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ABSTRACT

Drought is a significant hydrological hazard that leaves a serious footprint on the envi-
ronment, society and human life. Water resources, agricultural productivity, ecosystems,
livelihoods and socio-economic well-beings are negatively impacted by drought. This make
a serious footprint on the environment, society and also human lives. Nowadays, many
regions of the worlds are experiencing increasing frequent and a severe drought condi-
tion. Natural climatic variability and anthropogenic factors combinedly influence the drought
patterns and trends. This study investigates the spatial and temporal characteristics and
variation of drought patterns in Lalitpur District of Uttar Pradesh State, India. Thirty-five
years metrological data collected from the NASA POWER Access Viewer were used to ful-
fil the research objectives. Two drought indices, Standardized Precipitation Index (SPI) and
Standardized Precipitation Evapotranspiration Index (SPEI) were calculated 3, 6, 9 and 12
month timescales. For asses the direction and statistical significance of temporal trends,
Spearman’s rank correlation method was used. Sen’s slope estimator was employed to
quantifying magnitude of these trends. The result indicates the occurrence of drought over
multiple years and reveals a tendency toward increasing drought severity. Variations in
rainfall patterns, overuse of ground water, agricultural transformation and changes in land
use pattern may be contribute to the observed of drought trends. As a result, agricultural
productivity in this region is also significantly affected. Future projections for 2026–2035
indicated drought occurrence of 11.67%, 8.33%, 1.67%, and 9.17% for SPI-3, SPI-6, SPI-
9, and SPI-12, respectively, while SPEI projected 5.83%, 3.33%, 1.67%, and 0.83% at the
corresponding time scales. The findings highlight the importance of multi-timescale drought
assessment and forecasting for effective drought monitoring, water-resource management,
and agricultural planning in Lalitpur District.
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Research Highlights

• A 35-year climate dataset was analysed using SPI and SPEI at 3, 6, 9 and 12 month scales to evaluate
drought patterns.

• Spearman’s rank correlation and Sen’s Slope tests were used to recognize drought trends.

• Holt–Winters forecasting was used to forecast drought circumstances for the next 10 years.

• SPI and SPEI showed strong positive relationships across diverse timescales.

1. Introduction

Drought is a globally occurring hydroclimatic phe-
nomenon characterized by prolonged period of low rain-
fall, resulting in significant water scarcity relative to normal
climatic condition [1]. It generally progressively and may
persist for long periods, making its onset and progression
distinct from many natural hazards that develop rapidly [2].
Drought can adversely affect multiple sectors, including
agriculture, water resources, economics, ecosystem and
human well-being [3]. Metrological drought occurs due to
insufficient rainfall. This can also lead to soil moisture de-
pletion, water shortages, and reduced streamflow [4]. Fur-
thermore, elevated atmospheric evaporative demand may
increase water stress in vegetation and thereby contribute
to the development of ecological and agricultural drought
[5]. Therefore, systematic analysis of drought characteris-
tics is crucial. These characteristics include severity, tim-
ing, duration and spatial distribution. Drought affects dif-
ferent aspects of the climate, agriculture, hydrological sys-
tem and society [6]; therefore, it is typically classified into
several distinct yet interconnected categories. The conven-
tional categorization of drought comprises four categories:
Socio economic drought, hydrological drought, meteoro-
logical drought and agricultural drought [7]. Each cate-
gory reflects a different dimension of water scarcity and
its consequence. Meteorological drought typically refers
to a prolonged efficiency of rainfall relative to the normal
conditions of a region [7]. Persistent precipitation deficits
can reduce soil moisture content, which can affect agri-
cultural production, leading agricultural drought [8]. Pro-
longed water deficits can subsequently reduce streamflow,
reservoir storage and groundwater resources, contributing
to the development of hydrological drought [9]. When wa-
ter shortages start to disrupt the supply of goods and influ-
ence livelihoods and economic activities, they may eventu-
ally develop into socio economic drought [10]. Therefore,
drought categories are interconnected because, metro-
logical drought may propagate through the hydrological
system and subsequently impact agricultural, socio eco-
nomic and hydrological drought. The intricate progression
of drought across the environmental and socio-economic
system has increased the need to understand variations
in its occurrence, persistence and severity [6]. Fluctua-
tions in precipitation, temperature and atmospheric evapo-
ration demand can influence the development and inten-
sification of drought conditions [11]. In particular, varia-

tions in atmospheric Evaporative demand may exacerbate
water stress, even when precipitation deficits by them-
selves do not fully account for the observed drought con-
ditions [5]. The characteristics of drought can differ sig-
nificantly across different parts and time periods, making
the assessment of drought frequency, intensity, duration
and severity essential for understanding regional drought
risk [12]. A systematic evaluation of drought characteristics
can provide valuable information for the agricultural plan-
ning, water resource management and proactive drought
risk reduction [13]. Because of the varying characteristics
of drought conditions, standardised indices are needed to
measure their frequency, intensity, duration, and severity
[13]. This index provides a systematic assessment and
comparison of drought characteristics across spatial and
temporal scales. Among the various indices SPI and SPEI
are the most important for measuring climatic drought [14].
SPI and SPEI are mainly based on the simple rainfall-
based formulas, which make it easy to track dry spell
across different timescale [15]. Potential evapotranspira-
tion and precipitation are the two main meteorological fac-
tors used in the SPEI [14]. SPEI can also be used to as-
sess drought at different time period considering in vari-
ability in atmospheric water demand [15]. By calculating
SPI and SPEI at different time scales, we can obtain in-
formation about short term and long term drought condi-
tions [16]. Using 3, 6, 9 and 12 months’ time [17]. Evaluat-
ing changes in drought conditions is important for identify-
ing of Periodically drought occurrence and severity [18].
Information on drought magnitude and trends obtained
through statistical trend analysis also helps us gather valu-
able insights into drought monitoring and regional water
resource management [18]. Forecasting can help predict
future drought events and their severity by evaluating his-
torical drought occurrence and conditions [19]. These pre-
dictions can provide useful information for early warning
system, agricultural planning and water resource manage-
ment [20]. In India, variations in agricultural production
and water availability are strongly influenced by the fluc-
tuations of monsoonal rainfall [21]. These fluctuations in
rainfall affect agricultural activities, water resources and
rural livelihoods, particularly across drought prone area
[22]. Lalitpur District in Uttar Pradesh is an important area
for drought assessment in India because agriculture and
water resources are strongly affected by fluctuation in
rainfall [23]. Frequent moisture shortages can adversely
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affect water validity and agriculture activities. These ad-
verse effects highlight the importance of systematically
studying drought characteristics in Lalitpur District. It is
also important to examine how these characterises are
vary time to time [23]. The performance of SPI and SPEI
for drought assessment may vary across climatic regions
and timescales, despite their widespread use. Limited re-
search has been conducted on drought using SPI and
SPEI indices, particularly regarding drought occurrence,
severity, persistence and temporal trends across multiple
time scales. This highlights the need to compare both
indices systematically to better understand how drought
conditions change over time in the district. The present
study addressed the research gap by comparing the
drought condition of Lalitpur District using SPI and SPEI
across 3, 6, 9 and 12 month time scales. The study inves-
tigates the drought severity and temporal trends by incor-
porating multiple drought time scales, trend analysis and
forecasting future drought condition. The findings are in-
tended to support improved agricultural planning, water-
resource management, and drought-risk reduction in the
study area.

2. Study Area

The study examines Lalitpur District, located in the
Bundelkhand Plateau region of southern part of the Ut-
tar Pradesh state, India (Figure 1). The district is located
between 24◦11′–25◦14′ N latitude and 78◦10′–79◦00′ E

longitude with an area of 5030 km2 [24]. The northern
part is bounded by Jhansi District, while the eastern,
western, and southern boundaries are share with Mad-
hya Pradesh District. The district comprises with total six
Blocks: Jakhaura, Mahraoni, Talbehat, Bar, Mandawara,
and Birdha. Lalitpur is marked by a subhumid climate, fea-
turing hot, dry summer and comparatively cold winters.

The District receives about 1044.3 mm of rainfall an-
nually, with nearly 91% of the rainfall concentrated during
the southwest monsoon season from June to September
[25]. Heavy reliance on monsoon rainfall, combined with
an extended dry period, results in seasonal water stress,
especially during February to June [26]. Major soil types
of this district are characterized by black, red and allu-
vial soils. These soils have different capacities for retain-
ing moisture and holding water [27]. Therefore, agricultural
activities are largely influenced by the availability and sea-
sonal distribution of rainfall [28]. Recurrent drought con-
ditions have also been reported in the district [29]. Ac-
cording to the Department of Land Resources Bar, Talbe-
hat, Jakhaura, Birdha, and Mahraoni are among the major
blocks affected by drought [24]. The combination of high
reliance on monsoon precipitation, seasonal variability, ex-
tended dry periods, agricultural dependence and recurrent
drought conditions makes Lalitpur a suitable area for ex-
amining drought conditions [30]. Accordingly, the present
study evaluates drought severity, persistence and tempo-
ral variability using the SPI and SPEI across 3, 6, 9 and 12
month time scales.

Figure 1. Locational map of Study Area.
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3. Meteorological Data and Drought Indices

3.1. Data Availability

This study employed a 35 years climatic dataset span-
ning from 1990 to 2025 to evaluate drought conditions in
Lalitpur District using the SPI and SPEI. Monthly precip-
itation data covering 1990–2025 were sourced from the
NASA POWER Access Viewer (Figure 2).

Temperature data at daily and monthly scales were
also retrieved from the same platform. Adequate long
term climatic records are necessary for obtaining reli-
able drought index estimates. While drought-index anal-
ysis generally considers a minimum requirement at least
20 years of rainfall data with temperature record extend-
ing beyond 30 years are often preferred a more compre-
hensive representation of climatic variability [31], there-
fore, the 35-year climatic time series provide an appropri-
ate temporal basis for the calculation and assessment of
SPI and SPEI. Earlier research has emphasised the use-
fulness of long-term climatic records and multiple drought
indices for assessing drought variability. Ojha et al. exam-
ined the SPI and SPEI at multiple time scales to evalu-
ate the metrological drought characteristics [32]. Wable et
al. evaluated five drought indices in a semi-arid agricul-
tural river basin of Maharashtra using a 25-year climatic
dataset (1985–2009), examining multiple timescales to de-
termine the most appropriate drought index for the region
[33]. The findings of these studies support the use of SPI
and SPEI at different time scales to characterize drought
conditions and provide a methodological basis for evalu-
ating drought severity, persistence, and temporal variabil-
ity in Lalitpur District. Thus, the 35-year dataset (1990–
2025) used in the present study was regarded as appro-
priate for examining drought characteristics, severity and
persistence over time in that district. Multiple SPI and SPEI
time scales, namely SPI-3, SPI-6, SPI-9, and SPI-12, and
SPEI-3, SPEI-6, SPEI-9, and SPEI-12 were employed to
characterize short-, medium-, and long-term variations in
precipitation.

3.2. The Standardized Precipitation Index (SPI)

SPI is precipitation-based index that quantify the in-
tensity of drought, frequency of drought and duration of
wet and dry conditions across different time scales [34].
McKee et al. proposed SPI as a standardized measure
of precipitation anomalies for the assessment of drought
conditions [35]. SPI is widely applied indices because of it
requires only precipitation data and can be used to eval-
uation of drought condition at different time scales [36].
SPI was calculated using monthly precipitation data at 3,
6, 9 and 12 month time scales in this study (Figure 3). This
scale enabled the evaluation of drought variability over var-
ious accumulation periods [37]. Accumulated precipitation
at each time scale was fitted to a Gamma probability dis-
tribution [38]. The corresponding cumulative probabilities
were subsequently transformed into the standard normal
distribution to derive SPI values [39].

Gamma probability distribution:

gx = 1xα− 1e− x/β. (1)

where x is the accumulated precipitation, α is the shape
parameter, e represents Euler’s mathematical constant,
and β is the scale parameter [40].

Standardization to obtain SPI:

SPI = −1Gx (2)

where Gx is the cumulative probability obtained from the
fitted Gamma distribution and −1 is the inverse standard-
normal distribution. This transformation produces the stan-
dardized SPI value.

3.3. Standardized Precipitation Evapotranspiration Index (SPEI)

SPEI is another important drought indicator which
incorporate both climatic data precipitation and as well
as the potential Evapotranspiration (PET) to identify the
wet and dry condition at different time scale [41]. Vicente-
Serrano et al. was proposed the SPEI to consider the
role of atmospheric evaporative demand in the assess-
ment of drought conditions [42]. The index is significant
because it not only uses precipitation as an indicator,
like SPI, but also considers the climatic water balance
[14]. Consequently, SPI can capture drought conditions
influenced by changes in precipitation [43]. In this study,
SPEI was calculated using precipitation and temperature
obtained from NASA POWER Access Viewer. The cal-
culation was performed at 3, 6, 9 and 12 month time
scales (Figure 4). These time scales were used to eval-
uate drought variability in different periods. Initially, PET
was estimated from the temperature and rainfall data [44].
This climatic water balance then computed as the dif-
ference between precipitation and PET [45]. The accu-
mulated climatic water-balance series was used to de-
rive the Standardized Precipitation Evapotranspiration In-
dex (SPEI) through a probability-distribution-based ap-
proach. Positive SPEI values indicate wetter-than-normal
conditions, whereas negative values indicate drier-than-
normal conditions. Positive SPEI values indicate wetter-
than-normal conditions, whereas negative values indicate
drier-than-normal conditions. R software is used for the
calculation of SPEI. The resulting time series were then
analysed to examine drought frequency, severity, variabil-
ity, and temporal trends.

3.3.1. Calculation of Climatic Water Balance

The SPEI is grounded on the climatic water balance,
calculated as:

Di = Pi − PETi (3)

where, Di denotes climatic water balance, Pi represent
precipitation, and PETi signify potential evapotranspira-
tion for month i [42].
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Figure 2. Methodological flow chart.
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Figure 3. Drought severity was assessed using SPI at 3, 6, 9 and 12 month time scales from 1990–2025, including the
projection period of 10 years.
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Figure 4. Drought severity assessed using SPI at 3, 6, 9 and 12-month timescales for 1990–2025, including the projec-
tion period of 10 years.
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3.3.2. Fitting the Probability Distribution

The accumulated water-balance values are fitted to
a log-logistic probability distribution, which is commonly
used for calculating SPEI:

Fx = 1 + x− γ − 1 (4)

where x is the accumulated water-balance value, β is the
scale parameter, α is the shape parameter, and γ is the
location parameter [42].

3.3.3. Standardization to Obtain SPEI

The cumulative probability obtained from the fitted log-
logistic distribution is transformed into the standard normal
distribution:

SPEI = −1Fx

where Fx is the cumulative probability of the climatic water
balance and −1 is the inverse of the standard normal cu-
mulative distribution function. The resulting standardized
value represents the SPI [42].

3.4. Evaluation Using Spearman’s Rank Correlation and Sen’s
Slope

Spearman’s rank correlation and Sen’s slope analysis
were employed to identify the direction, magnitude and sig-
nificance of drought trends [46]. These tests were also ap-
plied to assess the relationship and temporal trend of SPI
and SPEI values at different time scale [47]. Sen’s slope
estimator was applied to identify and quantify the rate of
magnitude and trend [48]. These non-parametric methods
are useful for hydroclimatic dataset because they do not
require the assumption of normal distributed data [46]. All
statistical analysis were performed in R studio and SPSS.

3.4.1. Spearman’s Rank Correlation and Sen’s Slope

Spearman’s rank correlation coefficient (rs) is calcu-
lated as:

rs = 1− 6di2nn
2 − 1 (5)

where di the difference between the ranks of the two vari-
ables and ni the number of observations [49].

The Sen’s Slope estimator calculated as:

Qi = xj − xkj − k, j > k (6)

where xj and xk are the drought-index values at times j
and k, respectively. The median of all calculated slopes
represents the Sen’s Slope estimate. A positive slope indi-
cates an increasing trend, whereas a negative slope indi-
cates a decreasing trend. These analyses were applied to
SPI-3, SPI-6, SPI-9, SPI-12 and the corresponding SPEI
timescales [49, 50].

3.5. Evaluation of Drought Patterns and Future Projections

Drought characteristics in the study area were ex-
amined using of SPI and SPEI at 3, 6, 9 and 12 month
time scales. The severity of drought was categorized into
moderately dry, severely dry, and extremely dry categories
based on the index value (Table 1). Drought months were
calculated and their frequency was estimated for the 35-
year period (1990–2025). The Holt–Winters exponential
smoothing method was employed to forecast drought con-
ditions for the period up to 2035.

The forecast value Yt+h at h periods in advance was
articulated as:

Yt+h = Lt + hTt + St−m+1+h−1 m. (7)

The Holt–Winters additive model was employed to the ob-
served SPI and SPEI series [51]. In this model, the ob-
served value at time t was represented by Yt, while Lt,
Tt, and St signified the level, trend, and seasonal mecha-
nisms, correspondingly [52]. The seasonal period was sig-
nified by m, and the smoothing parameters, α, β, and γ
ranged from 0 to 1. Here, Yt+h represented the forecasted
SPI or SPEI value hperiods ahead [52].

Table 1. Drought category according to SPEI and SPEI index.

SL. No SPI Index Values SPEI Index Values Drought Category

1 ≥2.00 ≥2.00 Extremely Wet

2 1.50 to 1.99 1.50 to 1.99 Severely Wet

3 1.00 to 1.49 1.00 to 1.49 Moderately Wet

4 >0.00 to 0.99 >0.00 to 0.99 Mildly Wet

5 −0.99 to −0.00 −0.99 to −0.00 Mild Drought

6 −1.49 to −1.00 −1.49 to −1.00 Moderate Drought

7 −1.99 to −1.50 −1.99 to −1.50 Severe Drought

8 ≤−2.00 ≤−2.00 Extreme Drought
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4. Result

In this study, the results are presented in distinct sec-
tions focusing on drought severity, drought magnitude, and
drought forecasting. These provide a comprehensive un-
derstanding of drought characteristics and support the
development of appropriate management and planning
strategies for future drought conditions.

4.1. Evaluation of Drought Severity

Drought intensity evaluation has been appraised via
various statistical methodologies for measuring drought.

4.1.1. Evaluation of Drought Conditions Using SPI for 1990 to
2025

SPI was employed to evaluate the drought conditions
at 3, 6, 9 and 12 month time scales from the year 1990
to 2025. Based on the SPI index drought condition was
classified into three categories moderately dry (−1.00 to
−1.49), very dry (−1.50 to −1.99), and extremely dry
(≤−2.00). For SPI-3 39 moderately dry, 17 very dry and 11
extremely dry months with 67 drought months were identi-
fied (Figure 3). SPI-6 recorded 25 moderately dry, 15 very
dry, and 16 extremely dry months, resulting in 56 drought
months (Figure 3). For SPI-9, moderately dry, 13 very dry,
and 15 extremely dry months were recorded, accounting

for 54 drought months in total. SPI-12 recorded 28 mod-
erately dry, 13 very dry, and 12 extremely dry months, re-
sulting in 53 drought months. Overall, the results indicate
variation in drought occurrence across different accumu-
lation periods, with SPI-3 showing the highest number of
drought months and SPI-12 the lowest (Table 2).

4.1.2. Evaluation of Drought Conditions Using SPEI for 1990 to
2025

The SPEI results indicate variations in drought condi-
tions across the 3, 6, 9 and 12 month time scales during
35 years. Most drought events were predominantly con-
centrated in the moderately dry category (SPEI −1.00 to
−1.49), while very dry (−1.50 to −1.99) and extremely
dry (≤−2.00) conditions occurred relatively limited. SPEI-
3 recorded 30 moderately dry months and 2 very dry
months, while extremely dry conditions were nil. At the
SPEI-6 scale, 22 moderately dry, 6 very dry, and 3 ex-
tremely dry months were identified (Figure 4). SPEI-9 iden-
tified 16 moderately dry, 2 very dry, and 1 extremely dry
month. The SPEI-12 results indicated 30 moderately dry,
8 very dry, and 4 extremely dry months. Overall, the high-
est number of drought months was recorded for SPEI-12
(42), followed by SPEI-3 (32), SPEI-6 (31), and SPEI-9
(19), demonstrating variation in drought occurrence across
accumulation periods (Table 3).

Table 2. Drought category and drought months according to the assessment of SPI from 1990–2025.

Moderately Dry Very Dry Extremely

SPI Time Scale (−1.00 to −1.49) (−1.50 to −1.99) Dry (≤−2.00) Total Drought Months

SPI-3 39 17 11 67

SPI-6 25 15 16 56

SPI-9 26 13 15 54

SPI-12 28 13 12 53

Total 118 58 54 230

Table 3. Drought classification and drought months according to the evaluation of SPEI from 1990–2025.

Moderately Dry Very Dry Extremely

SPEI Time Scale (−1.00 to −1.49) (−1.50 to −1.99) Dry (≤−2.00) Total Drought Months

SPEI-3 30 2 0 32

SPEI-6 22 6 3 31

SPEI-9 16 2 1 19

SPEI-12 30 8 4 42

Total 98 18 8 124
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4.1.3. Trend Analysis of SPI and SPEI through the Spearman’s
Rank Correlation and Sen’s Slope Estimator

The trend analysis assessed the temporal patterns of
SPI and SPEI during the 35 years from 1990 to 2025. All
four SPI time scales defined positive and statistically sig-
nificant trends, with Spearman’s ρ varying from 0.118 to
0.148 and p-values below 0.05. The Sen’s slope estima-
tor values were also showed a positive trend, ranging from
0.01127 to 0.01650 per year, representing a gradual in-
creasing trends in SPI values. Among the SPI time scales,
SPI-12 recorded the maximum Sen’s slope (0.01650 per
year), signifying the greatest rate of increase. The SPEI
outcomes indicated relatively various patterns. SPEI-3 re-
vealed a weak positive trend (ρ = 0.0491), but the trend
was not statistically significant (p = 0.3100). SPEI-6 delin-
eate a statistically significant negative trend (ρ = −0.1369;
p = 0.0046), with a Sen’s slope of −0.00531 per year, in-
dicating a negative trend in SPEI-6 values. SPEI-9 and
SPEI-12 displayed statistically significant positive trends,
with Sen’s slopes of 0.00428 and 0.00564 per year, corre-
spondingly. Overall, the results demonstrate that drought-
related trends vary according to both the drought index and
accumulation period (Table 4).

4.2. Prediction of Drought Occurrences

Prediction means the estimation of future trends us-
ing historical data of the corresponding parameters. The
present study assesses future drought trends in terms their
magnitude and frequency and supports drought manage-
ment strategies through prediction method. The forecast-
ing period extends from 2026 to 2035 covering a period

of 10 years. SPI and SPEI indices were used to forecast
drought condition at 3, 6, 9 and 12 month time scales. The
SPI analysis projected several drought occurrences (Ta-
ble 5). The SPI-3 forecast indicated 10 moderately dry,
2 very dry, and 2 extremely dry months, resulting in 14
drought months during 2026–2035. The SPI-6 forecast 8
moderately dry and 2 very dry months, giving a total of
10 drought months, while extremely dry conditions were
not projected. The SPI-9 forecast indicated 1 moderately
dry and 1 very dry month, resulting in a total of 2 drought
months. The SPI-12 forecast indicated 4 moderately dry,
6 very dry, and 1 extremely dry month, accounting for 11
drought months during 2026–2035. Similarly, SPEI was
used to identify drought conditions by incorporating precip-
itation and potential evapotranspiration. SPEI-3 indicated
7 moderately dry months in the forecast period, while
SPEI-6 projected 4 moderately dry months. SPEI-9 fore-
cast 2 moderately dry months, whereas SPEI-12 indicated
only 1 moderately dry month during 2026–2035. The SPEI
forecast did not identify extremely dry conditions at any
time scale. Therefore, the SPEI projections suggest that
the forecast dry conditions are mainly moderate in inten-
sity and become less frequent at longer accumulation pe-
riod. The forecast results indicate that drought frequency
and intensity differ depending on the accumulation periods
and drought index used. SPI forecast indicated more dry
months, particularly at the 3- and 12-month time scales,
whereas the SPEI indices projected fewer drought months
void with no occurrence of very dry or extremely dry condi-
tion. The comparative distribution of moderately dry, very
dry and extremely dry forecast period (2026–2035) is pre-
sented in Table 5.

Table 4. The result combines the Spearman Rank Correlation test for trend analysis with Sen’s slope to quantify changes,
especially in drought trends.

Index N Spearman’s
ρ

p Value t-Value df Sen’s
Slope/Month

Sen’s
Slope/Year

Sen’s
Slope/Decade R2

SPI-3 430 0.118161 0.014218 2.4618 428 0.000939 0.011267 0.112666 0.01396

SPI-6 427 0.140859 0.003537 2.9331 425 0.001151 0.013809 0.138086 0.01984

SPI-9 424 0.130955 0.00693 2.7135 422 0.001086 0.013027 0.130271 0.01715

SPI-12 421 0.148248 0.002291 3.0685 419 0.001375 0.016497 0.164971 0.02198

SPEI-3 430 0.049068 0.310033 1.0164 428 0.000168 0.002016 0.020162 0.00241

SPEI-6 427 −0.136900 0.004598 −2.8491 425 −0.000443 −0.005311 −0.053112 0.01874

SPEI-9 424 0.112475 0.02053 2.3253 422 0.000357 0.00428 0.042799 0.01265

SPEI-12 421 0.138818 0.004322 2.8693 419 0.00047 0.005642 0.056418 0.01927
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4.3. Pearson’ Correlation between SPI and SPEI

Pearson’ correlation method was applied to evalu-
ate the strength and direction of the relationship between
the two drought indices, SPI and SPEI, at different Time
scales [53]. It is significant because it determines the de-
gree of linear association between the two drought in-
dices [54]. The correlation analysis indicates that SPI and
SPEI exhibit positive relationships across all time scales,
with correlation coefficients ranging from 0.32 to 0.72.
The strongest relationship was found between SPI-3 (r
= 0.72), SPEI-9 and SPI-9 (r = 0.72), and SPEI-12 and
SPI-12 (r = 0.72) A comparatively strong positive corre-

lation was observed between the SPEI-6 and SPI-6 (r =
0.61). Multiple descriptive statistical analysis and several
indices along with varied time scales have been consid-
ered (Tables 6 and 7). The analysis indicates that SPI and
SPEI generally represent similar drought variability pat-
terns, while variations between the SPI and SPEI may re-
flect the additional influence of potential. The prediction
performance of SPI and SPEI at various time scales was
examined using RMSE and MAE. SPEI-12 indicated the
maximum forecasting precession with the lowest RMSE
(0.5335) and MAE (0.4565), followed by SPEI-9 (RMSE
= 0.5596; MAE = 0.4767). Overall, SPEI displayed lower
forecasting errors than SPI (Figure 5).

Table 5. Prediction of drought occurrences from 2026–2035.

Moderately

Drought
Index

Time
Scale

Dry
(−1.00 to −1.49)

Very Dry
(−1.50 to −1.99)

Extremely Dry
(≤−2.00)

Total Drought
Months

SPI SPI-3 10 2 2 14

SPI SPI-6 8 2 0 10

SPI SPI-9 1 1 0 2

SPI SPI-12 4 6 1 11

SPEI SPEI-3 7 0 0 7

SPEI SPEI-6 4 0 0 4

SPEI SPEI-9 2 0 0 2

SPEI SPEI-12 1 0 0 1

Table 6. Descriptive statistics of SPI and SPEI.

Statistical
Analysis SPI-3 SPI-6 SPI-9 SPI-12 SPEI-3 SPEI-6 SPEI-9 SPEI-12

N 430 427 424 421 430 427 424 421

Mean −0.003 0 0 0 −0.006 −0.071 0.029 −0.021

Median −0.039 −0.057 −0.022 −0.024 0.072 −0.006 0.115 0.117

Standard
Error 0.048 0.048 0.049 0.049 0.025 0.025 0.022 0.026

SD 1 1.001 1.001 1.001 0.516 0.513 0.453 0.525

Variance 1 1.002 1.002 1.002 0.266 0.263 0.205 0.276

Skewness 0.085 −0.022 −0.079 −0.028 −0.855 −1.259 −1.232 −1.47

Kurtosis −0.171 0.102 0.416 0.489 0.665 2.231 2.33 2.457

Maximum 2.667 2.491 2.574 2.417 1.015 0.795 0.821 0.754

Minimum -2.637 −2.701 −2.901 −2.818 −1.569 −2.219 −2.058 −2.219

Range 5.304 5.192 5.475 5.235 2.584 3.014 2.878 2.973
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Table 7. Summary statistics for forecasting accuracy across different time scales of SPI and SPEI.

Index Alpha (α) Beta (β) Gamma (γ) SMAPE (%) RMSE MAE MASE

SPI-3 0.7318 0.0025 0.597 140.442 1.2486 0.9783 0.881

SPI-6 0.5279 0.0065 0.7333 183.068 2.9477 2.7603 2.4293

SPI-9 0.6584 0.0103 0.8097 170.327 2.4788 2.2102 1.879

SPI-12 0.7511 0.008 0.9999 161.501 2.4984 2.2023 1.881

SPEI-3 0.8633 0.0028 0.7641 154.899 0.7001 0.5725 1.0072

SPEI-6 0.913 0.0027 0.9999 156.602 1.4466 1.3731 2.3359

SPEI-9 0.5042 0.0099 0.2115 176.561 0.5596 0.4767 0.9229

SPEI-12 0.8304 0.0074 0.9999 171.724 0.5335 0.4565 0.7486

Figure 5. Correlation matrix showing the of correlation between SPI & SPEI in different time scale.

5. Discussion

The multiscalar drought assessment for 1990–2025
demonstrates that drought frequency and severity are

strongly influenced by both the choice of drought index
and the accumulation period. SPI identified 230 drought
months, compared with 124 drought months identified
by SPEI. Despite this difference in frequency, the two
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indices exhibited positive correlations across the exam-
ined timescales (r = 0.32–0.72), indicating that they cap-
ture a common hydroclimatic signal while responding dif-
ferently to the variables incorporated in their formulations.
SPI is based on precipitation and therefore be understood
primarily as a measure of precipitation anomalies at dif-
ferent accumulation periods, whereas SPEI incorporates
the climatic water balance through precipitation and PET,
thereby accounting for the influence of temperature-related
atmospheric water demand [42, 55]. The lesser number
of drought months detected by SPEI in the present study
should therefore be interpreted as an outcome of the in-
dex formulation and the standardization procedure rather
than as indication that temperature effects are insignifi-
cant. SPEI can respond to changes in evaporative de-
mand, and its values are also influenced by the method
used to estimate PET and by the statistical distribution fit-
ted during standardization [42, 55]. Therefore, differences
between SPI and SPEI frequencies are expected when
precipitation and atmospheric water demand do not vary
simultaneously [56]. This distinction is particularly rele-
vant in drought-prone environments where the effect of
reduced rainfall may be partly reduced or further aggra-
vated by changes in evaporative demand [57]. The trend
analysis indicates a slight increase in rainfall, with slopes
ranging from 0.011 to 0.016 per annum. At the 6-month
timescales, SPEI shows a negative slope of −0.005 per
year. The difference indicates that a slight increase or sta-
ble rainfall does not necessarily reduce water stress [58].
A negative SPEI of 6-month interval shows that water loss
from heat and evaporation remains a key factor of drought
risk. The difference between Rainfall-based drought and
drought based on rainfall and water demand indicators
highlights the need to consider both rainfall variability and
atmospheric water demand. These factors provide a more
complete understanding of drought conditions. This ap-
proach is also important for assessing future drought risks
[59]. The results agree with drought studies in central In-
dia and Bundelkhand, which show changes in drought fre-
quency and severity over time. Amrit et al. found consid-
erable variations in meteorological drought across central
India in terms of space and time [60]. Similarly, Thomas
et al. reported drought variations at different timescales in
Bundelkhand using SPI-3, SPI-6, and SPI-12 [61]. Thomas
et al. further showed that drought vulnerability in the Bun-
delkhand region is spatially heterogeneous and is influ-
enced by multiple water-resource indicators [62]. These
studies support the interpretation that drought characteris-
tics cannot be sufficiently represented by a single temporal
scale or a sole indicator [62]. Trend significance should be
interpreted carefully because 3, 6, 9, and 12 month ac-
cumulation periods create dependence between succes-
sive observations. This dependence can affect the vari-
ance of the Mann–Kendall statistic and, in turn, the sig-
nificance of the detected trends. Hamed and Rao showed
that positive autocorrelation can lead to the detection of
false trends. They proposed a modified Mann–Kendall test
to account for autocorrelation [63]. Therefore, trend con-

clusions for the multiscalar drought series should prefer-
ably be based on an autocorrelation-adjusted test, particu-
larly for longer accumulation periods [64]. The 2000–2001
period emerged as the most severe multi-season drought
episode in the study area, with extreme deficits evident
in SPI-6, SPI-9 and SPI-12. Severe drought conditions
across multiple timescales indicate a long-lasting drought
rather than a short-term lack of rainfall [65]. This finding
agrees with previous studies showing that droughts in the
Bundelkhand region often persist across several seasons
and years [62]. The prolonged nature of the 2000–2001
event is particularly important from a water-resource per-
spective because longer accumulation periods are more
closely related to sustained deficits affecting soil moisture,
surface-water availability and groundwater recharge [53].
The 2026–2035 forecasts indicate the potential continua-
tion of moderate dry conditions, particularly at shorter ac-
cumulation periods. The forecast further shows that SPEI
produced lower absolute errors according to RMSE and
MAE, whereas MASE indicated superior predictive per-
formance only for SPI-3, SPEI-9 and SPEI-12. Because
MASE scales forecast errors relative to a naı̈ve bench-
mark, it provides a scale-independent basis for compar-
ing predictive performance across drought-index series
[66]. The results show that no single index proved to be
universally superior. Predictive accuracy varies with the
timescale. SPEI-9 and SPEI-12 perform better in iden-
tifying long-term water-balance changes, while SPI-3 is
useful for predicting short-term rainfall variations. The
groundwater vulnerability provides a more robust frame-
work for drought assessment [67]. Lalitpur is character-
ized predominantly by crystalline and fractured geologi-
cal formations, in which groundwater storage and move-
ment are strongly controlled by weathered zones and frac-
tures [68]. The available CGWB- based assessment indi-
cates a groundwater development stage of 51.70%, and
identifies Bar and Talbehat as semi-critical blocks, indi-
cating that district-level averages can disguise localized
groundwater stress. The same assessment also reports
substantial long-term fluctuations in groundwater levels, in-
cluding declining trends at several monitoring sites. These
conditions imply that meteorological drought may trans-
late into groundwater stress differently across the dis-
trict depending on aquifer characteristics, recharge con-
ditions and abstraction pressure. The groundwater find-
ings also highlight the importance of unique climate-driven
drought from anthropogenic groundwater depletion [69].
A decline in groundwater levels cannot be attributed ex-
clusively to reduced rainfall where agricultural extraction
is heavy [70]. Groundwater drought research has simi-
larly emphasized that groundwater responses are delayed
and filtered through aquifer properties and recharge pro-
cesses, making groundwater drought distinct from mete-
orological drought [71]. Accordingly, combining SPI and
SPEI with groundwater-level observations would provide
a more complete assessment of drought propagation from
meteorological conditions to groundwater systems [71].
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6. Limitations and Recommendations

The study has certain limitations that are being dis-
cussed here. First, the use of gridded climate data may
smooth localized precipitation and temperature extremes
and may therefore underestimate microclimatic drought
variability. Second, the analysis does not explicitly incor-
porate large-scale climate drivers such as the El Niño–
Southern Oscillation (ENSO) and the Indian Ocean Dipole
(IOD), both of which can influence Indian monsoon vari-
ability. Third, the forecasting results should be interpreted
as scenario-based statistical projections rather than de-
terministic predictions, particularly because future drought
conditions can be affected by changes in rainfall vari-
ability, temperature, land use and atmospheric circulation.
These limitations indicate the need for future work integrat-
ing observed station data, large-scale climate indices and
higher-resolution hydroclimatic datasets. Overall, the find-
ings support an integrated drought-management frame-
work for Lalitpur District. SPI and SPEI should be used
concurrently because they provide complementary infor-
mation on precipitation deficits and climatic water-balance
stress. The 6- and 12-month accumulation periods are par-
ticularly relevant for hydrological early warning because
they capture persistent anomalies more effectively than
short accumulation periods. At the same time, semi-critical
groundwater blocks such as Bar and Talbehat should re-
ceive priority for groundwater monitoring, recharge en-
hancement, irrigation-efficiency measures and demand-
side management. The results therefore demonstrate that
drought risk in Lalitpur is not spatially or temporally uni-
form, but instead reflects the interaction of precipitation
variability, evaporative demand, drought persistence and
groundwater-system characteristics.

7. Conclusions

The analysis identified that the entire Lalitpur dis-
trict is drought prone region and has experienced sev-
eral significant drought events in the history. Organized
drought evaluation and monitoring are therefore crucial for
sustainable water-resource management effective drought
preparedness. The outcomes identified that drought oc-
currence is impacted by the mutual effects of anthro-
pogenic and climatic factors, including reduced precipita-
tion, high evaporation and evapotranspiration rates sub-
stantial runoff, and rapid land-use changes. Regular mon-
itoring of rainfall, temperature, evapotranspiration, runoff,
soil moisture, plant cover, and groundwater storage is very
important for the gathering knowledge of drought dynam-
ics and their long-term changes. The assessment of future
drought prediction should be incorporated with advanced
statistical and Machine learning methodologies to improve
forecasting accuracy and enhance early warning abili-
ties. Drought-vulnerability assessments at the village level
are important for identifying communities at risk and for-
mulating appropriate adaptation strategies. Field investiga-
tion and socioeconomic information should be integrated
with environmental assessments for better evaluation of

drought on local populations, especially marginal farm-
ers. This adaptation helps to promote drought- and heat-
tolerant crops, improving resilient agricultural practices,
and implementing integrated watershed management that
enhances water security and reduce drought impacts. The
effective administrative policies, public-awareness pro-
grammes, and appropriate legal frameworks are also es-
sential to strengthen drought preparedness and resilience.
Thus, this study which focuses on regional and local re-
search is essential for developing sustainable strategies to
address future drought risks.
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