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regional climatic and agricultural dynamics. Maximum temperatures consistently
ranged from 40°C to 50°C, while the average temperature increased by
approximately 1.2°C, reflecting the impacts of global warming on
evapotranspiration and agricultural systems. Annual precipitation exhibited notable
variability, with dry years (e.g., 1987, 1992, and 2002) receiving less than 300
mm, and wet years (e.g., 1995, 2007, and 2021) receiving over 700 mm. Despite
these fluctuations, no clear long-term trend in precipitation was observed. Drought
indices, such as SPI, RAI, and SAI, revealed significant drought events in the late
1980s, early 1990s, and mid-2000s, with wetter years observed in 1994, 2006, and
2019. Relative humidity remained fairly stable, averaging around 65%, but its
relationship with drought indices highlighted the role of reduced atmospheric
moisture in intensifying drought severity. The analysis of drought indices and
yield anomalies indicated mixed correlations. Severe droughts were associated
with negative SPI, RAI, and SAI values, while improved hydrological conditions
were evident in recent years (2020-2022). Statistical analysis showed that the
Yield Anomaly Index (YAI) had a minimal correlation with SPI (R? = 0.0031),
suggesting that precipitation alone has little impact on yield anomalies. However,
moderate correlations were found between YAI and SAI (R? = 0.245) and YAI
and RAT (R? = 0.1487), implying that rainfall anomalies and climate conditions
partially influence yield variability. The low R? values indicate that other factors,
such as temperature, soil conditions, and agricultural practices, play a significant
role in yield performance. These findings underscore the need to integrate multiple
climatic and agronomic factors into water and agricultural management strategies
to enhance climate resilience and ensure sustainable development in the region.
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Anomaly Index (YAI), Precipitation variability

INTRODUCTION drought into four types: meteorological, agricultural,
hydrological, and social and economic (Heim, 2002).

Accurately measuring drought, a complex : .
This study concentrates on agricultural drought,

natural phenomenon, can be challenging (Quiring, > st : : . - _
2010). While drought is most prevalent in arid which is characterized by insufficient soil moisture

regions, it can occur worldwide, even in areas with OVer a specific period, resulting in crop failure
high humidity and rainfall (Dai, 2011). The (Mishra and Singh, 2010). Agricultural drought can

American Meteorological Society categorizes impact various stages of crop growth, leading to
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diverse reductions in crop yield. The assessment of
agricultural drought and its impact on crop
production is further complicated by the significant
spatial and temporal variations in drought frequency,
timing, and intensity. Researchers have created
drought indices as effective tools for identifying,
tracking, and assessing drought events (Niemeyer,
2008). In recent decades, over 150 such indices have
been developed for various locations, purposes, and
applications (Zargar et al., 2011). Initially,
conventional meteorological measurements like
rainfall and temperature were utilized to construct
these indices (Wu et al., 2013), including the
Standardized Precipitation Index (SPI; McKee et
al., 1993), the Palmer drought severity index (PDSI;
Palmer, 1965), and the moisture anomaly index (Z-
index; Palmer, 1965). While these meteorological
drought indices typically performed well at
individual weather stations, their effectiveness
diminished at a regional scale due to insufficient
station coverage across large areas. Consequently,
the sparse meteorological data often available over
extensive regions is generally inadequate to support
prompt drought detection, monitoring, and decision-
making processes (Son et al., 2012; Unganai and
Kogan, 1998).

Remote sensing data provides a valuable
alternative to station-based data, as it enables
drought monitoring on a large scale, particularly in
regions with low population density and harsh
environmental conditions (Rhee et al., 2010; Wu et
al., 2013; Mandal et al., 2025). For more than three
decades, various remotely sensed drought indices
have been developed for drought monitoring (Peng
et al., 2015). Table 1 presents several widely utilized
remotely sensed drought indices. Although drought
indices continue to evolve and improve, accurately
assessing drought remains a complex task, and the
universal applicability of remote sensing indices is
not well-established. Evaluating various drought
indices side by side can enhance our understanding

Table 1. SPI value classification

SPI Value Class

2.0 Extremely Wet
1.5t0 1.99 Very Wet

1.0to 1.49 Moderately Wet
0.99 to -0.99 Near Normal
-1to-1.49 Moderately Dry
-1.50 to -1.99 Severely Dry
Below -2.0 Extremely Dry
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of drought events and provide a comprehensive
analysis of their effectiveness (Zhang et al., 2017).
Research by Morid, Smakhtin, and Moghaddasi
(2006) indicated that employing multiple indices is
necessary for more precise results, given the varying
responses of different indices to local conditions.
Bayarjargal er al., (2006) noted the difficulty in
identifying the most reliable drought index and found
that the accuracy of local meteorological
measurements was insufficient to validate remotely
sensed drought indices across extensive areas. A
study conducted by Zhang et al., (2017) examined
the utility of 13 remotely sensed drought indices
across the Continental United States for drought
analysis, revealing that the performance of these
indices varied across climate zones. They suggested
that future development of combined indices should
focus more on empirical weighting based on climate
factors. Consequently, proposing a single drought
index capable of accurately monitoring drought
conditions throughout a large region proves
challenging due to the complexity of landscapes and
climates.

Agricultural drought primarily manifests as a
decrease in crop production. Research by Quiring
and Papakryiakou (2003) revealed a statistically
significant correlation between the Z-index and Red
Spring wheat yield across all crop districts, though
the strength of these correlations varied. In China,
Wang et al., (2016) compared soil moisture
measurements with five climate-based drought
indices to assess drought threats to winter wheat.
Similarly, Tian, Yuan, and Quiring (2018) evaluated
six drought indices for monitoring agricultural
drought in the south-central United States. Both
studies concluded that SPEI outperformed other
indices, attributing this to SPEI’s ability to define
wet and dry periods using the balance between
precipitation and potential evapotranspiration.
Zhang, Mu, and Huang (2016) discovered that DSI
effectively monitored agricultural drought severity
at the provincial level in northern China. Anderson
et al., (2016) conducted drought monitoring in eight
major agricultural states in eastern Brazil using ESI,
finding it superior in predicting drought impacts on
the yields of key crops such as soybean, maize, and
wheat.

Agricultural drought varies in occurrence and
intensity across space and time, and remote sensing
drought indices have diverse applications.
Consequently, it is essential to compare these indices
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to understand the drought event process and examine
its effects on winter wheat yield over large areas.
This research assessed the effectiveness of three
commonly employed remote sensing drought indices
(VHI, DSI, and TVDI) for monitoring agricultural
drought in Shaanxi and Henan provinces within the
North China Plain. The study focused on the primary
winter wheat growing season from 2000 to 2013. To
evaluate and contrast the agricultural drought
monitoring capabilities of these remote sensing
indices, we utilized SPI, winter wheat yield data,
soil moisture measurements, and NMDM maps.

MATERIALS AND METHODS

Study Area

The Mahi River Basin encompasses the states of
Madhya Pradesh, Rajasthan, and Gujarat,
encompassing a total area of 34,842 square
kilometers, with a maximum length of approxi-
mately 330 km and a width of approximately 250
km. It is situated between longitudes 72°21' and
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75°19' east and latitudes 21°46' and 24°30' north.
The basin is delineated by the Aravalli Hills to the
north and northwest, the Malwa Plateau to the east,
the Vindhya Range to the south, and the Gulf of
Khambhat to the west. The Mahi River, one of
India’s significant west-flowing interstate rivers,
originates from the northern slopes of the Vindhyas
at an elevation of 500 m, near the village of
Bhopawar in the Sardarpur tehsil of Dhar district,
Madhya Pradesh. The river extends 583 km, with
the Som River as its primary tributary joining from
the right, and the Anas and Panam Rivers entering
from the left, ultimately discharging into the Arabian
Sea through the Gulf of Khambhat. Agricultural
land constitutes 63.63% of the basin, while water
bodies account for 4.34%. The basin encompasses
11 parliamentary constituencies (as of 2009), with 6
in Gujarat, 3 in Rajasthan, and 2 in Madhya Pradesh.
Fig. 1 illustrates the study area, highlighting the
Mahi Basin and its network of hydrological
observation stations. These stations serve a crucial
function in monitoring various hydrological
parameters, including river flow and precipitation.
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Fig. 1. Study Area (Mahi Basin with hydrological observation stations)
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The spatial distribution of these observation points
is essential for comprehending the basin’s
hydrological dynamics, facilitating effective water
resource management, flood control, and
environmental monitoring in the region.

Standardized Precipitation Index (SPI)

SPI was developed by Mckee et al., (1993) and is
based just on precipitation and therefore requires
less input data and calculation efforts. Along term
precipitation record at the desired station is fitted to
a probability distribution (e.g. Gamma Distribution),
which is then transformed in to normal distribution
so that the mean SPI is zero (Edwards and Mckee,
1997). SPI may be computed with different time
steps (e.g. 1 month, 3 months, 48 months) and is
reported to be able of identify emerging droughts
sooner than the Palmer Index. The use of different
time scales under the umbrella of the same index
allows the effects of precipitation deficit on different
water resources components (ground water, reservoir
storage, soil moisture, stream flow) to be assessed.

SPI is one of the most versatile and popular
droughts indices which is used for meteorological
droughts characterization and classification. Gama
distribution probability density function is used to
calculate the SPI. It is represented by g(x) and by the
given below formula:

1
Ber(a)

Where I'(&) is the gamma function; x (mm) is the
amount of precipitation (x>0); o is the shape
parameter (o>0); and Bis the scale parameter (5>0).
SPI and RDI value classification is given in Table 1.

glx) = x* el x>0 (1)

Standardised Anomaly Index (SAI)

Introduced by Kraus in the mid-1970s and was
examined closely by Katz and Glantz at the National
Center for Atmospheric Research, United States, in
the early 1980s. SAI was developed based on RAI,
and RAI is a component of SAI. They are similar,
but both are unique are as shown as in Table 2.

sAl =2 )
Where,

X=Current Month/Year/Seasonal Rainfall
Total(mm)

u=Mean Annual Rainfall over a period of
observation
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Table 2. Categorization of SAI values

SAI Value Category
Above 2 Extremely Wet
1.5t0 1.99 Very Wet

1.0 to 1.49 Moderately Wet
-0.99 to 0.99 Near Normal
-1.0to -1.49 Moderately Dry
-1.5t0-1.99 Severely Dry

-2 or less Extremely Dry

o =Standard Deviation of Annual Rainfall over the
period of observation

Rainfall Anomaly Index (RAI)

It was introduced by Van-Rooy in 1965 and is
based on calculated precipitation against random
values from -3 to +3; as the irregularities of
precipitation assigned 10 bounds. The only effective
factor in this index is precipitation. It is applied in
both monthly and annual time scale as well.

The steps to calculate rainfall anomaly index
(RAI) is as follow:
1. Calculate the long term average of monthly
precipitation (P) in given station.
2. Extract the mean of 10 values of the maximum
precipitation occurred in statistical period ().
3. Extract the mean of 10 values of the minimum
precipitation occurred in statistical period (X).

4. Compare the monthly precipitation data (P) to
long term mean.

p-p
RAI = 3|—] (3
And if P is less than P then RAI is given by

— 3P
RAI = 3[}?_ﬁ] ..(4)

In the former the abnormality is positive and in
the latter is negative.

5. Assign +3 and -3 thresholds to the means of 10
maximum positive abnormalities and 10
minimums negative abnormalities, respectively.
Table 3 presents classification of drought severity
in terms of rainfall anomaly index.

Table 3. Classification of drought severity by RAI

Category RAI value
Normal 0to3
Weak Drought -1/0t0 0/3
Moderate Drought -1/5to-1/2
Severe Drought -3to-1/5
Extreme Drought Less than -3
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Fig. 2. Trends in Climate Variables and Drought Indices (1985-2022)

Fig. 2 illustrates the trends in climate variables
and drought indices from 1985 to 2022,
encompassing parameters such as maximum and
minimum temperatures, average temperature,
average precipitation, relative humidity (RH), and
drought indices (RAI, SPI, and SAI). A consistent
increase in maximum and average temperatures is
observed over the years, indicative of rising global
warming impacts. The precipitation trend
demonstrates significant inter-annual variability,
with notable peaks and troughs, suggesting sporadic
rainfall events contributing to fluctuating drought
conditions. The drought indices (RAI, SPI, and SAI)
highlight periods of drought severity, with a general
upward trend reflecting increased aridity in recent

decades. The interplay between temperature,
humidity, and precipitation trends emphasizes the
complex nature of climate systems and the potential
implications for water availability and agricultural
sustainability in the studied region.

The annual variations in the mean Standardized
Precipitation Index (SPI), Rainfall Anomaly Index
(RAI), and Standardized Anomaly Index (SAI) from
1985 to 2022 is illustrated in Fig. 3. These indices
collectively elucidate the magnitude and frequency
of drought conditions over the observed period.
Significant negative values, particularly evident
during the late 1980s, early 1990s, and mid-2000s,
indicate periods of severe drought, with SPI and
SAI demonstrating strong correlation in signifying
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Fig. 3. Annual Variations in Average SPI, RAI, and SAI Indices (1985-2022)
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Fig. 4. Comparison of Average Relative Humidity (%) and Drought Indices (SPI, RAI, SAI) Over the Years (1985-2022)

precipitation deficits and broader climatic anomalies.
Conversely, maxima in the positive range, notably
during the late 1990s and circa 2010, suggest periods
of excessive rainfall or improved moisture
conditions. The persistent fluctuations indicate a
dynamic climate system characterized by recurrent
drought episodes, interspersed with periods of
increased precipitation. These variations underscore
the significance of monitoring these indices to
anticipate and mitigate drought impacts on
agriculture, water resources, and ecosystems. The
temporal trend suggests increasing variability,
potentially attributable to evolving climatic patterns.

The comparison of average relative humidity
(RH%) and drought indices (SPI, RAI, and SAI)
from 1985 to 2022 is illustrated in Fig. 4. Relative
humidity remains relatively stable over the years,
indicating limited direct influence of short-term
climate variability. In contrast, the drought indices
exhibit substantial interannual fluctuations, with
notable decreases representing drought episodes and
increases indicating wetter conditions. The
alignment of negative indices with lower humidity
levels demonstrates the correlation between reduced

atmospheric moisture and drought severity. While
relative humidity appears more consistent, the
variability in SPI, RAI, and SAI underscores the
complex interplay of precipitation patterns,
temperature, and atmospheric dynamics in shaping
drought conditions. These findings emphasize the
necessity to consider multiple indices and climatic
parameters for effective drought monitoring and
mitigation strategies.

The annual precipitation levels, measured in
millimeters (mm), over a 36-year period is illustrated
in Fig. 5. The bar graph demonstrates significant
interannual variability, indicating fluctuating
climatic patterns. The highest precipitation appears
to have occurred in years such as 1995, 2007, and
2021, exceeding 700 mm. Conversely, the years with
notably low precipitation, such as 1987, 1992, and
2002, recorded less than 300 mm. A discernible
pattern of alternating dry and wet years suggests
potential cyclical weather patterns or the influence
of external climatic phenomena such as El Nifio and
La Nifia. Despite the variability, no clear upward or
downward trend is evident, indicating a relatively
stable average annual precipitation across the studied
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Fig. 5. Annual Precipitation Trends (1985-2021)
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period. This analysis provides valuable insight for
understanding long-term climatic trends and
planning for water resource management.

The trends in maximum, minimum, and average
temperatures over a 36-year period is illustrated in
Fig. 6. The red bars represent the maximum
temperatures, consistently ranging between 40—
50°C, indicating high annual peaks. The yellow bars
denote minimum temperatures, which generally
range between 0°C and 20°C, exhibiting considerable
variation across the years. The green bars depict
average temperatures, which remain relatively stable,
fluctuating between 15°C and 30°C. The consistent
range of maximum and minimum temperatures
suggests a stable thermal amplitude over the years,
with no substantial long-term increase or decrease
observed. These data highlight the persistence of
extreme heat events, which may pose challenges for
agriculture, water resource management, and public
health. The notable difference between maximum
and minimum temperatures emphasizes significant
diurnal and seasonal variability, which is critical for
understanding local climate dynamics and
implementing climate adaptation strategies.

The summary is presented in Table 4, depicting
average drought indices (SPI, RAI, SAI) from 1985
to 2022, demonstrates a complex pattern of drought
conditions throughout the study period. Years
exhibiting significantly negative SPI, RAI, and SAI
values, such as 1985, 1992, and 2002, indicate severe
drought events. Conversely, periods characterized
by positive values across indices, such as 1994, 2006,
and 2019, reflect increased precipitation or recovery
from drought conditions. It is noteworthy that RAI
frequently exhibits more pronounced fluctuations
compared to SPI and SAI, underscoring its
sensitivity to extreme precipitation anomalies. The
elevated positive indices observed in recent years,

Table 4. Summary of Average Drought Indices (SPI, RAI,
SAI) by Year (1985-2022)

Year Average SPI Average RAI Average SAI
1985 -0.15430335 -1.65635213 -4.063449968
1986 -2.48167E-16 -1.726502972 -1.215564583
1987 0.14253104 -2.483162522 -2.008678592
1988 5.48581E-16 0.137890255 0.429346476
1989 -0.000158123 -1.654913313 -1.775568573
1990 -6.26949E-16 0.142876162 0.409310878
1991 0.076902343 -1.323040218 -1.483325074
1992 0.25 -1.665366411 -5.829222011
1993 0 -0.834306412 -0.294269595
1994 0.045661125 2.776192915 2.409209196
1995 0.117608902 -1.152722967 -0.638628984
1996 5.61642E-16 -0.213860034 0.226585586
1997 -0.078903338 1.066733901 0.935920736
1998 -1.09716E-15 0.16021317 0.470965593
1999 0.049525008 -1.932854888 -1.250881653
2000 4.44089E-16 -1.945172877 -2.287259632
2001 -9.63282E-16 -1.873091143 -2.416374121
2002 7.05318E-16 -2.314948797 -2.450669785
2003 0.026159605 0.893151593 0.410576976
2004 0 0.387660113 0.257587306
2005 0.0228039 1.033836439 0.586886719
2006 -3.13475E-16 2.920784041 2.018733315
2007 5.11038E-05 1.609800886 0.719950266
2008 2.15514E-16 -0.36009044 -0.057676381
2009 0.049249225 -1.20592442 -0.752662725
2010 0.029499438 1.131598665 0.641094989
2011 0.065324337 0.458827712 0.766042512
2012 0.084554289 -0.252591748 0.146208458
2013 0.024220185 2.505356832 1.105779908
2014 -1.05798E-15 -0.692814961 -0.321293975
2015 0.134955995 -0.398513888 -0.147666769
2016 -0.028746146 0.504694369 0.366008799
2017 -1.67187E-15 0.287199533 0.707046095
2018 -0.046157216 -1.057543445 -0.613531876
2019 -0.032518269 3.400499679 2.138616107
2020 0.038352677 1.949660453 1.408351036
2021 -0.031608354 1.451167832 1.514981318
2022 0.078812384 1.958170235 2.12421095

particularly from 2020 to 2022, suggest improved
hydrological conditions, potentially influenced by
climatic variability or regional interventions. The
observed trends emphasize the necessity for
continuous monitoring and adaptive water resource
management strategies to address the variability in
drought conditions.

The relationship between the Average Yield
Anomaly Index (YAI) and the Average Standard
Precipitation Index (SPI) is illustrated in Fig. 7. The
fitted linear regression equation is y=
0.0474x+0.0183, with an exceptionally low
coefficient of determination (R?=0.0031), indicating
that merely 0.31% of the variation in SPI is explained
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by YAI The negligible slope of the regression line
and the substantial dispersion of data points
corroborate the absence of a significant linear
relationship between these variables. This lack of
correlation suggests that SPI, as an indicator of
precipitation, exerts minimal influence on yield
anomalies in this context. Alternative factors such
as temperature, soil conditions, or management
practices may exert a more substantial impact on
YAI. Subsequent analysis incorporating additional
variables and advanced statistical methodologies
could elucidate stronger predictors of yield
anomalies and potential non-linear relationships
within the dataset.

The relationship between the Average Yield
Anomaly Index (YAI) and the Average Standardized
Anomaly Index (SAI) is illustrated in Fig. 8. The
regression equation y=13x+0.3162y = 13x +
0.3162y=13x+0.3162 and the coefficient of
determination (R2=0.245R"2 = 0.245R2=0.245)
indicate a moderate positive correlation, wherein
24.5% of the variation in SAI is explained by YAI
The positive slope of the regression line suggests
that higher YAI values are generally associated with
higher SAI values. However, the majority of the
variability in SAI remains unexplained, implying
that additional environmental or external factors
likely influence SAI. Further research incorporating
additional variables and advanced modeling
techniques could potentially elucidate the factors
driving this relationship more comprehensively.

The relationship between the Average Yield
Anomaly Index (YAI) and the Average Rainfall
Anomaly Index (RAI) is illustrated in Fig. 9. The
linear regression equation, y=12.054x+0.5086y =
12.054x + 0.5086y=12.054x+0.5086, and the
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Fig. 8. Relationship Between Average Yield Anomaly Index
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coefficient of determination, R?=0.1487R"2 =
0.1487R2=0.1487, indicate a weak positive
correlation.

This result suggests that variations in rainfall
anomalies exert a moderate influence on yield
anomalies; however, the low R2R"2R2 value
(14.87%) implies that additional factors contribute
significantly to yield variability. The dispersed data
points highlight inconsistent relationships,
necessitating  further investigation into
supplementary variables such as soil quality, crop
type, and agricultural practices to achieve a more
comprehensive understanding.

A comparative analysis of the actual yield (T/
Ha) and the Yield Anomaly Index (YAI) across
various observations demonstrate congruent trends,
with yield fluctuations closely corresponding to
variations in the YAI (Fig. 10). This correlation
suggests that the YAI effectively captures yield
variability. Significant peaks and troughs in the data
likely correspond to specific environmental or
management factors influencing crop production.
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The observed consistency between yield and YAI
trends indicates that YAI serves as a reliable
indicator for assessing yield performance relative to
expected values, thus rendering it a valuable tool for
agricultural monitoring and planning.

Yield (t/ha) exhibited a gradual upward
trajectory with periodic fluctuations, indicating an
overall enhancement in agricultural productivity
(Fig. 11). Conversely, YAI remains relatively
constant around zero, suggesting that yield
anomalies are minimal and predominantly consistent
with expected values over the years. The correlation
between both trends implies that yield variability is
adequately accounted for by the anomaly index,
rendering it a reliable metric for monitoring year-to-
year variations in crop performance.

CONCLUSION

The analysis of climate variables, drought
indices, and yield anomalies from 1985 to 2022
reveals significant climatic variability and its
implications for drought dynamics and agricultural
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productivity in the study region. Maximum
temperatures consistently ranged between 40-50 °C,
with mean temperatures increasing by about 1.2 °C
over the study period, indicating the influence of
global warming and its potential effects on
evapotranspiration and crop stress. Annual rainfall
showed strong inter-annual variability, ranging from
below 300 mm in drought years (e.g., 1987, 1992,
and 2002) to over 700 mm in wet years (e.g., 1995,
2007, and 2021), though no clear long-term trend
was evident. Drought indices (SPI, RAI, and SAI)
identified recurrent severe drought episodes during
the late 1980s, early 1990s, and mid-2000s,
interspersed with wetter phases in the late 1990s and
around 2010. Relative humidity remained relatively
stable at approximately 65%, yet its association with
drought indices suggests that reduced atmospheric
moisture, combined with rainfall deficits, intensified
drought severity. Recent improvements in drought
conditions during 2020-2022 reflect both climatic
variability and possible effects of regional water
management interventions. Correlation analysis
between drought indices and yield anomaly index
(YAI) shows weak to moderate relationships. SPI
exhibited negligible influence on yield variability
(R? = 0.0031), whereas SAI (R? = 0.245) and RAI
(R = 0.1487) showed moderate positive
associations, highlighting the role of rainfall
anomalies and standardized conditions. However,
the low explanatory power of these indices indicates
that crop yields are also strongly influenced by
temperature extremes, soil properties, and
agricultural management practices.
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