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Hydrological studies depend heavily on environmental variables, such as precipitation and resulting 
runoff, which exhibit highly seasonal and intermittent behaviour in semiarid basins. In these basins, 
the use of traditional methods to adjust biases in time series projections can lead to inaccurate results 
regarding the impacts of climate change. This study introduces a non-stationary bias adjustment 
methodology (NS) specifically designed for environmental variables characterized by sporadic events 
and substantial intensity variability, such as precipitation. The methodology involves establishing a 
probability threshold to adapt the occurrence of precipitation events and utilizes a quantile mapping 
method based on a non-stationary theoretical and parametric distribution to adjust biases associated 
with precipitation intensity. The NS method is applied to daily precipitation projections from seven 
regional climatic models under the RCP 8.5 scenario spanning 2006–2100, alongside historical 
concurrent data from 1970 to 2005. The present method is compared to the widely used quantile delta 
mapping approach (QDM), revealing significant differences in performance related to the distribution 
of precipitation events throughout the year and the behaviour of mean and extreme intensity values. 
Both approaches show reliable performance, with root mean square errors between the empirical 
distribution functions of the corrected hindcast time series and the observations being lower than 
or close to 1 mm for the percentiles smaller than 50th. The error increases with the percentiles, 
particularly at stations located at higher altitudes. In these locations, QDM doubles or triples the error 
obtained with the non-stationary approach for percentiles higher than 75th, reaching up to 34 mm. 
The proposed methodology demonstrates promising potential in reducing uncertainties associated 
with systematic errors in inter-annual precipitation variability. It is a first step to jointly apply a similar 
approach to all involved driving variables. Such methods are key to assessing hydrological responses 
and associated impacts in semi-arid mountainous basins all around the Globe.
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Regional climate models (RCMs) have been widely used for hydrological and water resources impact assessments 
during the last decade1–3. This kind of dynamical downscaling procedures provide a good description of 
orographic effects and mesoscale patterns4–6. However, atmospheric models have structural errors and 
parameterizations that affect their ability to predict the spatiotemporal behaviour of precipitation7–10 and limit 
the modelling of climate variability at regional and local scales. Most RCM models present limitations to capture 
the representative local scale climate patterns11–13 or the regional variability at inter-annual to decadal time 
scales8,14–17. Convection permitting models, with finer resolutions (≤ 4 km), resolve convective processes and 
improve regional and local-scale climate information, however, they face significant future challenges such as 
the lack of reliable high temporal and spatial resolution observations, the large data volume generated and the 
heavy computational requirements18,19. These difficulties are relevant to precipitation over areas with complex 
topography and high spatial and temporal variability20,21. The bias of RCMs complicates the assessment of runoff 
at places that are strongly influenced by small-scale precipitation patterns17, characteristic of mountainous 
environments22,23 and semi-arid regions24 where intermittency and spring-flooding events have a significant 
hydrological impact during the thawing period in snowmelt driven basins17,25,26.
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Works found in the literature commonly employ two statistical corrections that utilize two reference series 
to formulate the correction function used in the projection. One series is derived from observations and the 
other from modelling. These corrections include (i) adjustment of the frequency of event occurrence and (ii) 
correction of magnitude biases27,28. The former is necessary when there is a significant difference between the 
precipitation occurrences of the reference series, typically observed when the temporal series’ time step is daily 
or sub-daily. The latter assumes that the bias remains consistent for both the historical period and projections. 
These disparities present challenges for accurate correction, given their intermittence and the crucial persistence 
associated with their occurrence or absence29. The present study is also founded on these premises to develop a 
two-step non-stationary (NS) bias adjustment method.

There are several ways to perform the occurrence bias adjustment of precipitation, for instance, (i) by 
preserving the wet-dry ratio of the observed period under the assumption that the climate models produce 
the same number of raining days30, (ii) by partially correcting the wet days31, (iii) by direct approach32,33, 
through maintaining a minimum threshold as in the observed period34, adapting the threshold to ensure the 
same frequency days of precipitation35, or (iv) by partially correcting the dry days29. When hindcast data, 
which are the modelling results for the historical period, have more wet days than observations, it appears the 
so-called “drizzle effect” or drizzle days30,36,37. Conversely, the “drier effect” appears when the modelled data 
underestimate the precipitation occurrence for the period under observation. For these cases, Themeβi et al.37 
proposed a frequency adaptation method. Piani et al.9 suggested to retain the dry and drizzle statistics in the 
transfer function between the simulated and corrected variable. Vrac et al.29 successfully validated a methodology 
for adjusting occurrence by replacing zero precipitation values with a uniform random distribution below the 
minimum observation threshold. In basins where the interannual behaviour of precipitation is highly variable; 
it is convenient to address both phenomena with a NS adjustment of the threshold.

The second correction step focus on the bias of the magnitude of interest. Recent inter-comparison works have 
analysed the performance of different univariate and multivariate bias adjustment methods for adjusting the bias 
of variables such as precipitation and temperature34,38–44. Most of them focused on the quantile mapping method 
proposed by Panofsky et al.45 (see also Déqué et al.46 for further information) and the recent developments of the 
detrended quantile mapping and quantile delta mapping (QDM)34. All these methodologies have been widely 
used due to their flexibility and simplicity47–51. The quantile mapping method shows the ability to preserve the 
climate signal along the 21st century34,52–54, however, the climate distribution might significantly change over 
time neglecting the stationarity premise55–57.

The methods based on the quantile mapping and the QDM require the estimation of the distribution 
functions of precipitation intensity. In that regard, Gudmundsson et al.58 pointed out that parametric approaches 
are usually site specific. However, the use of non-parametric ones makes it difficult to capture extreme values 
behaviour and, as observed by Michelangeli et al.59, their use for projections is only valid for the range of values 
of observations.

Some works indicate that the model bias is time-dependent and related to the dynamic feedback of climate 
processes41,44,52,60,61. The study proposed by Miao et al.53 formulated a mix of conditional transformations for 
gamma and beta distributions for independently removing monthly or seasonal NS bias of temperature and 
precipitation. However, such distributions, may not be suitable for all studies involving precipitation, especially 
with respect to extremes62.

Some of the above-mentioned methodologies are susceptible to be modified to consider non stationarity, 
thereby elevating the level of certainty associated with future impacts28,63. The approach can be done, in 
principle, by dividing the time interval into subintervals (i.e. the year into seasons or months). From a practical 
point of view, however, it is required that (i) the number of data values in the month or season is long enough to 
adequately characterize high percentiles; (ii) the parameterization of the distribution function changes gradually 
between divisions. In arid or semiarid regions like the study area, the precipitation exhibits high intermittency, 
which means months even without rainy days, and a highly seasonal behaviour, which shows strong changes 
between distributions, that makes such a non-stationary approach unaffordable.

The present study introduces a methodology based on the QDM method, utilizing a NS parametric theoretical 
distribution function to preserve the bias of the historical period in projections of univariate variables. This 
methodology has been applied at an inter-annual scale to precipitation at a semi-arid study site in the southeast 
of the Iberian Peninsula, where precipitation exhibits high spatial and temporal variability, as well as pronounced 
seasonality and intermittency of events. This is a key first step in understanding future hydrological scenarios. 
Specifically, this approach: (i) does not require extrapolation techniques for values beyond the calibration period 
range, (ii) does not impose any theoretical probability model, (iii) does not correct extreme events independently, 
and (iv) is capable of removing bias across different time scales, from days to decades. It should be noted that the 
method has a general character and can, therefore, be applied to other univariate variables as well.

The paper is organised as follows. In Sect. 2, the study site and available data are presented. Section 3 describes 
the NS coupled correction method and highlights the relevance of the NS approach. Section  4 presents the 
advantages of the proposed methodology through a comparison to the QDM technique. Section 5 discusses the 
results, and the conclusion completes the manuscript.

Data
Study site
The mountainous basin of the Guadalfeo River is situated at the southeastern Iberian Peninsula, covering an 
area of 1250 km2 (Fig. 1). The hydrological dynamics and pluvio-nival character of this small Mediterranean 
semi-arid basin are governed by the influence of the Sierra Nevada Mountain (Spain). Over the past 30 years, 
a monitoring network deployed in the basin has provided hydro-meteorological data64. The mean annual 
precipitation in the basin from 1970 to 2005 was 603 mm, with minimum and maximum values of 380 mm and 
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986 mm, respectively. Precipitation exhibits a significant altitude gradient, with mean annual values ranging 
from approximately 420 mm near the coast to 497–558 mm at Órgiva (450 m a.s.l.) and Contraviesa mountains 
(1500 m a.s.l.), respectively. It increases to 739 mm at Sierra Nevada (2470 m a.s.l.), located approximately 40 km 
from the coast. Above 2000 m altitude, more than 75% of the total annual precipitation occurs as snow65.

The study region faces significant changes in meteorological factors when considering climate projections 
for Mediterranean environments69,70. Specifically, results from the European branch of the international project 
Coordinated Regional Climate Downscaling Experiment (EURO-CORDEX) predict a mean precipitation drop 
of 20% over the Iberian Peninsula for the end of the 21st century which was not evenly distributed throughout 
the year. In fact, the decrease in the number of heavy precipitation events is projected to be close to 15% in 
summer, while an increase up to 25% is expected during other times of the year. These changes have implications 
for hydrological processes, such as water availability in reservoirs71 and erosive and sedimentary processes64,72.

Available data
Daily precipitation measurements were obtained from meteorological stations located at various altitudinal 
environments, ranging from 50 to 2500 m above sea level (m a.s.l.) (Table 1). These stations are strategically 
positioned to assess the spatial distribution of hydro-meteorological drivers, altitudinal gradients, and snow 
dynamics in the Sierra Nevada mountains (Spain)64. The records span over the selected study period, from 
1970 to 2005. Stations #100, #601 and #801 were analysed and compared with nearby stations to complete 
the precipitation series according to their spatial and altitudinal distribution70. Their good assessment of local 
meteorological and hydrological behaviour was confirmed by different research works65,73–76.

This information was utilized in conjunction with a set of dynamically downscaled climate mean daily 
precipitation data obtained from various global and regional climate models (GCM-RCM) under the RCP 8.5 
scenario, which have continuity in the so called SSP5-8.5 of the more recent Shared Socioeconomic Pathways 
scenario77. The historical and projected periods range 1970–2005 and 2006–2100, respectively. These time series 
are derived from EURO-CORDEX initiative which provides hindcast data for the historical period (hereinafter 
referred to as hindcast) and projections for worldwide regions according to the Fifth Assessment Report78, 
utilizing a daily temporal resolution and a regular grid with a spatial resolution of 0.11º (approximately 12.5 km).

We utilized the results of the RCMs of the Danish Meteorological Institute (DMI), the Royal Netherland 
Meteorological Institute (KNMI) and the Swedish Meteorological and Hydrological Institute (SMHI) (Table 2, 
see Sobolowski et al.79 for further information). These models have been previously used for the analysis of 

Fig. 1.  Location of the study site and data sources. a) Location of the Guadalfeo river basin (southern Spain). 
b) Distribution of meteorological stations (triangles) and their nearest grid points of RCMs (circles). The 
map is created using the Python Matplotlib library66. The contour lines are obtained from the Digital Terrain 
Model (DTM) with a 25 m grid pitch from LiDAR 2014–2015 flights, in Spanish called MDT25 and distributed 
by the Spanish National Centre for Geographic Information (CNIG)67. The river and reservoir information 
are obtained from the Structures, Hydrography, and Urban System layers of the Andalusian Environmental 
Network (DERA)68. The map uses EPSG:4326 coordinates with a geographic coordinate grid. The grid of the 
RCM models is also shown with grey lines.
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precipitation projections in Mediterranean basins80,81 and fit both the spatial and temporal resolution as well as 
the available data at the study area.

Methodology
We begin with daily precipitation time series of observations and RCM data covering the same historical period 
(1970–2005) for which there is available information of observations and hindcast data and projected for the 
future period 2006–2100 with the selected GCM-RCM models (see Sect. 2.2), denoted as xo (t), xh (t), and 
xp (t), respectively, where t represents time.

The proposed coupled NS method corrects the bias of the projections in two steps: adjusting of precipitation 
frequency first and correcting the bias in the amount of precipitation by means of a NS quantile delta mapping 
adjustment technique. The steps of the methodology are outlined in Fig. 2 and summarized below.

For each station, a series of observed precipitation data, a corresponding hindcast series, and a projection 
are available at the stations given in Table 1. The following bias correction procedure is applied to each station:

•	 The observations, xo(t), and hindcast data, xh(t), are analysed using empirical distribution function to estab-
lish a non-stationary wet-day threshold, x∗h (t) (Sect. 3.1). The use of this threshold to select precipitation data 
in the hindcast series ensures that the same number of precipitation days is present in both the observed and 
hindcast series. Within this step, an occurrence corrected hindcast (OC-H) series is obtained.

•	 The observed and corrected hindcast series are analysed using a non-stationary parametric statistical model, 
resulting in the definition of the corresponding non-stationary distribution functions, Fo and Fh (Sect. 3.2). 
The difference between these functions lead to the transfer function, T , which relates the precipitation value 
before and after correction for a given point in time and probability values.

•	 The bias adjusted hindcast (BA-H) series, xNS
h , along with the observations, xo, are used to assess the perfor-

mance of the method (Sect. 3.3).

Finally, the application of the correction procedure for timeseries of projections follows the next steps:

•	 The projected values that exceed the non-stationary threshold ( x∗h (t)) are neglected, resulting in the correct-
ed series (OC-P).

•	 The transfer function is applied to OC-P using the NS parametric distribution fitted to the corrected projec-
tion series ( Fp), yielding the bias adjusted timeseries of projections (BA-P).

Institute Driving Model RCM Domain Time Freq. (h) Temporal Coverage Version Ensemble

DMI ICHEC-EC-EARTH HIRHAM5 EUR-11 3 1970–2005
2006–2100 20,190,926 r1i1p1

DMI NCC-NorESM1-M HIRHAM5 EUR-11 3 1970–2005
2006–2100 20,190,926 r1i1p1

KNMI ICHEC-EC-EARTH RACMO22E EUR-11 3 1970–2005
2006–2100 20,200,901 r1i1p1

SMHI CNRM-CERFACS-CNRM-CM5 RCA4 EUR-11 3 1970–2005
2006–2100 20,150,421 r1i1p1

SMHI IPSL-IPSL-CM5A-MR RCA4 EUR-11 3 1970–2005
2006–2100 20,150,421 r1i1p1

SMHI MPI-M-MPI-ESM-LR RCA4 EUR-11 3 1970–2005
2006–2100

20,191,116
20,160,803

r2i1p1
r1i1p1

SMHI NCC-NorESM1-M RCA4 EUR-11 3 1970–2005
2006–2100 20,180,820 r1i1p1

Table 2.  RCM experiments used in the present study.

 

Station # Altitude [m] Longitude Latitude Source of information Toponymy

176 (H) 50 -3.567 (-3.546) 36.746 (36.706) AEMET1 Salobreña

116 (E) 262 -3.580 (-3.586) 36.835 (36.811) AEMET Guájar-Fondón

100 (F) 450 -3.424 (-3.457) 36.901 (36.784) AEMET Órgiva

85 (D) 631 -3.674 (-3.714) 36.837 (36.779) AEMET Lentegí

601 (G) 950 -3.183 (-3.199) 36.925 (36.904) RIA-IFAPA2 Cádiar

93 (B) 1530 -3.363 (-3.367) 36.966 (36.979) AEMET Poqueira

112 (A) 1652 -3.480 (-3.496) 36.949 (36.947) AEMET Arquilla

801 (C) 2470 -3.214 (-3.238) 37.050 (36.009) UGR/UCO3 Tajos de Breca

Table 1.  Information on meteorological stations. Parentheses indicate information from RCM grid points. 
1Meteorological National Agency. 2Regional Agroclimatic network. 3Universities of Granada and Cordoba.
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The non-stationary character of precipitation is considered by means of a NS cumulative distribution function 
( F (x; t)) that estimates the non-exceedance probability of value x at a certain day t that varies over a selected 
time interval, I. The choice of I depends on the length of the time series available and the scales that want to be 
analysed, such as the yearly and inter-annual, among others, all related to climate variations82. In the application 
shown in Sect. 3.1 for the precipitation frequency and in Sect. 3.2 for the precipitation magnitude, the correction 
is done taking I as the year and allows to analyse the variability at scales shorter than and equal to the yearly 
one. As detailed in Cobos et al.82 the NS distribution function is defined in terms of time dependent parameters 
that are expressed as truncated generalized Fourier expansions and which coefficients are fit to observations by 
means of the maximum likelihood method83,84. This approach allows to capture the time dependence in a global 
way. More information about the fitting methodology can be found in the Supplementary Material (SM).

Non-stationary based bias correction of precipitation occurrence
The analysis of precipitation frequency starts with the set-up of a wet-day threshold from observations, x∗o. In 
the literature, this threshold is usually taken as a constant value varying from x∗o = 0.1 mm/day58,85–87 to x∗o = 1 
mm/day88.  Different procedures are recommended to pre-process data depending on whether the well-known 
drizzling effect36 or drying problem37,89 occurs. For our study area a minimum amount of precipitation that can 
be registered, x∗o = 0.1 mm/day, is selected.

The NS approach for occurrence-bias adjustment implies the computation of the empirical F for hindcast (
F̂h

)
 and observations 

(
F̂o

)
.

The procedure begins by replacing all values that fulfil xh (t) < x∗o by uniform random values between zero 
and x∗o, as in the singularity stochastic removal method29. Then, the hindcast values below a NS threshold (i.e., 
time varying value) as defined in Eq. (1) are neglected:

	
x*
h (t) = F̂−1

h

(
F̂o (x

∗
o; t) ; t

)
� (1)

where superscript − 1 refers to the inverse of the distribution function. With this approach, at time t, hindcast 
and observed data contain the same proportion of values over the threshold. This procedure addresses both 
drizzling and drier effects in the correction of the occurrence of precipitation. Regarding the drier effect 
( F̂h (x

∗
o; t) > F̂o (x

∗
o; t)), the present study is consistent with the work by Ines and Hansen85 and Themeßi et 

al.37, and those randomly generated values below the NS threshold, x∗h (t), are neglected. Where drizzling effect 
occurs at t, F̂h (x

∗
o; t) < F̂o (x

∗
o; t), all the randomly generated values are neglected.

Figure  3 shows F̂o (x
∗
o; t) for observations, F̂h (x

∗
o; t) for hindcast data, using in both cases the observed 

threshold (0.1 mm/day), and F̂h (x
∗
h (t) ; t) for hindcast data considering the new NS threshold for the model 

SMHI-IPSL-IPSL-CM5A-MR at station #176, all of them computed with a centred moving window of 14 days-
length. It can be observed that the time series primarily presents drizzle days (e.g., winter season with upside 
arrow) alternating with drier days throughout the year (downside arrows). After the selection of the computed 
NS threshold x∗h (t), F̂h (x

∗
h (t) ; t) and F̂o (x

∗
o; t) match perfectly (thicker green line).

Fig. 2.  Flowchart illustrating the steps for the application and the assessment of the proposed NS method.
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Non-stationary correction of precipitation magnitude
After applying the NS occurrence-bias-adjustment, the QDM is employed using theoretical NS parametric 
probability models tailored to observed, hindcast and projected datasets. The NS quantile delta mapping reads:

	 xNS
ξ (t) = xξ (t) + T (Fξ (xξ (t) ; t))� (2)

where

	 T (Fξ (xξ (t) ; t)) = F−1
o (Fξ (xξ (t) ; t))− F−1

h (Fξ (xξ (t) ; t)) .� (3)

In Eqs. (2) and (3), Fo(xp (t) ; t) and Fh(xp (t) ; t) represent the cumulative distribution functions of observed 
and hindcast data, respectively. The subscript ξ = h or p on Fξ (xξ (t) ; t) denotes the distribution function of 
hindcast or projected data, and on xNS

ξ (t) denotes the bias adjusted timeseries of precipitation for hindcast or 
projections, respectively.

Equation  (2) varies with time and does not specify any probability model as the argument of T . In the 
application of the methodology to the Guadalfeo basin, a NS gamma distribution is employed to characterize 
the statistical properties of observed, hindcast, and projected data, as detailed by Cobos et al.82,90. The probability 
density function of this distribution is given by:

	
f (y( t), t;α ) =

y (t)α (t)−1e−y(t)

Γ (α (t))
for y (t) > 0� (4)

where α (t) > 0, Γ  denotes the gamma function and y (t) is the rescaled x (t) time series:

	
y (t) =

x (t)− µ (t)

σ (t)
� (5)

In Eqs. (4) and (5), µ  and σ  are the location and scale parameters that are time-dependent functions, found as 
the best approach function within a subspace spanned by the set of trigonometric functions (generalized Fourier 
expansion). This choice allows for obtaining the best fits for all ranges of precipitation values at any time of the 
year. It is important to highlight that the parameter µ (t) coincides with x∗o (t) for observations and with x∗h (t) 

Fig. 3.  Non-stationary occurrence-bias-adjustment. a) Non-exceedance probabilities F̂o (x
∗
o) (black solid line), 

F̂h (x
∗
o; t) (blue solid line) and occurrence-bias corrected F̂h

(
x*
h (t) ; t

)
 (thicker green solid line) along the year 

for the model SMHI-IPSL-IPSL-CM5A-MR at station #176. The arrows indicate where drizzle (upside) and 
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for hindcast and projected values. This analytical approach effectively captures the pronounced seasonal climate 
variability prevalent in this semi-arid Mediterranean basin.

Figure 4 shows the NS distribution functions for observed and hindcast data above x∗o and x*
h, respectively, 

of the KNMI_ICHEC-EC-EARTH model at station #112 with the purpose of emphasizing the impact of the 
proposed NS approach on bias adjustment throughout the year. To elucidate the methodology, two distinct 
days in January (point P1) and July (point P2) are selected where the inverse values of the distribution functions 
are both equal to 8 mm. A stationary correction would assign the same percentile to both values, resulting in 
the same correction for the corresponding projections. The NS hindcast distribution at P1 is close to the 50th 
percentile, corresponding to 5 mm in the NS distribution of the observed data (P1’). Consequently, the projected 
value xp (t) will decrease by 3 mm after the correction. At P2, the percentile of the hindcast distribution is close 
to 25th, corresponding to almost negligible precipitation for the NS distribution of observations. In this last 
case, the projected value would decrease by approximately 8  mm. Another example highlighting significant 
differences throughout the year shows the 95th percentile by the end of the months of February and September, 
P3 and P4, respectively. The correction for the former entails a reduction of 20 mm (P3’), while for the latter, it 
implies an increase of approximately 5 mm (P4’).

Assessment of bias performance
The validation of the proposed approach is conducted by comparison between the results of several diagnostic 
parameters after the QDM and NS corrections. The choice of QDM is due to its effectiveness in correction, as 
noted by Tong et al.91, compared to other models. The computations were done using the Python CMethods92 
and Marinetools.temporal90.

The diagnostic parameters employs the monthly-averaged relative bias ∆93, defined as:

	
∆ ζ =

(ζ − ζ r)

ζ r

· 100� (6)

where ζ  is one of the following parameters: (i) the average number of wet days per month (nw), (ii) the average 
precipitation per month ( xm), (iii) the averaged 95th percentile value per month (x95)35,51,58,94, and (iv) the 
averaged accumulated precipitation per month ( xcum); and ζ r is the corresponding value for the reference data. 
The observations time series will be the reference data for comparison during the past period.

An indicator based on the root-mean-square-error for percentile q, RMSE(q) is defined as follows:

Fig. 4.  Non-stationary distribution function of hindcast data above x*
h (dashed lines) and observations above 

x∗o (solid lines) for KNMI_ICHEC-EC-EARTH at station #112. P1 - P4 and P1’ – P4’ illustrate examples of 
variability for daily precipitation during the year and bias between observations and hindcast as well.
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RMSE (q) =

√
1

n

∑
n
i=1

(
F̂−1
h (q, ti)− F̂−1

0 (q, ti)
)2

� (7)

where n = 365 days, q is the percentile (usually chosen as 5%, 25%, 50%, 75%, 95%, 99%) and ti denotes day 
i of the year. F̂0(q, t) and F̂h(q, t) represent the empirical NS distribution functions obtained from a 14-
day moving window over the observations and hindcast series, respectively, after the correction with NS and 
QDM methods. This indicator complements the previous ones as it describes the quality of the correction in 
probabilistic terms. For a specific percentile, q, RMSE (q) = 0, corresponds to an ideal prefect match between 
observations and corrections, while positive values indicate differences from the observations.

Finally, the comparison for projections is between ensemble models after the NS and QDM correction. It 
was conducted by repetition of the methodology for the combination of seven GCM-RCMs. After that, it was 
assessed the multi-model uncertainty through the average of all models.

Results
In this section, the results of applying the occurrence and magnitude adjustment proposed to hindcast and 
projected timeseries are presented. Firstly, the NS non-exceedance probability of x∗o and the corresponding 
threshold obtained for adjustment are depicted for all the GCM-RCMs considered. In addition, with the aim of 
showing the performance of the methodology on individual models, the analysis focus on the DMI-ICHEC-EC-
EARTH model. More precisely, the transfer function, T , between the hindcast and observations of that model 
is illustrated. Subsequently, the proposed development indicators are assessed on a monthly scale for both the 
QDM and the proposed method for the selected model. It is important to remark that QDM results do not 
consider the interannual variability in its formulation, even though they are represented in the same way as NS 
results for comparison. The section concludes with the presentation of the multi-model ensemble behaviour of 
the two methods for all GCM-RCM models considered and two stations at low and high altitude and assessing 
the future impact on Guadalfeo river basin. In the Supplementary Material can be found the results for the 
remaining GCM-RCM models shown in Table 2.

Non-stationary occurrence bias-adjustment
Figure 5 displays the probability that does not rain, e.g., x ≤ x∗o, obtained for hindcast data of seven GCM-RCM 
models and of observations, at the stations of the Guadalfeo river basin.

Observations exhibit a pronounced seasonal variation in the number of days without precipitation, with 
a clear peak during spring and summer, reaching nearly 95% in July and August, and maintaining relatively 
constant values during other seasons. Overall, there is approximately a 30% difference in the number of non-
rainy days between the drier days and the wet period. The minimum number of observed non-rainy days out 
of summer season corresponds to ~ 40% at stations #112, #601 and #801, while the maximum values (> 80%) 
are observed at stations #116, #176 and #85. The hindcast data also reflects this pattern albeit less prominently 
at stations #93 and #801 associated to the fact that those results come from grid points located at mountainous 
environments. Generally, both drizzle and drier effects are evident for hindcast time series at all the stations 
considered, except for #93 where only a drizzle effect is present throughout the year for all models. All the models 
underestimate the probability of not exceeding x*

o. This is especially true during the winter months for all the 
seasons considered. At the lower altitude stations, the models fit the observed summer data better. At the higher 
altitude stations (#93, #801), the models underestimate the non-exceedance probability and do not adequately 
represent the seasonality, except for station #112. The KNMI-ICHEC-EC-EARTH model underestimates the 
threshold in a generalized manner across all the stations considered.

Figure 6 shows the NS thresholds obtained with Eq. (1) for the hindcast data. The vertical axis is presented 
in a logarithmic scale to better discern the differences of up to two orders of magnitude in the variable x*

h (t) 
throughout the year. A pronounced temporal variability in x*

h is evident, with values exceeding 10  mm at 
stations #93 and #801. As previously articulated, a pervasive drizzle effect is noted across all models and seasons 
within the Guadalfeo river basin, where x*

h remains above 0.1 mm. At station #601, in all models, except KNMI_
ICHEC-EC_EARTH, x*

h presents values below 0.8 mm. Notably, at this station, models such as DMI_ICHEC-
EC-EARTH, DMI_NCC_NorESM1-M, SMHI_IPSL_IPSL-CM5A-MR, and SMHI_NCC-NorEMS1-M depict 
prolonged periods of drier effect. In contrast, at station #93, the mean threshold value stands at approximately 
4 mm, signifying a substantial deviation from the reference value (x∗o).

Figure  7 depicts the relative bias, ∆ nw, of the monthly number of rainy days in the hindcast data with 
respect to the observations and the corresponding corrected series for DMI_ICHEC-EC-EARTH model. The 
colour gradient is divided into three parts: values with a strong negative difference lower than − 100% are in 
purple, values between − 100% and 100% are in a colour red-white-blue gradient and finally, values higher that 
100% that presents a significant positive difference are in dark green. Reds and blues highlight periods of drier 
and drizzle effects, respectively. In general, the hindcast produces more rainy days at all basin stations with 
differences that rise to almost 800% at station #176. The exception is the station #601, where the count is lower 
in almost the entire year. At stations #85, #100, #112, and #601, there are less rainy days in June. Station #93 
shows a mean overestimation of 175% compared to the observation series for the same period. The NS approach 
significantly reduces the number of rainy days at all stations where it generally remains below ± 10%, except for 
the dry season where differences reach up to ± 40% approximately. It is noticeable that the largest variations with 
respect to the observation series occur in summer, primarily in July and August. The model KNMI_ICHEC-EC-
EARTH overestimates the number of rainy days at station #116 and July a 3817% (Fig. S01-01 of SM) and the 
correction reduced that value to 150%. During this period, the limited number of observed rainy days (around 
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one day per month on average) poses challenges for correction. Nevertheless, it is important to highlight the 
effectiveness of the method.

Non-stationary intensity bias-adjustment
Figure  8 depicts the transfer function, T (Fp (xp (t) ; t)) between the hindcast data and observations across 
all stations considered within the basin. The computation of T  was done over the year for probability values 
Fp (xp (t) ; t) ranging from 0.001 to 0.999 (y-axis). In general, for probabilities below 0.8, T  exhibits fluctuations 
within the range of -10 to 10 mm. Notably, the station at the highest altitude, #801, consistently registers a negative 
value, and station #93 even presents differences extending up to -50 mm. This phenomenon is attributed to the 
significant disparities observed between all models and the observations at the corresponding station, as outlined 
in Sect. 4.1. Above that probability value, the behaviour of each station diverges. Stations #176 and #100 manifest 
a temporal variability characterized by positive corrections in winter and autumn, and negative corrections in 
summer. Similarly, stations #116 and #85 display positive corrections in spring. Conversely, stations #93 and 
#801 implement corrections by diminishing precipitation throughout the year, reaching minimal values during 
the summer months for the remaining models (see also Figs. S02-01 to S02-07 of SM).

Figure 9 illustrates the bias performance by showing the relative bias with respect to observations (taken as 
reference data in Eq. 6) of hindcast data (left panels), data after the QDM adjustment (mid panels) and after the 

Fig. 5.  Empirical non-exceedance probability of x*
o of seven hindcast models 

(
F̂h

(
x*
o

))
 and of observations (

F̂o (x
∗
o)
)

 at the stations of the Guadalfeo river basin.
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NS adjustment (right panels) for the following descriptors (from top to bottom rows): the mean precipitation per 
month, ( xm), the monthly averaged accumulated precipitation, ( xcum) and the averaged 95th percentile event 
per month ( x95).

The hindcast shows a significant reduction in comparison to observations for all the descriptors throughout 
the year for stations #176, #116, #100 and #85 that are located at low altitudes and an increase for the 
mountainous stations (#93, #112, #801), except for July and August, the drier months. A transitional behaviour 
can be observed at station #601 located at an intermediate altitude. For the relative bias on monthly mean 
( ∆ xm), the highest reductions are found, ranging, in general, from 50 to 75% for stations #176, #116 and #85 
and with lower values for station #100. In August, the hindcast data even show a significant increase close to 
116% for station #100. Station #100 also exhibits a significant reduction, albeit with the caveat of overestimating 
the average precipitation in August by more than twice the observed value. At the remaining stations (#112, 
#93, #601, and #801) there is an increase in the average precipitation (depicted in blue). The largest differences 
are found in July or August except for #93 in which hindcast divergence with observations are obtained in 
spring months. After the application of the QDM adjustment, the variation between hindcast and observations 
is notably diminished except in August when a significant overestimation is noted for all stations. The average 
precipitation may be higher or lower than the observed values depending on the station and month. In stations 
#176 and #806, the hindcast yields an average precipitation more than five and four times higher, respectively, 

Fig. 6.  Non-stationary obtained thresholds 
(
x*
h (t)

)
 for all models considered at stations in the Guadalfeo 

river basin.
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than the observations. Finally, the NS approach improves the adjustment, restricting the average precipitation 
within ± 10% for all the stations except for #601 along the year apart from the months of July and August where 
a general underestimation of up to 60% persists.

The relative bias on cumulative average precipitation ( ∆ xcum) follows a similar pattern with the larger values 
found on the dry months where hindcast relative bias reach values close to 1000% higher at stations #176, #93 
and #801. QDM adjustment reduces differences for the wetter months but increase them for July and August for 
stations at the lower altitudes (#176, #116, #100, #85 and #601). The proposed NS method works in general much 
better than QDM throughout the year for all the stations except for #601 that shows larger absolute values for the 
wet months. The relative bias is smaller than 25% and very often close to 10% for all the non-dry months. In July 
and August, the performance of this method is better than QDM although it still fails to reproduce the behaviour 
at stations at the lower (station #176) and higher (station #801) altitudes. This may be due to the scarcity of 
precipitation data of observations during those months that is responsible for more uncertain estimations of 
the distribution function. It is worth noting how the NS method significantly improves the summer bias, much 
better than QDM, for those GCM-RCM models that exhibit a significant bias (Fig. S03-01, 03, 04 of SM).

The QDM effectively reduces this relative bias on ∆ x95 across all stations throughout the year with values 
close and sometimes smaller in absolute value to those obtained with the NS method. The months of July and 
August prove to be challenging to adjust, particularly with the QDM approach for which relative differences 
close to 1000% are even obtained at station #176 likely due to that method does not consider the temporal 
variability of precipitation. The NS adjustment gives, generally, smaller values during the dry months ranging 
from negligible differences at station #93 to a value close to 210% at #176.

The NS correction reduces bias on the diagnostic parameters in 7 to 9 out of the 12 months of the year in 
comparison to QDM for five of the stations (#176, #116, #100, #93, #801). Three stations (e.g., #601, #112, or 
#85), located in areas with more complex orography, show improvement with the NS method in 3 to 5 months. 
Overall, in the study area, the months that show better correction cover the spring-summer season (March 

Fig. 7.  Percentage of the monthly relative difference of the number of rainy days, ∆ nw, of observations and 
hindcast data (upper panel) and observations and the corresponding corrected series (lower panel) for DMI_
ICHEC-EC-EARTH model. Colour scale of indicator is established jointly with Fig. 9.
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Fig. 8.  Transfer functions T  (Eq. 3) of DMI-ICHEC-EC-EARTH model and observations for stations at 
Guadalfeo river basin.
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to August) and part of winter (December to January). The diagnostic parameter ∆ x95, which shows a better 
correction by NS during the spring-summer months, does not experience significant improvement compared to 
QDM during the autumn-winter months (September to February).

The differences in the performance of both approaches can also be assessed in Table 3 that shows, for all the 
meteorological stations, the values of RMSE (q) and their 95% confidence intervals for six different percentiles 

Station #

Percentile

5 25 50 75 95 99

176 0.36 ± 0.04
0.29 ± 0.03

0.19 ± 0.02
0.70 ± 0.07

0.89 ± 0.09
1.21 ± 0.12

1.71 ± 0.18
1.68 ± 0.17

3.50 ± 0.36
4.57 ± 0.47

12.30 ± 1.26
13.91 ± 1.43

116 0.58 ± 0.06
0.76 ± 0.08

0.53 ± 0.05
1.06 ± 0.11

1.59 ± 0.16
1.84 ± 0.19

2.54 ± 0.26
2.01 ± 0.21

5.88 ± 0.60
4.99 ± 0.51

18.40 ± 1.89
12.21 ± 1.25

100 0.14 ± 0.01
0.05 ± 0.01

0.18 ± 0.02
0.24 ± 0.02

0.77 ± 0.08
1.30 ± 0.13

1.83 ± 0.19
4.09 ± 0.42

5.80 ± 0.60
16.61 ± 1.71

16.21 ± 1.67
33.99 ± 3.49

85 0.55 ± 0.06
0.33 ± 0.03

0.23 ± 0.02
0.67 ± 0.07

1.42 ± 0.15
1.34 ± 0.14

3.30 ± 0.34
2.60 ± 0.27

6.46 ± 0.66
7.27 ± 0.75

16.27 ± 1.67
16.04 ± 1.65

601 0.27 ± 0.03
0.03 ± 0.00

0.10 ± 0.01
0.21 ± 0.02

0.85 ± 0.09
0.62 ± 0.06

3.00 ± 0.31
2.05 ± 0.21

7.34 ± 0.75
9.24 ± 0.95

11.81 ± 1.21
20.10 ± 2.07

93 0.09 ± 0.01
0.30 ± 0.03

0.29 ± 0.03
0.54 ± 0.06

0.71 ± 0.07
1.07 ± 0.11

1.45 ± 0.15
2.43 ± 0.25

5.63 ± 0.58
10.71 ± 1.1

8.97 ± 0.92
21.21 ± 2.18

112 0.21 ± 0.02
0.15 ± 0.02

0.14 ± 0.01
0.2 ± 0.02

0.53 ± 0.05
0.56 ± 0.06

1.30 ± 0.13
1.61 ± 0.17

4.19 ± 0.43
7.78 ± 0.80

9.51 ± 0.98
19.37 ± 1.99

801 0.07 ± 0.01
0.16 ± 0.02

0.15 ± 0.01
0.30 ± 0.03

0.42 ± 0.04
0.99 ± 0.10

1.35 ± 0.14
3.14 ± 0.32

4.60 ± 0.47
13.27 ± 1.36

10.92 ± 1.12
28.91 ± 2.97

Table 3.  Comparison of performance between NS and QDM using RMSE(q) (eq. 7) and their 95% confidence 
intervals for the percentiles q corresponding to 5, 25, 50, 75, 95 and 99 for DMI-ICHEC-EC-EARTH model. 
In each cell, on top is the value obtained with the NS approach while bottom one corresponds to the QDM 
method.

 

Fig. 9.  Relative bias of hindcast data (left panels), QDM adjusted data (mid panels), and data adjusted with the 
NS proposed method (right panels), for DMI-ICHEC-EC-EARTH model using observations as reference data. 
Rows from top to bottom depict ∆ xm, ∆ xcum and ∆ x95, respectively.
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corresponding to values of q ranging from 5 to 99. In each cell, on top is the value obtained with the NS approach 
while the bottom one corresponds to the QDM method. The performance of both approaches is better for the 
smaller percentiles. Taking the 50th percentile as a reference, it can be observed that the NS method shows an 
RMSE below 1 mm for all stations except #116 and #85. The average RMSE value for the 50th percentile across 
all stations is 0.88 mm for NS while the value rises slightly 1 mm (1.12 mm) for QDM. For most of the stations 
and percentiles the error is smaller for the NS approach, with values that get to double (stations #100, #601, #93, 
#112 for the 99th percentile and station # 93 for the 95th percentile) and are close to triple (station #801 for the 
99th percentile and stations # 100 and #801 for the 95th percentile).

As the RCMs inherit the biases from the GCM output, it is important to combine different GCM-RCMs 
models to reduce the uncertainty of the estimated impacts56. Figure 10 depicts the monthly ensemble mean 
values of the number of rainy days, average monthly precipitation cumulative average and 95th percentile 
precipitation from all GCM-RCMs following the QDM and NS adjustments for the station #176 (near the 
coast < 50 m a.s.l) and station #93 (> 1000 m a.s.l). The figure also includes the minimum and maximum values 
to show the variability between individual model values. To assess the impact on the future, the value obtained 
from the observed series has also been added as a reference (solid horizontal black line for each month). The 
ensemble averages of all the parameters are, in general, closer to the observations with the NS correction than 
with the QDM bias adjustment. For this last methodology, there is a larger variability between the values of 
the individual models than for the NS approach that reduces the differences between them and, therefore, the 
uncertainty associated to the parameters. Both methods have a similar performance at both stations for the 
number of rainy days, with values that differ about 1 day between models for the NS method and that are closer 
to or exceed 2 days for QDM in April-May and October-November, that are transitions months between the dry 
and wet seasons. For xm, the largest variability between models is found for QDM approach that is close to 10 in 
the dry season at station #93 and to 11 in August for station #176. The QDM technique gives, in general, greater 
mean ensemble values than observations except for the months between October and January, while the NS 
gives similar ensemble values. Again, the variability between the values projected by individual climate models 
is greater for QDM that even doubles the differences of the NS (values in January closer to 82 mm for the former 
one and to 40 for the last approach). The monthly cumulative values xcum show less variability than projected 
models during the dry season, which is also reduced when the NS bias adjustment is applied. The values of x95 
are also closer to observations for NS than for QDM bias adjustment. QDM predicts larger ensemble values 
except for October-December at #93 and gives similar values at station #176. The variability between models is 
close to 5 mm for NS and doubles for QDM that even reaches 18 mm in January for station #93.

Figure S05-01 (SM) shows the monthly variation of ensemble indicators for the GCM-RCM model from 
Table 2. It is worth noting that, although uncertainty is reduced with the use of the NS model, the temporal 
variability of precipitation at some stations still exhibits differences between the minimum and maximum values, 
which in some cases exceed 10  mm (see the variable xm for station #116 in July or x95 for station #85 in 
January). This indicates high variability among climate models.

Discussion
The bias adjustment methodologies correct the large disparity of the distribution of GCM-RCMs products. The 
adjustment of phenomena that are not always active such as the precipitation requires to set up a minimum 
threshold to obtain the same proportion of observations and hindcast data. In this approach, a time varying 
threshold is adopted to guarantee that the correction gives the same proportion of observed and hindcast data. 
The methodology proposed by Vrac et al.29 was successfully extended to the NS case during drier days while 
a modified version of the threshold adaptation method of Schmidli et al.35 is adopted for wetter days. The 
proposed methodology results in a NS threshold. The key role played by the NS character of the method in 
adjusting the precipitation bias is shown in Fig. 4. Furthermore, although the presented methodology has been 
applied to precipitation due to the challenges posed by its high seasonality and intermittency in semi-arid basins, 
it can also be successfully applied to other variables. In other variables, the correction of the occurrence will be 
unnecessary.

In the application proposed, the year has been taken as the base period, using a Gamma NS theoretical 
probability model (Eqs. 4 and 5) for the adjustment of the intensity of daily precipitation. The NS threshold ( x∗h
) was selected as the location parameter of Gamma distribution obtained in the first step in the methodology, 
contributing to the robustness of the approach. The use of the year as the time interval, I, for the analysis allows 
to capture the seasonal variation and its choice is conditioned by the length of the available historical period of 
35 years. Larger temporal scales can also be considered by using several years as in Cobos et al.82 when available 
historical data are long enough. While in this study, a single distribution function successfully represents the NS 
behaviour of precipitation, the methodology can also be applied to piecewise distributions as showed in Cobos 
et al.82 if there is a need to use different distributions for the tails and the central body. In those cases, it is also 
possible to establish a link between the NS threshold and the parameters of the distribution. It must be noted 
that the methodology (a) does not prescribe any kind of theoretical probability model, (b) does not correct 
independently the extreme events, (c) does not require any kind of extrapolation method to correct the projected 
extremes beyond the observed maxima and (d) removes the bias at different time scales (from days to decades).

The proposed methodology accounts for the temporal dependency of data by means of a time dependent 
parametrization of the NS probability distributions. The probability distributions are created by splitting the 
time series in interval of one year. The empirical distribution is generated with a moving window which size is 
related to physical mechanisms, e.g., in the case of precipitation is related to the minimum period that define 
the motion of low pressures fields which is around 14 days at the Mediterranean basin. Furthermore, it must be 
required a minimum size of the dataset to create realistic empirical cumulative distributions for the correction 
of occurrence and to fit the theoretical distributions.
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Fig. 10.  Plot of the monthly variation of nw, xm, x95and xcum of the ensemble of the models (minimum, 
mean and maximum values) for projections after the QDM and NS bias adjustment at two representative 
stations of the study area. Solid horizontal black lines stand for the observations (1970–2005).
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Monthly averaged values of four indicators were evaluated in the present study as it is usual in the existing 
literature, but any longer or shorter periods can be used for validation purposes. The results show that the 
proposed bias-correction method is remarkably effective in reducing the model bias. So far, it has only been 
applied in a univariate framework (i.e., one location and one variable at a time), however, it would be interesting 
to extend the NS approach to a multivariate context following the suggestions on previous studies38,95,96.

The sensitivity of modeling uncertainty with altitude is significant as in other studies97–99 (and references 
herein). In general, the studied GCM-RCM models overestimate the frequency of precipitation in high 
mountain areas (cells A, B, C in Fig. 1) from observations at nearby stations (#93, #112, #801). An anomalous 
effect is observed at station #601, located in a valley between the confluences of Sierra Nevada and Sierra de la 
Contraviesa, where the models analysed, from results at cell G, underestimate the number of events per year 
and the amount of precipitation. These differences could highlight the limitations of regionalized GCM-RCMs 
to reproduce precipitation dynamics in complex topographies although, in this case, it could also be related to 
an overextension of the semi-arid climate conditions of Almeria, located to the East. Although this aspect does 
not limit the application of the proposed bias adjustment method, it could become a limitation for the joint 
adjustment on multiple locations. Projections show a slightly decrease in the number of wet days throughout 
the year, particularly in April, October, and December. Regarding the amount of precipitation, more severe and 
delayed drier seasons are expected in the future under the RCP 8.5. Those results confirm the so-called Indian 
Summer, already reported by Rizou et al.100, among others, and observed in Lira-Loarca et al.101 for wave climate. 
The NS adjustment also reflects a potential increase in the magnitude of extreme events during the summer and 
winter, primarily for stations located near the coast. The ensemble of seven models reduce the variability of the 
mean along the year.

The similarity between ∆ x95 and ∆ xcum may be attributed to the precipitation patterns (short and intense) 
in the Mediterranean basins of Andalusia. The region experiences low precipitation, characterized by short-
duration events. The reduction of the ensemble bias allows us to observe that, according to the NS adjustment 
results in the Guadalfeo River basin, the main reduction in mean precipitation occurs during the spring, 
summer, and autumn seasons in the upper part of the basin, while an increase is observed in winter (station #93). 
Comparable results are in Zayandeh-rud basin102. However, when it does rain, it tends to be intense, establishing 
a connection between x95 and xcum. In Mediterranean regions and similar areas worldwide, models yield a 
higher number of rainy days in mountainous areas and significantly greater precipitation compared to observed 
data. If these models are employed to input hydrological models without appropriate correction, not only for 
precipitation but also for other climate variables such as temperature or solar radiation, it will result in soil 
moisture conditions conducive to surface runoff. Those differences would also highly alter the pluvio-nival 
models at Sierra Nevada basin, predicting much more snow during winter than it is commonly observed. 
Additionally, hydrological models that considers snowmelt contributions will carry much more water along 
the river during spring. The unbiased projections will serve as a valuable source of information that will benefit 
the impact assessment of climate change precipitation properties, which are crucial to assess the hydrological 
response of semi-arid mountainous regions all over the world.

Conclusions
A bias adjustment model based on non-stationary probability distributions was proposed and successfully 
applied to the precipitation on a semi-arid basin. The bias adjustment of the precipitation was a challenge 
due to its high seasonality and intermittent behaviour. In our research, all the indicators used to measure its 
performance experience a reduction of the bias after its application. Regardless of the station location, the effect 
of drizzle and drier conditions is satisfactorily corrected, overall achieving a bounded relative bias of the number 
of wet days around ± 5% throughout the year. The occurrence correction reduced the monthly difference 
observed between the hindcast and observed data in comparison to the QDM method. In some cases, the relative 
reduction reaches 800%, getting differences with observations lower than one day. The temporal patterns of the 
corrected precipitation strongly differ between GCM-RCM models. The proposed method shows an appropriate 
behaviour under such conditions, consistently reducing variability among models in all cases. The sensitivity 
of the model’s uncertainty in regions with a high altitudinal gradient is also significantly reduced with the NS 
approach. Overall, GCM-RCM’s models consistently underestimate the mean precipitation by a relative value 
close to 57% on average for low altitudes (station #176) and overestimate by about 93% for high altitudes (station 
#801). The bias of the ensemble of projections after the NS correction shows bounds that again are lower than 
one day, ± 3 mm, ± 6 mm and ± 20 mm for the average number of wet days per month, the average precipitation 
per month, the averaged 95th percentile value per month, and the average accumulated precipitation per 
month, respectively. The method reduces it performance on root mean square error from the smaller to higher 
percentiles. In those stations located at higher latitudes, the error on percentiles 95 and 99 of QDM double or 
triple the error obtained with NS. The NS method maintains the annual pattern of precipitation on ensemble 
projections of observed data and overcomes the non-stationary-related limitations which significantly reduces 
the large uncertainty in the precipitation.

Data availability
The corrected time series of the climate models employed, the RCP8.5 scenario for the Guadalfeo river basin and 
the non-stationary parameters obtained from the fitting algorithm for all models and stations are accessible on 
Zenodo (https://doi.org/10.5281/zenodo.13830694).
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