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Abstract
Climate change and global warming have increased the frequency of extreme events, par-
ticularly over the past decades. Changes in drought frequency are not yet understood, espe-
cially regarding which drought features are becoming more frequent (e.g., are longer or 
high-magnitude droughts becoming more frequent, or both?). In this study, we present a 
novel methodology to accurately and consistently estimate changes in return periods of dif-
ferent types of droughts. For this purpose, we implemented copula-entropy theory to assess 
drought frequencies and their changes. As an example of the application of the proposed 
method, we used data from the European Climate Assessment and Dataset (ECA&D), 
from which we selected 26 stations in Central Europe with over 100 years of data and low 
incidence of missing days ( ≤ 0.3%). The results of the new analysis indicate that there was 
a high variability in the frequency change patterns across Central Europe over the last cen-
tury; however, most regions have experienced an increase in the frequency of medium-to-
high intensity droughts. The use of the copula-entropy theory to assess drought frequency 
is a reliable method that allows systematic monitoring and easy updating of current knowl-
edge, and is computationally efficient and statistically robust.
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1  Introduction

Droughts represent a significant a threat arising from climate change by disrupting water, 
food, and energy supplies (Teutschbein et al. 2023). Studies have suggested that the fre-
quency of droughts has increased over the past century, particularly within the last five dec-
ades (Wuebbles et al. 2017; Cai et al. 2021; Gül et al. 2021). Moreover, in all greenhouse 
gas emission scenarios, extreme events, such as droughts, are expected to become more 
frequent in the coming decades (Spinoni et  al. 2017; Wuebbles et  al. 2017). The latest 
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IPCC report (IPCC 2023) highlights that the younger generations are likely to experience 
a significantly higher frequency of droughts, up to four times more often than in the pre-
industrial era (Thiery et al. 2021).

While a universally applicable definition of drought proves challenging (Lloyd-Hughes 
2013), droughts are generally characterised by prolonged periods of abnormally dry 
weather that cause significant hydrological imbalances (WMO 1992). Mishra and Singh 
(2010) categorised droughts into four types based on their effects on populations and eco-
systems: meteorological, hydrological, agricultural, and socioeconomic droughts. How-
ever, this framework is not exhaustive (Crausbay et al. 2020). With the evolving climate, 
new drought classifications of droughts have emerged, encompassing phenomena such 
as flash droughts (Alencar and Paton 2022), snow droughts (Mote et  al. 2016), human-
induced and -modified droughts (Loon et al. 2016), anthropogenic droughts (AghaKouchak 
et al. 2021), and mega droughts (Cook et al. 2016).

Various types of drought and their respective categories are frequently described using 
one or more drought indices (Svoboda et  al. 2016). These indices play a crucial role in 
identifying such events within historical climate data or projections, particularly when 
impact reports are unavailable (Sheffield et  al. 2012). Percentiles, anomalies, and stand-
ardised indeces are examples of these indices that deliver essential insights into drought 
characteristics for managers and decision-makers, thus facilitating preparedness (Cravens 
et  al. 2021). After establishing a set of criteria for identifying specific drought catego-
ries (Svoboda et  al. 2002; Zink et  al. 2016), it is possible to envision the characteristics 
of droughts with specific return periods (e.g. Tr = 100 years). This concept is frequently 
employed in the design of hydraulic structures, such as channels, drainage systems, and 
reservoirs, offering valuable insights for devising strategies to mitigate the escalating 
impact of droughts (AghaKouchak 2014).

Despite the importance of understanding drought features and their return periods, most 
studies have not consider the multivariate nature of droughts and their recurrence times 
(Houmma et  al. 2022). Studies that address drought return periods and specifically their 
changes over time often focus solely on one drought feature at a time and employ short 
temporal series Spinoni et al. 2017; Cai et al. 2021; Qi et al. 2022. However, this approach 
is insufficient for the proper assessment of drought return periods considering the rela-
tional behaviour and statistical dependencies of duration, magnitude, and intensity (Agha-
Kouchak 2014). The copula theory has emerged as a solution for multivariate distributions 
with statistically dependent marginals (Sklar 1959; Pandey et al. 2023).

The copula theory has found applications in the study of co-dependence in multivari-
ate processes across various fields, including risk management, economics, climatic, and 
hydrological modelling (Hofert et  al. 2019). In recent years, copulas have gained popu-
larity for analyzing extreme and compound climatological events (Bevacqua et  al. 2017; 
Singh and Zhang 2018; Zscheischler et al. 2020). However, previous studies focusing on 
assessing magnitude-duration-frequency (MDF) curves using copulas mostly relied on 
shorter datasets and precipitation-based indices Xu et al. 2015; Tosunoglu and Can 2016; 
Ayantobo et al. 2018; Hasan and Abdullah 2022. Moreover, selecting an appropriate proba-
bility distribution and copula functions involves testing multiple "candidate" functions and 
evaluating their goodness of fit (She et al. 2015; Bevacqua et al. 2017; Hasan and Abdullah 
2022; Pandey et al. 2023). This process is computationally demanding, given the numer-
ous possible candidates for each analysed station or grid point (Mikosch 2006; Zhang and 
Singh 2019; Hofert et al. 2019 Furthermore, this systematic search introduces uncertainty 
regarding whether the selected function and its parameters are the most suitable for the 
data (Singh 1998).
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This issue has been addressed in previous studies by AghaKouchak (2014) and Singh 
and Zhang (2018), who studied the magnitude-duration-frequency of floods using copulas. 
To circumvent this issue, the authors employed the principle of maximum entropy (POME) 
to assess the appropriate copula and marginal distributions. Proposed by Jaynes (1957a, 
1957b) the POME “provides the most unbiased representation of our knowledge of the 
state of the system” (Jaynes 1957a). Thus, the POME offers an evaluation of the (unknown) 
underlying distribution that best reflects our knowledge (and uncertainty) of the studied 
variables (Cover and Thomas 2006; Zhang and Singh 2019). More recent works Yang et al. 
2021; Shekari et al. 2023; Wei and Zhao 2024 successfully implemented copula-entropy 
method for drought analysis in Iran and China, obtaining more accurate distributions in 
comparison to parametric copula. The application of copula-entropy to study changes in 
droughts in Central Europe was not carried out yet. Another novelty of this work is the use 
of long (over one hundred years) time series to assess not only the distribution of drought 
occurrence, but also its changes over the past century. Additionally, this work provides 
complete reproducible datasets and scripts that will allow the community to easier transfer 
and implement copula-entropy to other regions.

The objectives of this research are to propose a using copula-entropy for evaluating the 
temporal changes of MDF curves and to apply this method to assess these changes across 
Europe using high-quality station data over the last 100 years. To accomplish this, we 
developed the innovative copula-entropy-based method for deriving MDF curves, imple-
mented as a software package named Copula-Entropy Drought Analysis in R (cedaR—
see Declarations for more information). The cedaR package was subsequently used to 
analyse data spanning from 1920 to 2019 at various intervals, allowing an examination of 
how MDF curves have evolved over the decades.

2 � Datasets and methods

2.1 � Climate data

Historical climatic data were acquired from the European Climate Assessment & Data-
set Project (ECA&D) (https://​www.​ecad.​eu—  Tank et  al. 2002). The ECA&D database 
encompasses extensive data from more than fifteen thousand stations dispersed across 
Europe and the Mediterranean. In this study, we selected stations with gaps of less than 
0.3% in temperature and precipitation data over the period from 1920 to 2019. Of the avail-
able stations, only 26 in Central Europe met these criteria. For these stations, gaps were 
filled with the closest stations with available data. The selected stations are situated across 
eight Central European countries: Austria, Croatia, France, Germany, Hungary, the Neth-
erlands, Sweden, and Switzerland. They are notably concentrated in the Alps, particularly 
along the borders of Germany, Switzerland, and Austria (see Fig. 1). A comprehensive list 
containing the stations’ details is provided in the Appendix A at the end of this article.

2.2 � Definition of drought

To derive the MDF distributions of droughts, a series of annual drought events was 
identified for each station. In this study, we employed the Standard Precipitation Evapo-
transpiration Index (SPEI—Vicente-Serrano et al. 2010) with a three-month accumula-
tion period (SPEI3), which is often associated with agricultural droughts (Mishra and 

https://www.ecad.eu
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Singh 2010). Droughts were defined as consecutive months characterised by negative 
SPEI3 values. The onset of a drought was identified by SPEI3 ≤ -1 (Vicente-Serrano 
et al. 2010). Based on AghaKouchak (2014), in this study, we represented the duration 
(D) of a drought as the number of subsequent months with negative SPEI3 values, and 
the magnitude (M) was quantified as the absolute sum of SPEI over the duration of a 
drought ( M =

∑end

i=start
abs(SPEI3) ); that is, the sum of the monthly drought index over 

the duration of the droughts, as depicted in Fig. 2. Additionally, a recuperation phase of 

Fig. 1   Locations of the 26 
selected stations and respective 
Köppen climate classifications. 
All selected stations have at least 
100 year-long series of rainfall 
and temperature with less than 
0.3% missing days

Fig. 2   Schematic drought definition. Duration is computed as the number of months with SPEI below zero 
after onset. Magnitude is the sum of the absolute values of SPEI throughout the drought period
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1 month is allowed (Wang et al. 2019). This means that for a drought to be considered 
over, SPEI3 has to be positive for at least two consecultive months.

The derived frequency (F) of droughts is the annual frequency, that is, the number of 
times a specific event is expected to occur annually. This frequency measure is directly 
linked to the definition of the return period ( Tr ), which is the expected time for an event 
to be matched or exceeded. In this study, we refer to droughts with high durations and/or 
magnitudes as more extreme than those with shorter duration or lower magnitude (milder 
droughts), that are also more frequent (Xu et al. 2019).

2.3 � Copula‑entropy theory

A copula-entropy approach was used to derive MDF curves for droughts using the most 
entropic canonical copula method (MECC) following Singh and Zhang (2018). The MECC 
represents a specific type of parametric copula (Nelsen 2007) and is also the simplest form 
(i.e. canonical; Jeffreys, 2000; Chu and Satchell, 2018) of a copula function that maximises 
the system’s entropy (Zhang and Singh 2019). Utilising the MECC allows us to circum-
vent the complex and computationally demanding task (Mikosch 2006) of searching for the 
most suitable copula (She et al. 2015; Pandey et al. 2023). The MECC is derived by max-
imising the entropy (H) of the copula distribution (c) while adhering to a set of constraints. 
For the bivariate scenario, the entropy of the copula distribution can be expressed as:

where u and v are the marginals (studied variables). By definition (Sklar 1959), copula 
marginals are restricted to the interval [0, 1]. Ω is the space of integration, equivalent to 
the interval [0, 1]2 . Equation (1) was maximised using the Lagrangian multipliers method, 
as recommended by Singh and Zhang (2018), with assistance of the Nelder-Mead Simplex 
method (Lagarias et al. 1998). The maximisation problem presented in Eq. (1) has the fol-
lowing contranis (Eq. 2): 

(1)H(u, v) = −
∫
Ω

c(u, v) lnc(u, v) dudv

(2a)�0 ∶
∫
Ω

c(u, v)dudv = 1

(2b)�1 ∶
∫
Ω

uc(u, v)dudv = E(U) =
1

2

(2c)�2 ∶
∫
Ω

u2c(u, v)dudv = E(V) =
1

3

(2d)�3 ∶
∫
Ω

vc(u, v)dudv = E(U2) =
1

2

(2e)�4 ∶
∫
Ω

v2c(u, v)dudv = E(V2) =
1

3
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where �i are the constrains to the maximization of Eq.  (1). �0 (Eq.  2a) is the trivial 
constraint that applies to all distributions, signifying that the total sum equals one. Con-
straints �1 through �4 pertain to the marginal distributions, while �5 represents a measure of 
dependence. The Spearman’s rank correlation coefficient ( �s ) was employed as the depend-
ence measure, following the approach suggested by AghaKouchak (2014), and Singh and 
Zhang (2018).

Copula-based definition of return period
In this study, we analysed the bivariate case of the MECC of drought frequencies, using 

the distributions of the duration and magnitude of droughts (Eq. 3). To assess the return 
period of droughts ( Tr ), we use the additive (Boolean "and") return period, where both 
variables must be exceeded, that is, U > u and V > v (Eq. 4).

where P and Q are the cumulative distribution functions of the marginals (magnitude and 
duration, respectively).

2.4 � Copula‑entropy drought analysis workflow

To derive the MDF distributions, we employed the functions implemented in the cedaR 
package, following the systematic workflow depicted in Fig. 3. Once a series of drought 
events, including their magnitude and duration, was obtained based on the definition in 
Sect. 2.2, we computed the probability distribution of the marginal distributions using the 
POME (Singh 1998; Alencar et al. 2021). Subsequently, we transformed the marginals into 
open intervals (0, 1), a requirement in copula theory (Chu and Satchell 2018), and calcu-
lated the Spearman’s rank correlation coefficient, which is one of the constraints for the 

(2f)�5 ∶
∫
Ω

uvc(u, v)dudv =
�s + 3

12

(3)
∫

u

0 ∫

v

0

c(u, v)dudv = C(u, v) = C[P(duration),Q(magnitude)]

(4)Tr =
1

1 − u − v + C(u, v)

Start

Load complete time

series (Year; M; D)

Obtain probability

distribution of marginals

(univariate) using POME

Transform marginal

series to an interval (0,1)

Calculate ρs between

variables (M and D)

Numerically solve

Eq. 1 and obtain

Lagrange Multipliers

Obtain (bivariate)

return periods

distributions (Eq. 4)

End

Fig. 3   Workflow to obtain the joint probability distribution of Magnitude (M)–Duration (D) using copula-
entropy theory and to assess return periods of events. �s is Spearman’s rank correlation
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entropy maximisation (Eq. 2f). Maximising Eq. (1) yields the Lagrange multipliers needed 
to define the copula distribution (C—Eq. 3), which, in turn, was utilised to derive the return 
periods of the droughts and the corresponding MDF curves (Eq. 4).

The workflow shown in Fig.  3 was implemented as a new package entitle entitled 
cedaR. The package (Alencar 2023), contains all necessary functions to obtain the MECC 
distribution for the variables of interest (bivariate) and return period distributions, as well 
as a comparison of the changes in those distributions and visualisation tools. It can also be 
used with other drought indeces in addition to SPEI.

2.5 � Drought change visualisation

Visualising changes in drought frequency with respect to multivariate analysis is a chal-
lenge, as we must to display these changes in a four-dimensional framework considering 
duration, magnitude, frequency, and time. In this study, we proposed the use of three differ-
ent types of plots to assist in the interpretation (Fig. 4).

Multiple ridge plots (Fig. 4a) were used to perform an initial analysis of decadal shifts 
in the distribution of individual variables (magnitude and duration). However, ridge plots 
provide only limited information on how the associated magnitudes and durations change. 

Fig. 4   Visualization of the four-dimensional framework (duration, magnitude, frequency, and time). a 
Changes in each of the individual features (duration, magnitude, and frequency) over the decades. Each 
ridge is obtained with 50 years of continuous data. b Tile plot with the change in frequency of different 
combinations of magnitude and duration. c Contour plots indicating the change in the combined values of 
magnitude and duration over the decades in a continuous progression
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In the example plot in Fig. 4a, there is a visible increase in the right-side tail for both the 
magnitude and duration plots, with a more pronounced dislocation of the median duration 
value (peak of the ridge) to the right side.

The contour plots (Fig. 4b) allow the visualisation of the progressive change in the mag-
nitude and duration of droughts with the same return period (viridis-coloured lines) over 
the decades. Each plot shows the changes in a specific return period (5, 10, 20, and 50 y) 
for the pair magnitude-duration. In this visualisation we can compare the change within 
the same return period value (e.g. a drought with a5-month duration and a return period 
of 50 years would have a magnitude of 12 in 1920–1969 and 15 in 1970–2019). It is also 
possible to compare changes over different return periods; for example, an event with a 
magnitude of 10 and a duration of 10 months would be classified as a 50-year return period 
in 1920–1969, but would be classified as a 20-year Tr in 1940–1989 and a 10-year Tr in 
1970–2019. In addition, an intuitive interpretation of the contour plots is the overall trend 
of the curves within each plot. If there is an overall displacement of the curves with more 
recent data (darker colour) towards the upper-right corner, there was an increase in the 
frequency of extreme droughts (Sect. 2.2). Conversely, if the displacement is towards the 
bottom-left corner, there was a decrease in the frequency of extreme droughts.

Finally, in the tile plots (Fig.  4c), we display the combination of particular values of 
magnitude and severity chosen from the distribution of drought events in the reference 
period at the beginning of the last century (1920–1969), that is. the 2-, 5-, 10-, 20- and 
50-year return periods. The values of the return period for the latest period (1970–2019) 
are computed and compared to the reference using Eq. (5). These plots could be used to 
analyse the changes in selected drought scenarios and easily observe changes in the occur-
rence of droughts with multiple combinations of magnitude and duration, including high-
intensity droughts (short duration and high magnitude). Tile plots could also be a conveni-
ent tool for practitioners to assess changes in hazards and evaluate the current strategies 
and infrastructure developed in the past to cope with droughts (Wang et al. 2023).

3 � Results

Using the proposed copula-entropy analysis (cedaR) method, we obtained MDF curves 
for all selected stations (Fig. 1). Across the 26 selected stations, we analysed the univari-
ate and bivariate changes in a four-dimentional framework (drought duration, magnitude, 
frequency, and time) using the three visualisation techniques (Sect. 2.5). The correspond-
ing plots are provided in the Supplements, and a selection of typical plots are shown in the 
following figures. We detected three categories of how droughts have evolved over the last 
century: (1) a steady increase in the extremeness of droughts, leading to a reduction in the 
return period of very long and/or high-magnitude droughts; (2) a consistent decrease in 
the extremeness of droughts, resulting in an increase in the return period of very long and/
or high-magnitude droughts; and (3) mixed behaviour, involving a decrease in the return 
period of some longer droughts while simultaneously increasing Tr for high-magnitude 
droughts, or vice versa. Of the 26 analysed stations in Central Europe, 14 were classified 
into category 1 (increase), six into category 2 (decrease) and six into category 3 (mixed 

(5)Change =
Tr1970−2019 − Tr1920−1969

Tr1920−1969
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behaviour), as displayed in Fig. 5. The following three subsections detail the characteristics 
and changes in droughts of each category.

The classification of each station was based on the analysis of the three visualisation 
aids (Sect. 2.5) and is presented in Fig. 51. A detailed list of the stations, their characteris-
tics, and behaviours is presented in the Appendix A.

3.1 � Univariate changes

In the ridge plots (Sect. 2.5), it is possible to visualise changes in the probability distri-
butions for each individual variable. These plots also display trends in the central values 
and tails corresponding to an increase or decrease in the occurrence of extreme-duration/
magnitude events. In Fig. 6, we present the ridge plots of the magnitude and duration of the 
stations Wien (Austria), Hohenpeissenberg (Germany), and Harnosand (Sweden) stations, 
which are examples of the three groups (increasing, decreasing and mixed behaviours).

For the station in Wien (Fig.  6a), which represents the behaviour in category 1, we 
observed a significant increase in the right-side tail, particularly in the magnitude distribu-
tion. A displacement in the peak of the duration distribution towards the right side was also 
visible, indicating that, on average, droughts have become longer at this station. Figure 6b 
displays the univariate change at station Hohenpeissenberg, which represents category 2 
and presents a decrease in the frequency of longer and higher-magnitude droughts, as evi-
denced by the reduction in the right-side tail and the significant increase in the distribu-
tion peaks near the vertical axis on the left side. Finally, Fig. 6c shows the changes in the 

Fig. 5   Location of selected 
stations and their categories. 
Stations in category 1 are marked 
in red (increase), stations in 
category 2 are marked in blue 
(decrease), and stations in 
category 3 are marked in grey 
(mixed behaviour)

1  To guide the reader on the distribution of changes across the 26 stations an interactive on-line application 
is available (cedaR-​app).

https://pedroalencar.shinyapps.io/cedaR-app/
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univariate distributions at the Harnosand Station (category 3: mixed behaviour). This sta-
tion shows an increase in the right-side tail, which indicates an increase in the frequency 
of extreme-duration and -magnitude droughts. However, this increase is not uniform, as 
evidenced by the decrease in the frequency of droughts with a duration between 10 and 
13 months, as well as for droughts a with magnitude of approximately 20. However, these 
plots do not show the co-dependencies of the changes and only provide limited insight into 
the actual change in the return periods of mild and extreme events.

3.2 � Bi‑variate changes

To visualise the co-dependencies and bi-variate changes in the return period of drought 
magnitude and duration, however, we use contour plots displaying changes in frequency 
at different values (0.2, 0.1, 0.05, and 0.02, for return periods of 5, 10, 20, and 50 years, 
respectively). In Fig. 7, we present three examples—Wien (Austria), Potsdam (Germany), 
and Szeged (Hungary)—which are part of the category 1 (14 stations that show a steady 
increase of frequency of extreme droughts). Figure 8 presents three examples of stations in 
category 2 (six stations) and shows a decrease in the frequency of extreme events: Hohen-
peissenberg and Zugspize (Germany), and Zurich (Switzerland). Finally, Fig.  9 depicts 

Fig. 7   Magnitude-Duration-Frequency curves for droughts with return periods of 5, 10, 20, and 50 years. 
Red arrows signify shifts towards more extreme droughts (i.e., longer and/or higher magnitude). Each curve 
is obtained from a 50-year long time series of drought occurrences. Location of stations: a Vienna (AT), b 
Potsdam (DE), and c Szeged (HU)
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three examples of category 3 (six stations) that present a mixed behaviour: Harnosand 
(Sweden), Montelimar (France), and Lindenberg (Germany).

In Fig.  7, we present three examples of stations that are part of the category 1. For 
the case of the station in Wien (Austria), we observe that, for example, return periods of 
drought events with of magnitude 10 and 5-month duration has changed from 50 years in 
the period of 1920–1969 to 10 years in the most recent decades. The results for the two 
other stations displayed in Fig.  7 show similar trends. The station in Szeged (Hungary) 
exhibited an increase in both drought magnitude and duration. Additionally, the station in 
Potsdam (Germany) showed an particular behaviour of small change regarding the duration 
of events of 50-year return period while presenting a significant increase in magnitude, 
suggesting an increase in the intensity of more extreme droughts in the region (Schindler 
et al. 2007).

Figure  8 presents three examples of stations exhibited a decrease of frequency of 
extreme droughts (category 2). This group of six stations, as showed in Fig.  5, was 
mostly concentrated close to the Alps, where the literature reports a decrease in extreme 
drought frequency (Brunner et al 2023) and a transition to flash droughts (Yuan et al. 
2023). Notably, a decrease in the occurrence of extreme droughts does not necessarily 

Fig. 8   Magnitude-Duration-Frequency curves for droughts with return periods of 5, 10, 20, and 50 years. 
Blue arrows indicate changes towards milder droughts (i.e., shorter and/or lower magnitude) under the same 
return period. Each curve is obtained from a 50-year long time series of drought occurrences. Location of 
stations: a Hohenpeissenberg (DE), b Zugspize (DE), and c Zurich (CH)
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indicate a positive climate development in a region. This is because shorter droughts, 
including flash droughts, can also manifest (e.g. stations in the Alps and Sweden expe-
rienced an increase in the number of droughts). Flash droughts pose a serious threat to 
food production and water supply, as observed in the Alps by Brunner et al (2023) and 
in Spain (Noguera et al. 2020). Additionally, in our analysis, we employed the 3-month 
standard precipitation-evapotranspiration Index (SPEI), which, while also used to iden-
tify flash droughts, categorises them as short and mild drought events (Noguera et  al. 
2020).

The stations in category 3 showed a mixed behaviour regarding changes in the fre-
quency of extreme droughts (Fig. 9). This complex and heterogeneous group included six 
stations located in the Netherlands, Switzerland, Hungary, and Sweden. All these stations 
are located in more temperate climates (Cfb) or close to climate transitions (e.g. Harnosand 
and Lugano). One good illustration of this group is the case of station Pecs Pogany sta-
tion (Hungary), which showed a decrease in the frequency of extreme magnitudes, but an 
increase in duration. This indicates a transition to longer and milder droughts, particularly 
for higher return periods, with droughts of over 12 months (Fig.  9), which is consistent 
with findings in the literature (Mohammed et al 2022).

Fig. 9   Magnitude-Duration-Frequency curves for droughts with return periods of 5, 10, 20, and 50 years. 
Red arrows signify shifts towards more extreme droughts (i.e., longer and/or higher magnitude), while blue 
arrows indicate changes towards milder droughts (i.e., shorter and/or lower magnitude) under the same 
return period. Each curve is obtained from a 50-year long time series of drought occurrences. Location of 
stations: a Harnosand (SE), b Pecs Pogany (HU), and c Lindenberg (DE)
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3.2.1 � Changes in design scenarios

As presented in Sect. 2.5, tile plots can be used to examine the alterations in the frequency 
of specific combinations of drought duration and severity. This approach is particularly 
valuable when evaluating, for example, changes in the drought return periods relevant to 
the drought management infrastructure. Applying the proposed method (cedaR) can prove 
beneficial in evaluating changes in the return period of specific extreme events, such as 
those of exceptional duration or magnitude, and help practitioners to assess changes in the 
hazard to infrastructure and strategies to cope with droughts (Wang et al. 2023). Figure 10 
displays the results for stations Wien (a), Hohenpeissenberg (b), and Harnosand (c) to com-
pare the return periods for the values of duration and magnitude derived from 1920–1969.

4 � Discussion

The majority of stations (14 out of 26) exhibited an increase in both the magnitude and 
duration of droughts, which is consistent with findings in the literature (Vicente-Serrano 
et  al. 2022). These stations are primarily situated in oceanic or humid continental cli-
mates (Cfb and Dfb according to Köppen classification system; Rubel and Kottek, 2010) at 
lower altitudes. Notably, the stations in Brandenburg (Eastern Germany) and Hungary dis-
played an overall increase in the occurrence of extreme events, as illustrated in Fig. 5. This 
observed shift in the frequency of extreme droughts has also been documented in previous 
studies conducted in these regions (Mirschel et al 2020; Mohammed et al 2022; Vicente-
Serrano et al. 2022).

Six stations have experienced a decrease in the occurrence of extreme droughts over the 
past century. Most of these stations are situated in regions with subarctic or tundra climates 
(Dfc and ET), with notable concentrations in the Alps (Switzerland, northern Italy, western 
Austria, and southern Germany). Among these Alpine stations, five out of nine displayed a 
reduction in extreme drought events. This observed decline in extreme drought frequency 
in the Alpine region (as depicted in Fig. 5) aligns with recent research findings that have 
indicated a decrease in drought duration within the same area (Brunner et al 2023). The 
study by Brunner et al (2023) explored various drivers of hydrological drought in the Alps 
between 1970 and 2013, and revealed a diminishing trend in drought duration. Further-
more, Brunner et al (2023) highlighted an increase in the flow deficit and drought intensity, 
both of which were linked to snow droughts (Crausbay et al. 2020; Rhoades et al. 2022). 
This decrease in duration, combined with the intensification of the drought impact could 
also be tied to the global phenomenon of flash droughts (Yuan et al. 2023), which exhibit 
hotspots in the Alps and higher latitudes in Norway and Sweden. This trend is depicted in 
Fig. 6b, where the Hohenpeissenberg station exhibits both a general reduction in drought 
duration and an increase in the frequency of milder droughts (e.g. magnitude = 5), along 
with a slight increase in the median magnitudes.

The analysis of univariate probability distributions (illustrated in Fig.  6) provided us 
only limited information on how drought occurrence and frequency changed over time. 
For example, for the Wien station, the return period of droughts with a magnitude of 10 
was reduced from 26 years (1920–1969) to 14 years (1970–2019), which does not pro-
vide us information regarding the duration of such events. At the same station and period, 
droughts with a duration of 5 months were also more frequent, with a return period of 
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approximatelly 4 years in 1920–1969 and of 3 years in 1970–2019. Neither of these val-
ues fully represents the actual change on droughts with magnitude of 10 and duration of 5 
months, when considered the associated values in a bi-variate copula distribution. Neither 
of these informations fully represented the actual change on droughts with magnitude of 10 
and a duration of five months when considering the associated values in a bivariate copula 
distribution, which have actually become more frequent by a factor of five, as illustrated in 
Fig. 7.

Bivariate changes cannot be as clearly perceived by analysing non-parametric or uni-
variate distributions (Spinoni et al. 2017; Cai et al. 2021; Qiu et al. 2023), which are illus-
trated in the ridge plots in Fig. 6. For this task, the changes were assessed using the pro-
posed copula-entropy drought analysis and were visualised with assistance of contour and 
tile plots (Fig. 4). Figures 7, 8, and 9 illustrate the changes in drought characteristics (mag-
nitude and duration) corresponding to different frequency curves (0.2, 0.1, 0.05, and 0.02, 
representing return periods of 5, 10, 20, and 50 years, respectively).

The proposed copula-entropy method for studying changes in drought frequency and 
obtaining MDF curves (cedaR), as demonstrated in the three examples in Figs. 7, 8, and 
9, offers a more precise and comprehensible picture of how these changes transpired and 
what critical extremes are emerged in each region. For instance, consider the case of a 
station in Potsdam (Germany), from the univariate distributions, there was evidence of an 
increase in the frequency of both extreme duration and magnitude; however, the precise 
value was hard to visualize from the ridge plots. Using the more detailed probability distri-
bution obtained with with cedaR and with the contour plots, we can, for instance, say that 
a drought with a magnitude of 15 and a duration of 5 months, which currently has a return 
period of 10 years, was previously a 50-year return period event during the first half of the 
20th century. This suggests a five-fold increase in the frequency of such events.

Considering the design scenarios proposed with the tile plots(Fig.  10), the station in 
Wien exhibited an overarching increase in the expected frequency of extreme droughts. 
Notably, this station exhibited a particularly pronounced surge in the frequency of droughts 
falling within the 0.2 frequency for duration (6.7 months) and 0.02 frequency for magni-
tude (11.5), located in the lower-right corner of the plot, indicating higher intensity. The 
frequency increase in these cases amounted to a factor of five. These results are consist-
ent with the shifts in precipitation patterns reported by Schindler et  al. (2007) and find-
ings of Vicente-Serrano et al. (2022) concerning alterations in drought frequency within 
the region. In contrast, the Hohenpeissenberg station (Fig. 10b) showed a decline in the 
incidence of longer and higher-magnitude droughts across all scenarios. This observation 
aligns with the insights gained from the univariate, nonparametric probability density dis-
tributions (ridge plots—Fig. 6), which indicate a reduction in the occurrence of extreme 
values and an increase in mid-level droughts. This pattern was further corroborated by 
the bivariate analysis, as shown in Fig. 8. The alterations in both duration and magnitude 
were also consistent with the analyses conducted by Vicente-Serrano et  al. (2022) using 
the SPEI. The mix-behaviour stations displayed an increase in the frequency of specific 
drought types (i.e., certain combinations of magnitude M and duration D), along with a 
decrease in others. An example of this behaviour was observed at the Harnosand Station 
(Fig. 10c). This station presents an increase in the frequency of very long and/or intense 
droughts (upper-left, upper-right, and bottom-right corners) by a factor of up to 1.5. Con-
versely, all other drought combinations showed a reduction in the frequency of occurrence. 
For a complete overview of the changes in univariate (Fig. 6), bivariate (Fig. 7, 8, and 9), 
and extreme event return periods (Fig. 10) across all 26 stations, detailed information is 
accessible in the supplements of this paper.
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In this study we used a strict definition of meteorological drought (Sect.  2.2). The 
results presented here are intrinsically related to the selected index (SPEI3—often linked 
to agricultural impacts; see Mishra and Singh, 2010) and definition (after Vicente-Serrano 
et al. 2010 and Wang et al. 2019). The use of different indexes (Svoboda et al. 2016) and 
termination criteria (Parry et al. 2016) would influence the results regarding MDF curves 
and the changes in frequencies over time. This influence is explained by the difference in 
identified events according to the chosen definition (Vicente-Serrano et al. 2010; Alencar 
and Paton 2022). However, the copula-entropy method is consistent across different defini-
tions criteria (e.g. Yang et  al. 2021 used Hydrological Drought Index and Shekari et  al. 
2023 used Standard Precipitation Index) in providing reliable measures of frequency.

Finally, previous studies (Yang et  al. 2021; Shekari et  al. 2023; Wei and Zhao 2024) 
successfully implemented copula-entropy for analysing the frequency of meteorologi-
cal and hydrological droughts. However, their studies were limited by the usage of con-
siderably shorter time series and a lack of information on how drought frequency have 
changed in the past. Another setback of previous studies on copula-entropy drought anal-
ysis is the lack of available scripts and tools to assist in the analysis. In this study, we 
implemented the method of copula-entropy in R-language providing a reproducible tool to 
assist drought analysis. Using this new tool, it is possible to obtain not only accurate prob-
ability distributions of droughts features, but also compare the changes over the last one 
hundred years for multiple stations in Central Europe. Despite the limitations regarding the 
number and spatial distribution of the analysed stations, the availability of long and high-
quality time series yielded valuable insights into changes in drought occurrences across 
Europe. Through the implementation of the copula-entropy analysis, we identified impor-
tant zones with increases in the occurrence of extreme droughts (e.g. eastern Germany and 
Hungary),and areas with decreases in the incidence of such extreme events and increases 
in occurrence of milder/flash droughts (e.g. Alps). A notable advantage of employing such 
stations lies in the quality of their measurements, facilitated by consistent monitoring prac-
tices spanning over a century (Fenner et al. 2018; Paton 2022).

5 � Conclusion

The use of copulas and the principle of maximum entropy is a sophisticated and efficient 
method for producing MDF curves of droughts. The proposed cedaR package does not 
require the testing and validation of multiple families of copulas and marginal distributions, 
but rather the solution of a single equation. This substantially decreases the computation 
time and increases the reproducibility of the method, which can be easily implemented (see 
the Declarations to assess the code). The copula-entropy implantation was used to analyse 
drought changes in Europe over the last 100 years. The changes in the MDF curves showed 
a heterogeneous behaviour across Europe, indicating that there was no uniform increase 
in frequency for all droughts, but rather different local dynamics. Therefore, the answer to 
the question of “which droughts are becoming more frequent” requires careful pondering. 
In Europe, using the most complete measured data series over the last century, we found 
out that, although, in general, all droughts (either extreme or mild) are more frequent, the 
rates of change are not the same between regions and levels of extremeness. In addition, 
approximately a quarter of the stations analysed showed some level of decrease in the 
frequency of extreme droughts, which was not necessarily accompanied by a decrease in 
milder droughts. Droughts will continue to bring new challenges to the societal resilience 
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and sustainability as human-induced climate change intensifies. The results and methodol-
ogy of this study provide actionable knowledge and reproducible tools for obtaining and 
updating expected droughts and their probabilities.

Appendix A. Selected stations

See Table 1.
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