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Abstract: This study assessed how changes in terms of temperature and precipitation might translate
into changes in water availability and droughts in an area in a developing country with environmental
interest. The hydrological model Soil and Water Assessment Tool (SWAT) was applied to analyze the
impacts of climate change on water resources of the Guajoyo River Basin in El Salvador. El Salvador is
in one of the most vulnerable regions in Latin America to the effects of climate change. The predicted
future climate change by two climate change scenarios (RCP 4.5 and RCP 8.5) and five general
circulation models (GCMs) were considered. A statistical analysis was performed to identify which
GCM was better in terms of goodness of fit to variation in means and standard deviations of the
historical series. A significant decreasing trend in precipitation and a significant increase in annual
average temperatures were projected by the middle and the end of the twenty–first century. The results
indicated a decreasing trend of the amount of water available and more severe droughts for future
climate scenarios with respect to the base period (1975–2004). These findings will provide local water
management authorities useful information in the face of climate change to help decision making.
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1. Introduction

The last century has seen a dramatic increase in greenhouse gas emissions. These higher
concentrations of carbon dioxide and other greenhouse gases in the Earth’s atmosphere increase
the greenhouse effect and directly affect global temperature [1]. Consequently, global warming has
caused higher evapotranspiration rates leading to changes in precipitation worldwide. Such global
climate change significantly affects the hydrological cycle and streamflow regimes, especially at the
basin scale [2], which directly affects ecosystems, water security and economic activity, mainly in the
agricultural sector, in forestry and energy generation by hydroelectricity. Some of the consequences of
climate change, such as an increase in extreme floods and droughts, maybe unavoidable [3]. Therefore,
quantifying the climate change impact on water availability is essential to watershed management as
well as to the formulation of adaptation strategies to mitigate its negative impacts [4].

According to the Intergovernmental Panel on Climate Change (IPCC) [5], it is expected that almost
all regions of the world will experience a negative impact on climate change. Specifically, developing
countries are more vulnerable to climate change than developed countries, due to increased exposure
to extreme hydrometeorological events, the predominance of agriculture in their economies, poor
infrastructure and less capital for developing adaptation measures [6,7]. This study explores local
responses to climate change-related perturbations through one case study in a rural area of El Salvador,
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the Guajoyo River Basin. El Salvador is in one of the most vulnerable regions in Latin America to
the effects of climate change, as it is located within a band of hurricanes and low-lying coastal areas,
among other particularities [5,8]. Numerous publications have evaluated the impact of climate changes
on the hydrological cycle in Latin America and the rest of the world. However, few studies focused on
the evaluation of streamflow changes in El Salvador. Maurer et al. [9] studied the hydrologic impacts
of climate change to the Lempa River Basin, one of the largest basins in Central America, covering
portions of Guatemala, Honduras, and El Salvador. Imbach et al. [10] evaluated the likelihood and
magnitude of the impacts of climate change on potential vegetation and the water cycle in El Salvador
and the rest of Central America. Other studies that analyzed climate change near the study area, albeit
without focusing on the study of water availability, were: Campos et al. [8] explored local adaptation
strategies to mitigate climate change-related perturbations through two case studies in rural areas
of Mexico and El Salvador; and Aguilar et al. [11] assessed climate vulnerability and adaptation to
climate change of rural inhabitants in the central coastal plain of El Salvador.

Hydrological models are the principal tools used to explore the potential effects of climate change
on water resources [12]. The hydrological model Soil and Water Assessment Tool (SWAT) has been
successfully and widely used all over the world to simulate basin hydrology under different climate
change scenarios [13–15]. However, to the best of our knowledge, no previous works have been found
applying the SWAT model in El Salvador and so far no study has been carried out in the Guajoyo River
Basin in relation to the impact of climate change on water resource availability under climate change
conditions in particular.

The Guajoyo River Basin presents an environmental interest in terms of international protection
figures, such as (1) the Complejo Güija, part of the Ramsar List of the Convention of Wetlands
since 2010, located in the mouth of the river Guajoyo where it flows into the river Desagüe; (2) the
Montañita Protected Natural Area, designated in 2010, in the upper part of the tributary catchments
Quebrada Las Marias and Quebrada San Marcos, where the dry tropical forest stands; and (3) the
Trifinio Fraternidad area designated as a Biosphere Reserve by UNESCO in 2011 and located between
El Salvador, Guatemala and Honduras, which guarantees water supply for local communities, whilst
playing a key role in regional development through agro–tourism and coffee activities.

As a result of its environmental interest, the hydrologic balance of the Guajoyo River Basin
becomes crucial in order to maintain or enhance the sustainability of the area while coping with the
human and climate change pressures. Therefore, the main objective of this paper is to assess the impacts
of climate change on hydrological processes, such as water balance components of the basin, using
five future general circulation models (GCMs) climate projections of temperatures and precipitation
under different emission climate scenarios, downscaled for use as an input in a SWAT model of the
Guajoyo River Basin, located in northwest El Salvador. Also, the potential impacts of climate change
on droughts in this basin were evaluated. The results obtained in this study are expected to provide
more insight into the future water availability in this developing country, where these types of studies
are scarce, to help local water management authorities make wise and rational decisions to meet
and overcome water challenges and plan water resources management in the basin in the context of
climate change.

2. Materials and Methods

2.1. Study Area

The headwaters of Guajoyo River Basin are situated in the West of El Salvador and cover about
156 km2, with terrain elevations of between 425 and 1517 m (Figure 1). The average slope in the basin
is 16%, with steep slopes characterizing the highlands and relatively gentle slopes being predominant
in the lowlands. The Guajoyo River is a tributary of the Lempa River, the largest and most important
river in El Salvador. The studied basin, as the region in general, has a tropical climate and experiences
a wet season followed by a dry season [16].



Water 2019, 11, 2360 3 of 18
Water 2019, 11, x FOR PEER REVIEW 3 of 18 

 

Figure 1. Location map: (a) Location of El Salvador in Central America; (b) Location of the Guajoyo 
River Basin in El Salvador; (c) Subbasins, Digital Elevation Data (DEM), river and hydro-
meteorological stations of Guajoyo River Basin. 

The annual historical precipitation in this area ranges from 862 to 1834 mm/year, with the 
average annual precipitation from 1970 to 2017 being 1373 mm/year. The wet period from May to 
October is clearly distinguishable, with an average rainfall of 1249 mm, equivalent to 91% of the total 
annual rainfall, and the dry period from November to April with a rainfall of 124 mm representing 
9%. Temperature values vary mainly with elevation and show few seasonal changes, with maximum 
values in the months of March and April and minimum values in the months of November and 
December. The average annual temperature in the basin is 23 °C. The dominant soils are andosols, 
which are of volcanic origin, highly permeable and fertile [17,18]. The basin is covered by sixteen land 
use types (Table 1), being dominated by cropland, which accounts for 51% of the total area, and by 
pastureland (30%).  

Figure 1. Location map: (a) Location of El Salvador in Central America; (b) Location of the Guajoyo
River Basin in El Salvador; (c) Subbasins, Digital Elevation Data (DEM), river and hydro-meteorological
stations of Guajoyo River Basin.

The annual historical precipitation in this area ranges from 862 to 1834 mm/year, with the average
annual precipitation from 1970 to 2017 being 1373 mm/year. The wet period from May to October is
clearly distinguishable, with an average rainfall of 1249 mm, equivalent to 91% of the total annual
rainfall, and the dry period from November to April with a rainfall of 124 mm representing 9%.
Temperature values vary mainly with elevation and show few seasonal changes, with maximum
values in the months of March and April and minimum values in the months of November and
December. The average annual temperature in the basin is 23 ◦C. The dominant soils are andosols,
which are of volcanic origin, highly permeable and fertile [17,18]. The basin is covered by sixteen land
use types (Table 1), being dominated by cropland, which accounts for 51% of the total area, and by
pastureland (30%).
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Table 1. Land use type of the Guajoyo River Basin.

Land Use Type Area (km2) % Coverage

Commercial 0.66 0.42
Sugarcane 0.68 0.43

Range–Grasses 0.97 0.62
Residential–High Density 1.70 1.09

Forest–Deciduous 2.00 1.28
Forest–Mixed 2.35 1.50

Southwestern US (Arid) Range 3.22 2.06
Meadow Bromegrass 3.22 2.06

Forest–Evergreen 3.84 2.46
Residential–Medium Density 4.27 2.74

Coffee 5.75 3.69
Shrubland 11.51 7.38

Pasture 12.47 7.99
Range–Grasses 31.44 20.15

Dryland cropland and pasture 34.44 22.07
Agricultural Land–Generic 37.52 24.05

2.2. Data Sources

The SWAT model requires input of Digital Elevation Data (DEM), land use, soils, and meteorological
data, such as daily precipitation, maximum and minimum temperatures, solar radiation, relative
humidity and wind speed. The terrain data were obtained from the Advanced Spaceborne Thermal
Emission and Reflection Radiometer (ASTER) Global Digital Elevation Model (GDEM) version 2, with
a resolution of 30 × 30 m [19]. Land use maps, precipitation and streamflow data were obtained from
Ministry for the Environment and Natural Resources of El Salvador (MARN). The rainfall station is
located on Lake Güija at an altitude of 485 m a.s.l. The streamflow data are monthly data from 2006 to
2012 for a gauge station called Piedra–Cargada that is located at the outlet of the basin. Soil data were
taken from the Harmonized World Soil Database [20]. Due to the poor quality and scarcity of measured
data, other weather data (maximum, and minimum air temperatures, average wind speed, solar
radiation, and relative humidity) were derived from the Climate Forecast System Reanalysis (CFSR)
data set developed by the National Centers for Environmental Prediction (NCEP) in the USA [21],
with a grid data of size 38 by 38 km (see Supplementary Materials, Tables S1 and S2). The CFSR
data were obtained from the SWAT team at Texas A&M University (https://globalweather.tamu.edu/).
Global atmospheric reanalysis such as CFSR are commonly used to provide basin–scale hydrological
simulations with the required climate data, especially where measured data are scarce [22].

In this study, the software Climate Change Toolkit (CCT) (described by Vaghefi et al. [23]) had
been used to prepare the data for the climate change scenarios. CCT is a platform which allows the user
to extract and prepare data needed in a climate change study for application to hydrology. Data for
different climate change scenarios were prepared using the CCT software. CCT database involves
five sets of global 0.5◦ × 0.5◦ grid GCM data from Inter-Sectoral Impact Model Inter comparison
Project (ISI-MIP5) [24]. Historical (1975–2005) and future data (2006–2099) for temperature (◦C) and
precipitation (mm) from five GCMs (GFDL–ESM2M, HadGEM2–ES, IPSL–CM5A–LR, MIROC, and
NoerESM1–M) were downloaded (made available at http://www.2w2e.com). CCT software uses a
statistical bias correction method to downscale meteorological variables from GCMs. The RCP 4.5
and 8.5 emission scenarios were used to quantify climate change on the hydrologic regime of Guajoyo
River Basin.

2.3. Conceptual Model

The aim of this study is to quantify the future climate and its impact on the streamflow of
the Guajoyo River Basin. A SWAT model was used to develop different model setup scenarios.

https://globalweather.tamu.edu/
http://www.2w2e.com
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Under different climatic conditions in the future, specifically with respect to rainfall and temperature,
the response of the basin was evaluated. The potential impact of climate change on hydrology is
analyzed in two different time horizons: mid future (2040–2069), and far future (2070–2099). The 30-year
period from 1975–2004 was used as a baseline. The methodology used in this study is presented in
Figure 2. It includes the following steps: (1) configuration, calibration and validation of hydrological
model using SWAT; (2) spatial and temporal extraction of GCMs data, bias correction and statistical
downscaling of these data using CCT software; (3) analysis and comparative assessment of downscaled
GCM projections according to their ability to reproduce historical climatology for the selection of
GCM; (4) obtaining the results in SWAT for each scenario considered; (5) assessment of the impact of
climate change in the basin by simulating the new climate conditions in the calibrated SWAT model
and drought analysis.
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2.4. The SWAT Hydrological Model

The hydrological modelling of Guajoyo River Basin was carried out using SWAT. The SWAT model
is a semi-distributed physically based hydrological model, operating on a daily time step and used for
continuous long-term simulations of a variety of processes. The major simulated hydrological variables
of the SWAT model consist of surface runoff, soil and root zone infiltration, evapotranspiration, soil
and snow evaporation, and return flow [25].

The SWAT model works on the principle of dividing the basin into a multiple sub-basins based on
the river network and topography; subsequently, sub–basins are divided into hydrologic response units
(HRUs) which have unique soil, slope and land use properties [26]. SWAT simulates the hydrological
cycle based on the water balance using the following equation:

SWt = SWinit +
t∑

i=1

(
Rday(i) −Qsur f (i) − Ea(i) −Wseep(i) −Qgw(i)

)
(1)

where SWt is the final soil water content (mm), SWinit is the initial soil water content (mm), t is the time
in days, Rday(i) is the amount of precipitation on day i (mm), Qsurf(i) is the surface runoff (mm), Ea(i) is
the evapotranspiration (mm), Wseep(i) is the percolation (mm) and Ggw(i) is the return flow (mm).

2.4.1. Model Setup

The SWAT model requires three physically based inputs to characterize a watershed: a soil map, a
land cover/use map, and a DEM. The first step in SWAT model setup for a particular area are defining
the watershed boundaries and analyze the drainage patterns of the terrain using a DEM of 30 m × 30 m
grid size. The landuse data contains use and crop specific digital layers, suitable for use in Geographic
Information System (GIS) and are one of the most important factors that control events such as runoff,
evapotranspiration, sediment deposition and soil erosion [27]. The area under each landuse type and
SWAT classification system are presented in Table 1. Soil maps were used to characterize each soil type
from information on soil texture, hydraulic conductivity and available water content, among others,
and includes one type of soil for the study area. Due to high elevation differences in the basin, four
categories of slope were defined (0–5%, 5–10%, 10–20% and >20%) which cover 23, 9, 18, and 50% of
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the watershed, respectively. In SWAT, land use, soil and slope maps were overlaid to create the HRUs.
To have a better estimation of streamflow of the basin and so as to avoid unnecessary large number
of HRUs, a threshold level of 10% was established to simplify model processing and remove minor
slopes, soils and land uses for each sub–basin. Finally, the Guajoyo River Basin has been divided into
11 sub-basins and 85 HRUs.

The main required climate inputs for SWAT are temperatures and precipitation, which are the
ultimate climate drivers of the runoff process [28]. In this study, the SCS curve number method
developed by the Soil Conservation Service [29] was used to estimate surface runoff from precipitation.
The FAO Penman–Monteith method [30] was adopted to calculate the daily potential evapotranspiration.
The Penman–Monteith method is recommended as the sole standard method by the United Nations
Food and Agriculture Organization (FAO) and requires solar radiation, air temperature, relative
humidity and wind speed [31]. Finally, once the meteorological data were loaded, the SWAT model
run was started.

2.4.2. Model Calibration and Validation Procedures

The SWAT model has been calibrated and validated against observed discharge data from a
gauging station using the SUFI–2 algorithm of SWAT–CUP (Calibration and Uncertainty Programs) [32].
Eleven widely used flow calibration parameters and their ranges were selected based on available
literature and our previous experience, incorporating aspects of groundwater flow, runoff and soil data.
To reach an acceptable calibration, three iterations (each iteration representing 500 simulations) were
performed as recommended by Alemayehu et al. [33] and Pomeón et al. [34]. The parameter ranges
were updated after each iteration. Among the incomplete and non-continuous measured streamflow
data and considering five years as warm-up, the periods 2006–2009 and 2010–2012 were selected as the
calibration and validation periods, respectively. Following the recommendations of Arnold et al. [35],
the selected calibration period includes dry and wet periods to ensure that it reflects the range of
conditions under which the model is expected to operate.

The model was evaluated on a monthly scale and the Nash–Sutcliffe Efficiency (NSE) was chosen
as the objective function. The performance of the model for the monthly flow was evaluated according
to the recommendation and performance ratings proposed by Moriasi et al. [36]. Further efficiency
criteria used in this study were the R2, PBIAS, RMSE, and RSR. These statistics are defined in Table 2.

Table 2. Performance metrics [36,37].

Performance Metric Equation Range

Nash–Sutcliffe efficiency
coefficient (NSE)

NSE = 1−
∑n

i=1(Oi−Si)
2∑n

i=1(Oi−O)
2 [−∞, 1]

Coefficient of determination (R2)

R2 = ∑n
i=1(Oi−O)·(Si−S)[∑n

i=1(Oi−O)
2
]0.5
·

[∑n
i=1(Si−S)

2
]0.5


2

[0, 1]

Percent bias (PBIAS) PBIAS =
∑n

i=1(Oi−Si)·100∑n
i=1(Oi)

[−∞,∞]

Root mean squared error (RMSE) RMSE =

√∑n
i=1(Oi−Si)

2

n
[0,∞]

RMSE–observations standard
deviation ratio (RSR) RSR =

√∑n
i=1(Oi−Si)

2√∑n
i=1(Oi−S)

2
[0,∞]

Oi is the i-th observed data, O is the mean of the observed data, Si is the i-th simulated data, S is the mean of the
simulated data and n is the total number of observations.

2.5. Climate Change Scenarios and Predictions

After the SWAT model was calibrated and validated under current conditions, the simulation of
streamflow corresponding to future climate change were carried for future periods in two time horizons,
mid future (2040–2069), and far future (2070–2099), for both RCP 4.5 and RCP 8.5 climate scenarios.
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Firstly, historical and future GCMs climate data was extracted from GFDL–ESM2M, HadGEM2–ES,
IPSL–CM5A–LR, MIROC, and NoerESM1–M models. Second, it was necessary that GCMs products
be regionalized to a specific area to obtain a meaningful interpretation of the impacts of climate
change on a local scale. In addition, biases need to be corrected to eliminate existing biases in
climate data [38]. In this study bias correction using statistical downscaling was used for the GCM
future data, which were bias corrected against the observed data. The performance of statistical bias
correction methods to downscale the meteorological variables of the GCMs is considered satisfactory
in different hydro-climatological studies [39]. The observed data for the period 1975–2004 used as the
base period were also corrected according to Sofaer et al. [40] (see Supplementary Materials, Tables S3
and S4). Data download, spatial downscaling and bias correction of GCMs and the observed data
were carried out in the CCT software. The CCT downscaling module searches for the measured data
stations and finds the one closest to the GCM grids to apply the correction factor. In this method, an
additive and multiplicative correction factor has been applied to each month for temperature and
precipitation, respectively.

The next step in this study was to perform a comparative analysis of GCMs products, previously
downscaled and bias corrected, to select the better model according to their ability to reproduce
historical climatology of the study area. The methodology used in this task is the one proposed by
Pulido-Velazquez et al. [41]. This method consists of comparing means and standard deviations for
a mean year on a monthly basis for historical precipitation and temperature time series and control
series derived from the regionalized GCM (RCM) over the same period, in this study from 1980 to
2004. For this purpose, an indicator (Id) given by Equation (2) measures the goodness of adjustment
obtained using each RCM for two statistics, mean and standard deviation, of both climatic variables:

Idi =
2∑

n,m=1
Idi(VnSm)

Idi(VnSm) =
12∑

j=1

[
(VnSm)

j
i − (VnSm)

j
Hist

]
/(VnSm)

j
Hist

(2)

where the subindex i is employed for a specific RCM and superscript j for the months for a mean year.
V1 is the precipitation variable, V2 is the mean temperature variable, S1 the mean monthly value, S2

the monthly standard deviation for a specific RCMi.
Afterward, once the four Id indicators have been obtained for each RCM, corresponding to

the mean and standard deviation of both series, the best models in terms of goodness of fit to the
observed time series were selected. Finally, the simulation results from the selected RCMs such as
daily precipitation, and maximum and minimum temperature data of both scenarios were used as
input for the SWAT model to generate the future flows.

Trend Analysis Methods

In this study, the Mann–Kendall test for the detection of trends of annual and monthly precipitation
and mean temperature, and Sen’s method for estimating of the slope of linear trends were used.
Both non-parametric methods have been applied using the Microsoft Excel template application
MAKESENS (Version 1.0) (more details can be found in Salmi et al. [42]). The Mann–Kendall test
is one of the most widely used non–parametric tests for detecting trends in hydroclimatic series,
which, contrary to parametric methods, it does not require the data to be normally distributed,
requires only that it the data be independent. In addition, it has a low sensitivity to abrupt peaks
due to inhomogeneous time series [43]. The presence of a statistically significant trend is evaluated
using the test statistic Z. A positive value of Z indicates an upward trend and a negative value
indicates a downward trend. In MAKESENS, the tested significance levels are 0.001, 0.01, 0.05 and 0.1.
Details about the formulation of Mann-Kendall test can be found in Partal and Kahya [44]. The Sen’s
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method [45] is another very useful index that estimates the magnitude of the trend and is given for the
sample of N pairs of data by:

Qi = median
(x j − xk

j− k

)
f or i = 1, . . . , N (3)

where xj and xk are the data values at time j and k (j > k), respectively.

2.6. Drought Analysis

In this study, the standardized precipitation index (SPI) [46] and the standardized runoff index
(SRI) [47] were used to characterize the meteorological and hydrological droughts, using observed
precipitation and model derived runoff data for the baseline period and future simulation periods.
In this study, 12-month SPI (SPI–12) and 12-month SRI (SRI–12) values were calculated using SPI
Generator software developed by National Drought Mitigation Center (NDMC) [48]. A drought event
is a period where SPI or SRI values are continuously negative. A drought event begins when the
SPI or SRI reaches an intensity of −1.0 or less and ends when the SPI or SRI reaches a positive value.
The duration of a drought event is the total number of months from the beginning to the end of the
episode. The intensity of the drought event is calculated as the mean of all absolute monthly SPI or SRI
values over that duration [49].

3. Results and Discussion

3.1. Performance of the SWAT Model

As discussed in the previous section, a total of 11 SWAT–parameters were optimized using the
SUFI–2 algorithm of SWAT–CUP. The calibration was performed over a period of 4 years, from 2006 to
2009. The final ranges used and the final fitted values of these parameters are given in Table 3.

Table 3. Calibration of SWAT parameters for the Guajoyo River Basin.

Parameter 1 Description Final Range Used
in Calibration Fitted Value Final Value

r_CN2.mgt SCS runoff curve number −0.2 to 0.2 −0.09 [63.40–75.17] 2

v_ALPHA_BF.gw Baseflow alpha factor (days−1) 0 to 0.65 0.09 0.09
a_GW_DELAY.gw Groundwater delay time (days) −10 to 60 −2.90 28.07

a_GWQMN.gw
Threshold depth of water in the
shallow aquifer for return flow to
occur (mm)

200 to 1500 1407.70 2407.70

v_GW_REVAP.gw Groundwater revap coefficient 0.02 to 0.15 0.13 0.13
a_RCHRG_DP.gw Deep aquifer percolation fraction −0.02 to 0.03 0.02 0.07

a_REVAPMN.gw

Threshold depth of water in the
shallow aquifer for revap or
percolation to the deep aquifer to
occur (mm)

−150 to 150 −85.50 664.5

v_CANMX.hru Maximum canopy storage (mm) 1 to 10 4.47 4.47
v_EPCO.bsn Plant uptake compensation factor 0.5 to 1 0.87 0.87
v_ESCO.bsn Soil evaporation compensation factor 0.3 to 0.9 0.79 0.79

r_SOL_AWC.sol Available water capacity of the soil
layer (mm H2O/mm soil) −0.02 to 0.02 −0.01 [0.06–0.10] 3

1 The qualifier (r_) refers to relative change, i.e., the current parameter must be multiplied by (1 + the value obtained
in calibration), (v_) means that the value of the existing parameter must be replaced by the value obtained in
calibration, and (a_) refers to absolute change, i.e., the fitted value must be added to the existing value of the
parameter. 2 Varies by HRU. 3 Varies by soil layer.

Figure 3 shows the results of the SWAT model plotted against the observed values of streamflow
during model calibration and validation. As seen in the regression graphs (Figure 3), the model
results showed that a systematic error of the SWAT model was the inability to simulate the peak flows.
This problem seems to be common in many studies [50–52] and is a source of uncertainty that has
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been taken into account. Despite this drawback, model calibration and validation provided globally
satisfactory performance statistics (Table 4), according to the criteria given by Moriasi et al. [36].
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Table 4. SWAT model performance of calibration and validation.

Performance Metric Calibration Validation

NSE 0.67 0.63
R2 0.69 0.64

PBIAS (%) −9.04 −8.80
RMSE (m3/s) 2.35 3.12

RSR 0.58 0.61

The model performance of the monthly streamflow simulation was summarized in Table 4. For the
calibration period, the SWAT model simulated the streamflow reasonably well, and also proved
satisfactory for the validation period. For both periods, a NSE greater than 0.5, a PBIAS less than 25%
and an RSR less than 0.7, indicated a suitable calibration and validation with respect to the water
balance [36]. Values of R2 greater than 0.6 also showed an acceptable model fit. These reasonable results
in monthly streamflow simulation, considering the scarcity of data available in the area, allowed the
SWAT model to be considered suitable for assessing hydrological responses to medium- and long-term
climate change in the Guajoyo River Basin. This evaluation will be presented in the following sections.
In order to demonstrate the model’s goodness-of-fit, the calibrated model was run using CHIRPS
(Climate Hazards Group InfraRed Precipitation with Stations) rainfall satellite data for the period
2006–2012. The CHIRPS dataset was acquired through website (http://chg.geog.ucsb.edu/data/chirps/)
and has a spatial resolution of 0.05◦. With these data, good statistics were also obtained for the period
2006–2012: a NSE of 0.74, a R2 of 0.78, a PBIAS of −23.55, a RMSE of 2.29 and a RSR of 0.51.

3.2. Selection of Climate Change Models

Once the information was extracted and prepared for the study area of the five GCMs
(GFDL–ESM2M, HadGEM2–ES, IPSL–CM5A–LR, MIROC, and NoerESM1–M) using CCT software, the
model that best reproduced the changes for the average year for the key monthly statistics was selected.
To make this selection, the Id index, defined as the sum of the absolute value of the relative difference
between the statistics of the historical series and the control scenario during the 12 months of an
average year, was calculated. Table 5 shows the Idi index of each RCMi on a monthly scale in the period
1980–2004. Each Idi represents the distance between the means (∆x) and the standard deviations (∆σ) of

http://chg.geog.ucsb.edu/data/chirps/


Water 2019, 11, 2360 10 of 18

the historical and control scenarios. The models with higher Id are inferior in terms of goodness–of–fit
to the observed time series. Of the five regionalized GCMs, the HadGEM2–ES model obtained a smaller
Id (Id2 = 12.10) so fitted better to the historical series of precipitation and temperature. Using this
validation-based approach, we are assuming that a model’s ability to simulate an observed baseline
climate will be representative of the same model’s ability to project future climate. The selection of
GCMs has been analyzed in a number of studies (e.g., [41,53,54]). However, there is not yet sufficient
scientific consensus with respect to both the identification of unsatisfactory models, and the relation
between apparently poor performance to the plausibility of future projections [55]. As discussed by
Overland et al. [56], the elimination of some GCMs may narrow the range of uncertainty represented
by the remaining models, but it is also true that a falsely narrow range of projections may lead to over
confidence and maladaptation. In this study, and due to the big differences between the fit of this
model and the others, only the HadGEM2–ES model was selected for the evaluation of the impacts of
climate change.

Table 5. Id index of each RCM.

RCMs
Monthly Series

Precipitation Temperature
Id

Id (∆x) Id (∆σ) Id (∆x) Id (∆σ)

1 GFDL–ESM2M 2.14 11.18 1.22 3.76 18.30
2 HadGEM2–ES 1.78 5.95 1.63 2.74 12.10
3 IPSL–CM5A–LR 1.51 10.93 1.23 4.15 17.82
4 MIROC 2.65 9.30 1.21 9.17 22.33
5 NoerESM1–M 1.52 8.13 1.23 5.45 16.33

3.3. Changes in Climate Variables under RCP Scenarios

Changes in average monthly streamflows attributed to climate change, such as temperature and
precipitation changes, in the mid-century and late-century periods, as compared to the baseline period
for the Guajoyo River Basin for the HadGEM2–ES model, are presented in Figure 4.
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(1975–2004) and mid and far future under RCP 4.5 and 8.5 for the HadGEM2–ES model.

Figure 4a shows the bimodal distribution of precipitation of the rainy summer season for the
baseline and future periods, with the maximum values in the months of June and September–October
and the relative minimums in July and August. This relative minimum is known as the “Mid–Summer
Drought” (MSD) [57] which is considered one of the most important regional climate variability
modulators [58]. On a monthly scale, considering the dry season, precipitation is expected to increase in
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both scenarios and in both future periods for November and December. Specifically, for the regionalized
HadGEM2–ES model, precipitation will increase by around 20% in November. However, during the
rainy season (between May and October), the changes obtained show decreases in precipitation, except
in October, when precipitation is expected to increase by around 27% in the medium term and 41% by
the end of the century. The results show that the decrease in precipitation during the months of the
wet season could occur with greater intensity in the months of July and August, with reductions of
about 35% in the medium term and 61% in the long term, producing an intensification of the MSD.
On the other hand, Figure 4b shows the results for the average temperature. The greatest increases
in mean temperature were obtained during the summer months (July, August and September), with
average increases of 3.1 ◦C (RCP 4.5) and 3.3 ◦C (RCP 8.5) by mid-century and 4 ◦C (RCP4.5) and 6.7 ◦C
(RCP 8.5) by the end of the century. Similar trends of these climatic variables in El Salvador were found
in the work carried out by the MARN (2017) [58].

Table 6 summarizes average annual climate variables for the baseline as well as under both
emissions scenarios and both future periods of the HadGEM2–ES model. On an annual scale, the
results show that precipitation will follow a decreasing trend under future conditions, whilst average
temperatures will follow an increasing trend. Overall, the maximum decrease in precipitation of up to
36% is expected under RCP 8.5 in late century compared to the baseline precipitation of 1435.60 mm/year,
in accord with the study of CEPAL (2010) [59], in which it was predicted that rainfall in El Salvador
will decrease between 27% and 32%. In addition, the highest average temperatures are expected at the
end of the century, with temperatures 12% and 21% higher than the base temperature of 26.12 ◦C for
RCP 4.5 and 8.5 respectively. The results obtained are consistent with the findings of Conde–Álvarez
and Saldaña–Zorrilla [60], which indicated that warming in Latin America by the end of the century,
according to different models, will be from 1 to 6 ◦C for different emission scenarios.

Table 6. Average climate variables changes.

Model Scenario Time Period
Precipitation (mm) Temperature (◦C)

Value Change with Respect
to Baseline

Value Change with Respect
to Baseline

Baseline 1975–2004 1435.60 – 26.12 –

HadGEM2–ES
RCP 4.5

2040–2069 1219.12 −216.48 (−15%) 28.45 +2.33 (+9%)
2070–2099 1129.62 −305.98 (−21%) 29.30 +3.19 (+12%)

RCP 8.5
2040–2069 1332.64 −102.96 (−7%) 28.95 +2.84 (+11%)
2070–2099 919.07 −516.53 (−36%) 31.49 +5.38 (+21%)

Figure 5 shows the average yearly precipitation and temperature in the basin from 2040 to 2099.
Figure 5a shows how the future trend of precipitation is decreasing. In the medium term, the predicted
decrease is greater in the RCP 4.5. However, in the long term, the predicted decrease in precipitation is
higher for RCP 8.5, as shown in Table 6. Future temperature trends (Figure 5b) show that Guajoyo
River Basin will likely experience warmer conditions in the future, the largest increase being for the
RCP 8.5 scenario.
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Figure 5. Temporal variations of the projected climatic variables under RCP 4.5 and 8.5: (a) precipitation
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Trends in the Climatic Variables

The results of the Mann-Kendall and Sen’s slope analysis of precipitation and mean temperature
for the period 2040–2099 are provided in Table 7. As shown, the majority of the trends in the monthly
precipitation series were downward, with a significant decrease in the summer months. In the case of
monthly temperatures, the majority of months showed significant upward trends in both scenarios.

Table 7. Trend analysis results for monthly and annual precipitation and mean temperature.

Month
Precipitation RCP 4.5 Temperature RCP 4.5 Precipitation RCP 8.5 Temperature RCP 8.5

Test Z Sig. Qi Test Z Sig. Qi Test Z Sig. Qi Test Z Sig. Qi

January −0.49 −0.01 3.78 *** 0.03 0.16 0.00 7.79 *** 0.07
February 0.10 0.00 4.98 *** 0.03 −0.56 −0.01 7.57 *** 0.07

March −0.17 −0.01 4.02 *** 0.02 −0.84 −0.03 8.12 *** 0.07
April 0.91 0.27 3.31 *** 0.02 −0.43 −0.10 7.53 *** 0.07
May −0.07 −0.05 1.10 0.01 −2.38 * −1.19 6.96 *** 0.07
June −0.12 −0.09 2.98 ** 0.02 −3.50 *** −2.46 7.67 *** 0.09
July −1.91 + −0.90 2.56 * 0.03 −5.83 *** −2.53 8.41 *** 0.11

August −1.55 −0.94 3.91 *** 0.03 −5.35 *** −2.92 9.29 *** 0.10
September −2.53 * −1.34 4.46 *** 0.03 −5.02 *** −3.66 9.00 *** 0.11
October 0.94 0.42 4.11 *** 0.03 1.24 0.75 8.09 *** 0.08

November −0.47 −0.04 3.17 ** 0.02 1.17 0.18 7.83 *** 0.07
December 1.00 0.02 4.45 *** 0.02 −0.32 −0.01 7.69 *** 0.07
Annual −1.79 + −3.70 5.24 *** 0.02 −6.8 *** −13.17 9.34 *** 0.08

Test Z is the Mann–Kendall (MK) test statistic; Qi is the Sen’s slope estimator; + indicates a significance level of 0.1; *
indicates a significance level of 0.05; ** indicates a significance level of 0.01; *** indicates a significance level of 0.001.

The trend analysis showed a decrease in annual precipitation of 3.70 mm/year with a significance
level of 0.1 and 13.17 mm/year with a significance level of 0.001 for RCP 4.5 and RCP 8.5 scenarios,
respectively. The annual mean temperature indicated a significant upward trend (0.001 level of
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significance). The temperature increased 0.02 ◦C/year for the RCP 4.5 scenario and 0.08 ◦C/year for the
RCP 8.5 scenario.

3.4. Changes in Water Balance under RCP Scenarios

The impact of climate change on water availability was assessed according to the climate change
scenarios for the basin. In this study, it was assumed that future land use change was constant in order
to investigate the impact with respect to change in climate variables, keeping all other factors constant.
After the SWAT hydrological model was calibrated and validated, the downscaled future precipitation
and temperature predictions of the HadGEM2–ES model under two emission scenarios were used as
input to explore streamflow responses to projected future climate change scenarios. Table 8 summarizes
the response of basin’s water balance components (precipitation, evapotranspiration, total water yield
and groundwater recharge) under two RCP scenarios in terms of average annual values and percentage
change from the baseline condition.

Table 8. Annual SWAT water balance components for Guajoyo River Basin

Scenario Time Period P (mm) ET (mm) ET/P WYLD
(mm)

DA_RCHG
(mm)

Baseline 1975–2004 1435.6 523.9 0.36 720.72 27.95

RCP 4.5
2040–2069 1219.12

(−15%)

608.70
(+16%) 0.50 450.33

(−37%) 15.85 (−43%)

2070–2099 1129.62
(−21%)

613.80
(+17%) 0.54 359.47

(−50%) 12.55 (−55%)

RCP 8.5
2040–2069 1332.64

(−7%)

626.40
(+19%) 0.47 522.18

(−27%) 18.66 (−33%)

2070–2099 919.07
(−36%)

547.00
(+4%) 0.60 268.87

(−63%) 8.19 (−71%)

P = precipitation, ET = evapotranspiration, ET/P = evapotranspiration/precipitation, WYLD = the net amount
of water that contributes to streamflow (surface runoff contribution to streamflow + lateral flow + groundwater
contribution to streamflow − transmission losses) and DA_RCHG = amount of water entering deep aquifer from
root zone.

It was apparent from this table that with an increase in temperature and a decrease in precipitation,
there will be an increasing trend in the ET and in the ET/P ratio but a decreasing trend in the WYLD
and DA_RCHG. ET will increase in both future scenarios. As a consequence of climate warming, the
midcentury ratio of ET/P could be between 0.47 and 0.50, and at the end of century could be between
0.54 and 0.60. The annual water yield for the basin for baseline period was 720.72 mm. The WYLD
for midcentury is likely to decrease under the projected climate scenarios and it could vary between
450.33 mm and 522.18 mm. Also, a considerable reduction in recharges to deep aquifers is also predicted.
On the other hand, end-of-century water yield can be predicted as a drastic decrease of approximately
50% (359.47 mm) and 63% (268.87 mm) for the RCP 4.5 and RCP 8.5 scenarios. The results obtained in
this study were in accord with previous researches such as the study of CEPAL (2010) [59], in which
it was predicted that the total availability of renewable water could decrease between 35% and 63%
by the end of the century, with El Salvador being one of the most affected countries. Maurer et al. [9]
projected an increase of the average temperature and a reduction of average precipitation that imply a
reduction, on average by 13 to 24%, in inflows to major reservoirs of the Lempa River Basin for end of
the 21st century. Also, a decreasing runoff across all Central America, even in areas where precipitation
increases, was obtained in the work of Imbach et al. [10].
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3.5. Future Projections of Drought

The SPI–12 and SRI–12 values are given in Table 9 and were calculated to quantify the effects
of observed changes under historical climate variability and projected future climate change on
meteorological and hydrological drought.

Table 9. Drought analysis of the Guajoyo River Basin.

Characteristics of drought
Baseline

(1975–2004)
RCP 4.5 RCP 8.5

2040–2069 2070–2099 2040–2069 2070–2099

SPI SRI SPI SRI SPI SRI SPI SRI SPI SRI

Number of drought events 9 5 4 4 10 6 7 7 3 3
Longest duration of drought events (months) 26 36 47 46 34 34 22 24 54 53
Average duration of drought events (months) 12 14 22 27 13 14 15 14 36 36

Average drought intensity 1.60 1.95 2.15 2.01 1.47 1.85 1.93 1.53 1.98 1.90
Maximum drought intensity 2.52 2.64 2.68 2.49 2.44 2.15 2.42 2.68 2.74 2.58

The number of meteorological and hydrological drought events was 9 and 5, with an average
duration of 12 and 14 months, and an average intensity of 1.60 and 1.95 respectively for the baseline
period. The mid-century RCP 4.5 scenario indicated that the number of meteorological and hydrological
drought events will be fewer but will be of greater duration and intensity. For this scenario, the number
of drought events will increase for both types of drought in the long term, but with less intensity
than for the baseline period. In the case of meteorological droughts, drought events will be longer.
In RCP 8.5 scenario, the number of drought events was lower, but with an increase of duration in both
meteorological and hydrological droughts, and the intensity only in the meteorological type. This is
consistent with the study of Esquivel et al. [61] which indicates that future droughts will be more
pronounced than current droughts, both in terms of the amount of resources available and the duration
of events. Also, the IPCC-AR5 (2014) [62] reported that long-term changes in rainfall in Latin America
will cause longer periods of drought.

4. Conclusions

The Guajoyo River Basin is located in an area of environmental interest in terms of international
protection figures which guarantees water supply for local communities, as well as being important in
regional development through agro-tourism and coffee activities. In the present study, the impacts
of a climate change on meteorological variables (i.e., precipitation and temperature) have been
analyzed, as well as on the main hydrological variables (i.e., ET, WYLD and DA_RCHG) and on the
droughts of the Guajoyo River Basin. The future projections of precipitation and temperature of five
GCMs (GFDL–ESM2M, HadGEM2–ES, IPSL–CM5A–LR, MIROC, and NoerESM1–M) were considered.
After the analysis and comparative evaluation of these projections, the best model was selected
according to its ability to reproduce the historical climate. The physically based semi-distributed
SWAT model was employed to quantify the impacts of future climate variations on the hydrological
processes driven by a regionalized HadGEM2–ES for RCP 4.5 and RCP 8.5 climate scenarios. SWAT
acceptably simulated monthly streamflow despite data scarcity, and the results in the basin for the
historic baseline were compared with future periods (2040–2069 and 2070–2099).

The results of this analysis indicated an annual decrease in precipitation of 15% (RCP 4.5) and 7%
(RCP 8.5) during mid-century and 21% (RCP 4.5) and 36% (RCP 8.5) during the end of the century
with respect to the base period (1975–2004). The annual mean temperature showed an increase for
the midcentury period of 9% and 11% and an increase of 12% and 21% for the late century period,
under RCP 4.5 and RCP 8.5 scenarios, respectively. The Mann–Kendall analysis indicated for the
future period (2040–2099) a significant downward trend in annual precipitation and a significant
upward trend in annual mean temperatures for both emission scenarios. For the hydrological cycle,
the results suggested that the impact of climate change will be negative in the medium and long
term. The availability of water will experience a decrease. As for WYLD, a decrease of 37% (RCP 4.5)
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and 27% (RCP 8.5) was obtained for the medium term and 50% (RCP 4.5) and 63% (RCP 8.5) for the
end of the century. Similarly, a reduction of aquifer recharge was predicted by 43% and 33% for the
middle of the century and by 55% and 71% at the end of the century, under RCP 4.5 and RCP 8.5
respectively. The ET/P ratio showed an increasing trend, going from 0.36 in the base period to 0.54
(RCP 4.5) and 0.6 (RCP 8.5) in the long term. Additionally, the impact of climate change on droughts
has been analyzed using two drought indexes, SPI and SRI. In both studied scenarios it was obtained
that in the future the droughts will be more pronounced than current droughts, being more intense
and of longer duration.

This study supports and raises awareness of the possible future impacts of climate change on the
water balance and on the droughts of this river basin. The results show that the availability of water
will be significantly affected in the medium and long term, and therefore, policies must be developed
to adapt to climate change to ensure environmental and economic sustainability of this area.

Supplementary Materials: The following are available online at http://www.mdpi.com/2073-4441/11/11/2360/s1,
Table S1: Climatic stations used in the basin, Table S2: Monthly data used for model calibration and validation
(2001–2012), Table S3: Modelled past data. Annual data for baseline period (1975–2004), Table S4: Modelled future
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