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ABSTRACT

This paper aims to improve the Soil and Water Assessment Tool (SWAT) model performance across the Major River Basins in Madagascar

(MRBM), specifically for SWAT simulation in the Manambolo, Onilahy, Mananara, and Mandrare basins. A multi-gauge calibration was carried

out to compare the performance of SWATþ Toolbox, and R-SWAT, SWATþ Editor Hard calibration on a monthly time step for the periods

1982–1999. We found that the SWATþ model generated greater surface runoff, while the SWAT model resulted in higher groundwater

flow in both CSFR and CHIRPS datasets. It has been demonstrated that the SWATþ Toolbox had more potential in calibrating runoff

across the MRBM compared to R-SWAT. Calibration in both methods led to a reduction in surface runoff, percolation, water yield, and

curve number but increased the lateral flow, evapotranspiration (ET), and groundwater flow. The results showed that the multi-gauge calibra-

tions did not significantly enhance simulation performance in the MRBM compared to single-site calibration. The performance of the SWATþ
model for runoff simulation within the SWATþ Toolbox and R-SWAT was unsatisfactory for most basins (NSE, 0) except for Betsiboka, Maha-

vavy, Tsiribihina, Mangoro, and Mangoky basins (NSE¼ 0.40–0.70; R2¼ 0.45–0.80, PBIAS� +25), whether considering the CHIRPS or CSFR

datasets. Further study is still required to address this issue.
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HIGHLIGHTS

• The SWATþ model generated greater surface runoff, while the SWAT 2012 model resulted in higher groundwater flow.

• CSFR data exhibited high precipitation compared to the CHIRPS data.

• The SWATþ Toolbox showed greater potential in calibrating runoff across the MRBM compared to R-SWAT.

• Multi-gauge calibrations did not significantly enhance simulation performance in the MRBM compared to single-site calibration.
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GRAPHICAL ABSTRACT

INTRODUCTION

The Soil and Water Assessment Tool (SWAT) model is a semi-distributed river basin model that operates on a daily time step

(Arnold et al. 2012). SWAT has undergone continuous model refinement and enhancement. SWAT 2012 determines the
hydrological response units (HRUs) in every sub-basin based on soil, land use, and slope. SWATþ offers more flexibility in
defining management schedules, routing constituents, and connecting managed flow systems to the natural stream network

compared to SWAT 2012 (Bieger et al. 2017). One of the modifications in SWATþ involves incorporating landscape units and
managing the flow and movement of pollutants across the landscape. Several studies have tested the application of the SWAT
2012 and SWATþ models globally such as in the US (Wu et al. 2020), in Africa (Chawanda et al. 2024), and in Europe
(Wagner et al. 2022). These studies demonstrate that the models performed efficiently in simulating streamflow, sediment,

snow, soil nutrient loss, impact of land use, and climate change.
In recent years, significant advancements have been observed in the application of process-based hydrological models,

marking notable progress in addressing the complex challenges of water resources systems (Mohammadi et al. 2024). One

of the complexities in utilizing the SWAT model involves conducting parameter calibration, sensitivity assessment, and uncer-
tainty analysis. Calibration and validation are essential processes to reduce uncertainties and ensure an effective application
of hydrological models. Calibration involves adjusting the parameters that affect SWAT model predictions using observed

data (Wagener et al. 2004). Validation, on the other hand, involves comparing SWAT results with observed data without
making any changes to the influencing factors. The parameter adjustment process can be manual or automatic. Manual cali-
bration requires the expertise of the modeler in understanding the hydrological behavior of the watersheds of the study area
and is time-consuming (Kannan et al. 2008). Automatic calibration is based on objective functions with optimization algor-

ithms to search for optimal values of parameters (Sorooshian & Gupta 1995). An objective function is to measure the
numerical difference between model output and observations (Pechlivanidis et al. 2011). To date, various methods have
been developed and introduced to calibrate and validate the SWAT model such as SWAT-CUP (Soil and Water Assessment

Tool Calibration and Uncertainty Program) (Abbaspour et al. 2007), IPEATþ (Integrated Parameter Estimation and Uncer-
tainty Analysis Tool Plus) (Yen et al. 2019), R-SWAT (R environment for SWAT) (Nguyen et al. 2022), SWATþEditor
(Desktop interface to SWATþ) (Bieger et al. 2017), SWATþ Toolbox (C#-coded software compatible with the SWATþ
model) (Chawanda 2021).
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Even though single-gauge calibration has been the standard practice for many years, multi-gauge calibration has gained

prominence in recent hydrological research due to its potential to improve model accuracy and robustness. Researchers con-
tinue to advance methodologies for effectively implementing multi-gauge calibrations despite the challenges associated with
data quality, computational complexity, and parameter transferability. Several studies have explored various methodologies

for multi-gauge calibrations such as Bayesian approaches, machine learning techniques, and advanced optimization algor-
ithms to handle the increased complexity of calibrating models. Those studies conducted a comparison of the single- and
multi-gauge-based calibrations for hydrological modeling. As reported by Gong et al. (2012), and Singh & Saravanan
(2022), values obtained through a single-gauge calibration hold greater significance compared to those from a multi-

gauge calibration. However, previous studies have demonstrated the importance of the multi-gauge approach to calibrate
the observed data for large catchments (Wang et al. 2012; Song et al. 2021). Many researchers have achieved excellent
results while using the multi-calibration methods for discharge, sediment, nutrients, and evaporation (Shrestha et al.
2016; Odusanya et al. 2019).

Rainfall input data plays a crucial role in simulating streamflow in hydrological modeling. Previous studies evaluated the
accuracy and reliability of rainfall data from the Climate Forecast System Re-analysis/CFSR (Saha et al. 2014) and Climate

Hazards Group InfraRed Precipitation with Station data/CHIRPS (Funk et al. 2015) for simulating the streamflow in Africa
using the SWAT model. They found that CHIRPS had good performance compared to the CSFR data (Le & Pricope 2017;
Duan et al. 2019; Akoko et al. 2021). Other studies also found that the combination of CFSR with CHIRPS precipitation

data provides highly accurate results (Dile et al. 2016; Bayissa et al. 2017; Duan et al. 2019). Regarding the case of Mada-
gascar, previous studies assessed the reliability of several gridded precipitation datasets at the daily, monthly, seasonal, and
annual time steps. Their analysis demonstrated CHIRPS data to better represent the country’s rainfall with low biases com-
pared to other gridded rainfall data (Kling–Gupta Efficiency (KGE)¼ 0.88, correlation coefficient (CC)¼ 0.91, root mean

square error (RMSE)¼ 51.1, and bias¼ –0.6) (Randriatsara et al. 2022; Ramahaimandimby et al. 2022; Ollivier et al.
2023). An accurate simulation of hydrological processes is therefore important for water resource management across
the MRBM.

Our prior research has involved the application of SWAT 2012, CSFR data, and single-gauge calibration methods using the
SUFI-2 (Sequential Uncertainty Fitting) algorithm in SWAT-CUP to the MRBM. However, the SWAT model performed
poorly in the Southern basins. Another challenge in conducting long-term shifts in river flow on a national level is the

lack of observed data as well as the differences in climatic and hydrological characteristics among regions. Considering
these research gaps, the current study explores several approaches to improve the SWAT model’s performance across the
MRBM. First, we will assess the effectiveness of updating the SWAT model with the newly restructured version, SWATþ ,
and compare its performance in simulating streamflow. Additionally, we will examine the impacts of various precipitation

data sources, such as CSFR (Re-analysis) and CHIRPS (Satellite) on the streamflow. Furthermore, our investigation extends
to evaluating the influence of different calibration methods and algorithms including the application of SWATþ Toolbox
(Dynamically Dimension Search/DDS) and R-SWAT (Uniform Latin Hypercube Sampling/LHS). These approaches will pro-

vide a deeper understanding of the factors affecting the SWAT model’s performance and valuable baseline information for the
MRBM.

The main aim of this study is therefore to improve the SWAT model performance across the MRBM, specifically for SWAT

simulation in the Manambolo, Onilahy, Mananara, and Mandrare basins. A multi-gauge calibration for catchment discharge
is carried out to test the approaches mentioned above. The results of this research could provide reasonable recommen-
dations for streamflow calibration in data-scarce large river basins. The findings will be beneficial for future water

resources planning, reducing ecological risks, and addressing potential social crises arising from water scarcity in
Madagascar.

METHODS

Study area

The area for which modeling was performed in the present study is the Major River Basins in Madagascar (MRBM). The
MRBM covers an area of over 10,000 km2, each with a total area of about 320,373.20 km². The following basins are presented
in Figure 1: Sofia, Mahajamba, Mahavavy, Betsiboka, Maningory, Manambolo, Tsiribihina, Mangoro, Mangoky, Onilahy,
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Mananara, and Mandrare. These basins face many challenges such as water scarcity and conflict of use (Rakotoarimanana &

Ishidaira 2022), the impact of climate change (Raholijao et al. 2019), population growth (INSTAT 2019), and significant
changes in land use patterns (Tiandraza et al. 2023). In addition, there has been limited research conducted on river stream-
flow within these sub-basins due to the lack of comprehensive data which is a serious challenge for Madagascar

(Rabezanahary et al. 2021). Consequently, predicting the behavior of hydrological systems at the MRBM is a challenging
task, and requires a proper model to gain meaningful insights.

SWAT model setup

In this study, SWAT 2012 and SWATþ were set up for the MRBM, and their performances in simulating streamflow were
assessed through a comparative analysis. ArcGIS 10.6.1 and QGIS 3.28 software were used including their extensions

Figure 1 | Map showing the MRBM.
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ArcSWAT and QSWAT for this analysis. We used the Penman–Monteith equation, SCS Curve Number, and Muskingum

Cunge methods to estimate potential evapotranspiration (PET), water partitioning in surface runoff and infiltration, and
routing.

For further details, the SWAT 2012 and SWATþ user manuals are available at https://swat.tamu.edu/media/69296/

SWAT-IO-Documentation-2012.pdf and https://swatplus.gitbook.io/io-docs/. Figure 2 describes the method used in this
study to effectively address the research objectives and ensure the reliability of our findings.

Four model scenarios were set up using SWAT 2012 and SWATþ models and two types of rainfall data (CHIRPS and
CSFR). Precipitation is a critical input data when simulating streamflow. Both models require daily data for precipitation,

maximum and minimum air temperature, solar radiation, relative humidity, and wind speed. The models can read observed
weather data or generate values using the weather generator. A weather generator module (WGEN) is capable of filling in the
missing weather data and simulating weather parameters when observed data are unavailable (Richardson 1981). Climate

data will be generated in two instances: when the user specifies that simulated weather data will be used or when there
are missing values in the observed weather data.

SWAT employs a nearest-neighbor approach, assigning each sub-basin the precipitation value from the closest weather

station (Neitsch et al. 2011). This approach could potentially influence the calculation of average precipitation on a watershed
scale. While the input file must contain data for the entire period of simulation, the record does not have to begin with the first
day of simulation. SWAT can search for the beginning date in the file, saving editing time on the user’s part. Once SWAT

identifies the record for the initial simulation day, it ceases processing the year and date, skipping subsequent dates. Conse-
quently, the data for the remaining simulation days must be sequentially listed (source: https://swat.tamu.edu/media/69317/
ch06_input_pcp.pdf).

In SWATþ , each spatial object will be associated with weather stations closest to its centroid for precipitation, tempera-

ture, solar radiation, relative humidity, and wind speed. As these stations may be located at different positions, multiple
combinations of weather stations may be necessary for a SWATþ setup. These combinations are documented as a record
in weather-sta.cli, each assigned a unique name referenced by connect files for various spatial objects. Furthermore, the clo-

sest weather generator station is specified by name, pointing to weather-wgn.cli. Users also have the option to designate the

Figure 2 | Schematics showing the input data, the SWATþ / SWAT model setup, and calibration methods (SWATþ Toolbox, R-SWAT, SWATþ
Editor).
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name of an atmospheric deposition record, pointing to atmo.cli (source: https://swatplus.gitbook.io/io-docs/introduction/

climate).
The simulations in SWAT 2012 and SWATþ models started with watershed delineation. We used identical input data for

the DEM, land use, and soil type for both models. The next step is to define the HRUs which are subdivided into LSUs in the

SWATþ model. We set an HRU threshold of 5% for land use, 5% for soil type, and 5% for slope. After generating the HRUs,
we input two types of weather data. One scenario was set up with CSFR data (precipitation, min. and max air temperature,
relative humidity, wind speed, and solar radiation). The other scenario used the combination of CHIRPS rainfall data and
CSFR data (min. and max air temperature, relative humidity, wind speed, solar radiation). Finally, we ran the models with

a 3-year warm-up period. The simulation length was 36 years (1979–2014) for CSFR data and 34 years (1981–2014) for
CHIRPS data. Data for this study were collected using global satellite observations data and can be applied to the MRBM.

Calibration and validation

In this study, we carried out a multi-gauge calibration for catchment discharge using only the results from the SWATþ model
and compared the performance of SWATþ Toolbox, R-SWAT, and SWATþEditor Hard Calibration on a monthly time step
for the period 1982–1999. A comprehensive overview of the data used, experimental design principles, and calibration

methods used in this study are provided in the Supplementary material, Appendix A. The Nash–Sutcliffe coefficients
(NSE), the coefficient of determination (R2), and the percentage bias (PBIAS) were used to compare the performance of
the SWATþ model for runoff simulation. According to Moriasi et al. (2007), NSE. 0.5, R2. 0.5 and PBIAS�+25 were

used to assess the satisfactory performance of the model for simulating discharge.

• Calibration method in the SWATþ Toolbox

The SWATþ Toolbox enables users to undertake sensitivity assessments, both manual and automatic calibration, among
other functions. The calibration was conducted utilizing a semi-automated calibration routine provided within the SWATþ
Toolbox (Chawanda 2021). Parameter optimization was achieved by employing the DDS algorithm integrated into the SWAT

þ Toolbox. Previous research has demonstrated that DDS is well-suited to dealing with complex calibration of distributed
watershed models. DDS quickly reaches effective calibration solutions and can effortlessly steer clear of unfavorable local
optima (Tolson & Shoemaker 2007). A step-by-step guide for the user manual is available at https://celray.github.io/docs/

swatplus-toolbox/v1.0/index.html.

• Calibration method in the R-SWAT

The R-based SWAT (R-SWAT) was initially developed by Wu & Liu (2012) by transforming the Fortran-based SWAT
model into an R function. R-SWAT is an interactive graphical user interface tool in the R environment for SWAT parameter

calibration, sensitivity and uncertainty analyses, and visualization (Nguyen et al. 2022). Parameter optimization was
achieved by using the Uniform LHS approach integrated into the R-SWAT. This approach has been used in uncertainty
analysis by SWAT-CUP ‘SUIF2’ algorithm (Abbaspour et al. 2007). A previous study argues that LHS can produce a

more efficient representation of samples compared to the Monte Carlo method (Yu et al. 2001). A detailed user manual
that provides a systematic and sequential guide is available at https://github.com/tamnva/R-SWAT/wiki/R-SWAT-User-
Manual.

• Calibration method in the SWATþEditor

The SWATþEditor is a desktop interface to SWATþ which provides the capability to modify the input files, run simu-
lations, and conduct sensitivity analysis and calibration. It operates as an independent application without GIS, which
enables ArcSWAT and QSWAT users to easily collaborate with individuals lacking GIS expertise or access. Two types of cali-
brations are available in SWATþEditor. Soft calibration focuses on mass balance whereas hard calibration focuses on getting

simulated and observed hydrographs as closely as possible. The results of the fitted values from the calibration in SWATþ
Toolbox and R-SWAT were put back in SWATþEditor to conduct the hard calibration.

RESULTS AND DISCUSSION

Comparison results of the models before calibration

SWAT 2012 divided the MRBM into 144 sub-basins while the SWATþ divided the MRBM into 24 sub-basins and 222 land-
scape units (including both floodplain and upslope). After applying a 5% filter of thresholds, the SWATþ model setups

Hydrology Research Vol 55 No 3, 417

Downloaded from http://iwa.silverchair.com/hr/article-pdf/55/3/412/1385982/nh0550412.pdf
by guest
on 10 April 2024

https://swatplus.gitbook.io/io-docs/introduction/climate
https://swatplus.gitbook.io/io-docs/introduction/climate
https://celray.github.io/docs/swatplus-toolbox/v1.0/index.html
https://celray.github.io/docs/swatplus-toolbox/v1.0/index.html
https://github.com/tamnva/R-SWAT/wiki/R-SWAT-User-Manual
https://github.com/tamnva/R-SWAT/wiki/R-SWAT-User-Manual


produced approximately 2,429 HRUs, which is larger compared to the SWAT 2012 about 1,774 HRUs. Figure 3 illustrates the

difference in the water balance ratios between CSFR and CHIRPS rainfall data modeling in SWAT and SWATþ models
before calibration.

Figure 3 shows a large difference in the SWAT 2012/SWATþ model water balance ratios between the two rainfall datasets.

We found that SWATþ produced more surface runoff compared to the SWAT 2012 model for both CSFR
(641.56/443.53 mm) and CHIRPS (546.23/ 375.00 mm) data. However, the groundwater flow generated by the SWAT
model was higher compared to the SWATþ model for both CSFR (404.01/111.81 mm) and CHIRPS (476.84/ 98.37 mm)

data. Wagner et al. (2022) also found similar results when they compared the performance of two SWATþ models with
the SWAT model version in the Kielstau catchment in Northern Germany. These findings may be explained in terms of
the implementation of landscape units in the SWATþ model (Bieger et al. 2017) which promotes the interaction of hydro-
logical processes amongst HRUs in the MRBM. We also found that the SWATþ model was easy to manipulate and had

several features compared to the SWAT 2012. The most striking result to emerge from Figure 3 is the difference in precipi-
tation values between SWATþ and SWAT 2012 for the CSFR dataset (1,491.58 and 1,600.2 mm). However, the simulated
precipitation using the CHIRPS dataset shows minimal variation in the SWATþ (1,364.77 mm) and SWAT models

(1,351.4 mm). This finding can be attributed to the models’ internal processes, how they handle precipitation inputs, and
the discretization of sub-basins, as SWAT employs a significantly larger number of sub-basins compared to SWATþ. In
SWAT, a watershed is divided into several sub-watersheds, which are subsequently divided into hydrologic response units

Figure 3 | SWATþ /SWAT model water balance ratios before calibration.
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(HRUs) (Arnold et al. 2012). SWATþ adopts the landscape unit (LSU) approach to enhance the distribution and allocation

of management operations across landscapes (Bieger et al. 2017). This modification provides greater flexibility in watershed
discretization and configuration to better capture the intricacies of a watershed (Rathjens et al. 2015). The CHIRPS precipi-
tation dataset has a high resolution (0.25°) and is consistent in capturing the daily rainfall pattern compared to the CSFR

dataset (Musie et al. 2019; Upadhyay et al. 2022). Higher resolution data provides more detailed information but demands
more computational resources (Singh & Saravanan 2022). It should be emphasized that we did not interpolate weather
station data as SWAT will automatically distribute the weather data to the sub-basins by using data from only the gauge
station that is nearest to the centroid of each sub-basin (Tuo et al. 2016). In addition, both models use different interpolation

methods for distributing precipitation data within the watershed. SWATþ employs a more detailed method for representing
precipitation distribution, while SWAT 2012 uses a simpler approach (Arnold et al. 2012; Bieger et al. 2017). Both models
require daily precipitation as input and do not directly change the amount of precipitation. The models simulate how the

precipitation flows through the watershed by considering various factors such as evaporation, infiltration, interception, sto-
rage, and release. These processes essentially determine how much of the input precipitation eventually becomes runoff.
While the total precipitation amount remains the same, SWAT and SWATþ can differ in their representation and calculation

of these intermediate steps, leading to apparent discrepancies in the simulated precipitation values. Four model scenarios
show that the PET contributes more to the water loss in the MRBM compared to other water balance components. More-
over, the results showed that the SWAT model generates a high curve number compared to the SWATþ model. These results

indicate that a significant portion of rainfall is likely to become surface runoff rather than infiltrating into the soil. Table 1
presents the performance of both models in simulating the streamflow. The Nash–Sutcliffe Efficiency (NSE), the Coefficient
of Determination (R2), and the Percent Bias (PBIAS) were used to evaluate the performance of the uncalibrated SWATþ and
SWAT models. Table 1 shows a great difference between the uncalibrated SWATþ and SWAT in both CHIRPS and CSFR

datasets.
As shown in Table 1, uncalibrated SWAT 2012 and SWATþ models simulated the streamflow across the MRBM with unsa-

tisfactory performance metrics (NSE, 0.5, R2, 0.5 and PBIAS�+25). Both models and rainfall input datasets indicated a

negative value of the NSE (NSE, 0) for most basins. The low NSE values in both models were due to systematic underes-
timation of the streamflow (negative value of PBIAS). Comparing the four results, it can be seen that the SWATþ model
setups perform better than the SWAT 2012 model based on NSE (–1.92 to 0.65 for SWATþ ; �40.8 to 0.63 for SWAT). How-

ever, the findings suggest that the R2 is greater for the SWAT 2012 compared to the SWATþ model. The CSRF-driven SWAT

Table 1 | Model performance before calibration

Basin name

SWATþþþþþmodel SWAT model

CHIRPS data CSRF data CHIRPS data CSRF data

R2 NSE PBIAS R2 NSE PBIAS R2 NSE PBIAS R2 NSE PBIAS

Sofia 0 �0.4 �135.3 0 �0.47 �115.7 0.03 �2.3 �128.6 0.41 �2.19 �195

Mahajamba 0 �0.63 �126.6 0 �0.99 �54.8 0.21 �3.55 �140.8 0.75 �1.93 �67.2

Mahavavy 0.13 �0.74 �32.7 0.07 �1.23 �58.4 0.16 �2.31 27.2 0.65 0.19 �28

Betsiboka 0.13 �0.68 �70.2 0.09 �1.44 �93.6 0.08 0.22 58.8 0.53 �0.09 82.3

Maningory 0.01 �1.07 �61.6 0.02 �0.7 �58.6 0.02 �3.91 �46 0.88 0.27 �50.7

Manambolo 0.02 �0.94 �48.5 0.02 �1.92 �71.9 0.14 �2.51 �18.4 0.35 �0.89 �35.9

Tsiribihina 0.79 0.65 4.7 0.26 �0.43 88.1 0.45 0.11 65.4 0.73 0.63 �11.3

Mangoro 0.01 0.18 �217.3 0.01 �0.43 �94.4 0.05 �4.92 �202.3 0.68 �1.3 �62.3

Mangoky 0.21 0.01 53.5 0.06 �0.71 63.5 0.45 0.16 68.3 0.6 0.25 �49.6

Onilahy 0.01 �1.44 �126.5 0 �1.37 �125 0.1 �40.8 �73.4 0.33 �37.18 �555.5

Mananara 0.03 �0.71 �102.3 0.01 �0.7 �101.2 0.09 �21.1 �329.6 0.29 �14.67 �269.1

Mandrare 0.05 �0.6 �108.4 0.04 �0.32 �106.5 0.2 �10.07 �211.5 0.14 �21.17 �448.2
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model seems to be a favorable option (R2 range of 0.14–0.88). Overall, these results demonstrate the need for calibration to
further improve the model performance.

Experimental evidence on the impact of precipitation data selection on water balance components using the new version

SWATþ model was studied. The maps in Figure 4 illustrate the spatial distribution of the CSFR and CHIRPS rainfall and
evapotranspiration (ET) data across the MRBM.

These maps show great differences in the spatial distribution of the precipitation and ET across the MRBM in SWATþ
before the calibration. The mean annual precipitation for the CFSR and CHIRPS ranged from 344 to 1,431 mm/year in
the Southern basins (Mangoky, Onilahy, and Mandrare). CSFR data showed a high value of precipitation (ranging from
1,007 to 3,141 mm/year) compared to the CHIRPS data (ranging from 1,007 to 1,769 mm/year) in the Western basins (Maha-

vavy, Betsiboka, Manambolo, and Tsiribihina). The difference between the two products (change from CSFR to CHIRPS)
ranged from –55 to �9%. However, both datasets indicate that the Northern basins (Sofia and Mahajamba basins) and East-
ern basins (Maningory, Mangoro, and Mananara basins) received abundant precipitation compared to the Western and

Southern basins. From Figure 4, both CHIRPS and CSFR data demonstrated high ET in the downstream areas of all

Figure 4 | Spatial visualization of annual average precipitation and PET using CSFR and CHIRPS data in SWATþ before calibration.
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basins (ranging from 1,530 to 2,420 mm/year) except for the Maningory, Mangoro, and Mananara basins (ranging from 867 to

1,252 mm/year). CSFR data generated larger ET compared to the CHIRPS data for the Betsiboka, Mahajamba Tsiribihina,
and Mangoky basins (change from CSFR to CHIRPS ranged from –26.4 to �2.6%).

Result of sensitivity analysis and calibration

Multi-gauge calibration and validation were performed for streamflow and conducted at a monthly time step for the periods of
1982 to 1999. We used the same parameters and the same number of simulations (500 iterations) for both calibrations in the

SWATþ Toolbox and R-SWAT. The sensitivity analysis revealed that the same parameters governing the streamflow were
found to be sensitive for both calibrations in the SWATþ Toolbox and R-SWAT. Therefore, these six most sensitive par-
ameters were used for calibration. It is important to note that these parameters had been found the most sensitive based

on our previous single-site calibration using the SUFI-2 algorithm in SWAT-CUP. The following six most sensitive parameters
were used: Soil Conservation Service runoff curve number for moisture condition II (CN2), Available Water Capacity of the
soil layer (SOL_AWC), Manning’s n value for overland flow (OV_N), Soil evaporation compensation factor (ESCO),

Threshold depth from the surface to water table for revap to occur (REVAP_MIN), and Groundwater revap coefficient
(REVAP_CO). Table 2 compares the initial ranges and final fitted values during the calibration in the SWATþ Toolbox
and R-SWAT using CHIRPS and CSFR data.

As Table 2 shows, there is a significant difference between the best-fitted value of OV_N and REVAP-MIN parameters in

both SWATþ Toolbox and R-SWAT. We found that CHIRPS data generated a very high fitted value of OV_N and REVAP-
MIN in R-SWAT compared to the SWATþ Toolbox. On the contrary, CSFR data produced a high fitted value of OV_N
and REVAP-MIN in the SWATþ Toolbox compared to R-SWAT. According to a previous study, a high OV_N value indi-

cates a significant roughness on the bottom of the channel that reduces the speed of water flow (Li & DeLiberty 2021). A
high value of REVAP-MIN indicates a relatively large depth from the surface to the water table in the soil before evapor-
ation or recharge ET processes are considered in the model. The infiltration rate was determined by the CN2 and

SOL_AWC. The initial range of CN2 in SWATþ Toolbox and R-SWAT was equal to minus or plus 20%. Results show
a decrease of 20% in the CN2 value for both calibrations in SWATþ Toolbox and R-SWAT which indicates a decrease
in runoff and an increase in baseflow across the MRBM. High values of the best-fitted AWC were found in the case of

R-SWAT, while the optimal value of ESCO was significant in the case of SWATþ Toolbox. These results demonstrate
the capability of the soil to retain a significant amount of water, which can be beneficial for plants and agriculture,
especially in a basin with insufficient rainfall (Odusanya et al. 2019). Best-fitted REVAP_CO was close to 0 for both cali-
brations in SWATþ Toolbox and R-SWAT. This result indicates that the movement of water from the aquifer to the root

zone is restricted.

SWATþþþþþ performance during calibration and validation

The SWATþmodel was set up for the MRBM with two model scenarios comparing CSFR and CHIRPS rainfall data. The two

model scenarios were calibrated and validated using multi-gauge calibration in SWATþ Toolbox and R-SWAT for the periods

Table 2 | Parameters initial ranges for calibration and their fitted values

Cal_parm chg_type Min Max

SWATþþþþþ Toolbox R-SWAT

CHIRPS CSFR CHIRPS CSFR

CN2 Abschg �0.2 0.2 �0.20 �0.19 �0.10 �0.09

AWC Abschg 0.01 1 0.24 0.08 0.83 0.79

OV_N Abschg 0.01 30 13.94 11.11 19.91 7.52

ESCO Absval 0 1 1.00 1.00 0.54 0.07

REVAP_CO Absval 0.02 0.2 0.11 0.14 0.13 0.04

REVAP_MIN Absval 0 50 1.50 2.69 39.43 2.66

Note: Relative Change (abschg): absolute change increases/decreases the current value by a specified value. Replace (Absval): the specified value takes the place of the old parameter

value.
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1982–1999. It is important to note that calibration and validation periods vary for each basin. Several statistical metrics were

used to evaluate the effectiveness and accuracy of the SWAT model. A value of 1 of NSE represents a perfect match between
simulated and observed flow. A high value of the Coefficient of Determination (R2) indicates the proportion of the variance in
the observed and simulated flow data. R2 ranges from 0 to 1, with 1 indicating a perfect fit. The Percent Bias (PBIAS)

measures the average tendency of the model to overpredict or underpredict the observed flow. A value close to zero indicates
a good performance of the SWAT model.

We applied the same calibration parameters, objective functions (NSE), and 500 simulations for both calibration methods.
Table 3 presents the statistical results of the calibrated model parameters across the MRBM.

Table 3 demonstrates that the performance of the SWATþ model for runoff simulation within the SWATþ Toolbox and
R-SWAT was unsatisfactory for most basins, whether considering the CHIRPS or CSFR dataset. During calibration and
validation, the NSE values were negative for the Sofia, Mahajamba, Maningory, Manambolo, Onilahy, Mananara, and Man-

drare basins. In contrast, the NSE values fell within the range of 0.40 to 0.70 for the Betsiboka, Mahavavy, Tsiribihina,
Mangoro, and Mangoky basins.

In general, the results revealed that the CHIRPS dataset performed well, with five out of the 12 basins achieving an

NSE. 0.45. In contrast, the CSFR dataset fared less favorably, as only three out of the 12 basins exhibited an NSE.

0.45 during both the calibration and validation periods, whether using the SWATþ Toolbox or R-SWAT. When we utilized
the SWATþ Toolbox for calibration, we observed an NSE range of �3.27 to 0.77, an R2 range of 0.09–0.88, and a PBIAS

range of �71.26 to 66.87. During the validation process, we obtained an NSE range of �32.57 to 0.69, with an R2 range of
0.002–0.92 and a PBIAS range of �363.23 to 65.81 for all basins. On the other hand, when we employed R-SWAT for cali-
bration, we found that the NSE values fell within the range of �2.27 to 0.70, while the R2 and PBIAS values ranged from
0.03 to 0.81 and �83.86 to 74.02, respectively. During validation, the NSE values were in the range of �19.63 to 0.73, the

R2 values in the range of 0.05–0.95, and the PBIAS values in the range of �296.07 to 72.42 across all basins. The results of
percent bias PBIAS provide insight into whether the low NSE values in this scenario are due to systematic overestimation
or underestimation issues. An implication of these findings is the potential of the SWATþ Toolbox compared to R-SWAT in

calibrating runoff across the MRBM. However, a couple of case studies demonstrated the efficiency of R-SWAT for model-
ing monthly streamflow and nitrate nitrogen (Wu & Liu 2014) and as a decision-support tool for integrated watershed
management (Udías et al. 2016). It is important to note that the SWATþ Toolbox uses the channel morphology output

files (channel_sdmorph_mon) for calibration while R-SWAT uses the channel output files (channel_sd_mon). A channel
is defined as a flowing water body transporting water from one point to another whereas channel morphology provides
a detailed breakdown of how sediments are being transported and deposited within the channels. SWATþ does not just
simulate how the water flows but also how it shapes the landscape and moves sediments around. In addition, both cali-

bration tools use different interfaces (QGIS/R scripts), data analysis capabilities, and algorithms for parameter sensitivity
analysis and calibration (DDS/ Uniform LHS). The difference in these results can be explained by the calibration tool’s
structure uncertainties, data uncertainties, and model parameter uncertainties (Pechlivanidis et al. 2011). The main concern

of the paper was to improve the SWAT model performance in the Manambolo, Onilahy, Mananara, and Mandrare basins.
However, the results proved to be inefficient for the two model runs to simulate the flow at Manambolo (NSE¼ –0.24,
�1.23), Onilahy (NSE¼ –0.11, �0.03,), Mananara (NSE¼ 0.16, �32.57), and Mandrare (NSE¼ 0.02, –0.76) basins

during the calibration and validation periods, respectively. These findings indicate that the model performance depends
not only on the choice of calibration method but, more significantly, on factors such as limited observed discharge data,
the uncertainty in rainfall data, the influential parameters, and the objective function used for the calibration approach.

McIntyre et al. (2002) confirmed that data insufficiency in calibration results in uncertainty in parameter estimates. There-
fore, a longer calibration period and effective adjustment of the parameter sets are required for better model calibration in
these basins.

Figure 5 displays the hydrographs of monthly observed and best-simulated streamflow in SWATþ Toolbox and R-SWAT

across the MRBM.
Overall, as shown in Figure 5, the two SWATþ model scenarios using CSFR and CHIRPS data did not accurately replicate

the overall pattern and timing of both low and high flow events in the MRBM during both calibrations in SWATþ Toolbox

and R-SWAT. However, the observed and simulated flow matched well in Betsiboka, Mahavavy, Tsiribihina, Mangoro, and
Mangoky basins. The graphs demonstrate that both CSFR and CHIRPS precipitation data resulted in significant peak flow,
with CHIRPS data exhibiting a capability to forecast peak flow that closely matched the observed flow for both calibrations in
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Table 3 | Model performance statistics of the two multi-gauge calibration methods used in this study

Basin name

CHIRPS-SWATþþþþþ Toolbox CSFR-SWATþþþþþ Toolbox CHIRPS R-SWAT CSFR R-SWAT

Calibration Validation Calibration Validation Calibration Validation Calibration Validation

R2 NSE PBIAS R2 NSE PBIAS R2 NSE PBIAS R2 NSE PBIAS R2 NSE PBIAS R2 NSE PBIAS R2 NSE PBIAS R2 NSE PBIAS

Sofia 0.60 0.46 �13.84 0.5 �1.23 �74.72 0.42 �0.52 �71.26 0.51 �3.39 �95.54 0.57 �0.32 �56.95 0.57 �4.65 �156.46 0.46 �1.08 �83.86 0.59 �4.85 �150.56

Mahajamba 0.74 �1.02 9.01 0.69 �3.54 �4 0.7 �0.82 0.79 0.68 �9.8 �34.8 0.68 �2.27 � 21.96 0.68 �2.02 �0.12 0.74 �0.57 �19.20 0.7 �4.28 �16.49

Mahavavy 0.66 0.37 23.88 0.72 0.61 18.69 0.67 0.35 17.09 0.56 0.41 7.3 0.72 0.31 19.08 0.74 0.67 13.30 0.69 0.5 14.99 0.59 0.55 14.15

Betsiboka 0.79 0.57 17.07 0.77 0.65 18.67 0.69 �0.09 �12.83 0.66 0.4 �14.76 0.79 0.55 19.41 0.78 0.73 23 0.67 0.58 22.41 0.64 0.59 25.59

Maningory 0.45 �3.27 17.84 0.32 �0.13 30.55 0.25 �1.91 52.87 0.26 �0.06 41.18 0.52 �1.69 17.43 0.32 0.01 31.87 0.27 �1.51 46.39 0.27 0.02 43.53

Manambolo 0.37 �0.24 27.51 0.23 �1.23 3.13 0.42 �1.7 �42.38 0.45 �7.48 �116.84 0.36 �0.55 4.82 0.31 �1.85 �36.73 0.43 �0.76 �28.74 0.46 �4.38 �93.43

Tsiribihina 0.75 0.68 14.09 0.88 0.63 15.81 0.8 0.77 12.48 0.6 0.35 �21.95 0.81 0.7 30.93 0.78 0.45 43.22 0.81 0.66 35.15 0.62 0.61 10.99

Mangoro 0.73 0.52 22.22 0.64 0.48 23.05 0.44 �0.91 �39.19 0.45 �3.13 �92.49 0.77 0.59 24.50 0.66 0.49 23.40 0.47 0.26 2.33 0.55 �0.27 �42.64

Mangoky 0.81 0.41 23.58 0.90 0.69 22.99 0.41 0.35 16.2 0.54 0.48 21.24 0.54 0.03 23.06 0.76 0.48 24.75 0.59 0.14 21.11 0.41 0.29 23.59

Onilahy 0.18 �0.43 27.71 0.74 �1.4 �74.84 0.13 �0.11 11.31 0.51 �0.03 �65.34 0.05 �0.92 59.41 0.55 �2.09 � 51.43 0.25 �0.13 52.12 0.36 �0.82 72.42

Mananara 0.88 0.16 �39.51 0.96 �32.57 �363.23 0.42 0.04 �14.03 0.39 �0.61 �95.49 0.29 0.01 44.92 0.95 �19.63 � 296.07 0.07 �0.82 28.07 0.29 �0.15 �3.89

Mandrare 0.41 0.02 �6.8 0.002 �0.73 51.75 0.09 �0.07 66.87 0.04 �0.86 65.81 0.33 �0.43 � 1.29 0.05 �1.15 61.09 0.03 �0.18 74.02 0.06 �0.79 69.63
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SWATþ Toolbox and R-SWAT. Interestingly, there is a large difference between the observed and predicted low flows in
Mangoro, Mahajamba, and Manambolo basins for both scenarios and calibration methods. The model completely failed

to predict the high flows in Mananara, Onilahy, and Mandrare basins in which CHIRPS data generated high peak flow com-
pared to the CSFR data.

Taken together, these results imply that multi-gauge calibrations using SWATþ Toolbox and R-SWAT did not signifi-

cantly improve simulation performance in the Manambolo, Onilahy, Mananara, and Mandrare basins compared to the
results of our previous study using a single-site calibration in SWAT-CUP. We found that NSE ranged from 0.4–0.9 for
the Mahajamba, Betsiboka, Maningory, Tsiribihina, and Mangoky basins; 0.23–0.68 for the Sofia, Mahavavy, and Mangoro

basins; NSE¼ 0.15 for Manambolo basin and NSE� 0 for Onilahy, Mananara, and Mandrare basins during calibration
and validation. However, the previous study compared R-SWAT and SWAT-CUP in calibrating streamflow and found sat-
isfactory and minor differences in the results (Nguyen et al. 2022). It is interesting to note that calibration in R-SWAT

required less time compared to the SWATþ Toolbox and SWAT-CUP. According to a previous study, R-SWAT rewrites
a file with all updated parameter values at once (Nguyen et al. 2022). Moreover, R-SWAT provides a high level of custo-
mization, data analysis, and visualization tools of the model outputs with other R packages. On the other hand, the
SWATþ Toolbox provides options for manual and automatic calibration as well as a good visualization of the results

within QGIS which can make it more accessible to users (Chawanda et al. 2020). Overall, SWATþ Toolbox and R-
SWAT provide flexible platforms for testing new parameter sensitivity and optimization packages with complex hydrolo-
gical models. A community of users and support resources are also available at https://groups.google.com/g/R-SWAT and

https://groups.google.com/g/swatplus.
Before proceeding to the water balance analysis, it is important to examine the impact of precipitation data selection (CSFR

and CHIRPS) on the model after calibration.

Figure 5 | Comparison of calibrated streamflow across the MRBM for the periods 1981–1999: Observed flow (Dotted black line), CHIRPS-
SWATþ Toolbox (Pink), CHIRPS-R-SWAT (Orange), CSFR-SWATþ Toolbox (Red), and CSFR-R-SWAT (Green).

Hydrology Research Vol 55 No 3, 424

Downloaded from http://iwa.silverchair.com/hr/article-pdf/55/3/412/1385982/nh0550412.pdf
by guest
on 10 April 2024

https://groups.google.com/g/R-SWAT
https://groups.google.com/g/swatplus


The fitted values of the most sensitive parameters from the calibration SWATþ Toolbox and R-SWAT were put back in the
SWATþEditor to conduct the hard calibration. The spatial distribution of the water balance components after calibration is
displayed in Figure 6.

These maps showed a large difference between precipitation and ET across the MRBM after the calibration in the SWATþ
Toolbox. CSFR data produced high precipitation in the Western basins compared to the CHIRPS data. The ET was lower in
the Eastern basins for both datasets. In general, these trends show that there has been minimal change in the spatial distri-
bution of the precipitation and ET compared to the results before calibration.

Results of water balance

The differences in the annual average water balance components between CHIRPS and CSFR data calibrated in SWATþ
Toolbox and R-SWAT are shown in Figure 7. The annual average precipitation, surface runoff, lateral flow, percolation,
ET, water yield, PET, groundwater flow, and curve number provide a deeper understanding of the basin’s hydrological pro-
cesses and are crucial for effectively managing the water resources at the MRBM. The mean annual PET was calculated using

the Penman–Monteith equation, the default method in SWATþ .
Figure 7 shows that among the water balance components, the PET was the most dominant (about 1,600 mm/year on aver-

age) while the lateral flow had the least influence (about 23 mm/year on average). The average annual amount of

precipitation (1,360 mm/year for CHIRPS; 1,490 mm/year for CSFR) and ET (1,610 mm/year for CHIRPS; 1,590 mm/
year for CSFR) were similar before and after model calibration for SWATþ Toolbox and R-SWAT. Calibration in both
methods led to a reduction in surface runoff, percolation, water yield, and curve number but increased the lateral flow,

ET, and groundwater flow. Surprisingly, SWATþ Toolbox produced a great value of ET in both CHIRPS (636 mm/year)
and CSFR (664 mm/year) datasets compared to the calibration by R-SWAT (577 mm/year for CHIRPS; 525 mm/year for
CSFR). In general, the CSFR dataset produced substantial quantities of precipitation, surface runoff, percolation, water
yield, and curve number, whereas the CHIRPS dataset resulted in elevated ET and PET.

CONCLUSION

Two versions of the SWAT model, specifically SWAT 2012 and SWATþ , were set up for the Major River Basins in Mada-
gascar (MRBM) and their performances in simulating streamflow were compared. The main aim of this study is to
improve the SWAT model performance across the MRBM, specifically for SWAT simulation in the Manambolo, Onilahy,

Mananara, and Mandrare basins. In this context, we also tried to investigate how the uncertainty of the CHIRPS and
CSFR rainfall input data affects the streamflow across the MRBM. A multi-gauge calibration for catchment discharge
was carried out to compare the performance of SWATþ Toolbox, and R-SWAT, SWATþEditor hard calibration on a

Figure 6 | Comparison of the annual average precipitation and evapotranspiration precipitation after calibration in SWATþ Toolbox.
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monthly time step for the periods 1982–1999. The proposed calibration approaches provided convenient and adaptable
platforms for experimenting with advanced hydrological models’ parameter sensitivity and optimization tools at large

basins scale.
This study has shown that the SWATþ model setups produced approximately 2,429 HRUs, which is larger compared to

the SWAT 2012 about 1,774 HRUs. SWATþ generated greater surface runoff than the SWAT 2012 model did for both the
CSFR and CHIRPS data sets. On the other hand, the SWAT model produced higher groundwater flow compared to the

SWATþ model for both CSFR and CHIRPS data. It was also shown that the CSFR data showed a high value of precipi-
tation compared to the CHIRPS data, especially in Mahavavy, Betsiboka, Manambolo, and Tsiribihina basins. The ET was
very low for the Maningory, Mangoro, and Mananara basins for both rainfall datasets. Based on the results, it can be con-

cluded that the performance of the SWATþ model for runoff simulation within the SWATþ Toolbox and R-SWAT was
unsatisfactory for most basins, whether considering the CHIRPS or CSFR dataset. It has been demonstrated that the
multi-gauge calibration was able to sufficiently simulate the streamflow for Betsiboka, Mahavavy, Tsiribihina, Mangoro,

and Mangoky basins, with NSE ranging from 0.40 to 0.70 during calibration and validation in both SWATþ Toolbox
and R-SWAT. Our study also found that multi-gauge calibrations using SWATþ Toolbox and R-SWAT did not significantly
improve simulation performance in the Manambolo, Onilahy, Mananara, and Mandrare basins compared to the single-site

calibration using SWAT-CUP software. Previous studies simulated the streamflow in Africa and found a negative value of
the NSE (NSE, 0) in Manambolo, Onilahy, Mananara, and Mandrare basins (Schuol et al. 2008; Xie et al. 2012). An
implication of these findings is the potential of the SWATþ Toolbox compared to R-SWAT in calibrating runoff across
the MRBM. Calibration in both methods led to a reduction in surface runoff, percolation, water yield, and curve

number but increased the lateral flow, ET, and groundwater flow. The results indicated that CSFR data produced substan-
tial quantities of precipitation, surface runoff, percolation, water yield, and curve number, whereas the CHIRPS dataset
resulted in elevated ET and PET. Despite the simulation flexibility offered by SWATþ , we conclude that CSRF-driven

SWAT 2012 in combination with the SWAT-CUP calibration method is more appropriate for runoff simulation in the
MRBM. The SWAT 2012 is a stable, well-established, and validated tool compared to the SWATþ which is still under
active development. The SWAT 2012 has a long history of applications and extensive validation studies, making it a trusted

Figure 7 | Annual average water balance components simulated by SWATþ model: CHIRPS before calibration (black), CHIRPS-SWATþ
Toolbox (Pink), CHIRPS-R-SWAT (Orange), CSFR before calibration (Grey), CSFR-SWATþ Toolbox (Red), CSFR-R-SWAT (Green).

Hydrology Research Vol 55 No 3, 426

Downloaded from http://iwa.silverchair.com/hr/article-pdf/55/3/412/1385982/nh0550412.pdf
by guest
on 10 April 2024



tool for hydrological simulations. We acknowledge that the optimization algorithm’s influence is just one aspect of model

calibration. The uncertainties associated with precipitation estimates play a substantial role in influencing the estimation of
hydrological model parameters and water balance components (Fernandez-Palomino et al. 2022; Wang et al. 2023; Ye
et al. 2012). This broader perspective underscores the complexity of calibration processes and the need for comprehensive

evaluations.
The most important limitation lies in the fact that the model performance depends not only on the choice of calibration

method but, more significantly, on factors such as limited observed discharge data, the uncertainty in rainfall data, the
influential parameters, and the objective function used for the calibration approach. Moreover, multi-objective calibration

in large watersheds may have limitations due to the heterogeneity of factors influencing hydrological response, such as
climate, land use, and soil. Calibration is an ongoing process offering constant chances for improvement. It is crucial
to acknowledge that the discrepancy in estimating precipitation is a constraint in our study. Future research could address

this issue by allocating precipitation through the estimation of areal averages for each sub-basin. Estimating areal averages
for each sub-basin based on the gridded precipitation product could potentially alleviate variations in precipitation values
arising from watershed discretization. Therefore, further study of the issue is still required for the MRBM. This study offers

some important insights into multi-gauge calibration using different calibration methods and rainfall input data on a large
basin scale.
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