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SPECIAL ISSUE: TWENTY-FIRST CENTURY HYDROLOGICAL CHALLENGES AND OPPORTUNITIES IN AFRICA

Raingauge vs IMERG precipitation data for SWAT modelling: balancing accuracy and 
cost for reliable hydrological observatories in a tropical river basin
Zonirina Ramahaimandimbya, Alain Randriamaherisoab, Marnik Vancloostera and Charles L. Bieldersa

aEarth and Life Institute, Université catholique de Louvain, Ottignies-Louvain-la-Neuve, Belgium; bEcole Supérieure Polytechnique d’Antananarivo, 
Université d’Antananarivo, Antananarivo, Madagascar

ABSTRACT
Reliable hydrological monitoring is essential for water resource management but challenging in remote 
areas with extreme weather. This study evaluated the Soil and Water Assessment Tool (SWAT) model’s 
performance using various precipitation data sources in the Sahafihitry catchment, northeastern 
Madagascar. We compared ground-based rain gauge networks of different densities (one, two, and five 
gauges) with satellite-derived IMERG data. Results showed that denser rain gauge networks (two and five 
gauges) captured rainfall variability more effectively than single gauges or IMERG data, leading to 
superior SWAT model performance. Rain gauge configurations outperformed IMERG in simulating both 
flood events and low-flow periods. While IMERG offers low-cost, readily available data, it introduces 
significant uncertainty into hydrological modelling. The two-gauge network achieved satisfactory 
streamflow simulations and represents the most cost-effective option for establishing reliable observa
tories in this study area.
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1 Introductionct 2

The establishment of a reliable hydrological monitoring sys
tem is crucial for many applications, such as drought monitor
ing, flood prevention, water balance calculations, and water 
resources management (Di Baldassarre et al. 2010). When 
properly installed and maintained, such monitoring systems 
can provide precise real-time data on hydrological variables, 
including precipitation, river discharge, and ground water 
levels (Carrière et al. 2021). However, given the high costs of 
maintaining accurate measurement networks, the implemen
tation of such an observatory remains challenging, particularly 
in remote and hard-to-access sub-tropical regions that experi
ence extreme weather conditions (WMO 1987, Sivapalan et al.  
2003, Sivakumar 2017). These challenges are further exacer
bated by the risk of infrastructure damage as well as insuffi
cient public involvement in water resources monitoring, 
resulting in limited, fragmented, and discontinuous hydrolo
gical monitoring networks that impede a comprehensive 
understanding of the hydrological processes and hinder proper 
water resources management. Therefore, it is increasingly 
urgent to design easy-to-maintain and cost-effective observa
tion systems that minimize field interventions while ensuring 
reliable operation of hydrological observatories.

Recent advances in remote sensing techniques have led to 
the emergence of satellite-based, data reanalysis-based, model- 
based products as a potential solution to meet the needs of 
hydrological observatories (Tapiador et al. 2012, Sun et al.  
2018). They offer an attractive alternative, especially to 
ground-based rain gauges (WMO 2022). Among recent satel
lite-based gridded precipitation products, the Global 

Precipitation Measurement Integrated Multi-satellitE 
Retrievals GPM IMERG v06 Final has garnered much atten
tion due to its 20-year availability of precipitation data, fine 
spatial resolution (0.1° × 0.1° or ~11 × ~11 km2), and high 
temporal resolution (30 min) compared to other products 
(Huffman et al. 2020). Given their characteristics, IMERG 
products appear to be suitable data sources for forcing rainfall- 
runoff models used in a variety of hydrological applications, 
such as extreme event analysis and water resources manage
ment (Gosset et al. 2013, Maggioni and Massari 2018, Ombadi 
et al. 2018).

Despite their high potential, IMERG products are subject to 
errors arising from various factors, such as the nature of the 
precipitation measurement (Villarini et al. 2009), sampling 
uncertainties (Khan 2019), retrieval algorithms, and variations 
in land surface properties (Kummerow et al. 1998). 
Furthermore, since IMERG incorporates ground-based rain
fall measurements from the Global Precipitation Climatology 
Center (GPCC) through its multi-satellite algorithms, the pro
duct may be affected by greater uncertainties in tropical areas 
where there is a limited availability of rain gauges for calibra
tion or validation (Huffman et al. 2020). In addition, several 
researchers have highlighted the limitations of IMERG, which 
include low accuracy representation of the spatial variability of 
rainfall, as well as both overestimation and underestimation of 
certain rainfall classes depending on the study area (Tan and 
Duan 2017, Ramahaimandimby et al. 2022). Despite these 
limitations, the research community continues to explore the 
applications of IMERG in the hydrological domain, especially 
in countries with poor rainfall monitoring networks.
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While a significant amount of research has been conducted 
to quantify errors in IMERG products (e.g. Dezfuli et al. 2017, 
Derin et al. 2021), limited attention has been paid to under
standing the implications of these errors on rainfall-runoff 
model forecasts. As hydrological models exhibit strong non
linearity, errors in precipitation measurements can greatly 
affect the accuracy of flood simulations. The extent of this 
impact is contingent on the quality of input data and the 
interplay between different components of the model 
(Sellami et al. 2013). For instance, some studies indicate that, 
conditional upon recalibrating the hydrological model, 
IMERG can produce satisfactory flow simulations (Maggioni 
and Massari 2018, Derin et al. 2021). Some research even 
suggests that IMERG can be as effective as using ground- 
based rainfall data (Tang et al. 2016, Li et al. 2017, Jiang 
et al. 2021). However, in other cases, hydrological models 
relying on IMERG products as input data exhibited inadequate 
performance despite repeated model calibration (Wang et al.  
2017, Jiang et al. 2018). The main reasons for the lower per
formance of IMERG-data driven models have been attributed 
to significant biases between IMERG and ground-based obser
vations. Hence, there is a need to recalibrate the hydrological 
model when using IMERG products to better account for 
IMERG rainfall-runoff model interactions. Furthermore, the 
inherently lower accuracy of IMERG rainfall data compared to 
those derived from ground-based networks exacerbates these 
challenges (Su et al. 2021).

It is worth emphasizing that no rainfall product consistently 
guarantees excellent performance in hydrology due to various 
factors such as study scale and spatial coverage of the rainfall 
data, location, time scale, basin characteristics, choice of hydro
logical model and process representation, and model calibration 
algorithms (Yuan et al. 2018, Jiang and Bauer-Gottwein 2019). 
For instance, although satellite- and gauged-based products 
such as IMERG have demonstrated their efficacy in estimating 
rainfall patterns compared to ground-based measurements in 
remote areas (Mahmoud et al. 2021), knowledge gaps remain 
regarding their reliability in hydrological applications, particu
larly in tropical areas with complex terrain and frequent 
extreme rainfall events. Moreover, most evaluations of the suit
ability of IMERG products for hydrological applications have 
focused on China, where extensive hydrometeorological mon
itoring equipment is available for conducting validation studies 
(Wang et al. 2017, Jiang et al. 2018, Yuan et al. 2018, Jiang and 
Bauer-Gottwein 2019). For the vast African continent, however, 
reliable data are scarce, and evaluations have often been con
ducted at large spatial (e.g. country level or larger) or temporal 
(e.g. annual or longer) scales, and on large river basins. Hence, 
given that many water management issues are addressed at 
smaller scales, it is crucial to also evaluate the effectiveness of 
rainfall products from different sources for hydrological obser
vatory applications for small or meso-scale watersheds.

The overall aim of this study is to evaluate the usefulness of 
ground-based rain gauge data (RG) and remote sensing IMERG 
products for streamflow estimation. More specifically, the study 
assesses the performance of the semi-distributed SWAT (Soil and 
Water Assessment Tool) model at predicting streamflow using 
either different configurations of a ground-based rain gauge 

network or the IMERG product. The study was conducted in 
the Sahafihitry watershed (ca. 200 km2) located in northeastern 
Madagascar. This tropical watershed experiences high seasonality 
in rainfall frequency, intensity, and duration (Ramahaimandimby 
et al. 2022). Heavy precipitation, including those accompanying 
large cyclone events which tend to occur every other year on 
average, threatens human activity and causes natural disasters 
such as floods and landslides (Tadross et al. 2008, CREAM  
2013). Data collection and measurement in this region are parti
cularly challenging due to rugged terrain and impassable roads 
during the rainy season. Furthermore, a lack of awareness among 
the local population can make equipment vulnerable to vandal
ism. These factors complicate establishing and maintaining long- 
term hydrological observatories. By assessing different sources of 
rainfall data and considering the trade-offs between data cost and 
quality, this study can also help decision-makers select the most 
appropriate data sources and hydrological observatory designs for 
their specific needs, ultimately contributing to the sustainable 
management of water resources in Madagascar and other regions 
facing similar challenges.

2 Materials and methods

2.1 Study area

The Sahafihitry river basin covers an area of 197 km2 in the 
district of Antalaha, SAVA region, N-E of Madagascar (Fig. 1). 
It lies between 15°00’ and 15°20’ South latitude and between 50° 
00’ and 50°10’ East longitude, with elevations ranging from 56 m 
to 1309 m a.m.s.l. The outlet is located at the confluence with the 
Ankaviabe river. The climate is humid-tropical with annual mean 
temperatures ranging from 22.3 to 27.7°C (CPGU 2012, CREAM  
2013). Annual precipitation is around 2240 mm (1960–2010), 
with high spatial variability (Jury et al. 2003). Precipitation is 
unevenly distributed throughout the year, with a warm and 
rainy season from November to April and a cooler (less rainy) 
season from May to October (Chaperon et al. 1993). Moreover, 
the region is often affected by storms and tropical cyclones, which 
frequently cause significant damage (CPGU 2012).

The upstream part of the catchment is dominated by tropi
cal rainforests and a mosaic of trees and shrubs, while the 
downstream part of the catchment is occupied by a mosaic of 
different types of natural vegetation. Also, the Masoala 
National Park, managed by the Madagascar National Park, 
covers 18% of the total catchment area (Fig. 1; Ormsby and 
Mannle 2006; CREAM 2013).

According to the World Reference Base, the dominant 
soils in the watershed are Ferralsols in the southern high
lands and Acrisols in the downstream part of the watershed 
(Hengl et al. 2017). Ferralsols typically exhibit uniform 
profiles with high clay (kaolinite) and iron oxide contents, 
leading to a pseudo-sand structure that explains their high 
permeability in spite of the high clay content (Martinez 
and Souza 2020). In contrast, Acrisols display more hetero
geneous profiles with a lower permeability argillic horizon 
resulting from clay accumulation. These soils generally 
have lower clay content and are particularly susceptible to 
erosion (Rossi 1979).
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2.2 Data collection

A hydrometeorological network consisting of a weather sta
tion, five rainfall gauges, and a water level gauging station was 
installed. The network was fully operational as from 
August 2018. All data used in this study were collected from 
August 2018 to July 2021.

2.2.1 Weather data
A meteorological station recording solar radiation, wind 
speed, relative humidity, and maximum/minimum 

temperature was installed at Marofinaritra (Fig. 1). Data 
were recorded with an hourly timestep using a Campbell 
Scientific® CR300 series datalogger. Precipitation data were 
collected every 1 hour through a purposely installed net
work of five HOBO® RG3M rain gauges (±1% accuracy) 
(Fig. 1).

2.2.2 Discharge data
Water levels at the outlet of the Sahafihitry river were mon
itored at hourly intervals using a Solinst® LTC Levelogger Edge 
M5 C80 pressure sensor with an accuracy of ±0.3 cm. The 

Figure 1. Geographical context of the Sahafihitry catchment in Northeastern Madagascar: topography and location of weather station, additional rain gauges and river 
discharge monitoring station within the watershed. Rain gauge No. 1 is located at the weather station in Marofinaritra. Grids correspond to the grid of the IMERG 
gridded precipitation dataset.
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water level data underwent correction for atmospheric pres
sure which were recorded by a Solinst® 3001 LT Barologger 
Edge sensor with an accuracy of ±0.05 kPa. The atmospheric 
pressure data from the Marofinaritra weather station (Fig. 1) 
were corrected using Equation (1) to account for elevation 
differences between the outlet and the weather station: 

where P(hi) is the effective atmospheric pressure at the outlet at 
elevation hi [Pa],

P(h0) is the atmospheric pressure measured at the weather 
station at elevation h0 [Pa],

Δh is the difference in elevation between hi and h0 [m],
R is the molar gas constant [8.314 J K−1 mol−1],
T is the absolute temperature of the air, taken at the weather 

station [°K],
M is the average molar mass of gas in the atmosphere 

[0.02896 kg mol−1],
g is the gravitational acceleration [9.81 m s−2].
Subsequently, Equation (2) was applied to the levelogger 

data for deriving the water level: 

where Z represents the water level [m],
Pi denotes the measured water pressure [Pa] at the outlet, 

and ρ is the density of water (1000 kg m−3).
Discharge was determined by converting water level data 

into discharge using a rating curve. The OTT MF PRO mag
netic induction current meter was used for gauging water 
velocity for low and medium flows (Q) with a measuring 
range of 0 to 6 m s⁻1 and an accuracy of ±2% (between 0 and 
3 m s⁻1) and ±4% (between 3 and 5 m s⁻1). At least 20 gauging 
operations were conducted at the outlet to establish the rating 
curve, based on measured pairs of water level and discharge 
(Qi, Zi) for low and medium flow conditions (Supplementary 
Table S1). Subsequently, a power function (see Equation 3) was 
fitted to the water level discharge data: 

where a and b represent fitting coefficients, Zi is the water level 
[m] measured by the Levelogger, and Z0 is the stage at zero 
discharge [m] (see the Appendix, Fig. A1).

For safety reasons during high flow conditions and because 
of practical constraints, rating curves for high flows were 
extrapolated using an empirical method based on Manning’s 
equation (Equation 4): 

where Cs denotes the flow cross-section [m2] and Hr represents 
the hydraulic radius [m]. Sl is the river slope (%) at the gauging 
station, which was estimated from a Digital Elevation Model 
(DEM) with a resolution of 30 m. The channel roughness 
coefficient n [s m−1/3] was derived from stream gauging data 
for low and medium flow conditions by combining Equations 
(3) and (4). However, when the water level exceeds 2.5 m, n is 
set at 0.08 for the left bank and 0.12 for the right bank, reflect
ing less dense vegetation cover on the left and more dense 
vegetation cover on the right (Phillips and Tadayon 2006).

2.2.3 Gridded precipitation data: IMERG
Given its good performance in estimating daily precipitation 
across the Sahafihitry watershed (Ramahaimandimby et al.  
2022), IMERG v06 final precipitation data were used for forcing 
the hydrological model. GPM-IMERG, short for Integrated 
Multi-satellitE Retrievals for Global Precipitation Measurement, 
is a satellite-based precipitation product developed by the 
National Aeronautics and Space Administration Global 
Precipitation Measurement (GPM) mission. The IMERG algo
rithm integrates observations from multiple satellite sources, 
including the GPM Core Observatory’s Dual-Frequency 
Precipitation Radar (DPR) and GPM Microwave Imager 
(GMI), along with precipitation estimates from partner constel
lation satellites carrying passive microwave sensors such as the 
Advanced Microwave Scanning Radiometer (AMSR2), Special 
Sensor Microwave Imager/Sounder (SSMIS), and Microwave 
Humidity Sounder (MHS). The algorithm also incorporates 
infrared precipitation estimates from geostationary satellites to 
fill temporal gaps between microwave observations. Additionally, 
IMERG utilizes monthly precipitation gauge analyses from the 
GPCC to bias-correct and calibrate the satellite-derived estimates, 
ensuring improved accuracy over land surfaces. The final pro
duct is available with a spatial resolution of 0.1° × 0.1° and 
a temporal resolution of 30 minutes (Huffman et al. 2020).

2.2.4 Spatial data
The 2020 land cover map was generated based on the 300-m 
resolution GlobCover v.2 product (Bontemps et al. 2009; 
Fig. 2A), while soil attributes were obtained from the 250-m 
resolution SoilGRID classification (Deckers et al. 2003; Fig. 2B). 
The delineation of Sahafihitry catchment boundaries, hydrolo
gical structures, and slope information relied on a 30-m resolu
tion DEM sourced from Shuttle Radar Topographic Mission 
(SRTM) (Earth Resources Observation and Science (EROS) 
Center 2017; Fig. 2C).

An exploration of rainfall spatial variability in the Sahafihitry 
catchment was undertaken. Using the coefficient of variation as 
a key measure (Equations 5 and 6), the analysis aims to quantify 
the degree of variation in daily rainfall across the five rain gauges 
or the IMERG product grids for each of the three years of mea
surement. A high coefficient of variation (>70%) in rainfall indi
cates that the daily precipitation values within the dataset exhibit 
a substantial degree of spatial variability compared to the mean 
(Jalilibal et al. 2021). The coefficient of variation (CVi) was first 
calculated on a daily basis and subsequently averaged per year 
(CV; Equations 5 and 6): 

where 

and where k represents the number of days in a given year, and 
CVi is the coefficient of variation for day i. µi and σi are the 
average precipitation for day i and the corresponding standard 
deviation. The calculations of daily CV (CVi) were performed by 
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using either the five rain gauges or the eight IMERG grid cells 
comprising the catchment area (Fig. 1).

2.3 Hydrological modelling: SWAT semi-distributed 
model

2.3.1 Model description
The SWAT model is a widely used hydrological model that 
operates on a continuous daily time scale or greater (Arnold 
et al. 2012). It is a semi-distributed model that is coupled with 
a Geographic Information System interface. Besides daily 
weather and hydrological data (see Section 2.2), SWAT uses 
data on land cover, soil, and slope properties (Fig. 2). The 
watershed is then divided into Hydrologic Response Units 
(HRUs), which are composed of areas with homogeneous 
land cover, soil, and slope characteristics.

The hydrological components of the SWAT model are 
linked through the water balance equation (Equation 7), 
which serves as the foundation of the hydrological model: 

where
SWt and SW0 are the final and initial soil water con
tent (mm),
t is the time (days),
Rday is the amount of precipitation on day i (mm),
Qsurf is the amount of surface runoff on day i (mm), esti

mated using the runoff curve number (SCS CN) method,
Ea is the amount of evapotranspiration on day i (mm), 

calculated using the Penman–Monteith method,

Wseep is the amount of water seeping from the soil profile 
into the underlying vadose zone on day i (mm),

and Qgw is the amount of return (lateral subsurface) flow 
on day i (mm).

2.3.2 Sensitivity analysis, calibration, and validation
The Sequential Uncertainty Fitting version 2 (SUFI-2; Nkonge 
et al., 2017) available in the SWAT-Calibration and Uncertainty 
Programs (SWAT-CUP; Abbaspour, 2017) was used to calibrate 
the model for the diverse scenarios (see Section 2.4.3). The 
Nash-Sutcliffe efficiency (NSE) index was adopted as an objec
tive function during the auto-calibration process (see Table 2).

Model parameters were calibrated using observed streamflow 
data from August 2018 to July 2020, and the calibrated models 
were validated using streamflow data from August 2020 to 
July 2021. Since only three years of discharge data were available, 
the August 2020–July 2021 data served as both the validation and 
warm-up period, although they were not used for calibration.

For each scenario, a set of 10 key parameters governing 
hydrological processes was selected for model calibration and 
validation. CN2 is associated with the runoff generation process, 
while SOL_AWC regulates soil water content. The parameter set 
related to groundwater flow includes GW_DELAY, GWQMN, 
SHALLST, DEEPST, GW_REVAP, RCHRG_DP, GWHT, and 
GW_SPYLD (Table 1). The initial parameter ranges and the 
selection of these parameters were determined through 
a comprehensive literature review and prior knowledge.

2.3.3 Scenarios
To assess the hydrological performance for different rainfall 
data sources, five rainfall scenarios were implemented in 

Figure 2. Characteristics of the Sahafihitry catchment: (a) 2020 Land cover (Cropland = CROP, Herbaceous = AGRC, Mosaic = FRST, and Forest = FRSE in SWAT model), 
(b) Soil properties (Acrisols = Fo81-2b, Ferrasols = Fo80-2ab, Lixisols = Rd22-2c in SWAT model), (c) Slope.
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SWAT. The first three scenarios (1RG, 2RG, 5RG) utilize the 
ground-based rain gauges spatialized using the Thiessen 
method. Specifically, scenario 1RG relies on data from the 
catchment’s central rain gauge (No. 3; Fig. 1), while scenario 
2RG uses data from rain gauges No. 2 and No. 5. Scenario 5RG 
uses data from all five rain gauges. These scenarios seek to 
evaluate potential accuracy loss when reducing rain gauges 
from 5 to 2 and to 1. The fourth scenario relies on IMERG 
gridded precipitation products. For each of these four scenar
ios, all parameters are specifically calibrated. The final sce
nario, referred to as IMERG_in_5RG, involves the use of 
IMERG rainfall data using the optimized parameters derived 
from the 5RG scenario. This last scenario seeks to assess the 
possible loss in performance when using IMERG rainfall data 
in a model calibrated using ground-based data.

2.3.4 Hydrological model performance
The performance of the hydrological model was assessed using 
five continuous quantitative metrics: the coefficient of deter
mination (R2), the slope of regression (a), Nash-Sutcliffe effi
ciency (NSE), the Root-Mean-Square Error (RMSE), and the 
Kling-Gupta Efficiency (KGE) (Table 2). These metrics, espe
cially NSE, RMSE, and KGE, were also applied to evaluate the 

ability of the model to reproduce different discharge classes 
(>5, >10, >15, >20, and >50 m3 s−1).

3 Results

3.1 Rainfall characteristics

The coefficient of variation computed from 5RG data consis
tently exceeds that derived from IMERG for each of the three 
periods, indicating a greater degree of spatial variability in the 
5RG data compared to the IMERG data (Table 3).

The cumulative rainfall curves for 1RG, 2RG, and 5RG 
scenarios are very similar, reaching up to 7200 mm over the 
three-year study period. The cumulative IMERG curve is 
notably lower, especially as from 04/01, and totaling only 
5000 mm over the three years (Fig. 3).

Numerous events occurred in the region over the study 
period. The onset of extreme events is predominantly observed 
in January and extends until April. Less intense rainfall events 
are noted annually from April to November. When analyzing 
the cumulative curves seasonally, a consistent pattern emerges 
in the RG curves across all seasons (Fig. 4). Throughout the 
“wet” rainy season (November to April), the cumulative RG 

Table 1. Description of the parameters used in the calibration process, their possible range, the initial value, as well as the optimum values after calibration using the 
1RG, 2RG, 5RG, and IMERG rainfall scenarios (see Section 2.3.3).

Parameters Description

Range
Initial 
value 1RG 2RG 5RG IMERG

Min Max

1: CN2 Multiplication factor for SCS runoff curve number 0 1 0.5 0.506 0.563 0.545 0.834
2: SOL_AWC Multiplication factor for available water capacity of the soil layer 0 1 1 0.774 0.649 0.686 0.879
3: GW_DELAY Groundwater delay (days) 0 450 31 367 58 72 70
4: GWQMN Threshold depth of water in the shallow aquifer required for return flow to occur 

(mm)
0 5000 1000 1097 922 4982 1572

5: SHALLST Initial depth of water in the shallow aquifer (mm) 0 5000 1000 802 2442 1002 2697
6: DEEPST Initial depth of water in the deep aquifer (mm) 0 10 

000
2000 8115 7725 5275 9555

7: GW_REVAP Groundwater “revap” coefficient 0.02 0.2 0.02 0.081 0.105 0.113 0.120
8: RCHRG_DP Deep aquifer percolation fraction 0 1 0.05 0.3 0.4 0.9 0.8
9: GWHT Initial groundwater height (m) 0 25 1 6.4 22.0 12.0 6.3
10: GW_SPYLD Specific yield of the shallow aquifer (m3/m3) 0 0.4 0.003 0.3 0.2 0.2 0.3

Table 2. Statistical metrics used for evaluating the SWAT model performance.

Name/Symbol Formula Optimal value

Coefficient of determination, R2

R2 ¼

Pn

i¼1
½ðQmi � �QmÞðQsi � �QsÞ�

Pn

i¼1
ðQmi � �QmÞ

Pn

i¼1
ðQsi � �QsÞ

� �2 1

Slope of linear regression, a Qs = a(Qm) + b 1
Nash-Sutcliffe efficiency, NSE

NSE ¼ 1 �
Pn

i¼1
ðQmi � �QsiÞ2

Pn

i¼1
ðQmi � �QmÞ2

1

Root-Mean-Square Error, RMSE
RMSE ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPn

i¼1
Qmi � Qsið Þ

2

n

r
0

Kling-Gupta Efficiency, KGE
KGE = 1 – 

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

CC � 1ð Þ
2
þ σs

σm
� 1

� �2
þ

�Qsi
�Qmi
� 1

� �2
r

1

Qm is the measured discharge, Qs is the simulated discharge, �Q m is the average measured discharge, �Q s is the average simulated discharge, σm 

is standard deviation of measured discharge, σs is standard deviation of simulated discharge, and CC = R is the Pearson coefficient value.

Table 3. Cumulative rainfall and average coefficients of variation (CV) between the five ground-based rain gauges (5RG) and eight IMERG grids across the 
Sahafihitry watershed for three successive years.

Period (MM/DD/YYYY) CV 5RG (%) Cumulative rainfall 5RG CV IMERG (%) Cumulative rainfall IMERG

Period 1 (8 January 2018–31 july 2019) 71.9 2100 70.2 1721
Period 2 (8 January 2019–31 july 2020) 73.8 3350 62.9 2121
Period 3 (8 January 2020–31 july 2021) 63.4 1806 60.3 1370

6 Z. RAMAHAIMANDIMBY ET AL.



and IMERG rainfall curves are strikingly similar for the first 
and third rainy seasons. However, in the second “wet” rainy 
season, the IMERG curve consistently underestimates rainfall 
by approximately 720 mm. Similarly, during the observed 
“dry” rainy seasons throughout the study period, the IMERG 
data consistently underestimates rainfall, by around 440 mm 
on average.

3.2 Streamflow characteristics

The cumulative discharge curve reached 4500 mm over the 
study period. The streamflow curve rises in tandem with rain
fall, except during period 1 when the rainfall escalates but the 
discharge exhibits a delayed ascent (Fig. 5a). On a yearly basis, 
the difference between cumulative rainfall and cumulative 
discharge at the end of period 1 is 1320 mm, while, for periods 
2 and 3, it stands at 882 mm and 568 mm, respectively.

3.3 Rainfall-runoff model performances

3.3.1 Overall performance
Optimal parameter values for the 1RG, 2RG, 5RG and IMERG 
scenarios are provided in Table 1 following calibration. 
Overall, the observed vs. measured discharge data cloud exhi
bits greater dispersion for the 1RG scenario than for the 2RG 
and 5RG scenarios (Fig. 6). In particular, the model has great 
difficulty in reproducing the low flows (<10 m3 s−1) based on 
the rain gauge located at the center of the watershed (1RG 
scenario). In addition, there is a slight overestimation in the 
flow classes from 10 m3 s−1 to 50 m3 s−1 for the 1RG, 2RG, and 
5RG scenarios.

There is also a much greater dispersion in the data for the 
IMERG scenario compared to the RG scenarios (Fig. 6). The 
1RG, 2RG, and 5RG scenarios outperform the IMERG sce
nario, as evidenced by their higher R2 values, regression slopes 
closer to 1, NSE and KGE values closer to 1, and RMSE values 

Figure 4. Cumulative rainfall for one rain gauge (1RG – solid line), two rain 
gauges (2RG – dotted line), five rain gauges (5RG – dashed line), and IMERG 
satellite-based precipitation data (dash-dot line) based on “wet” rainy season (RS) 
and “dry” rainy season (DS). The date on the X-axis is in MM/DD/YYYY format.

Figure 5. Cumulative rainfall (5RG – dashed line) and discharge (Q_OBS – solid line) curves of the Sahafihitry watershed over the entire study period (a) and on an 
annual basis (b).

Figure 3. Mean cumulative rainfall derived from one rain gauge (1RG – solid line), 
two rain gauges (2RG – dotted line), five rain gauges (5RG – dashed line), and 
IMERG satellite-based precipitation data (dash-dot line). Dates on the X-axis are 
presented in the MM/DD/YYYY format.

HYDROLOGICAL SCIENCES JOURNAL 7



Fi
gu

re
 6

. P
lo

ts
 o

f o
bs

er
ve

d 
an

d 
si

m
ul

at
ed

 d
ai

ly
 fl

ow
s 

fo
r t

he
 fi

ve
 ra

in
fa

ll-
ru

no
ff 

sc
en

ar
io

s 
(fr

om
 th

e 
le

ft
 to

 th
e 

rig
ht

: 1
RG

, 2
RG

, 5
RG

, I
M

ER
G

) f
or

 th
e 

ca
lib

ra
tio

n 
pe

rio
d 

(t
op

, f
ro

m
 0

8/
20

18
 to

 0
7/

20
20

) a
nd

 v
al

id
at

io
n 

pe
rio

d 
(b

ot
to

m
, 

08
/2

02
0–

07
/2

02
1)

. T
he

 la
st

 s
ce

na
rio

 (I
M

ER
G

_i
n_

5R
G

) c
or

re
sp

on
ds

 t
o 

th
e 

m
od

el
 c

al
ib

ra
te

d 
us

in
g 

fiv
e 

ra
in

 g
au

ge
s 

bu
t 

ru
n 

w
ith

 IM
ER

G
 d

at
a 

fo
r 

th
e 

va
lid

at
io

n 
pe

rio
d.

8 Z. RAMAHAIMANDIMBY ET AL.



closer to 0. The observed flows in the <10 m3 s−1 flow class are 
underestimated when using 1RG and IMERG precipitation 
data.

For the validation period, the dispersion of data is less 
pronounced than during calibration, yet the 1RG/2RG/5RG 
scenarios still exhibit less scatter than the IMERG scenario. 
Additionally, the value of the statistical parameters (correla
tion coefficient, R2, NSE, KGE approaching 1, and RMSE 
nearing 0) indicate that the 2RG/5RG scenarios outperform 
the 1RG and IMERG scenarios (Fig. 6 and 7). Running the 
model with IMERG data after calibration with 5RG data 
(IMERG_in_5RG) results in an overall degradation of the 
model performance compared to the 5RG and IMERG scenar
ios (Fig. 6 and 7).

3.3.2 Performance across discharge classes
RMSE values tend to rise as the flow rate class increases 
for both calibration and validation periods (Fig. 8a). NSE 
and KGE values remain fairly constant for most scenarios 
except for discharges >50 m3 s−1 for which a sharp drop in 
these values is observed (Fig. 8b and 8c). For the IMERG 
and IMERG_in_5RG scenarios, NSE and KGE values tend 
to decline steadily as the flow rate class increases. In the 
calibration phase, RMSE and NSE values are generally 
comparable across all scenarios, but notable distinctions 
emerge during the validation phase. Conversely, while 
KGE values for the 1RG scenario slightly outperform 
those for 5RG and 2RG, they marginally decrease in the 
IMERG scenario compared to RG scenarios. Based on 
RMSE and NSE values in the validation phase, the scenar
ios rank in decreasing order of performance as 5RG, 2RG, 
1RG, IMERG, and IMERG_in_5RG. According to KGE 
values, the ranking is 2RG, 5RG, 1RG, IMERG, and 
IMERG_in_5RG.

4 Discussions

4.1 Rainfall characteristics

During the study period, average rainfall aligned with the 
expected annual average of 2240 mm (Jury et al. 1995), although 
it was slightly below average in periods 1 and 3, and significantly 
above average in period 2 (See Table 3). The study area also 
displays notable spatial variability in rainfall, as evidenced by the 
coefficients of variation observed across the five rain gauges. The 
spatial variability was most pronounced during the peak of the 
rainy season (period 2). Such variability was also observed in 
other parts of the region, particularly in the northeast of 
Madagascar (Chaperon et al. 1974, CREAM 2013).

The coefficients of variation derived from the rain gauge 
dataset consistently exceed those obtained from the IMERG 
dataset. This can partly be attributed to the inherent difference 
in data nature, with 5RG representing point-based observations 
and IMERG relying on gridded data (Huffman et al. 2015, 2020). 
While IMERG accurately captures rainfall during typical rainy 
seasons, its performance diminishes during exceptionally wet 
seasons due to challenges in detecting rainfall events exceeding 
100 mm day−1, leading to a significant underestimation of rain
fall amounts (Tan and Duan 2017, Ramahaimandimby et al.  
2022). Additionally, during less rainy periods like the “dry” 
season, a notable gap emerges between observed cumulative 
rainfall and IMERG-reported values, attributed to IMERG’s 
tendency to underestimate the low-intensity rainfall events 
that prevail during that season (CREAM 2013, 
Ramahaimandimby et al. 2022, Randriatsara et al. 2022).

4.2 Hydrological usefulness of precipitation data

In this study, we assessed the performance of four precipi
tation datasets in the SWAT model: data from one, two, or 

Figure 7. Comparison of observed (Q_OBS) and simulated hydrographs for the validation period (08/2020–07/2021) at the Sahafihitry station for the five rainfall-runoff 
scenarios. Model calibrated using one raingauge (Q_1RG), two gauges (Q_2RG), five gauges (Q_5RG), or IMERG data (Q_IMERG). The last scenario corresponds to the 
model calibrated using five rain gauges but run with IMERG data for the validation period (IMERG_in_5RG).
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five rain gauges, or IMERG precipitation data. These data
sets differ in their measurement methods, detection accu
racy, and spatial representation of precipitation, which 
resulted in substantially different discharge simulation 
results.

In hydrological analyses involving RG scenarios, utiliz
ing two or five RGs outweighs that of using a single RG for 
discharge simulation. With a single rain gauge, there is 
a tendency to underestimate flow classes <10 m3 s−1, 
a phenomenon not observed when multiple rain gauges 
are utilized (Fig. 6, calibration). Similarly, the use of 
a single rain gauge leads to a decline in indicators (R2, 
RMSE, NSE, KGE), which is largely attributable to the 
underestimation of high flow classes >100 m3 s−1 (Fig. 6, 
validation). Integrating multiple RGs enhances spatial cov
erage, facilitating a comprehensive capture of rainfall 

variability across the study area. This is particularly crucial 
in tropical regions characterized by significant rainfall var
iation over short distances, attributed to factors like topo
graphy, land cover, and local weather patterns (Chaperon 
et al. 1974, Leigh 1975) (Section 4.1). Additionally, the use 
of multiple RGs offers a larger dataset, enabling the miti
gation of errors or biases inherent in individual measure
ments, thereby providing more reliable estimates of rainfall 
inputs for hydrological models (Gosset et al. 2013, Bayat 
et al. 2019). Conversely, sole reliance on a single RG may 
result in inaccurate representation of this variability, intro
ducing uncertainties into hydrological modelling outcomes. 
This observation is supported by existing literature, where 
the spatial variability of precipitation input significantly 
influences the performance of runoff simulations 
(Hohmann et al. 2020).

Figure 8. Root Mean Square Error (RMSE), Nash Sutcliffe Efficiency coefficient (NSE) and Kling-Gupta efficiency (KGE) for various classes of discharge for the five rainfall- 
runoff scenarios. Model calibrated using one rain gauge (1RG), two gauges (2RG), five gauges (5RG), or IMERG data (IMERG). The last scenario corresponds to the model 
calibrated using five rain gauges but run with IMERG data for the validation period (IMERG_in_5RG). Square markers refer to the calibration period, triangular markers 
refer to the validation period.
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The results obtained from the study highlight the superiority 
of ground-based rain gauge data, particularly from multiple 
gauges, over satellite-derived IMERG data in hydrological mod
elling. Other studies have also highlighted the limited applic
ability of IMERG satellite-based rainfall estimates in flood and 
low-water forecasting (Getirana et al. 2020). This limitation 
mainly arises from the tendency of IMERG products to under
estimate rainfall rates by 12–35% (mostly for very low and very 
high rainfall intensities) and their low spatial variability at the 
catchment scale (Huffman et al. 2020, Ramahaimandimby et al.  
2022). IMERG products tend to smooth precipitation values due 
to their gridded nature and size, which averages precipitation 
values within each grid cell (Huffman et al. 2020). This tendency 
may also be further exacerbated by the potential for IMERG- 
derived rainfall to exceed the confidence limit of the rating curve 
used in the study. During intense rainfall events (such as the 
rainy period in 2020), this can compromise the rating curve’s 
ability to accurately translate rainfall into runoff, particularly for 
estimating high class discharge. Consequently, there may be 
a decline in performance metrics such as NSE and KGE, result
ing in significant disparities between simulated and observed 
discharge values, especially during flood events. Additionally, 
relying solely on Nash-Sutcliffe Efficiency (NSE) as the objective 
function during the auto-calibration process may oversimplify 
model performance assessment. While this approach effectively 
reduces mean differences and variances between simulated and 
observed flows, it may overlook deviations during flood and 
low-flow periods, as discussed by Krause et al. (2005). This 
oversimplification can lead to a model that performs well statis
tically (acceptable NSE and KGE) but fails to capture the 
dynamics of extreme events.

4.3 Implication of the selection of precipitations datasets 
in streamflow simulation

The study underscores the crucial importance of adjusting 
model parameters before integrating rainfall data into the 
hydrological model, especially considering the diminished 
reliability of the IMERGin5RG scenario compared to the 
IMERG scenario. While calibration based on IMERG rainfall 
data yields improved results compared to IMERGin5RG, this 
raises concerns about the physical significance of these para
meters. Ideally, hydrological model characteristics should 
not be contingent on rainfall data sources, emphasizing the 
necessity of ensuring that model parameters maintain their 
physical interpretation despite variations in rainfall input 
data (Musy and Higy 2011). However, there may be 
instances where the calibrated parameter values exceed 
their reasonable ranges (Jiang et al. 2018, Yuan et al.  
2018). Consequently, the recalibrated model may feature 
parameter values that do not accurately represent real- 
world features, potentially compromising the model’s pre
dictive capability in internal basins.

5 Conclusion

Motivated by the need for a cost-effective and efficient system 
observatory that can provide reliable hydrological data, we 
investigated the performance of four configurations of 

precipitation datasets (one-gauge 1RG, two-gauge 2RG, and 
five-gauge 5RG configurations and IMERG) as inputs to the 
SWAT model for daily streamflow simulation. The study was 
conducted in the Sahafihitry watershed (~200 km2), a medium- 
sized tropical mountainous watershed in northeast Madagascar.

Our findings can be summarized as follows:

● The utilization of a network of multiple rain gauges offers 
a more accurate depiction of the spatial variability of 
precipitation in tropical mountainous regions, surpassing 
the representation provided by a single rain gauge or 
IMERG satellite-based precipitation data.

● The performance of the SWAT model, driven by four 
different precipitation datasets, decreased in the order 
5RG > 2RG > 1RG > IMERG, indicating the effectiveness 
of a denser network for capturing rainfall variability in 
high-altitude watersheds.

Rain gauge scenarios performed better for accurate flood and 
low-flow forecasting.

● Despite underestimating extreme precipitation and peak 
flow, IMERG achieved quite good performance based on 
statistical indicators. However, the use of IMERG rainfall 
as input data for hydrological applications comes with 
several limitations, including the physical significance of 
the parameters.

● While IMERG data are readily available at low cost, its 
lower performance in hydrological modelling introduces 
significant uncertainty into the results. In comparison, 
the 2RG network configuration achieved satisfactory 
streamflow simulation and remains the most cost- 
effective option for establishing reliable hydrological 
observatories in this particular study area, considering 
its characteristics.

It is important to note that these results may only be applicable 
to watersheds with similar climatic conditions, soil properties, 
land cover, topography, and scales as our study area. Therefore, 
caution should be exercised when applying these findings to 
other regions and it is recommended that further research be 
conducted in such areas to determine the most suitable config
uration of rainfall networks for accurate streamflow modelling.
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Appendix A. Rating curve of the Sahafihitry river

Figure A1. Rating curve of the Sahafihitry River. Red points indicate measured discharge. The dashed line represents the extrapolated portion of the rating curve 
obtained using the Manning equation (n left bank = 0.08; n right bank = 0.12).
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