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Abstract: Systematic biases in general circulation models (GCM) and regional climate models (RCM)
impede their direct use in climate change impact research. Hence, the bias correction of GCM-RCMs
outputs is a primary step in such studies. This study compares the potential of two bias correction
methods (the method from the third phase of the Inter-Sectoral Impact Model Intercomparison
Project (ISIMIP3) and Detrended Quantile Matching (DQM)) applied to the raw outputs of daily
data of minimum and maximum air temperatures and precipitation, in the Cap-Bon region, from
eight GCM-RCM combinations. The outputs of GCM/RCM combinations were acquired from the
European branch of the coordinated regional climate downscaling experiment (EURO-CORDEX)
dataset for historical periods and under two representative concentration pathway (RCP4.5 and
RCP8.5) scenarios. Furthermore, the best combination of bias correction/GCM-RCM was used to
assess the impact of climate change on reference evapotranspiration (ET0). Numerous statistical
indicators were considered to evaluate the performance of the bias correction/historical GCM-
RCMs compared to the observed data. Trends of the Hargreaves–Samani_ET0 model during the
historical and projected periods were determined using the TFPMK method. A comparison of the
bias correction methods revealed that, for all the studied model combinations, ISIMIP3 performs
better in reducing biases in monthly precipitation. However, for Tmax and Tmin, the biases are
greatly removed when the DQM bias correction method is applied. In general, better results were
obtained when the HadCCLM model was used. Before applying bias correction, the set of used
GCM-RCMs projected reductions in precipitation for most of the months compared to the reference
period (1982–2006). However, Tmin and Tmax are expected to increase in all months and for the
three studied periods. Hargreaves–Samani ET0 values obtained from the best combination (DQM/
HadCCLM) show that RCP8.5 (2075–2098) will exhibit the highest annual ET0 increase compared
to the RCP4.5 scenario and the other periods, with a change rate equal to 11.85% compared to the
historical period. Regarding spring and summer seasons, the change rates of ET0 are expected to
reach 10.44 and 18.07%, respectively, under RCP8.5 (2075–2098). This study shows that the model can
be used to determine long-term trends in ET0 patterns for diverse purposes, such as water resources
planning, agricultural crop management and irrigation scheduling in the Cap-Bon region.

Keywords: bias correction; GCM/RCMs combinations; reference evapotranspiration; Cap-Bon

1. Introduction

Climate change is one of the most pressing environmental issues of the 21st century [1].
Therefore, the assessment and prediction of potential impacts of climate change and mitiga-
tion at global and regional scales have become a challenge for scientists, decision-makers,
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and stakeholders. Global climate models (GCMs), as sources for generating present and
future climate data, have been extensively adopted for climate-change-related studies [2].
However, simulated GCMs outputs are of high spatial resolution (larger than 50 km) and
involve large biases relative to the observed data, which impede their use in local and
regional impact studies [3,4]. To overcome this shortcoming, downscaling of the raw GCM
outputs using statistical or dynamical techniques is widely adopted by researchers. The
statistical downscaling approach involves the use of different techniques to establish a
relationship between large-scale climate patterns and regional scale observed climate time
series [5]. Dynamic downscaling approaches consist of running a climate model at a finer
resolution, referred to as regional climate models (RCMs), using the coarse outputs of a
GCM [6].

Despite their satisfactory resolution for hydro-climatological studies, historical RCMs
output biases are still evident when compared to observed climate data. These errors are
generally the results of imperfect conceptualization, discretization, and spatial averag-
ing within grids [7]. Thus, additional post-processing of RCMs predictions before use is
required [8]. To deal with this, a series of bias correction methods have been proposed, vary-
ing from scaling techniques to distribution mapping approaches. Corrections are mainly
applied to the modeled mean, variance, and higher moments of a distribution. In addition,
various techniques allowing for bias corrections to all quantiles were developed [9]. Differ-
ent studies assessed the potential of numerous bias adjustment methods in removing biases
in GCMs and RCMs. Casanueva et al. [10] compared eight bias adjustment methods and
concluded that trend-preserving methods are suitable for post-processing model outputs
since they allow for biases to be minimized while keeping the raw original climate change
signal. Themeßl et al. [11] showed that quantile mapping methods performed better in
the correction of raw RCMs outputs. However, bias adjustment techniques present some
limitations and uncertainties related to the uncertainty of observational reference data and
resolution mismatches [10].

In Mediterranean areas, water resources are being severely threatened by overexploita-
tion. In the Maghreb countries, including Tunisia, as well as in some sectors of northern
Mediterranean countries, the situation could become more relevant since current imbal-
ances between water supply and demand are accentuated by the consequences of climate
change [12]. In this context, good knowledge of the hydrological terms is needed to ensure
the sustainable use of water resources. Reference evapotranspiration (ET0), as the essential
component of the hydrological cycle, is the major cause of water losses from the earth. Thus,
appropriate estimation of ET0 is of vital importance in climatological and hydrological
studies, and agricultural water resources management. It is a key input in hydrological
modeling, irrigation planning and management, the estimation of crop water requirements,
agricultural drought monitoring, climate change, and water conservation modelling [13,14].
Since the agriculture sector is the largest consumer of the available freshwater resources in
Tunisia, consuming more than 75% [15], understanding the relationship between climate
environment and evapotranspiration is a fundamental requirement to estimate the depth of
required water to achieve optimal agricultural production [16]. As one of the most impor-
tant agricultural hubs of Tunisia, the Cap-Bon region produces the majority of the nation’s
exported crops and significantly participates in the creation of employment, contributing
to food security for both the local and national communities [15]. Due to the expansion
of irrigated areas in this region, water resources, already overexploited, are subjected to
a significant demand pressure, leading to the depletion of groundwater resources and a
deterioration in their quality. These critical conditions have led to severe environmental and
social issues among users [17]. In the context of climate change, the efforts made by the state
to mitigate water scarcity in the Cap-Bon (supply water via canal from Medjerda, providing
up to 60% subsidies to farmers who invest in water-saving irrigation technologies, etc.), are
insufficient. Hence, more planned scenarios for the irrigation of water and adaptations to
decision-making rules should be applied. Due to the impact of climate change, changes in
the meteorological variables will result in a change in the ET0 pattern. It is noteworthy to
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point out that RCMs do not incorporate ET0 values; therefore, these need to be computed
separately. Changes in ET0 will affect the availability, sustainability, and management
of water resources. Therefore, ensuring better assessment of agricultural water demand
requires a good understanding of historical and future changes in ET0 trends [18,19].

During the recent few decades, different studies have investigated the effects of climate
change on reference evapotranspiration. Tabari et al. [20], revealed that ET0 presents a
tendency to increase significantly in most climatic stations in Iran. In addition, Rahman
et al. [21] examined the actual and projected trends of ET0 in Bangladesh. The authors used
39 years of past and downscaled CMIP5 daily meteorological data. The obtained results
highlight that total ET0 values are expected to highly increase under the RCP8.5 scenario
compared to historical and RCP4.5 scenarios. Furthermore, Chaouche et al. [22] studied
the spatial distribution and temporal pattern of ET0 for a Mediterranean climate area in
France. Their results indicated increasing trends in annual ET0 throughout the study area.
Yassen et al. [23], investigated the spatiotemporal changes in annual and monthly ET0 in
Egypt. They found a statistically significant change in annual ET0 in the Nile region.

To our knowledge, studies focusing on the identification of adequate GCM-RCMs for
generating present and future climate data for Tunisia, in particular for the Cap-Bon region,
are still limited or non-existent. This impedes the correct prediction of ET0 behavior and
could lead to the future mismanagement of water resources, particularly in the irrigated
agricultural sector. To overcome these limitations, this paper investigates the accuracy of
bias-corrected GCM-RCMs in reproducing climate variables for impact studies. Thus, the
specific objectives of this study are to: (1) explore the performances of two bias-corrected
methods (ISIMIP3 and Detrended Quantile Matching) in post-processing GCM-RCMs
outputs; in particular precipitation and air temperature; and (2) assess the climate change
impacts on the reference evapotranspiration under RCP4.5 and RCP8.5 scenarios.

2. Data and Methods
2.1. Data Collection

The minimum and maximum air temperatures and precipitation at a daily time-scale
were acquired for the period 1982–2020 from the National Meteorological Institute. Al-
though the overall quality of the used dataset is good, some of the missing data were
substituted with the corresponding average value of other years. The collected database
was uploaded to the Climadjust platform [24,25], a web service (https://climadjust.com/
accessed on 1 Februry 2023) created with the support of the Copernicus Climate Change
Service, to generate bias-corrected climate model simulations from the ensembles of the
Coupled Model Intercomparison Project (CMIP) and Coordinated Regional Climate Down-
scaling Experiment (CORDEX) datasets or customized areas of interest. In the present
study, we refer to the CORDEX domain centered on the Euro-Mediterranean area, known
as EURO-CORDEX. Climate projections were provided using different combinations of
general circulation models (GCMs) and regional climate models (RCMs) with different
grid resolutions. GCMs have a 100–500 km horizontal resolution [26]. RCMs simulate the
climate for a limited region by being constrained with boundary conditions from a global
simulation by “downscaling”. Climate simulation data acquired from the EURO-CORDEX
initiative are focused on grid sizes of 12.5 km (EUR-11 grid) [27]. Future climate projec-
tions were modeled under two different representative concentration pathways (RCPs) for
greenhouse gas scenarios (RCP 4.5 and RCP 8.5).

Daily minimum and maximum air temperatures and precipitation from eight cli-
mate model combinations, between six GCMs (MOHC-HadGEM2-ES, MPI-M-MPI-ESM-
LR, CNRM-CERFACS-CNRM-CM5, ICHEC-EC-EARTH, IPSL-IPSL-CM5A-MR, NCC-
NorESM1-M) and six RCMs (CCLM4-8-17, REMO2009, RACMO22E, RCA4, HIRHAM5,
REMO2015), as described in Table 1, were used in this study.

https://climadjust.com/
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Table 1. Climate model combinations used for daily precipitation and temperature projections.

GCM RCM Acronym

MOHC-HadGEM2-ES CCLM4-8-17 HadCCLM
MPI-M-MPI-ESM-LR REMO2009 MPIREMOr2
MPI-M-MPI-ESM-LR REMO2009 MPIREMO

CNRM-CERFACS-CNRM-CM5 RACMO22E CM5RACM
ICHEC-EC-EARTH RCA4 ECERCA4

MOHC-HadGEM2-ES HIRHAM5 HadHIRH
IPSL-IPSL-CM5A-MR RCA4 IPSRCA4

NCC-NorESM1 REMO2015 NorREMO15

2.2. Bias Correction Methods

Two bias correction (BC) methods (ISISMIP3 and detrended quantile matching) were
selected among six different bias adjustment methods available in the Climadjust web
service. Both methods were applied to the daily climate model outputs (precipitation,
maximum and minimum air temperatures). These two methods were selected based
on their distinct theoretical foundations: ISIMIP3 is parametric and the DQM method is
empirical. Furthermore, these two BC methods are well-suited for climate data correction
for agricultural impact assessment studies.

2.2.1. ISISMIP3

ISISMIP3 is a parametric quantile mapping bias adjustment technique developed for
the third phase of ISIMIP. This method is suitable for different kinds of meteorological
variables. It develops pseudo-future observations by transferring the simulated signals
of each quantile to the historical observations. Furthermore, it considers the generated
pseudo-future observations as a ‘reference’ to correct projections with parametric quantile
mapping. This method is able to: (i) reduce biases in all percentiles of a distribution and
(ii) proceed to time-series detrending and adding trends [28]. Values beyond thresholds
are substituted by random values drawn from the adjusted marginal distribution [10].
The ISIMIP3 method generates bias-adjusted maximum and minimum air temperatures
from bias-corrected amplitude and skewness of the diurnal temperature and daily mean
temperature [28].

2.2.2. Detrended Quantile Matching

DQM is an empirical bias adjustment technique that consists of three phases, including:
(i) deleting the long-term (linear) mean trend; (ii) applying empirical quantile mapping
to the detrended series; and (iii) reapplying the mean trend to the corrected data. Then,
the transfer function is calibrated using modelled and observed data. After the correction,
precipitations below a specific wet-day threshold are registered as zero.

The climate change signal resulting from DQM will tend to align with the climate
model under consideration, depending on the degree and the means of extrapolation
required after the detrending step [29]. The climate change signal resulting from DQM will
tend to match that of the climate model under consideration, depending on the degree and
means of extrapolation still required after the trend suppression stage.

Using the DQM method, specific corrections for extremes are neglected, while the
mean trend is preserved by construction [10]. The DQM algorithm can be defined as
follows [30].
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x̂m,p(t) = F−1
o,h

{
Fm,h

[
xm,hxm,p(t)

xm,p(t)

]}
xm,p(t)

xm,h

where x̂m,p(t) and xm,p(t) are corrected and raw downscaled climate data at time t during a
future period. F−1

o,h and Fm,h are cumulative distribution functions (CDFs) of observed and
simulated data during a historical period. xm,p(t) and xm,p(t) are the long-term simulated
mean over the historical and future periods.

2.3. Reference Evapotranspiration Estimations

Since projected climatic data is limited to minimum and maximum air temperatures,
the Hargreaves–Samani (HgS) model was therefore selected to compute daily reference
evapotranspiration (ET0) [31]. It is expressed as follows:

ET0(mm d−1) = 0.0135
Ra
λ

(
Tmax + Tmin

2
+ 17.8

)
Krs

√
(Tmax − Tmin)

where 0.0135 is a factor for conversion from the American to the International System of
Units. Ra is the extraterrestrial radiation (MJ m−2 d−1). λ is the latent heat of vaporization
(MJ kg−1) for the mean air temperature T (◦C). Krs is the radiation adjustment coefficient
(◦C−0.5).

The HgS model is among the most extensively used temperature-based approaches
due to its simplicity and reliability. In fact, the suitability of the HgS model has been
widely assessed against the PM-ET0 and grass lysimeter data, showing that the HgS model
performs well in most climatic regions, except under a humid climate where a tendency to
overestimate ET0 is registered [32]. Additionally, Sabziparvar and Tabari [33] evaluated
the performances of three ET0 models, including the HgS, against the standard FAO56-PM
model in eastern arid and semi-arid regions of Iran. The obtained results showed the
superiority of the HgS model. Similarly, Jabloun and Sahli [34] assessed the HgS equation
for computing daily ET0 against the FAO-56 PM method across Tunisian locations. The
results indicated that the HgS model is adequate for Tunisian climatic conditions with a
slight overestimation at inland sites, while a tendency towards underestimation is registered
at coastal regions.

The Mann–Kendall (MK) is a non-parametric test generally used to detect trends
(upward or downward) in a metrological variable time series. This test does not require
normality or linearity to identify trends in a time series. Therefore, Yue et al. [35], have
suggested the trend-free pre-whitened-MK test (TFPW-MK test) which is applied to remove
the influence of autocorrelation on the MK. The Sen’s slope estimator [36,37] is used to
estimate the magnitude of the linear trend slope in the ET0 time series. Both tests were
applied in this study for reference evapotranspiration trend detection. Details on the
TFPW-MK test and Sen’s slope estimator are described in Latrech et al. [38].

2.4. Performance Metrics

Bias correction methods and model performances in reproducing the observed cli-
matic data were assessed through the Taylor diagram [39], which considers three perfor-
mance evaluation criteria: the linear correlation coefficient (R), standard deviation (σ),
and centered root mean square error (CRMSE). In order to strengthen the Taylor diagram,
two additional evaluation indices, mean absolute error (MAE) and percent bias (PBIAS),
were calculated. The assessment was made by comparing, separately, the raw and bias-
corrected output of the historical simulations of each GCM-RCM model versus the refer-
ence datasets (1982–2005). According to Gado et al. [40] the best-classified bias correction
technique during the historical period allows for the best performance for the projected
conditions to be reproduced.
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R =
∑N

i=1
(
xo

i − xo
i
)
(xm

i − xm
i )

σoσm

CRMSE = (
1
N

N

∑
i=1

[(xo
i − xo

i )(x
m
i − xm

i )]2)

0.5

MAE =
∑N

i=1
∣∣xo

i − xm
i

∣∣
N

PBIAS =
∑N

i=1
(
xm

i − xo
i
)

∑N
i=1 xo

i

× 100

where σo and σm are the standard deviations of the observed and simulated datasets,
respectively. N is the number of the data. R-values can range from −1 to +1. R values closer
to −1 and +1 indicate high correlation between observed and modelled data. The lower the
CRMSE, the more efficient the method and model accuracy. The optimal value of CRMSE
is 0. The mean absolute error (MAE) shows the average model forecast error. Values of
MAE vary from 0 to infinity [41]. The lower the value of MAE, the better the accordance.
The percent bias (PBIAS) computes the average tendency of the modelled data to be greater
or lower compared to their corresponding measured ones. The ideal value of PBIAS is 0.
Positive values of PBIAS refer to an overestimation and vice versa.

3. Results and Discussion
3.1. Performance of Bias Correction Methods

In addition to the statistical indicators, the Taylor diagrams for monthly precipitation,
and maximum and minimum air temperatures were developed (Figures 1a and 2). The
Taylor diagram is an effective method that displays a systematic and mathematical illustra-
tion of a model’s performance. In the diagram, the used models are shown with different
markers, and bias correction methods are presented in different colors (red color: raw data;
blue color: ISIMIP3 bias correction method; green color: DQM bias correction method).

Agriculture 2023, 13, x FOR PEER REVIEW 6 of 15 
 

 

CRMSE = (1N ෍ሾ(x୧୭ − xത୧୭)(x୧୫ − xത୧୫)ሿଶ)୒
୧ୀଵ

଴.ହ
 

MAE =  ∑ |x୧୭ − x୧୫|୒୧ୀଵ N  

PBIAS =  ∑ (x୧୫ − x୧୭)୒୧ୀଵ∑ x୧୭୒୧ୀଵ  ൈ  100 

where σo and σm are the standard deviations of the observed and simulated datasets, re-
spectively. N is the number of the data. R-values can range from −1 to +1. R values closer 
to −1 and +1 indicate high correlation between observed and modelled data. The lower the 
CRMSE, the more efficient the method and model accuracy. The optimal value of CRMSE 
is 0. The mean absolute error (MAE) shows the average model forecast error. Values of 
MAE vary from 0 to infinity [41]. The lower the value of MAE, the better the accordance. 
The percent bias (PBIAS) computes the average tendency of the modelled data to be 
greater or lower compared to their corresponding measured ones. The ideal value of 
PBIAS is 0. Positive values of PBIAS refer to an overestimation and vice versa. 

3. Results and Discussion 
3.1. Performance of Bias Correction Methods 

In addition to the statistical indicators, the Taylor diagrams for monthly precipitation, 
and maximum and minimum air temperatures were developed (Figures 1a and 2). The 
Taylor diagram is an effective method that displays a systematic and mathematical illus-
tration of a model’s performance. In the diagram, the used models are shown with differ-
ent markers, and bias correction methods are presented in different colors (red color: raw 
data; blue color: ISIMIP3 bias correction method; green color: DQM bias correction 
method). 

 

 

Figure 1. (a) Taylor diagram for comparison between the performances of bias correction methods 
and GCM-RCMs in reproducing monthly precipitation; and (b) percent bias in monthly precipita-
tion with the two bias correction methods for all GCM-RCMs combinations. 

Figure 1. (a) Taylor diagram for comparison between the performances of bias correction methods
and GCM-RCMs in reproducing monthly precipitation; and (b) percent bias in monthly precipitation
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Figure 2. Taylor diagram for comparison between performances of GCM-RCM model outputs, after
bias correction using two different methods, in reproducing monthly maximum (a); and minimum
(b) air temperatures in the Cap-Bon region.

3.1.1. Precipitation

Figure 1a presents the performances of GCM-RCM models output, after bias correction
using two different methods, in reproducing monthly precipitation in the Cap-Bon region.
As shown in the Taylor diagram, the BC methods and models present different patterns.
Regarding BC methods, ISIMIP3 performs better than the DQM method in reducing
monthly precipitation bias for all the studied model combinations. Further analysis of
the Taylor diagram shows that most of the bias-corrected data using the DQM method
are worse than those obtained from the raw data. In the same context, Lange et al. [28],
compared the performance of ISIMIP2b and ISIMIP3 bias correction methods in adjusting
biases in climate model outputs. Their results revealed that, for all studied climate variables,
the ISIMIP3 bias correction method performs better than the ISIMIP2b method in adjusting
the bias for the majority of months and grid cells. In addition, Casanueva et al. [10], in
an assessment of eight bias adjustment methods, found that the DQM shows a significant
deviation from the raw trend for rainfall frequency. However, ISIMIP3 could preserve
the model’s raw signals for the different indices and variables. Therefore, the HadHIRH
model using the ISIMIP3 bias correction method followed by the HadCCLM model yielded
better results for monthly P estimations. Their corresponding R, σ criteria were improved
compared to raw data. Nevertheless, the CRMSE was not significantly improved.

According to the PBIAS results (Figure 1b), the ISIMIP3 method performed well to
reduce the gap between the corrected and observed data compared to the DQM method,
with PBIAS values lower than 5%. However, the results of the MAE showed that applica-
tion of any of the two bias correction methods worsened the results of the precipitation
simulations even compared to the non-corrected data form.

3.1.2. Maximum and Minimum Air Temperature

Figure 2a presents the performances of GCM-RCM models outputs, after bias cor-
rection using ISIMIP3 and DQM methods, in reproducing monthly Tmax in the Cap-Bon
region. The Taylor diagram reported that simulated data are highly correlated with the
bservations, with R values higher than 0.95 for all considered models and bias correction
methods. Furthermore, obtained results emphasize that even raw data are able to well
reproduce monthly Tmax.

Table 2 summarizes some statistical indicators estimated at a monthly scale. In general,
both bias correction methods tend to decrease the raw model bias. Detailed analysis of
the results (Table 2) highlights that, for all model combinations, comparable results are
obtained when either ISIMIP or DQM bias correction method is used with a slightly higher
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accuracy is accorded to ISIMIP3 method. Although the negligible differences in terms of
performance, the best-performing models are HadCCLM and HadHIRH.

Table 2. Statistical indicators for comparison between measured and simulated mean monthly
maximum and minimum air temperatures using eight GCM-RCM combinations.

Models

Tmax Tmin

Raw Data ISIMIP3 DQM Raw Data ISIMIP DQM

PBIAS MAE PBIAS MAE PBIAS MAE PBIAS MAE PBIAS MAE PBIAS MAE

HadCCLM −6.35 1.65 0.04 1.09 0.03 1.09 8.44 4.06 0.20 3.41 0.06 1.13
MPIREMOr2 6.56 2.06 −0.03 1.17 0.13 1.42 −6.33 3.41 0.05 3.48 −0.08 1.16
MPIREMO 6.40 2.01 −0.03 1.16 0.07 1.39 −6.01 3.36 0.07 3.42 0.01 1.04
CM5RACM −8.02 2.04 0.03 1.15 0.02 1.31 −20.32 4.11 0.09 3.43 −0.01 1.18
ECERCA4 −9.56 2.27 −0.04 1.19 −0.06 1.20 −21.29 4.03 0.08 3.36 −0.08 1.11
HadHIRH 0.88 1.55 0.04 1.08 0.10 1.29 2.18 3.80 0.34 3.42 0.03 1.08
IPSRCA4 −2.59 1.45 −0.05 1.19 0.05 1.35 −16.28 3.78 0.11 3.44 −0.08 1.09

NorREMO15 1.65 1.36 0.13 1.17 0.04 1.35 −0.68 3.53 0.25 3.38 −0.06 1.21

The potential of using bias correction methods to adjust the raw data of monthly
Tmin generated from eight GCM-RCM model combinations was assessed using the Taylor
diagram (Figure 2b) and some statistical descriptors (Table 2). As presented in Figure 2b,
correlation coefficients determined for all studied corrected methods of Tmin model outputs
using the ISIMIP3 method are of the same order of magnitude as those obtained for non-
corrected forms. The R values range from 0.6 and 0.7. In addition, despite the clear
reductions in PBIAS values, the MAE values were slightly improved compared to the
non-corrected conditions. These results indicated that the ISIMP3 bias correction method
could not improve the Tmin models outputs. However, the DQM bias correction method
allowed for satisfactory results of Tmin data to be obtained, with R values close to 0.95
for all GCM-RCM models. The PBIAS tended to 0 and MAE values varied from 1.04 to
1.21 ◦C/month for the MPIREMO and NorREMO15 models, respectively.

3.2. Projected Change of Meteorological Variables before Bias Correction

Precipitation, minimum and maximum air temperatures obtained from each GCM-
RCM for the whole projected period, 2025–2098, were grouped into three time intervals
(2025–2049, 2050–2074, 2075–2098). The change rates were determined compared to the
reference period 1980–2005 (Figure 3).

Changes were assessed for each GCM-RCM output separately, before applying any
bias correction method, compared to the reference period (1982–2005). To analyze the
variation of climatic parameters, the precipitation variation was determined in terms of
percentage, while the difference between the average temperature projected by the model
and that recorded in the reference period was used for the air temperature. Monthly
variability in the projected GCM-RCM outputs relative to P, Tmin and Tmax are shown
in Figure 3. Regarding precipitation, the models predicted decreases, on average, for
most of the months and in all three periods. Furthermore, a slight and partial increase
was observed for January, February, and September, which are typically classified as rainy
months in the Mediterranean climate. In addition, an increase in precipitation was observed
in August, with 45% and 5% for both periods (2025–2049) and (2050–2074), respectively.
Concerning minimum and maximum air temperatures, the change signal is clearer than
that for precipitation. As shown in Figure 3, Tmin and Tmax are expected to increase in all
months and for the three periods. In addition, obtained results highlight that the increment
in air temperature is more pronounced in summer months (June, July and August) and
moving in the future. Compared to a reference value of 31.4 ◦C, the Tmax variation in
August varied from 0.86 to 1.9 ◦C in 2025–2049, from 1.1 to 2.7 ◦C in 2050–2074 and from
1.54 to 3.2 ◦C. For Tmin, the variation in August ranged from 1.2 to 1.9 ◦C in 2025–2049,
from 1.7 to 2.8 ◦C in 2050–2074, and from 2.2 to 3.5◦C in 2074–2098.
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3.3. Projected Changes in Bias-Corrected Tmax and Tmin under Both RCPs Scenarios

The DQM method was considered to correct the biases in predicted daily Tmin and
Tmax under the two scenarios (RCP4.5 and RCP8.5). Then, the corrected data were gathered
for three time periods (2025–2049), (2050–2074) and (2075–2098). The average monthly
and annual change rates of the corrected HadCCLM Tmin and Tmax outputs, estimated
separately for the three time periods, compared to the reference period (1982–2005) are
shown in Table 3.

Table 3. Changes rate in yearly and monthly Tmax and Tmin for future periods.

Tmax Tmin

RCP4.5 RCP8.5 RCP4.5 RCP8.5

2025–
2049

2050–
2074

2075–
2098

2025–
2049

2050–
2074

2075–
2098

2025–
2049

2050–
2074

2075–
2098

2025–
2049

2050–
2074

2075–
2098

Annual 1.53 2.29 2.82 1.72 3.07 4.69 1.55 2.33 2.86 1.74 3.12 4.83

January 1.49 2.06 2.49 1.44 2.33 3.76 1.53 1.98 2.46 1.37 2.34 3.88
February 0.85 1.67 2.01 1.57 2.13 3.79 0.84 1.69 2.00 1.59 2.23 3.97
March 1.06 1.64 1.96 1.29 2.23 3.56 0.84 1.42 1.86 1.13 2.14 3.39
April 1.52 1.77 2.26 1.47 2.61 3.55 1.34 1.84 1.81 1.41 2.47 3.31
May 1.48 2.25 2.84 2.03 3.22 4.48 1.54 2.24 3.02 1.87 3.06 4.73
June 1.57 2.21 3.07 1.51 3.26 5.10 1.91 2.25 3.23 1.70 3.59 5.20
July 2.47 3.06 3.74 2.49 4.10 6.38 2.47 3.15 3.85 2.59 4.08 6.51
August 1.87 2.75 3.21 2.05 4.00 5.75 1.85 2.69 3.39 1.94 3.56 5.61
September 1.46 2.68 3.19 1.56 3.71 5.48 1.56 2.74 2.95 1.77 3.71 5.77
October 1.83 2.77 3.51 1.94 3.59 5.29 2.01 3.12 3.63 1.97 3.86 5.75
November 1.03 2.23 2.65 1.54 2.67 4.62 0.97 2.34 2.88 1.72 3.03 5.09
December 1.70 2.38 2.93 1.77 2.95 4.52 1.78 2.54 3.18 1.83 3.36 4.72
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A clear increase is projected for both the monthly and annual Tmax and Tmin variables
and for the three study periods. As expected, the increase is more pronounced under RCP
8.5 than under RCP4.5 and with moving into the future. Compared to the reference
period (1982–2005), the change rates in annual average Tmax are estimated to 1.53, 2.29
and 2.82 ◦C under RCP4.5, respectively, for the (2025–2049), (2050–2074) and (2075–2098)
periods. However, higher change rates are recorded under RCP 8.5, with values equal to
1.72, 3.07 and 4.69 ◦C, respectively, for the same periods. For the monthly time scale, the
projected increases in Tmax vary from 0.85 to 2.47 ◦C, and from 1.96 to 3.74 ◦C during
2025–2049 and 2075–2098, respectively, under RCP4.5. In particular, the summer months
exhibit the highest increase, with values projected up to 3.07, 3.74 and 3.21 in June, July and
August under RCP4.5, while 5.10, 6.38 and 5.75 are expected under the RCP8.5 scenario.

Relatively comparable results were achieved by Senatore et al. [42], who assessed
the effects of climate change on air temperature in the Mediterranean climate of southern
Italy. The authors found that, regardless of the GCM-RCM model used, air temperature is
expected to rise in all months as well as for the three studied periods. In addition, their
results indicated that air temperature growth is faster in summer months and when moving
into the future. Furthermore, Sellami et al. [43] used multi-model outputs from the EU-FP6
ENSEMBLES project to assess the hydrological responses of two Mediterranean catchments.
Their results revealed that, in comparison to the reference period (1971–2000), monthly
air temperatures tend to increase in the future scenario (2041–2071) in both catchments.
Furthermore, the results showed that the increase in air temperature is higher in summer
months than in winter.

Compared to the reference period, the annual average growth rates of Tmin rise
by 1.55, 2.33, and 2.86 ◦C under RCP4.5 and by 1.74, 3.12 and 4.83 ◦C under RCP8.5,
respectively, for the (2025–2049), (2050–2074) and (2075–2098) periods. Our results are
slightly higher than those obtained by Sundaram and Radhakrishnan [44] in the Thanjavur
district. The authors found that annual Tmin is projected to increase by about 1.06–2.32 ◦C
under the RCP4.5 scenario, and by 1.59–3.87 ◦C under the RCP8.5 scenario for short and
long-term scenarios.

Regarding monthly Tmin, positive change rates were recorded for all months and
study periods compared to the reference period. In particular, March exhibited the lowest
increase for all periods and under both scenarios. However, July was projected to experience
the highest increase for all study periods and scenarios. As shown in Table 3, overall,
annual, and monthly Tmin increase at a higher rate than Tmax. In this context, Tabari and
Hosseinzadeh Talaee [45], examined the trends of Tmax and Tmin at different time scales
in Iran. Their results show an upward trend for both variables, and that Tmin increases
faster than Tmax in most months and seasons.

3.4. Temporal Changes in ET0 under Both RCP Scenarios

In this study, the Tmax and Tmin outputs of the HadCCLM model, corrected using the
DQM method, were considered to estimate daily HgS_ET0. The calculation was made for
historical and future periods under RCP4.5 and RCP8.5 scenarios. For the historical period
(1982–2006), the obtained values were aggregated to monthly data and compared to their
corresponding HgS_ET0, and calculated using the observed Tmin and Tmax. Results of the
comparison show that simulated monthly HgS_ET0 highly approximate the results obtained
using measured Tmin, and Tmax with slope of regression line and R2 values equal to 1
and 0.95, respectively. A further assessment demonstrated the accuracy of the HadCCLM
outputs in estimating HgS_ET0, with RMSE = 10.12 mm month−1, MAE = 6.73 mm month−1

and PBIAS = 0.25%. Furthermore, daily HgS_ET0 data were aggregated to a yearly scale, as
shown in Figure 4. Results of the change rates of projected annual and seasonal ET0 under
the RCP 4.5 and 8.5 scenarios, compared to the historical period, are presented in Table 4.
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Figure 4. Patterns of annual ET0 for historical and RCP scenarios.

During the historical period (1982–2006), annual HgS_ET0 values varied between
1140 and 1230 mm, with a slight tendency to increase during that period. In addition, an
ET0 increase was projected for most studied periods. It is evident that the RCP8.5 will
experience a higher annual ET0 increase compared to the RCP4.5 scenario because of the
different greenhouse gas concentrations for the RCP [46]. Under the RCP4.5 scenario, the
average annual ET0 is expected to reach 1214.81, 1237.2, and 1254.88 mm for the periods
2025–2049, 2050–2074 and 2075–2098, respectively. Relative to the historical period, these
values correspond to change rates of about 4, 5.8 and 7.3%. However, under RCP 8.5,
the change rates of annual ET0 are evaluated to 4.5, 8.3 and 11.8%, respectively, for the
same periods.

In the Nabeul region, irrigation water requirements present a large interannual vari-
ability, with the highest water demand for summer and spring seasons. For this reason,
when considering seasonal scale, the future change in ET0 will be assessed only for summer
and spring. For these two seasons, increases in ET0 are expected in the future for both
scenarios (RCP4.5 and RCP8.5), where the severity of the increase depends on the emissions
scenario. As summarized in Table 4, during spring and summer seasons, the accumulated
ET0 would reach 334 and 501 mm, respectively, for the period 2075–2098, under RCP 4.5.
However, higher values are registered for RCP8.5. Compared to the historical period, these
increments correspond to a change rate of 10.44 and 18.07%, respectively, for the spring
and summer seasons.

Table 4. Change rates of historical and projected seasonal and annual ET0.

Historical RCP4.5 RCP8.5

1982–2006 2025–2049 2050–2074 2075–2098 2025–2049 2050–2074 2075–2098

Annual

ET0 (mm) 1169.20 1214.81 1237.20 1254.88 1221.60 1266.04 1307.73
Change (mm) 45.61 68.00 85.68 52.40 96.84 138.53
Change (%) 3.90 5.82 7.33 4.48 8.28 11.85

Spring season

ET0 (mm) 310.95 324.89 327.80 334.03 351.68 337.63 345.82
Change (mm) 13.94 16.85 23.07 40.73 26.67 34.87
Change (%) 4.17 5.04 6.91 12.19 7.99 10.44

Summer season

ET0 (mm) 470.24 488.09 498.28 501.67 490.77 510.63 530.59
Change (mm) 17.85 28.04 31.43 20.53 40.39 60.35
Change (%) 5.34 8.39 9.41 6.15 12.09 18.07
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Table 5 summarizes the results of TFPWMK Z-values, trend Sen’s slopes for annual,
seasonal (spring and summer), and monthly ET0. Sen’s slopes of significant trends (95%
levels) are shown in bold character. During the historical period (1982–2006), the increase
of annual ET0 was insignificant, with a Sen’s slope value close to 1 mm year−1. Under the
RCP4.5 scenario, annual ET0 upward trends were estimated as 1.41 and 1.49 mm year−1

for 2025–2049 and 2050–2074, respectively, while an insignificant decreasing trend was
recorded for the period 2075–2098. For the same periods, the annual ET0 increases under
the RCP 8.5 scenario were estimated at 1.56, 2.7 and 0.81 mm year−1, respectively, proving
that the ET0 increases faster with increasing radiative forcing levels. During the historical
period, spring and summer seasonal ET0 (dry seasons) tend to increase, with Sens’s slope
values equal to 0.79 and 0.29, respectively.

During 2050–2075, ET0 values registered in the summer season presented a non-
significant decrease under RCP 4.5. While a non-significant mix of trends was recorded
under the RCP4.5 scenario for the three studied periods, a significant increasing trend at
a level of 0.05 was observed for the two dry seasons under the RCP8.5 scenario, except
for the 2075–2098 time period. Comparable results were achieved by Zhao et al. [47], who
investigated trends in annual and seasonal ET0 in different agricultural areas and the whole
country of China under four RCP scenarios. They revealed the existence of a positive
correlation between the ET0 growth rate and radiative forcing.

The intersection of the two curves of annual ET0 (Figure 4), particularly during the
period 2025–2049, was justified by the comparable Sen’s slope values under both RCP
scenarios. Nevertheless, the period 2075–2098 exhibited the largest difference in terms of
annual ET0 patterns, accentuated by the insignificant decline under the RCP4.5 scenario.

Table 5. TFPWMK statistics and Sen’s slope values for multi-scale ET0 under different scenarios.

Historical
Period RCP 4.5 RCP 8.5

1982–2006 2025–2049 2050–2074 2075–2098 2025–2049 2050–2074 2075–2098

MK
Z-

Value

Sen’s
Slope

MK
Z-

Value

Sen’s
Slope

MK
Z-

Value

Sen’s
Slope

MK
Z-

Value

Sen’s
Slope

MK
Z-

Value

Sen’s
Slope

MK
Z-

Value

Sen’s
Slope

MK
Z-

Value

Sen’s
Slope

Annual 1.48 1.01 2.55 1.41 1.71 1.49 −0.37 −0.23 2.06 1.56 3.54 2.7 1.16 0.81

Spring 3.17 0.79 1.9 0.64 1.58 0.65 0.63 0.25 2.69 0.91 2.96 1.02 0.26 0.15
Summer 0.58 0.29 2.64 1.32 −0.21 −0.16 0.05 0.10 2.22 1.29 2.01 1.15 2.27 0.96

January 1.80 0.14 −0.32 −0.02 1.90 0.12 −0.68 −0.05 0.22 0.018 0.025 0.002 0.1 0.01
February 0.53 0.04 0.62 0.04 1.81 0.13 0.10 0.02 1.04 0.14 0.17 0.02 −2.16 −0.25
March 0.90 0.16 1.86 0.19 1.56 0.22 −0.32 −0.04 2.5 0.3 2.65 0.35 0 0.008
April 3.43 0.48 1.36 0.21 0.62 0.15 −0.05 −0.04 0.96 0.28 1.01 0.2 −0.21 −0.06
May 0.05 0.01 0.12 0.05 1.26 0.34 0.69 0.18 1.51 0.27 1.61 0.37 0.95 0.3
June −0.80 −0.14 1.21 0.33 −0.37 −0.08 0.32 0.08 1.46 0.39 1.86 0.4 2.27 0.73
July 1.27 0.38 2.80 0.57 −0.71 −0.25 0.37 0.15 0.47 0.09 −0.27 −0.08 0.63 0.14
August 0.53 0.15 1.16 0.26 0.02 0.01 −0.89 −0.26 −0.22 −0.05 2.75 0.78 0.89 0.28
September 0.30 0.10 1.56 0.29 3.20 0.63 −0.63 −0.05 −0.17 −0.02 1.31 0.27 0.05 0.01
October −0.60 −0.09 0.03 0.01 0.32 0.04 0.58 0.07 0.77 0.099 −0.07 −0.01 −1.26 −0.17
November 0.10 0.02 0.07 0.01 1.86 0.12 −0.42 −0.04 0.57 0.03 0.27 0.02 −0.15 −0.008
December −1.16 −0.02 −0.76 −0.03 1.86 0.09 −0.73 −0.04 0.91 0.07 0.47 0.03 1 0.05

Significant trends (95% levels) are shown in bold character.

The trends of monthly ET0 using Sen’s slope estimator and TFPW-MK in the historical
period, RCP4.5 and RCP8.5 scenarios are also shown in Table 5. During 1982–2006, monthly
ET0 presented a mix of non-significant tendencies. However, a significant upward trend
was detected (p-value = 0.05) in April, with a Sen’s slope equal to 0.48 mm year−1. Relatively
similar behavior was observed in overall projected data for both RCPs. In particular, under
RCP4.5, our results tended to generalize the decrease in ET0 for most months in 2075–2098.
This might be explained by the fact that Tmin tends to increase faster than Tmax, which
would decrease ∆T (Tmax − Tmin).
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4. Conclusions

Despite the existence of advanced regional climate models (RCMs), bias correction
is still commonly considered a primordial step within climate impact studies to remove
the systematic deviations of climate model outputs. Based on diagrams and statistical
indicators, it can be concluded that, for the removal of bias from simulated precipitation,
the ISIMIP3 bias correction method performs better than the DQM method. However,
DQM was found to be more effective for Tmin and Tmax. Regarding GCM-RCM accuracy,
the HadCCLM, followed by the HadHIRH model, proved to be the best combinations for
generating precipitation and minimum and maximum air temperatures.

For both RCP scenarios, the HadCCLM model projects a clear increase in monthly
and annual Tmax and Tmin for the three study periods. Furthermore, the increase is more
important under the RCP 8.5 scenario than that under the RCP4.5 and moving into the
future. As expected, annual HgS_ ET0 amounts are projected to increase under both RCP
scenarios. Compared to historical data, the highest change rates were recorded during
the period 2075–2098, with values equal to 7.3 and 11.8%, respectively, under RCP4.5 and
RCP8.5. According to the TFPWMK test, the annual ET0 tends to increase with Sen’s
slope values equal to 1.41 and 1.49 mm year−1 for 2025–2049 and 2050–2074 under the
RCP4.5 scenario. Our results also highlight that ET0 tends to increase more quickly with
increasing radiative forcing levels, reaching 2.7 mm year−1 for the period 2050–2074 under
RCP8.5. Relatively similar ET0 behavior was observed for spring and summer seasons,
where, change rates of 6.9 and 9.41% were recorded for RCP4.5, and 10.44 and 18.07% were
recorded for RCP8.5.

It should be pointed out that, in our context of water resources scarcity, the projected
increase in ET0 would amplify the already existing problems i.e., over-withdrawals of
groundwater, increasing water expenditure cost and energy consumption, food insecurity,
increasing soil salinity, etc. Therefore, our findings will, as a tool, provide support for
hydrological modeling, irrigation scheduling, water resources planning and agricultural
crop management in determining adaptive appropriate measures to combat climate change.
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