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damage to the water balance and crop cultivation (Thomas 
et al. 2015). Understanding the drought characteristics 
is essential for effective forecasting and subsequent pre-
paredness against disasters. For effective management 
of droughts, the events were classified as meteorological, 
agricultural, hydrological and socio-economic (Mishra and 
Singh 2010). Numerous indices have been developed to 
characterize water storage stress across different terrestrial 
compartments (Svoboda and Fuchs 2016). A drought event 
is typically identified when one or more indicators fall below 
a defined threshold for a sustained period (Pachore et al. 
2024). For the quantification of the drought events, numer-
ous indices were proposed considering dominant variables 
influencing drought (Zargar et al. 2011). In a hydrological 
context, meteorological drought is generally considered as 
the initial or primary form of drought, while it may adversely 
influence the soil-moisture, streamflow, groundwater and 
eventually affect the agricultural production and socio-eco-
nomic balance. The standardized precipitation index (SPI) 

1  Introduction

Accurate forecasting of hydro-climatic processes is essen-
tial for proper water management and disaster management. 
Drought is a complex and creeping disaster often mani-
fested by the scarcity of rainfall, which brings considerable 
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Abstract
This study introduces a novel framework based on visibility graph (VG) and its upside-down variant (UDVG) to assess 
the multifractal structure of meteorological droughts in Türkiye’s Mediterranean region. Using the Standardized Pre-
cipitation Index (SPI) and Standardized Precipitation Evapotranspiration Index (SPEI) from 24 stations (1970–2022), we 
examined drought dynamics across time scales ranging from 1 to 24 months. The analysis shows that except for a few 
one-month cases, drought indices exhibit predominantly stochastic rather than chaotic behaviour, validating the use of 
multifractal tools. VG and UDVG approaches were then applied to 3-, 6- and 12-month series, and multifractal spectra 
were computed via the sandbox and Chhabra–Jensen methods. Results indicate that SPEI consistently displays stronger 
multifractality than SPI, confirming the added role of evapotranspiration in drought variability. The UDVG framework 
reduced the multifractal spread (ΔDq = D₀	 – D₂) by ~ 30% compared to VG (mean ΔDq = 0.49 vs. 0.72), highlighting its 
sensitivity to low-amplitude, persistent droughts. In contrast, VG emphasises high-magnitude wet–dry fluctuations. This 
dual-network approach therefore provides complementary perspectives: VG is better suited to identifying extreme wet 
conditions, while UDVG can capture low amplitude fluctuations, which are cautionary sign leading to long term drought 
and its small changes can be early indicators of drought disasters. Overall, the proposed VG/UDVG-based multifractal 
framework provides novel insights into drought complexity and has the potential to support the development of early 
warning systems and adaptation strategies in Mediterranean-type climates.
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proposed by McKee et al. (1993) considering the precipi-
tation as the sole variable, and the standardized precipita-
tion evapotranspiration index (SPEI) proposed by Vicente 
Serreno et al. (2010a, b) also accounting evapotranspiration 
are the most popular meteorological drought indicators. The 
streamflow drought index (SDI), standardized runoff Index 
(SRI), Standardized Soil Moisture Index (SSI), Standard-
ized groundwater Index (SGI), palmer drought severity 
index (PDSI) etc. are some of the indices used to represent 
other types of droughts referred above.

Although the drought indicators are statistical indices, 
their temporal evolution embodies the dynamics of hydro-
climatic processes. Drought development is governed by 
rainfall variability, evapotranspiration, and large-scale 
atmospheric circulation, all of which are characterized by 
complex features like non-linearity, intermittency, and mul-
tiscale variability. In order to assess the complexity of such 
series and for revealing the underlying physical mechanisms 
of hydro-climatic contexts, the use of advanced mathemati-
cal tools like fractal analysis, chaotic analysis or complex 
network analysis is highly advisable (Rahmani and Fat-
tahi 2021; Shamseena and Adarsh 2025). The propagation 
from one category of drought to another, frequency and risk 
analysis considering drought severity and duration, telecon-
nection studies, prediction models using machine learning 
models, etc., are some of the popular research domains in 
understanding the drought dynamics (Adarsh et al. 2018, 
2019; Achite et al. 2024; Pachore et al. 2024; Adarsh and 
Janga Reddy 2019; Alkubaisi et al. 2025). The microstruc-
ture complexity analysis and fluctuation analysis of drought 
indices are highly warranted for developing drought predic-
tion models and on this study, the popular meteorological 
drought indices SPI and SPEI are considered for analyzing 
the complexities in a multifractal perspective.

The complex features of many hydro-climatic series 
often get amplified because of changes in climate or anthro-
pogenic interventions. Therefore, scientists are usually 
looking forward to alternative practices and frameworks 
for modelling complex time series, and fractality detection 
is one of the promising domains in complexity assessment 
(Shamseena and Adarsh 2025). The theoretical basis of 
fractals was mainly contributed first by Benoit Mandelbrot, 
who defined fractals as a rough or fragmented geometrical 
shape which can be divided into parts, each of which is a 
reduced size copy of the whole (Mandelbrot 1983, 1989). 
In a hydraulics perspective is well proven that the turbulent 
flows are often characterised by energy cascade and stochas-
tic fluctuations (Shang and Kame 2005). In a hydrological 
context, the concept was formally introduced in 1950s by 
Harold Edwin Hurst, following his observation of the ten-
dency of annual Nile River flows to cluster into prolonged 
periods of high and low discharge (Hurst 1951). The related 

concept of self-similarity was subsequently explored by 
Mandelbrot and Wallis (1969), and later formalized through 
the introduction of fractional Gaussian noise to describe 
time series exhibiting long-range dependence (Mandel-
brot 1971). National Research Council (NRC 1991) further 
defined fractal behaviour and long memory as the statistical 
similarity of fluctuations across multiple temporal scales, 
except for a scale-dependent metric. This metric character-
izing the fractality or long-memory of a series differs with 
the method used for calculation, viz. power law exponent 
that describes the distribution of the power of a series in 
a spectral analysis, the Hurst exponent in re-scaled range 
analysis or the scaling exponent in detrended fluctuation 
analysis (DFA) (Habib et al. 2022). It is well established that 
an uncorrelated time series is characterized by a Hurst expo-
nent (H) equal to 0.5. Values of H between 0.5 and 1 indi-
cate persistent or long-memory behaviour, whereas values 
between 0 and 0.5 reflect anti-persistent or short-memory 
dynamics (Kantelhardt et al. 2006). Moreover, the strong 
relationship between persistence and fractal dimension has 
been extensively documented, including through classical 
box-counting approaches (Bassingthwaighte and Raymond 
1994; Rangarajan and Sant 1997, 2004; Shamseena et al. 
2025). Hydrological time series exhibiting stronger long-
term memory are therefore expected to display longer clus-
tering of extreme conditions, such as floods or droughts, 
compared to series with weaker memory. Such variability 
in temporal clustering has important implications for water 
resource planning, drought preparedness, and flood risk 
management (Habib 2020).

The extension of fractals to multiple moment orders 
and hence to multifractals was well proven in the 1990s 
(Schertzer and Lovejoy 1987). Over the past three decades, 
many algorithms were propounded for fractal or multi-
fractal characterization of time-series, in which, the box-
counting, structure-function, sand-box, Chhabra-Jenson, 
double-trace moments, Fourier spectrum, extended self-
similarity, wavelet transform modulus maxima etc. are 
some of them (Shamseena and Adarsh 2025). Peng et al. 
(1994) proposed the Detrended Fluctuation Analysis (DFA) 
for fractal characterization based on a de-trending opera-
tion. Kantelhardt et al. (2002) propounded its multifractal 
(MF) variant (called MFDFA) for the characterisation of 
the time series by describing the scaling properties using 
multitude of exponents. The commonality lies in power law 
behaviour in most of the multifractal algorithms, while the 
difference lies in the mathematical framework followed. 
The seminal contribution by Kantelhardt (2002) can be con-
sidered a landmark in the history of multifractal literature. 
The extension of real field problems in hydro-climatology 
often demands proper integration of mathematical concepts 
for their effective utilization for forecasting.
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Many studies have analysed persistence or fractal multi-
fractal complexity of drought indices from different parts of 
the Globe. Tatli (2015) evaluated the persistence of Palmer 
Drought Severity Index (PDSI) across Turkey using the res-
caled range approach. Further, they deduced predictability 
index (PI), fractal dimension and autocorrelation function 
from H values. They found significant negative trends of 
PDSI across the country and H-values close to unity in the 
places where statistically significant trends exists. They sug-
gested that droughts can be predictable by constructing the 
appropriate general climate circulation models considering 
climatic oscillations. Tatli and Dalfes (2020) performed a 
similar study for Turkey using DFA method. They reported 
a higher DFA scaling exponent indicate the areas of higher 
sensitivity to droughts and related risks. The characteristic 
analysis of the persistence of the PDSI across diverse cli-
mate zones showed that PI of the PDSI is relatively high 
in the cool-temperate and montane climate zones compared 
to others. Hou et al. (2018) applied MFDF analysis for the 
characterization of the SPI series of seven homogeneous 
regions of China and its sources. They have reported evi-
dent multifractality in all the regions, but its strength varies 
between areas. Adarsh et al. (2019) performed MFDF anal-
ysis of short-, medium- and long-term drought quantified by 
SPI across all the Indian meteorological subdivisions. The 
Hurst exponents of SPI-12 and SPI-6 drought series of all 
subdivisions showed long-term persistence irrespective of 
the climatic conditions of the region, while the short-term 
droughts (SPI-3) of six subdivisions displayed short-term 
persistence. The study reported an increase in multifractal 
properties of all types of drought series after climatic shift 
of 1976/1977 This study also finds that the Hurst expo-
nents and degree of multifractality of all types of droughts 
increase with increase in aggregation timescales. da silva et 
al. (2022) applied MFDFA of 1, 3, 6, and 12-month accumu-
lation periods at 133 locations across the state of Pernam-
buco, North East Brazil with diverse climate. Apart from 
findings similar to that reported by Adarsh et al. (2019) for 
Indian main land, H-values increase in the west-east direc-
tion indicating stronger persistence of dry/wet conditions in 
the coastal region than in the dry semiarid inland region. 
The SPI-12 indicated stronger multifractality and higher 
complexity in the semiarid region.

Zhan et al. (2023) applied similar study in Yellow River 
Basin in China, considering SPEI as the drought indicator. 
Drought series implied multifractality with dominancy of 
small fluctuations and they reported that semi-arid zone 
experienced stronger multifractality than semi-humid zone. 
Azizi and Azizi (2022) applied Higuchi algorithm to find 
the fractal complexity analyzed multifractality of droughts 
in Arizona, USA considering NDVI series. They detected 
a wide range of exponents for describing different types 

of droughts across the region. Azizi and Azizi (2024) fur-
ther extended the study to deduce more intense finding on 
drought classifications across contiguous USA. They have 
found that the database of exceptional drought follows a 
multi-fractal pattern with a wide range of exponents, while 
droughts that are abnormally/rarely dry, moderate, severe, 
extreme exhibit a mono-fractal nature with a narrower range 
of exponents. Pachore et al. (2024) used the multifractal the-
ory for assessing the propagation of meteorological drought 
to agricultural drought across the Indian mainland. The SPI 
series and standardized soil moisture index (SSMI) at 1- 
month scale was subjected to MFDFA and found that they 
reveal longer average annual drought propagation time in 
arid and semi-arid regions (5–6 months) than shorter propa-
gation time in Humid regions. Rahmani and Fattahi (2024) 
analyzed the effect of meteorological drought on river flow 
patterns of Hamoon Basin in Iran using MFDFA and the 
cross-correlation technique. The findings revealed that when 
the severity and frequency of meteorological droughts aug-
mented, the river flow time-series structure’s susceptibility 
to substantial fluctuations reduced, the river flow exhibited 
stronger correlations and multifractality. Gu et al. (2024) 
used MFDFA upon the two agricultural drought indicators 
GRACE Root Zone Soil Moisture Percentile and Evapo-
rative Demand Drought Index (EDDI) along with SPI of 
United States in the California and Mississippi watersheds, 
to evaluate the drought propagation. Spatially, the increment 
sequence of SPI displays pronounced dependence in almost 
all areas. Specifically, the changes in SPI of demonstrated 
persistence, California, while no such regular pattern for 
Mississippi data. However, the increment sequences for the 
agricultural drought indicators exhibited anti-persistence, 
indicating that future drought trends may be discontinuous.

Different types of drought indices being influenced by 
geographical differences, meteorological factors, external 
climatic drivers, irrigation strategies, and varying crop-
ping systems. Hence the complexity of such indices will 
also be different along with the aggregation time scale (like 
1-month, 6-month). Therefore, it becomes necessary to com-
pare the complexity of different types of drought indices like 
SPI/SPEI of the same geographical setting. The traditional 
methods of fractal analysis often capture the high amplitude 
fluctuations very well. Moreover, the drought being creep-
ing phenomena its detection of origin and transformation 
is quite challenging when compared with raw hydrological 
data series like rainfall or streamflow. It is essential to cap-
ture the low amplitude fluctuations effectively along with 
the high amplitude, as the low amplitude fluctuations may 
be a warning of prolonged drought or transformation (like 
meteorological to hydrological drought).

For assessing the complexity of drought more mod-
ern detrending based methods, complexity analysis has 
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like UDVG); (iii) applying the SB method upon VM to get 
the Rényi exponent and the CJ method for developing the 
singularity spectra. The development of VG transform sig-
nal to network, where each entry stands as node, and links 
between them are made in chronological sequence. By 
constructing a VG representation, we aim to capture the 
underlying temporal dynamics and explore the influence of 
chronological sequences on network connections. The over-
all methodology followed in the study is depicted in Fig. 1.

2.1  Visibility graph (VG) algorithm

Let {xi}N
i=1 be a real-valued time series, where each obser-

vation xi is associated with a temporal index i. In the Vis-
ibility Graph (VG) framework, each data point of the time 
series is mapped to a node of a graph, and edges between 
nodes are defined according to a geometrical visibility 
criterion.

Two nodes corresponding to data points (i, xi) and (j, xj), 
with i < j, are said to be mutually visible if all intermediate 
data points (k, xk), such that i < k < j, satisfy the follow-
ing condition (Lacasa et al. 2008; Ghimire et al. 2020):

xk < xi + (xj − xi)
j − i

(k − i)� (1)

This inequality ensures that the straight line joining (i, xi) 
and (j, xj) is not intersected by any intermediate point of 
the time series, preserving a direct line-of-sight between the 
two nodes.

By applying this visibility criterion to all possible pairs 
of points in the time series, the original signal is transformed 
into an undirected graph characterized by an adjacency 
matrix A = [aij ], where aij  = 1 if nodes i and j are vis-
ible, and aij  = 0 otherwise. By construction, the adjacency 
matrix is symmetric and all nodes are at least connected to 
their immediate temporal neighbors (ai,j±1 = 1).

Once the visibility graph is constructed, standard net-
work metrics can be computed. In particular, the degree ki 
of a node i is defined as the number of nodes visible from 
it, i.e.,

ki =
N∑

j=1
aij � (2)

The degree distribution P (k), defined as the probability that 
a randomly selected node has degree k, provides valuable 
information on the structural properties of the graph. Previ-
ous studies have shown that time series exhibiting fractal 
or long-range correlated behaviour often led to scale-free 

emerged after 2000 (Shamseena and Adarsh 2025) and the 
integration of multiple mathematical tools has emerged as 
a promising strategy. Complex networks, and in particular 
visibility graphs (VG), provide a platform to analyze spatial 
and temporal connections within hydro-climatic datasets 
(Sivakumar and Woldemeskel 2014; Deepthi and Sivaku-
mar, 2022). Since the seminal work of Lacasa et al. (2008), 
VG methods have been increasingly used to characterize 
streamflow dynamics (Luque et al. 2009; Lacasa et al. 2012; 
Braga et al. 2016) and other environmental processes (Car-
mona-Cabezas et al. 2019; Plocoste et al. 2021a). The anal-
ogy between the visibility matrix and box-counting methods 
facilitates its integration with sandbox (SB) algorithms, pro-
viding a viable alternative for multifractal characterization. 
More recently, Plocoste et al. (2021b) proposed the upside-
down visibility graph (UDVG) to capture complementary 
aspects of time series, particularly low-intensity fluctuations 
in air pollution field. As the drought indices are standard-
ized and fluctuate around a zero mean, an effective and 
flexible tool capable of accounting for both sign and magni-
tude are required to analyze their complexity. Although this 
approach has been applied to air pollution and streamflow 
time series, its potential for analyzing standardized series 
remains largely unexplored (Plocoste et al. 2021b; Sham-
seena and Adarsh 2025). Building on this progress, the 
present work develops an integrated visibility graph–based 
multifractal (VGMF) framework for drought indices, com-
bining VG and UDVG approaches.

The main objectives are: (i) to present an alternative 
framework for the multifractal description of droughts using 
VG and its variants; (ii) to compare multifractal properties 
of SPI and SPEI across diverse temporal scales; and (iii) to 
investigate the added value of the UDVG scheme for char-
acterizing drought dynamics.

The remainder of this paper is organized as follows. 
Section  2 presents the methodology, including the vis-
ibility graph framework, the upside-down visibility 
graph (UDVG) approach, and the multifractal algorithms 
employed. Section  3 describes the study region, datasets, 
and drought indices (SPI and SPEI). Section 4 reports the 
results of stochasticity detection, multifractal analysis based 
on VG and UDVG, and a discussion of their implications. 
Section 5 provides an extended discussion of the findings, 
while Sect. 6 summarizes the main conclusions and high-
lights perspectives for future research.

2  Methodology

The VGMF framework of multifractal analysis include: (i) 
analysing the stochastic property by degree distribution; 
(ii) construct visibility matrices using VG (or its variants 
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is the count of masses. Previous equation can be modified 
as :

Nb∑
i=1

[pi (δ)]
q

∞δ(q−1)Dq � (4)

where pi is the probability of occupancy of the ith box in the 
sandbox method.

Thus, the global fractal dimension (GFD) in a box-count-
ing approach can be found out as:

DBC
q = 1

q − 1
Lt

δ→0

ln
∑

[p (δ)]q

ln(δ) � (5)

The SB method accounts for the count of masses occupied 
within a radius R, centred at the nodes. For any box with 

visibility graphs, where P (k) follows a power-law distri-
bution P (k) ∼ k−γ  (Lacasa et al. 2009; Lacasa and Toral 
2010).

2.2  Sand-box (SB) algorithm

The SB method, propounded by Tél et al. (1989)and popu-
larized by Vicsek (1990),developed from the classical box 
counting method, states;

Nb∑
i=1

[
Mi (δ)

Mo

]q

∞δ(q−1)Dq � (3)

in which δ is the cell dimension, q is the moment order, i is 
the index of boxes, Nb is the count of boxes, Mi(δ) denotes 
the count of masses (particles) belongs to the ith cell, and Mo 

Fig. 1  Framework of the imple-
mentation of VGMF method
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BC dimension, D1 indicate the information entropy and D2 
provides an idea of correlation dimension.

2.3  Upside-Down visibility graph (UDVG) method

UDVG method constructs the network from the reversed 
time series, offering a contrasting perspective that helps in 
understanding memory effects, persistent structures, and 
hidden asymmetries in drought behaviour. UDVG applies 
the VG algorithm to the inverted time series (Carmona-
Cabezas et al. 2020; Plocoste et al. 2021b). For example, 
a SPI value of + 2 becomes − 2 in the inverted series. This 
effectively highlights the “valleys” or drought periods in 
the original series. Additionally, the multifractal (singular-
ity) spectrum is helpful to describe the multifractality of 
the time series. We performed an analysis of the singularity 
spectrum f(α) vs. α, using the Chhabra-Jensen (CJ) method 
(Chhabra et al. 1989).

To further investigate low-amplitude fluctuations that 
are less emphasized by the standard VG, the Upside-Down 
Visibility Graph (UDVG) approach is employed. In this 
method, the VG algorithm is applied to the inverted time 
series, defined as −xi (Carmona-Cabezas et al. 2020; Plo-
coste et al. 2021b). For instance, a positive standardized 
index value (e.g., SPI = +2) becomes −2 in the inverted 
series. This transformation effectively highlights the min-
ima of the original signal, which correspond to background 
conditions or drought periods.

By constructing the network from the reversed time 
series, the UDVG provides a complementary perspective to 
the standard VG, allowing a more detailed investigation of 
memory effects, persistent structures, and potential asym-
metries in the temporal organization of the data. While the 
standard VG is primarily used to characterize high-ampli-
tude or extreme events, the UDVG specifically targets low-
amplitude dynamics and background variability.

In addition, the multifractal properties associated with 
the UDVG-derived measures are further explored through 
the analysis of the singularity spectrum. The multifractal 
(singularity) spectrum f (α) as a function of α is estimated 
using the Chhabra–Jensen method (Chhabra et al. 1989), 
which provides a robust characterization of the multifrac-
tality and scaling heterogeneity inherent in the time series.

2.4  Chhabra Jensen method

This method helps capture the distribution of scaling expo-
nents (α), which characterise different intensities of α within 
the time series, meaning measuring the range and varia-
tion of α across the time series (Chhabra et al. 1989). This 
method focuses on normalised area, βi (q, r) of the original 
probability measure µi of boxes with radius r, where i is the 

size R, p (R) = M(R) /M0is a probability measure of occu-
pancy within the cell. Equation (3) can be rewritten as (De 
Bartolo et al. 2004):

Nb∑
i=1

[
Mi

M0

]q−1 [
Mi

M0

]
∞R(q−1)Dq � (6)

In this method, centres are chosen arbitrarily, and the mean 
of the masses and their qth moments over the centres can 
be estimated as ⟨[M (R)]q⟩. Considering Mi/M0 as a prob-
ability measure,
⟨[

M (R)
M0

]q−1
⟩

∞R(q−1)Dq � (7)

Then the GFD can be found out based on the expression 
reported in many works (Carmona-Cabezas 2019; Plocoste 
et al. 2021a, b) :

Dq = 1
q − 1

Lt
R→0

ln
⟨
[p (R)]q−1⟩
ln(R)

∀q ̸= 1� (8)

For q = 1, it Dq can be estimated as stated in Eqs. (9),

Dq = Lt
R→0

ln ⟨p (R)⟩
ln(R) � (9)

The symbol⟨·⟩stands for the statistical mean over arbitrarily 
fixed centers of the SBs and detailed description of GFD 
formula is available in literature (Carmona-Cabezas et al. 
2019).

The Renyi graph depicts the multifractal characteris-
tics of the time series by detecting the scaling properties 
over diverse range of spatio-temporal scales. In general, 
the slope of the scaling curves gives the fractal dimension 
measure. As illustrated in Fig. 2, Dq for q = 0 denotes the 

Fig. 2  Illustration of Rényi dimensions D0, D1, and D2 (for q = 0, 1, 2) 
in a Dq vs. q plot
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In this context, it is important to note that denotes the shape 
parameter, is the scale parameter, is the amount of precipita-
tion, and is the gamma function. Positive SPI values indi-
cate greater than mean precipitation, while negative values 
indicate less than mean precipitation. A dry period is defined 
as a period of time when the index is consistently negative.

2.6  Standardised precipitation evapotranspiration 
index (SPEI)

The SPEI was presented on the basis of the SPI by Vicente 
Serrano et al. (2010a). The SPEI is predicated on the prin-
ciple of water balance, utilising the difference between pre-
cipitation (P) and potential evapotranspiration (PET) as the 
input condition to evaluate the dry and wet conditions of the 
area (Tirivarombo et al. 2018). A comprehensive exposition 
and detailed calculation methodology for the SPEI theory 
was provided by Vicente-Serrano et al. (2010a). The calcu-
lation of the climate-water balance is outlined as Eq. (15).

Di = Pi − PET � (15)

The computation of PET is achieved through the utilisa-
tion of various methodologies, including the approaches 
outlined by Hargreaves (Dibike et al. 2017; Spinoni et al. 
2018), Thornthwaite (Thornthwaite 1948; Wu et al. 2016; 
Chen and Sun 2017), and Penman–Monteith (Feng et al. 
2017; Gao et al. 2017; Zhang et al. 2018) are the most meth-
ods followed for finding PET in SPEI-based studies (Singh 
et al. 2019; Salvacion 2021).

In this study, the PET is calculated using the Thornth-
waite method (Thornthwaite 1948). In order to standardise 
the D series, it is necessary to employ a three-parameter 
distribution. It has been reported that the 3-parameter log-
logistic distribution yields more optimal results for SPEI 
(Vicente Serrano et al., 2010a, 2010b; Tirivarombo et al. 
2018; Salvacion 2021). The calculation of D and log-logis-
tic probability density is achieved through the utilisation of 
the Eq. (16).

F (x) = β

α

(
x − y

α

)β−1
(

1 +
(

x − y

α

)β
)−2

� (16)

In this study, the scale, shape and location parameters are 
denoted by α, β and γ, respectively. The standardisation of 
the cumulative distribution function (CDF) with zero mean 
and unit standard deviation, is then employed in order to 
obtain the SPEI index.

Many researchers have determined that it is more sensi-
tive and effective than the SPI method in assessing meteoro-
logical drought. Some studies have reported that the results 

central node and other nodes are represented as j, which can 
be defined as:

βi (q, r) = [Pi (r)]q

Σj [Pj (r)]q � (10)

From this we can obtain the singularity function, f(α) and 
exponent, α as defined below:

f (α) = Σiβi (q, r) log [βi (q, r)]
logr

� (11)

α (q) = Σiβi (q, r) log [Pi (r)]
logr

� (12)

These parameters can be obtained practically from the 
slopes of Σiβi (q, r) log [βi (q, r)] over log r for f(q) and the 
α from the slopes of Σiβi (q, r) log [Pi (r)] over log r. The 
CJ method involves plotting f(α) vs. α. By examining the 
shape and width of the spectrum, we can assess the degree 
of multifractality, with a wider spectrum indicating stronger 
variability in local scaling properties.

2.5  Standardised precipitation index (SPI)

The SPI is considered to be one of the most frequently 
employed drought indices (Gumus et al. 2021; Keskiner 
and Simsek 2024). The WMO has recommended the SPI as 
the main meteorological drought index that countries should 
use to monitor and track drought conditions (Hayes et al. 
2011). McKee et al. (1993) defined SPI as the number of 
standard deviations by which the cumulative precipitation 
observed over a given time scale deviates from the long-
term mean, as shown in Eq. (13).

SPI = Xi − X̄

σ
� (13)

where is the precipitation during the month i, and is the 
mean and standard deviation of the long-term precipitation 
record.

This definition enables SPI to be compared across regions 
with significantly different climates. Cumulative precipita-
tion is not normally distributed; therefore, McKee et al. 
(1993) transformed the data to an approximately normal 
distribution to standardize the drought index. Thom (1958) 
determined that the Gamma probability distribution best fits 
the climate data. The density probability function for the 
gamma distribution may be computed using the Eq. (14).

G(x) = 1
βαΓ(α)

xα−1e
−x
β � (14)
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multifractal analysis were adapted from the original imple-
mentations proposed by Carmona-Cabezas et al. (2020) 
and further improved by Plocoste et al. (2021b) to meet the 
specific requirements of the present study. Spatial interpola-
tions and mapping of the derived indices were carried out 
using ArcGIS version 10, ensuring consistent spatial repre-
sentation of drought-related metrics across the study area.

3  Datasets and study region

The study region and the spatial distribution of the stations 
used in the analysis of meteorological drought are presented 
in Fig. 3. The Mediterranean Region is located in southern 
Türkiye, bordered by the Mediterranean Sea to the south and 
the Taurus Mountains to the north. This geographical loca-
tion and topographic structure give rise to the distinct char-
acteristics of the Mediterranean climate. The Mediterranean 
climate is characterized by hot, dry summers and mild, wet 
winters, with precipitation concentrated in winter months, 
resulting in a pronounced water deficit during summer (Lio-
nello et al. 2006). The elevation, latitude, and longitude 
information of the stations operated by the Türkiye State 
Meteorological Service within the study area are provided 
in Table 1. Station elevations range from 2 to 1344 m, with 
an average elevation of 277 m, resulting in considerable cli-
matic diversity across the region. While maritime influence 

of the SPI and SPEI methods are generally consistent, and 
that the SPI method can be used instead of the SPEI method 
in cases of limited data availability. The use of a classifica-
tion similar to the SPI method in the SPEI method enables 
transitions and comparisons between the two methods.

2.7  Inverse distance weighting (IDW)

Inverse Distance Weighting (IDW) is a spatial interpolation 
method that estimates the value at a point based on the dis-
tances of surrounding data. This method assumes that each 
data point receives a weight proportional to the inverse of 
its distance from the target point (Shepard 1968). That is, 
closer points have a greater influence on the estimate, while 
distant points have less influence. The preference for IDW 
in fields such as geographic information systems (GIS) and 
environmental modelling is due to its status as a simple and 
efficient method from a computational perspective (Isaaks 
and Srivastava 1989). However, the accuracy of IDW is 
contingent on the density of data points and the choice of 
distance function, meaning it should be applied with caution 
(Burrough 1986).

All analyses were performed using MATLAB. The com-
putational framework developed in this study includes the 
calculation of SPI and SPEI, as well as the implementa-
tion of the visibility graph–based metrics, including degree 
distributions. The algorithms for VG, UDVG, and CJ 

Fig. 3  Map showing the study area and stations

 

1 3

50  Page 8 of 21



Stochastic Environmental Research and Risk Assessment (2026) 40:50

significant pressure on agricultural production, water 
resource management, and natural ecosystems. Although 
greenhouse farming and coastal tourism are widespread 
in the region due to high average temperatures and rising 
temperatures, these factors pose risks to the sustainability 
of these economic activities. Previous studies have identi-
fied the Mediterranean Region of Türkiye as one of the most 
vulnerable areas to drought, climate change, and global 
warming. Recent precipitation and drought events indicate 
an increase in both the frequency and intensity of severe 
dry and extreme wet periods in the region. In this context, 
jointly evaluating the inherent variability of the Mediterra-
nean climate and the impacts of climate change is essential 
for identifying climate-related risks, ensuring the efficient 
and sustainable use of water resources, and determining 
appropriate adaptation and mitigation measures (Simsek 
2021; Simsek et al. 2025; Zeybekoglu et al. 2025).

All meteorological parameters used in this study are data 
recorded at stations operated by the General Directorate of 
Meteorology of the Republic of Türkiye. The obtained data 
are complete and without any omissions and since these are 
measured values, no corrections are made before perform-
ing the study.

4  Results and discussion

4.1  Stochasticity detection

The stochastic nature of the SPI and SPEI time series was 
first assessed through the degree distribution (DD) using 
Visibility Graph (VG) approach. In line with prior studies 
(Carmona-Cabezas et al. 2019; Plocoste et al. 2021a), the 
DDs exhibited power-law characteristics, with variations in 
scaling exponents (λ) across stations and time scales (1–24 
months). Notably, for most stations, the scaling exponent 
λ was found to be greater than the threshold of 0.4055—
indicative of a predominantly stochastic rather than cha-
otic behaviour in both indices. This supports the use of 
complex network approaches for multifractal assessment 
of hydro-climatic signals. For analyzing the predictabil-
ity of drought indices, firstly the stochastic fluctuations of 
droughts to be evaluated. The scaling exponent values are 
presented in Table  3. The results indicate that, except for 
short-term droughts at the 1-month timescale, the scaling 
behaviour is predominantly stochastic rather than chaotic. 
Overall, drought indices at the 1-month scale (SPI-1 and 
SPEI-1) exhibit higher complexity and a stronger tendency 
toward chaotic dynamics. While SPI-1 series often display 
chaotic behaviour, the corresponding SPEI-1 series may 
remain stochastic, highlighting the role of evapotranspira-
tion in modulating short-term drought dynamics. The spatial 

dominates the coastal areas, continental conditions become 
more pronounced in inland and higher-elevation areas, lead-
ing to significant spatial variations in temperature, precipita-
tion amount, and precipitation regime. The orographic effect 
of the Taurus Mountains restricts the inland penetration of 
winter precipitation, creating a marked contrast in precipita-
tion distribution between coastal and interior regions.

Descriptive statistics (mean, minimum, maximum, stan-
dard deviation, and kurtosis) of precipitation and average 
temperature data recorded over 53 years (1970–2022) are 
presented in Table 2. In the table, low precipitation values 
are indicated in red and high values in green, while high 
temperatures are shown in red and low temperatures in blue. 
The highest values of these descriptive statistics for both 
temperature and precipitation were identified at the Alanya, 
Anamur, and Antakya stations. The proximity of these sta-
tions to the coast explains their relatively higher tempera-
tures and precipitation levels due to maritime influence. In 
contrast, the Elmalı, Göksun, Isparta, and Korkuteli stations 
exhibit lower precipitation and temperature values, which 
can be attributed to their higher elevations and stronger 
continental effects. One of the most distinctive features of 
the Mediterranean climate is summer drought, which, when 
combined with high temperatures and increased evapo-
transpiration, enhances the region’s vulnerability to mete-
orological and hydrological drought (Giorgi and Lionello 
2008; Vicente-Serrano et al. 2014). This condition imposes 

Table 1  Station information
Station Name Altitude (m) Longitude (N) Latitude (E)
Adana 23 35.34 37.00
Kozan 112 35.82 37.43
Ceyhan 30 35.80 37.02
Yumurtalık 34 35.79 36.77
Karaisalı 240 35.06 37.25
Karatas 22 35.39 36.57
Gazipasa 21 32.30 36.27
Antalya 61 30.80 36.91
Elmalı 1095 29.91 36.74
Alanya 6 31.98 36.55
Finike 2 30.15 36.30
Korkuetli 1017 30.19 37.06
Dortyol 29 36.20 36.82
Antakya 104 30.80 36.24
Samadag 4 35.95 36.08
Iskenderun 4 36.16 36.59
Isparta 997 30.57 37.78
Egirdir 920 30.87 37.84
Goksun 1344 36.48 38.02
Kahramanmaras 572 36.92 37.58
Anamur 2 32.86 36.07
Erdemli 7 34.34 36.63
Mersin 7 34.60 36.78
Silifke 10 33.94 36.38
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spatial contrasts confirm that drought dynamics are not uni-
form across the region but strongly shaped by topography 
and climatic setting, reinforcing the added value of multi-
fractal tools to disentangle local hydro-climatic signatures. 
The degree distribution (DD) plots help to confirm the exis-
tence of scaling. The sample plots for SPI/SPEI series at 
different scales (3, 6 and 12 months) of two stations each 
from three basins (Elmali, Antalya, Silifke, Adana, Ceyhan, 
Antakya) are presented in Supplementary information (SI) 
file. The exponents generated from DD plots are presented 
in Table S1, values of which are ranging from 1.41 to 3.58 
approximately, the lowest value being for 12- month series 
and highest for 3-month series for majority of the cases. 

variability of SPI and SPEI series across the Mediterranean 
basin is depicted in Fig.4 and Fig.5 respectively. Beyond 
these temporal differences, a clear spatial variability can 
also be observed across the Mediterranean basin (Fig.  5). 
Stations located along the Taurus Mountains (e.g., Göksun, 
Isparta, Elmalı) tend to exhibit higher scaling exponents, 
reflecting the influence of complex orographic effects on 
precipitation and drought persistence. In contrast, coastal 
stations such as Antalya, Alanya, and Mersin display lower 
values, more strongly modulated by maritime influences 
and Mediterranean circulation. Intermediate behaviour is 
observed in transitional areas, where evapotranspiration 
gradients amplify differences between SPI and SPEI. These 

Table 2  Descriptive statistics for temperature and precipitation parameters

Parameter Precipitation (mm) Temperature (oC)

Station Mean Min. Max. Std. Dev. Kurts Mean Min. Max. Std. Dev. Kurts

Adana 648.30 316.80 1176.20 196.38 0.09 19.43 18.10 20.90 0.58 0.22

Alanya 1102.13 623.90 1785.60 300.27 -0.39 19.95 18.10 22.20 1.20 -1.15

Anamur 906.71 447.10 1755.10 257.91 1.16 19.56 17.90 21.40 0.79 -0.80

Antakya 1082.76 600.00 1947.70 279.14 0.36 18.40 16.70 19.90 0.58 0.34

Antalya 1018.10 283.90 1891.80 321.19 0.01 18.77 17.10 20.30 0.79 -0.88

Ceyhan 671.57 38.20 1130.20 199.70 1.35 18.10 13.80 19.90 0.98 5.32

Dörtyol 913.44 252.00 1305.80 203.46 0.58 19.19 17.90 20.90 0.71 -0.46

Eğirdir 785.43 243.50 1404.70 209.23 1.08 12.69 10.20 14.50 0.85 -0.03

Elmalı 465.06 171.50 761.20 117.55 -0.10 13.00 10.80 14.70 0.70 0.85

Erdemli 547.24 183.70 1001.10 170.39 0.11 18.72 17.00 19.90 0.54 0.61

Finike 924.75 362.40 1553.00 261.34 0.22 19.34 17.90 21.10 0.85 -0.95

Gazipaşa 840.51 408.20 1431.30 217.49 -0.01 18.78 17.30 20.50 0.68 -0.32

Göksun 566.78 115.40 881.00 146.77 1.00 9.12 6.40 11.20 0.96 0.10

İskenderun 736.31 480.10 1009.90 124.90 -0.34 20.37 18.80 22.10 0.75 -0.57

Isparta 510.40 285.00 804.70 116.69 -0.59 12.30 10.40 14.70 0.92 0.17

Kahramanma

raş
713.06 347.20 1169.00 173.73 0.43 17.01 15.00 18.60 0.83 -0.72 

Karaisalı 855.52 240.50 1429.00 245.70 -0.16 18.73 16.90 20.30 0.66 0.14

Karataş 745.92 294.00 1269.60 224.21 -0.26 19.30 17.70 20.80 0.63 -0.10

Korkuteli 364.17 94.10 589.80 94.95 0.31 12.80 11.20 14.30 0.70 -0.48

Kozan 800.80 166.00 1297.40 186.43 1.71 19.63 17.80 21.20 0.72 -0.19

Mersin 591.30 278.80 1033.70 179.05 -0.09 19.72 18.00 21.60 0.95 -1.11

Samandağ 860.28 209.10 1299.80 234.19 0.19 19.35 17.50 21.10 0.70 0.34

Silifke 557.36 300.50 1007.70 160.82 -0.10 19.74 17.80 21.70 0.82 -0.35

Yumurtalık 768.87 212.50 1334.80 218.50 -0.03 19.25 17.50 20.70 0.68 -0.38

Study Area 749.03 496.30 1086.30 146.00 -0.53 17.63 15.91 19.16 0.69 -0.30
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with step-size of 0.25 considering recommendations of past 
studies (Shamseena et al. 2025).

To further assess the robustness of the multifrac-
tal results, we examined the validity range of the scaling 
laws and the stability of the estimated exponents. Scaling 
behaviour was found to be consistent across moment orders 
within q ∈ [− 5, 5], with stable linear trends in the Rényi 
plots. In addition, numerical experiments confirmed that for 
SPI and SPEI time series longer than 600 months, the sand-
box approach yields reliable estimates up to R = 30, beyond 
which redundancy effects tend to appear. Within this valid-
ity range, the multifractal exponents (D₀, D₁, D₂) remained 
stable across stations and temporal scales, supporting the 
robustness of the VG-based framework. Deviations from 
scaling were mostly observed at the shortest time scales (1 
month), where chaotic fluctuations dominate, and at very 
high positive q-values, where extreme events exert dispro-
portionate influence on the spectrum. These findings are 
consistent with the recommendations of Shamseena et al. 
(2025), who highlighted q ∈ [− 5, 5] and R ≤ 30 as the most 
reliable ranges for hydro-climatic time series analysis.

Multifractal properties of the SPI and SPEI indices were 
quantified using Rényi dimensions (D₀, D₁, D₂) derived 
from the sandbox method. In line with findings from air 
pollution studies, a clear contrast was observed between the 

Also, SPEI possesses larger exponents than SPI of the cor-
responding station and scale in general, even though local 
climatic influences if found to destroy the pattern and devi-
ating it from universality or generalizability. This also sup-
ports the conclusions drawn on scaling reported in earlier 
studies (Plocoste et al. 2021 a, b).

4.2  VG-based multifractal analysis

The SPI and SPEI series of each station, for different scales 
3-month, 6-month and 12-month, are subjected to multifrac-
tal analysis in a VG frame, as these three scales represent 
short, moderate and long-term droughts. Also, it is worth 
mentioning that 1 a 1-month scale series of many stations is 
more of a chaotic origin and does not show stochastic frac-
tal fluctuations. In the implementation, R∈ [Rmin, Rmax], R 
can be selected between 1 and N, where N is the total count 
of nodes. A larger Rmax leads to redundancy of information 
while smaller Rmax necessitate large number of boxes to 
cover the complete series. Researchers performed numeri-
cal exercises on this, and we noted that for a series of length 
between 2000 and 36,000, R∈ [1, 30] was found to be good 
enough (Plocoste et al. 2021a, b; Shamseena et al. 2025). 
Thus, we selected R∈ [1, 30] and the q-order range as [-5, 5] 

Table 3  Scaling exponent of the SPI and SPEI series of the mediterranean region
Station SPI SPEI

SPI1 SPI3 SPI6 SPI12 SPI24 SPEI1 SPEI3 SPEI6 SPEI12 SPEI24
Adana 0.3887 0.6673 0.5744 0.5136 0.8786 0.3594 0.6002 0.575 0.4928 0.5516
Alanya 0.5954 0.5509 0.602 0.5187 0.5614 0.4124 0.5679 0.5932 0.524 0.8959
Anamur 0.4822 0.4986 0.5857 0.5988 0.499 0.4985 0.5814 0.5433 0.5229 0.5445
Antakya 0.4084 0.887 0.543 0.4979 0.5201 0.4527 0.6075 0.5579 0.6019 0.5269
Antalya 0.408 0.8847 0.5749 0.5497 0.5345 0.4632 0.5753 0.5611 0.453 0.4079
Ceyhan 0.4042 0.6228 0.5639 0.6312 0.5144 0.3885 0.5196 0.6136 0.6177 0.6236
Dörtyol 0.4724 0.6322 0.8181 0.8341 0.876 0.7496 0.511 0.5912 0.8654 0.8682
Eğirdir 0.3876 0.7404 0.8148 0.82 0.538 0.4177 0.5851 0.5912 1.213 0.9489
Elmalı 0.4023 0.8747 0.558 0.6107 0.8125 0.434 0.9412 0.9219 0.9541 0.9709
Erdemli 0.4616 0.5943 0.7678 0.8 0.5758 0.5232 0.6318 0.6314 0.8416 0.5717
Finike 0.3925 0.4655 0.48 0.5308 0.9548 0.4299 0.5476 0.5477 0.475 0.6528
Gazipaşa 0.8303 0.5712 1.271 0.9576 0.9127 0.4133 0.5266 0.993 0.5485 0.9521
Göksun 0.4128 0.567 0.8846 0.6143 0.9549 0.4232 0.5892 0.6506 0.9962 0.9795
Iskenderun 0.4953 0.5447 0.4716 0.5406 0.7283 0.4508 0.9325 0.9513 0.5415 0.9622
Isparta 0.5348 0.5832 0.6015 0.5692 0.8828 0.4551 0.5918 0.558 0.5000 0.6043
Kahramanmaraş 0.3736 0.508 0.5679 0.4723 0.5588 0.8539 0.9625 0.6294 0.5245 0.4737
Karaisalı 0.446 0.8137 0.5868 0.5157 0.5933 0.4997 0.9569 0.5446 0.4978 0.5623
Karataş 0.5065 0.5129 0.9294 0.8099 0.4762 0.4795 0.5761 0.6349 0.5679 0.8467
Korkuteli 0.8128 0.9117 0.6406 0.5844 0.6319 0.515 0.9027 0.6028 0.7754 0.987
Kozan 0.4041 0.5312 0.5753 0.5627 0.607 0.393 0.511 0.599 0.8435 0.6266
Mersin 0.4817 0.9192 0.556 0.4828 0.5901 0.4485 0.9445 0.9236 0.5995 0.6108
Samandağ 0.4738 0.977 0.5587 0.4851 0.5756 0.5151 0.5905 0.6039 0.5522 0.4557
Silfke 0.4357 0.9483 0.5815 0.9881 0.4931 0.4123 0.5999 0.6405 0.5954 0.838
Yumurtalık 0.3954 0.9112 0.9287 0.8571 0.6198 0.4134 0.9177 0.6491 0.5388 0.5479
The bold numbers imply that the corresponding drought index (SPI/SPEI) series shows chaotic behaviour

1 3

Page 11 of 21  50



Stochastic Environmental Research and Risk Assessment (2026) 40:50

SPI, reflecting the added influence of temperature-driven 
evapotranspiration on drought dynamics. Along with the 
coefficients of Rényi dimensions, the complementary mul-
tifractal parameters (CMPs) of the spectrum like the mul-
tifractal width, asymmetry index and Holder exponent can 
also provide useful insights on multifractality as referred 
in earlier studies (Adarsh et al. 2019). The CMPs provide 
additional insight into the contrasting behaviour of SPI and 
SPEI. Rényi dimensions of all the drought series along with 
the CMPs are deduced from the multifractal analysis and 
the values are presented in SI file. To get a broad picture of 
the complexity of drought, the basic statistics of the CMPs 
derived from VG are provided in Table 4, while similar sta-
tistics derived from UDVG are provided in SI file.

From Table 4 and Table S2-S4 in SI file, it can be noted 
that all the drought index considered in the series possesses 
positive asymmetry irrespective of scale and type (SPI/
SPEI), which indicates that the multifractality of the time 
series is dominated by large fluctuations (high volatility 
events or strong trends). The drought dynamics are domi-
nated by local high fluctuations, or a ‘fine-structured’ series 

two graph structures. The fractal dimension exponents D₀, 
D1 and D2 were computed for each SPI and SPEI series of 
each station, for different time scales 3, 6 and 12 months. 
The multifractal degree was quantified by multifractality 
coefficient (ΔDq = D₀ − D₂) and plotted spatially as shown in 
Fig. 6 for SPI and SPEI series. In this Figure, the left panels 
show the results of the SPI series, while right panels show 
the results of the SPEI series. The SPI and SPEI time series 
generally exhibited higher multifractality degrees (ΔDq = D₀ 
− D₂), particularly at shorter time scales, suggesting stronger 
heterogeneity in large fluctuations—potentially linked to 
abrupt rainfall deficits. A comparative analysis revealed that 
SPEI generally exhibited more complex multifractal struc-
tures than SPI across the region. This suggests that evapo-
transpiration introduces additional variability, especially at 
longer time scales. The spatial and temporal divergence in 
D₀, D₁, and D₂ values between the two indices confirms the 
added value of SPEI in characterizing prolonged drought 
conditions.

The variation of the generalized dimensions Dq indi-
cates stronger scaling heterogeneity for SPEI compared to 

Fig. 4  Spatial variability of scaling exponents of SPI series of the Mediterranean region at different time scales (1, 3, 6, 12 and 24 months)
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4.3  UDVG-based analysis and implications

In this exercise, the UDVG framework is invoked for the 
multifractal description of SPI and SPEI series, which 
enabled a comparison between the two schemes and their 
applicability. The key multifractal properties are determined 
upon UDVG analysis upon the inverted drought series of 3, 
6 and 12-month drought representing short, moderate and 
long-term drought. The Renyi exponent plots (upper panels) 
and multifractal spectrum (lower panels) of SPI and SPEI 
series of Yumurtalık station, which is the most drought-
prone location within the Mediterranean terrain, at differ-
ent time scales, developed in a UDVG frame, are shown in 
Fig. 7, while similar plots of remaining six stations as rep-
resentatives of three sub basins of the region are provided 
in SI file (Figure S7- Figure S12). The seven multifractal 
exponents were computed for each SPI and SPEI series of 
various stations at all the three-time scales using VG and 
UDVG methods, the complete values of which are provided 
in SI file (Table S2 and Tables S3). The non-parametric 
Kernel density estimator (KDE) and box plots are used to 

and means large fluctuations are more frequent than small 
ones. It means that the severe or sudden changes in drought 
conditions have a greater influence on the multifractality of 
the drought in the region. The asymmetry index (r) further 
suggests that SPEI exhibits a more pronounced imbalance 
between extreme and moderate fluctuations, highlighting 
enhanced sensitivity to prolonged and intense drought con-
ditions. Similarly, the width of the multifractal spectrum 
(W) is in general broader for SPEI, indicating increased 
intermittency and a wider range of scaling exponents, while 
the Hölder exponent (α0) points to shifts in the dominant 
scaling regime between SPI and SPEI. The deviation in the 
estimates are the least for α0 followed by W and highest 
for r for both SPI and SPEI series, irrespective of the time 
scale. Together, these results emphasize that SPEI captures a 
higher level of complexity and nonlinearity than SPI, under-
scoring the importance of incorporating evapotranspiration 
effects when assessing drought variability under climate 
change.

Fig. 5  Spatial variability of scaling exponents of SPEI series of the Mediterranean region at different time scales (1, 3, 6, 12 and 24 months)
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for SPEI, where the inclusion of evapotranspiration induces 
subtler temporal dynamics. Similar observations are made 
on considering the CDFs of the parameters presented in 
Fig. 8. Box plots of the seven multifractal parameters are 
presented in Fig. 9. In Fig. 9, D0 denotes the fractal dimen-
sion, D1 the correlation dimension, and D2 the informa-
tion entropy. The parameter Dq represents the generalized 
dimensions characterizing multifractal behavior, r is the 
asymmetry index, W denotes the width of the multifractal 
spectrum, and α corresponds to the Hölder exponent. The 
labels V and U refer to the VG-based and UDVG-based 
analyses, respectively.

The multifractal analysis conducted across 20 stations 
yields several key insights:

illustrate and compare the variations. KDE based CDF of 
the parameters, to enable a comparison of the exponents 
of SPEI with that of SPI upon a UDVG frame, which is 
presented in Fig. 8. In Fig. 8, upper row shows the results 
of a 3-month series, the middle row shows the results of a 
6-month series, and the lower row shows the results of a 
12-month series.

The application of the UDVG method to drought indices 
such as the SPI and the SPEI reveals valuable information 
that the classical VG approach tends to overlook. Specifi-
cally, the UDVG enhances the detection of low-amplitude 
fluctuations, those associated with persistent, moderate 
droughts rather than extreme events.

Figure 7 shows that larger exponents for SPEI over SPI 
upon UDVG-based analysis. This is particularly relevant 

Fig. 6  Multifractality coefficient for SPI and SPEI series of the Mediterranean region at different time scales
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fewer high-amplitude fluctuations, focusing instead on 
the background variability of the signal.

	● High temporal stability at longer scales: When the ag-
gregation period increases to 24 months, the multifrac-
tality in UDVG remains stable (mean ΔDq = 0.47 ± 0.06), 
whereas the VG-derived values increase considerably 
(mean ΔDq = 0.81 ± 0.15). This suggests that the UDVG 
is less sensitive to time scale variations and better suited 
for representing long-term drought persistence.

	● Reduced multifractal width (ΔDq) at shorter time 
scales: At the 6-month aggregation scale, the de-
gree of multifractality (ΔDq = D₀ – D₂) derived from 
UDVG ranges from 0.36 to 0.62, with a mean value of 
0.49 ± 0.07. In contrast, the VG method gives a signifi-
cantly higher range of 0.48 to 0.95 (mean 0.72 ± 0.12). 
This consistent reduction in ΔDq, approximately 30% 
lower with UDVG, indicates that UDVG captures 

Table 4  Basic statistics of complementary multifractal parameters of SPI and SPEI, derived by VG method
Statistical Properties Complementary multifractal properties

r W α0 r W α0
SPI-3 SPEI-3

Maximum 1.415 1.202 1.065 1.250 1.073 1.057
Minimum 0.768 0.840 0.986 0.800 0.793 0.989
Mean 1.066 0.970 1.026 0.967 0.882 1.023
Standard
Deviation

0.166 0.099 0.025 0.121 0.058 0.020

SPI-6 SPEI-6
Maximum 1.538 1.121 1.05 1.750 1.093 1.014
Minimum 0.98 0.833 0.887 0.904 0.803 0.914
Mean 1.192 0.981 0.971 1.180 0.942 0.976
Standard
Deviation

0.162 0.081 0.032 0.189 0.079 0.024

SPI-12 SPEI-12
Maximum 1.829 1.146 1.007 1.912 1.116 1.008
Minimum 1.020 0.811 0.848 0.980 0.811 0.873
Mean 1.261 0.945 0.908 1.283 0.922 0.925
Standard
Deviation

0.196 0.085 0.036 0.215 0.086 0.035

Fig. 7  Upside-down visibility graph based Renyi exponent plots (upper panels) and multifractal spectrum (lower panels) of SPI and SPEI series 
of Yumurtalık station at different time scales
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which is precisely the type of signal that UDVG is best 
equipped to detect.

The critical analysis of Fig. 9 shows that on considering the 
SPI series, the VG based estimates are giving higher median 
values over its UD counterpart except for the multifractal 
width and spread of 12-month time scale. One can see that 
similar larger median estimates of UDVG over VG for SPEI 
series, irrespective of time scales. This basically depends 
upon the density (number) of wet and drought events promi-
nent in the region. The dominancy of prolonged long-term 
dry events in the region will be influenced by inversion 
of the series upon a UG analysis. The difference between 
VG and UDVG was more pronounced in SPEI, confirm-
ing the role of temperature-driven evapotranspiration in 

	● Lower scaling exponent (λ) in UDVG: For SPI at a 
12-month scale, the UDVG produces a mean scaling ex-
ponent λ of 1.02 (range: 0.85–1.18), compared to 1.15 
(range: 1.01–1.34) for VG. A lower λ implies a heavier 
tail in the node degree distribution for low-degree nodes, 
consistent with an emphasis on small, frequent drought 
deviations.

	● Greater sensitivity to evapotranspiration dynamics: The 
difference in multifractal width between VG and UDVG 
is more pronounced for SPEI than for SPI. On average, 
the reduction in ΔDq when switching from VG to UDVG 
is 0.29 for SPEI versus 0.21 for SPI. This suggests that 
SPEI, by incorporating temperature and evapotranspi-
ration effects, contains more low-amplitude variability, 

Fig. 9  Box plots of multifractal exponents of SPI (upper panels) and SPEI (lower panels) of different time scales

 

Fig. 8  Comparison of CDFs of key 
multifractal properties of SPI and 
SPEI series of the Mediterranean 
region based on UDVG analysis
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drought fluctuations within the same analytical framework. 
Fractal dimension and hence Hurst exponent can tell per-
sistence/anti-persistence is uniform across fluctuation mag-
nitudes. Spectrum can measure the richness of scaling, like 
wide spectrum implies more complexity and droughts are 
highly intermittent, extremes dominate, harder to forecast. 
Degree of multifractality quantifies how strongly drought/
wet extremes differ from average conditions and if it is less 
droughts/wets are more uniform, easier to predict.

Previous studies have highlighted the relevance of mul-
tifractal approaches for understanding hydrological and 
drought-related processes. For instance, Adarsh et al. (2019) 
demonstrated that multifractal analysis captures the scale-
dependent persistence and complexity of drought indices. 
The generalized dimensions Dq characterize scaling het-
erogeneity and confirm that drought dynamics deviate 
from monofractal behaviour. The width of the multifractal 
spectrum (W) reflects the range of singularities and thus 
the degree of intermittency, while the asymmetry index (r) 
reveals imbalances between large and small fluctuations, 
indicating preferential clustering of specific drought intensi-
ties. The Hölder exponent (α0) identifies the dominant scal-
ing regime of the process. Together, these parameters link 
the mathematical description of multifractality to physically 
meaningful drought characteristics such as persistence, 
intermittency, and asymmetry between wet and dry condi-
tions (Hou et al. 2018; Adarsh et al. 2019). Our results are 
fully consistent with these findings and further extend them 
by introducing a dual VG–UDVG framework that explic-
itly separates wet and dry regimes, thereby enhancing the 
physical interpretation of SPI and SPEI dynamics across 
temporal scales. Some of the studies on PM₁₀ time series 
highlighted the relevance and effectiveness of combin-
ing VG and UDVG methods within a multifractal analysis 
framework to distinguish between high and low fluctuation 
regimes in environmental data (Plocoste et al. 2021b). This 
dual-network approach revealed that UDVG is particularly 
suited to capturing low-intensity background dynamics, a 
crucial aspect when studying phenomena such as chronic 
pollution exposure or, in the case of drought indices, per-
sistent but moderate deficits in precipitation. Applying this 
methodology to SPI and SPEI indices—datasets known for 
their stochastic nature and complex temporal behavior—
can provide valuable insights into the multiscale structure 
of drought dynamics, especially in discriminating between 
short-term variability and long-term persistence.

The proposed framework also provides many exponents 
(D0 or box-counting dimension, D1 or information entropy, 
D2 or correlation dimension, as stated earlier). Lesser (D0 - 
D1) depict that the series is more regular. The value of D2 
is helpful to determine the recurrence and if (D0-D2), i.e., 
the chances of repeating the same value will be more. The 

modulating drought signal variability. In short, the UDVG 
approach yielded lower ΔDq values, pointing to smoother, 
more persistent fluctuations. Across all stations, the singu-
larity spectra f(α) for SPI demonstrated wider support in 
VG than in UDVG, further supporting the hypothesis that 
UDVG is more sensitive to low-intensity variations, thereby 
characterizing the background drought regime.

5  Discussion

SPI is a widely used indicator of precipitation deficit or 
surplus for drought monitoring. However, precipitation 
and drought processes are inherently nonlinear and scale-
dependent, meaning that classical linear statistics (e.g., 
mean, variance, correlation) often fail to capture their full 
dynamics. In this context, multifractal analysis provides a 
powerful framework to quantify how drought variability 
and persistence evolve across temporal scales, allowing SPI 
and SPEI to exhibit distinct behaviours at short (monthly) 
versus long (seasonal to multi-year) timescales. SPI fluctua-
tions are irregular and intermittent, and multifractal analy-
sis quantifies both the intensity and heterogeneity of these 
fluctuations, revealing clustering of dry and wet periods as 
well as long-range dependence. Such properties are directly 
linked to the physical persistence of droughts and their 
potential predictability limits, which are crucial for water 
resources, agriculture, and risk management.

Multifractality in hydrological and drought processes 
arises from two primary physical mechanisms. First, climate 
and precipitation are influenced by persistent atmospheric 
circulation patterns, large-scale climatic oscillations (e.g., 
El Niño–Southern Oscillation), and land-atmosphere feed-
backs, which introduce long-range correlations into SPI and 
SPEI time series. Second, precipitation extremes, although 
relatively rare, produce strong non-Gaussian behaviour, 
and their occurrence across multiple temporal scales leads 
to multifractal structures. Short-term variability is mainly 
driven by local weather and storm clustering, whereas long-
term variability reflects large-scale climatic controls, and 
their interaction generates the observed multifractal behav-
iour in drought indices.

The main novelty of this study lies in the application of a 
dual visibility-graph framework (VG and UDVG) to inves-
tigate the multifractal structure of SPI and SPEI time series. 
Unlike traditional multifractal techniques such as box-
counting or detrended fluctuation analysis, the visibility 
graph approach maps the temporal structure of drought indi-
ces into complex networks, enabling the extraction of physi-
cally interpretable network-based scaling exponents. This 
allows us to explicitly distinguish between high-amplitude 
(wet or excess rainfall) events and low-amplitude, persistent 
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episodes, and in refining early warning systems and long-
term adaptation policies.

This paper uniquely applied visibility graph approach 
and its upside-down variant for analyzing the multifractal-
ity of the drought considering the SPI and SPEI time series. 
On comparing within traditional approaches, the low ampli-
tude fluctuations in drought indices can also be captured 
satisfactorily well using the UDVG variant of visibility 
graph. Here VG and UDVG provides additional indices like 
information entropy, correlation dimension etc. along with 
fractal dimension, which may help in assessing the com-
plexity of the series (Rajesh et al. 2025), while from other 
classical methods like box counting or detrending methods 
like MFDFA such information is not directly deduced. Even 
though the large-scale droughts are predicatively important, 
the low amplitude fluctuations are cautionary sign, lead to 
long term drought small changes can be early indicators 
of significant, slow-developing disasters. Hence detect-
ing subtle, low-amplitude changes in drought indicators 
helps in developing early warning, response cum disaster 
preparedness. Moreover, one type of drought may lead to 
other droughts, like propagation. For example, reduction in 
rainfall and small changes can make an impact on soil mois-
ture and eventually can impact the agricultural sector and 
water resource management. Hence identification of early 
detection of low-amplitude rainfall deficit may be a warn-
ing for the possible agricultural or hydrological droughts in 
the months ahead. In such a scenario, UDVG approach can 
offer more credible characterization of standardized indices, 
which eventually help in developing early warning system 
for meteorological drought, getting prepared against pos-
sible hydrological or agricultural drought.

Multifractal analysis can quantify the ranges SPI sig-
nals often show scale invariance (self-similarity). The 
drought indices like SPI can be predicted in advance using 
machine learning models or its hybrid decomposition vari-
ants (Adarsh and Janga Reddy 2019; Alkubaisi et al. 2025). 
The magnitudes can further be used to quantify the state like 
severe, extreme or moderate drought and the risk assess-
ment can be made. Moreover, drought risk can be estimated 
and hazard assessment can be made using appropriate 
diverse statistical tools including copulas (Reddy and Gan-
guly 2012; Adarsh et al. 2018; Ganjir et al. 2025) Strong 
multifractality suggests that extreme drought/wet events 
may likely be unpredictable. However, such information is 
useful for water resources, agriculture, and hazard planning 
and risk assessment. Along with the high magnitude fluc-
tuations, the low magnitude indices are also important as 
it can be early indicator of a possible drought episode of 
future or even the transition of meteorological to hydrologi-
cal drought.

proposed VGMF framework integrates multitude of math-
ematical techniques for multifractal description, as also 
demonstrated in our earlier work on river flow (Shamseena 
and Adarsh 2025). In air pollution studies, it was reported 
that the multifractal degree () is higher for VG than UDVG 
(Plocoste et al. 2021b), which not necessarily universal, as 
shown for hydrologic index datasets of different character 
as noted in this study. VG and UDVG rely on the relative 
shape of the signal, not on the sign of the values. VG is 
constructed based on geometric visibility between points in 
the time series. Whether the values are positive or negative 
does not affect the ability to build a meaningful network 
— what matters is the temporal structure of the data. The 
UDVG approach is particularly suitable for SPI/SPEI, as the 
VG emphasizes positive spikes, i.e., wet periods or excess 
rainfall, while UDVG brings out dry periods (negative SPI/
SPEI), making it especially useful for analyzing drought 
behavior. Hubs in UDVG correspond to intense or persis-
tent drought events, not wet anomalies. The symmetry of 
SPI/SPEI around zero actually makes them ideal candidates 
for joint VG/UDVG analysis, capturing both wet and dry 
extremes.

A key finding of this study is that the VG and UDVG 
methods provide complementary but distinct perspectives 
on drought behaviour. VG is primarily sensitive to positive 
excursions in SPI and SPEI, corresponding to wet periods 
or excess precipitation, whereas UDVG highlights nega-
tive excursions, i.e., drought conditions. Because SPI and 
SPEI are standardized and symmetric around zero, they 
are particularly well suited for a joint VG/UDVG analysis, 
which captures both wet and dry extremes as well as per-
sistent background droughts. In the UDVG representation, 
network hubs correspond to intense or long-lasting drought 
events rather than wet anomalies, providing a physically 
intuitive interpretation of drought persistence. From an 
operational perspective, this dual-network framework has 
important implications for drought monitoring and early 
warning. While extreme droughts are often the focus of risk 
assessments, low-amplitude and persistent rainfall deficits 
can act as early indicators of slowly developing agricultural 
or hydrological droughts. Detecting such subtle changes is 
critical for proactive water management and disaster pre-
paredness. The UDVG approach enhances the ability to 
detect these precursory signals, complementing traditional 
drought indices and offering a more nuanced understanding 
of drought evolution under changing climatic conditions. 
Further multifractal models can be developed as alternative 
pathways for forecasting of drought indicators, which may 
help us in developing early warning systems of droughts. 
It can assist decision-makers in identifying gradual, cumu-
lative drought risks, often precursors to major drought 
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6  Conclusions

This study proposed a novel visibility graph framework for 
the multifractal description of drought by demonstrating the 
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region at diverse drought scales. The important conclusions 
include:

	● All the time series of SPI and SPEI series of the region 
and stochastic origin, except for the immediate 1-month 
time series of a few stations. For the same station, both 
SPI and SPEI need not be chaotic, which implies the 
definite role of evapotranspiration in fluctuations.

	● Short-term drought series are more complex than long-
term drought, but the dominance of wet-dry time spells 
is critical in describing the multifractal features of the 
series.

	● VG and UDVG-based frameworks are efficient in de-
scribing the drought dynamics. VG is especially used 
for analyzing the peaks (wet conditions) and it is useful 
for system response to excess water, UDVG is useful 
for analyzing the behaviour during drought periods, i.e. 
valleys (dry conditions).

	● SPEI is more complex than the SPI series, especially 
when evapotranspiration plays a major role along with 
precipitation in describing the drought conditions. In 
such cases, UDVG analysis possesses a certain defi-
nite advantage in revealing the complexity of drought 
dynamics.
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