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Abstract: Hydrodynamic models can provide accurate and detailed information about spatial extents of 

flood events. Their success depends on reliable calibration and validation data to fine-tune the model and assess 

the results. Earth observation data are often included in this process. Optical data such as Landsat, MODIS and 

more recently Sentinel-2 imagery are often used for this purpose and have proven their success at mapping the 

extent of open water. Identifying flooded vegetation is possible, but more complex. Another challenge is that 

flood events are often associated with cloud cover, which can greatly reduce the quantity and quality of flood 

maps that can be derived from these sensors. Synthetic Aperture Radar (SAR) instruments are not affected by 

cloud cover, and their backscatter signal is influenced by the land and water that they interact with. The 

Sentinel-1 SAR sensor is often used to map flood extent, which it does successfully for large, open and smooth 

water bodies. This study investigates the capability of the Landsat, Sentinel-2 and Sentinel-1 sensors at 

identifying flooded vegetation, which is then combined with open water flood extent. The agreement of these 

flood maps with the extents produced from a hydrodynamic model are assessed, along with the more traditional 

open water flood maps.  The results show a better agreement between the Landsat/Sentinel-2 flood extents and 

the hydrodynamic model when flooded vegetation is included. There is a small improvement in agreement 

between the Sentinel-1 water maps and the hydrodynamic model when flooded vegetation is included, however 

the commission errors can increase substantially. 
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1. INTRODUCTION 

Flood events are becoming more frequent and more extreme around the world (Berghuijs et al., 2017), requiring 

increased attention to methods for flood mitigation and monitoring (Lerat and Vaze, 2025). While 

hydrodynamic (HD) models may be slow to run and require large computing resources, they can produce 

accurate results at a high spatial resolution and frequent temporal scale (Teng et al., 2017). Achieving these 

good results requires quality calibration and validation information about flood water height and extent, 

through the use of stream flow observations and water extent derived from Earth observation data. Earth 

observation data can provide quality information about water extent over large areas at discrete points in time 

(Pekel et al. 2016), however the more commonly used optical remote sensing data (e.g. Landsat, MODIS and 

Sentinel-2) are affected by cloud cover. This greatly reduces the volume of quality images that can help in the 

assessment of HD models.  

Despite the influence of cloud cover on optical remote sensing imagery, cloud-free data has been successfully 

acquired and used to map flood events around the world (Brakenridge and Anderson 2006). One of the more 

common methods of identifying surface water in optical imagery is to use water indices, such as the modified 

Normalised Difference Water Index (mNDWI; Xu, 2006) or a multi-band water index developed by Fisher et 

al. (2016) (called WI2015). These are successful at identifying open water, but not flooded vegetation, which 

can impact its usefulness in the calibration and validation of hydrological models built around flooded forests 

and wetlands. To help overcome this, Dunn et al. (2023) developed a threshold based on the Taselled Cap 

Wetness Index (TCW) that has been calibrated using a selection of wetlands. Lymburner et al. (2024) uses the 

relationship between the Landsat and Sentinel-2 Shortwave Infrared bands and persistent canopy cover for 

successfully identifying flooded wooded wetlands. 

Synthetic Aperture Radar (SAR) sensors use microwave wavelengths, hence are not affected by cloud cover. 

The SAR backscatter is relatively low over large, calm open water, enabling the identification of surface water 

(Bioresita et al. 2018). The co-polarised bands (i.e. HH = horizontally transmitted and received signal, and VV 

= vertically transmitted and received) are generally found to provide a better estimate of inundation extent, 

with HH considered to be the best of the two (Grimaldi et al., 2020). However, in certain cases the cross-
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polarised band performs better (Ticehurst et al., 2023). The Sentinel-1 SAR has been operational since 2016, 

acquiring data every 6–12 days (although this frequency reduced when Sentinel-1B ceased to operate in 2022) 

at a near-global scale. It has been shown to be able to identify large flood events (Twele et al, 2016). However, 

its C-band wavelength (~5.6cm) means it has difficulty identifying shallow flood water due to its rough surface 

(Ticehurst and Karim, 2023), and the SAR signal can be attenuated in dense overhead vegetation.  

Severe floods have affected the Richmond catchment in the Northern Rivers region in northern NSW 

(Australia) in recent years, including an unprecedented event in February/March 2022, which severely 

impacted the city of Lismore. This provided the catalyst for developing a hydrodynamic model for the 

Richmond catchment, and the collection of all available Earth observation data to assist in this process. HD 

models have been often assessed using open water extent derived from Earth observation data (Karim et al. 

2024). However, in heavily vegetated areas, the water extent derived from Earth observation data without 

accounting for flooded vegetation can limit its usefulness in assessing HD models. This study investigates the 

agreement between the HD model water extents and those derived from Earth observation sensors, when 

deriving open water alone and open water plus flooded vegetation. It investigates water extent derived from 

optical remote sensing data (Landsat and Sentinel-2) as well as Sentinel-1 SAR. 

2. DATA AND METHODS 

2.1. Study area 

The Richmond catchment in the Northern Rivers region is located in the northeast of NSW (Australia) (Figure 

1). The study area is centred around the township of Coraki in the lower section of the catchment and covers 

150,000 ha. This is the location where the Wilson River, which runs through the city of Lismore, meets the 

Richmond River downstream from Casino. The Bungawalbyn Creek joins the Richmond River a further 8 km 

downstream from this junction. The study area consists mostly of agricultural areas used for farming livestock 

and growing crops. Approximately 30% of the study area is forested including national parks and state forests 

as well as important wetlands. 

 

Figure 1 Study site shown on Google Satellite background, including major streams. The inset shows the location 

of the study site in red box 

2.2. Hydrodynamic model 

The 2-dimensional MIKE 21FM hydrodynamic model was used to model flood extent in the Richmond 

catchment. Rather than using observed streamflow at multiple point locations, the model uses hourly spatial 

rainfall to generate spatial runoff across the catchment (Vaze et al., 2025). The model was used to generate 

water velocity and water depth for five flood events: December 2007–January 2008 (with a 1 in 8 year return 

period); May–June 2009 (with a 1 in 12 year return period); January–February 2013 (with a 1 in 4 year return 

period); March–April 2017 (with a 1 in 21 year return period); and February–April 2022 (which was maximum 

on record). Water velocity and water depth was estimated for every 10 m x 10 m grid cell at 3-hourly intervals. 

A comparison of the modelled and observed water levels at the streamflow gauge at the centre of the study site 
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(flow gauge number 203403 at Coraki) has an R2 and Nash-Sutcliffe Efficiency (NSE) of 0.988 and 0.960 for 

the 2017 flood event, and an R2 and NSE of 0.983 and 0.923 for the 2022 flood event (Vaze et al., 2025). 

The modelled flood events for 2017 (26 March to 15 April) and 2022 (20 February to 15 April) are compared 

to the Earth observation data in this study. Modelled water extent is defined as water depth greater than 0.05 m. 

2.3. Landsat and Sentinel-2 data 

Landsat and Sentinel-2 data are available through Digital Earth Australia (DEA; 

https://www.ga.gov.au/scientific-topics/dea/dea-data-and-products) in an analysis ready format, meaning they 

are spatially consistent through time and have been atmospherically corrected as well as normalised for sun 

angle effects. Landsat 8 and 9 Operational Land Imagers are currently operating at full capacity, and each 

provide data every 16 days at a spatial resolution of 30 m, while Sentinel-2 (from sensors A and B) provide 

data every five days at a spatial resolution of 10–20 m, depending on the wavelength. All available Landsat 

and Sentinel-2 data were inspected for the 2017 and 2022 flood events, however cloud cover greatly reduced 

the number of quality images.  

The mNDWI (Xu, 2006) was used to create maps of open water extent (referred to as ‘open water’ (OW)), 

with values above zero defined as water. The Tasseled Cap Wetness Index (TCW) was used to identify flooded 

vegetation using the method of Dunn et al. (2019). The TCW is good at identifying flooded vegetation, however 

it can also misclassify cloud shadow, terrain shadow and heavily vegetated areas as flooded. To reduce this 

error, additional masking was applied to the Landsat and Sentinel-2 water maps to remove areas unlikely to 

flood (i.e. uplands and steep terrain as identified in a Digital Elevation Model (DEM)) as well as areas where 

vegetation was too dense to detect flood water (identified where the Normalised Difference Vegetation Index 

was >0.8). A variable Shortwave Infrared (SWIR-2) threshold was used to mask pixels likely to be vegetation 

canopy shadow (using the values of Lymburner et al., 2024). The areas of flooded vegetation were added to 

the open water flood maps (referred to as ‘open plus flooded vegetation’ (O+FV)). Clouds and cloud shadow 

were masked from the images using the standard fmask band accompanying each image. In some cases, clouds 

and cloud shadow was not always captured in the cloud/cloud shadow mask, so these were manually excluded. 

2.4. Synthetic Aperture Radar data 

Sentinel-1 backscatter data are available through the European Space Agency data hub 

(https://dataspace.copernicus.eu/). The Sentinel-1 data are captured over the same area every 12 days using its 

standard acquisition mode. These were processed to an analysis-ready format (radiometrically corrected and 

orthorectified) of normalised radar backscatter (Gamma nought), as well as filtered to reduce speckle effects. 

The Sentinel-1 data have a pixel size of 10 m x 10 m and are dual polarised with a VV and VH band (V=vertical 

and H=horizontal). 

To identify open water in the Sentinel-1 images the cross polarised band was used (i.e. VH). A low backscatter 

threshold (automatically derived within each image using the OTSU algorithm (Otsu, 1979) over a permanent 

water body) was used to extract open surface water, and small ‘clumps’ of pixels (i.e. less than 100 pixels) 

removed as these are often misclassified as water bodies. A DEM was used to mask the upland areas and the 

Height Above Nearest Drainage method (HAND; Nobre et al., 2011) was used to exclude steep terrain since 

these areas are unlikely to flood. These flood maps are referred to as ‘open water’ (OW). 

Flooded vegetation often has a strong double bounce response in SAR imagery, leading to an increase in 

backscatter for the co-polarised bands (i.e. VV for Sentinel-1). This increase was found to be minimal in the 

Sentinel-1 imagery for the study site, so a non-flooded image was used to help detect areas where there was an 

increase in backscatter from the dry to flooded images. A trial-and-error process was used to select a threshold 

to identify flooded vegetation. Like in the open water image, small clumps of pixels (less than 100 pixels) were 

removed, and the DEM and HAND were used to mask upland areas and steep terrain respectively. The 

remaining areas were added to the open water images to create the ‘open plus flooded vegetation’ (O+FV) 

flood maps. 

2.5. Hydrodynamic model and Earth observation comparisons 

Table 1 shows all the water maps derived from Earth observation data that were compared with the HD model. 

The Earth observation data selected for comparison with the HD model were (mostly) free of cloud and had 

(near) full coverage of the study site. The Earth observation results used in these comparisons were for both 

the ‘open water’ (OW) flood maps and the ‘open plus flooded vegetation’ (O+FV) flood maps. Each row shows 

the date and time of the HD model, and the Earth observation image it was compared to. The green cells show 

an additional comparison between the Sentinel-2 and Sentinel-1 data (which only had partial coverage of the 

study site) acquired on the same date (but different time).  

© MSSANZ and The Authors, CC-BY 0764



Ticehurst et al., Add flooded vegetation to Earth observation water maps for HD models 

 

The HD model water extent was compared to the ‘open water’ (OW) and ‘open plus flooded vegetation’ 

(O+FV) for all the non-coloured rows in Table 1. The producer’s accuracy, user’s accuracy and F1 score 

(Maxwell and Warner, 2020) was used to assess agreement between the two flood maps. For this study, the 

producer’s accuracy, ranging from zero to one, is an indication of omission errors. (i.e. values near zero mean 

the Earth observation flood maps missed a lot of water compared to the HD model). The user’s accuracy 

indicates commission errors (i.e. values near zero mean the Earth observation flood maps identified a lot more 

water compared to the HD model). The F1 score is a function of the producer’s and user’s accuracies with 

values ranging from near zero (poor agreement) to one (perfect agreement). One water map from each sensor, 

acquired during extensive flooding, was also overlaid onto the HD model for a spatial comparison. 

Table 1 Date and hour (in brackets) of acquisition of Earth observation images and Hydrodynamic (HD) model 

water extents used in comparison analysis. The green row shows the two Earth observations that were compared 

HD model Landsat Sentinel-2 Sentinel-1 

2017-04-07 (09) 2017-04-07 (10)   

2022-03-03 (06)   2022-03-03 (05) 

2022-04-01 (12)  2022-04-01 (11)  

2022-04-05 (09) 2022-04-05 (10)   

2022-04-08 (06)   2022-04-08 (05) 

2022-04-11 (09)  2022-04-11 (10)  

  2022-04-01 (11) 2022-04-01 (05) 

3. RESULTS 

3.1. Open water and open-plus-flooded-vegetation comparisons with the Hydrodynamic model 

Table 2 shows the F1 scores along with the producer’s and user’s accuracies for the six Earth observation flood 

maps compared to the HD model for open water (OW) and open plus flooded vegetation (O+FV). A spatial 

comparison of the HD model with Landsat (Figure 2a and b), Sentinel-2 (Figure 2c and d) and Sentinel-1 

(Figure 2e and f) show where these main differences occur. The results show a large improvement in agreement 

when O+FV is used instead of just OW for the Landsat and Sentinel-2 flood maps. There is a much smaller 

improvement in agreement when O+FV is used instead of OW for Sentinel-1.  

While the F1 score increases between the OW and O+FW comparisons, the user’s accuracy reduces for all six 

examples. This is indicating that the Earth observation data are identifying water in areas where the HD model 

isn’t. For the Landsat and Sentinel-2 data, this difference occurs around the edges of wetlands or in agricultural 

areas where soils may be saturated with water that are not necessarily flooded. For Sentinel-1 this difference 

is scattered across the floodplain and may be more related to the type and amount of vegetation cover rather 

than flood water. Even with the inclusion of flooded vegetation, Sentinel-1 is still more likely to underestimate 

water extent compared to the HD model. 

3.2. Comparison of Earth observation water extents 

One Sentinel-2 image was acquired on the same date as a Sentinel-1 image (2022-04-01), separated by six 

hours. A spatial comparison of the open water extents (OW) shows very similar results (Figure 3a) with a high 

F1 score of 0.85. The producer’s accuracy and user’s accuracy is 0.76 and 0.98 respectively, with the Sentinel-

2 identifying a little more water compared to Sentinel-1. The agreement between the two reduces when flooded 

vegetation (O+FV) is included in the water extent with an F1 score of 0.74. The producer’s and user’s accuracy 

decrease to 0.59 and 0.96 respectively, mainly because Sentinel-1 is not identifying as much flooded vegetation 

as Sentinel-2. This further demonstrates the challenge of identifying flooded vegetation in Sentinel-1 SAR. 
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Table 2 F1 score (with producer’s accuracy / user’s accuracy in brackets) for comparison of Hydrodynamic model 

and Earth observation water extents for open water (OW) and open water plus flooded vegetation (O+FV) 

Date Sensor OW O+FV 

2017-04-07 Landsat 0.55 (0.40/0.87) 0.69 (0.64/0.74) 

2022-04-05 Landsat 0.67 (0.56/0.84) 0.77 (0.77/0.78) 

2022-04-01 Sentinel-2 0.76 (0.67/0.88) 0.85 (0.88/0.83) 

2022-04-11 Sentinel-2 0.47 (0.32/0.87) 0.64 (0.56/0.75) 

2022-03-03 Sentinel-1 0.73 (0.56/0.99) 0.76 (0.62/0.97) 

2022-04-08 Sentinel-1 0.45 (0.30/0.94) 0.54 (0.48/0.61) 

4. DISCUSSION AND CONCLUSION 

Flood maps derived from Earth observation sensors are often used as an independent data source for assessing 

HD models. Agreement between the two gives greater confidence in the overall results. Inclusion of flooded 

vegetation in flood maps derived from Landsat and Sentinel-2 data showed an improved agreement when 

compared to the HD model results for the same dates (and similar times). There was less improvement when 

flooded vegetation was included in the Sentinel-1 flood maps when compared to the HD model. This was also 

found when Sentinel-1 O+FV was compared to Sentinel-2, however there was good agreement for open water 

between Sentinel-1 and Sentinel-2 for the common date. 

Using TCW with the method adopted by Dunn et al. (2023) is an effective way of identifying flooded 

vegetation, however caution needs to be applied when using it due to the potential of high commission errors. 

Any dark pixels such as residual cloud shadow, steep terrain, and vegetation canopy shadow can be 

misclassified as water. This is why the method adopted in this study applied a multi-layered mask so that only 

the areas likely to flood were considered in the TCW algorithm. 

The antecedent conditions as well as stage of a flood event will influence the accuracy of the Earth observation 

data for identifying flood waters, especially in the Sentinel-1 SAR data where areas of high soil moisture can 

affect the backscatter. In vegetated areas this can result in an increase in backscatter which may resemble 

flooded vegetation. There are other, more sophisticated approaches to identifying flooded vegetation in SAR 

data which are worth exploring for this study site. The NovaSAR-1 is an experimental S-band SAR that 

launched in 2019. The CSIRO has a 10% share in this satellite and can task imagery over the Australian 

continent, with a particular focus on hazardous events (Zhou et al., 2020). The NovaSAR-1 sensor has a longer 

wavelength than Sentinel-1 (~9cm), with different imaging modes and tasking priorities, making it potentially 

valuable for identifying flood events during cloudy periods. Preliminary work has shown that NovaSAR-1 can 

successfully identify flooded vegetation using its HH polarised band. Further research is required to determine 

if this is due to the longer wavelength, the steeper viewing angle (reducing the amount of vegetation to penetrate 

before reaching the ground), or the polarisation of the NovaSAR-1 sensor compared to Sentinel-1 (which has 

a standard acquisition mode that acquires VV and VH polarisation). 

Overall, this study has shown that consideration of flooded vegetation when mapping water extent in Earth 

observation data is important, especially in wetlands and vegetated floodplains. This gives greater confidence 

in the use of Earth observation data for the assessment of HD models. 
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Figure 2 Comparison of Earth observation (RS_water) and Hydrodynamic (HD_water) model water extents from 

Landsat, Sentinel-2 and Sentinel-1. The left-hand column shows Earth observation water extents for open water 

only. The right-hand column shows Earth observation water extents for open water plus flooded vegetation. Image 

date is shown above each image with F1 score in brackets 

 

Figure 3 Comparison of Sentinel-1 (S1_water) and Sentinel-2 (S2_water) water extents for (a) open water and (b) 

open plus flooded vegetation. Image date is shown above each image with F1 score in brackets 
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