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Abstract River discharge, one of the most informative hydrologic variables for 
different applications such as water resources management, flood forecasting, and 
long-term change studies in the water cycle, is measured only across a few stations, 
however. The measurement and maintenance of river discharge data at in situ hydro-
logical observations (HO) stations are challenging due to the cost involved and 
the accessibility. Hence, studies often rely on remote sensing methods, particularly 
satellite data, as a complementary source for estimating river discharge. Interest in 
space-based observation for remote sensing of river discharge has gained momentum 
recently due to continuous availability and open access of multiple satellites such 
as optical, microwave, and altimetry at various spatial and temporal scales globally. 
Surface Water and Ocean Topography satellite mission (SWOT), to be launched in 
2022, aims to estimate discharges in rivers wider than 100 m directly. This study 
aims to assess the applicability of the SWOT mission to estimate the discharge of 
Gopalkheda station in the Tapi river basins, a tropical basin in India, using SWOT-
like data. In situ, HO station data and satellite data are used in a SWOT Simulator 
along with multiple river discharge estimating algorithms used by SWOT satellite to 
derive the discharge series. The results are compared with the in situ river discharge 
to assess the performance of SWOT-derived river discharge. 
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1 Introduction 

River discharge has a significant role in water resources management; thus, under-
standing river discharge is advantageous for mitigating and controlling floods, 
drought, etc. Discharge estimation using satellite data is a complicated process due to 
numerous limitations like temporal and spatial resolution of satellites, type of satel-
lites available, and accuracy of the satellite images [1, 2]. Based on the literature, the 
global discharge database information has been regularly downsizing throughout the 
last few years. This issue leads to understanding the importance of remote sensing 
techniques and applications in measuring rivers’ height, width, and slope [3–6]. 
Recently, remote sensing and GIS techniques have been widely used to estimate 
river discharge through calibration in situ observation data [7–9]. Various studies 
have been conducted to estimate the discharge using satellite and remote sensing 
data products in the last few decades [2, 3, 9–18]. The river discharge through satel-
lite products data is estimated by measuring its different hydraulic components, such 
as river width, depth, or velocity either solely or jointly [19–21]. The Surface Water 
and Ocean Topography (SWOT) satellite mission planned to be launched in 2022 can 
estimate discharge by simultaneously measuring water surface elevation, river width 
and slope, using a temporally and spatially continuous Ka-band radar interferom-
eter [22, 23]. SWOT is the first such satellite devoted to terrestrial hydrology, which 
was developed by the National Aeronautics and Space Administration (NASA) and 
French: Centre National D’études Spatiales (CNES) with contributions from the 
Canadian Space Agency (CSA) and The United Kingdom Space Agency (UKSA) 
[24–31]. 

The SWOT mission satellite is designed to complete one earth cycle observation 
within 21 days at an altitude of 800–1000 km generating a large amount of data. This 
satellite carries a payload module containing a KaRIn radar interferometer to measure 
ocean water level, Jason class altimeter, DORIS antenna, microwave radiometer, X-
band antenna, laser reflector assembly, and GPS. Likewise, the SWOT mission can 
observe the ocean water level, estimate inland water bodies wider than 250 × 250 m 
with a target of 10,000 square metres, and discharge rivers more than 100 m wide 
[32, 33]. One of the most remarkable points of the SWOT is that it can accurately 
measure soil, snow, and vegetation layers with less penetration using KaRIn. KaRIn 
is the first satellite instrument to completely dissolve surface water bodies with high 
altitude accuracy [34, 35]. 

In order to investigate the capabilities of SWOT, identify applications, and develop 
algorithms to process the large output data, studies have been carried out by gener-
ating synthetic SWOT-like observations by corrupting the observed or modelled data 
with SWOT error characteristics [25, 36]. Using the CNES SWOT Hydrology Simu-
lator [34], proxy SWOT-like data are produced that account for additional measure-
ment error sources and produce outputs that are comparable to those expected from 
actual SWOT products. 

This paper attempts to evaluate the SWOT satellite’s performance with the obser-
vation data in one of India’s prominent rivers, the Tapi river basin. We use existing
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satellites and in situ observations data to supply inputs for SWOT Simulator to 
generate SWOT-like output data and compare with in situ observation. 

2 Study Area, Material, and Method 

2.1 Study Area 

Based on Central Water Commission (CWC), India has 20 river basins in which 
12 are prominent, and rest eight rest are composite and small basins. A seasonal 
tropical river basin with high intensity of rainfall and flood is located in central India 
called Tapi River Basin. Tapi River Basin has a 724 km length and 65,145 km2 

catchment area divided into upper Tapi river (Multai to Hathnur dam), middle Tapi 
river (Hathnur dam to Ukai dam), and lower Tapi river (Ukai dam to the Arabian 
Sea). Tapi river basin has three discharge gauge stations of which two located in the 
upper part of the basin, and the rest is in the middle part. In this study, the Gopalkheda 
gauge station is selected as in situ reference data. This station belongs to the branch 
of the Purnais river which located in the Akoal district of Maharashtra. The total 
average rainfall in this area is 704.7 mm [37]. Figure 1 shows the study area map. 

Fig. 1 Tapi River Basin—Study area
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2.2 In Situ Data Requirement 

The monsoon season in India generally peaks between July and October of every 
year. Our study focussed on these months and selected HO observations for each year 
from 2010 to 2017. Accordingly, we obtained discharge and water surface elevation 
data from India-WRIS (www.indiawris.gov.in) Website for the study area. 

2.3 Surface Water Extend from Satellite 

One of the inputs for the SWOT simulator is the river surface water extent at the study 
location. In order to obtain the water extent, we used images from multiple satellites 
such as the Sentinel-1 SAR satellite and Landsat-5, 7, 8 and Sentinel-2 Satellites. The 
images were processed to extract the surface water extent and converted to polygon 
shapefiles for use in SWOT Simulator. 

2.4 CNES SWOT Hydrology Simulator 

Amongst the inputs that the CNES SWOT hydrology simulator uses are radar param-
eters (power, bandwidth, baseline, thermal noise level, etc.), SWOT orbit, a land 
coverage map referred to as a water mask, and a digital elevation model (DEM). 

A simulator run begins with finding all ascending and descending orbits inter-
secting the area of interest and selecting the ones to use. In the next step, the simulator 
calculates the complex interferograms by taking into account the chosen orbit, the 
DEM, the land cover mask, the water topography, and the instrument characteristics. 
A complex output image reflects the magnitude of the backscattering of the surface 
(corrupted by speckle), and the phase reflects the topography of land and water (with 
thermal noise). 

It is possible to simulate various situations by changing parameters, like the 
backscattering model for each class (land, water, etc.), or by adding a wind field 
that will locally modulate water roughness and backscattering. In the next step, the 
simulator generates a “pixel cloud” product, a water mask associated with geolocated 
heights and uncertainties, in which the water pixels are demonstrated as a point cloud. 
Land pixels are mostly disposed of or discarded. 

We create the water extent at rivers using the polygon shapefile extracted from 
Satellite images. These shapefiles must contain attributes with water surface eleva-
tions input as “HEIGHT”, River flag (RIV_FLG) with 1 for the river and 0 for the 
lake [34]. Figure 2 illustrates the river network and river pixel cloud (river mask), 
which SWOT Simulator generated at Gopalkheda.

http://www.indiawris.gov.in
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Fig. 2 Generated river mask for Gopalkheda gauge station 

2.5 SWOT RiverObs Simulator 

The resulting pixel cloud of water surface heights is processed with a RiverObs 
package in the SWOT simulator, which uses a priori information of river centerline 
and node database spaced at ~200 m along the river centerline and reaches database 
computed by aggregating nodes to ~10 km. It uses an offline SWOT River Database 
(SWORD), which contains the river feature in shapefiles through its global and 
satellite-related database [38]. Generated nodes that have average water level and 
river with are shown in Fig. 3 at the Gopalkheda HO station of the study area.

2.6 Empirical Equation 

Discharge being a significant characteristic of the river, researchers have tried various 
methods to estimate discharge from satellite data products. [22, 39] used the stage-
rating curve and hydraulic manning equation to estimate river discharge from satellite 
data products. [20, 40, 41] used an empirical method in order to carry out river 
discharge from satellite data. Sichangi et al. [40] developed the manning’s equation 
form to derive discharge using satellite water level and river width with an assumption
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Fig. 3 Nodes generated from RiverObs at Gopalkheda gauge station

of the trapezoidal cross-section according to Eq. (1): 

q = aW D 
5 
3 + b (1) 

where a and b are constant, which can evaluate by calibration of in situ data, W is 
river width, q is the discharge, and D is water depth obtained from Eq. (2): 

D = H − h (2) 

H is water level height, and h is the zero flow water level. Huang et al. [41] expand 
the Eq. 1 for various cross-section areas shapes, which result is shown in Eq. (3): 

q = aW (H − h) 
5 
3 (3) 

where a is the constant ratio between roughness and slope and can estimate from the 
least square fitting using calibrated in situ data (Huang et al., 2018). 

For the present study, power-law fitting [42] as presented in Eqs. (4–6) is used in  
order to estimate discharge. 

h = aQb (4)
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W = cQd m (5)  

Wxh  = (a + c)Q(b+d) 

Wxh  = AQB (6) 

where W is river width, h is water depth, and Q is discharge. A and B are constant 
slope roughness ratios. 

3 Performance Evaluation 

Nush–Sutcliffe efficiency (NSE) coefficient, root mean square error (RMSE), and 
relative root mean square error (RRMSE) are used according to the following formula 
to evaluate the discharge estimation performance. 

NSE = 1 − 
(QObs − QEst)

2

(
QObs − QObs

)2 (7) 

RMSE =
/
(QObs − QEst)

2 

n 
(8) 

RRMSE = 
RMSE 

QObs 
× 100% (9) 

4 Results and Discussion 

SWOT satellite missions can simultaneously measure the water surface elevation 
(WSE) and river width (W), whilst other satellites do not have this ability. Conse-
quently, the SWOT simulator estimated the time series of water surface elevation 
and river width on the Gopalkheda gauge station of the Tapi river basin plot in Fig. 4.

In the present study, Eqs. (4 and 6), as illustrated in Figs. 5 and 6, are used, 
respectively, to derive the discharge from joint estimation using SWOT data products 
and solo estimation using in situ data water level for the Gopalkheda gauge station, 
as shown in Table 1.

Based on Eq. 6, the SWOT river width product and in situ water level are used 
to calculate discharge at the Gopalkheda gauge station. The result demonstrated 
a comparable estimated discharge value in comparison with actual discharge. On 
the other hand, Eq. 4 is used to estimate discharge from in situ water level data. 
This process has been done in order to check the accuracy of the river width and
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Fig. 4 River width and water surface elevation SWOT data
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Fig. 5 Discharge via width to the height power equation

performance of SWOT satellite data. Appropriately, estimated discharge is showing 
consistency, as shown in Figs. 5 and 6. 

Nush–Sutcliffe efficiency (NSE) coefficient, root mean square error (RMSE), and 
relative root mean square error (RRMSE) to calculate the performance of SWOT data 
products to estimate discharge using Eqs. 7, 8, and 9 are presented in Table 2.

Based on the NSE value, the result shows a consistency between the estimated 
discharge using SWOT data and in situ using Eq. 6. Figure 7 shows the estimated
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Fig. 6 Discharge via water level power equation

discharge using SWOT products and in situ observations. In addition, the RMSE in 
using SWOT satellite data shows improvement with respect to in situ data.

5 Conclusions 

Recently, satellite data products have been widely used in order to estimate discharge 
amongst the researchers. This research attempted to use SWOT satellite mission 
synthetic data products to evaluate the performance of this satellite mission, which 
will be launched in 2022. 

Although various methods to estimate river discharge from satellite data are used 
by many researchers, we used an empirical equation method to derive river discharge 
from the synthetic SWOT data products in the Gopalkheda gauge station in the Upper 
Tapi river basin. As shown in Fig. 7, the discharge is high during August, September, 
and October 2012, 2013, and 2015, which is the cause for the high value of RMSE 
by increasing the data time interval, this may decrease. NSE coefficient value for 
jointly used satellite river width and in situ water level express a good performance 
estimated value (0.94) near the ideal NSE value (1). Whilst for in situ data, NSE 
comes 0.94. Root mean square error indicates the improvement in the satellite data 
used compared with h solo in situ data. In order to obtain a temporally continuous 
estimate of water surface elevation using SWOT, it is recommended to input the 
height as a time series using Python wrapper to process the full time series through 
the CNES simulator quickly and efficiently [34]. The result of this study shows the 
applicability of SWOT satellite in Indian basin, promising to estimate river discharge 
reliably. The current study shall need to be scaled temporally and spatially to assess 
the performance of SWOT satellites data products in other basins of India.
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Table 2 Performance evaluation metrics 

Discharge 
estimate 
used 

n Qobs
∑

(Qobs − QEst)
2 ∑(

Qobs −Qobs
)2 

NSE RMSE (Cumecs)RRMSE (%) 

River 
width 
from 
SWOT 
data 

32 216.98 412,882.11 7,101,500.28 0.94 113.59 52.35 

Height 
from 
in situ 
data 

32 216.98 430,183.54 7,101,500.28 0.94 115.94 53.44
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References 

1. Aawar T, Khare D (2020) Assessment of climate change impacts on streamflow through hydro-
logical model using SWAT model: a case study of Afghanistan. Model Earth Syst Environ 
6(3):1427–1437. https://doi.org/10.1007/s40808-020-00759-0 

2. Duvvuri S (2018) Hydrological modelling of cooum river basin using gis and swat model. Dec 
306–311 

3. Tourian MJ, Schwatke C, Sneeuw N (2017) River discharge estimation at daily resolution from 
satellite altimetry over an entire river basin. J Hydrol 546:230–247. https://doi.org/10.1016/j. 
jhydrol.2017.01.009 

4. Maillard P, Bercher N, Calmant S (2015) New processing approaches on the retrieval of water 
levels in Envisat and SARAL radar altimetry over rivers: a case study of the São Francisco 
River, Brazil. Remote Sens Environ 156:226–241. https://doi.org/10.1016/j.rse.2014.09.027 

5. Sneeuw N et al (2014) Estimating runoff using hydro-geodetic approaches. Surv Geophys 
35(6):1333–1359. https://doi.org/10.1007/s10712-014-9300-4 

6. Santos da Silva J, Calmant S, Seyler F, Rotunno Filho OC, Cochonneau G, Mansur WJ (2010) 
Water levels in the Amazon basin derived from the ERS 2 and ENVISAT radar altimetry 
missions. Remote Sens Environ 114(10):2160–2181. https://doi.org/10.1016/j.rse.2010.04.020

https://doi.org/10.1007/s40808-020-00759-0
https://doi.org/10.1016/j.jhydrol.2017.01.009
https://doi.org/10.1016/j.jhydrol.2017.01.009
https://doi.org/10.1016/j.rse.2014.09.027
https://doi.org/10.1007/s10712-014-9300-4
https://doi.org/10.1016/j.rse.2010.04.020


Assessing the Performance of SWOT Simulator in Estimating River … 193

7. Smith LC, Isacks BL, Bloom AL, Murray AB (1996) Estimation of discharge from three 
braided rivers using synthetic aperture radar satellite imagery: potential application to ungaged 
basins. Water Resour Res 32(7):2021–2034. https://doi.org/10.1029/96WR00752 

8. Smith LC, Pavelsky TM (2008) Estimation of river discharge, propagation speed, and hydraulic 
geometry from space: Lena River, Siberia. Water Resour Res 44(3):1–11. https://doi.org/10. 
1029/2007WR006133 

9. Gleason CJ, Durand MT (2020) Remote sensing of river discharge: a review and a framing for 
the discipline. Remote Sens 12(7):1–28. https://doi.org/10.3390/rs12071107 

10. Anh DTL, Aires F (2019) River discharge estimation based on satellite water extent and topog-
raphy: an application over the Amazon. J Hydrometeorol 20(9):1851–1866. https://doi.org/10. 
1175/JHM-D-18-0206.1 

11. Aawar T, Khare D, Singh L (2019) Identification of the trend in precipitation and tempera-
ture over the Kabul River sub-basin: a case study of Afghanistan. Model Earth Syst Environ 
5(4):1377–1394. https://doi.org/10.1007/s40808-019-00597-9 

12. Submitted T (2001) Hydrological modelling for micro watersheds using swat model. 1648 
13. Tarpanelli A, Amarnath G, Brocca L, Massari C, Moramarco T (2017) Discharge estimation 

and forecasting by MODIS and altimetry data in Niger-Benue River. Remote Sens Environ 
195:96–106. https://doi.org/10.1016/j.rse.2017.04.015 

14. Zhu L, Suomalainen J, Liu J, Hyyppä J, Kaartinen H, Haggren H (2018) A Review: remote 
sensing sensors. Multi-purposeful Appl Geospatial Data. https://doi.org/10.5772/intechopen. 
71049 

15. Kebede MG et al (2020) Discharge estimates for ungauged rivers flowing over complex high-
mountainous regions based solely on remote sensing-derived datasets. Remote Sens 12(7). 
https://doi.org/10.3390/rs12071064 

16. Sichangi AW, Wang L, Hu Z (2018) Estimation of river discharge solely from remote-sensing 
derived data: an initial study over the Yangtze River. Remote Sens 10(9). https://doi.org/10. 
3390/rs10091385 

17. Junqueira AM, Mao F, Mendes TSG, Simões SJC, Balestieri JAP, Hannah DM (2021) Estima-
tion of river flow using CubeSats remote sensing. Sci Total Environ 788:147762. https://doi. 
org/10.1016/j.scitotenv.2021.147762 

18. Tarpanelli A et al (2013) Toward the estimation of river discharge variations using MODIS 
data in ungauged basins. Remote Sens Environ 136:47–55. https://doi.org/10.1016/j.rse.2013. 
04.010 

19. Alsdorf DE, Rodríguez E, Lettenmaier DP (2007) Measuring surface water from space. Rev 
Geophys 45(2):1–24. https://doi.org/10.1029/2006RG000197 

20. Bjerklie DM, Moller D, Smith LC, Dingman SL (2005) Estimating discharge in rivers using 
remotely sensed hydraulic information. J Hydrol 309(1–4):191–209. https://doi.org/10.1016/ 
j.jhydrol.2004.11.022 

21. Kouraev AV, Zakharova EA, Samain O, Mognard NM, Cazenave A (2004) Ob’ river discharge 
from TOPEX/Poseidon satellite altimetry (1992–2002). Remote Sens Environ 93(1–2):238– 
245. https://doi.org/10.1016/j.rse.2004.07.007 

22. Durand M, Fu LL, Lettenmaier DP, Alsdorf DE, Rodriguez E, Esteban-Fernandez D (2010) 
The surface water and ocean topography mission: observing terrestrial surface water and 
oceanic submesoscale eddies. Proc IEEE 98(5):766–779. https://doi.org/10.1109/JPROC.2010. 
2043031 

23. Pavelsky TM, Smith LC (2008) RivWidth: a software tool for the calculation of river widths 
from remotely sensed imagery. IEEE Geosci Remote Sens Lett 5(1):70–73. https://doi.org/10. 
1109/LGRS.2007.908305 

24. Yoon Y, Durand M, Merry CJ, Clark EA, Andreadis KM, Alsdorf DE (2012) Estimating 
river bathymetry from data assimilation of synthetic SWOT measurements. J Hydrol 464– 
465(2012):363–375. https://doi.org/10.1016/j.jhydrol.2012.07.028 

25. Domeneghetti A et al (2018) Characterizing water surface elevation under different flow condi-
tions for the upcoming SWOT mission. J Hydrol 561(April):848–861. https://doi.org/10.1016/ 
j.jhydrol.2018.04.046

https://doi.org/10.1029/96WR00752
https://doi.org/10.1029/2007WR006133
https://doi.org/10.1029/2007WR006133
https://doi.org/10.3390/rs12071107
https://doi.org/10.1175/JHM-D-18-0206.1
https://doi.org/10.1175/JHM-D-18-0206.1
https://doi.org/10.1007/s40808-019-00597-9
https://doi.org/10.1016/j.rse.2017.04.015
https://doi.org/10.5772/intechopen.71049
https://doi.org/10.5772/intechopen.71049
https://doi.org/10.3390/rs12071064
https://doi.org/10.3390/rs10091385
https://doi.org/10.3390/rs10091385
https://doi.org/10.1016/j.scitotenv.2021.147762
https://doi.org/10.1016/j.scitotenv.2021.147762
https://doi.org/10.1016/j.rse.2013.04.010
https://doi.org/10.1016/j.rse.2013.04.010
https://doi.org/10.1029/2006RG000197
https://doi.org/10.1016/j.jhydrol.2004.11.022
https://doi.org/10.1016/j.jhydrol.2004.11.022
https://doi.org/10.1016/j.rse.2004.07.007
https://doi.org/10.1109/JPROC.2010.2043031
https://doi.org/10.1109/JPROC.2010.2043031
https://doi.org/10.1109/LGRS.2007.908305
https://doi.org/10.1109/LGRS.2007.908305
https://doi.org/10.1016/j.jhydrol.2012.07.028
https://doi.org/10.1016/j.jhydrol.2018.04.046
https://doi.org/10.1016/j.jhydrol.2018.04.046


194 T. Aawar et al.

26. Durand PIM, Development and comprehensive validation of SWOT river discharge algorithms 
from AirSWOT, simulator, and field measurements 

27. Yang Y et al (2019) Enhancing SWOT discharge assimilation through spatiotemporal 
correlations. Remote Sens Environ 234(October). https://doi.org/10.1016/j.rse.2019.111450 

28. Yoon Y, Garambois PA, Paiva RCD, Durand M, Roux H, Beighley E (2016) Improved error 
estimates of a discharge algorithm for remotely sensed river measurements: test cases on 
Sacramento and Garonne Rivers. Water Resour Res 52(1):278–294. https://doi.org/10.1002/ 
2015WR017319 

29. Domeneghetti A et al (2018) Characterizing water surface elevation under different flow condi-
tions for the upcoming SWOT mission. J Hydrol 561:848–861. https://doi.org/10.1016/j.jhy 
drol.2018.04.046 

30. Garambois P, Roux H, Monnier J (2015) Retrieving river discharge from SWOT-like data 
time-series : a sample of rivers types 17(0):15838 

31. Oubanas H et al (2018) Discharge estimation in ungauged basins through variational data 
assimilation: the potential of the SWOT mission. Water Resour Res 54(3):2405–2423. https:// 
doi.org/10.1002/2017WR021735 

32. Biancamaria S, Lettenmaier DP, Pavelsky TM (2016) The SWOT mission and its capabilities 
for land hydrology. Surv Geophys 37(2):307–337. https://doi.org/10.1007/s10712-015-9346-y 

33. Desai S (2018) Surface water and Ocean topography mission project science requirements 
document. Jet Propuls Lab 

34. Elmer NJ, Hain C, Hossain F, Desroches D, Pottier C (2020) Generating proxy SWOT water 
surface elevations using WRF-hydro and the CNES SWOT hydrology simulator. Water Resour 
Res 56(8):1–31. https://doi.org/10.1029/2020WR027464 

35. Biancamaria S et al (2017) Satellite radar altimetry water elevations performance over a 200 m 
wide river: evaluation over the garonne river. Adv Sp Res 59(1):128–146. https://doi.org/10. 
1016/j.asr.2016.10.008 

36. Bonnema M, Hossain F (2019) Assessing the potential of the surface water and ocean 
topography mission for reservoir monitoring in the mekong river basin. Water Resour Res 
55(1):444–461. https://doi.org/10.1029/2018WR023743 

37. CWC (2014) Water year book 2012—2013-Tapi Basin 
38. Altenau EH, Pavelsky TM, Durand MT, Yang X, de Frasson MRP, Bendezu L (2021) The 

surface water and Ocean topography (SWOT) Mission river database (SWORD): a global river 
network for satellite data products. Water Resour Res 57(7):1–15. https://doi.org/10.1029/202 
1WR030054 

39. Leon JG et al (2006) Rating curves and estimation of average water depth at the upper Negro 
River based on satellite altimeter data and modeled discharges. J Hydrol 328(3–4):481–496. 
https://doi.org/10.1016/j.jhydrol.2005.12.006 

40. Sichangi AW et al (2016) Estimating continental river basin discharges using multiple remote 
sensing data sets. Remote Sens Environ 179:36–53. https://doi.org/10.1016/j.rse.2016.03.019 

41. Huang Q et al (2018) Discharge estimation in high-mountain regions with improved methods 
using multisource remote sensing: a case study of the upper Brahmaputra river. Remote Sens 
Environ 219(October):115–134. https://doi.org/10.1016/j.rse.2018.10.008 

42. Leopold LB, Maddock TJ (1953) The hydraulic geometry of stream channels and some 
physiographic implications (USGS Numbered Series No. 252). Prof Pap U.S. Gov Print Off 
Washington, D.C., p 57, [Online]. Available: https://doi.org/10.3133/pp252

https://doi.org/10.1016/j.rse.2019.111450
https://doi.org/10.1002/2015WR017319
https://doi.org/10.1002/2015WR017319
https://doi.org/10.1016/j.jhydrol.2018.04.046
https://doi.org/10.1016/j.jhydrol.2018.04.046
https://doi.org/10.1002/2017WR021735
https://doi.org/10.1002/2017WR021735
https://doi.org/10.1007/s10712-015-9346-y
https://doi.org/10.1029/2020WR027464
https://doi.org/10.1016/j.asr.2016.10.008
https://doi.org/10.1016/j.asr.2016.10.008
https://doi.org/10.1029/2018WR023743
https://doi.org/10.1029/2021WR030054
https://doi.org/10.1029/2021WR030054
https://doi.org/10.1016/j.jhydrol.2005.12.006
https://doi.org/10.1016/j.rse.2016.03.019
https://doi.org/10.1016/j.rse.2018.10.008
https://doi.org/10.3133/pp252

	 Assessing the Performance of SWOT Simulator in Estimating River Discharge of a Tropical Basin
	1 Introduction
	2 Study Area, Material, and Method
	2.1 Study Area
	2.2 In Situ Data Requirement
	2.3 Surface Water Extend from Satellite
	2.4 CNES SWOT Hydrology Simulator
	2.5 SWOT RiverObs Simulator
	2.6 Empirical Equation

	3 Performance Evaluation
	4 Results and Discussion
	5 Conclusions
	References


