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Main references related to discharge inference with SWOT, models. On equifinality issues : [Garambois-Monnier, AWR’15], [Larnier-Monnier-Garambois et al., IPSE’20]. On identifiability capabilities :
[Brisset-Monnier-Garambois et al., AWR’18]. On accurate flow solvers : [Monnier-Couderc et al., AWR’16]. On algorithm evaluations : [Tuozzolo et al. GRL'19], [Frasson et al., WRR’21]. Latest version of HiVDI and codes :
[Larnier-Monnier, Comput. GeoSc.’23], [Pujol et al., GMD’22]. Model learnt Stage-Fall-Discharge laws : [Malou et al. JOH 2022]. Physical kernels for VDA: [Malou-Monnier, InvPB, 2022]. On complex flows investigations -
applications :[Garambois et al. Hydro. Proc’17], [Garambois et al. JoH’20], [Pujol et al., JoH’20]. On SWOT data segmentation-filtering : [Montazem et al., GRL'19]
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