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Abstract: In this study, the recent variability of the annual potential evapotranspiration (PET) of six
synoptic stations of Benin was carried out. The future changes of PET under RCP4.5 and RCP8.5
scenarios were also quantified under three different projected periods (P1 = 2011–2040, P2 = 2041–2070
and P3 = 2071–2100) compared to the reference period (1981–2010). The results show a high variability
of PET at all stations over the baseline period with alternating of deficit and excess periods. The
Representative Concentration Pathways (RCP4.5 and RCP8.5) scenarios indicate that annual PET
gradually increase and reach its maximum on 2100. However, PET’s changes from the two forcing
scenarios start to diverge only around 2070 and this divergence is maximal on 2100. The rates of
changes related to the baseline period vary from 2 to 7% for P1 and both scenarios, 5 to 10% for P2
and both scenarios, 7 to 12% for P3 and RCP4.5 scenario and 15 to 20% for P3 and RCP8.5 scenario. At
seasonal scale, the results show a progressive increase (from 15 to 25% related to the baseline period)
of PET until 2100 for January, February, June, July and December. In April, May, August, September
and October, there is a slight decrease (from −5 to 0%) of PET according to RCP4.5 scenario while
there is a slight increase (0 to 5%) for RCP8.5 scenario.

Keywords: climate change; potential evapotranspiration; Penman-Monteith equation; trends;
future projection; Benin

1. Introduction

Evapotranspiration, including evaporation and transpiration, plays a crucial role in the heat
and mass fluxes of global and regional atmospheric systems. Understanding the mechanism of
evapotranspiration is vital in hydrological and agricultural studies at the global, regional and local
scales [1–5]. Evapotranspiration estimates are a required input for hydrological modeling, alongside
rainfall. Evapotranspiration changes, on their own or in combination with rainfall changes, can
contribute to changes in hydrological indices such as mean monthly river flows. Evapotranspiration is
evaluated through potential evapotranspiration (PET), which represents the maximum evaporative
demand on a reference grass crop under climatic conditions where water availability is not a
limiting factor [6]. Many studies have investigated the spatiotemporal variability of PET in different
regions [2,5,7–16] and most of them lead to changes in evapotranspiration, certainly due to the
warming of the earth. According to [17–19], climate change due to human activity will have a
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negative impact on the hydrological cycle and on water resources. In particular, global warming will
lead to a possible intensification of the hydrological cycle resulting from increase of precipitations and
PET [20–22]. Recent studies on the trend analysis of the PET show mixed results. Indeed, upward
trends were detected in the long-term series of PET in England [23,24], on the Nile Basin [25], in Burkina
Faso [26], in India [27], while downward trends were found in India [28], in Italy [29], in the Tibetan
Plateau [30], in China [31], etc.

Many formulas have been developed to estimate PET. Ref. [32] have classified these formulas
into three main categories according to the climatic parameters they take into account: mass transfer
based formulas, radiation based formulas and temperature based formulas. The Penman-Monteith
formula [6], which takes into account all the climatic parameters of these three categories, is considered
to be the reference formula for the estimation of PET [32–37].

In the last decades, many studies on the variability of PET and the impacts of climate change
on PET were carried out. However, in West Africa, very few studies were focused on the spatial and
temporal variability of PET. The impacts of climate change on the PET at short, medium and long term
are not explored in West Africa. This paper aims to analyze the recent and future variability of PET in
Benin country, taking into account the changes in many climatic parameters (speed Wind, radiation,
air humidity, temperature) for hydrological forecasts.

2. Study Area, Data and Methods

2.1. Study Area and Data

Covering an area of 112,622 km2 and located in West Africa, Benin country consists of a narrow
band of land oriented perpendicularly to the coast of the Gulf of Guinea [38]. It is bounded in the
North by Burkina Faso and Niger Republics, in the South by the Atlantic Ocean, in the East by the
Federal Republic of Nigeria and in the West by the Republic of Togo. With a coastline of 124 km,
it extends from north to south over a length of 672 km and reaches a width of 324 km at its widest
point [38] (Figure 1).

The data used in this study are of two types: observed data and simulated data from
Regional Climate Models (RCMs). A historical dataset from 1967 to 2010, composed of data from
6 meteorological stations (Table 1), was provided by the Benin Meteorological Agency. Daily
maximum temperature (Tmax, ◦C), daily minimum temperature (Tmin, ◦C), daily maximum humidity
(RHmax, %), daily minimum humidity (RHmin, %), wind speed (WS, m·s−1) observed at 2 m height,
and daily sunshine duration (SD, h) data were available.

Table 1. Geographical descriptions of meteorological stations in the study area.

Station Longitude (◦C) Latitude (◦C) Elevation (m)

Cotonou 2.38 6.35 4
Bohicon 2.07 7.17 166

Savè 2.47 8.03 198
Parakou 2.6 9.35 392

Natitingou 1.38 10.32 460
Kandi 2.93 11.13 290

The 0.5 ◦ × 0.5 ◦ gridded data of West Africa from 1951 to 2100 simulated by three RCMs
(SMHI-RCA4, MPI-REMO, DMI-HIRHAM5) of historical simulation and under the Representative
Concentration Pathways (RCPs) climatic scenarios were obtained from CORDEX Africa project. The
RCPs scenarios are using because they were developed from sets of existing scenarios. The RCPs
scenarios include four major families: the RCP2.6 scenarios, which represents the radiative forcing
trajectory that reaches a peak of 3 W/m2 before 2100 and drops to 2.6 W/m2 in 2100 [39]; the RCP4.5
which describes stabilization without exceeding 4.5 W/m2 after 2100 [40]; the RCP6 which is similar to
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RCP4.5, with stabilization at 6 W/m2 after 2100 [41] and the RCP8.5, which corresponds to the profile
of the growing radiative forcing leading to 8.5 W/m2 in 2100 [42]. West Africa is a developing region
which would need to use more and more energy than what is using now then the RCP2.6 scenario
with a low level of greenhouse gas emissions is not suitable for climate prediction in this region. The
RCP6 scenario is similar to the RCP4.5 scenario; it is not often taken into account in climate projections.
The scenarios RCP4.5 and RCP8.5 are considered in this study. These data included daily average
temperature (Ta, ◦C), Tmax, Tmin, daily wind speed, daily RHmax, RHmin and daily net radiation
(RS, MJ·m−2·day−1). The characteristics of used RCMs are shown in Table 2.

Table 2. Main characteristics of the RCMs.

Model
(RCM) Institution Driving GCM Horizontal

Resolution
No. of Vertical

Levels
Simulation

Period Reference

HIRHAM5 DMI GFDL-ESM2M 50 km 31 1951–2100 [43]
REMO CSC MPI-ESM-LR 50 km 27 1951–2100 [44]
RCA4 SMHI EC-EARTH 50 km 40 1951–2100 [45]
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2.2. Methods

2.2.1. PET computing

The Penman-Monteith formula was proposed by the Food and Agriculture Organization of the
United Nations (FAO) for estimating the water requirements of plants on irrigation schemes. The used
formula to compute PET is the FAO Penman-Monteith Equation (1) presented by [6].

PET =
0.408∆(Rn −G) + γ 900

T+273 u2(es − ea)

∆ + γ(1 + 0.34u2)
(1)

PET: potential evapotranspiration (mm·day−1), Rn: net radiation at the crop surface
(MJ·m−2·day−1), G: soil heat flux density (MJ·m−2·day−1), T: daily mean air temperature at 2 m
height (◦C), u2: wind speed at 2 m height (m·s−1), es: saturation vapor pressure (kPa), ea: actual
vapor pressure (kPa), es − ea: saturation vapor pressure deficit (kPa), ∆: slope vapor pressure curve
(kPa·◦C−1), γ: psychrometric constant (0.066) (kPa·◦C−1).

∆ =
4098

[
0.6108 exp

(
17.27T

T+273.3

)]
(T + 237.3)2 (2)

T = Tmax+Tmin
2 (◦C) is daily mean air temperature.

ea = e0(Tr) = 0.6108 exp
(

17.27Tr

Tr + 273.3

)
=

e0(Tmin)
HRmax

100 + e0(Tmax)
HRmin

100
2

(3)

es =
e0(T min

)
+e0(T max

)
2

(4)

Tr Temperature at dew point (◦C).
Rn = Rns − Rnl with Rns = (1 − α)·Rs and Rnl = RLWe − RLWr where Rs = downward shortwave

radiation, α = albedo, RLWe = upward longwave radiation, RLWr = downward longwave radiation.

2.2.2. PET Inter-Annual Variability Assessment

We used the Lamb Index to analyze the inter-annual variability of recent PET. The Lamb Index
determines the nature excess, normal or deficit of a given year according to the study period. This
index IPET is defined as follows by Equation (5)

IPET =
PETi − PETm

σ
(5)

where PETi stands for the value of the annual PET of the year i; PETm, the mean of PET over the study
period, and σ, the standard deviation of the data.

2.2.3. Mann-Kendall Test

The Mann-Kendall test has been widely used to test for randomness in hydrology and
climatology [46–49]. It is calculated via the following equation:

S =
n−1

∑
i=1

n

∑
j=i+1

sgn(xj − xi) (6)
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where n is the number of data points, xi and xj are the ith and jth data values in the time series (j > i),
respectively, and sgn(xj − xi) is the sign function determined as:

sgn(xj − xi) =


+1, if xj − xi > 0
0, if xj − xi = 0
−1, if xj − xi < 0

(7)

In cases when the sample size n > 10, the mean value (µ(S)) and variance (σ2(S)) are given by the
following equation:

µ(S) = 01

σ2(S) = n(n−1)(2n+5)−∑m
i=1 ti(t i− 1)(2t i+5)

18
(8)

where m is the number of tied groups and ti is the number of ties of extent i. A tied group is a set
of sample data with the same value. In the absence of ties between the observations, the variance is
calculated by the following equation:

σ2(S) =
n(n− 1)(2n + 5)

18
(9)

The standard normal test statistic ZS is calculated as:

Zs =


S−1√
σ2(S)

, if S > 0

0, if S = 0
S+1√
σ2(S)

, if S < 0
(10)

A positive ZS value indicates increasing trends; otherwise it represents decreasing trends. At the
5% significance level, the null hypothesis of the presence of no trend is rejected if |ZS| > 1.96.

2.2.4. Bias Correction

There is a large number of downscaling methods. Two (2) of the most widely used methods for
bias correction are used in this paper. These methods are: ‘Scaling’ and ‘Empirical Quantile Mapping’
(EQM). The Scaling method aims to perfectly match the monthly mean of corrected values with that of
observed ones [50,51]. It operates with monthly correction values based on the differences between
observed and raw data (raw RCM simulated data in this case). PET as well as temperature is generally
corrected with an additive term on a monthly basis:

PETc,m,d = PETRCM,m,d + ∆o,m − ∆RCM,m (11)

where PETc,m,d is corrected PET on the dth day of mth month, and PETRCM,m,d is the raw PET on the
dth day of mth month. ∆o,m and ∆RCM,m are respectively the mean values of observed and simulated
PET of the month m.

The Quantiles-Quantiles methods consist in correcting the quantile values of the model by those
calculated from the observations. At each point of the model, for each meteorological variable,
the 99 percentiles of the daily series are calculated. The 99 percentiles of the observed series are also
calculated. Each variable is corrected independently and at the daily time step. The correction function
consists in associating each percentile of the model with the observed percentile. The EQM method
uses empirical distribution functions [52–54]. This method should produce the best correction, but
depends on many degrees of freedom and cannot be stationary and therefore may transgress this
assumption in future periods. However, for applications on climate change, it is assumed that the
transfer function remains constant over time [55], which is a trivial hypothesis [56]. The EQM method
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is constructed by calculating the empirical Probability Distribution (PDF) functions but uses the
Cumulative Distribution Functions (CDF) for the correction:

y = Fobs
−1(F RCM(x)) (12)

where y is the corrected meteorological parameter and x its simulated value by the model ; FRCM is the
CDF of simulated data by the RCM and Fobs

−1 is the inverse of the CDF of the observed data.
The performance of each bias correction method is evaluated using the Root-Mean-Square Error

(RMSE) and the Mean Absolute Error (MAE).
- The Root-Mean-Square Error (RMSE)

RMSE =

√
1
n

n

∑
i=1

(PET i,obs − PETi,calc

)2
(13)

The Root-Mean-Square Error between two series is the distance between the means of these two
series. The RMSE is particularly close to zero as the two series are similar.

- The Mean Absolute Error (MAE)

MAE =
1
n

n

∑
i=1
|PETi,obs − PETi,calc| (14)

The MAE of two series is the mean of absolute values of error between the data of the two series
taken in pairs. Like the RMSE, it is even closer to zero as the two series considered are similar.

2.2.5. Changes Rates

The rates of changes were calculated by considering four (04) different periods. The first period
is the baseline period (1981–2010). The three other periods are the projected periods (2011–2040 (P1),
2041–2070 (P2) and 2071–2100 (P3)). For each period, the mean was calculated and then the rate of
changes was calculated using Equation (15).

Change rate =
Xp − Xr

Xr
× 100 (15)

where Xp is the mean of PET over the considered projected period, and Xr is the mean of PET over the
reference period.

3. Results and Discussion

3.1. Recent Inter-Annual Variability of PET

Over the period from 1967 to 2010, annual PET varies from one station to another and are
characterized by high variability. There are frequent alternations between periods of PET excess and
periods of PET deficit (Figure 2). At Cotonou, the period from 1967 to 1979 is a period of PET excess
with a few deficit years. This period is followed by a deficit period (1980 to 1997) with some excess
years. The period from 1998 to 2010 is characterized by an alternation between a short excess period
(1998–2002) and a short deficit period (2003–2008). Bohicon station is characterized by a short period
(1967–1973) of low PET variability. This period is followed by a long period (1974–1988) of excess of
PET. The period from 1989 to 1997 is a deficit period while the period from 1998 to 2008 is an excess
period. At Savè station, the periods from 1967 to 1973 and from 2001 to 2010 were excess in PET
whereas the period from 1974 to 2000 was a deficit period with a few years of PET surpluses. At
Parakou, the periods from 1967 to 1969 and from 1990 to 2002 are periods of deficit of PET while the
periods from 1970 to 1989 and from 2003 to 2010 are periods of PET excess with a few deficit years. At
Natitingou, the periods from 1967 to 1985, from 1990 to 1992 and from 2004 to 2010 are periods of PET
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deficit while the other periods are periods of excess. At Kandi, the period from 1967 to 1986 is a period
of low variability of PET. After this period, short periods of PET excess (1987–1999 and 1993–2002) and
short periods of PET deficit (1990–1992 and 2003–2010) were alternated.
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3.2. PET Trends Analysis

The results showing trends in monthly and annual PET for the period of 1981–2010 are presented
in Table 3. At Cotonou, 7 months (January, March to June, October and November) indicate decreasing
trends PET while the other months show increasing trends. Annual PET shows decreasing trend. Only
April trend (Zs = −2.14) and December trend (Zs = +3.00) are statistically significant at 95% level. At
Bohicon, July and December months show increasing trends while other months and annual PET
indicate decreasing trends. June trend (Zs = −2.18) and December trend (Zs = +2.32) are statistically
significant at 95% level. Few months show insignificant decreasing trend at Savè station. These months
are January, April, May and August. The other months and annual PET indicate increasing trends
with statistically significant at 95% level for July, October, November and December. At Parakou,
July, November and December months indicate increasing trends of PET but these trends are not
significant at 95% level. The other months and annual PET show decreasing trends that are statistically
significant at 95% level for March, April and May. Natitingou station indicates only decreasing trends
for all months and annual PET. The trends are all statistically insignificant at 95% level. At Kandi,
it is only in December, PET shows increasing trend but this trend is statistically insignificant at 95%
level. All other months and annual PET indicate decreasing trends with statistically significant at 95%
level from May to September. The different trends obtained are consistent with the results of recent
studies. Indeed, upward trends have been detected in England [23,24], on Nile Basin [25], in Burkina
Faso [26], in India [27] while downward trends were detected in India [28], in Italy [29], in the Tibetan
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Plateau [30] and in China [31]. A global study finds large basins with positive (e.g., Niger), negative
(e.g., Amazon) and non-significant (e.g., Congo) PET trends over 1958–2001 [57]. Both increasing and
decreasing trends have been found in China [58,59].

Table 3. Zs values of Mann-Kendall test on monthly and annual data during 1981–2010.

Month Cotonou Bohicon Savè Parakou Natitingou Kandi

January −0.07 −1.75 −0.64 −1.57 −0.14 −0.57
February +0.57 −1.78 +0.39 −1.68 −0.54 −0.61
March −0.21 −1.43 +0.39 −2.50 * −0.82 −0.86
April −2.14 * −1.53 −0.50 −3.21 * −0.46 −1.21
May −0.82 −0.89 −1.07 −2.11 * −1.11 −2.00 *
June −0.82 −2.18 * +1.36 −1.14 −0.68 −2.32 *
July +1.43 +1.43 +2.71 * +0.93 −0.46 −2.03 *
August +0.86 −0.75 −0.21 −0.96 −1.11 −2.71 *
September +1.71 −0.39 +1.36 −0.29 −0.96 −2.11 *
October −0.86 −0.82 +2.28 * −0.14 −0.50 −1.82
November −0.36 −0.11 +2.78 * +0.46 −1.07 −0.61
December +3.00 * +2.32 * +2.39 * +1.00 −0.32 +0.54
Annual +0.18 −0.96 +1.53 −1.71 −0.96 −1.71

* Indicates statistically significant trend at 95%.

3.3. Bias Correction Performances

Figure 3 shows annual PET estimated from the observed meteorology variables and those
estimated from simulated variables by RCMs. The figure indicates that HIRHAM5 and RCA4 models
overestimated annual PET at all stations. PET estimated by RCA4 model is higher than those of the
HIRHAM5 model. REMO model underestimates annual PET at Cotonou and Bohicon but at the
other stations, the estimated PET is more consistent with the observed PET. These results indicate that
estimated PET from climate models contains biases that need to be corrected.

Hydrology 2017, 4, 38  8 of 18 

 

basins with positive (e.g., Niger), negative (e.g., Amazon) and non-significant (e.g., Congo) PET 

trends over 1958–2001 [57]. Both increasing and decreasing trends have been found in China [58,59]. 

Table 3. Zs values of Mann-Kendall test on monthly and annual data during 1981–2010. 

Month Cotonou Bohicon Savè Parakou Natitingou Kandi 

January −0.07 −1.75 −0.64 −1.57 −0.14 −0.57 

February +0.57 −1.78 +0.39 −1.68 −0.54 −0.61 

March −0.21 −1.43 +0.39 −2.50 * −0.82 −0.86 

April −2.14 * −1.53 −0.50 −3.21 * −0.46 −1.21 

May −0.82 −0.89 −1.07 −2.11 * −1.11 −2.00 * 

June −0.82 −2.18 * +1.36 −1.14 −0.68 −2.32 * 

July +1.43 +1.43 +2.71 * +0.93 −0.46 −2.03 * 

August +0.86 −0.75 −0.21 −0.96 −1.11 −2.71 * 

September +1.71 −0.39 +1.36 −0.29 −0.96 −2.11 * 

October −0.86 −0.82 +2.28 * −0.14 −0.50 −1.82 

November −0.36 −0.11 +2.78 * +0.46 −1.07 −0.61 

December +3.00 * +2.32 * +2.39 * +1.00 −0.32 +0.54 

Annual +0.18 −0.96 +1.53 −1.71 −0.96 −1.71 

* Indicates statistically significant trend at 95%. 

3.3. Bias Correction Performances 

Figure 3 shows annual PET estimated from the observed meteorology variables and those 

estimated from simulated variables by RCMs. The figure indicates that HIRHAM5 and RCA4 models 

overestimated annual PET at all stations. PET estimated by RCA4 model is higher than those of the 

HIRHAM5 model. REMO model underestimates annual PET at Cotonou and Bohicon but at the other 

stations, the estimated PET is more consistent with the observed PET. These results indicate that 

estimated PET from climate models contains biases that need to be corrected. 

 

Figure 3. Observed and simulated (no bias corrected) annual PET. 

Table 4 shows the performances of bias correction methods in calibration and validation periods. 

In calibration, for HIRHAM5 model MAE values range from 0.91 to 1.34 for the uncorrected estimated 

Figure 3. Observed and simulated (no bias corrected) annual PET.



Hydrology 2017, 4, 38 9 of 18

Table 4 shows the performances of bias correction methods in calibration and validation periods.
In calibration, for HIRHAM5 model MAE values range from 0.91 to 1.34 for the uncorrected estimated
PET while MAE values vary from 0.85 to 1.16 for the corrected PET with the Scaling method against
0.70 to 0.98 for those corrected by EQM method. In validation, MAE values range from 0.95 to 1.39
for uncorrected estimated PET, from 0.95 to 1.18 when the data are corrected with Scaling method
and from 0.72 to 1.03 when the correction is made by using the EQM method. From this analysis it
appears that EQM method is better compared to Scaling method for bias correction of estimated PET.
For REMO model, in calibration, MAE values vary between 0.90 and 1.08 for uncorrected estimated
PET while MAE values vary from 0.89 to 1.04 when the Scaling method is applied to correct the bias
whereas MAE are of the order of 0.65 to 0.87 when the bias correction method is EQM. In validation,
MAE values obtained with the uncorrected PET range from 0.89 to 1.12. After bias correction, MAE
values remained unchanged with the Scaling method (0.89 to 1.10) while with the EQM method these
values are between 0.66 and 0.92. As with HIRHAM5 model, EQM method is better than Scaling
method at all synoptic stations in Benin. For RCA4 model, MAE values obtained with uncorrected
PET vary from 0.96 to 1.44 in calibration and from 1.01 to 1.56 in validation. After bias correction with
the Scaling method, MAE values range from 0.72 to 0.97 in calibration and 0.73 to 1.01 in validation,
while for the EQM method MAE values are between 0.62 and 1.04 in calibration against 0.61 and 1.07
in validation. It is found that for RCA4 model, both methods perform well according to the stations.
Indeed, at Cotonou and Kandi stations, the Scaling method presents good performances whereas at
the other stations, EQM method is better than Scaling method.

RMSE values show almost identical results to those of MAE. In calibration for the three models,
both bias correction methods and all stations, RMSE values are of the order of 0.0. In validation, they
are between 0.0 and 0.3. From this analysis and from Figures 3 and 4, it appears that bias correction
methods reduce effectively RCMs biases. Here EQM method is better than Scaling method. This is
why EQM method is chosen to bias correct projected PET under RCP4.5 and RCP8.5 scenarios of
climate change.
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Table 4. Bias correction performances.

Calibration Validation

HIRHAM 5 REMO RCA4 HIRHAM 5 REMO RCA4

Station Raw Scaling EQM Raw Scaling EQM Raw Scaling EQM Raw Scaling EQM Raw Scaling EQM Raw Scaling EQM

MAE

Cotonou 0.91 0.85 0.80 0.90 0.89 0.77 0.96 0.74 0.77 0.95 0.85 0.80 0.89 0.89 0.77 1.01 0.75 0.79
Bohicon 1.02 0.90 0.70 1.00 1.01 0.65 1.21 0.72 0.62 1.09 0.93 0.72 1.00 1.03 0.66 1.27 0.73 0.61

Savè 1.16 0.91 0.72 1.09 1.08 0.70 1.38 0.77 0.70 1.25 0.92 0.73 1.12 1.10 0.70 1.45 0.76 0.67
Parakou 1.10 0.96 0.80 0.95 0.96 0.73 1.39 0.86 0.82 1.27 1.03 0.85 1.00 1.03 0.78 1.56 0.87 0.82

Natitingou 1.29 1.12 0.86 1.06 1.04 0.8 1.44 0.94 0.87 1.31 1.15 0.9 1.02 1.01 0.81 1.39 0.96 0.89
Kandi 1.34 1.16 0.98 0.99 0.99 0.87 1.32 0.97 1.04 1.39 1.18 1.03 1.02 1.02 0.92 1.34 1.01 1.07

RMSE

Cotonou 0.36 0.00 0.00 0.34 0.00 0.00 0.74 0.00 0.00 0.52 0.16 0.16 0.26 0.07 0.07 0.81 0.07 0.08
Bohicon 0.49 0.00 0.02 0.32 0.00 0.01 1.11 0.00 0.00 0.67 0.18 0.16 0.21 0.11 0.09 1.17 0.07 0.06

Savè 0.79 0.00 0.01 0.09 0.00 0.00 1.30 0.00 0.00 0.99 0.20 0.17 0.20 0.11 0.10 1.39 0.10 0.09
Parakou 0.61 0.00 0.01 0.13 0.00 0.01 1.27 0.00 0.00 0.94 0.33 0.31 0.12 0.25 0.24 1.49 0.22 0.22

Natitingou 0.72 0.00 0.01 0.16 0.00 0.01 1.30 0.00 0.00 0.72 0.00 0.03 0.11 0.05 0.07 1.19 0.11 0.11
Kandi 0.76 0.00 0.01 0.08 0.00 0.01 1.09 0.00 0.00 0.85 0.09 0.07 0.03 0.05 0.04 1.05 0.04 0.04
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3.4. Rates of Changes Related to the Baseline Period

3.4.1. Annual Changes

Figures 5 and 6 show the evolution of annual PET from 1967 to 2100. Regardless of the climate
change scenario and RCMs, projected PET indicates upward trends. According to the RCP4.5 scenario
the increase will be continuous until 2070s then there is PET stabilization until 2100 while for the
RCP8.5 scenario the increase will be continuous until 2100.
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The changes induced by these continuous increases of annual PET are shown in Figure 7. During
P1 period and under the RCP4.5 scenario, HIRHAM5 projects increases of 2.86 to 4.66% of annual
PET compared to the baseline period. Over the same period, REMO model indicates increases of
4.81 to 5.58% except at Cotonou station with a rate of 1.11%. For RCA4 model, the rates of increase
of PET are low and vary from 3.31 to 3.73 %, excepted Bohicon station where an increasing rate of
5.58% was found. The Ensemble of three models projects increases of 2.62 to 4.69%. According to the
RCP8.5 scenario, models project increases of annual PET over P1 period that are slightly higher than
those projected under the RCP4.5 scenario. Indeed, HIRHAM5 model projects increases of 4.44 to
7.25%, REMO model indicates increases of 4.28 to 7.17% except Cotonou station which projects a rate
of increase of 16.02% compared to the baseline period. RCA4 model projects increases of 2.6 to 5.9%,
while the Ensemble of three models projects increases of 4.99 to 7.69% related to reference period.
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Over P2 period and under the RCP4.5 scenario, HIRHAM5 model projects increases of 5.03 to
7.71% of annual PET compared to the baseline period. REMO model predicts increases between 5.44%
and 8.33%, with the exception of Cotonou station which indicates a very small decrease (−0.01%).
RCA4 model forecasts increases of 6.26 to 8.76% while the Ensemble of these three models predicts
increases of 4.13 to 7.64% of annual PET related to the reference period. According to the RCP8.5
scenario, the growth rates of PET over P2 period are higher than those obtained with the RCP4.5
scenario. The HIRHAM5 model predicts the rates of 6.59 to 9.83%, while for REMO it is from 5.74 to
9.69% (except Cotonou station with 16% of increase). Increasing rates of 8.44 to 12% are predicted by
RCA4 model. The Ensemble of three models project increasing rates of 8 to 10.91%.
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Over P3 period and under the RCP4.5 scenario, the rates of increase in PET related to the reference
period range from 6.2 to 8.55% for HIRHAM5 model, from 7.54 to 12.41% for REMO model and
from 7.4 to 9.87% for RCA4 model. The Ensemble of these three models projects increases between
7.25% and 9.75%. Under the RCP8.5 scenario, increases in the P3 period are practically twice of those
predicted under the RCP4.5 scenario. These increases are in the range of 9.65 to 13.5% for HIRHAM5
model, of 10.08 to 19.63% for REMO model and of 12.95 to 17.79% for RCA4 model. The Ensemble
of three models predicts increases ranging from 12 to 16% compared to the reference period. The
tendencies in the increase in PET observed at all stations are consistent with the results of many studies.
In fact, [60] uses data from 21 GCMs, for six catchments in Britain, for a scenario representing a 2 WC
rise in global mean temperature. Annual PET increases for all but one climate model, with significant
variation between climate models and catchments (range of 4 to 40%). Ref. [61] use data from 13 RCMs,
for the 2080s time-horizon with A2 emissions, with a weather generator for the River Eden (Cumbria)
and reported increases of annual PET. Ref. [59] also indicate, an increase of 2.45% for the A2 and of
1.61% for the B2 emissions scenarios in the 2020s; an increase of 6.36% for the A2 scenario and 3.51%
for the B2 scenario in the 2050s; and an increase of 11.72% for the A2 scenario and 5.31% for the B2
scenario in the 2080s on the Tibetan Plateau annual PET. In the future period (2011–2040), ref. [5] in
Zhejiang Province, East China with ECHAM5 and HadCM3 GCMS, reported annual PET increases
in the whole province, although such change might not be significant (<10%) relative to the baseline
period (1961–1990) for both GCMs. Ref. [62] reported PET increases of approximately 25 to 53%
(mean of 38%), for the period of 2081–2100 vs. 1981–2000. Ref. [63] also reported mean increase of 45%
for the same GCMs and emissions scenario. The analysis of [64], based on 3-h resolution outputs of
temperature, vapor pressure, wind, and radiation from 13 CMIP5 GCMs, yielded mean PET increases
of 17.8% and 24.4% for lands at 15–40 ◦ and 40–80 ◦ North latitude, respectively, for the period of
2080–2099 vs. 1980–1999. Ref. [65] projected increases in PET of 15–20% over most of our NGP grid for
2071–2100 relative to 1961–1990, based on CMIP5 data from 27 GCMs under the RCP85 scenario.

3.4.2. Monthly Changes

Given that PET estimates from these three RCMs converge, only PET estimates from a set of these
models were used to analyze the changes of monthly PET. Figure 8 shows the rates of changes for
all stations. According to the RCP4.5 scenario, there will be an increase of PET on January, February,
March, June, July, November and December at all stations for the different projected periods. The rates
of increase are rising according to the projected periods. Note that the large increases are obtained
on January and December with rates of increase of about 20%. The months of April, May, August,
September and October are characterized either by a slight decrease in PET, or by a slight increase
according to the projected periods and the stations. The rates of change for these months range
from −8 to 5%. Under the RCP8.5 scenario, there will be an increase in monthly PET at all stations
and the different projected periods except for the April and May with little decrease especially for
P1 and P2 projected periods. The rates of increase are higher for the months of January, February,
March, June, July and December with rates of 15 to 25% of increase compared to the baseline period.
As with the RCP4.5 scenario, the increases projected by the RCP8.5 scenario are increasing with
projected periods. These results are consistent with those of many studies. Indeed, ref. [61] show
increases in mean Penman–Monteith PET in all seasons, with the largest percentage increases in
autumn (30–80%) and winter (30–60%) and smallest in spring (0–50%) and summer (20–40%). Ref. [66]
use data from the HadRM3H RCM over Europe for 2080s projected and A2 scenario and show seasonal
absolute differences between future and baseline Penman-Monteith PET. According to [5], seasonal
or monthly changes are very different to annual changes of ECHAM5 model in Zhejiang Province,
East China. This model projects an increases of PET in spring, autumn, and winter. They also found
slight decreases near the coast in summer. HadCM3 projected decreases in spring and summer, while
increases in PET in autumn and winter can be found. Ref. [67] also show that average PET is highest in
summer, accounting for 39.4% and 38.5% of the annual PET under the historical and RCP 8.5 scenarios,
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respectively, followed in descending order by spring, autumn, and winter in 3H Plain region in China.
They observed the largest increase with respect to the past in the southwest region with a change
in magnitude of 25–32%, whereas the smallest increase was located in the northeast region (3–10%).
As for autumn and winter, marked areas of low values are visible in the projected pattern of PET
from the north to central parts of the region, whereas higher values can be found in eastern and
southwestern regions.
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4. Conclusions

The results of this study show a high variability of PET in Benin during the reference period
with alternating periods of PET deficit and periods of PET excess. Projected PET indicates an increase
in annual PET for the RCP4.5 and RCP8.5 scenarios. The RCP8.5 scenario leads to very significant
increases in annual PET in future periods compared to the reference period, which will especially
reach an increase between 10% and 20% at the end of the century. Under the RCP4.5 scenario, seasonal
changes show a sharp increase in PET on January, February, June, July and December while in April,
May, August, September and October, there is a small decrease of PET especially for P1 and P2
projected periods. Under the RCP8.5 scenario monthly PET increases. The increases in the months
of January, February, June, July and December are high with about 20% while the increases of other
months are low and less than 10%. The variability of the future monthly PET relative to the baseline
period assumes that the seasonal variation of PET is too complicated. This confirms the fact that the
trends observed during the baseline period vary from one month to other. This variability is related to
the variation of the meteorological variables used to compute PET. It would be important to carry out
a sensitivity study of PET to all meteorological variables in order to determine their relative influence
on the variability of PET. It is also important to extend this study to the whole West African region.
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