represented the precipitation trends quite 
well compared to station data.

2.3  Standardized precipitation evapotranspiration Index

Several drought indices have been used to assess drought trends, including Palmer Drought 
Severity Index (PDSI) (Palmer 1965), Standardized Precipitation Index (SPI) (McKee 
et al. 1993), and Standardized Precipitation-Evapotranspiration Index (SPEI) (Vicente-Ser-
rano et al. 2010). The SPEI has the advantage of incorporating the effects of temperature 
and hence better capturing drought risk changes in a warming climate (Vicente-Serrano 
et al. 2010). In this study, we have computed SPEI using R programming language. SPEI 

Fig. 2  Methodological framework

https://crudata.uea.ac.uk/cru/data/hrg/cru_ts_4.06/cruts.2205201912.v4.06
https://crudata.uea.ac.uk/cru/data/hrg/cru_ts_4.06/cruts.2205201912.v4.06
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utilizes the amount of precipitation and subtracts Potential Evapotranspiration (PET). SPEI 
has been used and recommended by various researchers in Pakistan (Jamro et al. 2019) and 
around the globe (Seneviratne 2012, Touma et al. 2015; Beguería et al. 2014; Tirivarombo 
et al. 2018). This study analyzes the drought characteristics for the Sindh province of Paki-
stan using SPEI.

2.4  Drought regionalization

Regionalization is an effective technique to make homogeneous clusters based on the grid-
ded datasets. In this study, drought regionalization has been performed using the Spatial 
"K" luster Analysis by utilizing the Tree Edge Removal (SKATER) algorithm using R pro-
gramming language (Jamro et al. 2019, 2020; Liu et al. 2015; Assunção et al. 2006).

Jamro et al. (2019) applied the SKATER algorithm to this region for the first time. At 
first, SKATER employs the spatial contiguity of the dataset for producing clusters follow-
ing that. As drought is a spatial phenomenon, considering spatial relationships is crucial to 
regionalizing drought (Assunção et al. 2006). In the SKATER algorithm, objects are repre-
sented as vertices in connected graphs, and the algorithm begins by computing adjacency 
relationships among objects while generating a connectivity graph. As shown in Fig.  2, 
each district is denoted as a vertex connected to neighboring vertices by edges. In this 
case, the attribute of interest is the value of SPEI, whose correlation between neighbors is 
characterized by a "weight" or value allotted to the particular edges. Each edge weight is 
directly proportional to the similarity measure between the two vertices it joins. By prun-
ing the graph at suitable places, connected clusters are obtained.

2.5  Drought characterization

Run theory (Yevjevich 1967) is a popular and efficient technique to analyze time series. 
A run is a time series sequence with all indicator values below a certain threshold. Mul-
tiple thresholds have been implemented in the research studies to identify droughts. Wu 
et  al. (2019) used an upper threshold of − 0.5 to identify drought events in northeast-
ern China. Tian and Quiring (2019) chose a − 0.7 SPEI threshold for determining the 
droughts in Oklahoma, while Jamro et al. (2019) used a threshold of − 0.5 for SPEI to 
identify droughts in Pakistan. In this research study, the SPEI dropping below − 0.5 is 
considered a drought event (Table  1). After applying the SPEI thresholds to identify 

Table 1  Idealized distribution 
and interpretation of SPEI 
categories (Liu et al. 2015)

SPEI Categories

2.0 ≤ SPEI Extreme wetness
1.5 ≤ SPEI < 2.0 Severe wetness
1.0 ≤ SPEI < 1.5 Moderate wetness
0.5 ≤ SPEI < 1.0 Slight wetness
− 0.5 < SPEI < 0.5 Normal
− 1.0 < SPEI ≤ − 0.5 Slight dryness
− 1.5 < SPEI ≤ − 1.0 Moderate dryness
− 2.0 < SPEI ≤ − 1.5 Severe dryness
SPEI ≤ − 2.0 Extreme dryness
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drought periods, drought characteristics (drought duration, events, severity, intensity, 
and peak) were computed in each zone (Guo et al. 2018).

After the identification of drought events, their drought characteristics are deter-
mined. Drought Duration (DD) is the length of time, measured in months, between the 
beginning and end of a drought. Drought Severity (DS) is the overall amount of deficit 
in a drought index below a specific threshold level. It is calculated by adding up the 
SPEI deficit for each month during the drought. Drought Intensity (DI) is the average 
value of the drought index for a particular drought event, which is obtained by dividing 
the drought severity by its duration. Drought Peak (DP) is the minimum value that the 
index reaches during the entire period of the drought.

3  Drought trends

Drought trends in SPEI and drought characteristics in each zone were assessed using 
the non-parametric Mann–Kendall (MK) trend test (Kendall 1948) in the R program-
ming language. Sen’s method was applied to calculate the magnitude of the slope (Sen 
1968). The MK test bases itself on the correlation between the actual time order and the 
ranks of a time series. This method is also recommended by the World Meteorological 
Organization (WMO) to evaluate trends in climatic studies. This method is quick and 
easy to use as it allows for missing values, does not require the time series to conform to 
a certain distribution, and has significantly lower sensitivity to outliers than parametric 
methods such as linear regression (Guo et al. 2018). A significance level of 0.05, which 
translates to a 95% confidence interval, has been chosen for all the analyses (Da Silva 
et al. 2015; Mahajan and Dodamani 2015).

4  Results

4.1  Drought regionalization

The study area is divided into four zones (Figs.  3, 4) using the SKATER algorithm, 
which is also consistent with its geography. Zone 1 comprises the upper portion of 
Sindh, with low annual average precipitation and high average temperature. Zone 2 is an 
alluvial region which is the central region and located along the Indus River. Zone 3 is 
a desert region comprised of the Thar Desert, Asia’s third-largest and Pakistan’s largest 
desert. Zone 4 is a coastal region connected with Balochistan province through moun-
tain ranges. It also includes the Karachi megacity (Fig. 5).

After employing the SKATER algorithm, statistical parameters were calculated for 
each zone in 3-Month and 12-Month SPEI, and these showed in Table 2.

In Table 2 Mean, median, standard deviation, skewness, maximum and minimum are 
calculated, it can be infer from the Table 2, in 3-Month SPEI has larger mean with com-
parison to 12-Month SPEI; while minimum is larger in 12-Month SPEI which is − 2.01 
which is Zone-1.
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4.2  Drought characteristics

After estimating SPEI in the R programming language, droughts are identified with 
a threshold of − 0.5 (Beguería et  al. 2014). After the identification of drought events, 
their drought characteristics are determined. Following are the results of drought 
characteristics.

Fig. 3  a Connectivity graph showing adjacency relation among objects; b minimum spanning tree gener-
ated after cutting edges having dissimilarity

Fig. 4  Drought features extracted 
from the run theory
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Fig. 5  Zones have been extracted by employing SKATER

Table 2  Statistical Parameters for 
3-Month & 12-Month SPEI

Mean Median SD Skewness Max Min

3-Month SPEI
 Zone-1 0.02 − 0.03 0.94 0.29 2.35 − 1.75
 Zone-2 0.02 − 0.12 0.95 0.36 2.44 − 1.56
 Zone-3 0.02 − 0.14 0.95 0.41 2.39 − 1.75
 Zone-4 0.02 − 0.13 0.95 0.36 2.29 − 1.58

12-Month SPEI
 Zone-1 0.009 − 0.06 0.96 0.18 2.24 − 2.01
 Zone-2 0.008 − 0.03 0.96 0.14 2.16 − 1.85
 Zone-3 0.005 − 0.05 0.97 0.07 2.31 − 1.99
 Zone-4 0.008 − 0.06 0.97 0.16 2.22 − 1.93
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4.2.1  Drought duration

Drought Duration (DD) is the length of time, measured in months, between the 
beginning and end of a drought. The run theory was applied to analyze each zone’s 
drought characteristics (drought events, duration, severity, intensity, and peak). These 
drought characteristics plots are given in Figs.  6, 7, 8, 9 for each zone’s SPEI time 

Fig. 6  Drought duration for 3-Month (a) and 12-Month (b). Trend line represents the Sen’s slope

Fig. 7  Drought severity for 3-Month (a) and 12-Month (b). The trend line represents Sen’s slope

Fig. 8  Drought Intensity for 3-Month (a) and 12-Month (b). Trend line represents the Sen’s slope
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series. Figure 6 shows the drought duration for 3 and 12-month SPEI timescales. The 
results showed an increasing trend in the drought duration in zones 1 (upper region) 
and 2 (central region) in both 3 and 12-month SPEI. Zone 3 (Desert region) showed 
an increasing (decreasing) trend in the 3-month SPEI (12-month SPEI). Moreover, a 
decreasing (increasing) trend was observed in zone 4 (coastal region) in 3-month SPEI 
(12-month SPEI). In addition, Zone 1 experienced the most prolonged drought duration 
of 32 months (April 1968—January 1971) in 3-month SPEI. This longest drought dura-
tion was also captured in the 12-month SPEI, for which its duration was 47 months (i.e., 
September 1971—July 1975).

Moreover, Zone 2 (central region) had the longest drought duration of 18 months (June 
1968—January 1970) in the 3-month SPEI. In the 12-month SPEI, Zone 2 experienced 
the longest drought duration of 47 months (September 1971—July 1975). Zone 3 (Desert 
region) had the longest drought duration of 15 months (September 2001—November 2002) 
in the 3-month SPEI. In the 12-month SPEI, Zone 3 had the longest drought duration of 
25 months (June 1986—June 1988). Zone 4 (coastal region) had the longest drought dura-
tion (October 2001—November 2002) in the 3-month SPEI. This drought duration was 
observed in all zones. In the 12-month SPEI, Zone 4 had the most prolonged drought dura-
tion of 35 months (September 1998 to June 2001).

4.2.1.1 Drought severity Drought Severity (DS) is the overall amount of deficit in a 
drought index below a specific threshold level. It is calculated by adding up the SPEI deficit 
for each month during the drought. The drought severity plots for 3-month and 12-month 
SPEI for all zones have been shown in Fig. 7. The results showed an increasing trend in the 
drought severity in all zones in both SPEIs, which means the drought severity is worsen-
ing over time. In 3-month SPEI, Zone 2 experienced maximum severity of − 14.8 in 1969. 
In addition, in 2001–2002, zone 1, 2, 3 and 4 observed the maximum severity of − 11.45, 
− 11.8, − 13.4, and − 10.5, respectively. Moreover, in 1969 for 12-month SPEI, zone 1, 2, 
3, and 4 observed the maximum severity of − 21.1, − 19.8, − 18.8, and − 18.8, respectively.

4.2.1.2 Drought intensity Drought Intensity (DI) is the average value of the drought index 
for a particular drought event, which is obtained by dividing the drought severity by its 
duration. The drought intensity plots for 3-month and 12-month SPEI for all zones have 
been shown in Fig. 8. The results showed an increasing trend in the drought intensity in 
both SPEIs except zone 3, where drought intensity is decreasing in the 12-month SPEI. In 

Fig. 9  Drought peak for 3-Month (a) and 12-Month (b). The trend line represents Sen’s slope
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3-month SPEI, Zone 1 to 4 suffered maximum intensity of − 1.4, − 1.5, − 1.25, and − 1.3, 
respectively. Similarly, in 12-month SPEI, Zone 1 to 3 suffered maximum intensity of − 1.7 
while zone 4 suffered a maximum drought intensity of − 1.87.

4.2.1.3 Drought peaks Drought Peak (DP) is the minimum value that the index reaches 
during the entire period of the drought. The drought peak plots for 3-month and 12-month 
SPEI for all zones have been shown in Fig. 9. Similar to other drought characteristics, an 
increasing trend in the drought peaks was observed in both SPEIs except zone 3, where 
drought peaks are slightly decreasing in the 12-month SPEI. In 3-month SPEI, Zone 1 to 
4 suffered drought peaks of − 1.65, − 1.56, − 1.74, and − 1.58, respectively. For 12-month 
SPEI, Zone 1 experienced a maximum peak of − 2.0, which is very high compared to other 
zones. All zones observed the drought of 1999–2005 with a maximum drought peak.

Table 3  Mann–Kendall test for 
3-month SPEI

Statistically Significant at 95% confidence interval
Not Statistically Significant.

Mann–Kendall trend test

p value Sen’s slope

Zone-1
 SPEI 0.00032 − 0.00024
 Duration 0.04376 0.01470
 Severity 0.79866 − 0.01598
 Intensity 0.07929 − 0.00119
 Peak 0.02839 − 0.00402

Zone-2
 SPEI 0.09290 − 0.00011
 Duration 0.49383 0
 Severity 0.40086 − 0.00659
 Intensity 0.22537 − 0.00076
 Peak 0.13840 − 0.00136

Zone-3
 SPEI 0.35541 − 0.00006
 Duration 0.21036 0
 Severity 0.35840 − 0.00816
 Intensity 0.79328 − 0.00012
 Peak 0.43465 − 0.00066

Zone-4
 SPEI 0.04511 − 0.00013
 Duration 0.78402 0
 Severity 0.66468 − 0.00360
 Intensity 0.00048 − 0.00194
 Peak 0.00552 − 0.00207
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4.3  Drought trends

Tables 3 and 4 show the Mann–Kendall (Mann 1945, Kendall 1948) (MK) test results 
for 3- and 12-month SPEI. The MK test is a statistical technique that examines whether 
a time series exhibits a monotonically increasing or decreasing trend, it was initially 
introduced by Mann in 1945 and later expanded by Kendall in 1975. The Mann–Ken-
dall test is a non-parametric tes, it works by computing the Kendall tau rank correla-
tion coefficient, which assesses the strength of the relationship between two variables, 
namely time series and time, number of steps are involved for conducting MK test; these 
include; calculating the Kendall tau rank correlation coefficient, analyzing the standard 
normal test statistic (Z) using the Kendall tau rank correlation coefficient, calculation of 
the p-value of the test statistic by employing a normal distribution; analyzing whether 
the p-value is less than the significance level (usually 0.05). If the p-value is less than 
the significance level, then there is evidence of a trend in the time series (Hirsch et al. 
1982; Yue and Wang 2004).The p-value for SPEI in Zone 1 and Zone 4 is less than 0.05 
and has a negative Sen’s slope magnitude indicating a significant drying trend over the 

Table 4  Mann–Kendall test for 
12-month SPEI

Statistically significant at 95% confidence interval
Not statistically significant

Mann–Kendall Trend Test

p value Sen’s slope

Zone-1
 SPEI 0.00172 − 0.00022
 Duration 0.18264 0
 Severity 0.05367 − 0.01085
 Intensity 0.02401 − 0.00179
 Peak 0.02000 − 0.00246

Zone-2
 SPEI 0.04984 − 0.00014
 Duration 0.61962 0
 Severity 0.48790 0
 Intensity 0.51630 0
 Peak 0.49102 0

Zone-3
 SPEI 0.32997 0.00061
 Duration 0.28586 0
 Severity 0.39456 0
 Intensity 0.60820 0
 Peak 0.45989 0

Zone-4
 SPEI 0.00137 − 0.00022
 Duration 0.86470 0
 Severity 0.68265 0
 Intensity 0.48204 0
 Peak 0.28823 0
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studied period. For 12-month SPEI, Zone 1, 2, and 4 also showed a significant drying 
trend. For drought duration, only zone 1 showed a statistically significant trend at a 95% 
confidence interval for 3-month SPEI, while in 12-month SPEI, it showed a non-statisti-
cally significant trend in all zones. However, drought severity showed a non-statistically 
significant trend for both SPEIs in all zones. Drought intensity showed a statistically 
significant trend in zone 4 for 3-month SPEI and zone 1 for 12-month SPEI. Moreover, 
the drought peak showed a statistically significant trend in zone 1 and 4 for 3-month 
SPEI. Additionally, in the 12-month SPEI, drought peaks showed a statistically signifi-
cant trend in zone 1.

4.4  Pre and post‑1960 analysis

After employing the trend analysis for the entire 1902–2015 period, the results of SPEI 
were divided into two parts, i.e., pre and post-1960, to evaluate the climatic changes in the 
study area. Figure 10 shows the maximum drought duration is increased in the post-1960 
for 3-month SPEI in all zones except zone 4, where maximum drought duration is almost 
the same for both pre and post-1960 periods. Similarly, the maximum drought duration is 
increased in the post-1960 for 12-month SPEI in all zones except zone 3, where maximum 
drought duration is almost the same for both pre and post-1960 periods.

Fig. 10  Maximum drought duration for 3-month (a) and 12-month (b) SPEI

Fig. 11  Maximum drought severity for 3-month (a) and 12-month SPEI (b)
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The maximum drought severity is also increased in the post-1960 period for both SPEIs 
in all zones except zone 2 in the 3-month SPEI, where maximum drought severity is almost 
the same for both pre and post-1960 periods Fig. 11.

Figure  12 shows the maximum drought intensity is increased post-1960 for 3-month 
SPEI in all zones except zone 2, where maximum drought intensity is almost the same 
for both pre and post-1960 periods. Similarly, the maximum drought intensity is increased 
in the post-1960 for 12-month SPEI in all zones except zone 4, where maximum drought 
duration is almost the same for both pre and post-1960 periods.

Drought peaks are also higher in the post-1960 Fig. 13 for 3-month SPEI in all zones 
except zone 3, where drought peaks are almost the same for both pre and post-1960 peri-
ods. Similarly, the drought peaks are increased in the post-1960 for 12-month SPEI in all 
zones for both pre and post-1960 periods.

Spatial Efficiency Metric (SPAEF) can be estimated to compare two raster maps using 
spatial correlation analysis. Spatial correlation analysis is a statistical technique that meas-
ures the similarity between the spatial patterns of two raster maps (Petrovic et  al. 2022; 
Rajbanshi and Das 2021). Several spatial correlation measures are available, but two com-
monly used measures are the Pearson Correlation Coefficient and Spearman’s rank correla-
tion coefficient.

The Pearson Correlation Coefficient between the two raster maps pre and post-1960 
shown in the Fig.  14 is calculated using the R programming language. The Pearson 

Fig. 12  Maximum drought Intensity for 3-month (a) and 12-month SPEI (b)

Fig. 13  Maximum drought peaks for 3-month (a) and 12-month SPEI (b)
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Correlation Coefficient values vary from − 1 to 1. A high positive value, i.e., closer to 1, 
indicates that the two maps have similar spatial patterns. In contrast, a high negative value, 
i.e., closer to − 1, indicates that the spatial patterns of the two maps are dissimilar. A value 
close to zero suggests no relationship between the two maps. This study estimated the Pear-
son Correlation Coefficient’s value as − 0.998, indicating that the pre-1960 and post-1960 
raster maps are totally different.

The other spatial correlation measure is Spearman’s rank correlation coefficient, which 
is a measure of the strength and direction of association between two variables. It is a non-
parametric measure of correlation, which means it does not assume that the data follow any 
specific distribution. Instead, it ranks the observations of the two variables and calculates 
the correlation coefficient based on the ranks.

The Spearman’s rank correlation coefficient varies from − 1 to 1, where a value of − 1 
indicates a perfect negative correlation (as one variable increases, the other decreases), a 
coefficient of 0 indicates no correlation, and a coefficient of 1 indicates a perfect positive 
correlation (as one variable increases, the other also increases). Spearman’s rank correla-
tion coefficient is estimated using R programming language. We estimated the Spearman’s 
rank correlation coefficient’s value as − 0.999, indicating that the pre-1960 and post-1960 
raster maps are totally different.

5  Discussion

Our study aimed to examine the various aspects of drought, such as its duration, frequency, 
severity, intensity, and peak, in Sindh Province over 114 years (1902–2015). We utilized 
the CRU gridded datasets and analyzed the data using 3-month and 12-month SPEI better 
to understand the characteristics of drought in the region. Using the SKATER algorithm, 
we have classified the study area into four distinct zones based on their comparable cli-
matic features. Different studies have employed the SKATER algorithm in their studies. 
For example, Liu et al. (2015) used this algorithm to analyze spatiotemporal characteristics 
of droughts across China using a 3-month SPEI. Jamro et al. (2019) utilized the same algo-
rithm to identify zones and analyze drought characteristics in Pakistan.

Fig. 14  Spatial efficiency metric 3-month SPEI
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Based on trend analysis at a 95% confidence interval, a statistically significant 
decreasing trend for SPEI was observed in zones 1, 2, and 4, while zone 3 displayed a 
positive trend. The findings of our study are consistent with those of Jamro et al. (2019), 
who conducted a similar analysis on droughts across Pakistan, including Sindh Prov-
ince. Their results also indicated a significant decreasing trend in SPEI for Sindh Prov-
ince, aligning with our findings.

The analysis of the 3-month SPEI revealed that only zone 1 exhibited a statistically 
significant increase in drought duration, while the other zones showed a non-significant 
increasing trend, except for zone 4, which showed a decreasing trend in drought dura-
tion. The study also identified prolonged drought periods in each zone, such as the one 
that occurred from 1968 to 1970 in Zones 1 and 2 and another prolonged drought from 
2001 to 2002 in Zones 3 and 4. The 12-month SPEI analysis revealed that Zone 2 had 
the longest drought duration, lasting from 1971 to 1975. Similarly, all zones experi-
enced the longest drought duration from 1986 to 1988. Zone 4, on the other hand, had 
the most prolonged drought duration from 1998 to 2001. Our findings are consistent 
with Adnan et al. (2015) wherein they assessed the drought characterization over Sindh 
Province employing SPI and Global Precipitation Climatology Center (GPCC) dataset 
and found the severe drought events in the years 1969, 1974, 1987, and 2002. These 
major drought events are also categorized by Jamro et al. (2019), who analyzed drought 
patterns in Pakistan using SPEI and took Sindh Province as a single unit. Moreover, Naz 
et al. (2020) quantified drought characteristics in Balochistan Province using SPI. They 
also reported the same drought events in the Balochistan region, adjacent to our study 
region. In addition, Jamro et al. (2020) have reported the same major drought events in 
Balochistan.

Climate change has been observed to impact the drought characteristics in all zones 
significantly. Dividing the SPEI results into pre- and post-1960 periods can provide 
insights into the impact of climate change on drought characteristics in the study area. 
The period of 1960 is often used as a dividing point to assess climate changes, as it 
was around this time that significant changes in global temperature and precipitation 
patterns were observed. The findings that maximum drought duration, severity, inten-
sity, and peak have increased in the post-1960 period for both SPEIs in most zones are 
consistent with the expected impacts of climate change on drought characteristics. As 
temperatures continue to rise, the atmosphere can hold more moisture, leading to more 
intense precipitation events and more prolonged periods of dry weather, increasing 
droughts’ duration. Adnan et al. (2015) found similar results, as they reported the nega-
tive effects of climate change on drought characteristics in the same area. In a recent 
analysis by Hosseini et  al. (2021b), the authors observed an increase in the drought 
characteristics across the entire region of Iran, which became more pronounced follow-
ing the 1950s. According to a research study conducted by Hosseini et al. (2021a), using 
the SPI and S-TRACK methods, there has been a significant increase in drought sever-
ity, intensity, frequency, and duration over the past four decades. In addition, a recent 
study has shown that the effects of droughts are becoming more apparent in West Asia, 
particularly after the 1960s, in terms of severity, intensity, duration, and peak (Sadeghi 
et al. 2022). The SPAEF for 3-Month SPEI results showed that the Pearson Correlation 
Coefficient and the Spearman’s rank correlation coefficient were estimated as − 0.998 
and − 0.999, respectively. These high negative values indicate that the pre-1960 and 
post-1960 raster maps differ from each other with more pronounced drought events in 
the post-1960 time period.
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6  Conclusion

This study investigated different drought characteristics, including drought duration, 
severity, intensity, peak, and events in Sindh Province spanning 114 years, from 1902 
to 2015. The drought characteristics were analyzed in two time slices, i.e., pre and post-
1960 periods, to analyze the climate change effects. The results indicating that the maxi-
mum duration, severity, intensity, and peak of drought have increased in the post-1960 
period for both SPEIs in most zones are in line with the anticipated effects of climate 
change on drought characteristics. The trend analysis using the MK test was carried out 
to identify significant trends in the SPEI. The analysis revealed that the SPEI has gener-
ally decreased, indicating a decrease in precipitation and an increase in the PET and, 
consequently, an increase in the vulnerability to drought.

We considered the 3- and 12-month SPEIs to cover both short-term and long-term 
meteorological drought characteristics. However, there are some limitations of this 
study. We used CRU datasets having 50  km spatial resolution and monthly temporal 
resolution. Further studies with high-resolution datasets could be conducted to pro-
duce drought projections. In addition, other drought indices could be employed, such as 
Palmer Drought Severity Index (PDSI), Drought Severity Index (DSI), and Crop Mois-
ture Index (CMI). Moreover, in this study, we have used only one regionalization tech-
nique (i.e., SKATER). Comparing different regionalization techniques and adding per-
formance metrics to evaluate the application results in future studies is recommended.

Sindh, being a low-lying region and a lower riparian of the Indus Basin, is highly 
vulnerable to the adverse impacts of climate change. The region is already experiencing 
more frequent and intense extreme weather events, such as droughts, which are likely to 
become more severe in the future. In this context, analyzing the drought characteristics 
of the region is crucial for water planners and policymakers to manage the limited fresh-
water resources equitably. Therefore, it is important to understand the characteristics of 
droughts in Sindh, including their duration, severity, and frequency.
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