Water and Soil Management and Modeling

University of Mohaghegh Ardabili

Online ISSN: 2783 - 2546

By i
7 oL
Manageret®

Assessing the impact of global meteorological signals on drought occurrence
in Iran

Javad Momeni Damaneh '*@®, Seyed Mohammad Tajbakhsh Fakhrabadi > ®, Ehsan Tamassoki 3®

! Dept. of Natural Resources Engineering, Faculty of Agriculture and Natural Resources, University of Hormozgan, Bandar
Abbas, Iran

2 Dept. of Watershed Management, Natural Resources Faculty, University of Birjand, Birjand, Iran

3 Ph.D. in Watershed Management Science and Engineering, University of Hormozgan, Bandar Abbas, Iran

Abstract

This study examined how global climate variations, like the Southern Oscillation Index and
North Atlantic Oscillation, affect drought patterns in Iran, causing issues like crop failure, food
shortages, and land degradation. To understand these complex relationships, monthly rainfall
data from 79 synoptic stations in Iran, collected between 1988 and 2017, were analyzed. The
Standardized Precipitation Index was calculated for 3, 5, and 8-month periods to
comprehensively assess drought severity and duration across different timescales. The research
then examined the correlations between Standardized Precipitation Index (SPI), Southern
Oscillation Index (SOI), and North Atlantic Oscillation (NAO), revealing a significant
influence of the NAO on Iran's annual precipitation. Variations in pressure systems, particularly
the Azores High and the Icelandic Low, were found to impact rainfall patterns nationwide; a 5-
month analysis indicated that 66% of the studied stations were affected by these systems.
Spatially varying correlations were observed at shorter timescales (5 and 8 months), with some
stations like Shahre-Babak showing a positive correlation with NAO, while others like Qazvin
exhibited a negative one. Findings indicate that Iran experienced widespread mild to moderate
droughts during the study period, excluding the Lake Urmia basin, with minimum SPI values
showing a clear trend of change across most of the country. The eastern border region and
Qarah-Qom are particularly susceptible to drought, leading to ecological consequences like
vegetation changes and increased soil erosion. The period from 1998-2007 was highly drought-
prone, while 2008-2017 showed milder conditions. The NAO significantly affected Iran’s
annual precipitation, impacting 66% of stations. The study highlights the relationship between
global climate signals, regional precipitation patterns, and drought, emphasizing its spatial and
temporal dynamics. These findings are essential for effective water resource management,
targeted drought mitigation, and building resilience to climate variability. Targeted
interventions in Eastern Iran, NAO-informed early-warning systems, and strategic water
allocation are crucial for drought mitigation.
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1. Introduction

Climate change is a pressing global challenge,
manifesting in significant fluctuations in climatic
phenomena (Vijayavenkataraman et al., 2012).
This climatic wvariability causes substantial
economic damage, especially to developing
countries with frequent extreme weather events
(Mirza, 2003). This variability disrupts global
circulation patterns, altering the intensity,
frequency, and seasonality of events like El Nifio,
monsoons, and the Indian Ocean Dipole (Collins
etal.,2010; Tokinaga et al., 2012; Cai et al., 2014;
Chen et al., 2025). These changes primarily
manifest as variations in precipitation, driven by
differential heating between land and oceans.
Hydrological extremes, particularly floods and
droughts, have severe consequences for
agriculture and ecosystems (Abhilash et al.,
2019). Droughts, characterized by prolonged
water scarcity, can lead to significant impacts,
including crop failures, food shortages, and mass
migration (Schubert et al., 2016; Masih et al.,
2014; Akbari et al., 2020). Researchers
investigate the influence of global meteorological
signals, such as the Southern Oscillation Index
(SOI) and the North Atlantic Oscillation (NAO),
on regional drought patterns. Analyses of
historical data reveal significant correlations
between these signals and drought occurrences,
particularly in regions like the Iberian Peninsula
(Serrano, 2005) and South America (Grimm and
Tedeschi, 2009). The EI Nifio-Southern
Oscillation (ENSO) has a notable impact on
precipitation events globally. For instance, the
positive phase of ENSO is associated with
increased precipitation frequency in South
America (Grimm and Tedeschi, 2009). In
contrast, the negative phase of ENSO and warm
phases of other oscillations can lead to increased
rainfall in certain regions like Central Asia
(Trenberth, 2011). Arid regions, such as Iran, are
particularly vulnerable to the impacts of climate
change, with increased frequency and severity of
droughts (Karandish et al., 2017). These regions
often experience both prolonged droughts and
intense floods, highlighting the amplified
extremes in the hydrological cycle (Madani,
2014). Drought can be categorized into three
stages:  meteorological, agricultural, and
hydrological. Triggered by a rainfall deficit,

agricultural droughts are characterized by
reduced soil moisture and, hence, a shortage of
water supply to vegetation (Dai, 2011; Van Loon,
2015). South Asian floods have been a major
point of concern for the past thirty years,
exceeding other climatic disasters (Dutta, 2004).
Conversely, other areas are impacted by dry
conditions during the first months of El Nifio
years, as well as during the summers and autumns
of the following year. ENSO signals reveal a
noteworthy impact on precipitation events (Syed
et al., 2006), analyzed using correlation analysis,
combined analysis, and Singular Value
Decomposition (SVD). Recently, such regional
correlations have also been explored between
Pacific Sea Surface Temperature (SST) and
Indian Peninsula rainfall events (Abhilash et al.,
2019), showing a weak negative trend that
increases with increasing timescale. These
impacts demonstrate the sensitivity of headwater
stream ecosystems to NAO compounding climate
change effects during positive phases, which alter
the composition and affect the conservation of
ecological function (Durance and Ormerod,
2007). Similar trends have also been experienced
along a major African province, which
experienced one of the strongest drought events
in recorded history in 2016, influenced by the
2015 El Nino (Winkler et al., 2017). Climate
change is projected to increase the frequency and
severity of multi-year droughts, particularly in
North America, Asia, and Africa (Wu et al.,
2022). Historical data shows that a significant
proportion of multi-year droughts, both past and
future, have shorter return periods compared to
the last millennium (Wu et al., 2022). SST
anomalies, especially those associated with
ENSO, play a crucial role in driving
meteorological droughts by influencing global
precipitation patterns (Schubert et al., 2016).
While regions like the Americas and eastern Asia
exhibit strong responses to ENSO, others, such as
Europe and Africa, show less sensitivity
(Schubert et al., 2016). Drought characteristics
vary significantly across different regions.
Studies show that 47% of major river basins tend
drought despite increased precipitation (Zhu et
al., 2024). The Drought Exceedance Probability
Index (DEPI) reveals that regions with less
rainfall variability experience fewer droughts,
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while intertropical regions are witnessing longer
and more intense droughts (Rodriguez et al.,
2022). However, some regions, particularly in
northern latitudes, are experiencing increased
runoff and shorter drought durations (Vieira &
Stadnyk, 2023), highlighting the complex
interplay of climatic factors. Recent research has
further elucidated the impacts of global
meteorological signals on drought occurrence
and severity. Studies have demonstrated
significant correlations between climate indices
like ENSO, NAO, and SST, and regional rainfall
patterns and drought characteristics (Karamouz et
al., 2004).

Climate models, such as those from the Coupled
Model Intercomparison Project (CMIP6), project
a significant increase in the spatial extent,
duration, and severity of droughts under future
warming scenarios (Wu et al., 2022; Zeng et al.,
2022; Niu et al., 2025). These models indicate
that regions like southern North America, the
Mediterranean, and southern Africa are
particularly vulnerable to increased drought
occurrences. Novel drought indices, such as the
Combined Standardized Drought Index (CSDI),
have been developed to provide a more
comprehensive assessment of drought intensity,
duration, and frequency (Nikraftar et al., 2021).
These indices show improved sensitivity to
teleconnection patterns like ENSO and enhance
drought monitoring capabilities. Iran, with 85%
of its area in semi-arid and arid climates, faces
both prolonged droughts and floods, marking the
most enhanced portions of the hydrological cycle.
In the southern and northern regions, these events
are centered on March and May, respectively. The
situation becomes critical when considering that
seasonal precipitation amounts in southern Iran
have generally increased from autumn to winter
and decreased in spring. Conversely, in the
northern regions, precipitation has increased
during summer and autumn and decreased
throughout winter and spring (Nazemosadat et
al., 2006). Drought, a complex phenomenon with
diverse impacts, is quantified using various
indices and influenced by multiple factors,
including large-scale climate patterns like El
Niflo-Southern Oscillation (ENSO) and local
atmospheric conditions (Rasmusson et al., 2019;
Nieves et al., 2022). ENSO events, characterized

by anomalous warming in the equatorial Pacific
and shifts in surface pressure (the Southern
Oscillation), can exacerbate drought severity in
regions like the Orinoco River Basin (Paredes-
Trejo et al., 2023). While long-term warming
trends contribute to drought conditions, other
factors like vegetation health can play a
mitigating role (Paredes-Trejo et al, 2023;
Nieves et al., 2022).

Drought impacts cascade through different
systems, affecting meteorological, hydrological,
and agricultural conditions, with increasing
magnitude and uncertainty from meteorological
to agricultural droughts (Hosseinzadehtalaei et
al., 2023). Furthermore, the interdependence of
drought duration and severity, often overlooked,
significantly amplifies drought risk (Ganguli et
al., 2022; Yuce et al.,, 2025). Remote sensing
indices like the Evaporative Stress Index (ESI)
offer valuable tools for monitoring drought
impacts on vegetation and crop production (Du et
al., 2021; Ghazaryan et al., 2020). A Lagrangian
approach, tracking drought clusters as they
evolve in space and time, reveals that large-scale
droughts can propagate over considerable
distances and intensify (Herrera-Estrada et al.,
2017). This study introduces an integrated
approach to examine the combined influence of
the Southern Oscillation (SOI) and North Atlantic
Oscillation (NAO) on drought patterns in Iran.
While previous research has primarily
investigated these climate indices in isolation, our
simultaneous analysis of both teleconnections
represents a novel contribution to the field. Using
the Standardized Precipitation Index (SPI) across
multiple timescales (3, 5, and 8 months), we
systematically quantify interactions between
these oscillations and regional drought
conditions. = This  methodology  resolves
synergistic teleconnection effects, significantly
enhancing drought prediction accuracy and
informing adaptive water resource management
strategies across Iran.

2. Materials and Methods

2.1. Study Area

A great range of elevation from the coast of the
Caspian Sea to Damavand peak across Iran
includes it in the club of mountainous countries
with an average altitude of 1250m above sea
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level. The Alborz and Zagros Mountains along
north and east Iran play a significant role in one
of the hottest deserts of the world, the Lut Desert
(Vaghef et al. 2019; Momeny Damaneh et al.,
2024). Average annual precipitation of Iran
(~251mm) is one-third of the annual precipitation
and one-third of the median continental
precipitation of Asia over a 1.6 million km? area
between the Caspian Sea and the Persian Gulf
(Balling et al. 2016; Tajbakhsh Fakhrabadi and &
Momeny, 2023). The lowest rainfall is observed
in the central deserts with less than 25mm, and
the highest precipitation, i.e., 1600mm in the
Caspian region. Around 1% of the world’s
population of Iran has just 0.36% fresh water
resources and has 250mm annual rainfall in just
two-thirds of the total area with uneven annual
distribution, i.e., almost half of the precipitation
is received during winters (Malekinejad, 2009;
Momeny Damaneh et al., 2024).

2.2. Data set

The study includes well-recorded monthly
rainfall data of 79 synoptic stations with at least
30 years of statistical records from 1988 to 2017
(Table 1). The SRTM elevation data have been
used and processed with the ArcHydro tool to
represent six major river basins and the synoptic
observation stations of Iran (Figure 1). The
alternate precipitation dataset, obtained from the
Meteorological Organization of Iran, was
employed as a validation and quality-control tool.
We conducted a comparative analysis against the
primary dataset (79 synoptic stations) using
statistical ~ consistency  checks, including
correlation  coefficients at  overlapping
spatiotemporal points. This cross-verification
enhanced anomaly detection robustness, reduced

observational uncertainties, and strengthened
confidence in SPI-derived drought assessments.
An alternate dataset of precipitation is also
procured from the Meteorological Organization
of Iran; the ENSO and NAO time series were
collected through various research centers in
Australia, the United States (NOAA), and some
European centers (www.esrl.noaa.gov). This
alternate dataset is used for a comparative
analysis of precipitation.

The data analysis has been done in three major
groups according to annual water input
frequencies; the first group of 3-months period
(March, April and May), the second group of 5-
months period (January, February, March, April
and May) and the third group of 8-months
(October, November, December January,
February, March, April and May), are assessed as
the water year.

SPI values were derived from monthly rainfall
data (1988-2017) for 3-, 5-, and 8-month
timescales. The data were stratified into three
decades (1988-1997, 1998-2007, 2008-2017) to
identify severe drought years and assess
SOI/NAO impacts on rainfall fluctuations.
Pearson correlation analysis was employed to
quantify station-specific relationships between
SPI (at each timescale) and SOI/NAO indices
using SPSS software. Statistical significance was
evaluated at p < 0.05 and p< 0.01 (in Tables 3 and
4). This method was selected for its sensitivity to
linear associations in climate data. Stations
exhibiting significant direct/inverse relationships
with SOI/NAO were systematically identified.
The original data were converted into raster files
for spatial analysis (pixel size:100 meters).

Table 1. The characteristics of major river basins of Iran (Tajbakhsh Fakhrabadi and & Momeny,
2023; Momeny Damaneh et al., 2024).

Number Altitude (meters)
o T . of
Major basins of Iran Area; Longitudinal and Latlt'udmal Extension Observati  Minimu Maximu  Avera
(Km?) of Basin
on m m ge
Stations
Caspian Sea basin 1'705;(] 44.04°E-59.06°E & 34.98°N-39.78°N 18 =271 5594 1374
Persian G“gaz?j Oman Sea 4‘20‘2” 44.84°E-63.21°E & 25.06°N-36.92°N 22 -83 4405 971
Urmia Lake basin 5.20x1 44.22°E-47.90°E & 35.68°N-38.49°N 6 1175 3730 1735

04
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Central Plateau basin 8'205;(1 48.12°E-61.42°E & 26.55°N-37.46°N 28 107 4471 1351
Eastern border basin 1,%3;1 58.59°E-63.33°E & 26.76°N-35.09°N 3 437 3918 1190

Qarah-Qom basin 4'%(1“ 58.20°E-61.28°E & 34.38°N-37.71°N 2 236 3251 1202
Total 1'6006” 79 1304
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Figure 1. Location of the study area and synoptic stations in Iran

2.3. North Atlantic Oscillation (NAO)

The NAO is a meridional oscillation in the
atmosphere, centered near Iceland in the
subtropical region (from the Azores to the Iberian
Peninsula). The signals of the NAO are used to
indicate its phases, gained from the difference in
pressure between the Azore's subtropical high
pressure and the polar low pressure of Iceland.
These signals exhibit two phases: positive and
negative. The positive phase is characterized by
stronger-than-normal pressure at the Azores high
and lower-than-normal pressure at the Icelandic
low, resulting in a steep pressure gradient
between the two centers. In contrast, the negative
phase indicates a weaker subtropical high and a
weaker Icelandic low, leading to a reduced

pressure gradient (Pasho et al., 2011; Tajbakhsh
Fakhrabadi & Momeny, 2023).

2.4. Southern Oscillation Index (SOI)

These signals are intended to quantitatively
express the ENSO phenomenon and indicate the
gradient of pressure along the east-west Pacific
Ocean. In general, it is seasonally and monthly
accounted for by the difference in surface water
pressure in Tahiti in the central Pacific and
Darwin regions of northern Australia, which is
consistent with Equation 1. Positive signs
indicate the intensity of the Walker stream (La-
Nifia) and negative signals indicate the weakening
of the Walker stream EI Nifio (Tajbakhsh
Fakhrabadi and & Momeny, 2023; Equation 1).
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Pdiff = PTaniti — PDarwin (1)
Where, Pgirr is the water level air pressure
difference, Pranii is the water level air pressure at
Tahiti, and Pparwin 1S the water level air pressure
in the Darwin region.

2.5. Standardized Precipitation Index (SPI)
The Standard Precipitation Index was presented
by McKay et al. (1993) to monitor drought spells.
They used a categorized system to represent
standardized precipitation data. The SPI allows a
skilled analyst to quantify droughts or abnormal
moisture events on a specified time scale over
each region of the Earth where precipitation is
recorded (Equations 5,6). Table 2 shows a
classification of droughts using the SPI. This
index is based on the cumulative probability of
precipitation at a station, which, after extracting
rainfall data over a statistical period (at least 30
years), forms a time series of total rainfall at the
desired scales with a statistical distribution.
(McKay et al. 1993; Equation 5,6) set the SPI
representation based on the gamma distribution,
as follows:

x
a—leﬁ (2)

where, a is the shape characteristic, B is the scale
characteristic, x is the amount of precipitation,
and I" is the gamma function obtained from
Equations (2,3), as below:

I'(a)= J.: yled 3)

Since the Gamma function is not defined for zero
values and the rainfall distribution may have zero
values, the cumulative probability function,
which also includes zero numbers, is defined as
the Equation (4):

H(x) =g +(1-¢)G(x) )

where, q is the probability of zero in the
precipitation values. If M is the number of zeros
over a while, Tom (1966) proves that q can be
calculated from the division of Mover N (m.n).
(X) Use all incomplete gamma function tables to
determine the cumulative probability of G. After
computing the total cumulative function of H(x),
the likelihood transform of the gamma
cumulative function is made to the standard
normal random variable Z with mean zero and

variance of one, which is the probability of the
variable being the same as SPI and conversion
with the same probability. If the number of
stations is high and it is difficult to draw such
graphs for all time scales and each month of the
year, Z or SPI are easily obtained from the
Abramovitz and Estegon approximations, which
accumulate probabilities to the standard normal
random variable Z converts and is obtained as the
Equations 5 and 6, and the values of t as the
Equations 7 and 8.
Z = SPI

)

co + ¢t + cyt?
- ,For H(x) < 0.5
1T+ dyt + dyt? + data] or Hx)

Z = SPI

co + cit + cyt?
1+d,t+d,t2 +d,t®
<Hx)<1

=+[t— ],FOT'O.S

1
t= Jh (W),Foro <Hx) <05  (7)

t
1
_ \/ln (m),Fm'O.S <Hx) <1 (@)

The constant values in the equations are:
Co=5155117.2, C, = 802853, C; = 010328, d; =
432788.1,d> = 189269, d; = 001308
Conceptually, the SPI represents a sigma score or
standard deviation above or below the mean
value. Leshi Zand and Tellurie argue that because
the classification of McKay and her colleagues
was used to determine and monitor drought in the
Colorado area, therefore, a specific classification
should be selected for each area according to the
climate and rainfall regime. According to the
location of the region where most of the stations
are in arid and semi-arid climates, the following
classification is used, which shows precipitation
variations in the range -1 to 1 more accurately,
and one class was added to the McKay
classification (Table 2).
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Table 2. Classification of droughts using the

SPI index
Class SPI Values
Severe wet 2
Extreme wet 1.5to 1.99
The moderate wet 1.49to0 1
Light wet 0.99 t00.5
Normal 0.49to-0.49
Mild drought -0.5t0-0.99
Moderate drought -1to-1.49
Extreme drought -1.5t0 -1.99
Severe drought 2>

3. Results and Discussion

This study analyzes drought patterns across Iran
using the Standardized Precipitation Index (SPI)
and its correlation with the Southern Oscillation
Index (SOI) and the North Atlantic Oscillation
(NAO). The research examined three distinct ten-
year periods (1988-1997, 1998-2007, and 2007-
2017) and six sub-basins (Caspian Sea, Persian
Gulf and Sea of Oman, Lake Urmia, Central
Plateau, Eastern Border, and Qaraqum),
providing a comprehensive overview of drought
dynamics. The analysis of minimum SPI values
over 3, 5, and 8-month periods reveals a
fluctuating drought trend across the country, with
the Lake Urmia basin as a notable exception.
During the first decade (1988-1997), mild
droughts, indicated by the SPI, were prevalent
nationwide, with the Central Plateau
experiencing the most severe conditions. The
subsequent decade (1998-2007) witnessed a shift
towards more intense drought, with moderate
drought conditions affecting the entire country.
Again, the Central Plateau was the hardest hit,
while the Lake Urmia basin maintained relatively
normal to slightly wet conditions. In the final
decade (2007-2017), a lessening of drought
severity was observed. Mild droughts were
recorded across Iran, with the Central Plateau still
experiencing the lowest SPI values, although the
Lake Urmia basin continued to experience near-
normal to slightly wet conditions. The 5-month

SPI during this period, however, indicated
moderate drought in the Central Plateau. Overall,
the minimum SPI trend suggests a shift from mild
drought in the first decade to severe drought
affecting the entire country in the second,
followed by a decrease in severity and a return to
mild drought in the third decade. The study
further explores drought through composite
indices of SPI and SOI, and SPI and NAO, as well
as periodic indices for each of the three decades.
For the SPI and SOI composite index, the
Caspian Sea sub-basin showed the least severe
drought (around -0.4 SPI), while the Qaraqum
sub-basin experienced the most severe (around -
0.5 to -0.6 SPI) over the three months. When
considering the SPI and NAO composite index,
the Lake Urmia sub-basin exhibited the least
severe drought (close to 0 SPI), while the Eastern
Border sub-basin suffered the most severe
drought (around -0.1 to -0.2 SPI). Analysis of the
periodic indices reveals further regional and
temporal variations. During 2008-2017, the
Eastern Border sub-basin recorded the most
severe drought (around -1 SPI), while the Lake
Urmia sub-basin experienced the least severe
(around -0.5 to -0.6 SPI). In the 1998-2007
period, the Persian Gulf and Sea of Oman sub-
basin was the most drought-stricken (around -1.2
to -1.3 SPI), while the Lake Urmia sub-basin
again fared the best (around -0.8 to -0.9 SPI).
Finally, for the 1988-1997 period, the Persian
Gulf and Sea of Oman sub-basin experienced the
most severe drought (around -0.8 to -0.9 SPI), and
the Lake Urmia sub-basin the least severe
(around -0.6 to -0.7 SPI). In summary, the Eastern
Border and Qaraqum sub-basins consistently
exhibited the highest levels of drought compared
to the other sub-basins. Furthermore, the 1998-
2007 and 2008-2017 periods experienced more
severe drought conditions than the 1988-1997
period. These findings provide valuable insights
for water resource management and the
development of effective drought mitigation
strategies in different regions of Iran.
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Figure 2. Minimum SPI values during three decades: A- Maximum SPI at a) time scale of 3 months,
b) time scale of S months, and c) time scale of 8 months

According to Figure 3, the analysis of mean SPI
changes reveals a concerning trend of increasing
drought, particularly in the eastern border region
of Iran. During the second and third decades
(1998-2017), this region experienced significant
drought conditions. Furthermore, the Central
Plateau and the Qarah-Qom region, while
classified as "normal," also exhibited signs of
mild drought during these periods. The study
suggests that a substantial portion of the Central
Plateau and Qarah-Qom areas were likely
affected by this mild drought, although the
classification might not fully reflect the severity
on the ground. In contrast, during the earlier

period (1988-1997), the Eastern Iranian border
basin experienced mild drought in the 3 and 8-
month indices. The Central Plateau and Qarah-
Qom basins were normal, while the Mazandaran,
Lake Urmia, Persian Gulf, and Oman Sea basins
experienced slight wetness during the 3, 5, and 8
months. The 5-month index in the eastern border
region of Iran shows a normal state over the
period 2007-2017. A comparative analysis of SPI
in conjunction with SOI and NAO indices reveals
distinct regional variations in drought severity.
When considering the SPI and SOI composite
index over three months, the Caspian Sea sub-
basin exhibited the lowest level of drought
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(around -0.4), while the Qara Qum sub-basin
experienced the highest (around -0.5 to -0.6).
Similarly, the SPT and NAO composite index over
three months showed the Lake Urmia sub-basin
with the lowest drought level (close to 0) and the
Eastern Border sub-basin with the highest
(around -0.1 to -0.2). Examining the periodic
indices across the three decades highlights the
temporal evolution of drought. The 2008-2017
period was marked by the most severe drought,
with the Eastern Border sub-basin reaching an
index of approximately -1. The Lake Urmia sub-
basin, conversely, experienced the least severe
drought during this period, with an index of
around -0.5 to -0.6. In the preceding decade
(1998-2007), the Persian Gulf and the Sea of
Oman sub-basin suffered the most intense
drought (around -1.2 to -1.3), while the Lake
Urmia sub-basin again showed the least severe
conditions (around -0.8 to -0.9). A similar pattern
was observed in the earliest period (1988-1997),
with the Persian Gulf and the Sea of Oman sub-
basin experiencing the highest drought levels
(around -0.8 to -0.9) and the Lake Urmia sub-
basin the lowest (around -0.6 to -0.7). A clear and
consistent trend emerges from this data: the Lake
Urmia sub-basin consistently exhibits the lowest
levels of drought compared to other regions.
Conversely, the Eastern Border and Qara Qum
sub-basins are persistently identified as
experiencing the most severe drought conditions.
This suggests that specific regional and climatic
factors are at play in these areas, exacerbating the
effects of drought. The study also indicates a
general increase in drought severity over time,
with the 2008-2017 period experiencing the most
intense drought conditions. This temporal trend
may be linked to broader global climate change
patterns and rising temperatures, highlighting the
need for further investigation into the relationship
between large-scale climate variability and
regional drought dynamics. This study
investigated regional drought dynamics in
Iran, analyzing the interplay between large-
scale climate patterns and local conditions. A

key finding is the overall trend towards
wetter  conditions, indicated by the
dominance of "wet index" values. However,
exceptions exist in the Eastern Border basin
and Qarah-Qom region, which remained
within normal ranges. The research reveals
significant regional variations in drought
severity. Using a combined Standardized
Precipitation Index (SPI) and Southern
Oscillation Index (SOI) for three months, the
Caspian Sea sub-basin experienced the
mildest drought (around -0.4), while the
Qaraqorum sub-basin faced the most severe
(between -0.5 and -0.6). A combined SPI and
North Atlantic Oscillation (NAO) index
showed similar trends, with the Lake Urmia
sub-basin experiencing the least severe
drought (near 0) and the Eastern Border sub-
basin the most severe (between -0.1 and -
0.2). Analyzing drought severity across three
decades (1988-2017) provides further
insights. The most recent decade (2008-
2017) saw the Eastern Border sub-basin
experiencing the most intense drought
(around -1), while the Lake Urmia sub-basin
had the least severe (between -0.5 and -0.6).
In the preceding decade (1998-2007), the
Persian Gulf and Sea of Oman sub-basin
suffered the most severe drought (between -
1.2 and -1.3), while the Lake Urmia sub-
basin again showed the least severe
conditions (between -0.8 and -0.9). The
earliest period (1988-1997) also saw the
Persian Gulf and Sea of Oman sub-basin with
high drought severity (between -0.8 and -
0.9), and the Lake Urmia sub-basin with the
lowest (between -0.6 and -0.7). A consistent
pattern emerges: the Lake Urmia sub-basin
consistently experiences the lowest drought
severity compared to other regions.
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Figure 3. Average SPI values during three decades: A- Maximum SPI at a) time scale of 3 months,
b) time scale of 5 months, c) time scale of 8 months

Conversely, the Eastern Border and
Qaragorum sub-basins consistently
experience the most severe drought
conditions, suggesting the influence of
specific regional climatic factors. The data
also suggests that the 2008-2017 period
experienced generally more severe drought
compared to the two preceding decades. This
observation potentially links to global
climate change and rising temperatures,

which could be exacerbating drought
conditions in specific regions of Iran. This
study underscores the complex relationship
between large-scale climate patterns and
regional drought dynamics. It emphasizes the
need for targeted water resource management
and drought mitigation strategies tailored to
the specific vulnerabilities of each sub-basin.
Understanding these regional variations is
crucial for effective planning and resource
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allocation to minimize the impacts of
drought. (Figure 4).
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Figure 4. Maximum SPI values during three decades: A- Maximum SPI at a) time scale of 3
months, b) time scale of 5 months, and c) time scale of 8 months

The research reveals distinct drought patterns
across three time periods: 1988-1997, 1998-
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2007, and 2008-2017. From 1988 to 1997,
the most severe drought was concentrated in
the southern and southeastern regions,
specifically within the Persian Gulf and the
Sea of Oman, and the Eastern Border sub-
basins. These areas experienced intense and
widespread drought. Conversely, the central
and northwestern regions, notably the Lake
Urmia sub-basin, experienced less severe
conditions. The period from 1998 to 2007
witnessed an intensification of drought across
Iran. While the southern and southeastern
regions continued to endure high severity, the
drought gradually expanded towards the
central areas. Although the Lake Urmia sub-
basin remained relatively less affected
compared to other regions, it too experienced
an increase in drought conditions. The most
severe drought period occurred between 2008
and 2017. During this decade, drought
engulfed nearly all parts of Iran. The southern
and southeastern regions experienced
extremely high severity, while the central and
northwestern regions also saw a sharp rise in
drought intensity. Critically, the Lake Urmia
sub-basin, which had previously been
relatively less affected, faced severe drought,
indicating a significant deterioration. The
study also examined the influence of large-
scale climate patterns on regional drought.
The combined SPI and SOI analysis revealed
that the drought patterns largely mirrored
those observed in the individual periods.
However, it also highlighted the role of the
SOI in exacerbating drought, particularly in
the southern and southeastern regions. The
SPI and NAO analyses showed a more
complex relationship. The NAO's impact on
drought varied regionally, intensifying
drought in some areas and mitigating it in
others. Overall, the influence of the NAO on
drought was less pronounced than that of the
SOI. A consistent pattern emerged
throughout the study period. The Lake Urmia
sub-basin consistently exhibited the lowest
drought severity among the six sub-basins.

Conversely, the Eastern Border and Qaraqum
sub-basins consistently experienced the
highest drought levels. This suggests that
specific regional and climatic factors within
these areas play a crucial role in driving
drought conditions. The overall trend
indicates a progressive increase in drought
severity across Iran. The 2008-2017 period
experienced significantly more severe
drought compared to the previous two
decades. This observation aligns with global
climate change trends and rising
temperatures, suggesting a potential link
between global warming and regional
drought intensification. The results from
2013 onwards, however, indicated a return to
normal drought conditions in Iran. In
summary, this research provides valuable
insights into the spatial and temporal
dynamics of drought in Iran. The analysis
highlights the influence of large-scale climate
patterns, such as SOI and NAO, on regional
drought, as well as the importance of local
climatic factors. The findings underscore the
need for effective water resource
management and  drought mitigation
strategies to address the increasing
challenges posed by climate change and its
impact on regional water availability (Figures
2,3,4).

The presented maps (Figures 5, 6, 7) illustrate
the Standardized Precipitation Index (SPI)
for three consecutive ten-year periods (1987-
1997, 1998-2007, and 2008-2017) across the
sub-basins of Iran. The SPI is a crucial
indicator for drought monitoring, calculated
using precipitation data and comparing it to
the long-term average. Positive SPI values
indicate wet periods, while negative values
signify drought conditions. During the 1987-
1997 period, vast areas of Iran, particularly
the central and southern regions, experienced
severe drought (SPI less than -1). The
drought's intensity in some locations was so
extreme that the SPI reached below -2,
indicating  extremely severe drought.
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Conversely, certain northern and western
parts of the country experienced wet
conditions (SPI greater than 1). In the 1998-
2007 period, the pattern of drought and
wetness shifted. The central and southern
regions of the country continued to face
drought, but its severity decreased compared
to the previous period. In contrast, the eastern
regions of the country, especially the Sistan
and Baluchestan province, faced severe
drought. On the other hand, the northern and
western regions of the country, particularly
the Caspian Sea coasts, experienced wet
conditions. During the 2008-2017 period, the
drought gradually receded from the country,
and conditions improved. However, some

southern and eastern regions of the country
still experienced mild to moderate drought. In
contrast, the northern and western regions of
the country, especially the East and West
Azerbaijan provinces, experienced wet
conditions. The examination of SPI maps
reveals that Iran has experienced significant
fluctuations in precipitation status over the
past three decades. The severe droughts in the
1980s and 1990s posed serious challenges to
the country. However, in the 2000s,
conditions improved, and the drought
gradually decreased. Nevertheless, it remains
necessary to develop plans to address
potential droughts in the future.
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Figure 5. Standardized Precipitation Index map and NAO and SOI in the spring rainfall period (3
months)
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3.1. SOI VS. Drought Analysis

The Pearson correlation coefficient was
calculated between the monthly SPI in the
periods of 3, 5, and 8 months until the end of
May and the SOI signals. The results are
listed in Table 3. For the months March,
April, and May (a 3-month period), SPI at
Sarakhs station showed a significant
correlation coefficient of -0.54 with SOI
signals. In this period, the SPI at Mashhad,
Koohrang, Aligudarz, and Ilam stations also
showed a significant (at the level of 0.05)
correlation coefficient of -0.41, -0.45, -0.41,
and -0.38, respectively, with the SOI signals.
Based on the 3-month period analysis, SPI in
other stations was not significantly correlated
with SOI signals. Based on the 5-month.

The Pearson correlation coefficient matrix
was calculated between the standard monthly

precipitation index of SPI stations in the
periods of 3, 5, and 8 months until the end of
May and the SOI signals. The results are
listed in Table 3. The results for March, April,
and May (3-month period) show that the SPI
index of Sarakhs station showed for 3 months
with a significant correlation coefficient of -
0.54 at the level of one percent, indicating a
negative and significant correlation with SOI
signals., In this period, the SPI at Mashhad,
Koohrang, Aligudarz, and Ilam stations also
showed a significant (at the level of 0.05)
correlation coefficient of -0.41, -0.45, -0.41,
and -0.38, respectively, with the SOI signals
(at the 5% level). Based on the 3-month
analysis, SPI in other stations was not
significantly correlated with SOI signals.
Also, in the 5-month based on 5-month
analysis, SPI in Sarakhs station showed a
correlation coefficient of -0.63 (at the level of
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one percent0.01) with SOI signals, indicating
a negative and significant correlation. At the
same time, SPI in Mashhad station, with a
correlation coefficient of -0.51, has had a
negative and significant correlation with SOI
signals (at the level of one percent). The SPI
at the stations of Torbat Heydariyeh, Quchan,
Kashmar, Tabriz, Koohrang, Kangavar, and
Khorramabad also shows the correlation
coefficients of -0.37, -0.44, -0.41, -0.38, -
0.36, -0.40, and -0.34 (significant at the level
of 0.05), respectively, have a negative and
significant correlation with SOI symptoms
signals, respectively (at the level of 5%).
Also, based on the 8-month analysis, SPI in
Shahroud station with negative coefficients
of -0.34 at the 5% level has a negative and
significant correlation relationship with SOI
signals.

According to Table 3, which is based on the
33-monthly analysis, about 15% of Iranian
study stations were affected by spring rains
precipitations with the intensity of Walker
streams (La-Nifa). 85% of total stations were
affected by the weakening of Walker streams
(EI-Nino), as well. The according to the 5-5-
monthsanalysis, about 19% of Iran's the study
stations were affected impacted by heavy
rainfalls in the first rainfall of the year (the
first of early winter) and by the end of spring
with the intensity of Walker (La-Nifia)
streams at the end of spring, and 81% percent
of total stations were affected by the weak
Walker streams (EI-Nifio).

Based on the 8-month analysis, about 42% of
Iran's study stations showed a correlation
between  annual rainfall and the
intensification of Walker circulation
associated with La-Nifa. Additionally, 58%
of the country's stations were affected by the
weakening of the Walker circulation linked to
El-Nifio. In general, by examining the studied
stations, it can be stated that SOI signals have
a contribution an effect of 42% on annual
droughts in Iran, but in spring rainfall and the
rainfalls of the early year (early winter) to late

spring, we cannot observe a significant show
the low impact of La-Nifia phenomenon on
Iran. SimilarlyHowever, it can be said that
most of the El-Nifio phenomenon mostly
affects Iran's droughts and rainfalls period
analysis, SPI in Sarakhs station, showed a
correlation coefficient of -0.63 (at the level of
one percent0.01) with SOI signals has a
negative and significant correlation. At the
same time, SPI in Mashhad station, with a
correlation coefficient of -0.51, has had a
negative and significant correlation with SOI
signals (at the level of one percent). The SPI
at the stations of Torbat Heydariyeh, Quchan,
Kashmar, Tabriz, Koohrang, Kangavar, and
Khorramabad also shows the correlation
coefficients of -0.37, -0.44, -0.41, -0.38, -
0.36, -0.40, and -0.34 (significant at the level
of 0.05), respectively, indicating a negative
and significant correlation with SOI
symptom signals (at the 5% level). Also,
based on the 8-month analysis, SPI in
Shahroud station with negative coefficients
of -0.34 at the 5% level has a negative and
significant correlation with SOI signals.
According to Table 3, which is based on the
3-month analysis, about 15% of Iranian study
stations were affected by spring rains
precipitations with the intensity of Walker
streams (La-Nifia). 85% of total stations were
affected by the weakening of Walker streams
(EI-Nifo), as well. The according to the 5-5-
monthsanalysis, about 19% of Iran's the study
stations were affected impacted by heavy
rainfalls in the first rainfall of the year (the
first of early winter) and by the end of spring
with the intensity of Walker (La-Nifia)
streams at the end of spring, and 81% percent
of total stations were affected by the weak
Walker streams (EI-Nifio) .

Based on the 8-month analysis, about 42% of
Iran's study stations showed a significant
correlation between annual rainfall and the
intensification of the Walker circulation (La-
Nifia). Additionally, 58% of the country's
stations were affected by the weakening of
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the Walker circulation (EI-Nifo). In general,
by examining the studied stations, it can be
stated that SOI signals have a contribution an
effect of 42% on annual droughts in Iran, but
in spring rainfall and the rainfalls of the early
year (early winter) to late spring, we cannot
observe a significant show the low impact of
La-Nina phenomenon on Iran. However, it
can be said that most of the EI-Nifio
phenomenon mostly affects Iran's droughts
and rainfalls. SOI data indicates that Iran has
been affected by climatic fluctuations over
different periods. The El Nifio phenomenon
appears to have a greater impact on the
country's climate in 5- and 8-month periods.
SPI maps show that Iran has experienced

significant fluctuations in precipitation over
the past three decades. Severe droughts in the
1980s and 1990s have posed serious
challenges to the country. However, in the
2000s, conditions improved, and drought
gradually decreased. Nevertheless, it is still
necessary to make the necessary plans to deal
with possible droughts in the future. The
examination of SOI data and SPI maps shows
that Iran has been affected by climatic
fluctuations and drought over different
periods. It seems that the EI Nino
phenomenon and climate change have
affected rainfall and drought patterns in Iran.

Table 3. Correlation of monthly precipitation at the studied stations with the SOI and drought-
related climate variability

Station 3- 5- 8- Station 3- 5- 8- Station 3-months 5- 8-
months | months | months months | months | months months | months
Torbat -0.29 | -0.37" | -0.19 Gharakheil -0.23 -0.22 0.06 Kashan -0.08 0.04 0.32
Heydarieh
Sabzevar -0.08 -0.21 0.19 Nowshahr -0.04 -0.03 0.10 Jask -0.06 -0.16 -0.11
Sarakhs -0.54" | -0.63" | -0.37 Astara 0.02 -0.13 0.07 Bandar Abbas -0.05 0.02 -0.12
Ferdows -0.07 -0.10 0.04 Bandar 0.00 0.21 0.33 Bandar Lengeh -0.09 -0.15 -0.12
Anzali
Quchan -0.27 | -0.44" 0.02 Rasht -0.03 -0.13 0.08 Kish Island -0.14 -0.05 -0.05
Kashmar -0.32 | -041" | -0.20 Ardabil -0.09 -0.31 -0.04 Minab -0.05 0.04 0.04
Mashhad -0.40" | -0.51™ | -0.19 Pars Abad -0.06 -0.12 0.13 Abadeh -0.08 0.04 -0.03
Bojnord -0.29 -0.35 -0.14 Khalkhal -0.13 -0.30 -0.06 Shiraz -0.25 -0.05 -0.12
Birjand -0.21 -0.32 -0.16 Ahar 0.05 -0.06 0.17 Bushehr -0.17 -0.04 -0.12
Iranshahr -0.20 0.10 0.13 Tabriz -0.30 | -0.38" | -0.21 Shahr-Kord -0.26 -0.22 -0.12
Chabahar -0.19 -0.01 -0.02 Sarab 0.02 -0.09 0.08 Kouhrang -0.45" -0.36" | -0.28
Khash -0.18 0.11 0.10 Mianeh -0.02 -0.21 -0.04 Hamadan -0.33 -0.32 0.09
Zabul -0.27 -0.32 -0.27 Urmia -0.12 -0.17 -0.01 Islamabad Gharb -0.34 -0.36 -0.26
(West Islamabad)
Zahedan 0.04 0.21 0.05 Khoy 0.05 -0.06 -0.04 Kangavar -0.34 -0.40" | -0.18
Saravan -0.07 0.10 0.05 Maku -0.01 -0.13 0.02 Kermanshah -0.26 -0.27 -0.11
Anar -0.13 -0.02 -0.07 Mahabad -0.27 -0.28 -0.18 Aligoudarz -0.41" -0.31 -0.17
Bam 0.08 0.02 0.02 Ab-ali -0.22 -0.28 0.07 Khorramabad -0.32 -0.34" | -0.20
Sirjan -0.06 0.07 -0.12 Tehran- -0.12 -0.19 0.12 Tlam -0.38" -0.25 -0.29
Mehrabad
Shahre- -0.23 -0.03 -0.14 Karaj -0.14 -0.14 0.20 Qom -0.23 -0.15 0.23
Babak
Kerman -0.23 0.03 -0.02 Qazvin 0.04 -0.11 -0.12 Abadan -0.27 -0.02 -0.08
Tabas -0.19 -0.12 0.02 | Khorramdarr | -0.14 -0.26 -0.06 Omidiyeh -0.32 -0.09 -0.19
ch
Yazd 0.08 0.11 0.30 Zanjan -0.05 -0.18 -0.01 Ahvaz -0.28 -0.03 -0.19
Shahrood -0.23 -0.30 | -0.34" Saghez -0.27 -0.27 -0.22 Bostan -0.19 -0.09 -0.16
Semnan -0.18 -0.17 0.13 Sanandaj -0.24 -0.32 -0.20 Takab -0.09 -0.14 -0.24
Babolsar -0.15 -0.06 0.06 Isfehan -0.08 -0.13 0.04 Abu Musa island -0.05 0.01 0.06
Ramsar 0.17 -0.04 -0.21 Khor 0.07 0.03 0.21 Djolfa 0.05 -0.07 0.05
Biabanak
** Significance at 1% level, * Significant at 5% level Yasuj -0.11 -0.05 0.10
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3.2. NAO VS. Drought Analysis

In this study, determining the severity of drought
in the country's stations, a correlation matrix was
formed to investigate the effect of the NAO
phenomenon on the occurrence of drought and
wet periods in Iran. The Pearson correlation
coefficient matrix was calculated between the
standard monthly precipitation index SPI of the
selected stations in the period of 3, 5, and &
months until the end of May(Table 4). Based on
the 3-month analysis, the SOI signal results are
listed in Table 4. The results for March, April,
and May, which could be revealed (3-month),
show that the correlation between the SPI index
at all stations in the country with NAO signals
was not significant. However, according to the 5-
month analysis, the Shahre-Babak station, with a
correlation coefficient of 0.39 at the level of 5%
had established a positive and significant
correlation relationship (at the level of 0.05) with
NAO signals. In the same period, the Qazvin
station in the same period with a correlation
coefficient of -0.43 (significant at 5% level),
showed a negative relationship and significant
correlation with NAO signals. Furthermore,
based on the 8-month analysis on Bam and
Ramsar stations, both of them with the correlation
coefficients of 0.36 (significant at 5% level),
demonstrated a positive and significant
correlation relationship with NAO signals.
According to Table 4, over a 3-month period,
about 27% of Iranian studied stations have had
relatively little contact with high-pressure as well
as low-pressure Icelandic (low-pressure
gradients) due to spring precipitation. On the
other hand, 73% of the stations were affected by
the excessive pressure in the Azure high-pressure
and less than the normal pressure in low-pressure
Iceland (high-pressure gradient between the two
centers).

Based on the 5-month analysis, about 66% of the
Iranian stations had relatively high levels of
correlation between rainfall with the first
precipitation of the year (first early winter) until
the end of spring, and with high pressure near the
weak tropics as well as low-pressure Icelandic
(low-pressure gradient). About 34% of the
studied stations were affected by the excessive
pressure in the Azure high pressure and less than
normal pressure in the Icelandic low pressure

(high-pressure  gradient between the two
centers)[MR2]. According to the 8-month
analysis, about 44% of the selected Iranian
stations showed a relatively low-to-medium
correlation between annual rainfall and high-
pressure Azure, as well as Icelandic low-pressure
gradients. Moreover, 56% of the stations were
affected by the excessive pressure in the Azure
high-pressure and less than the normal pressure
in the low-pressure Iceland (high-pressure
gradient between the two centers). Overall, the
signals of the NAO were significantly affected by
the annual precipitation in Iran under the
influence of excessive pressure in the Azure high-
pressure and less than normal pressure in the
Icelandic low-pressure system (high-pressure
gradient between the two centers). Based on the
5-month analysis, 66% of the studied stations
were affected by the high pressure near the weak
tropics, as well as the low-pressure Icelandic
(low-pressure gradient). This study investigated
the influence of global meteorological signals,
specifically the Southern Oscillation Index (SOI)
and the North Atlantic Oscillation (NAO), on
drought occurrence in Iran, utilizing the
Standardized Precipitation Index (SPI) to
characterize drought conditions. Analysis of
rainfall data from 79 synoptic stations across Iran,
spanning 1988 to 2017, revealed complex spatial
and temporal patterns of drought. Our findings
indicate a general trend of mild to moderate
droughts across the country, except for the Lake
Urmia basin, which experienced relatively wetter
conditions. Notably, the Central Plateau and
Eastern Border regions exhibited particular
vulnerability to drought, especially during the
1998-2007 period. While the minimum SPI
analysis suggested a country-wide susceptibility
to drought, the mean SPI analysis highlighted the
eastern border region as being consistently
affected, with milder drought conditions
observed in the Central Plateau and Qarah-Qom
regions. The analysis of SPI coupled with SOI
and NAO revealed varying degrees of correlation
across different sub-basins and time scales,
suggesting a complex interplay between these
global climatic drivers and regional drought
patterns.
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Table 4. Correlation of monthly precipitation at the studied stations with the NAO and drought-
related climate variability.

Stati 3- 5- 8- Stati 3- 5- 8- Stati 3- 5- 8-

aton months | months | months ation months | months | months aton months | months | months

Torbat 1 002 | 0.03 | -0.10 | Gharakheil | 019 | 003 | -0.05 Kashan 020 | -0.15 | -0.22

Heydarieh
Sabzevar 0.11 -0.14 | -0.11 Nowshahr 0.23 -0.07 0.14 Jask -0.05 0.04 -0.06
Sarakhs 0.18 0.28 0.20 Astara 0.15 -0.06 | 0.19 Bandar Abbas 0.14 0.05 0.13
Ferdows | 0.18 | 0.14 | 001 ii“z‘ilr 022 | -0.07 | 0.8 Bandar Lengeh 0.07 | 0.09 | 007
Quchan 0.06 | -0.05 | -0.09 Rasht 0.13 | -0.03 | 0.16 Kish Island 0.02 0.13 0.08
Kashmar 0.08 0.09 0.06 Ardabil -0.13 -0.11 0.09 Minab -0.06 | -0.01 0.18
Mashhad 0.02 0.12 0.03 Pars Abad -0.08 | -0.17 | 0.04 Abadeh 0.21 0.17 0.11
Bojnord 0.05 0.02 -0.11 Khalkhal -0.05 | -0.26 | -0.19 Shiraz 0.22 0.12 0.15
Birjand 0.09 0.02 | -0.20 Ahar 0.18 | -0.18 | 0.06 Bushehr 0.03 0.00 0.03
Iranshahr 0.07 -0.18 | -0.20 Tabriz 0.34 0.13 0.25 Shahr-Kord 0.04 -0.10 | -0.12
Chabahar 0.15 0.00 -0.05 Sarab -0.10 | -0.25 | -0.26 Kouhrang 0.16 0.00 0.08
Khash 0.04 -0.11 -0.09 Mianeh -0.08 | -0.26 | -0.15 Hamedan 0.22 -0.16 | -0.16
Zabul 007 | 0.15 | 0.1 Urmia 0.11 | -0.02 | -0.0p | Islamabad Gharb(West |0, | 15 | 009

Islamabad)
Zahedan 0.11 -0.04 0.11 Khoy 0.28 -0.10 | 0.24 Kangavar -0.02 | -0.22 0.01
Saravan 0.04 -0.13 | -0.04 Maku 0.30 -0.20 | -0.06 Kermanshah -0.03 | -0.23 -0.05
Anar 0.28 0.35 0.28 Mahabad 0.13 -0.07 0.03 Aligoudarz 0.16 -0.04 0.01
Bam 0.10 0.21 0.36 Ab-ali 0.04 -0.16 0.01 Khorramabad -0.05 -0.11 -0.03
. Tehran-

Sirjan 0.13 0.19 0.27 Mehrabad 0.04 -0.27 | -0.11 Ilam -0.08 | -0.17 0.11
%‘:ﬁ;ﬁ 034 | 039" | 032 Karaj 0.05 | -031 | -0.04 Qom 024 | -0.10 | -0.05
Kerman 0.17 0.28 0.19 Qazvin -0.14 | -0.43" | -0.02 Abadan -0.02 | -0.08 0.02

Tabas 0.04 | -0.01 | -0.23 Khom;lmda”e -0.07 | -0.23 | -0.04 Omidiyeh 0.03 | 0.18 | 020

Yazd 0.09 0.27 0.13 Zanjan 0.10 -0.14 | -0.04 Ahvaz 0.08 -0.13 0.03

Shahrood -0.03 [ -0.12 0.14 Saghez -0.03 | -0.10 0.06 Bostan -0.13 | -0.18 0.02

Semnan 0.04 -0.15 [ -0.18 Sanandaj 0.01 -0.09 | -0.07 Takab -0.08 | -0.26 0.01

Babolsar 0.12 -0.08 | -0.02 Isfehan 0.17 0.08 0.04 Abu Musa island -0.08 | -0.21 | -0.28

Ramsar 0.18 0.17 0.36" .Khor -0.01 -0.20 | -0.15 Djolfa 0.12 -0.27 | -0.11
Biabanak

* Significant at 5% level Yasuj 0.25 -0.01 -0.11

The observed temporal variations in drought
severity underscore the need for continuous
monitoring and further research to fully
understand the complex interaction between
global climate signals and regional drought
dynamics in Iran.

These findings contribute valuable insights for
water resource management and drought
mitigation strategies in this arid and semi-arid
region, emphasizing the importance of
incorporating large-scale climate variability into
regional planning efforts. Further research could
explore the specific mechanisms through which
SOI and NAO influence Iranian precipitation
patterns, potentially leading to improved drought
forecasting and preparedness. Continued research
and innovation in drought analysis are essential
to address existing challenges and further our
understanding of drought dynamics. This

includes improving monitoring and forecasting
capabilities, and enhancing resilience and
adaptation strategies against drought.
Considering the temporal behavior of the
percentage of rain gauges indicating drought
conditions and trend analysis, the results of this
study are consistent with other studies conducted
on drought characterization in the Mediterranean
region. The spatial and temporal extent of
drought events in the study area showed that most
drought events were observed between 1997 and
2007. These results corroborate the findings
reported by Hoerling et al. (2012), which
indicated an increase in drought periods during
the first decade of the 2000s, and also align with
those of Spinoni et al. (2015), Kenawy et al.
(2025), who identified the highest frequency,
duration, and intensity of droughts as occurring in
the 1990s and 2000s. Furthermore, the period
under investigation encompasses two of the most
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extensive and devastating droughts of the past 40
years in the Mediterranean basin (i.e., 1999-2001
and 2007-2012) (Mathbout et al., 2021). In this
paper, the observational period has been extended
to the end of 2017. Indeed, while the overall
trends remain consistent, varying proportions of
stations exhibiting significant trends have been
observed. Nevertheless, the results of this study,
which reveal a decrease in SPI values during
winter, in wet months, and on an annual scale,
and an increase in SPI values during summer,
confirm the tendency towards decreasing winter
and annual precipitation and increasing summer
precipitation identified in several regions of Iran
(Caloiero and Veltri, 2019). Ultimately, the
results of this study confirm that the temporal
evolution of drought in the Mediterranean region,
and specifically in the study area, is typically
associated with changes in the intra-annual
distribution of rainfall and is therefore related to
some teleconnection patterns (Caloiero et al.,
2021; Holgate et al., 2025; Xu et al., 2025).
Drought in this region is mainly influenced by the
North Atlantic Oscillation (NAO) and, to a lesser
extent, by other teleconnection patterns such as
the El Nifio-Southern Oscillation (ENSO) (Loyd-
Huhes and Saunders, 2002). Specifically, in the
study area, strong positive phases of the NAO
tend to be associated with below-normal
temperatures and below-normal precipitation,
while opposite patterns of temperature and
precipitation anomalies are 1 commonly
observed during strong negative phases of the
NAO (Caloiero et al., 2011). These results, which
demonstrate the link between NAO phases and
drought periods in the Calabria region,
corroborate previous studies conducted in the
Mediterranean area. Indeed, several authors have
acknowledged that the NAO 1is largely
responsible for drought periods in this region
(e.g., Vicente-Serrano et al., 2011). For instance,
as shown by Kelley et al. (2012), a distinct
negative phase of the NAO occurred between
1940 and 1980, and consequently, this period is
characterized by above-average rainfall in the
Mediterranean basin and positive values of the
Standardized  Precipitation  Index  (SPI).
Conversely, the dry conditions observed at the
beginning of this century correspond to a positive
phase of the SPI. Regarding ENSO, the weak

influence of this teleconnection pattern on the
rainfall of the Calabria region has been identified
in previous studies (Caloiero et al., 2011),
although it has been recognized as one of the
main drivers of drought events in other regions
such as Turkey (Abdelkader et al., 2022) or China
(Yang and Xing, 2022). In addition to the SOI and
NAO, which represent large-scale atmospheric
behavior, the results of this study showed the
strong influence of the Mediterranean Oscillation
(MO), thus confirming the findings of Mathbout
et al. (2021). The results of this study highlight
the increasing signals of climate change in
meteorological drought. Precipitation deficits can
be amplified through a positive feedback loop. In
this loop, dry soil and reduced vegetation cover
increase surface albedo, limit evapotranspiration,
and increase surface heating. As a result,
meteorological drought is exacerbated (Taylor et
al., 2002; Dai et al., 2018). Changes in soil
moisture and runoff are mainly caused by
changes in precipitation and evapotranspiration
(Zhao and Dai, 2022). Changes in all features of
meteorological and hydrological droughts are
found in some areas of the Northern Hemisphere,
such as North America, Europe, and Central Asia.
These areas are mainly snow-dominated, where
snow dynamics are important. In these regions,
changes caused by global warming in the timing
of snowmelt (Musselman et al., 2017), snow
water equivalent (Shi and Wang, 2015), and
snow-rain partitioning (Burn and Whitfield,
2016) play a pivotal role. Similarly, changes in
floods in these areas will not follow changes in
heavy precipitation due to the role of snow
dynamics (Tabari, 2021). In this study, the
magnitude of trends in behavioral series
composed of SPI values was assessed. As defined
by Brasil Neto et al. (2021), changes in
behavioral series occur monthly and reflect
monthly changes in SPI values. Negative trends
in behavioral series indicate a scenario of
increasing drought magnitude. This finding is
consistent with the expectations and discussions
of various researchers that, with the shortening of
the precipitation accumulation period, the SPI
series becomes more sensitive to changes in
rainfall events, leading to more frequent
alternations between wet (SPI > 0) and dry (SPI
<0) events (Brasil Neto et al., 2020; Santos et al.,
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2020; Brasil Neto et al., 2021; Brasil Neto et al.,
2022).

In this study, two important factors in droughts
can be discussed that are not within the scope of
this study. First, is the effective role of human
activities (Van Loon et al., 2016; Tijdeman et al.,
2018; AghaKouchak et al., 2021; Li et al., 2021).
Human management of the landscape, through
hydraulic structures and land use change,
profoundly affects water dynamics across various
landscape components. These interventions are
often local or regional in scale. To incorporate
anthropogenic effects into drought analyses,
additional data such as records of management
actions should be considered. However, at the
scale of analysis in this study, the effects of deep
human intervention are beyond the scope of
investigation. The second factor is seasonal snow
storage, which has a profound impact on the
drought cascade (Van Loon & Van Lanen, 2012;
Van Loon et al., 2014; Apurv et al., 2017; Huning
& AghaKouchak, 2020). Snowpacks link winter
precipitation to warm-season streamflow and soil
moisture deficits, and as such, are essential
components of drought cascades. In this study,
snow water storage is not considered as a separate
component of the cascade. To incorporate snow
droughts and their role in the drought cascade,
seasons should be analyzed specifically and
separately. Although the role of snow in the
regional water balance is important, the approach
of this study cannot provide the necessary
analytical framework to understand its influence.
Finally, drought termination due to displacement
events such as cyclones and atmospheric rivers is
another dimension of drought studies, which
depends on regional climates and the degree of
correlation with larger-scale ocean-atmosphere
interactions (Wu & Dirmeyer, 2020).

4. Conclusions

This study investigated the influence of global
meteorological signals, specifically the Southern
Oscillation Index (SOI) and the North Atlantic
Oscillation (NAO), on drought occurrence in
Iran. Using the Standardized Precipitation Index
(SPI), calculated from 79 synoptic stations across
Iran over three decades (1988-2017), the research
explored the complex interaction between these
large-scale climate patterns and regional drought

dynamics. The analysis considered various
timescales (3, 5, and 8 months) and six distinct
sub-basins, providing a detailed understanding of
drought variability nationwide. Analysis of
minimum SPI values revealed fluctuating
drought trends. While the Lake Urmia basin
remained largely unaffected, experiencing near-
normal to slightly wet conditions, other regions
showed significant variations in drought severity.
A general trend of shifting drought patterns
emerged across the three decades. Initially (1988-
1997), mild droughts were prevalent, with the
Central Plateau experiencing the most severe
conditions. This was followed by an intensified
drought (1998-2007), impacting the entire
country, again with the Central Plateau most
affected. Finally, a decrease in severity was
observed (2008-2017), with a return to mild
drought in most regions. This temporal variability
highlights the dynamic nature of drought and the
need for ongoing monitoring. Composite indices
of SPI with SOI and NAO revealed distinct
regional patterns. The SPI-SOI index indicated
that the Caspian Sea sub-basin experienced the
least severe drought, while the Qaraqum sub-
basin suffered the most. Similarly, the SPI-NAO
index showed the Lake Urmia sub-basin with the
lowest drought severity and the Eastern Border
sub-basin with the highest. These regional
differences demonstrate varying sensitivities to
these global climate signals. Periodic indices for
each decade further emphasized these regional
and temporal variations. The Eastern Border and
Qaraqum sub-basins consistently exhibited
higher drought severity, and the periods 1998-
2007 and 2008-2017 experienced more intense
drought than 1988-1997. Analysis of mean SPI
changes reinforced the trend of increasing
drought, particularly in the eastern border region.
During the second and third decades, this region
experienced significant drought, with the Central
Plateau and Qaraqum also showing signs of mild
drought. This eastward expansion raises concerns
about long-term water security. Conversely, the
earlier period (1988-1997) saw mild drought in
the Eastern Iranian border basin, while other
regions experienced near-normal to slightly wet
conditions. This temporal shift suggests the
potential influence of climate change on regional
drought patterns. The study explored the
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influence of SOI and NAO. The SOI, reflecting
El-Nifio-Southern  Oscillation,  significantly
exacerbated drought, particularly in southern and
southeastern Iran. The NAO, however, had a
more complex and regionally varying influence,
with a less pronounced overall impact. These
findings emphasize the importance of
understanding the individual and combined
effects of these climate signals for accurate
drought prediction and mitigation. Spatial
distribution of SPI across the three decades,
visualized through maps, further supported the
observed trends. The maps clearly illustrated
shifting drought patterns, with southern and
southeastern regions initially most affected,
followed by expansion towards central areas, and
finally, a general intensification across most of
the country, including the previously less affected
Lake  Urmia  sub-basin. These  visual
representations are effective visualizations for
communicating drought risk and informing
decision-making. In conclusion, this study
provides valuable insights into the complex
relationship between global meteorological
signals and regional drought dynamics in Iran.
The findings underscore the importance of
considering both SOI and NAO, along with
regional climatic factors, for a comprehensive
understanding of drought. Observed trends of
increasing drought severity, particularly in
eastern regions, highlight the need for proactive
water resource management and effective
drought mitigation strategies. Further research,
incorporating climate models and advanced
statistical techniques, is crucial for improving
drought prediction and building resilience to
future climate change impacts. This information
is crucial for policymakers, water resource
managers, and communities in developing
sustainable strategies for adapting to and
mitigating drought effects in Iran. Improvements
to this study could involve analyzing different
types of drought in the wider region, taking into
account, for example, remote sensing (Zhao et al.,
2018), which can provide valuable information,
especially for areas with limited ground-based
observations. Furthermore, future research could
focus on various methods such as machine
learning models (Wang et al., 2022; Sattari et al.,
2020). Based on findings revealing the Eastern

Border and Qarah-Qom regions as highly
drought-susceptible and the significant influence
of NAO on 66% of stations, this study
recommends: 1) Prioritizing drought mitigation
investments (e.g., water-efficient agriculture,
managed aquifer recharge) in the vulnerable
Eastern Border and Qarah-Qom regions. 2)
Implementing region-specific NAO-based early
warning systems for proactive water allocation.
3) Developing adaptive water resource
management plans tailored to decadal drought
severity patterns. These targeted strategies
enhance resilience to climate-driven droughts in
Iran.
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