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Flood Peak Prediction in Ungauged Catchments (PUCs)
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Applying ML models with satellite input



Study Area: 
Regions in Brazil

We investigate:

a) the performance of ML flood prediction 
models integrated with satellite 
precipitation estimates

b) the transferability/applicability of ML models 
trained in data rich regions for flood 
prediction in ungauged regions. 

Variables Dataset Resolution Reference

Streamflow; static 
catchment 
attributes

CAMELS-US (~670); 
CAMELS-BR (~100)

Spatial: Catchment-averaged; 
Temporal: 2000 – 2014, daily

Chagas et al. 2020; 
Addor et al. 2017; 
Newman et al. 2015

Precipitation IMERG Early Run v6
Spatial: 10km x 10km
Temporal: 2000 – 2014, daily

Huffman et al. 2019

Temperature ERA5 
Spatial: 25km x 25km
Temporal: 2000 – 2014, daily

Hersbach et al. 
2018

Table: Datasets employed noting resolution and sources

Objectives & Application over Brazil
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Globally-applied ML models perform based on hydro-climatic similarities 



❑ Potential for the integration of global satellite precipitation and temperature estimates
with ML models for flood prediction in ungauged basins

❑ The application of the CONUS-trained ML models (HGBR) indicate acceptable flood
prediction performance based on hydro-climatic similarities at global scale

❑ Incorporating 
distributed 
meteorological 
data into ML-
models

❑ Additional 
catchment-
specific 
predictors may 
lead to 
improved 
performance 

WORK-IN-PROGRESS

ML models with satellite input useful for Flood Peak PUCs

Sao Francisco Region, Brazil



We would like to acknowledge high-performance computing support from Cheyenne
(doi:10.5065/D6RX99HX) provided by NCAR's Computational and Information Systems Laboratory,
sponsored by the National Science Foundation.

Addor, N., Newman, A. J., Mizukami, N., & Clark, M. P. (2017). The CAMELS data set: catchment attributes and meteorology for 
large-sample studies. Hydrology and Earth System Sciences, 21(10), 5293–5313. https://doi.org/10.5194/hess-21-5293-2017

Chagas, V. B. P., Chaffe, P. L. B., Addor, N., Fan, F. M., Fleischmann, A. S., Paiva, R. C. D., and Siqueira, V. A. (2020): CAMELS-
BR: hydrometeorological time series and landscape attributes for 897 catchments in Brazil, Earth Syst. Sci. Data, 12, 2075–
2096, https://doi.org/10.5194/essd-12-2075-2020

Hersbach, H., Bell, B., Berrisford, P., Biavati, G., Horányi, A., Muñoz Sabater, J., Nicolas, J., Peubey, C., Radu, R., Rozum, I., 
Schepers, D., Simmons, A., Soci, C., Dee, D., Thépaut, J-N. (2018): ERA5 hourly data on single levels from 1979 to present. 
Copernicus Climate Change Service (C3S) Climate Data Store (CDS). (Accessed on 01-APR-2022), 
https://doi.org/10.24381/cds.adbb2d47

Huffman, G.J., E.F. Stocker, D.T. Bolvin, E.J. Nelkin, Jackson Tan (2019), GPM IMERG Early Precipitation L3 Half Hourly 0.1 
degree x 0.1 degree V06, Greenbelt, MD, Goddard Earth Sciences Data and Information Services Center (GES DISC), (Accessed 
on 01-APR-2022), https://doi.org/10.5067/GPM/IMERG/3B-HH-E/06

Newman, A. J., Clark, M. P., Sampson, K., Wood, A., Hay, L. E., Bock, A., Viger, R. J., Blodgett, D., Brekke, L., Arnold, J. R., 
Hopson, T., & Duan, Q. (2015). Development of a large-sample watershed-scale hydrometeorological data set for the 
contiguous USA: data set characteristics and assessment of regional variability in hydrologic model performance. Hydrology and 
Earth System Sciences, 19(1), 209–223. https://doi.org/10.5194/hess-19-209-2015

Rasheed, Z., Aravamudan, A., Sefidmazgi, A. G., Anagnostopoulos, G. C., & Nikolopoulos, E. I. (2022). Advancing flood warning 
procedures in ungauged basins with machine learning. Journal of Hydrology, 609, 127736. 
https://doi.org/10.1016/j.jhydrol.2022.127736

Acknowledgement & References

Contact us:   zrasheed2014@my.fit.edu |   enikolopoulos@fit.edu | www.hydrores.com

https://doi.org/10.5194/hess-21-5293-2017
https://doi.org/10.5194/essd-12-2075-2020
https://doi.org/10.24381/cds.adbb2d47
https://doi.org/10.5067/GPM/IMERG/3B-HH-E/06
https://doi.org/10.5194/hess-19-209-2015
https://doi.org/10.1016/j.jhydrol.2022.127736
mailto:zrasheed2014@my.fit.edu
mailto:enikolopoulos@fit.edu
http://www.hydrores.com/

