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Abstract: This study introduces the first high-resolution hazard probability maps 

for prolonged dry spells across Spain, marking a significant advancement toward a 

national climate service for drought extremes. Using long-term daily precipitation 

records from a dense network of meteorological stations and incorporating high-

resolution topographic data, the methodology combines the fit of the dry spell series 

with a Generalized Pareto Distribution with universal kriging to spatially interpolate 

distribution parameters. The resulting maps provide robust and spatially continuous 

estimates of the likelihood and return periods of extreme dry spell durations, with 

strong validation against empirical station-based data. Our results reveal distinct 

spatial patterns in dry spell occurrence across Spain, with marked north-south 

gradients, highlighting the prevalence and severity of extended dry spells in 

southern and southeastern regions. Beyond the scientific contribution, the study 

delivers a fully operational, interactive online platform “https://rachas-

secas.csic.es/ (accessed on 29 September 2025)” that allows end users to query 

localized drought hazards probabilities and return levels, supporting informed 

decision-making in sectors such as agriculture, water resource management, and 

ecosystem conservation. The flexible design of our employed methodological 

approach also offers potential for adaptation and replication in other regions 

globally, especially where dry spells pose significant socio-economic and 

environmental risks. 

 Keywords: dry spells; hazard probability maps; spatial interpolation; stationary 

models; climate services 

1. Introduction 

Droughts have significant environmental [1] and socioeconomic impacts [2]. Various approaches exist to 

assess the severity of drought events, often based on different variables and indices, including hydrological metrics 

https://creativecommons.org/licenses/by/4.0/
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such as soil moisture [3,4] and streamflow [5,6]. However, a major limitation of this approach is the lack of 

available data globally, making it difficult to consistently assess drought hazard probabilities across space and 

time. A more widely used alternative is the use of atmospheric drought indices [7], which are based on 

meteorological variables—primarily precipitation and atmospheric evaporative demand [8,9]. These variables are 

generally available worldwide and allow for the assessment of long-term variability and spatial severity of 

droughts [10]. This method typically relies on standardized indices, which are normalized to have a mean of zero 

and a standard deviation of one, facilitating spatial and temporal comparisons across different variables. 

Nevertheless, the use of standardized drought indices presents limitations, as they display identical units 

everywhere, limiting their ability to establish spatial differences in drought hazard probability. Therefore, further 

processing—such as identifying specific drought events and analyzing their duration and magnitude—is often 

required to derive meaningful spatial patterns [11]. These limitations can complicate interpretation from a 

climatological standpoint. To address this, approaches based on single variables recorded at high temporal 

frequency have been widely used in drought hazard assessment [12,13]. 

Precipitation data, in particular, have been frequently used, as prolonged periods of low rainfall are primary 

drivers of meteorological droughts [14]. Extended dry spells—defined as long sequences of days with scarce or 

no precipitation—can pose significant environmental impacts, including a substantial increase in the risk of forest 

decline and mortality [15], a reduction in crop yields in dryland areas [16], and a likely elevation in the probability 

of wildfires [17]. They also diminish water availability essential for hydropower, irrigation, urban, tourism, and 

industrial uses [18–20], triggering cascading effects that disrupt entire socioeconomic systems [21]. Because of 

these widespread impacts, dry-spell analysis has been extensively used to assess drought hazard probability [22–

26] as regions with higher probabilities of long dry spells can be identified as being at greater risk of drought. 

Recent global analysis has shown significant changes in the duration of extreme dry spells over the past 60 

years [27]. Given the significant impacts of these long dry spells, it is essential to produce accurate spatial estimates 

of dry spell hazard probabilities. As drought is a significant factor in the occurrence of compound and cascading 

dry hazard phenomena, particularly in southern Europe and the Mediterranean, several recent studies have 

investigated the probability, frequency, and severity of dry-spell hazards in Southwest Europe and the 

Mediterranean [28–30]. In this regard, while digital maps for extreme precipitation events have become relatively 

common [31–34], examples of dry-spell hazard probability mapping remain scarce [22,35,36]. 

Spain is highly affected by drought events [37,38], which produce severe socioeconomic, agricultural, and 

ecological impacts [39–42]. For this reason, mapping dry-spell hazard probability at enhanced spatial scales is 

critical for informing territorial planning strategies that integrate precipitation-related hazards into environmental, 

economic, and social management. This makes the development of high-resolution maps depicting dry spell 

probabilities a priority in the country. In this study, we present, for the first time, spatial maps of dry spell duration 

quantiles across Spain and integrate this information into a climate service platform. This tool allows users to 

interactively explore return periods and quantiles of dry spell durations, providing a valuable resource for climate 

adaptation planning. 

2. Data and Methods 

2.1. Database 

We used daily precipitation data from 2840 stations for 1961–2024 (Figure 1). These stations were selected 

from the full set of daily records provided by the Spanish Meteorological Agency (AEMET), which included raw 

data from nearly 11,000 stations. The dataset underwent rigorous quality control [43]. For stations with more than 

35 years of original data, missing values were filled using a quantile matching approach based on data from 

neighbouring stations [44]. This procedure considered only stations with at least 15 years of overlapping data, 

which are located within a 50 km radius of the target station. Further details on this methodological procedure can 

be found in [45]. 
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Figure 1. Spatial distribution of the precipitation stations used in this study: continental Spain and Balearic Islands 

(upper), and Canarias islands (bottom). 

2.2. Methods 

2.2.1. Selection of the Sample 

This study builds on the methodological approach proposed by [46], albeit with several modifications. Our 

focus is on estimating the spatial hazard probability of dry spell duration, defined as consecutive days with zero 

millimetres of precipitation. We define days with <0.1 mm precipitation as dry, following AEMET’s convention.  

Various approaches have been developed to model the censored data corresponding to dry spell durations. 

For short dry spells, models such as Markov chains [24,25,47], the exponential distribution [48], the mixed 

geometric distribution [49], and the truncated negative binomial distribution [50,51], among others, have been 

employed. However, a key limitation of these models is their insensitivity to the upper tail of the distribution—

precisely where the most impactful long dry spells occur. Although dry spell duration is inherently a censored 

(discrete) variable, the large range of values allows it to be reasonably approximated as continuous for the purpose 

of modelling extreme events. 

Therefore, we applied extreme value theory (EVT) to estimate the probability of events exceeding a given 

threshold [52]. Here, we constructed partial duration (PD) series based on predefined thresholds, selecting only 

those values that exceed the threshold and defining the exceedances. Since the choice of threshold can influence 

the estimated dry spell quantiles [46], we evaluated several threshold selection methods. We used fixed 
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percentiles—namely the 90th, 92.5th, and 95th percentiles—as well as data-driven approaches such as the Hall 

estimator, based on extreme value theory to estimate the optimal tail fraction; mindist, which selects the threshold 

that minimizes the distance between empirical and theoretical distributions; PS (Pickands–Siegmund), which 

minimizes the bias–variance trade-off in tail estimation; and single and double bootstrap procedures (Gomes, Himp, 

dAMSE) for determining the optimal sample fraction [53]. 

2.2.2. Theoretical Framework 

The series generated by exceedances over a threshold tend to converge to a Generalized Pareto (GP) 

distribution [54], a behavior that has been observed—even when censored—in dry-spell length series due to the 

wide variability of this variable [35,46,55]. The GP distribution is defined by an origin parameter (x0), a shape 

parameter (κ), and a scale parameter (α), with the following cumulative distribution function: 

𝑃(𝛼, 𝜅) = 1 − (1 − 𝜅
𝑦

𝛼
)

(
1

𝜅
)

, (𝑦𝑖 = 𝑥𝑖 − 𝑥0).   

In this study, GP distribution parameters were estimated using the probability-weighted moments method 

[56]. The exceedance probability of Y is often expressed through its return period t, which represents the expected 

time between two consecutive occurrences of the event. The return period is the inverse of the exceedance 

probability: 

𝑡𝑦 =
1

𝜆[1−𝑃(𝑌≤𝑦)]
   

where λ is a frequency parameter representing the average number of exceedances per year in the dataset. The 

expected maximum value Ey(t) over a period of t years is calculated as: 

𝐸𝑦(𝑡) = 𝑥0 +
𝛼

𝜅
[1 − (

1

𝜆𝑡
)

𝑘

]   

Uncertainty in these estimates strongly depends on the sample size—larger values are generally associated 

with higher uncertainty. For this reason, magnitude-frequency curves for different dry-spell durations are 

complemented by confidence interval estimations. The variances and covariance of α and κ are defined as:  

𝑉𝑎𝑟(𝛼) =
𝛼2

𝜆
∙

7+18𝜅+11𝜅2+2𝑘3

(1+2𝜅)(3+2𝜅)
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1

𝜆
∙
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𝛼

𝜆
∙
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For a return period t and total time span A, the required partial derivatives are:  
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1

𝑘
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The standard error ST of the return period estimate is: 

𝑆𝑇 = √𝑎1
2𝑉𝑎𝑟(𝛼)+𝑎2

2𝑉𝑎𝑟(𝜅) + 2𝑎1𝑎2 ∙ 𝐶𝑜𝑣(𝛼, 𝜅)   

2.2.3. Spatial Mapping 

Dry-spell quantiles can be estimated at individual meteorological stations and directly interpolated, as done 

in previous studies for both dry-spell [46] and extreme precipitation quantiles [57,58]. However, several studies 

have shown that interpolating distribution parameters outperforms direct quantile interpolation [59,60]. This 

approach also offers flexibility for user-defined, spatially distributed quantile calculations. For this reason, we 

interpolated the GP distribution parameters to improve estimation in regions lacking direct observations, following 

similar strategies previously applied to extreme precipitation mapping at a 2.5 km resolution [34,61]. 

To interpolate the parameters x0, α, κ and λ, we applied a universal kriging algorithm [62], using geographic 

latitude, longitude, and elevation as auxiliary variables. Two zones were defined: (i) the Spanish mainland and 

Balearic Islands; and (ii) the Canary Islands. Up to 100 neighbouring observatories were used, with elevation and 

distance to the sea included as covariates. For semivariogram fitting, when the range was below 20 km or the sill 

was zero, a spherical model with a nugget effect was imposed. Interpolated layers were validated via a jack-knife 



Halifa-Marín et al.  Water Scarcity Drought 2025, 1(1), 4 

  5 of 16  

resampling procedure: parameters at individual stations were withheld, interpolated from remaining stations, and 

the difference between predicted and observed values was computed. 

We applied different metrics for the validation procedure, including the mean absolute error (MAE), the 

Mean Error (ME), the Relative Standard Deviation (rSD), the Pearson correlation coefficient (r), the Kling-Gupta 

Efficiency (KGE), and the D agreement Index [63]. A more comprehensive and robust evaluation of model 

performance is facilitated by the use of a variety of validation metrics. 

3. Results 

3.1. On-Site Estimation and Validation 

The method used to define the precipitation threshold for exceedance series generation yielded consistent 

values across the network (Figure 2). Some alternative approaches (e.g., gomes, Himp) produce high variability 

and elevated thresholds, which significantly reduced the sample size for probabilistic modeling. Using the 90th 

percentile of dry-spell duration yielded similar thresholds to those from other quantitative approaches (e.g., hall, 

mindist), with minimum differences compared to higher percentiles (92.5th, 95th). Thus, it is a suitable and 

conservative choice for Spain, maximizing sample size without including non-extreme events. 

 

Figure 2. Comparison of the criteria used to define the threshold for constructing the peak-over-threshold series 

for extreme dry spells. The central line within each box represents the median, while the lower and upper edges of 

the box correspond to the first (Q1) and third (Q3) quartiles, respectively. The whiskers extend to the most extreme 

data points within 1.5 times the interquartile range (IQR) from the quartiles. Points beyond the whiskers indicate 

outliers. Threshold selection methods shown on the X-axis include: fixed percentiles (90th, 92.5th, 95th); dAMSE 

(double bootstrap minimizing asymptotic mean squared error); Gomes (bootstrap-based stability method); Hall 

estimator; Himp (single bootstrap procedure to select the optimal tail sample fraction by minimizing an AMSE-

based criterion, improving on Hall’s approach), mindist (minimum distance), PS (Pickands–Siegmund). 

Figure 3 illustrates the strong fit between observed (empirical) and modeled cumulative distribution functions 

(CDF) for dry-spell durations at four representative meteorological stations using the GP distribution, 

demonstrating the performance of our threshold selection and the GP distribution’s suitability. Figure 4 confirms 

this finding across all 2840 stations, showing high agreement based on R2, the agreement index (d), and KGE. 

While the fit between empirical and modelled CDFs is consistently strong across the network (Figure 4), a few 

stations showed lower performance. These discrepancies likely reflect local climatic variability, complex 

topography, and shorter or fragmented records, which increase uncertainty in parameter estimation. 
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Figure 3. Top: Relationship between the observed duration of the dry-spells and the modelled CDF by means of 

the GP distribution. Bottom: Observed empirical CDF and GP distribution modelled CDF for the dry spell duration 

in four meteorological stations (Zaragoza, Madrid, Valencia and Sevilla). 

 

Figure 4. Validation of the goodness of fit between observed and modelled CDF for dry spell duration using the 

methodology of this study in the whole set of meteorological stations. Panels (a–c) represent the results for R2, D, 

and KGE analysis, and Panel (d) shows the boxplot for those metrics, identifying the median, interquartile range 

(with lines) and outliers (points) with values above the 90th percentile and below the 10th percentile. 
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3.2. Parameter Mapping 

Spatial interpolation of GP distribution parameters reveals strong geographic coherence (Figure 5). In 

mainland Spain and the Balearic Islands, the α parameter showed a north-south gradient, with higher values in the 

south and modulation by topography. In the Canary Islands, despite their smaller area, α also exhibited clear spatial 

gradients related to elevation and west-east climatic differences. 

 

Figure 5. Spatial distribution of the alpha, kappa, x0 and lambda corresponding to the maximum precipitation and 

total precipitation during the extreme precipitation events and the dry spell duration in the Iberian Peninsula and 

the Balearic Islands (a) and in the Canary Islands (b). 

The origin parameter x0 showed a similar pattern to α but with key differences—such as higher values in 

southeastern Spain. Topography also influences the spatial patterns, particularly in mountainous northern regions. 

The frequency parameter λ followed a north-south gradient, with maximum values in the north and minimum in 

the southeast. The shape parameter κ displayed greater spatial variability but showed identifiable patterns, with 

lower values in the southwestern and southeastern mainland and the western and southern Canary Islands. 

Table 1 presents validation statistics from the jackknife procedure for each parameter. Agreement was found 

between observed and predicted values, especially for α, x0 and λ, with rSD, KGE, and D values exceeding 0.9 in 

mainland Spain and the Balearic Islands. These statistics are slightly lower in the Canary Islands, reflecting greater 

climatic and topographic heterogeneity, but still indicate robust performance (e.g., D > 0.8). Notably, even κ 

showed reasonable agreement in the Canaries, supported by high rSD and D values.  

Additional validation comes from Figures 6 and 7, which illustrate the distribution of observed versus 

interpolated GP parameters using violin plots. The similarity in the shape and central tendency of these 

distributions indicates that the interpolation process preserves the statistical characteristics of the original data, 

with no systematic bias for most parameters. This visual confirmation complements the cross-validation metrics 

in Table 1, reinforcing the reliability of the spatial interpolation approach. Although the validation metrics for the 

shape parameter κ were lower than those for the other parameters (Table 1), this behavior is expected given the 

higher sensitivity of κ to sample variability and the scarcity of extreme events. Despite this, κ exhibited a coherent 

spatial pattern and validation values clearly different from zero, particularly in the Canary Islands, where κ showed 

a well-defined spatial structure. These results indicate that, although κ tends to incorporate a more random 

component than other parameters, its spatial mapping provides valuable information compared to assuming a 

constant value. 
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Table 1. Cross-validation statistics for the different parameters: the mean absolute error (MAE), the Mean Error 

(ME), the Relative Standard Deviation (rSD), Pearson correlation coefficient (r), the Kling-Gupta Efficiency (KGE), 

and the D (Willmott agreement Index). 

Peninsular Spain and Balearic Islands  

 MAE ME rSD r KGE D 

alpha 1.72 0.02 0.95 0.94 0.92 0.97 

kappa 0.05 0.00 0.61 0.49 0.36 0.65 

x0 1.45 −0.03 0.94 0.93 0.90 0.96 

length 11.69 0.19 0.96 0.95 0.94 0.98 

Canary Islands 

  MAE ME rSD r KGE D 

alpha 18.99 0.86 0.90 0.79 0.77 0.88 

kappa 0.16 −0.01 0.85 0.76 0.70 0.86 

x0 8.35 0.00 0.89 0.73 0.71 0.84 

length 17.35 1.25 0.93 0.90 0.88 0.95 

 

Figure 6. Violin plots comparing the observed and predicted parameters in the Peninsular Spain and Balearic 

Islands using the jack-knife cross-validation approach. 

 

Figure 7. Violin plots comparing the observed and predicted parameters in the Canary Islands using the jack-knife 

cross-validation approach. 
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3.3. Long Dry-Spell Hazard Probabilities 

Figure 8 shows the magnitude-frequency curves for dry-spell durations at selected stations, highlighting large 

spatial differences. Some locations may experience dry spells over 200 days once every 50 years, while others 

may not exceed 50 days over the same period. 

 

Figure 8. Examples of the quantile curves for 25 meteorological stations. 

Quantile maps (Figure 9) clearly reflect spatial gradients. In mainland Spain and the Balearics, longer dry 

spells (e.g., >200 days in 100 years) are expected in the southwest. In the Canary Islands, western and eastern 

differences are evident—eastern islands, with their arid climate, may experience dry spells exceeding 500 days in 

100 years. These patterns are consistent with return period maps for durations of 50, 100, and 150 days (Figure 

10), which show much longer return periods in northern Spain and much shorter ones in the south. 

 

Figure 9. Quantile estimations for the dry spell length for periods of 25, 50 and 100 years in the Iberian Peninsula 

and Balearic Islands (a), and Canary islands (b). 
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Figure 10. Return period in years corresponding to different magnitudes of precipitation and days of the dry spell 

length: Iberian Peninsula and Balearic Islands (a) and Canary Islands (b). 

Finally, the agreement between station-based and interpolated estimates of the maximum dry-spell duration 

expected over 20 years (Figure 11) confirms the accuracy of the spatial interpolation. A near-linear relationship is 

observed in both mainland and island territories. Error statistics (Table 2) demonstrate a strong match between 

observed and predicted values (n = 2840 for mainland Spain and Balearic Islands; n = 72 for the Canary Islands), 

reinforcing the reliability of the hazard assessment maps. 

These interpolated parameters were integrated into an interactive dry-spell hazard estimation tool 

“https://rachas-secas.csic.es/ (accessed on 29 September 2025)” which allows users to select custom dry-spell 

quantiles and return periods, and to visualize and download corresponding maps and point-specific curves.  

 

Figure 11. Cross-validation of the maximum dry-spell duration expected over the 20-year return period. The 

scatterplots compare values calculated from on-site GP distribution parameters (observed) with those estimated 

using interpolated parameters (predicted) for all stations. Colors represent point density, and the 1:1 line indicates 

perfect agreement. 
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Table 2. Cross-validation statistics for the predicted quantiles based on the interpolated parameters versus the 

observed quantiles at the station level corresponding to the maximum dry spell in 20 years. Metrics are computed 

using all paired observations from the cross-validation procedure. MAE = Mean Absolute Error; ME = Mean Error; 

rCD = coefficient of determination for cumulative distribution; r = Pearson correlation coefficient; KGE = Kling–

Gupta Efficiency; D = Willmott’s agreement index. 

 MAE ME rCD r KGE D 

Peninsular Spain 7.77 −0.05 0.97 0.95 0.95 0.98 

Canary Islands 26.6 2.73 0.97 0.77 0.77 0.88 

4. Discussion 

This study presents, for the first time, hazard probability maps for long dry spells across Spain. In fact, it is 

one of the few existing examples in the scientific literature that develops probabilistic maps for long-duration dry 

spells. While some previous efforts have mapped dry spell probabilities in specific regions—such as Ethiopia [64], 

parts of Spain [65], Greece [66], or at low spatial resolution in Europe [67], to our knowledge, no previous work 

has produced such high-resolution (2.5 km) maps with high accuracy and the added flexibility to estimate either 

dry spell quantiles for specific return periods or return periods for specified dry spell durations. This flexibility is 

made possible by the accurate spatial mapping of the parameters of the Generalized Pareto Distribution (GPD) 

across Spain. Although the approach of spatially interpolating distribution parameters has been used for the 

assessment of extreme precipitation events [33,34,61], this is the first application of such a methodology for dry 

spells in Spain. 

Our results demonstrate the high accuracy of modeling dry spell durations exceeding the 90th percentile 

using the GP distribution. Compared to the traditional approach of using annual maximum values, this method 

provides a clear improvement in assessing dry spell hazard probabilities [46]. While other statistical distributions 

such as Weibull [67,68] or Wakeby [65] have been proposed, several studies have demonstrated the statistical 

robustness and suitability of the GPD for modeling dry spell hazard probabilities [35,46,55]. Our findings, based 

on a large network of meteorological stations spanning diverse climatic regions, reinforce this conclusion, with 

strong agreement observed between the empirical and GP-modeled cumulative distribution functions. It is 

important to note that the shape parameter κ showed lower validation performance compared to the other GP 

parameters, which is consistent with previous studies highlighting its higher uncertainty at local scales. This 

limitation arises because κ governs the tail behavior of the distribution and is therefore more sensitive to sampling 

variability and the limited number of extreme dry spells. For users of the data, this implies that caution is needed 

when interpreting return levels in areas with sparse station coverage, as uncertainty in κ can propagate to the 

estimation of very long return periods. Nevertheless, the spatial coherence observed in κ, particularly in the Canary 

Islands, and the strong agreement between observed and predicted return periods (Table 2) support the relevance 

of mapping this parameter rather than assuming a constant value. 

Furthermore, this approach significantly outperforms alternatives such as Markov chains [69,70] or censored-

data distributions, which fail to accurately represent the most extreme dry spells [25,71]—those that generate the 

most impactful socio-economic and environmental consequences, and which are the focus of this study. 

The resulting maps surpass previous attempts to assess dry spell hazard in Spain. For instance, [25] proposed 

a regionalization of Spain based on dry spell statistics from a limited number of stations, using Markov chains, 

which tend to underestimate hazard probabilities across large areas. Similarly, [67] produced dry spell quantile 

maps for Europe with a general north-south gradient, a pattern also observed in our results. However, their coarse 

resolution did not allow for detailed spatial differentiation. The north-south gradient in dry spell probability is 

primarily driven by the varying influence of subtropical air masses during summer [72]. When these stable 

conditions extend into spring and autumn, very long dry spells can occur, with significant consequences for 

agriculture and water resources [6,41]. 

A major advancement of our work lies in the generation of spatially continuous parameter maps, which enable 

flexible estimation of dry spell quantiles. Thanks to the high quality of these interpolations, we demonstrate that 

calculating quantiles from interpolated parameters not only performs well for extreme precipitation—as 

highlighted by earlier studies [59,60]—but also yields high accuracy in estimating long-duration dry spells. 

Beyond generating static maps, we also developed an interactive climate service tool that allows users to query 

dry spell quantiles and return periods at both regional and site-specific scales. While recent advances in climate 

services have focused on indices, seasonal forecasts, or climate projections [73,74], to our knowledge, this product 

is the first tool dedicated specifically to user-defined dry spell quantiles and return periods. Additionally, it features 

a detailed graphical interface that enhances the usability and interpretation of both spatial and point-level outputs. 
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This science-based service has significant potential for agricultural, ecological, and environmental 

applications in Spain, where long dry spells are a major risk. Moreover, the flexible methodology is transferable 

to other regions worldwide—particularly in developing countries where dry spells cause major crop losses. With 

sufficient meteorological data, this framework can be implemented to generate accurate, user-oriented estimations 

of extreme dry spell quantiles and return periods, potentially improving agricultural planning and climate resilience.  

A limitation of this study is the assumption of stationarity in the statistical properties of dry spell durations. 

It may not fully capture low-frequency internal climate variability or potential long-term shifts that are not 

represented within the observational period.  

Another limitation is the relatively low accuracy in estimating the shape parameter (κ), as shown in Table 1. 

This parameter strongly influences the upper tail of the distribution, so its uncertainty mainly affects the estimation 

of very long return periods (e.g., >100 years), whereas estimates for moderate return periods remain robust. These 

limitations highlight the need for caution when interpreting results for extremely rare events and suggest that future 

work should explore non-stationary extreme value models, adaptive recalibration strategies as new data become 

available, and advanced approaches such as hierarchical or Bayesian methods to improve κ estimation in data-

sparse regions. 

5. Conclusions 

This study delivers the first high-resolution (2.5 km) hazard probability maps for long-duration dry spells 

across Spain, addressing a critical gap in drought risk assessment. By applying extreme value theory and spatial 

interpolation of Generalized Pareto parameters, we provide a robust framework for estimating dry-spell quantiles 

and return periods across diverse climatic regions. Beyond the methodological contribution, a major achievement 

of this work is the development of an operational climate service through an interactive online platform 

“https://rachas-secas.csic.es/ (accessed on 29 September 2025)”, which allows users to easily query site-specific 

hazard estimates and download data. This tool is designed to support decision-making in sectors such as water 

resource management, agriculture, and environmental planning, offering a user-friendly interface and transparent 

outputs. Together, these elements strengthen the capacity for drought risk management and provide a foundation 

for future updates and extensions of the service. 

The main conclusions of this study are: 

● Dry spell durations were effectively modeled using the Generalized Pareto Distribution, with parameters 

spatially interpolated using universal kriging, achieving strong agreement with empirical station data across 

2840 stations. 

● Parameter mapping and jackknife validation confirmed high model performance (e.g., KGE and agreement 

indices >0.9 for most parameters), even in climatically complex areas like the Canary Islands. 

● The results reveal a consistent north-south gradient in dry spell severity, with the most prolonged and frequent 

dry spells occurring in southern and southeastern Spain and the arid eastern Canary Islands. 

● This study delivers the first high-resolution (2.5 km) maps of dry spell hazard probabilities across Spain, 

significantly advancing climate services for drought risk management. 

● As an outcome of this study, an interactive platform was developed, allowing users to explore and download 

dry spell hazard maps and return period data at fine spatial scales. 

● The flexible, data-driven methodology is adaptable to other drought-prone regions worldwide, offering a 

valuable tool for climate adaptation planning in sectors like agriculture, water management, and conservation. 

The interactive platform provides two main functionalities: (i) users can select a dry-spell duration (in days) 

to visualize the associated return period (in years) for each grid cell, or (ii) specify a return period to obtain the 

expected dry-spell length across Spain. This dual approach allows flexible queries while maintaining a simple 

interface, where only two input fields are required and each visualization includes clear legends for interpretation. 

When a user clicks on a specific location, a pop-up graph displays the magnitude–frequency curve, with the x-axis 

representing return periods (years) and the y-axis the corresponding dry-spell duration. The “Días” input box 

modifies the threshold for which the return period is calculated, while the “Años” axis in the pop-up reflects the 

full range of return periods for context. Unlike real-time monitoring services, this platform does not require 

continuous updates; recalibration will only be necessary when a substantial new volume of precipitation data 

becomes available. The full gridded dataset is also accessible for download through the platform, and a DOI is 

provided for citation and reproducibility. This tool complements existing climate services in Spain by focusing 

specifically on drought-related hazards and is intended for a wide range of users, including water resource 

managers, agricultural planners, and environmental agencies, supporting decision-making processes at both local 

and regional scales. An important limitation is that the methodology assumes stationary statistical properties of 
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dry spells observed. Users of the interactive tool should therefore interpret these results as representative of past 

and current climate conditions, not as projections. For long-term planning, these estimates should be 

complemented with climate model projections or non-stationary approaches to better account for possible future 

changes. 
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