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ABSTRACT 

 

Satellite remote sensing observations offer unique 

possibilities to monitor, understand and predict hydrological 

hazards, particularly in ungauged catchments. In this study, 

we use state-of-the-art multi-mission remote sensing 

observations to update a hydrological model of the poorly 

instrumented Ogooué river in Gabon. We use a conceptual 

rainfall-runoff model forced with satellite-based climate 

observations; and calibrate the model parameters using an 

aggregated objective function including Sentinel-3 satellite 

altimetry and GRACE/GRACE-FO total water storage. The 

model is used to evaluate flood risk in combination with 

Sentinel-1 water surface extent and flood occurrence maps 

and to simulate the potential impact of climate change on 

the rainfall-runoff processes in the catchment. 

 

Index Terms— Flood, catchment hydrology, surface 

water extent, water surface elevation, altimetry 

 

1. INTRODUCTION 

 

Rivers are at the source of significant hazard records, 

including floods, which can have detrimental human and 

material consequences [1]. Climate change is further 

altering flood patterns globally [2]–[4][4]. Thus, accurate 

representation of river dynamics is of paramount importance 

to hydrological hazard predictions. Numerical models are 

highly useful tools to support better understanding of land-

surface processes as well as informed decision-making. 

They are a key step in forecasting and predicting 

vulnerability to change. However, hydrological models 

require significant data volumes to ensure the natural system 

is adequately represented. In many river catchments, 

monitoring is insufficient [5]. In those cases, remote sensing 

observations are playing an increasingly important role both 

– both as a supplement to in-situ observations and in some 

cases, the only alternative.  

Several components of the water balance can now be 

directly observed or derived from space observations: 

evapotranspiration, soil moisture, total water storage change 

and water levels are available from e.g. optical and radar 

imagery, gravimetry and altimetry [6], [7]. Several of these 

can be integrated in hydrological models and used to 

improve state or parameter estimates. The uptake of publicly 

available remote sensing observations into model 

frameworks is in many cases a significant step in achieving 

accurate simulations. The volume and accuracy of remote 

sensing observations is ever increasing, offering new 

possibilities for improving and extending existing uptake 

frameworks. 

In this study, we demonstrate how multi-mission remote 

sensing observations can be used to optimize hydrological 

hazard predictions. We update an existing rainfall-runoff 

model of the Ogooué river using Sentinel-3 WSE and 

GRACE/GRACE-FO total water storage. The model is then 

forced using climate factors to simulate expected climate 

change impact on the runoff generation in the basin. By 

correlating flood maps and model simulations, a better 

understanding of hazard risk in the catchment is expected. 

 

2. STUDY AREA 

 

The Ogooué river in Gabon is used as the case study. The 

Ogooué is the fourth largest river in Africa by discharge 

volume, however only limited historic precipitation and 

discharge observations are available [8]. Due to its lack of 

in-situ observation networks, the river is a good study area 

for using remote sensing observations in hydrological 

monitoring and modelling. Furthermore, the river is a good 

satellite altimetry target, with previous studies showing 

good results comparing in-situ and satellite-based WSE [9]. 

The Ogooué is prone to floods, largely driven by 

precipitation [10], which have caused significant damage in 

fall 2019 in the Moyen Ogooué and in November 2020, 

gravely hitting the town of Lambaréné. Hydraulic 

constructions are considered to mitigate the impact of floods 

on local populations (channeling or damming the river), but 

also as part of national development plans. The 

discontinuation of hydrological monitoring programs since 

the 1980s constrain the understanding of change impacts on 

the basin [10]. 

Remote sensing observations can play an important role 

on several fronts: simulating future predicted discharge, 2) 

evaluating the impact of dam building on natural floods and 

3) better understanding of floods through altimetry and 

satellite images, potentially supporting flood forecasting and 

response. 
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3. DATA AND METHODS 

 

3.1. Sentinel-3 altimetry 

 

We derive Water Surface Elevation (WSE) from Sentinel-

3A and Sentinel-3B radar altimetry processed on the ESA 

Grid Processing on Demand (GPOD, 

https://gpod.eo.esa.int/) using the Samosa+ retracker [11]. 

The processing follows the workflow described in [12]. The 

dataset is referenced to the EGM2008 geoid, and therefore 

the long-term mean must be subtracted before comparison to 

the simulated channel depth. 

 

3.2. GRACE/GRACE-FO Total Water Storage (TWS) 

 

Monthly total water storage anomaly observations are 

obtained from the JPL mascon (mass concentration blocks) 

surface mass change solution. The Ogooué is covered by 

two mascons. The JPL RL06M Version 2.0 dataset used in 

this study [13]–[16] combines observations from GRACE 

(April 2002-June 2017) and GRACE-FO (June 2018-

present). Time series are produced for the Eastern and 

Western part of the Ogooué following the mascon frontier 

[8]. The GRACE/GRACE-FO Mascon data are available at 

http://grace.jpl.nasa.gov. 

 

3.3. Surface Water Extent (SWE) 

 

Surface water extent and dynamics can be mapped and 

monitored using imagery acquired by spaceborne optical 

and Synthetic Aperture Radar (SAR) imagery. While cloud 

cover may impede the use of optical data (e.g., Landsat and 

Sentinel-2) in tropical regions and during flooding events, 

then SAR data (e.g. Sentinel-1) can be collected in all-

weather conditions. Sentinel-1 time series are well suited for 

classifying and monitoring changes in surface water as the 

specular reflection properties of calm water surfaces will 

appear dark in the resulting SAR imagery, and in contrast to 

the land surface which has a more diffuse reflection and 

hence brighter appearance [17]. The SWE map is used to 

select Sentinel-3 altimetry observations over water. 

All Sentinel-1 images over Ogooué from 2018 to 2020 

will be acquired and the workflow for monitoring surface 

water extent dynamics (incl. flood occurrence) includes pre-

processing, classification, and post-processing steps. In the 

pre-processing step, precise orbit vectors and range-Doppler 

terrain correction is applied to obtain a georeferenced SAR 

image. To exploit the difference in backscatter from water 

and non-water surfaces a trained logistic regression model 

will be used to convert the backscatter values into a water 

probability score. A thresholding approach is subsequently 

used to convert the probability into a binary water/not-water 

classification and followed by a simple sieve filtering 

technique to reduce some inherent speckle noise.  

 

3.4. Rainfall-Runoff model and calibration 

 

We use the conceptual rainfall-runoff model of the Ogooué 

presented in [8]. The model framework is based on the work 

of [18]. [8] expanded the model structure to represent 

tributary processes, deep groundwater, and river routing. 

The model is forced using remote sensing observations from 

ECMWF Era-Interim [19] and GPM [20]. The model 

parameters are calibrated using the global search algorithm 

Shuffled Complex Evolution University of Arizona 

algorithm (SCE-UA), as implemented in Python by [21].  

In [8], the calibration objective aggregated performance 

measures for 1) discharge using the a) historical flow 

duration curve b) long-term average daily discharge; 2) 

GRACE total water storage anomaly (TWS); and 3) water 

level from radar altimetry using water surface elevation 

observations from Envisat and Jason-2. Additional data is 

used for model performance and data interpretation. In this 

study, we update the calibration strategy to include new 

GRACE-FO TWS observations and the denser Sentinel-3 

WSE virtual station network. We use a weighted Root Mean 

Square Deviation (RMSD) to evaluate the TWS anomaly 

and WSE simulations against GRACE/GRACE-FO and 

Sentinel-3 respectively. Each residual is weighted by the 

observation uncertainty. In the case of GRACE/GRACE-FO 

uncertainties are included in the dataset ([13]–[16]). For the 

Sentinel-3 virtual stations, the along-track standard 

deviation is used as the observation uncertainty. 

 

3.5. Validation 

 

Validation is typically conducted by comparing the model 

predictive power to “new” observations, i.e. observations 

omitted in the calibration. Due to the lack of contemporary 

observations, and the use of long-term statistical trends in 

the objective function, we use a spatial split sample to assess 

model performance throughout the catchment. Additionally, 

GRACE/GRACE-FO observations from 2017-2020 are used 

for validation. 

 

4. RESULTS AND DISCUSSION 

 

Figure 1 shows the water occurrence frequency for the 

lower Ogooué and water surface elevation time series at two 

virtual stations. The WSE observations from Sentinel-3 are 

selected using the SWE map. Detailed water extent maps 

allow for better selection of suitable altimetry targets 

compared to standard water masks (in this case due to the 

higher spatial resolution). Dynamic and higher resolution 

surface water extent also allow for investigating model 

outputs (i.e. discharge simulations) relative to actual flood 

occurrence. 
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Figure 2 Model performance with and without 

GRACE and altimetry for the four criteria: Flow 

duration curve, daily discharge climatology, water level 

RMSD and total water storage anomaly RMSD 

(C=calibration, V=Validation). 

The effect on model performance from including 

Sentinel-3 WSE and/or GRACE TWS is shown in Figure 2. 

In all cases, the weighted objective falls between 0 and 1, 

which is the accepted interval for a behavioral model. Thus, 

the performance of the individual objectives may be worse, 

but the overall performance is improved, suggesting the 

model structure is more robust overall. There is a clear 

improvement on respectively WSE and TWS simulations 

when including additional information from remote sensing, 

particularly for the former. 

Figure 3 shows the discharge daily climatology and flow 

duration curve at downstream gauging station Lambaréné 

against observations from 1929-1983. The long-term 

statistics are slightly shifted in the second wet season 

(Figure 3). This is consistent with trends in the region, 

which suggest a shift in precipitation patterns in Western 

Africa in recent decades [22].  

Accuracy and robustness are paramount to disaster 

monitoring and prevention. Our results emphasize the value 

of the multi-objective calibration and the urgent need for in-

situ monitoring campaigns to support modelling and 

forecasting efforts and to validate remote sensing datasets 

and quantify local uncertainties.  

 

Figure 3 Flow duration curve and daily climatology 

at Lambaréné station, downstream Ogooué. The 

confidence interval represents the inter-annual 

variability of the observations and simulations. 

 

5. CONCLUSION 

 

Hazard predictions are entirely dependent on reliable 

simulations and monitoring. Climate change is very likely to 

perturb flooding mechanisms. Quantifying the impact of 

climate change on the land surface water balance is 

important to understanding the consequences of future 

hydrological hazards, i.e., floods and droughts. Multi-

mission remote sensing is necessary to bridge the data gap 

in poorly instrumented catchments, such as the Ogooué. 

Combining multiple data sources and observations 

strengthens our understanding of the mechanisms driving 

hazards, bringing us one step closer to operational warning 

systems. As data continuity is ensured through the launch of 

new missions carrying state-of-the-art instruments, models 

can be updated and improved. This increases the value of 

model simulations to support decision making.  

Challenges remain in adequately quantifying 

uncertainties. Possibilities are limited due to lack of 

reference (most often in-situ) observations. An interesting 

perspective may be exploring multi-model ensembles and 

the propagation of input and parameter uncertainties into the 

model outputs.  

Future work will include looking into the relationships 

between upstream WSE and associated discharge 

simulations relative to the downstream flooding patterns 

recorded in the surface water extent maps. 

 

Figure 1 Surface Water Extent (SWE) frequency map for the lower Ogooué using fused Sentinel-1 and Sentinel-

2 and Sentinel-3A and B Water Surface Elevation (a) and WSE time series (b). 
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