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Abstract 
22 

 Multi-source satellite products performance evaluation for varied geographical 
23 

locations aids in quantification of hydrological variables and is useful in the strategy 
24 

making and conservation of the hydrological resources available in a basin. The work 
25 

was focused on assessing utility of multi-source satellite datasets to obtain the 
26 

estimation of hydrologic variables and provide solution for areas that are poorly 
27 

gauged or un-gauged. Assessment of the multi-source-satellite products was 
28 

performed for the poorly gauged river basin with the help of SWAT concerning the 
29 

Palar River basin, India. We analysed time series at the monthly, seasonal, and annual 
30 

scales to quantify surface runoff, water yield, ET, & PET at the calibration site and for 
31 

the entire basin for the period 2003 to 2021, depending on the common period of 
32 

availability of all the data sets. SWAT model estimated highest monthly water yield 
33 

during November–December, with annual water yield being maximum (220 mm in 
34 

2010) and average (99 mm), which can be used to understand water resources for 
35 

irrigation, drinking aspects, and net storage. Average monthly surface runoff patterns 
36 

were similar for SWAT, TerraClimate, and FLDAS. The FLDAS and SWAT simulated 
37 

surface runoff show a resemblance in pattern and magnitude for the monthly and 
38 

annual time series of the average basin scenario. The monthly PET obtained from 
39 

SWAT and ERA-5 show a similar pattern for the entire basin and at the calibration 
40 

site. The ET derived from satellite observation has over-predicted the model output at 
41 

both the calibration site and entire basin. 
42 

Keywords: FLDAS; SWAT; ERA-5; MODIS; MERRA-2; Water yield 
43 

1. Introduction 
44 

 Many catchments of interest lack the necessary hydrological data and either 
45 

poorly gauged or un-gauged (Gehring et al., 2022; Pavelsky et al., 2014; Razavi and 
46 

Coulibaly, 2013). Understanding the interaction between runoff, evapotranspiration 
47 

(ET), and prospective evapotranspiration (PET) is essential to comprehending how 
48 

water moves through ecosystems and how that movement impacts many aspects of 
49 

our environment. These components are crucial for maintaining the hydrological 
50 

cycle, in which runoff refers to water that flows off the surface of the ground and into 
51 
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rivers and streams and ET to the process that combines evaporation and transpiration 
52 

and returns water to the atmosphere. PET illustrates the maximum water loss that 
53 

could occur if surplus water is available in the soil. It is useful in the sustainable 
54 

management of water resources, environmental protection, and climate adaptation. 
55 

The water budget in a region is based on the balance between these factors, which 
56 

determines the amount of water that is available for ecosystems, communities, 
57 

industry, and agriculture.  This equilibrium gets affected by changes in land use and 
58 

the climate. Hydrological models like the Soil and Water Assessment Tool (SWAT) 
59 

rely on precise ET, PET, and runoff data to anticipate river flow and groundwater 
60 

recharge.  In order to study and manage vital water resources and know how they 
61 

respond to environmental changes, it is crucial to understand the intricate interaction 
62 

between runoff, ET, and PET. 
63 

            Evapotranspiration (ET) is a predominant element of the earth's hydrological 
64 

system (Irmak, 2008), which illustrates the energy interchange phenomenon that takes 
65 

place among the biosphere, hydrosphere, and atmosphere (Fan et al., 2018; Li et al., 
66 

2016). ET signifies a combined event of evaporation and transpiration, and it is an 
67 

influential contributor to atmospheric water (Krishna, 2019). It is highly variable 
68 

depending on soil moisture, vegetation traits, and meteorological parameters, namely 
69 

solar energy, precipitation, wind velocity, and temperature (Wu et al., 2020; Feng et 
70 

al., 2016). Therefore, authentic and precise estimation of ET variation is essential for 
71 

ecosystem modelling, effective irrigation management, environmental assessment, 
72 

crop yield forecasting, and solar power systems (Singh et al., 2021; Petropoulos et al., 
73 

2018; Rawat et al., 2017; Amatya et al., 2014).  
74 

ET estimation is a keystone variable for irrigation design and scheduling to 
75 

achieve high crop yields (Martins et al., 2022; Rawat et al., 2019) and an important 
76 

input in the hydrological model (Weiland et al., 2011). Actual ET can be estimated 
77 

from the field by using a lysimeter (Wanniarachchi and Sarukkalige, 2022; Xu et al., 
78 

2005), scintillometer (Li et al., 2022; Van Kesteren et al., 2015; Samain and Pauwels, 
79 

2013; Solignac et al., 2009), eddy covariance (Paul-Limoges et al., 2020; Moorhead et 
80 

al., 2019; Anapalli et al., 2018; Widmoser and Wohlfahrt, 2018; Hirschi et al., 2017; Li 
81 
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et al., 2010), and the Bowen ratio (Martins et al., 2022; Buttar et al., 2018; Zhang et al., 
82 

2008). The in-situ methods are time consuming and can cover a small area. However, 
83 

remote sensing data, namely, Gravity Recovery and Climate Experiment (GRACE), 
84 

Moderate Resolution Imaging Spectroradiometer (MODIS), and Tropical Rainfall 
85 

Measuring Mission (TRMM) was used for hydrologic analysis at a synoptic scale for 
86 

deep insight into water resources (Singh and Gupta, 2016; He et al., 2019; Santra Mitra 
87 

et al., 2021; Singh et al., 2023a; Singh et al., 2023b). The land surface models (Yassin et 
88 

al., 2019; Long et al., 2014), and hydrological models (Ghonchepour et al., 2021; Devia 
89 

et al., 2015; Meng et al., 2014) can be implemented at local, regional, or continental 
90 

scales for the estimation of hydrologic components for strategy making and 
91 

conservation of the hydrological resources. 
92 

 Potential evapotranspiration (PET) is the water mass that can potentially be 
93 

removed from the earth's surface by evaporation or transpiration if soil water is 
94 

unlimited (Raza et al., 2022; Xiang et al., 2020; Aouissi et al., 2016). For certain climatic 
95 

zones, considering the essential inputs and expected assumptions (Paparrizos et al., 
96 

2017), four basic approaches for the estimation of PET are as follows: (i) temperature-
97 

based, (ii) radiation-based, (iii) a integration of temperature and radiation-based, (iv) 
98 

mass transfer (Dallaire et al., 2021; Pan et al., 2019; Muniandy et al., 2016; Tabari et al., 
99 

2013). Various studies have demonstrated the applicability of hydrologic models for 
100 

the estimation of different hydrologic components (Kumar et al., 2022; Kumar et al., 
101 

2019). The hydrologic models, namely Système Hydrologique Européen (SHE) 
102 

(Fennell et al., 2022; Sakal et al., 2018; Zhang and Han, 2017; Refsgaard and Clausen, 
103 

2010; Abbott et al., 1986), Variable Infiltration Capacity (VIC) (Dayal et al., 2022; Dash 
104 

et al., 2021; Tesemma et al., 2015; Liang et al., 2003), and Soil and Water Assessment 
105 

Tool (SWAT) (Adjei et al., 2022; Inayathulla, 2022; Arnold et al., 1998), etc., provide 
106 

reliable PET estimation. There are several studies where different PET analysis 
107 

techniques were successfully applied to estimate PET from the basin and plots 
108 

(Paparrizcos et al., 2017; Lang et al., 2017; Zhao et al., 2013). 
109 

 The peninsular Indian regions are devoid of any form of precipitation except 
110 

rainfall, so the hydrology of the basins is generally controlled by climatic events 
111 
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(Mathew et al., 2022). The Western Ghats' existence has a significant effect on this 
112 

situation because they cause rain shadow effects in the lower Palar region, which 
113 

decreases rainfall during the south-west monsoon (Gunnell, 1997). The Palar 
114 

watershed experiences a hot and humid climate, and due to the lack of substantial 
115 

snowmelt or glacial input in peninsular India, it heavily depends on seasonal rainfall 
116 

as the dominant driver of its hydrological patterns (Resmi et al., 2019; 2017; Ramasamy 
117 

& Varghese, 2018). This indicates that the basin's hydrological dynamics are mostly 
118 

influenced by seasonal rainfall. The rivers lack water flow during the summer and 
119 

drought periods, but flood events are more common due to cyclonic events and heavy 
120 

rainfall during the north-east monsoon (Kamalanandhini and Annadurai, 2022). India 
121 

is a vast country with a dynamic variation of land surface and climatic conditions, 
122 

which limits the density of the network of meteorological stations (Mathison et al., 
123 

2015; Smakhtin, 2006). on high-resolution reanalysis datasets, for example some of the 
124 

data sets are-  the Climate Forecast System Reanalysis (CFSR) (Kozlov and 
125 

Ghebrehiwot, 2022; Singh and Saravanan, 2022; Mengistu et al., 2022; Saha et al., 2010), 
126 

the National Centers for Environmental Prediction (NCEP) and the National Center 
127 

for Atmospheric Research (NCAR) joint project reanalysis data NCEP/NCAR (Raziei 
128 

and Parehkar, 2021; Solaiman and Simonovic, 2010; Bromwich and Wang, 2005; 
129 

Kalnay et al., 1996), NCEP/DOE (Department of Energy) (Singh, Sharma and Juyal, 
130 

2018; Kanamitsu et al., 2002), the Japanese 55-year Reanalysis (JRA-55) (Kayaba et al., 
131 

2016; Kobayashi et al., 2015; Ebita et al., 2011), the National Aeronautics and Space 
132 

Administration (NASA) reanalysis product, The Modern-Era Retrospective analysis 
133 

for Research and Applications (MERRA) (Hamal et al., 2020; Reichle et al., 2017; 
134 

Rienecker et al., 2011), the European Centre for Medium-Range Weather Forecasts 
135 

(ECMWF) produced European Environment Agency Interim (ERA-Interim) 
136 

(Abdollahi et al., 2022; Zolina et al., 2017; Balsamo et al., 2015; Dee et al., 2011), ERA40 
137 

(Ghajarnia et al., 2020; Liu et al., 2018; Uppala et al., 2005), and ERA5 (Cantoni et al., 
138 

2022; Hersbach et al., 2020). McClean et al. (2021) conducted an evaluation of 
139 

reanalysis datasets, including ERA-5, MERRA-2, CFSR, and JRA-55, for past floods in 
140 

Northern England. Their findings indicated that the accuracy of these products varied 
141 
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geographically, with no single product consistently performing the best across all 
142 

studied basins. 
143 

Wanzala et al. (2022) evaluated the four rainfall reanalysis datasets (ERA-5, ERA-
144 

Interim, CFSR, and JRA55) on various temporal scale, i.e., daily, monthly, seasonal, 
145 

and yearly, over Kenya for the period 1981–2016 and simulated the streams flow. 
146 

Lindsay et al. (2014) evaluated seven reanalysis products for the data scarce region 
147 

(the Arctic region) and reported CFSR, MERRA, and ERA-Interim most consistent 
148 

with the observed. When compared to independent sounding observations over the 
149 

Tibetan Plateau, Bao and Zhang's (2013) research on the performance of the NCEP-
150 

NCAR, NCEP-CFSR, ERA-Interim, and ERA-40 reanalysis datasets revealed that 
151 

ERA-Interim and CFSR have less root-mean-square (RMS) error and bias. Ma et al. 
152 

(2008) used reanalysis air temperature data from NCEP-1, 2, and ERA-40 for 
153 

comparison with observational data over China and discovered that ERA-40 data is 
154 

superior to NCEP-1 or 2.  
155 

             Kite et al. (2000) have used various methods for estimating actual ET and 
156 

transpiration based on satellite data, hydrological models, and field data. They 
157 

reported that the satellite and FAO-24 methods have the highest variability compared 
158 

to the models and the field methods, which showed more closeness. There are freely 
159 

available multi-source satellite products, which are necessary to be evaluated for 
160 

varied geographical areas in different applications. Hence, we aimed to evaluate the 
161 

performance of three multi-source satellite products (runoff, ET, and PET) at monthly, 
162 

seasonal, and annual time scales with the hydrological model (SWAT) for the entire 
163 

basin and at the calibration site and to identify which products are more reliable and 
164 

more consistent for the study site.  
165 

2. Materials and methods 
166 

2.1. Description of the study area 
167 

 The Palar River Basin (PRB), originating from Nandi Hills, which is a part of 
168 

the Eastern Dharwar Craton present in Karnataka state, passes through parts of 
169 

Andhra Pradesh and flows to meet the Bay of Bengal (BoB) at Kancheepuram district 
170 

of Tamilnadu (Fig. 1). The river's total length is about 348 kilometres; of that, 93 
171 
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kilometres flow in Karnataka, 33 kilometres within Andhra Pradesh, and 222 
172 

kilometres via Tamil Nadu. The major land use/land cover (LULC) in the basin is 
173 

occupied by agricultural activity (about 90%) and forest (5%) (Mithas et al., 2009). For 
174 

the year 2020, the major land use class remained agricultural land, followed by forest, 
175 

savannah, grassland, and settlement (Appendix -I). Alluvial soil is the predominant 
176 

soil class present in the basin. The region falls under the tropical climatic zone, with 
177 

an average annual precipitation of 875 mm (Water Plan-Palar River Basin, 1994). The 
178 

area coverage of the basin is 17,818 km2. For the basin, 44 meteorological stations are 
179 

taken into account in a grid format. Nine reservoirs are included in the model input 
180 

for the basin. The slope of the basin ranges from 0° to about 60°, but the maximum 
181 

area (94.3%) falls under a 0° to 15° (very gentle) slope. High slopes were observed only 
182 

in hilly areas of Karnataka. The north-east monsoon season in India, from October to 
183 

December, is characterised by the highest intensity of rainfall, which is often 
184 

associated with heavy rainfall caused by cyclonic depressions and storms that often 
185 

occur in the BoB. The south-west monsoon of India (June to September) contributes to 
186 

mild precipitation. The Palar River Basin (PRB) is estimated to have an average annual 
187 

discharge of around 54.6 m3/s (Palar report, 2015, NWM).  
188 

 
189 

 The geomorphology of the basin is denoted by colluvial fill, valley fill, alluvial 
190 

plains and paleo-channels, flood plains, and residual and structural hills, parts of 
191 

which have complex faults and folded regions (Ramasamy et al., 2011). The alluvial 
192 

plains are near the river channel as well as many paleo-channels (Resmi et al., 2016, 
193 

2017). In a dendritic and rectangular layout, the drainage network is constructed. 
194 

(Resmi and Achyuthan, 2019).  
195 

Fig. 1 The location map of the study region with meteorological stations, reservoirs, 196 

outlet, and calibration point of the PRB. 197 

Appendix -I: LULC statistics of the basin 198 

 
199 

2.2 Datasets 
200 
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 The work utilized the Shuttle Radar Topography Mission (SRTM) digital 
201 

elevation model (DEM) of 30 m to generate stream channels, river networks, 
202 

watersheds, Hydrologic Response Unit (HRU) parameters, and sub-basins. The 
203 

MODIS Land Cover Product Type MCD12Q1 (1,500 m) was used as LULC map input 
204 

to create HRUs for defining the curve number (CN) (Sulla-Menashe & Friedl, 2018). 
205 

For soil properties, the Food and Agricultural Organization (FAO) of the United 
206 

Nations Harmonized World Soil Database (HWSD) version 1.2, a 30 arc-second raster 
207 

database (Fisher et al., 2008), was utilised in the research. The SWAT model requires 
208 

daily or monthly hydro-meteorological data; thus, the ERA5 reanalysis dataset (0.25° 
209 

resolution) is used to derive daily precipitation (mm) and daily min and max 
210 

temperature (°C) data (Hersbach et al., 2020). The observed daily stream flow data of 
211 

Chengalpattu station was acquired from the Central Water Commission (CWC), 
212 

Government of India, and used for calibration and validation of the model (Table 1).  
213 

Table 1 Description of spatial datasets used for the PRB 
214 

2.3 Hydrological modelling approach (SWAT) 
215 

2.3.1 Water Balance 
216 

 The SWAT was used to estimate the water balance equation (1): 
217 

SWt = SW0 + Ʃit=1 (Rday – Qsurf– Ea – Wseep – Qgw).    (1) 
218 

Where for daily time scale t, SWt is the final soil water content in the soil (mm), SW0 
219 

is moisture present in the soil at the initial stage (mm), Rday is rainfall on the day I in 
220 

mm, Qsurf represents the estimate of surface runoff occurred per day (mm), Ea stands 
221 

for the total daily ET represent in mm, Wseep represent the estimate of water 
222 

percolating from the soil to the vadose zone per day (mm), and Qgw  represents daily 
223 

return flow amount in the unit ‘mm’.(Neitsch et al., 2005). 
224 

2.3.2 Water yield estimation 
225 

 Water yield is the estimate of water flowing into the mainstream channel from 
226 

the HRU (Neitsch et al., 2005). An HRU represents a distinct area within a watershed 
227 

characterised by the identical land use, soil type, and characteristics of slope. It is a 
228 
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key unit in hydrological modelling. The water yield signifies surface and shallow 
229 

aquifer conditions with negligible influence from deep groundwater. It quantifies 
230 

water yield using the following eqn. (2): 
231 

 Water yield = SURQ + LATQ + GWQ – TLOSS – Pond abstraction   (2) 
232 

Where, SURQ is the surface runoff that contributes to stream flow (mm); LATQ 
233 

(mm) is the lateral flow that contributes to stream flow; GWQ is the water contributed 
234 

from the shallow aquifer to stream flow (mm); and TLOSS (mm) is the total loss of 
235 

water from the stream channel by transmission through the stream bed (Neitsch et al., 
236 

2005). 
237 

 
238 

2.3.3 Surface Runoff 
239 

The surface runoff occurs due to the filling of the pore space available in the 
240 

soil above its holding capacity by precipitation (Gavrilescu, 2021). The SWAT used the 
241 

Green and Ampt infiltration method, and the soil conservation system (SCS) to 
242 

estimate surface runoff. The Green and Ampt infiltration method used precipitation 
243 

data to estimate the rate of infiltration based on the metric potential of the wetting 
244 

front and hydraulic conductivity. The SCS curve number method calculates surface 
245 

runoff by interlinking rainfall-runoff relationships with respect to different soil and 
246 

land uses and previous soil moisture conditions (Baiamonte, 2019; Neitsch et al., 2009). 
247 

SCS curve number-based runoff estimation using equation (3):  
248 

Qsurf = (Rday - Ia)2/(Rday – Ia +S)                                                                               (3) 
249 

Where Qsurf denotes the runoff accumulated (mm), Rday is the daily precipitation (mm), 
250 

and S represents the retention parameter (mm). 
251 

2.3.4 Evapotranspiration (ET) estimation 
252 

 The ET estimation process is carried out in the SWAT model by analysing the 
253 

amount of water move from earth surface to atmosphere by evaporation and 
254 

transpiration taking place by the vegetation cover separately. The actual ET 
255 

calculation procedure of the SWAT model involves evaporating any precipitation 
256 
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interrupted by the plant canopy, followed by the maximum amount of transpiration 
257 

and soil evaporation computed using a similar approach suggested by Ritchie (1972). 
258 

It analyses the ideal conditions for water evaporation from the soil. The evaporative 
259 

demand that segregates among the distinct soil layers and actual ET for HRU is 
260 

decreased by the evaporative demand that is not utilised by a soil layer. The actual 
261 

transpiration is then estimated, which is a function of potential transpiration and soil 
262 

water availability and is directly associated with the leaf area index that is linked to 
263 

the plant's developmental stage (Ferreira et al., 2021; Neitsch et al., 2011). The 
264 

Hargreaves method is implemented for ET and PET estimation because it requires 
265 

only one input variable, air temperature (Althoff et al., 2019). 
266 

 
267 

2.3.5 Potential Evapotranspiration (PET) estimation 
268 

          PET estimation can be represented as the rate of ET caused by available energy 
269 

within a system (Ritchie, 1972). For PET estimation, the Hargreaves method was 
270 

employed due to its accuracy in energy balance calculation using only precipitation 
271 

and temperature data, which is less complex than other methods (Ferreira et al., 2021; 
272 

Chen et al., 2020; Kannan et al., 2008; Wang et al., 2006; Oudin et al., 2005). 
273 

Hargreaves method equation (4) expression is as follows: 
274 

λE0 = 0.0023×H0×(Tmax − Tmin)0.5×(Tmean + 17.8)      (4) 
275 

where λ denotes latent heat of vaporisation (MJ kg−1), E0 represents the potential 
276 

evapotranspiration (mm day−1), H0  implies extra-terrestrial radiation (MJ m−2 day−1), 
277 

Tmax and Tmin denote the maximum and minimum air temperatures for a given day 
278 

(◦C), and Tmean represents the mean air temperatures for a given day (◦C) (Hargreaves 
279 

et al., 1985). 
280 

2.4 Calibration and uncertainty analysis 
281 

 The SUFI-2 algorithm was applied for SWAT calibration (Abbaspour et al., 
282 

2015), and sensitive parameters were evaluated through t-stat and p-value. The 
283 

significance of the sensitivity analysis was denoted by p-value (<0.05), where a p-
284 

value close to zero denotes the significance of the parameters (Moriasi et al., 2015; 
285 
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Arnold et al., 2012). The exact match of simulated and observed values is represented 
286 

by a p-factor of 1 and an r-factor of zero (Tang et al., 2012). The model was calibrated 
287 

for the period 2003 to 2009 and validated from 2011 to 2013 based on the availability 
288 

of gauge observation records.  
289 

2.5 Satellite-based estimations (runoff, ET and PET) 
290 

  The FLDAS Global model ET data resolution 9.6 km (0.1° x 0.1°) data sets 291 

(NASA Land Information System, LIS) derived runoff data used for comparison. 292 

Furthermore, a comparative analysis was performed between the modelled ETs and 293 

the MODIS SSEBop monthly global ET data with 1000 m (1/96°) resolution and 294 

TerraClimate ET data with 4000 m (1/24°) resolution. For comparative evaluation of 295 

satellite observation and SWAT simulated PET, ERA5 reanalysis of Hargreaves PET 296 

data with 24-km (0.25° x 0.25°) spatial resolution, TerraClimate PET data with 4000 m 297 

(1/24°) resolution, and MERRA2 PET data with 50-km (0.5° x 0.625°) resolution were 298 

used (Table 2). The temperature and precipitation anomalies for the entire PRB region 299 

were analysed using the ERA5 data.  300 

      The study utilised freely available TerraClimate global gridded datasets obtained 301 

from Climate Engine, including monthly climate and climatic water balance variables 302 

such as runoff, ET, and PET. These data sets were generated by implementing various 303 

models and WorldClim climatology data, MODIS-derived topographic features, land 304 

surface temperature, cloud cover, Climate Research Unit (CRU) time series data, and 305 

the Japanese 55-year Reanalysis (JRA-55) data sets.  Using a modified Thornthwaite-306 

Mather climatic water-balance model that incorporates inputs for precipitation, ET, 307 

soil moisture, and snowmelt, the publicly available TerraClimate runoff data was 308 

created. In order to estimate the precipitation phase, the model adopts an empirical 309 

temperature-based approach and permits some of the monthly precipitation and 310 

snowmelt to contribute as direct runoff. The Penman-Montieth approach was 311 

implemented for evapotranspiration estimation. Hourly and bi-hourly temperature of 312 

FLUXNET stations, wind velocity, humidity, and solar radiation observations were 313 

utilized for inter-annual ET estimation. Potential evapotranspiration is estimated from 314 
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ET using the energy balance approach. These data sets are freely available and 315 

downloaded for the study from Climate Engine. Abatzoglou et al. (2018) described the 316 

data generation process in brief. 317 

The FLDAS uses a multi-model approach (Variable Infiltration Capacity, VIC) 318 

and Noah Land Surface Model) to estimate surface runoff. It uses the African Rainfall 319 

Estimation version 2.0 (RFE2) and The Climate Hazards Group's Infrared 320 

Precipitation with Stations (CHIRPS) precipitation data sets, NASA's Modern Era 321 

Reanalysis for Research and Applications version 2 (MERRA-2), and NOAA's Global 322 

Data Assimilation System (GDAS) data. ET in VIC and Noah was estimated 323 

considering the sum of bare soil evaporation, canopy-intercepted evaporation, and 324 

vegetation-canopy transpiration with reference to land cover. The Penman-Monteith 325 

approach is used in FLDAS for ET and PET estimation. The MOD16 ET datasets are 326 

estimated using climate data and remotely acquired vegetation data (Mu et al., 2011). 327 

The ET algorithm is based on the Penman-Monteith equation (Monteith, 1965). The 328 

MOD16 global ET and PET datasets are accesible at 8-day, monthly, and yearly 329 

intervals. The Hargreaves method was used to generate the ERA5 reanalysis PET 330 

using ERA5 reanalysis data sets. 331 

MERRA2 incorporates hyper-spectral radiation, microwaves, and aerosols as 332 

well as a large volume of satellite data. The Catchment Land Surface Model is used in 333 

MERRA2, and it includes calculations for land evaporation as part of the surface 334 

energy balance (Koster et al., 2000). The Goddard Earth Sciences Data and Information 335 

Service Center (DISC) provide hourly data with a 0.625 × 0.5° spatial resolution. All 336 

the satellite data used for comparison are open-source datasets downloaded from the climate 337 

engine. SWAT model was executed using ERA5 reanalysis rainfall and temperature data, 338 

which were also obtained from Climate Engine. Additionally, the SWAT model estimated 339 

Evapotranspiration (ET) and Potential Evapotranspiration (PET) using the Hargreaves method. 340 

The detailed methodology is described in Fig. 2. For the comparative analysis, 341 

satellite-observed water yield data is not available for the study region. 342 

Fig. 2 the detailed methodology used in the quantitative estimation of water balance 
343 
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components in the PRB using the SWAT model and multi-satellite data. 
344 

Table 2 Description of spatial datasets used for comparative analysis at the PRB 345 

2.6. Performance evaluation 
346 

            The SWAT performance was evaluated using station discharge data. The model 
347 

was calibrated and validated by using the statistical performance measures coefficient 
348 

of determination (R2), Nash-Sutcliffe efficiency (NSE), and Percent Bias (PBIAS). The 
349 

PBIAS signifies a higher or lower variation of simulation compared to measured data 
350 

(Moriasi et al., 2007). R2 indicates the relationship between measured and simulated 
351 

data, while NSE assesses their agreement on a 1:1 plot. PBIAS aids in evaluating 
352 

variations between dry and wet years (Gupta et al., 1999). NSE quantifies the relative 
353 

magnitude of noise (Nash and Sutcliffe, 1970). Whereas PBIAS highlights whether the 
354 

simulation exhibits greater or lesser variability compared to the measured data 
355 

(Moriasi et al., 2007). 
356 

The model performance equations (5 & 6) are as follows:  
357 

NSE =1-[
∑ (𝑌𝑖

𝑜𝑏𝑠−𝑌𝑖
𝑠𝑖𝑚)

2
𝑛
𝑖=1

∑ (𝑌𝑖
𝑜𝑏𝑠−𝑌𝑚𝑒𝑎𝑛)

2𝑛
𝑖=1

]                                                                                                  (5) 
358 

PBIAS = [
∑ (𝑌𝑖

𝑜𝑏𝑠−𝑌𝑖
𝑠𝑖𝑚)∗(100)𝑛

𝑖=1 

∑ (𝑌𝑖
𝑜𝑏𝑠)𝑛

𝑖=1

]                                                                                            (6) 
359 

Where𝑌𝑖
𝑜𝑏𝑠 denotes the ith observation,𝑌𝑖

𝑠𝑖𝑚 Stands for the value of the ith simulation, 
360 

𝑌𝑚𝑒𝑎𝑛 represents the mean value of observed data, and n represents the count of 
361 

observations for the component being assessed. 
362 

The acceptable range is NSE (0.0 to 1.0), R2 greater than 0.5, and PBIAS near 0 (Moriasi 
363 

et al., 2007). 
364 

             The ET and PET estimated with the Hargreaves method (SWAT) were 
365 

compared with the estimations based on the satellite-based ET and PET. The 
366 

TerraClimate (for surface runoff, ET, and PET), FLDAS (for surface runoff and ET), 
367 

MODIS (ET), ERA-5, and MERRA-2 (PET) were used for analysis. Monthly, seasonal, 
368 

and annual time series analysis was performed at the basin and the calibration site i.e., 
369 

Chengalpattu. 
370 
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3. Result and Discussion 
371 

3.1. Model performance (SWAT) 
372 

  For PRB, the sensitive parameters were considered for the model calibration 373 

namely: Groundwater delay (days) (GW_DELAY), SCS runoff curve number (CN2), 374 

Average slope length (SLSUBBSN), Depth from the soil surface to bottom of layer 375 

(SOL_Z), Reservoir surface area when the reservoir is filled to the principal spillway 376 

(RES_PSA), Initial reservoir volume (RES_VOL), Volume of water needed to fill the 377 

reservoir to the principal spillway (RES_PVOL), Base flow alpha factor (days) 378 

(ALPHA_BF), and Average slope steepness (HRU_SLP). The GW delay and CN2 were 379 

the most sensitive parameters mentioned in Table 3 for Chengalpattu.  380 

 During the calibration period (2003–2009), the model demonstrated satisfactory 
381 

to good performance, as indicated by several key statistical metrics (Moriasi et al., 
382 

2007). These indications show how closely the model's simulated discharge matches 
383 

actual discharge data (Moriasi et al., 2015). The p-factor, with a value of 0.55, indicates 
384 

that the model's predicted flow closely aligns with the observed flow. The r-factor 
385 

measures the relative volume error, and a value of 0.50 signifies that the model's 
386 

predictions are relatively close to the observed data in terms of volume. R2 is a widely 
387 

used statistic to assess the goodness of fit between the model's predictions and 
388 

observed data. A value of 0.71 indicates a reasonably strong correlation between the 
389 

two datasets. NSE assesses the relative magnitude of the residual variance compared 
390 

to the observed data. With an NSE of 0.69, the model's performance is considered 
391 

satisfactory, as values closer to 1 indicate a better fit. Percent Bias (PBIAS) measures 
392 

the average tendency of the model's predictions. A value of 19.1 suggests a slight 
393 

underestimation by the model during the calibration period. In the subsequent 
394 

validation period, the model's performance was assessed using similar statistical 
395 

metrics. During validation, the p-factor slightly decreased to 0.47, indicating that the 
396 

model's predictions still align reasonably well with the observed flow, although to a 
397 

slightly lesser degree than in the calibration period. The r-factor for validation stands 
398 

at 0.52, indicating that the relative volume error remains favourable during this 
399 

period, though it has seen a slight increase. The R2 value of 0.65 during validation 
400 
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signifies a good correlation between the model's predictions and observed data, 
401 

though it's slightly lower than the calibration period. The NSE of 0.63 indicates that 
402 

the model continues to provide reasonably satisfactory results during the validation 
403 

period. Here, the PBIAS shows a negative value of -27.5, indicating an overall 
404 

overestimation by the model during the validation period. The validation period was 
405 

limited to three years (2011-2013) due to the lack of continuous observed data. This 
406 

data gap during the validation period could potentially contribute to overestimation 
407 

issues. Fig. 3 represent the calibration and validation results. Overall, these statistical 
408 

results during calibration and validation were deemed satisfactory, supporting the 
409 

model's potential for further applications (Kumar et al., 2022). 
410 

 The study area is a region of water scarcity. Accordingly, many dams, check 
411 

dams, and reservoirs were constructed in the area to ensure drinking and irrigation 
412 

water. These constructions have largely affected the hydrology, and the water is 
413 

diverted towards Chennai from the Palar Anicut. The Kolar Gold Field and Bharath 
414 

Earth Movers Limited depend on the water transferred from the PRB (Palar Report, 
415 

2015, NWM). Since these factors have affected the flow of the river, the model run was 
416 

in an ideal condition, and it cannot replicate the exact water distribution of the basin, 
417 

which is a major limitation in the study area. Hence, the model showed satisfactory to 
418 

good performance without considering these factors due to the non-availability of the 
419 

data sets. The limitations of the study are related to the availability of data, as reservoir 
420 

and lake time series data are not available. Dam data, such as capacity, etc., were 
421 

collected from reports published by the National Register of Large Dams (NRLD) 
422 

(Status 1/2018).  
423 

Table 3 Description of sensitive parameters for the PRB. 
424 

Table 4 SWAT calibration and validation results.  
425 

Fig. 3 The model performance evaluation of the SWAT model depicts the model's 426 

efficiency as satisfactory to good during the calibration (2003–2009) and validation 427 

(2011–2013) periods. 428 

3.2. Variation of Precipitation and Temperature 
429 
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The spatio-temporal pattern in the average monthly time series of rainfall and 430 

temperature (maximum and minimum) distribution was analysed to study the 431 

monthly precipitation and temperature variation of the Palar river basin. For the 432 

monthly spatio-temporal variation study, the 45 grid points from the ERA5 reanalysis 433 

of rainfall and temperature data were analysed. 434 

Appendix- II The monthly variation of temperature and precipitation of PRB.  435 

Based on the data presented in Appendix-II, it can be concluded that over the 436 

past four decades, the average monthly temperatures peak in March, April, and May, 437 

reaching 33.2°C, 34.93°C, and 35.35°C, respectively, marking the Indian summer 438 

season. The temperature declines during the southwest (SW) monsoon period in India 439 

and is lowest during the northeast (NE) monsoon, due to heavy rainfall in the study 440 

area. During the months of January to April, the average rainfall remains notably low. 441 

Subsequently, there is a progressive increase in rainfall during the SW monsoon 442 

season, with the highest rainfall occurring during the NE monsoon and cyclone 443 

events. From 1984 to 2021, the average maximum daily temperature in the basin was 444 

39.3°C, while the average daily temperature dropped to 12.5°C. Existing literature 445 

supports the observation that the period from January to May experiences dry 446 

conditions, with the southwest monsoon bringing moderate rainfall while the NE 447 

monsoon significantly contributes to precipitation levels in this region (Nigam et al., 448 

2021; Narayanan and Venugopal, 2021; Balathandayutham and Valliammai, 2017). 449 

Appendix- III The spatial distribution of temperature of PRB. 450 

For the entire basin, there is not much fluctuation in temperature. The upper 451 

part of the river, which is the hilly region, shows a comparatively lower temperature 452 

than the coastal area; the temperature can be seen in a gradually ascending order from 453 

the hilly region to the coastal region, which is from the west to east side of the basin. 454 

In the summer months (March, April, and May), the coastal meteorological effect and 455 

the ocean breeze cause a slight decrease in temperature in the area situated near the 456 

Coromandel Coast. In the month of March, the temperature in high-altitude areas rose 457 

up to 26 °C, and an increasing pattern in temperature can be seen towards the coast, 458 

which reached 28.5 °C in the low-altitude area, but in the coastal region the 459 
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temperature was about 27.8 °C, as with the increasing distance from the sea, the 460 

temperature also increases. Due to coastal meteorological effects, this situation of 461 

decreasing temperatures by 1 to 2 °C in the coastal area occurs only during the 462 

summer. The spatial temperature variation is shown in Appendix III. 463 

Appendix- IV The spatial distribution of precipitation over the PRB. 464 

Within the basin, precipitation exhibits significant spatiotemporal variation and dual 
465 

spatial characteristic patterns. From January to May, the precipitation is very low for 
466 

the whole region. The months of January and February show little rain near the 
467 

Coromandel Coast. March, April, and May months show precipitation only in the area 
468 

with the highest elevation (Jawadhu Hills) of the basin. The arrival of the southwest 
469 

monsoon causes rainfall in the upper part of the basin, while the coastal area does not 
470 

show any rainfall because of the movement of the monsoon parallel to the 
471 

Coromandel Coast. Again, August and September show rainfall in the confined high-
472 

altitude region. The northeast monsoon (October to December) causes rainfall only in 
473 

the coastal area. The basin shows dual rainfall in significant seasons as parts of it get 
474 

rainfall during the SW monsoon while the coastal region is devoid of rainfall. And 
475 

while the coastal region shows high precipitation during the northeast monsoon, the 
476 

central and upper basin regions do not experience rainfall (Appendix-IV) (Varikoden 
477 

and Reji, 2022). During the monsoon, the weighted average maximum and minimum 
478 

rainfall in the basin are 1,395 and 460 mm, respectively (Water Plan—Palar River 
479 

Basin, 1994). The effect of the rain shadow region caused by the mountains creates 
480 

such dual precipitation trends within the basin. 
481 

Appendix- V The coefficient of variation monthly precipitation and the long-term 482 

average monthly precipitation over the PRB. 483 

 
484 

         The coefficient of variation (CV) is highest during the month of February, which 
485 

contributes to the minimum rainfall in the basin, and lowest during the NE monsoon 
486 

period. The CV with the long-term average monthly precipitation over the PRB region 
487 

is presented in Appendix V. 
488 

3.3. Temporal variation of water yield (SWAT)  
489 
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  The time series water yield was estimated using the SWAT model and it 490 

showed a very limited variation in maxima and minima (Fig. 4a). From 2003 to 2021, 491 

the highest water yield was observed in December 2014 (116.9 mm), the minimum 492 

water yield was observed in the year 2020 and a continuous decreasing trend was 493 

observed from January to April. The total average annual water yield for the entire 494 

basin was 99.4 mm. 495 

  The monthly water yield was in an increasing trend from January to December, 496 

and the yearly fluctuation showed an increasing pattern in water yield from 2003 to 497 

2021 (Fig. 4b). The monthly variability showed a similarity with the rainfall pattern 498 

for the study area, which is higher for the NE monsoon season. From the analysis of 499 

monthly water yield and the monthly rainfall pattern, we found that the water yield 500 

and rainfall were the highest during the north-east monsoon period (October to 501 

December in Tamil Nadu), causing a maximum rainfall in the study area (Nigam et 502 

al., 2021; Narayanan and Venugopal, 2021; Balathandayutham and Valliammai, 2017). 503 

The post-monsoon month of January showed a relatively high water yield, while a 504 

very low water yield was observed from February to August. It was observed that the 505 

maximum value of water yield was obtained in the NE monsoon season (October-506 

December), however, the pre-monsoon season generally becomes drier. The analysis 507 

of Fig. 4c showed that the maximum annual water yield was reported for the year 508 

2010, with the average annual of 99.4 mm.  509 

The primary hydrological source for the Palar basin is seasonal rainfall. 510 

Peninsular India has no snowmelt or glacial input, therefore the basin's hydrological 511 

patterns are mostly influenced by seasonal rainfall and fluctuating cyclonic events. 512 

The water yield of the basin is solely derived from these monsoon sources (Ramasamy 513 

& Varghese, 2018; Resmi et al., 2017). The fluctuation in water yield within the Palar 514 

basin can be attributed to the region's dynamic monsoon conditions, characterized by 515 

unpredictable patterns of cyclonic events. Additionally, human activities, such as river 516 

water usage, dam operations, water diversion, and storage, are closely dependent to 517 

climatic events and further contribute to the variability in water yield. 518 

Fig. 4 Time series of (a) water yield (mm/month), (b) monthly water yield, and (c) 
519 
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SWAT simulated annual water yield at the calibration station of the basin (2003–2021).  
520 

3.4. Analysis of multi-source satellite products versus SWAT  
521 

This section deals with the evaluation of multi-source satellite products based 
522 

hydrological components with the SWAT model-based hydrological component. 
523 

3.4.1. Surface runoff based on FLDAS and TerraClimate versus SWAT 
524 

For the PRB, the average monthly surface runoff estimated from SWAT, 
525 

TerraClimate, and FLDAS was 7.6 mm, 8.1 mm, and 9.2 mm, respectively, for the 
526 

period 2003 to 2021. The results showed that surface runoff ranged from near zero to 
527 

near 100 mm per month for the PRB (Fig. 5a). The range of time series surface runoff 
528 

for TerraClimate was 387.9 mm to 0.01 mm, and for FLDAS it was 166.3 mm to 0.3 
529 

mm, while the model showed a range of 100.3 mm to 0.01 mm for the entire basin. In 
530 

comparison to the average basin condition, very high time series runoff was observed 
531 

at the calibration point; the range for TerraClimate was 755 mm to 0.01 mm, 524.1 mm 
532 

to 0.01 mm for FLDAS, and 87.4 mm to 0.01 mm for SWAT simulation (Fig. 5b). The 
533 

surface runoff from satellite observations overestimated the SWAT simulation. 
534 

 The minimum runoff was close to zero for all the data sets as the river flow 
535 

fully depends on rainfall in the catchment area. The magnitude and runoff pattern of 
536 

all the data sets followed a similar pattern with notable differences in magnitude. With 
537 

its unique capacity to combine many models and data assimilation methods, FLDAS 
538 

excels at providing accurate runoff estimates in areas with scarce information. 
539 

Whereas TerraClimate employs a simpler empirical technique, which can result in a 
540 

loss of accuracy on a regional scale. Watershed hydrology is thoroughly explained 
541 

using SWAT's process-based approach. In terms of methodology and data sources, 
542 

these models differ from one another, which produces different runoff magnitudes. 
543 

The TerraClimate runoff prediction was the maximum compared to all the 
544 

datasets during November 2021 and October 2005 and the lowest compared to other 
545 

data during September 2007, November 2010, and November 2015. The model runoff 
546 

was highest during April 2005, December 2014, and November 2018. The year 2014 
547 
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was associated with the very severe cyclonic event of Hudhud, which made landfall 
548 

over Visakhapatnam, Andhra Pradesh (Das and DSouza, 2020; Chejarla et al., 2017; 
549 

Murty et al., 2016; Ramuje & Rao, 2015). Cyclone Pyarr in 2005 developed during the 
550 

SW monsoon season in India and caused heavy rainfall (Naseef & Kumar, 2020; 
551 

Vasantha et al., 2020; Kotal et al., 2008). In 2008, the eastern coast of India was hit by 
552 

cyclonic storm Nisha, which affected Andhra Pradesh and Tamil Nadu and caused 
553 

elevated runoff in late 2008 and early 2009 (Dutta, and Prasad, 2010; Balachandran, 
554 

and Geetha, 2014; Srivastava, et al., 2011). The year 2018 was associated with cyclone 
555 

Titli, which had high-speed wind and storm surge that flooded coastal areas due to 
556 

the heavy rainfall and killed many people (Roul et al., 2022; Nadimpalli et al., 2020; 
557 

Venkata Rao et al., 2020; Ponnurangam et al., 2019). 
558 

The modelled surface runoff for the calibration point was close to 100 mm 
559 

throughout the study period from 2003 to 2021. The study area is a dry region where 
560 

the runoff is generated until the soil reaches its saturation limit, and throughout the 
561 

period of a peak, the runoff is associated with cyclonic events during the northeast 
562 

monsoon period. The comparative analysis found that both TerraClimate and FLDAS 
563 

tended to overestimate or occasionally underestimate runoff compared to the model, 
564 

with FLDAS resulting in closer magnitudes. Some studies have reported similar 
565 

results (Ahamed et al., 2022; Degefu et al., 2022; Freitas, 2021). 
566 

 The SWAT simulation runoff is less than the average basin scenario at the 
567 

calibration point because of water diversion and storage in the upper part. The 
568 

satellite-observed TerraClimate and FLDAS produce runoff data with the help of a 
569 

modified Thornthwaite-Mather climatic water-balance model that takes into account 
570 

precipitation, evapotranspiration, soil moisture, and snowmelt input data. Since the 
571 

spatial resolution of these global data sets is high and there is a lack of dam, lake, and 
572 

water extraction data used in the global scale model, variations can be seen when the 
573 

model is applied to a water-scarce regional area. In this study, open-source data 
574 

specific to the region was utilized. We have used these specific satellite observations 
575 

as per the literature reviews which have shown the usefulness of these satellite 
576 

observations better for the Indian peninsular region (Kushwaha, et al., 2021). Also, 
577 
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there were no other low-resolution runoff datasets available for this particular 
578 

geographic area, these data sets were selected for the study. 
579 

 A moderate increase in runoff was evident due to the South-West 
580 

monsoon (June to September), as illustrated in Fig. 6(a). The maximum runoff was 
581 

observed during the NE-monsoon season (October-December), and the river was 
582 

almost dry during the pre-monsoon season. For the calibration station, the monthly 
583 

surface runoff was same as the average basin runoff pattern (Fig. 6b). The satellite 
584 

observations over-predicted the model. The runoff observed during the NE monsoon 
585 

season (October-December) is governed by the northeast monsoon on the Coromandel 
586 

Coast. 
587 

 From the comparative study of the annual surface runoff between the model 
588 

vs. FLDAS and Terra Climate, from 2003 to 2021, we observed that the surface runoff 
589 

value of all the data sets followed a similar magnitude and pattern for the basin. The 
590 

maximum yearly runoff for the whole basin was 41.1 mm, 19.6 mm, and 15.2 mm with 
591 

TerraClimate, FLDAS, and model, respectively, and the minimum runoff was 1.5 mm, 
592 

3.1 mm, and 0.8 mm for the respective data sets (Fig. 7a). The surface runoff derived 
593 

from FLDAS was closer to the model. At the calibration station, annual TerraClimate 
594 

runoff varied from 67.6 mm to 2.1 mm, FLDAS varied from 48.9 mm to 3.9 mm, and 
595 

11.2 mm to 0.2 mm for the model (Fig. 7b). The available open source high-resolution 
596 

datasets were primarily designed for large scale study, whereas the calibration point 
597 

represents a small, localized area near the coast. In the upper region, factors like water 
598 

utilization, dams, and check dams exert control over runoff, resulting in a notable 
599 

reduction in flow within the lower basin. This reduction is a critical consideration 
600 

often overlooked in open-source high-resolution datasets, which typically exclude the 
601 

influence of human interventions. Given the substantial human impact on the lower 
602 

basin's flow dynamics, freely accessible high-resolution data, which usually do not 
603 

account for such factors, may not provide an accurate depiction of the regions reduced 
604 

flow dynamics. The surface runoff from satellite observations were over-estimated 
605 

compared to the model. For the calibration point, the magnitude and trend of FLDAS 
606 

datasets showed a similar pattern to modelled surface runoff. As the monthly time 
607 
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series observation result stated that for the calibration station, the annual surface 
608 

runoff also showed over-prediction in both the FLDAS and TerraClimate data. 
609 

Fig.5(a) Comparison of monthly runoff from SWAT and freely accessible remote 
610 

sensing data sets over the entire basin, (b) at the calibration station. 
611 

Fig. 6(a) Comparison of the SWAT simulated monthly runoff with freely accessible 
612 

remote sensing data-sets over the entire basin, and (b) at the calibration station. 
613 

Fig. 7(a) Comparison of the SWAT simulated time series plot of runoff with freely 
614 

accessible remote sensing data sets over the entire basin, and (b) at the calibration 
615 

station. 
616 

         The observation leads to the conclusion that, because of their broader spatial 
617 

scale, TerraClimate and FLDAS data can provide more accuracy for a larger area. 
618 

FLDAS can be used in an unmodified or unregulated watershed for the Indian 
619 

scenario for the regional study, but it cannot replace the use of gauge station observed 
620 

data. Trambauer et al. (2014) reported an underestimation of evaporative fluxes by 
621 

many global hydrological model data sets, which results in stream flow 
622 

overestimation in Africa; such overestimation of TerraClimate is seen in the Indian 
623 

peninsular region in the study. 
624 

3.4.2. PET calculated (satellite data) and SWAT  
625 

   The time series maximum PET of MERRA2 varied from 207.3 mm to 82.4 mm 626 

with an average of 146.3 mm. The range of TerraClimate data (PET) varied from 131.8 627 

mm to 64.9 mm, with an average of 97.6 mm per month. For the ERA5 and model 628 

result, the maximum values were 178.7 mm and 189.1 mm, and the minimum values 629 

were 76.0 mm and 90.9 mm, with an average of 133.2 mm and 131.8 mm, respectively, 630 

for the basin. The PET from ERA5 was closer to the model. The TerraClimate is under-631 

predicted, and MERRA2 is over-predicted with a similar magnitude and pattern (Fig. 632 

8a). Different approaches and input data for MERRA-2, TerraClimate, ERA5, and 633 

SWAT are used to estimate PET (Ansari, et al., 2022). Other data sets, however, used 634 

the Penman-Monteith technique and a variety of inputs, as detailed in Section 2.5. For 635 
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PET estimates in ERA5 and SWAT, the Hargreaves approach is utilized with ERA5 636 

reanalysis input data. As a consequence, the results are closely matched. 637 

The monthly PET for the basin and calibration station did not have much 638 

variation. The MERRA2 PET varied between 207.9 mm to 78.0 mm with an average of 639 

145.3 mm; the PET of TerraClimate varied between 136.6 mm to 66.5 mm with an 640 

average of 101.6 mm, and the ERA5 and model PET ranged between 190.1 mm to 78.2 641 

mm (an average 140.9 mm) and 189.1 mm to 90.2 mm (an average 131.9 mm) 642 

respectively. Under prediction of TerraClimate and over-prediction of MERRA2 were 643 

observed throughout the study period (2003–2021) (Fig. 8b).  644 

 The summer months of the basin showed a higher PET value, and before the 
645 

arrival of the southwest monsoon, the PET started to decline, as a drastic fall in PET 
646 

was observed from May to June, which was 24.7 mm, 14.9 mm, 24.5 mm, and 34.6 mm 
647 

for MERRA2, TerraClimate, ERA5, and model, respectively. The decreasing pattern 
648 

continued from July to November (154.0 mm, 101.1 mm, 139.2 mm, and 124.4 mm in 
649 

July to 103.0 mm, 73.1 mm, 97.1 mm, and 101.7 mm, in November, respectively, for 
650 

MERRA2, TerraClimate, ERA5, and model). From November to December, the lowest 
651 

PET was estimated, and it started increasing in January (127.2 mm, 75.53 mm, 114.9 
652 

mm, 120.9 mm, respectively for MERRA2, TerraClimate, ERA5, and model ) to 
653 

February (145.1 mm, 92.6 mm, 127.4 mm, 129.7 mm respectively for MERRA2, 
654 

TerraClimate, ERA5, and model ) and a drastic increase was observed when summer 
655 

approached from February to March (190.1 mm, 113.7 mm, 162.0 mm, 167.2 mm, 
656 

respectively for MERRA2, TerraClimate, ERA5, and model) (Fig. 9a). The monthly PET 
657 

from ERA5 was closer to the model. The monthly pattern of PET at the calibration 
658 

station was a closer match to the basin PET scenario. There was no relevant change 
659 

observed between the whole basin and calibration station observations (Fig. 9b). 
660 

 The annual variation of PET from 2003 to 2021 showed an almost constant 
661 

pattern for all the data sets except MERRA2, which showed a slightly decreasing 
662 

pattern for the study period. The ERA5 Hargreaves PET results matched well with the 
663 

model PET with ERA5 temperature and rainfall input. The ERA5 and model PET 
664 
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showed similarities, and TerraClimate under predicted and MERRA2 slightly over-
665 

predicted for the entire study period (Fig. 10a). The calibration station showed an over 
666 

prediction of ERA5, MERRA2, and under-prediction of TerraClimate data (Fig. 10b). 
667 

            Similarities between the ERA5 and model PET were found, and over the entire 
668 

study period, TerraClimate underpredicted and MERRA2 slightly overpredicted. 
669 

Based on the literature, many researchers implemented ERA5 and MERRA2-derived 
670 

PET (Nouri and Homaee, 2022; Scherrer et al., 2022; Dahri et al., 2021; Ochege et al., 
671 

2021).   
672 

 Weiland et al. (2012) did a comparative study to select the best method to 
673 

estimate daily global PET by applying CFSR reanalysis data in the hydrological 
674 

model. Srivastava et al. (2013) used ECMWF ERA-Interim data and NCEP data to 
675 

estimate the PET. ERA5 and MERRA2 data sets were used for PET estimation (Nouri 
676 

and Homaee, 2022; Scherrer et al., 2022; Dahri et al., 2021; Ochege et al., 2021). 
677 

Trambauer et al. (2014) did a comparative study between the PET estimated by the 
678 

ECMWF reanalysis datasets, ERA-Land and ERA-Interim, and satellite-based 
679 

products GLEAM and MOD16 with a continental version of the global hydrological 
680 

model PCR-GLOBWB. This study also reported that the majority of continental or 
681 

global scale hydrological models underestimate evaporative fluxes, while the land-
682 

surface models reported overestimation. The ERA5 reanalysis PET data best 
683 

represented the PRB area of peninsular India. 
684 

Fig. 8(a) Comparison of the SWAT simulated time series plot of PET with freely 685 

accessible remote sensing data sets over the entire basin, and (b) at the calibration 686 

station.  687 

Fig.9 (a) Comparison of the monthly PET from SWAT simulation and freely accessible 
688 remote sensing data sets over the entire basin, and (b) at the calibration station.  
689 

Fig. 10(a) Describe the comparison of the annual time series plot of Potential 
690 Evapotranspiration of SWAT simulated with freely accessible remote sensing data sets 
691 over the entire basin(1984-2021), and (b) at the calibration station(1984-2021). 
692 

3.4.3 ET calculated (satellite data) and SWAT 
693 

 Remote sensing also has certain limitations, such as poor temporal resolution, 
694 
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global algorithms for data retrieval, and signal interference during the time of 
695 

acquisition that affects the data quality (Zhang and Kimball, 2016). In this study, 
696 

Terra climate, FLDAS, and MODIS ET on a time series basis were compared with 
697 

model ET for the period 2003–2021. The TerraClimate ET was at its maximum during 
698 

September 2009 (137.872 mm) and minimum in February 2017 (1.004 mm), with an 
699 

average for the total study period of 70.8 mm. The maximum FLDAS ET was 148.77 
700 

mm (September 2010); the minimum was 10.68 mm (April 2014), with an average of 
701 

83.15 mm. The maximum MODIS ET was 134.95 mm (May 2012), the minimum was 
702 

15.41 mm (February 2015), and the average was 73.25 mm. The model ET ranged from 
703 

a maximum of 130.80 mm (May 2005) to a minimum of 9.7 mm (February 2011), with 
704 

an average of 59.93 mm. All the data sets showed similar magnitudes and an 
705 

increasing or decreasing pattern throughout the study period. All the data sets 
706 

showed ET overestimation; the MODIS data sets had the closest match with model ET 
707 

for the study period (Fig. 11a). 
708 

  The ET value at the calibration station was higher than the average basin ET 709 

(Fig.11b). The MODIS ET at the calibration station varied between 164mm and 710 

15.33mm, the FLDAS ET ranged from 152.64mm to 9.79mm, the TerraClimate ET 711 

varied between a maximum of 172.96mm and a minimum of 1.36mm, and the model 712 

showed 144.31mm maximum and 8.84mm minimum for the entire study period 713 

(2003–2021). 714 

 A comparison of a long-term average monthly ET was done from 2003 to 2021 
715 

among the modelled ET and remote sensing acquired Terra Climate, FLDAS, and 
716 

MODIS data sets. The average monthly ET was highest from July to October for all the 
717 

data sets. FLDAS showed a constant high ET value during November and December, 
718 

however, the ET pattern decreased for other data sets during this period. The months 
719 

of January, February, March, and April showed less evapotranspiration for all the 
720 

simulated and remote sensing data sets (Fig.12a). Both the calibration station and 
721 

average basin ET value matched closely and followed a similar increasing and 
722 

decreasing pattern for the months. The MODIS data set was a closer match with the 
723 

model monthly ET (Fig.12b). 
724 
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 The yearly ET takes place from 2003 to 2021, and the calculated result for the 
725 

study showed a similar magnitude and pattern for all the data sets and SWAT 
726 

observed results for the whole basin as well as for the calibration station, as shown in 
727 

Fig.13a and Fig.13b. All the data sets over predict the ET than the SWAT simulated 
728 

result. Remotely detected ET data has been utilised in many studies around the globe 
729 

to enhance flood forecasting, discharge simulation, and agricultural yield simulation 
730 

(Zhang et al., 2016). Few uncertainties appear because of a fragmentary vegetative 
731 

cowl, model falsifications, coverage, and inputs (Dile et al., 2020).  
732 

The acquisition method, spatial scale, and input data used in the SWAT simulation 733 

and ET from satellite observation were different. Due to the research area's 734 

predominance in agriculture, SWAT's simulated ET exhibited a greater portrayal of 735 

the agricultural season. The SWAT-generated ET was best matched by the MODIS, 736 

followed by the FLDAS. The difference between MODIS and SWAT simulated ET 737 

could be caused by acquisition technique, as MODIS ET was estimated considering 738 

climatic conditions and remote sensing-derived vegetation cover data but did not take 739 

into account land use, slope, and soil characteristics.  740 

             The regional model simulated ET compared with freely available global data 
741 

sets and reported the fluctuation of the global data set with respect to the regional 
742 

model (Filgueiras et al., 2022). ET was reported as the most uncertain flux of water 
743 

balance and variation of the global and regional observed data sets seen in these 
744 

studies. So, to minimise model simulation error, the remote sensing ET should pass 
745 

through fastidious evaluation and comparison with other available sources before 
746 

being implemented in water resource estimation (Ahamed et al., 2022). The 
747 

TerraClimate reported satisfactory performance for the hydrological components 
748 

analysis (Wiwoho and Astuti, 2022; Abatzoglou et al., 2018). McNally et al, (2016) 
749 

reported high accuracy of FLDAS surface runoff and ET with the field observation in 
750 

severe drought hit Ethiopia and Southern Africa. Pervez et al, (2016) reported good 
751 

correlations between FLDAS with Operational Simplified Surface Energy Balance 
752 

(SSEBop) ET over East and Southern Africa. Many studies reported the usability of 
753 

FLDAS for hydrological components (Li et al., 2020; McNally et al. (2016) reported 
754 
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high accuracy of FLDAS surface runoff and ET with field observation in severe 
755 

drought-hit Ethiopia and southern Africa. Pervez et al. (2016) reported good 
756 

correlations between FLDAS and Operational Simplified Surface Energy Balance 
757 

(SSEBop) ET over East and Southern Africa. Many studies have reported the usability 
758 

of FLDAS for hydrological components (Li et al., 2020; McNally et al., 2019). MODIS 
759 

ET has been implemented in many research works for local-scale hydrological studies 
760 

(Parajuli et al., 2022; Jiang et al., 2022; Lu et al., 2022; He et al., 2019; Zhang et al., 2019; 
761 

Abiodun et al., 2018).  
762 

Fig.11(a) comparison of the time series plot of the evapotranspiration of the SWAT 763 

simulation with freely accessible remote sensing data sets over the entire basin, and 764 

(b) at the calibration station. 765 

 Fig.12(a) The comparison of the monthly plot of Evapotraspirtion of SWAT simulated 766 

and freely accessible remote sensing data-sets over the entire basin, and (b) at the 767 

calibration station. 768 

Fig.13(a) The comparison of the annual time series plot of Evapotraspirtion of SWAT 
769 simulation with freely accessible remote sensing data-sets over the entire basin,  and 
770 (b) at the calibration station(2003–2021).   
771 

4. Total water balance components 
772 

 The SWAT model for the entire basin estimated a long-term average annual 
773 

rainfall value of 830.3 mm for the simulation period of 1984 to 2021. The region is 
774 

situated in a tropical climatic zone, so the region is devoid of snowfall, which is seen 
775 

in model simulation, as snowfall, snow melt, and sublimation are zero in SWAT 
776 

output. The basin is occupied by four major aquifer systems, such as the basement 
777 

gneissic complex, gneiss, charnockite, and alluvium. The water percolation in lateral 
778 

soil is 3.20 mm, for the shallow aquifer 6.07mm, and 1.31mm for the deep aquifer 
779 

regions. The evaporation from the shallow aquifer was 21.19 mm. The total aquifer 
780 

recharge was 26.61mm. Water percolation out of the soil was 26.69 mm.  
781 

               For this study, ERA-5 reanalysis datasets were taken into consideration because of 782 

their better performance in comparison to other available reanalysis products in the 783 

Indian region (Mahto and Mishra, 2019). According to recent research, the ERA5 784 

rainfall data was the most accurate when choosing rainfall input for the SWAT model 785 
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in humid regions (Ougahi and Mahmood, 2022; Mohammadi and Sharafi, 2022). Tarek 786 

et al. (2020) reported that the performance of hydrological models based on ERA5 is 787 

equivalent to the use of observational data for the majority of North America. Many 788 

studies have evaluated the performance of ERA-5 global reanalysis, ET, and PET. 789 

Wang et al. (2022) found that ERA5 performed better than other gridded PET datasets 790 

at the watershed scale, with a higher NSE and a lower PBIAS. According to Pelosi et 791 

al. (2020), ERA5 reanalysis can successfully substitute the absence of observed weather 792 

parameters for the regional estimation of ET. The ERA5 PET was estimated using the 793 

Hargreaves method, and the SWAT model simulated for ET and PET using the same 794 

algorithm for the study. Our scope of the study was to analyse various open-source 795 

satellite products on a regional scale (non-perennial basin scale) for the peninsular 796 

Indian region. Among the evaluated products for the peninsular Indian region, 797 

FLDAS surface runoff, ERA5 PET, and MODIS ET are found to be the most accurate 798 

satellite datasets for capturing the area's environmental characteristics. The seasonal 799 

representation of the basin shows similarities in water yield and surface runoff in all 800 

the data sets. The runoff and water yield are at their maximum during the NE 801 

monsoon season (Fig. 14.a). The seasonal ET of the basin is greatest in the summer 802 

(April-June), and the PET is highest in both the SW and NE seasons (Fig. 14.b).  803 

Pandi et al. (2022) estimated the ET in the Chittar catchment in Tamil Nadu, 
804 

India, and discovered that it was highest in the months of January to March and lowest 
805 

in the months of June to September, with the help of the SWAT model. They further 
806 

suggested that rainwater harvesting structures may help in mitigating floods and 
807 

droughts in the catchment. The monthly runoff for the Koyna river basin in 
808 

Maharashtra, India, was estimated, and the result concluded that water balance and 
809 

water yield information aid in sustainable water resources management at the basin-
810 

level scale (Landage and Keshari, 2022). Sao et al. (2020) used the SWAT model to 
811 

determine the annual mean water yield and different components of the water balance 
812 

(including annual average evapotranspiration, groundwater flow, surface runoff, and 
813 

lateral flow) in the Pursat River Basin of Cambodia, which is distinguished by a 
814 

tropical monsoon climate and forested terrain. They found that the annual average 
815 
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water yield and other elements of the water balance could be most accurately 
816 

estimated using the NSE and RSR objective functions. Kumar et al. (2018) applied the 
817 

SWAT model and future LULC and reported that the hydrological change in a basin 
818 

was not correlated with LULC change for the Tons River, Madhya Pradesh, India. 
819 

Gupta et al. (2020) applied the SWAT model and trend analysis method for the upper 
820 

Sabarmati River basin in India and observed a significant decreasing trend in runoff, 
821 

PET, and ET due to the decreasing trend of precipitation. Kumar et al. (2022) 
822 

implemented the SWAT model, along with CMIP6 climate projection and satellite 
823 

altimetry data, to analyze the Himalayan River Basin and warned about high-
824 

frequency elevated flow events of short duration.  Visakh et al. (2019) implemented 
825 

the SWAT model to estimate the components of the long-term water balance for the 
826 

Mahanadi, Brahmani-Baitarani, Hooghly River, and other minor river basins in 
827 

eastern India. Significant inter-annual fluctuations in evapotranspiration and surface 
828 

runoff fractions were observed due to the variability in rainfall. A literature study of 
829 

the SWAT model states that the base flow simulation can be modified with a coupled 
830 

model with SWAT (Yuan and Forshay, 2021) or by considering recession 
831 

characteristics (Lee et al., 2018). 
832 

5. Conclusions 
833 

 The proposed approach can be beneficial for poorly gauged and un-gauged 
834 

basins for prediction and evaluation of model output with reanalysis data. The SWAT 
835 

model calibration and validation statistical measures showed satisfactory model 
836 

performance. The novelty of the study lies in the utility of multi-source satellite 
837 

observations for the estimation of the hydrologic components and their comparison 
838 

with the hydrologic model output for a peninsular river basin where the majority of 
839 

the rain is received during the northeast monsoon. The SWAT model was selected to 
840 

capture the surface hydrology and quantified the water yield, surface runoff, ET, and 
841 

PET for the entire basin. Water yield and surface runoff hydrologic variables were 
842 

well matched to the monthly rainfall trend (northeast monsoon) in the basin. The 
843 

maximum PET was observed during the summer period, and higher ET was observed 
844 

during both the monsoon periods (northeast and southwest monsoons). For the study 
845 
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period, the total average annual water yield for the entire basin was reported as 99.44 
846 

mm. The TerraClimate showed over-prediction for certain times during the study, 
847 

while FLDAS and model results were close to the total basin scenario. Both the FLDAS 
848 

and TerraClimate had over-predicted at the calibration station. The area receives 
849 

majority of rainfall during the north-east monsoon hence, the runoff was maximum 
850 

during the season. The PET did not show much variation with regard to the basin and 
851 

the calibration point. The Hargreaves PET for the model and ERA5 showed a good 
852 

resemblance for the study period (1984 to 2021). In comparison to the model, 
853 

TerraClimate under-predicted and MERRA2 over-predicted with comparable 
854 

magnitude and pattern. Hence, this study outlined the importance of the freely 
855 

accessible multi-source satellite products for the data scarce region and aid in 
856 

planning and management of the water resources of similar types of basins. 
857 

           The study recommends further water management studies in the upper palar 
858 

region, future hydro climatic condition prediction, and a better base flow management 
859 

study (as from the SWAT simulation result, it is observed that it lacks base flow 
860 

prediction). Future research should be done while taking the base flow of each sub-
861 

basin into account.  
862 
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List of Tables 
1421 

Table 1: Description of spatial datasets used for the PRB. 1422 

S. 

no 

Spatial Data Description Source 

1 Digital 

Elevation 

Model (DEM) 

 

30 m×30 m grid DEM for 

delineation the 

watershed and analyze 

the drainage patterns of 

the terrain 

Shuttle Radar Topography Mission 

(SRTM) of USGS 

(http://srtm.csi.cgiar.org/) 

2 Land use and 

land cover 

(LULC) 

Type1 at 500m resolution MODIS Land Cover- Product 

MCD12Q1 

 (LP DAAC - MCD12Q1 (usgs.gov) 

3 Soil data 

 

 

The soil data has been 

obtained from FAO 

FAO (Food and Agricultural 

Organization of the United 

Nations)(http://www.fao.org/soil

s-portal/soil-survey/soil-maps-

anddatabases/en/, n.d.) 

4 Weather data ERA5 reanalysis dataset 

at 0.25° spatial resolution 

used 

https://www.ecmwf.int/en/foreca

sts/datasets/reanalysis-

datasets/era5 

5 Hydrological 

data 

 

Hydrological data 

(Discharge) 

Gauge data at Chengalpattu  gauge 

Station from Central Water 

Commission (CWC) Ministry of 

Water Resources, Government of 

India 

 1423 

 1424 

Table 2: Description of spatial datasets used for comparative analysis at the PRB 1425 
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1 

 

 

 

 

 

 

 

Evapotran

spiration 

(ET) data 

 

 

 

 

 

 

 

MOD16 global ET 

 

 

TerraClimate ET 

NET) Land Data Assimilation 

System) 

https://ldas.gsfc.nasa.gov/flda

s# 

 

https://modis.gsfc.nasa.gov/da

ta/dataprod/mod16.php 

 

https://www.climatologylab.or

g/terraclimate.html 

 

 

 

2 

 

 

 

Potential 

Evapotran

spiration 

(PET) data 

ERA5 Reanalysis 

Hargreaves PET 

 

 

TerraClimate PET 

 

 

MERRA2 PET 

https://www.ecmwf.int/en/for

ecasts/datasets/reanalysis-

datasets/era5 

 

https://www.climatologylab.or

g/terraclimate.html 

 

https://gmao.gsfc.nasa.gov/rea

nalysis/MERRA-

2/data_access/ 

 

3 

 

 

Surface 

runoff data 

FLDAS 

 

 

 

 

TerraClimate 

FLDAS (Famine Early Warning 

Systems Network (FEWS 

NET) Land Data Assimilation 

System)  

 

https://www.climatologylab.or

g/terraclimate.html 

 1426 

 1427 

                         Table 3: Description of sensitive parameters for the PRB. 1428 

Parameter 
Name 

Description Rank 
t-Stat 

P-
Value 

Fitted 
Value 

New 
minimum 

New 
Maximum 
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V__GW_DEL

AY.gw 

Groundwater 

delay (days). 
1 

2.16 0.6 17.23 

16.68 17.78 

r__CN2.mgt 

runoff curve 

number 
2 

-7.77 0.0 -0.1 

-0.156 -0.04 

V__SLSUBBS

N.hru 

Average slope 

length. 
3 

0.76 0.46 149.62 

149.3 149.95 

r__SOL_Z(..).

sol 

Depth from soil 

surface to 

bottom of layer. 
4 

-0.61 0.55 0.12 

 

0.03 

 

0.21 

V__RES_PSA.

res 

Reservoir 

surface area 

when the 

reservoir is 

filled to the 

principal 

spillway. 
5 

-2.33 0.04 233.75 

 

 

 

216.18 

 

 

251.32 

V__RES_VOL

.res 

Initial reservoir 

volume. 
6 

0.26 0.79 83.75 

66.09 101.4 

V__RES_PVO

L.res 

Volume of 

water needed to 

fill the reservoir 

to the principal 

spillway. 
7 

-1.64 0.13 2987.5 

2733.59 3241.41 

V__ALPHA_

BF.gw 

Baseflow alpha 

factor (days) 
8 

0.53 0.61 0.04 

0.02 0.06 

r__HRU_SLP.

hru 

Average slope 

steepness 
9 

1.02 0.33 -0.27 

-0.41 -0.13 

 1429 

 1430 

Table 4: SWAT calibration and validation result 1431 

Process p-factor r-factor R2 NSE PBIAS 

calibration 0.55 0.50 0.71 0.69 19.1 

validation 0.47 0.52 0.65 0.63 -27.5 

 1432 
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Fig. 1 The location map of the study region with meteorological stations, reservoirs, outlet and calibration point of the PRB. 
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Fig. 2 The detailed methodology used in the quantitative estimation of water balance components in the PRB using the SWAT model and 

multi-satellite data. 
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Fig. 3 The model performance evaluation of the SWAT model depicts the model efficiency as satisfactory to good during the calibration (2003-
2009) and validation (2011-2013) period. 
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4(a) 

 
 
4(b) 

 
 
4(c) 

 

Fig. 4 Time series of (a) water yield (mm/month), (b) monthly water yield, and (c) SWAT simulated annual water yield at the calibration 
station of the basin (2003–2021).  
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5(a) 

 

5(b) 

Fig.5(a) Comparison of monthly runoff from SWAT and freely accessible remote sensing data sets over the entire basin, (b) at the calibration 

station. 
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6(a) 
 

6(b) 

Fig. 6(a) Comparison of the SWAT simulated monthly runoff with freely accessible remote sensing data-sets over the entire basin, and (b) at the calibration 

station. 
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7(a) 
7(b) 

 Fig. 7(a) Comparison of the SWAT simulated time series plot of  runoff  with freely accessible  remote sensing data sets over the entire basin, and (b) at the 

calibration station. 
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8(a)  
 

 

8(b)  
 

Fig.8(a) Comparison of the SWAT simulated time series plot of  PET with freely accessible remote sensing data sets over the entire basin, and 

(b) at the calibration station.  
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9(a)  

 

9(b)  

Fig.9(a) Comparison of the monthly PET from SWAT simulation and freely accessible remote sensing data sets over the entire basin, and (b) at 

the calibration station.  
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10(a) 

 

 

10(b) 

Fig. 10(a) comparison of the annual time series plot of Potential Evapotranspiration of SWAT simulated with freely accessible remote sensing 
data sets over the entire basin and (b) at the calibration station  
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11(a) 

 

11(b) 

Fig.11(a)  comparison of the time series plot of the evapotranspirtion of SWAT simulation with freely accessible remote sensing data sets over 
the entire basin, and (b) at the calibration station 
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12(a)  

 

 
 
12(b) 

 

Fig.12(a) The comparison of the monthly plot of Evapotraspirtion of SWAT simulated and freely accessible remote sensing data-sets over the 
entire basin, and (b) at the calibration station. 
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13(a)  
13(b) 

Fig.13(a) The comparison of the annual time series plot of Evapotraspirtion of SWAT simulation with freely accessible remote sensing data-
sets over the entire basin,  and (b) at the calibration station(2003–2021).   
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14(a) 

 
14(b) 

 

Fig.14(a) representation of long –term average seasonal water yield, surface runoff, Evapotraspirtion and Potential Evapotraspirtion for the 
basin. 
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Highlights 

• TerraClimate, FLDAS, MODIS, ERA5, & MERRA2 (PET) used for analysis 

• Multi-satellite data were evaluated for poorly gauged river using SWAT 

• Monthly, seasonal, & annual analysis was performed at basin & Chengalpattu 

• Total average annual water yield for the entire basin was reported  

• FLDAS & TerraClimate over predicted monthly surface runoff at Chengalpattu 
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