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Abstract 

River water levels and river discharge are key hydrological variables for flood risk assessment, 

water resource management, drought monitoring and climate change research. However, in-situ 

river measurements are lacking, and globally many rivers remain ungauged. Satellite altimetry 

offers an alternative approach to water surface measurement by providing river observations from 

space. The Surface Water and Ocean Topography (SWOT) satellite mission, launched in 2022, 

shows a major step forward in this matter, providing spatial coverage of accurate global river water 

levels and discharge estimates. This Master thesis compares the accuracy of river water surface 

elevation (WSE) and discharge measurements from the SWOT satellite mission for gauges on five 

major Polish rivers (Vistula, Oder, Warta, Bug and Narew). Accuracy is evaluated using Root Mean 

Square (RMSE), WRMSE (Weighted Root Mean Square Error) and Spearman correlation against 

in-situ gauge data for WSE and using RMSE and Spearman correlation for discharge. Water level 

measurements from SWOT are also compared with measurements from DAHITI altimetry 

database. Final results show that bias-corrected SWOT measurements achieve high accuracy for 

both water level and discharge with median WRMSE = 0.3 m for water level and median R = 0.94 

for river discharge. Nevertheless, measurements of both water level and discharge contain outliers 

and biases that have to be taken into consideration. Due to limited temporal resolution, SWOT 

measurements cannot replace in-situ gauge data, but the spatial coverage of SWOT data offers 

potential for further studies, especially on narrower, ungauged rivers. 

Abstrakt 

Poziomy wód i przepływy rzeczne stanowią kluczowe zmienne hydrologiczne wykorzystywane w 

ocenie ryzyka powodziowego, zarządzaniu zasobami wodnymi, monitorowaniu suszy oraz 

badaniach nad zmianami klimatu. Jednak tradycyjne pomiary rzeczne są niewystarczające, a 

globalnie wiele rzek nie posiada stacji pomiarowych. Altymetria satelitarna oferuje alternatywne 

podejście do pomiaru poziomu wody, umożliwiając obserwacje rzek z kosmosu. Misja satelitarna 

Surface Water and Ocean Topography (SWOT), rozpoczęta w 2022 roku, stanowi znaczący krok 

naprzód w tej dziedzinie, zapewniając przestrzenne pokrycie dokładnymi, globalnymi danymi o 

poziomach wód rzecznych i szacunkowych przepływach. Niniejsza praca magisterska porównuje 

dokładność pomiarów rzędnej zwierciadła wody (WSE) oraz przepływów rzek uzyskanych z misji 

satelitarnej SWOT z danymi z posterunków wodowskazowych na pięciu głównych rzekach 

polskich (Wisła, Odra, Warta, Bug i Narew). Dokładność oceniana jest przy użyciu wskaźników 

RMSE, WRMSE (Weighted Root Mean Square Error) oraz korelacji Spearmana w odniesieniu do 

naziemnych danych wodowskazowych dla WSE, a także przy użyciu RMSE i korelacji Spearmana 

dla przepływów. Pomiary poziomu wody z SWOT są również porównywane z pomiarami z bazy 

danych altymetrycznych DAHITI. Wyniki pokazują, że skorygowane o błąd systematyczny (bias) 

pomiary SWOT osiągają wysoką dokładność zarówno dla poziomu wody, jak i przepływu, z 

medianą WRMSE = 0.3 m oraz medianą korelacji przepływów R = 0.94. Niemniej jednak pomiary 

obu zmiennych zawierają wartości odstające i błędy systematyczne, które należy brać pod uwagę. 

Ze względu na ograniczoną rozdzielczość czasową pomiary SWOT nie mogą zastąpić naziemnych 



danych wodowskazowych, jednak zasięg przestrzenny danych SWOT stwarza możliwości 

dalszych badań, szczególnie na węższych, pozbawionych posterunków pomiarowych rzekach. 
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1. Introduction 

River water level and discharge are key hydrological variables that control water resources, flood 

hazard, sediment and nutrient transport, and ecological habitat availability. Monitoring these 

variables helps to understand current river conditions and is crucial in managing water resources 

and predicting some natural disasters such as floods or droughts. Because rivers span over long 

distances, it is difficult to obtain accurate measurements of water level or discharge along the entire 

length of a river. Measurements are usually made on several river gauges and then can be 

extrapolated. This, however, limits the availability of information about river conditions to only 

rivers which are already gauged. 

Development of satellite altimetry has increased the capabilities of monitoring ungauged rivers by 

allowing for larger spatial and temporal coverage of river water surface elevation. Satellite 

altimetry has seen rapid development since the 1970s, with pioneering missions such as GEOS-3 

(1975 – 1978), SEASAT (1978) or Geosat (1985-1989) (Chelton et al., 2001). These first satellite 

altimetry missions focused mostly on collecting data regarding ocean and sea levels, with vertical 

accuracies between few meters and few centimetres. Nevertheless, data collected by those satellites 

have also proven useful in studying continental land surfaces, large water bodies such as the 

American Great Lakes, the African Great Lakes or large rivers such as the Amazon (Calmant et al., 

2008). Since the launch of the highly accurate Topex/Poseidon altimetry mission in 1992, the 

number of altimetry studies has been rapidly increasing. In the 2000s, even more satellites with 

height measurement precision of up to a few centimetres have been launched. That includes, among 

others, Envisat, ICESat, Jason-2 and -3 and Sentinel-3 (Yang et al., 2022). 

Recent SWOT mission may be a significant development in hydrology, especially in monitoring 

water levels and discharge of ungauged rivers and lakes because of its higher temporal resolution 

of up to 11 days and greater spatial coverage. Since the data from the SWOT mission has been 

available for a relatively short time and SWOT products are still being produced and refined, there 

is still a lot of space for different studies based on this data. Further, in the Background section of 

this thesis (Section 2), a few recent studies making use of SWOT data are briefly presented. They 

focus on the development of new river monitoring methods using SWOT data and quality 

assessment of different SWOT products. Nevertheless, the number of SWOT related studies (using 

real SWOT data, not considering previous studies using simulated data or focused on developing 

frameworks) is still small, especially when it comes to focusing on river discharge rather than river 

water level. Spatial coverage of existing studies also remains limited, and the accuracy or feasibility 

of SWOT measurements has not yet been assessed for many regions.  

Therefore, the aim of this thesis is to assess the accuracy of water level and river discharge estimates 

from SWOT satellite observations for major Polish rivers. So far, Polish rivers were partially 

covered in a recent study by Halicki et al. (2026), where only one river in Poland– Oder (Odra) 
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was covered, and that study focused on river slope and not river discharge. There are three main 

objectives this thesis aims to fulfil: (1) Evaluate the accuracy of WSE (water surface elevation) and 

river discharge estimates derived from SWOT (RiverSP Level 2 product) by comparing with in-

situ gauge data, (2) Test whether locally optimized workflows (filtering out outlier points from the 

PIXC Product point cloud) can improve the accuracy of water level estimates and quantify the 

extent of improvements, (3) Compare the SWOT-derived water level and/or river discharge 

estimates with DAHITI (Database for Hydrological Time Series of Inland Waters) dataset.  

2. Background 

2.1  In-situ measurements of river water level and discharge 

River water level is usually measured as the water height from the bottom of a river to the water 

surface. Nowadays, changes of water levels are usually measured automatically using various 

optical or physical sensors, for example, submerged sensors measuring hydrostatic water pressure 

or radars installed perpendicularly to the water level (Bączyk et al., 2017). River discharge (Q) 

(Formula 1) can be simply described as the volume of water flowing through a river cross-section 

at a given time (m3/s) or as the product of river flow area and water velocity. 

𝑄 = 𝑣 × 𝐴 (1), 

where Q is the river discharge, 𝑣 is the water velocity and 𝐴 is the river cross-section area. 

 River discharge is often measured at specific river cross-sections (gauges) along a river to provide 

insight into water flow characteristics of the whole river (Bekri et al., 2019). Usually, measurement 

equipment at gauges records river water level and periodic measurements of flow velocity at cross-

sections are used to create rating curves that link water level values with discharge estimations 

(Negrel et al., 2011). The accuracy of gauge water level measurements may reach up to few 

millimetres. The main limitation of gauges is that they lack spatial coverage and only provide data 

from a specific point within a river. This means that long river sections, several kilometres long are 

not covered by any in-situ measurements and results from nearby gauges have to be interpolated. 

Furthermore, many rivers worldwide remain ungauged, so modelling or data interpolation are 

required to obtain hydrological variables (Hrachowitz et al., 2013). Globally, the river gauges are 

also not uniformly distributed. Larger concentrations of river gauge networks exist in areas with 

greater human activity, while sparsely populated areas, countries facing economic difficulties or 

protected areas remain underrepresented. This bias in the global gauge network may make it more 

difficult to understand hydrological processes or human impact on the environment (Krabbenhoft 

et al., 2022). 

2.2  Estimation of river water levels using remote sensing (altimetry) 

Radar altimeters work on the principle of measurement of vertical distance between satellite orbit 

and Earth surface (Figure 1). The distance is determined by measuring pulse return time and taking 

under consideration measurement errors and errors associated with signal distortions in atmosphere 
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and ionosphere (Chuvieco, 2020). That means that, contrary to the in-situ measurements, satellite 

altimetry does not measure the water level from the bottom of the river but the elevation of water 

surface with respect to the reference ellipsoid. The general formula (2) for satellite altimeter height 

measurement can be described as: 

𝑊𝑆𝐸 = ℎ − (𝑅 + 𝑅𝑔𝑒𝑜) − 𝑁 (2), 

where ℎ is the satellite orbit height, 𝑅 is the retracked altimeter range, 𝑅𝑔𝑒𝑜 is the sum of 

geophysical and atmospheric propagation corrections and 𝑁 is the geoid height (Jiang et al., 2023; 

Kumar et al., 2025). 

 

Figure 1. Principles of satellite altimetry: N- difference between ellipsoid and geoid at the 

measured point, ℎ - satellite orbit height, 𝑅 - retracked altimeter range, 𝑅𝑔𝑒𝑜 - sum of geophysical 

and atmospheric propagation corrections; adapted from (Chuvieco, 2020) 

Ideally, returning signal leading edge (increasing edge in the signal waveform) that reaches the 

satellite first comes directly from below the satellite. However, the surface beneath the satellite is 

not perfectly flat so the signal can be distorted and returning echo differs from the sent signal and 

is dependent on the shape of the original pulse, the scattering properties of the surface and surface 

local height variations. Analysis of this returning signal waveform allows for the estimation of the 

distance between the satellite and the surface (Woodhouse, 2017). 

To compare and validate altimetry water surface elevations with in-situ measurements, so-called 

virtual stations (VS) are used. These are the intersections of the satellite nadir ground track with 

the river. Altimetry measurements from the virtual stations are then compared with measurements 

from the nearest in-situ station along the river. This approach has some limitations: one VS on the 

satellite ground track, depending on the sampling resolution, usually provides a very limited (both 

temporally and spatially) number of data points to compare with the in-situ measurements. With 

temporal resolutions up to several days these measurements may fail to detect rapid water level 
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changes. Secondly, when altimetry measurements are taken at different subsequent orbits (and thus 

different virtual stations) and compared with the same nearby in-situ measurement station, the river 

slope impacts the measurements, making them more difficult to compare and prone to error (Renou 

et al., 2026).Different altimetry satellites differ in terms of spatial (altimeter footprint) and temporal 

(revisit time) resolutions. Older altimeters, which focused mainly on studying ocean or sea water 

level rather than terrestrial waters, such as Geosat or ERS-1, had significantly lower spatial 

resolutions; even up to ~20 km. Newer altimeters, such as Jason, Envisat or Sentinel-3, have 

smaller footprints of around few hundred meters. Rather high revisit time of many altimetry 

satellites, for example 35 days for Envisat, 27 days for Sentinel-3 or 10 days for Jason, mean that 

to obtain more frequent measurements they must come from different satellites. Such multi-mission 

approaches combine altimeter data from different satellites overpassing studied location. To 

increase the temporal resolution of Sentinel-3A, Sentinel-3B was launched with the same orbit but 

different revisit times (Kumar et al., 2025). 

2.3  Estimation of river discharge using remote sensing 

Two main approaches to estimating river discharge are the use of rating curves (as for regular in-

situ discharge measurements) and the use of Manning’s equation. Rating curves are created by 

correlating the river water level (measured by the altimeter) and actual measured discharge. This 

approach has its limitations because it relies on the interpolation of the rating curve from the nearest 

in-situ station to the virtual station which makes it prone to errors caused by changing river slope 

and shape. It also makes it difficult to use this approach on smaller, ungauged rivers (Kumar et al., 

2025). Rating curves were used for example to estimate discharge of Ganga river in India (Rai et 

al., 2021). They utilized multi-mission data from ERS-2, Envisat and Jason-2 and correlated water 

level measurements with corresponding gauge discharge measurements to produce rating curves. 

They obtained Nash–Sutcliffe efficiency (NSE) metric values between 0.86 and 0.98 and high 

coefficient of determination values between 0.87 and 0.98 showing high accordance with in-situ 

data (Rai et al., 2021). 

Another approach to estimate river discharge is to utilize the Manning’s equation which considers 

the cross-sectional flow area, the wetted perimeter (length of the boundary between the water and 

the channel) and water slope. This approach requires the measurement of the river topography 

(flow area, slope etc.), which may be difficult for some altimeter satellites and often requires a 

satellite tandem with an optical or SAR satellite, when these sensors are not installed on one 

satellite (Kumar et al., 2025). The Manning’s equation was used to estimate river discharge in the 

Mississippi river basin in a study by Gehring et al. (2022). They utilized altimetry data from Jason-

2/3 and Sentinel-3A/B and river widths and slopes from the SWOT River Database (SWORD). To 

assess the accuracy of discharge estimates they used the Kling–Gupta Efficiency (KGE) metric to 

compare in-situ discharge measurements with altimetry-derived discharge estimates. They 

considered KGE values between 0.32 and 1 to be ‘good’, and in the results they achieved this level 

of accuracy for 71% of the studied sites (Gehring et al., 2022). 
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2.4  Surface Water and Ocean Topography (SWOT) mission 

SWOT (Surface Water and Ocean Topography) satellite was developed through a collaboration 

between NASA, French Centre National D'Études Spatiales (CNES), Canadian Space Agency 

(CSA) and United Kingdom Space Agency and was launched on the 15th of December 2022. The 

main payload of SWOT satellite is Ka-band Radar Interferometer (KaRIn) consisting of two 

antennas. It uses radar interferometry to measure surface water level over a 120 km wide swath 

(with a 20 km wide gap in the nadir). The nadir altimeter, based on the altimeters from Jason 

satellites, also mounted on the satellite is used to measure surface water elevation in the gap 

between swaths. A satellite microwave radiometer was also mounted to assess the amount of water 

vapour beneath the satellite and allow for correction of tropospheric errors 

(https://swot.jpl.nasa.gov/mission/flight-systems/, accessed 11.03.2026). 

SWOT data acquisition was divided into two phases. First phase, so called Calibration/Validation 

phase, lasting around six months since launch, focused on preliminary checkout and calibration of 

satellite measurements. During this phase, SWOT was on a lower, 867 km orbit, and data was 

obtained daily. In the next phase, so called science phase, planned to last around three years, SWOT 

is operating on a higher, non-sun-synchronous orbit of 891 km and the satellite revisit time is 21 

days; however, due to the overlap of swaths, for most covered areas measurements are supposed to 

be available every 11 days on average (https://swot.jpl.nasa.gov/mission/overview/, accessed 

07.04.2026). The range resolution of the KaRIn is between 10 and 70 m 

(https://www.eoportal.org/satellite-missions/swot#mission-capabilities, accessed 17.05.2026). 

SWOT satellite was launched in December 2022, but in previous years numerous studies utilizing 

simulated SWOT measurements were conducted. The aim of that research was to assess the future 

potential of SWOT data analysis and develop workflows and frameworks. For example, a study by 

Biancamaria et al. (2010) aimed at estimating the source and impact of errors in SWOT 

measurements. They pointed out three categories of potential errors: 1) technical errors associated 

directly with the satellite - instrument noise, roll angle error, phase error, orbital error; 2) errors due 

to media delay – ionosphere error and wet troposphere error and 3) errors due to ancillary data – 

e.g. river bathymetry parameters used to estimate river discharge. The authors in this study have 

focused on errors associated with estimating discharge from SWOT: the impact of water height 

measurement error on derived discharge and the impact of temporal sampling on the accuracy of 

monthly discharge estimates. They estimated those errors for two SWOT orbits with inclinations 

of 78° and 74°. The conclusion was that the water height error would be around 10 cm and monthly 

discharge estimates depends on the number of satellite revisits, river width and size of the river 

drainage area (Biancamaria et al., 2010).  

SWOT river data can be acquired from several different products. The raw data can be obtained 

from the Level 1 Ka-band Radar Interferometer (KaRIn) low rate (LR) interferogram science data 

product. It contains corrected radar interferograms and normalized radar cross sections (σ0) 

measured by the SWOT interferometer (SWOT, 2025a). All the higher-level products are based on 

https://swot.jpl.nasa.gov/mission/flight-systems/
https://swot.jpl.nasa.gov/mission/overview/
https://www.eoportal.org/satellite-missions/swot#mission-capabilities
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the Level 2 Water Mask Pixel Cloud Product (PIXC) which contains geolocated (referenced to the 

WGS 84 ellipsoid) point cloud of surface water measurements from the KaRIn interferometer. Each 

pixel also contains quality flags and flags indicating water surface type. Pixel cloud has a resolution 

of ~15–25 m cross-track and ~5–10 m along-track (SWOT, 2025c). Level 2 High Rate Raster 

Product and Level 2 River Single-Pass Vector Data Product contain SWOT water surface 

measurements aggregated from the PIXC product. The Raster product aggregates points from the 

pixel cloud into a uniform raster dataset in the UTM projection at two different spatial resolutions: 

100 m or 250 m (SWOT, 2025d). River Single-Pass Vector Data Product contains river water 

surface measurements in shapefile format aggregated to polylines, for the river reaches 

corresponding to river reaches defined in the SWOT River Database (SWORD), and points for 

river nodes (SWOT, 2025b). Other SWOT products include i.e. higher-level scientific products 

(e.g. Level 4 Discharge product) or lake water surface products. 

2.5  SWOT river water level estimation 

For each reach, SWOT WSE in meters is calculated according to Equation 3 below: 

𝑊𝑆𝐸 =  𝐻 −  𝑔𝑒𝑜𝑖𝑑_ℎ𝑔ℎ𝑡 −  𝑠𝑜𝑙𝑖𝑑_𝑡𝑖𝑑𝑒 −  𝑙𝑜𝑎𝑑_𝑡𝑖𝑑𝑒𝑓 −  𝑝𝑜𝑙𝑒_𝑡𝑖𝑑𝑒 (3),  

where H is the geocentric height of the water surface with respect to the reference ellipsoid 

(WGS84) after applying corrections for media delays and the crossover calibration, 𝑔𝑒𝑜𝑖𝑑_ℎ𝑔ℎ𝑡 

is the geoid (EGM2008) height above the reference ellipsoid, 𝑠𝑜𝑙𝑖𝑑_𝑡𝑖𝑑𝑒 refers to the solid Earth 

(body) tide height, 𝑙𝑜𝑎𝑑_𝑡𝑖𝑑𝑒𝑓 is the geocentric surface height displacement from the load tide 

from the FES2014b ocean tide model and 𝑝𝑜𝑙𝑒_𝑡𝑖𝑑𝑒 is the surface height displacement from the 

geocentric pole tide (SWOT, 2025b). For each WSE measurement, its total uncertainty is also 

estimated (including random and systematic errors) and given as wse_u parameter (SWOT, 2025b). 

2.6  SWOT river discharge estimation 

SWOT discharge is estimated using several different discharge algorithms: Metropolis-Manning 

(MetroMan) (Durand et al., 2014), Bayesian AMHG-Manning (BAM) (Brinkerhoff et al., 2020), 

Hierarchical Variational Discharge Inference (HiVDI) (Larnier et al., 2021), Modified Manning 

Method Algorithm (MOMMA) (Bjerklie et al., 2018), SWOT Assimilated DiScharge (SADS) 

(Andreadis et al., 2020) and SIC4DVar (Oubanas et al., 2018). These algorithms calculate discharge 

estimates by estimating flow-law parameters, such for example river bathymetry or friction 

coefficients (SWOT, 2025b). The BAM algorithm inverts both the so-called modified Manning’s 

equation used to estimate river discharge and river hydraulic geometry (bankfull width, bankfull 

depth, channel shape parameter r and Manning’s n parameter) on a node level. It also assumes 

steady water flow in each reach. MetroMan algorithm works in a similar way but on a reach level. 

It also uses Manning’s equation to estimate discharge and a continuity equation, assuming that the 

difference in water flow between reaches is equal to the difference in water storage between them. 

HiVDI and SIC4DVar algorithms are both variational data assimilation algorithms – they minimize 

the difference between the observed values and the dynamic hydrological model outputs of river 
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bathymetry, friction and discharge and then provide the optimal flow law parameters. These 

algorithms use an assimilation window over a subset of SWOT observations and, after a few 

minimization steps, provide an estimate of the model variables for the entire window. The SADS 

algorithm uses prior information of flow law parameters grouped at the node scale and used to 

estimate river discharge in this group of nodes. Then, for this group of nodes, the steady gradually 

varied flow equation is solved to predict WSE and river width. Differences between those 

predictions and SWOT observations are then used in Kalman analysis to obtain estimates of river 

discharge and flow law parameters. The MOMMA algorithm uses the modified Manning’s equation 

to estimate the bankfull WSE by analysing the relationship between river WSE and river width at 

reach level. Each algorithm also yields its uncertainty value, which is later used to weigh their 

outputs for the consensus algorithm (Durand et al., 2023). Each algorithm is also run using two sets 

of parameters, where one does contain constraints from historical gauge discharge information 

(gauge-constrained discharge estimates) and the other does not contain constraints (gauge-

unconstrained discharge estimates). SWOT Team recommends using gauge-constrained discharge 

estimates as they are more accurate; however, this accuracy may not be reflected for ungauged 

rivers on which the algorithms have not been trained. Discharge estimate consensus value is 

computed as a weighted average from individual estimate values of previously mentioned 

algorithms (SWOT, 2025b).  

2.7  Summary of selected recent SWOT studies 

At the time of thesis writing (May 2026), the number of studies assessing the accuracy of SWOT 

river water level and discharge estimates remains limited. Some of the papers discussing this topic 

have been briefly described below. Papers were selected to display different approaches to 

processing SWOT data and assessing its accuracy. Summary of the papers described in this section 

is presented in Table 1. 

In a study by (Maubant et al., 2025) accuracy of SWOT water height (WSE) measurements was 

assessed for rivers, lakes and other water bodies in Australia. This study also compared the accuracy 

of different SWOT Level-2 products: PIXC, RiverSP, LakeSP and Raster. For rivers, the study area 

consisted of seven Australian rivers: Flinders, Diamantina, Murray, Leichhardt, Norman, Georgina 

and Darling rivers. To assess the accuracy, Weighted Root Mean Square Error (WRMSE) was 

calculated between WSE measurement values from SWOT and gauge station measurements. The 

authors managed to achieve a WRMSE of 1.47 m for the Darling river and WRMSE between 14 

and 56 cm for the remaining rivers. They suspected the higher error for one river to be caused by 

its relatively narrow width (<40 m), for which SWOT, with ground footprint being between 10 and 

70 m, may fail to detect water surface. The authors conclude that PIXC and Raster products make 

it possible to achieve lower WRMSE error, of even up to <10 cm, but PIXC Pixel Cloud Product 

requires careful processing/filtering and Raster product, due to generalization, may not provide 

WSE for narrower river parts. 
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Recent study by (Halicki et al., 2026) addressed acquisition of daily WSE measurements using a 

satellite tandem of SWOT, Sentinel-3 A and B and Sentinel-6. Authors used a novel Reach-Reg 

method to calculate linear regression of WSE values from neighbouring SWOT reaches. The study 

area included 95 gauges on 8 rivers worldwide: Elbe, Ganges, Mississippi, Missouri, Oder, Po, 

Rhine and Solimões. They tested the accuracy of daily WSE estimations Reach-Reg method using 

three metrics: Root Mean Square Error (RMSE), Normalized Root Mean Square Error (NRMSE) 

and Nash-Sutcliffe Efficiency (NSE). Results of this study showed high accuracy of this method, 

achieving RMSE = 0.3 m, NRMSE = 4.2% and NSE = 0.94. 

Study by (Xu et al., 2026) compared SWOT RiverSP WSE measurements, on a node scale (WSE 

measurements averaged in points along a river centreline), with WSE measurements from previous 

satellite altimetry missions (Sentinel-3 and Sentinel-6) on a global scale, utilizing altimetry data 

from the Hydroweb-next dataset. The authors grouped SWOT measurements by their quality flag 

into four categories depending on the quality, and ‘all’ category containing all measurements 

labelled as ‘bad’. They matched the datasets by selecting 10 SWOT nodes closest to the virtual 

stations of the Sentinel satellites. The temporal offset between SWOT and Sentinel measurements 

was set to be within 5 days. RMSE and correlation coefficients were calculated for each quality 

category. For nodes flagged as ‘good’, authors achieved RMSE of 0.80 m and correlation 

coefficient of 0.85. The ‘all’ category yielded RMSE of 5.15 m and correlation coefficient of 0.65. 

Authors conclude that major causes of reduced consistency between SWOT and Sentinel data were 

river ice, narrow river width and extreme radar backscatter values. 

In one SWOT study (Andreadis et al., 2025) have assessed the accuracy of SWOT river discharge 

estimates over 65 different gauged reaches worldwide between March 2023 and July 2024. The 

study focused only on highest quality SWOT measurements and the authors achieved a median 

Spearman correlation between gauge and SWOT data of R = 0.73. They also point out that there is 

a noticeable bias in SWOT measurements when compared to gauge data (median bias of 50%). 

This bias is most likely caused by prior information used as an input to SWOT discharge estimation 

algorithms and should decrease with the development of those algorithms. They also expect that 

although SWOT estimates discharge with lower temporal resolution and precision, high-quality 

SWOT measurements should allow for accurate estimation of discharge also in ungauged rivers. 

The authors base this assumption on the fact that many ungauged reaches meet the criteria to be 

considered high quality SWOT data. 

In their study (Ke et al., 2025) tried to limit the spatiotemporal gap in SWOT discharge estimates 

by assimilating discharge estimates in space and time across neighbouring reaches. They used a 

linear dynamic system to propagate discharge estimates to a target reach from upstream and 

downstream reaches. To solve those linear dynamic systems, they used a Kalman filter divided into 

two steps: prediction and update. During the prediction steps, discharge estimates are propagated 

in time and refined with observed values during the update step. The study area included 15 

different river sections from different countries. The authors used simulated, perturbed SWOT data. 

Interpolated discharge was validated using median correlation with true discharge data, median 
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NSE for residuals and relative bias. They managed to obtain high accuracy with median correlation 

equal to 0.95, median NSE for residuals = 0.81 and relative bias equal to 5%. 

 

Table 1. Summary of selected recent papers addressing accuracy of SWOT WSE or discharge estimates 

References Study 

area 

Studied 

time 

period 

Parameter Methods/metrics Results 

Andreadis 

et al. 

65 gauged 

reaches 

worldwide 

March 

2023–July 

2024 

Discharge Spearman correlation Median 

Spearman r = 

0.73 

Maubant 

et al. 

Australian 

rivers (7) 

and lakes 

January 

2024- 

August 

2024 

WSE Weighted Root Mean Square Error 

(WRMSE) 

WRMSE 

between 0.14 m 

and 1.47 m for 

RiverSP,  

WRMSE <10 cm 

for PIXC and 

Raster products 

Halicki et 

al. 

8 rivers 

worldwide 

(one in 

Poland) 

July 

2023-

November 

2025 

WSE Reach-Reg method, Root Mean 

Square Error (RMSE), Normalized 

Root Mean Square Error (NRMSE), 

Nash-Sutcliffe Efficiency (NSE) 

RMSE = 0.3 m,  

NRMSE = 4.2%,  

NSE = 0.94 

Ke et al. 15 river 

sections 

worldwide 

- Discharge Kalman filter, median correlation, 

Nash-Sutcliffe Efficiency (NSE), 

relative bias 

Median 

correlation = 0.95 

NSE = 0.81 

Relative bias = 

5% 

Xu et al. Global 

coverage 

July 

2023-July 

2024 

WSE Root Mean Square Error (RMSE), 

Correlation coefficient (CC) 

RMSE = 0.80 m 

and CC = 0.85 

for ‘good’data 

 RMSE = 5.15 m 

and CC = 0.65 

for ‘all’ data 
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3. Study area 

3.1  Hydrography of Poland 

Five major rivers in Poland (by total length in km) are: Vistula (Wisła) - 1,022 km, Oder (Odra) – 

840 km, Warta – 795 km, Bug – 774 km and Narew – 499 km. Total basin areas of those rivers are: 

193,960 km2, 119,074 km2, 54,520 km2, 38,712 km2 and 74,527 km2 respectively (Kubiak-

Wójcicka, 2021).  

The density of the river network in Poland is higher than average in Europe, but spatially diverse 

(Figure 2). Regions with the highest river network density are located in the southernmost part of 

the country, where (due to higher elevations) precipitation is the highest, terrain slopes are high, 

and subsoils usually have low permeability. Lower river network density can be observed in regions 

with mostly limestone or sandy subsoils (e.g. southern, southeastern and northern parts of the 

country). Most rivers in Poland have a nival-pluvial regime; thus, due to snowmelt, the highest 

river discharge and levels can usually be observed in early spring, usually in April. The largest 

rivers (Vistula, Oder, Bug) have predominantly meridional orientations (south-north), with visible 

latitudinal segments (well visible for Vistula, Warta or Oder) caused by glacial stagnation during 

Pleistocene glaciations. 99,7% of Poland’s area lies within the Baltic Sea drainage basin (Jokiel et 

al., 2017). 

Maps for each studied river (Figure 3) use river shapes merged from SWORD and BDOO 

(Database of General Geographic Objects [Baza Danych Obiektów Ogólnogeograficznych]) to fill 

the gaps in both datasets. Polygons representing mean SWOT ground tracks overlapping selected 

reaches were accessed from https://www.aviso.altimetry.fr/en/missions/current-

missions/swot/orbit.html . 

https://www.aviso.altimetry.fr/en/missions/current-missions/swot/orbit.html
https://www.aviso.altimetry.fr/en/missions/current-missions/swot/orbit.html
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Figure 2. Location of 15 studied gauges and SWOT reaches over a river network of Poland 

3.2  Vistula River 

Vistula (Wisła) (Figure 3e) is Poland’s longest river (1022 km) and has the largest drainage area 

(193,960 km2) (Kubiak-Wójcicka, 2021). Its source is located in Beskid Śląski mountains, on the 

western slope of the Barania Góra mountain in southern Poland. Vistula River flows into the Baltic 

Sea in the Gulf of Gdańsk in northern Poland. Its average yearly discharge is around 1080 m3/s. In 

its upper parts, the river has characteristics of a mountainous stream and then continues as a lowland 

river. Most of its tributaries (including e.g. Dunajec, San and Narew rivers) are located on the right 

side of the Vistula basin (Jokiel et al., 2017). It is usually divided into three sections: upper Vistula 

(from source up to the San tributary), middle Vistula (up to the Narew tributary) and lower Vistula 

(up to the Baltic Sea). In its lower part, between the cities of Płock and Włocławek, the Włocławek 

reservoir is located. Throughout the years, Vistula River played a very important role in Polish 

history and economy (Majewski, 2013). 
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3.3  Oder River 

The Oder River (Odra) (Figure 3d) is Poland’s second longest river (840 km) and has a drainage 

area of 119,074 km2 (Kubiak-Wójcicka, 2021). Its source is located in the Czech Republic, in the 

Oder Mountains range (634 m a. s. l.), and it flows into the Baltic Sea through the Szczecin Lagoon. 

Its average yearly discharge is around 575 m3/s (Jokiel et al., 2017). For the first ~50 km Oder is a 

mountainous river, after which its slope significantly decreases. In the middle section of the river, 

most of its left tributaries are rivers originating in the Sudetes mountains (e.g. Nysa Kłodzka or 

Nysa Łużycka), whereas right tributaries are mainly lowland rivers (including Warta). Lower parts 

of the Oder are mostly engineered and navigable. Most of Oder’s lower section serves as a natural 

border between Poland and Germany (Jokiel & Tomalski, 2021). 

3.4  Warta River 

The Warta River (Figure 3b) is the third longest river in Poland (795 km) and main tributary of the 

Oder. Its catchment area amounts to approximately 54,520 km2 (Kubiak-Wójcicka, 2021). Its 

source is located on the Krakowsko-Częstochowska Upland at ~377 m above sea level, and it flows 

into Oder around 50 km west of the city of Gorzów Wielkopolski (Ptak et al., 2019). The average 

yearly discharge of the Warta River is approximately 216 m3/s (Jokiel et al., 2017). Most of its 

catchment area consists of agricultural areas (Ptak et al., 2019). The Warta river has two clearly 

visible latitudinal segments, caused by Pleistocene glacial stagnations. 

3.5  Bug River 

The springs of the Bug River (Figure 3f) are located in the northern part of the Podole Plateau in 

Ukraine at around 311 m above sea level (Dombrowski et al., 2002). It is about 774 km long and 

has a total catchment area of around 38,712 km2 (Kubiak-Wójcicka, 2021). The average yearly 

discharge of the Bug River is approximately 155 m3/s (Jokiel et al., 2017). Bug is the largest 

tributary of the Narew river, flowing into it in Narew’s lower section. Bug’s basin is divided into 

two parts with different origin: the upper part being separated from the Black Sea catchment by 

geologic transformation and the lower part created as a result of glacial regression (Dombrowski 

et al., 2002). For a significant part of its length, Bug serves as a natural border between Poland and 

Ukraine. 

3.6  Narew River 

The Narew River (Figure 3c) is the fifth longest river in Poland, with a total length of 499 km, 

however, its catchment area is larger than those of Warta and Bug rivers and amounts to 74,527 

km2 (Kubiak-Wójcicka, 2021). Average yearly discharge of Narew is approximately 313 m3/s 

(Jokiel et al., 2017). Springs of the river are located in Dziki Swamp, in the Belarusian part of the 

Białowieża Forest. Narew has a lowland character and is mostly natural and unregulated, with 

anastomosing or meandering segments. Especially in its eastern part, Narew flows through a large 

number of swamps or marshes, making the riverbed not easily accessible. In its last ~22 km, Narew 
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intercepts water from the Bug River and then flows into Vistula near the town of Nowy Dwór 

Mazowiecki, northwest of Warsaw (Malinowski & Skoczko, 2018). 

 

Figure 3. Gauges, SWOT reaches and SWOT orbits for all the studied rivers: a) Overview 

map, b) Warta, c) Narew, d) Oder, e) Vistula, f) Bug 
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4. Data 

The two main data sources for this project were SWOT datasets from NASA and river gauge data 

from the Polish Institute of Meteorology and Water Management [Instytut Meteorologii i 

Gospodarki Wodnej] (IMGW). Other supplementary data were also obtained from openly available 

data sources. All used datasets are presented in respective sections below. 

4.1  SWORD reaches 

SWOT River Database (SWORD) is a supplementary database for the SWOT mission. SWORD 

was generated from several hydrology databases and serves as a base for SWOT river vector data 

products, defining river nodes and reaches that are later used in the development of these products 

(Altenau et al., 2021). 

SWORD is based on seven hydrological databases: Global River Widths from Landsat (GRWL) – 

river centerline locations, MERIT Hydro – elevation and flow accumulation, HydroBASINS – river 

basins, Global River Obstruction Database (GROD) – anthropogenic river obstructions, Global 

Delta Maps – extent of largest river deltas, SWOT Orbits – coverage of each SWOT pass and 

HydroFALLS – location of waterfalls and natural river obstructions (Altenau et al., 2021). 

River reaches are defined by intersecting river centerlines from the GRWL database with basin 

boundaries, tributary junctions, dams, waterfalls, lakes, and SWOT swath boundaries. Those lines 

are then further processed and divided into ~10 km long reaches. River nodes are extracted as point 

data from each reach centerline, located approximately 200 m from each other along the reach, 

with the first and last node being respectively approximately 100 m from the reach start and end 

(Altenau et al., 2021). 

4.2  SWOT River Single-Pass Product 

SWOT River Single-Pass Product (RiverSP) provides hydrological measurements in vector 

(shapefile) format for reaches and nodes defined in SWORD. It consists of reach and node averaged 

values of water surface elevation (WSE), water surface slope, river width, water surface area and 

discharge estimates. Metadata, including WSE measurement uncertainty and quality flags for errors 

present in the measurements, are also provided within RiverSP shapefiles. WSE is given in 

reference to the WGS84 ellipsoid and corrected for geoid height and tides (SWOT, 2025b). 

4.3  Gauge data 

Gauge data from IMGW contains archived every year daily averaged data from all the river gauges 

in Poland in CSV format. Recorded information includes gauge ID and name, river name, date, 

river water level (measured from the gauge zero height, not above sea level) in centimetres, 

discharge in m3/s and for some stations also water temperature. This data can be openly accessed 

at 

(https://danepubliczne.imgw.pl/data/dane_pomiarowo_obserwacyjne/dane_hydrologiczne/dobow

https://danepubliczne.imgw.pl/data/dane_pomiarowo_obserwacyjne/dane_hydrologiczne/dobowe/
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e/). Data for the hydrological years of 2023 and 2024 (November 2022 to November 2024) was 

used to have the largest possible overlap with SWOT data. At the time of thesis writing (May 2026), 

data for the year 2025 is not yet available. Additional information about each station, e.g. elevation 

of gauge zero height above sea level, can be found on the official IMGW website 

(https://hydro.imgw.pl/#/). 

4.4  SWOT Level 4 Sword of Science River Discharge Products 

The SWOT Level 4 Sword of Science River Discharge Products dataset contains river discharge 

estimates derived from the Level 2 River Single-Pass Product. It contains discharge estimates from 

the SWOT consensus algorithm and observation time for both river reaches and nodes. It comes in 

netCDF-4 format. 

4.5  Database for Hydrological Time Series of Inland Waters (DAHITI) 

DAHITI is a database providing access to water level time series for rivers and lakes created by 

Schwatke et al. (2015). They extract various altimetry data such as Envisat, Jason, and Sentinel-3 

from Open Altimeter Database to calculate water level heights for a total of 19884 different 

locations worldwide. WSE measurements from different altimeters are processed using Kalman 

filtering and outlier filtering (Schwatke et al., 2015). For some locations, water level measurements 

from the SWOT mission are also included in the time series. 

For most studied locations, the WSE measurements from DAHITI came from the Sentinel-3 

mission. Sentinel-3 consists of a tandem of two satellites: Sentinel-3A (launched 16.02.2016) and 

Sentinel-3B (launched 25.04.2018). It has a different orbit than SWOT, with a lower orbit of 814.5 

km and a higher orbit inclination of 98.65 degrees. The revisit time for these satellites is also longer 

than for SWOT and is equal to 27 days. The main mission of Sentinel-3 is to measure the surface 

topography and temperature, for both land and sea. For the altimetry mission, Sentinel-3 satellites 

utilize a Synthetic Aperture Radar Altimeter (SRAL), with Ku and C-bands and an along-track 

resolution of ~300 m (https://sentiwiki.copernicus.eu/web/s3-mission, accessed 17.05.2026). 

4.6  Other datasets 

Other datasets were mainly used for visualization in Section 3. Parts of river polylines used for 

visualization in Section 3 were accessed from the Polish BDOO (Database of General Geographic 

Objects [Baza Danych Obiektów Ogólnogeograficznych]) database. Shapefiles of SWOT orbits 

used for visualization in Section 3 were acquired from 

https://www.aviso.altimetry.fr/en/missions/current-missions/swot/orbit.html. WMS used for 

visualization in Figure 2 Was accessed at: 

https://wody.isok.gov.pl/gpservices/KZGW/ISOK_MPHP/MapServer/WMSServer?REQUEST=

GetCapabilities&SERVICE=WMS. Basemaps used for visualization in Section 3 were World 

Imagery Basemaps available in ArcGIS Pro.  

 

https://danepubliczne.imgw.pl/data/dane_pomiarowo_obserwacyjne/dane_hydrologiczne/dobowe/
https://hydro.imgw.pl/#/
https://sentiwiki.copernicus.eu/web/s3-mission
https://www.aviso.altimetry.fr/en/missions/current-missions/swot/orbit.html
https://wody.isok.gov.pl/gpservices/KZGW/ISOK_MPHP/MapServer/WMSServer?REQUEST=GetCapabilities&SERVICE=WMS
https://wody.isok.gov.pl/gpservices/KZGW/ISOK_MPHP/MapServer/WMSServer?REQUEST=GetCapabilities&SERVICE=WMS
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5. Methodology 

5.1  Gauge and reach selection 

Before the gauges were selected, apart from acquiring measurements from IMGW, gauge locations 

were extracted from a shapefile containing all environmental measurement stations in Poland as 

point data. This shapefile was acquired as WFS at 

(https://imgw.isok.gov.pl/wss/INSPIRE/INSPIRE_EF_SZS_WFS?service=WFS&request=GetCa

pabilities) on 22.01.2026. Using ArcGIS Pro, only river gauges were extracted by station name 

type, using attribute selection. Gauges were visually assessed, and three gauges per river, in upper, 

middle and lower river sections, were selected. Using the gauge ID, gauge data from IMGW was 

inspected and gauges that had missing data for river water level or discharge for at least one year 

were discarded and another closest gauge was inspected. After the gauges with valid data were 

selected, they were compared with the SWORD reaches shapefile and reach adjacent to the gauge 

was selected. For each reach, obstr_type attribute was also inspected to check if there are any 

obstructions that may influence water measurements. 

5.2  Data pre-processing and processing 

5.2.1 WSE data pre-processing 

Gauge data was pre-processed before attempting to compare it with SWOT data. CSV files 

containing gauge data were opened, and data for each previously selected gauge was filtered by 

gauge ID and copied to a separate CSV file. Additionally, WSE was calculated by adding the river 

water level measured at the gauge to the gauge elevation above sea level, found on the IMGW 

website. This elevation is given in the EVRF2007 datum which uses the GRS80 ellipsoid to 

calculate heights. Two other data columns were created: one with the corresponding 

SWOT/SWORD reach ID and the second with the measurement date formatted to the same format 

as in SWOT data (yyyy-mm-dd). 

To acquire SWOT River Single-Pass data, modified parts of script provided by (Maubant et al., 

2025) in a Jupyter Notebook were used. Only the first part of the script was used – to download 

and stack data into a geopandas geodataframe. Later steps were coded differently. To download 

files for each river, IDs of SWOT passes were input. Those pass numbers were selected by 

assessing SWORD swot_orbit parameter for each selected reach for a river to know in which pass 

SWOT provides data for each reach. Temporal scale was selected as a period from November 2022 

to December 2024 (period when data from both SWOT and IMGW was available). Further parts 

of the Notebook were used to download shapefiles to a selected folder (one for each river) using 

the NASA earthaccess python library, unzip them and stack all shapefiles together into one 

geopandas geodataframe. 

Next, still in Jupyter Notebook, the same workflow was repeated for each gauge/reach pair. Firstly, 

the entire geodataframe was filtered by reach_id parameter to include data from only one reach. 

https://imgw.isok.gov.pl/wss/INSPIRE/INSPIRE_EF_SZS_WFS?service=WFS&request=GetCapabilities
https://imgw.isok.gov.pl/wss/INSPIRE/INSPIRE_EF_SZS_WFS?service=WFS&request=GetCapabilities
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Then only columns relevant for this study (reach_id, time_str, wse, wse_u, slope, width, area_total 

and dschg_c) were saved to a separate reach dataframe. Measurement time string (time_str) was 

shortened to include only year, month and day. Then a CSV file of a corresponding gauge was 

loaded to a gauge dataframe, and also only relevant columns were named and selected. SWOT 

dataframe was then merged with gauge dataframe using a left join and two columns in both 

dataframes (corresponding to measurement date and reach ID) as keys. WSE values were plotted 

using matplotlib.  

5.2.2 Evaluation of accuracy metrics and bias correction 

For matching records (where data from both SWOT and gauge was available), WSE values were 

used to calculate three metrics: Root Mean Square Error (RMSE) (Formula 4), Weighted Root 

Mean Square Error (WRMSE) and Spearman correlation. For WRMSE, SWOT measurement 

uncertainty values (wse_u) were used as weights, following (Maubant et al., 2025) as in Equation 

5. 

𝑅𝑀𝑆𝐸 =  √
∑(𝑊𝑆𝐸𝑆𝑊𝑂𝑇−𝑊𝑆𝐸𝑔𝑎𝑢𝑔𝑒𝑠)2

𝑛
                     (4), 

where 𝑛 is the number of matching observations 

𝑊𝑅𝑀𝑆𝐸 =  √
∑((𝑊𝑆𝐸𝑆𝑊𝑂𝑇−𝑊𝑆𝐸𝑔𝑎𝑢𝑔𝑒𝑠)2×

1

𝜎𝑆𝑊𝑂𝑇
)

∑
1

𝜎𝑆𝑊𝑂𝑇

     (5), 

where 𝜎𝑆𝑊𝑂𝑇 is the uncertainty of SWOT WSE measurement. 

After visual comparison (on scatter plots) of WSE values from gauge measurements and SWOT it 

was observed that for some of the reaches there is a visible bias in SWOT measurements. For some 

reaches, the SWOT WSE measurements differed from the gauge measurements by ~1 m 

(negatively or positively). To remove this systematic bias, most likely caused by height differences 

in vertical datums used by SWOT and gauges, an approach similar to (Maubant et al., 2025) was 

used: the mean difference between SWOT and gauge measurements was calculated for each reach 

and subtracted from the initial SWOT WSE value. This resulted in lower final RMSE and WRMSE 

values. 

5.2.3 Discharge data processing 

After the WSE data was processed for all the studied gauge-reach pairs, the next step was to assess 

the accuracy of discharge estimates. To compare SWOT discharge estimates with in-situ gauge data 

in the first approach the same reach geodataframe described above was utilized. Contrary to 

(Durand et al., 2023) and (Andreadis et al., 2025), no SWOT discharge estimates (dschg_c) for any 

of the studied reaches were available, even for reaches wider than 100 m. That is why an alternative 

approach had to be taken. 
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Eventually, the SWOT Level 4 Discharge Product, Version 3 was used to access SWOT discharge 

estimates for selected reaches. For this moment, the only version of this product containing 

unconstrained discharge estimates was available to download. Dataset for Europe came in one large 

netCDF-4 file, and the same Jupyter Notebook as before was used to open it using netCDF4 Python 

library. A Python loop was run to combine discharge estimates with corresponding reach and 

observation time into a single pandas dataframe. Measurements from only one reach at a time were 

selected by referring to a corresponding reach_id. The time variable was converted to yyyy-mm-

dd format, and missing values were discarded. Dataframe was then filtered to contain only three 

columns (reach_id, swot_dschg and date) and then merged with the gauge dataframe using a left 

join and two columns in both dataframes (corresponding to measurement date and reach ID) as 

keys. Discharge estimates were plotted using matplotlib. For matching records (where data from 

both SWOT and gauge was available), discharge values were used to calculate two metrics: RMSE 

(Formula 6) and Spearman correlation. 

𝑅𝑀𝑆𝐸 =  √
∑(𝐷𝑖𝑠𝑐ℎ𝑎𝑟𝑔𝑒𝑆𝑊𝑂𝑇−𝐷𝑖𝑠𝑐ℎ𝑎𝑟𝑔𝑒𝑔𝑎𝑢𝑔𝑒𝑠)2

𝑛
 (6), 

where 𝑛 is the number of matching observations 

WRMSE was not calculated because the Level 4 Discharge Product did not provide discharge 

uncertainties. Discharge estimates from this product were also available only for some of the 

studied reaches. 

Acknowledging that there is an existing bias in gauge-unconstrained SWOT discharge estimates 

(Andreadis et al., 2025) and after initial comparison of SWOT discharge estimates with gauge data, 

it was observed that there is a visible bias in discharge estimation values. Although Andreadis et 

al. (2025) in their study did not apply bias correction to show the bias size, it was decided to apply 

bias correction here to lower the RMSE values and achieve more accurate results. The same 

approach as for WSE data was used to eliminate the systematic bias, lowering RMSE values for 

studied reaches. For some reach dataframes, extreme outliers (for example, a SWOT estimate value 

~10 times larger than the gauge estimate) were removed before calculating RMSE and correlation. 

Bias correction was not performed for two reaches: corresponding to Wizna and Ostrołęka gauges 

on the Narew river because discharge estimates for these reaches in the Discharge Product 

contained data from the SWOT calibration/validation phase, which were more biased than later 

estimates. 

5.3  Attempt to increase the accuracy of WSE measurements by filtering out 

invalid points from the Pixel Cloud 

After the WSE and discharge data had been processed and error metrics were calculated, the SWOT 

Level 2 PIXC Pixel Cloud Product was utilized to try to increase the accuracy of SWOT 

measurements for the reach where the WRMSE and RMSE values between reach and gauge were 

the largest, specifically the reach corresponding to the Strzyżów gauge on the Bug river. PIXC data 
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for this area in netCDF-4 format was downloaded from the NASA EarthAccess website – total of 

238 files weighing approximately 120 GBs in total. To load, process and filter the data once again, 

a slightly modified Jupyter Notebook script provided with the study of (Maubant et al., 2025) was 

used. The script consisted of a few functions used to load the netCDF files, mask out invalid 

pixelsand save observation date, WSE value and standard deviation into arrays. The script also 

required a KML file containing a polygon encompassing the study area – in ArcGIS Pro, a shapefile 

polygon was drawn on the river around the location of the gauge station and then exported to a 

KML file in WGS84 reference system. After running the script with the default settings, it appeared 

that for almost all of the processed files, water height was not calculated because within the polygon 

there were no pixels labelled as ‘good’. Bad pixels in the pixel cloud were masked out by the script 

based on four parameters: σ0 value (backscatter coefficient) and quality flags for interferogram 

(intf_qual), geolocation (geolocation_qual) and σ0 (sig0_qual). According to (Rai et al., 2026), the 

initial σ0 threshold value of > 36 dB set up by (Maubant et al., 2025) was high and useful in 

extracting only the brightest pixels in a narrow river channel but does not capture the full σ0 range. 

Consequently, the σ0 threshold was significantly lowered, but that did not fix the issue with no 

‘good’ pixels in the dataset. After the inspection of the quality flag values for PIXC files, it appeared 

that in most cases, pixels were labelled as ‘bad’ due to the geolocation quality flag 

(geolocation_qual) having a value larger than 0. Due to a large amount of data (~120 GB) and long 

processing time, the attempt to increase the accuracy of SWOT WSE measurements by utilizing 

PIXC Cloud Product was abandoned.  

5.4  Comparison with DAHITI database – DAHITI vs gauge and DAHITI+SWOT 

vs gauge 

To compare altimetry water level measurements from the DAHITI database with gauge 

measurements, data for each virtual station corresponding to the gauge was downloaded as a CSV 

file from the DAHITI website (https://dahiti.dgfi.tum.de/en/map/, accessed 04.05.2026). Each file 

contained information about the measurement time, WSE measurement and measurement 

uncertainty. Virtual stations within a few kilometres from the studied gauges were chosen. VSs that 

were too far away from the gauge or contained data only from SWOT were discarded. 

In Jupyter Notebook, data for each VS was loaded into a dataframe and time format was converted 

to the same as in the gauge dataframe. Gauge and DAHITI VS dataframes were then merged using 

join on the columns corresponding to the date of measurement. Bias correction was applied to the 

WSE measurement the same way as for the comparison of gauge data with SWOT measurements. 

For matching records (where WSE data was available for both the gauge and virtual station) RMSE, 

WRMSE and Spearman correlation were calculated. Because DAHITI data contained 

measurement uncertainty values, WRMSE was calculated in the same way as in Formula (3). 

Because SWOT and DAHITI data had different spans and different measurement dates, the 

comparison described above was not a direct comparison between DAHITI and SWOT water level 

measurements. Attempts for a direct comparison were also made. SWOT and DAHITI 

https://dahiti.dgfi.tum.de/en/map/
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measurements from the same date were compared. To increase the number of possible matches, 

two less strict thresholds were also included: 3 and 5 days, to find close observations but withing 

timeframes where water levels should not change too rapidly. Each DAHITI Virtual Station 

dataframe was merged with a dataframe combining gauge and corresponding SWOT reach data by 

join on the date column. This merged dataframe was then filtered to include only rows where WSE 

measurement from SWOT and DAHITI were both present. Then, using less strict filtering, the 

dataframe was filtered using two Python loops and pandas Timedelta function to only contain 

SWOT and DAHITI WSE measurements which were within 3 days from each other. The same 

approach was then applied to contain measurements within 5 days from each other. 

For most gauges, number of SWOT and DAHITI observations on close dates was low, so it was 

tested if merging those two datasets could provide more accurate and more frequent river water 

level estimates. To compare the accuracy of the combined dataset with gauge data, a new column 

called wse_merged was added to the merged dataframe. It was populated with WSE measurements 

from either SWOT or DAHITI, depending on which measurement was available. If the 

measurements from both SWOT and DAHITI were available, the mean value of the measurements 

was considered. Lastly, the calculation of RMSE and Spearman R of WSE between the merged 

dataset and gauge data was conducted for all the rows where the WSE measurements were 

available. 

6. Results 

6.1  Water level results 

For all the studied gauge-reach pairs, the RMSE between gauge and SWOT WSE measurements 

yielded values between 0.06 m (Gozdowice gauge) and 2.04 m (Strzyżów gauge). The median 

RMSE value was 0.41 m. For all the studied reaches, except for the one corresponding to the Wizna 

gauge, WRMSE values were lower, or the same as RMSE values but in general the difference 

between RMSE and WRMSE values was small, around 0.09 m on average. Similarly, to the RMSE, 

the lowest WRMSE value was 0.06 m for the reach corresponding to the Gozdowice gauge and the 

highest WRMSE value was 1.83 m for the reach corresponding to the Strzyżów gauge. Median 

WRMSE value was 0.3 m. Spearman correlation for most studied reaches yielded high values of 

R > 0.7 for 11 reaches. The lowest R value was 0.39 for the Smolice gauge, where SWOT seemed 

to miss the rise in river water levels that occurred in late Autumn of 2023 and winter of 2024 (Figure 

4a). The highest R value of almost 1 (0.997) was achieved for the reach corresponding to the 

Gozdowice gauge on the Oder river. The median value of Spearman correlation between SWOT 

and gauge WSE measurements was R = 0.85. 

In general, RMSE and WRMSE values are rather low, and R values are rather high, which shows 

that bias-corrected SWOT water surface elevation measurements are close to the in-situ 

measurements and in most cases stay in line with the trends of water level changes. Nevertheless, 

in some cases SWOT measurements periodically fail to match the water level change trend, which 
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is visible, for example, for the Smolice or Warszawa Bulwary gauges on the Vistula river (Figure 

4a,b), resulting in lower correlation for some reaches. Outliers are also present in SWOT 

measurements, for example, for the Warszawa-Bulwary (Figure 4b), Strzyżów (Figure 7a) or 

Działoszyn (Figure 6a) gauges. These outliers impact RMSE and WRMSE values, which is 

especially visible for the Strzyżów gauge (Figure 7a), where the values of these metrics were the 

highest and even after the bias correction in the WSE measurements, the bias is still visible. Some 

reaches also had relatively fewer SWOT observations, due to being overlapped by a lower number 

of SWOT orbits. That is the case for the reaches corresponding to Tczew (Figure 4c), Gorzów 

Wielkopolski (Figure 6c) and Wyszków gauges (Figure 7c). Comparison of WSE measurements 

between SWOT and all the gauges is presented in Figures 4 to 8. 
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a) 

b) 

c) 

Figure 4. Comparison of river WSE values between gauges and SWOT measurements for 

three gauges on Vistula river. 
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a) 

b) 

c) 

Figure 5. Comparison of river WSE values between gauges and SWOT measurements for 

three gauges on the Oder river. 
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a) 

b) 

c) 

Figure 6. Comparison of river WSE values between gauges and SWOT measurements for 

three gauges on Warta river. 

 



25 

 

 

a) 

b) 

c) 

Figure 7. Comparison of river WSE values between gauges and SWOT measurements for 

three gauges on Bug river. 
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a) 

b) 

c) 

Figure 8. Comparison of river WSE values between gauges and SWOT measurements for 

three gauges on Narew river. 
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The evaluation metrics (RMSE, WRMSE, R) and additional information about each reach-gauge 

pair (15) are presented in Table 2.  

Table 2. Summary of river WSE metrics, November 2023-November 2024 

Reach ID River Corresponding 

gauge 

SWOT 

orbits 

Number of 

SWOT 

observations 

RMSE 

(m) 

WRMSE 

(m) 

Spearman 

R 

Mean 

WSE 

(SWOT) 

(m) 

River 

width 

(m)* 

24244600601 Vistula 

(Wisła) 

Smolice 96, 195, 

374, 501 

52 0.24 0.17 0.39 215.75 78 

24244100041 Vistula 

(Wisła) 

Warszawa-

Bulwary 

68, 195, 

346, 501 

53 0.59 0.49 0.74 76.3 246 

24241000035 Vistula 

(Wisła) 

Tczew 68, 

374, 529 

31 0.1 0.09 0.98 3.27 278 

24222900271 Oder 

(Odra) 

Racibórz-

Miedonia 

96, 223, 

402, 501 

62 0.39 0.33 0.9 178.08 45 

24222500021 Oder 

(Odra) 

Nietków 124, 557 65 0.33 0.27 0.97 44.69 142 

24221000131 Oder 

(Odra) 

Gozdowice 124, 430 39 0.06 0.06 0.997 6.4 233 

24229000261 Warta Działoszyn 96, 223, 

374, 501 

61 0.42 0.3 0.62  177.08 63 

24227000171 Warta Nowa Wieś 

Podgórna 

96, 

402, 529 

38 0.55 0.45 0.77 69.27 48 

24223000051 Warta Gorzów 

Wielkopolski 

557 21 1.09 0.95 0.58 18.35 94 

24249900161 Bug Strzyżów 40, 318, 

445 

62 2.04 1.83 0.54 175.81 42 

24249300131 Bug Zabuże 40, 

167, 473 

61 0.41 0.25 0.91 118.52 106 

24249100041 Bug Wyszków 346 17 0.13 0.13 0.92 84.11 127 

24248000151 Narew Wizna 40, 

195, 473 

41 0.42 0.47 0.95 99.99 54 

24248000081 Narew Ostrołęka 40, 195, 

346 

61 0.31 0.18 0.85 90.48 80 

24248000031 Narew Zambski 

Kościelne 

195, 501 61 0.64 0.33 0.73 81.05 95 

*From SWORD database 

 

There was a moderate negative correlation (R= -0.52) between the river width at the reach and 

WRMSE. In general, wider reaches result in more accurate WSE measurement (Figure 9). The 

reach with the lowest river width (the Strzyżów gauge) is a visible outlier with the highest WRMSE 

value. For the wider reaches, the reach corresponding to the Warszawa-Bulwary gauge seems to 

slightly stand out with the width of 246 m and WRMSE value of 0.49 m. 

The correlation between the number of SWOT observations and WRMSE was very low (R= 0.23), 

and no trend seems to be visible, but the p-value was high, so there was no statistical significance 

(Figure 10). 
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Figure 9. Correlation of river width with WSE WRMSE, R = -0.52, p = 0.0451 

 

 
Figure 10. Correlation of the number of SWOT observations with WSE WRMSE, R = 

0.23, p = 0.3999 

 

6.2  Discharge results 

Discharge data was available for a lower number of reaches than WSE: only 8 reaches. Only for 

the Narew river (Figure 15) data was available for all three reaches. The lowest river discharge 

RMSE between SWOT reach and gauge was 23.25 m3/s for the reach corresponding to the Zabuże 

gauge on the Bug river, and the highest RMSE was observed for the reach corresponding to the 

Gozdowice gauge on the Oder river and amounted to 188.52 m3/s. Median discharge RMSE was 

68.36 m3/s. The Spearman correlation R for discharge had values between 0.6 and 0.97, with the 
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lowest value for the Ostrołęka gauge and the highest value for the Warszawa-Bulwary gauge. 

Median R value was 0.94. 

For most of the studied reaches, high R values indicate that SWOT discharge estimates are 

generally in line with in-situ gauge measurements, however, for many reaches the number of 

observations is visibly lower. Reaches corresponding to Gozdowice (Figure 12b), Gorzów 

Wielkopolski (Figure 13), and Zambski Kościelne (Figure 15c) gauges have below 20 

observations. What is interesting, for three reaches: Zabuże (Figure 14), Wizna (Figure 15a), and 

Ostrołęka (Figure 15b) discharge estimates obtained during the SWOT calibration/validation phase 

(April to July 2023) are available. Daily observations during this period significantly increased the 

accuracy of discharge estimates at the reach corresponding to the Zabuże gauge (Figure 14). For 

the reach corresponding to Wizna gauge (Figure 15a), observations from this phase are also daily 

but have a visible bias. Estimates obtained during the calibration/validation phase for the Ostrołęka 

gauge reach (Figure 15b) are very limited and visibly biased. Comparison of WSE measurements 

between SWOT and all the gauges is presented in Figures 11 to 15. 

 

Figure 11. Comparison of river discharge values between gauges and SWOT measurements 

for one gauge on the Vistula river. 
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a) 

b) 

Figure 12. Comparison of river discharge values between gauges and SWOT measurements 

for two gauges on the Oder river. 
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Figure 13. Comparison of river discharge values between gauges and SWOT measurements 

for one gauge on the Warta river. 

 

Figure 14. Comparison of river discharge values between gauges and SWOT measurements 

for one gauge on the Bug river. 
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a) 

b) 

c) 

Figure 15. Comparison of river discharge values between gauges and SWOT measurements 

for three gauges on the Narew river. 
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The evaluation metrics (RMSE and R) and additional information about each reach-gauge pair (8) 

are presented in Table 3.  

Table 3. Summary of river discharge metrics, November 2023-November 2024 

Reach ID River Corresponding 

gauge 

SWOT 

orbits 

Number of 

SWOT 

observations 

RMSE 

(m3/s) 

Spearman 

R 

Mean 

discharge 

(SWOT) 

(m3/s) 

River 

width 

(m)* 

24244100041 Vistula 

(Wisła) 

Warszawa-

Bulwary 

68, 195, 

346, 501 

29 95.09 0.97 616.14 246 

24222500021 Oder 

(Odra) 

Nietków 124, 557 38 110.48 0.92 232.21 142 

24221000131 Oder 

(Odra) 

Gozdowice 124, 430 14 188.52 0.95 336.93 233 

24223000051 Warta Gorzów 

Wielkopolski 

557 14 73.27 0.82 163.17 94 

24249300131 Bug Zabuże 40, 

167, 473 

131 23.25 0.95 135.18 106 

24248000151 Narew Wizna 40, 

195, 473 

109 56.21 0.93 106.49 54 

24248000081 Narew Ostrołęka 40, 195, 

346 

25 63.45 0.6 112.43 80 

24248000031 Narew Zambski 

Kościelne 

195, 501 14 24.07 0.95 96.7 95 

*From SWORD database 

Correlation between the river width and discharge RMSE was moderately positive with R = 0.55 

(Figure 16). At the same time, there was a weak negative correlation (R = -0.37) between the 

number of SWOT observations and RMSE (Figure 17), however, both of these correlations were 

statistically insignificant due to high p values (0.1600 and 0.3726). 

 

Figure 16. Correlation of river width with discharge RMSE, R = 0.55, p = 0.1600 
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Figure 17. Correlation of the number of SWOT observations with discharge RMSE, R = -

0.37, p = 0.3726 

 

6.3  Comparison with DAHITI database 

Comparison of WSE data from DAHITI was conducted for some of the studied gauges: Warszawa-

Bulwary and Tczew for the Vistula river, Nowa Wieś Podgórna for the Warta river, Zabuże and 

Wyszków for the Bug river and Ostrołęka and Zambski Kościelne for the Narew river. No 

comparisons were made for the Oder river because all of the corresponding virtual stations relied 

only on data from SWOT. 

RMSE and WRMSE values between SWOT and gauges and DAHITI and gauges do not differ 
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corresponding SWOT reach, and, in this case, RMSE was lower by 0.45 m and WRMSE by 0.37 

m. Although these virtual stations from DAHITI have more observations than corresponding 

SWOT reaches, their temporal resolution is comparable or similar; main difference is that time 
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gauges (Warszawa-Bulwary, Zabuże, Ostrołęka and Zambski Kościelne), where the span of 

available SWOT measurements is shorter, but satellite revisits are more frequent. Nevertheless, 

virtual stations corresponding to Warszawa-Bulwary and Zambski Kościelne had lower RMSE and 

WRMSE values than corresponding SWOT reaches. For the Zabuże gauge, RMSE value of WSE 

measurement was lower for the data from DAHITI and the WRMSE was lower for SWOT. Table 

4. shows the accuracy of WSE measurements from DAHITI for all of the studied locations. 

 

Table 4. Summary of WSE measurements from the DAHITI database 

River Corresponding gauge DAHITI Altimeters Number of DAHITI 

observations 

RMSE 

 (m) 

WRMSE  

(m) 

Spearman  

R 

River 

width  

(m)* 

Vistula 

(Wisła) 

Warszawa-Bulwary Sentinel-3A 24 0.24 0.22 0.94 246 

Vistula 

(Wisła) 

Tczew Sentinel-3B, 

SWOT 

78 0.12 0.11 0.99 278 

Warta Nowa Wieś 

Podgórna 

Sentinel-3A 61 0.1 0.08 0.98 48 

Bug Zabuże Sentinel-3A 26 0.16 0.33 0.93 106 

Bug Wyszków Sentinel-3B 22 0.22 0.23 0.96 127 

Narew Ostrołęka Sentinel-3A 24 0.36 0.27 0.84 80 

Narew Zambski Kościelne Sentinel-3B 17 0.4 0.32 0.65 95 

Comparison of merged SWOT and DAHITI datasets with gauge data also showed interesting 

results. For all studied gauges, RMSE values between the WSE from the combined dataset and the 

gauge are higher than RMSE of WSE between the gauge and the corresponding SWOT reach or 

DAHITI Virtual Station. For this analysis, the bias correction was not applied, because its value 

was different for SWOT and DAHITI and also to test how the lack of bias correction impacts the 

results. As a result, the bias is visible in most time series. For example, an evident bias for both 

SWOT and DAHITI measurements is visible for the Nowa Wieś Podgórna gauge (Figure 18), for 

which the RMSE value is also the highest and the R value is the lowest (Table 5). Different SWOT 

and DAHITI biases have also caused lower, when compared to SWOT only measurements (Table 

2), R values for the Zambski Kościelne gauge (Table 5). For gauges, where the bias was smaller or 

the difference between SWOT and DAHITI bias was smaller, for example, Zabuże (Figure 19), 

Tczew (Figure 20) or Wyszków gauges, the RMSE values are also lower, and R is relatively high 

and comparable with correlation values obtained by comparing the bias-corrected SWOT and 

DAHITI data separately. The highest correlation value of R = 0.99 for the Tczew gauge seems to 

be the result of relatively small differences between the biases from SWOT and DAHITI, because 

for the corresponding virtual station DAHITI data comes from both Sentinel-3 and SWOT. The 

total number of observations for this station (80) is also very similar to the number of observations 
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for this station from DAHITI (78), because most SWOT and DAHITI WSE measurements for this 

station overlap. Summary of all the measurements from the combined dataset is presented in Table 

5, and the comparison of WSE measurements between the combined dataset and all the remaining 

gauges is presented in Figures A1 to A7 in the Appendix. 

Table 5. Summary of WSE measurements from the combined dataset (SWOT + DAHITI) 

River Corresponding 

gauge 

DAHITI 

Altimeters 

Total number of 

observations 

(SWOT + DAHITI) 

RMSE 

(m) 

RMSE improvement 

when compared to 

SWOT only data 

(Yes/No) 

Spearman 

R 

R improvement when 

compared to SWOT 

only data (Yes/No) 

Vistula 

(Wisła) 

Warszawa-

Bulwary 

Sentinel-

3A 

75 2.24 No 0.62 No 

Vistula 

(Wisła) 

Tczew Sentinel-

3B, SWOT 

80 0.81 No 0.99 No 

Warta Nowa Wieś 

Podgórna 

Sentinel-

3A 

76 3.03 No 0.48 No 

Bug Zabuże Sentinel-

3A 

86 0.47 No 0.92 Yes 

Bug Wyszków Sentinel-

3B 

40 0.79 No 0.94 Yes 

Narew Ostrołęka Sentinel-

3A 

83 0.67 No 0.78 No 

Narew Zambski 

Kościelne 

Sentinel-

3B 

78 1.30 No 0.58 No 

 

 

Figure 18. WSE measurements from the merged SWOT+DAHITI dataset for the Nowa Wieś 

Podgórna gauge 
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Figure 19. WSE measurements from the merged SWOT+DAHITI dataset for the Zabuże 

gauge 

 

 

Figure 20. WSE measurements from the merged SWOT+DAHITI dataset for the Tczew 

gauge 
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7. Discussion 

7.1  Accuracy of SWOT WSE measurements 

With the RMSE being between 0.06 and 2.04 m, WRMSE between 0.06 and 1.83 m for WSE 

measurements, the results seem comparable with results obtained by (Maubant et al., 2025), where 

WRMSE was between 0.14 m and 1.47 m. With a median RMSE = 0.41 m, results seem 

comparable with those achieved by (Halicki et al., 2026), even though simpler processing was used 

and measurements came only from SWOT. Spearman R values are between 0.39 and 0.99, but for 

most gauge-reach pairs R is higher than 0.7, exceptions being Smolice (R=0.39), Strzyżów 

(R=0.54) and Gorzów Wielkopolski (R=0.58) gauges. The cause for the low correlation between 

SWOT measurements and in-situ data for the Smolice gauge is the failure of SWOT measurements 

to detect rapid water level changes between Autumn of 2023 and Spring of 2024. Rather low R for 

the Strzyżów gauge may be the result of a number of outliers, and a bias still present even after 

bias correction. Quite low R for the Gorzów Wielkopolski gauge is caused by a relatively large 

number of outliers in comparison to the low number of observations, caused by the corresponding 

reach being passed by only one SWOT orbit. The only gauge-reach pair with RMSE above 2 m 

and WRMSE above 1 m is the one for Strzyżów, due to reasons already mentioned. For all the 

remaining reaches, SWOT measurements seem accurate, with a low number of outliers. 

It seems safe to suppose that the initial bias in data was caused by the differences in vertical datums 

of SWOT and gauges, as using the same method as (Maubant et al., 2025) to account for these 

differences visibly reduced the bias. Comparing gauge point data with SWOT RiverSP averaged 

for a reach centreline does not seem to cause meaningful differences between those datasets. 

7.2  Accuracy of SWOT Discharge estimates 

The river discharge RMSE values were between 23.25 and 188.52 m3/s, but because larger rivers 

usually also have larger discharges RMSE was more difficult compare, so the emphasis of the 

analysis was put on the R values which are absolute. It is unclear why discharge data was not 

available in the RiverSP product, but it was possible to obtain discharge estimates for 

corresponding reaches from the Level 4 Discharge product, which, according to its description, is 

an aggregate of discharge estimates from the RiverSP product. These estimates were also available 

only for some reaches, and often a much lower number of observations (compared to WSE 

observations) was available. For some reaches (Zabuże, Wizna and Ostrołęka) data from the 

Calibration/Validation phase was available. For the reach corresponding to the Zabuże gauge, this 

extra number of daily observations seems to significantly increase the accuracy of discharge 

estimates. For the remaining reaches, the number of observations is very low, and while the 

available observations usually follow the trend of gauge measurements, with such a limited number 

of measurements, discharge estimation using only SWOT may be problematic. It is also unclear 

why Level 4 Discharge product was available only with estimates unconstrained by prior gauge 

data. 
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While comparison of RMSE values from this study may be problematic due to lack of papers 

utilizing this metric as a measure of SWOT accuracy, the value of correlation between gauge and 

SWOT data can be compared with other studies. Spearman R values for studied reaches range from 

R = 0.6 to R = 0.97, with a median value equal to 0.94, which is a noticeably higher value than the 

median R = 0.73 obtained by (Andreadis et al., 2025). Even when assessing the preliminary results 

prior to applying bias correction also for the discharge estimates, R values were higher than those 

obtained by (Andreadis et al., 2025). The fact that this study used SWOT measurements of the 

highest quality and also didn’t include extensive processing but rather relied on raw SWOT data 

may indicate that since then SWOT products underwent a significant improvement and Level 4 

Discharge Product offers more accurate measurements than the C version of River Single Pass 

Product used in the mentioned study. In their study (Ke et al., 2025), obtained median R = 0.95, 

which is very similar to the median R obtained in this study, however, it was achieved by applying 

a Kalman filter on SWOT data. Nevertheless, the fact that (Ke et al., 2025) used simulated and then 

perturbed SWOT data may suggest that current versions of SWOT Discharge Product, even without 

advanced filtering or processing, allow for acquisition of discharge estimates highly correlated in 

situ data, comparable to expected simulated estimates after extensive filtering. 

In this study, it was also attempted to compare SWOT discharge estimates with other discharge 

products; namely CCI (Climate Change Initiative) discharge project from ESA and SAEM 

(Satellite Altimetry-based Extension of global-scale in situ river discharge Measurements) from 

GRDC (Global Runoff Data Centre). These attempts were discontinued because ESA CCI did not 

contain discharge estimates for any of the studied rivers and the time series of SAEM data ended 

right before availability of the first SWOT measurements. 

7.3  Attempt to utilize the PIXC to increase the accuracy of WSE measurements 

Due to the presence of errors (indicated by quality flag) in water level measurements for the studied 

location, large data size and lack of time, the attempt to utilize this PIXC product further was 

abandoned. In most cases, the value of the quality flag was 4 which, according to PIXC Product 

User Guide (JPLD-56411, 2025) means phase_unwrapping_suspect, so the lower geolocation 

accuracy was caused by problems with radar backscatter signal phase processing. Geolocation 

errors in SWOT measurements over this area would explain why the WSE RMSE and WRMSE 

values between Strzyżów gauge on the Bug River and reach were comparably higher even after the 

bias correction, since the Level 2 RiverSP Product is based on the Level 2 PIXC product. 

 

7.4  Comparison of SWOT derived estimates and DAHITI dataset and data 

merging 

Comparison of river water level measurements from the DAHITI database (after the bias 

correction) with the gauge data resulted in RMSE, WRMSE and R values similar to those obtained 

by comparing the SWOT WSE measurements with gauge data. The main difference between these 
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two comparisons is the number of observations and the temporal resolution. In most cases, DAHITI 

data covered the entire gauge time series at the expense of lower temporal resolution of WSE 

measurements. This pinpoints that although the time gaps between subsequent observations from 

SWOT are shorter, the entire time span of data is obviously shorter due to the relatively short time 

since the launch of the SWOT satellite. 

Comparison of RMSE and R values of water level measurements after merging SWOT and 

DAHITI datasets provided an opportunity not only to compare the accuracy of the combined 

dataset but also to show the impact of a lack of bias correction on the measurement accuracy. The 

most obvious insight is that lack of bias correction visibly increases the value of RMSE. The 

Spearman R correlation value seems to be less impacted by the lack of bias correction, because 

even when the water level values are shifted negatively or positively, the overall trend of water 

level changes can still remain well preserved. For some studied gauges (for example Tczew, Zabuże 

or Wyszków) the correlation value was very high, above 0.9. The factor that seems to impact the 

value of the correlation coefficient more is the discrepancy between the bias present in SWOT and 

DAHITI data, for example, for the Nowa Wieś Podgórna or Zambski Kościelne gauges.  

Comparison of river water level measurements from these two datasets without the bias correction 

may give an insight into the accuracy of those measurements on ungauged rivers, where there is no 

in-situ gauge data to correct the bias. Especially for SWOT, because due to the spatial coverage of 

SWOT measurements, the smaller, narrower rivers may also be observed by this satellite. In 

general, when the differences in bias between the SWOT and DAHITI measurements are relatively 

small, the trend of water level changes seems to match the gauge measurements well. The 

combination of SWOT and DAHITI databases extends the temporal span of the data series and 

makes the water level observation more frequent at the expense of lower accuracy, with the RMSE 

in some cases exceeding 1 m. 

7.5  Limitations and prospects 

This study presents several limitations possessed by the SWOT mission and its products. One 

obvious limitation, present in all satellite products, is the temporal resolution. Even though SWOT 

revisit time is shorter and the use of swath scanning allows for more data overlap and shorter time 

gaps when compared with other altimeters (as was visible in comparison of SWOT data with the 

data from DAHITI database), the gaps between measurements are still present. It can be seen that 

for both WSE and discharge estimates, SWOT sometimes fails to detect rapid changes of those 

river parameters. This may make it difficult or impossible to detect extreme changes in water level 

and discharge which may occur before flooding events, which limits the use of SWOT for detection 

of those rapid events. A solution to this limitation may be use and combination of data from larger 

number of satellites. The fact that SWOT was able to conduct daily measurements during the 

Calibration/Validation phase shows that future satellite missions may address the issue of temporal 

resolution even better. According to (Andreadis et al., 2025), SWOT is never going to replace gauge 

measurements, but it may give more insight into rivers which remain ungauged. Spatial coverage 
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of SWOT measurements and temporal resolution may, however, allow for monitoring of other 

events, which do not have such a rapid character as floods, for example detecting drought onsets 

in ungauged basins.  

Because SWOT is a scientific mission which was not designed to provide continuous 

measurements for years, it is expected to provide ~3 years of scientific data. That is a much shorter 

period compared to other satellite missions, e.g. Sentinel or Landsat programmes. Nevertheless, 

the advantage of SWOT lies in the already mentioned higher temporal resolution and larger 

coverage of radar measurements from Ka-band Radar Interferometer. 

The fact that SWOT products and algorithms are still being improved and produced offers the 

prospect of even higher quality of data, they also leave room for some uncertainties. It remains 

unclear why discharge data was unavailable in the RiverSP Product but could be obtained from the 

Discharge Product, which is supposed to aggregate data from Level 2 RiverSP Product. At the time 

of writing this thesis, only the unconstrained branch of the Level 4 Discharge Product was available 

(https://www.earthdata.nasa.gov/data/catalog/pocloud-swot-l4-hr-dawg-sos-discharge-v3-

3#overview ), and the constrained version, constraining discharge values to in-situ values at studied 

rivers, with presumably higher accuracy, is not available to download from the NASA Earthdata 

portal. It is unclear when the constrained version of the SWOT Discharge Product is going to be 

available because such information is not given in any of the SWOT documentation or related 

articles. 

8. Conclusions 

This study evaluated the accuracy of WSE and river discharge estimates for a total of fifteen SWOT 

river reaches on five major rivers in Poland. The studied period was from November 2022 to 

November 2024, but in most cases, SWOT data was available from July 2023 onwards. Finally, 

data for SWOT reaches from SWOT Level 2 RiverSP and Level 4 Discharge products were 

compared with in-situ gauge measurements obtained from IMGW. SWOT river water level and 

discharge measurements show high accuracy when compared to gauge data for studied rivers, with 

median water level RMSE = 0.41 m and WRMSE = 0.3 m, median river discharge R of 0.94 and 

median river discharge RMSE of 68.36 m3/s. Even though the accuracy (lower WRMSE values) is 

generally higher for wider rivers, even for rivers narrower than 50 m, SWOT measurements yield 

WRMSE lower than 0.5 m, except for the Strzyżów gauge on the Bug River. Due to temporal 

resolution, SWOT sometimes fails to detect rapid changes in both WSE and discharge. When 

comparing SWOT data with in-situ data, it is crucial to acknowledge differences in vertical datums 

which may contribute to measurement bias. It is also noteworthy that even Level 2 products still 

contain outliers and errors, and data inspection and further processing or filtering may be necessary 

in some cases. Nevertheless, even with bias present, for most studied locations SWOT estimates 

match the gauge trends of water level and discharge changes, which results in high R values 

between them. This shows that SWOT may be a useful tool for monitoring ungauged rivers, but 

https://www.earthdata.nasa.gov/data/catalog/pocloud-swot-l4-hr-dawg-sos-discharge-v3-3#overview
https://www.earthdata.nasa.gov/data/catalog/pocloud-swot-l4-hr-dawg-sos-discharge-v3-3#overview
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this topic still needs to be studied more thoroughly. The attempt to increase the accuracy of WSE 

estimates even further by utilising the PIXC Pixel Cloud Product was finally unsuccessful. Due to 

errors in SWOT water level measurements over the studied reach, the utilized workflow yielded 

no results. Because processing time was very long and PIXC data size corresponding to even one 

reach was large, this workflow was not continued for other studied SWOT reaches. The last aim of 

this thesis was successfully accomplished by comparing SWOT measurements with a different 

altimetry product (DAHITI). The results of this comparison showed that both datasets seem to be 

mostly in line, but comparing or merging them also needs to account for different measurement 

biases, which have to be taken into consideration. Main limitations of this study come from the 

rather short available SWOT data series, which did not allow for longer time series analysis. Its 

temporal resolution also limited the number of available observations, especially for reaches that 

were overpassed by fewer SWOT orbits. Limited computational resources and time did not allow 

for more extensive use of locally optimized workflows in order to improve the accuracy of WSE 

estimates using PIXC Product. The use of a more powerful workstation in the future could make 

this part of the analysis more feasible. This thesis also mainly focused on comparison of SWOT 

measurements with gauge data, not fully utilizing the spatial characteristics of SWOT data. This 

leaves room for further studies, for example utilizing SWOT measurements covering narrower, 

ungauged rivers. 
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10. Appendix 

A, Comparison of combined SWOT+DAHITI water level dataset with gauge data for major 

Polish rivers  

 

Figure A1. WSE measurements from the merged SWOT+DAHITI dataset for the Warszawa-

Bulwary gauge station.  

 

 

Figure A2. WSE measurements from the merged SWOT+DAHITI dataset for the Tczew 

gauge station. 
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Figure A3. WSE measurements from the merged SWOT+DAHITI dataset for the Nowa Wieś 

Podgórna gauge station. 

 

 

Figure A4. WSE measurements from the merged SWOT+DAHITI dataset for the Zabuże 

gauge station. 
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Figure A5. WSE measurements from the merged SWOT+DAHITI dataset for the Wyszków 

gauge station. 

 

 

Figure A6. WSE measurements from the merged SWOT+DAHITI dataset for the Ostrołęka 

gauge station. 

 



IV 

 

 

Figure A7. WSE measurements from the merged SWOT+DAHITI dataset for the Zambski 

Kościelne gauge station. 
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