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Abstract. The Amazon basin is undergoing increasing environmental changes, potentially approaching a climatic tipping point
in the coming decades. Understanding how these changes affect watedanent fluxes is key for constraining larggale
biogeochemical cycles, yet conventional hydrological networks lack the spatial and temporal resolution regcitedtely
guantify hydresedimentary budgets.

To address this limitation, we develop iategrated, physically constrained framework combining {tamgn observations,
remote sensing, and hydrologichaydraulic modelling (SWAJTAmazon) to quantify multdecadal hydresedimentary
budgets and investigate how floodplain inundation controls sedidygramics in large Amazonian rivers. Focusing on the
Ucayali River, a major foreland tributary of the Amazon, this study provides the first detailedetongydresedimentary
budgets for the Upper Amazon, distinguishing fine sediment fluxes from cadsl. |

Results reveal a previously undocumented floodptaintrolled sand sedimentation process: during higlters large
floodplain water storage (up to 19.1 [15.3, 22.9] km3, ~38% of discharge) reduceshaaire! transport capacity, capturing

up to 146 [10%, 20%] of the sand flux at peak discharge, while recycling during recession contributes 22% of the total
suspended load at the basin outlet. This dual control partially decouples sediment transport from water disehrsmgean

Ucayali exports 455 4 1 0, 500] I 10 t yr T of suspended sedi ment (
predominantly as sand (65% of total depositidrje riverdelivers 29(J235,345]x1 0 t yr T to the An
sand), making it the dominasédiment source amouige Andean foreland tributarieklncertainty analysis combining Sobol
indices and GLUE simulations shows that, desgitestantiabquifinality among secondary floodplain parameters, sediment
fluxes and associated trapping and recycling fractions remain stable across all behavioural sinBilatgetsaccuracy is
therefore controlled by lonterm, multivariable, multisource obsemations rather than by parameter calibration or model
structure alone.

These findings demonstrate that floodplains control hg@dimentary fluxes in large river systems and act as dynamic

regulators of sediment transport, storage, and recycling, withr ingplications for biogeochemical cycles.
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1 Introduction
1.1 Global contribution of the Amazon Basin

The Amazon basin is massivehotspot for water and matter inputs to the Od&avitski et al., 2005; Martinez et al., 2009;
Mogquet et al., 2016; Jouanno et al., 2021; Louchard et al., 2021, 20@3)ays a key role in global hydbiogeochemical
cycles(Gaillardet et al., 1999; Bouchez et al., 2QX2pable to significantlimpactoceanic biogeochemistfyouanno et al.,
2021; Louchard et al., 2021)ong-term monitoringby the CZO (Critical Zone Observatory) HyBAm (Hydrology of the
Amazon Basinshows that the Amazon River annually discharges 6,500 km?3 of freshwaté&2%%2®f the global total
(Calléde et al., 2010)1,100 16t of suspended sediments (~&ffoglobal riverine outpus) (Santini, 2020) and 27:0° t of
dissolvedmatter(Moquet et al., 2016)~7% of the global fluy. It also influences atmospheric circulation, contributing up to
15% of global continental evapotranspirat{®alati, 1979Soaresrilho et al., 2010Satyamurty et al., 203&nd acts as both
a carbon sikand a greenhouse gas source, contributing substantially to glabed(Richeyet al, 2002; Melack et al., 2004;
Subramaniam et al., 2008/ard et al, 2016;Pangala et al., 201 T;ouchard et al., 2021 Nutrientrich from the Andean
Cordillera, the Aazon hosts 25% of terrestrial species andether tatgdstsrainforeqie.g.Lesack, 1993; Malhi et al., 2008;
Fan and MigueMacho, 2010)

1.2 Role of thefloodplain dynamics

Amazonian floodplains act as dynamic reactors, playing a key role in global water and sediment fluxes. Lateral exchanges
between the main channel and alluvial plains are of the same order of magnitude as the fluxes reaching(Meaat=eah

al., 1985; Mertes et al., 1996; Dunne et al., 138®) dominate the annual floodplain water balgiRuelorff et al., 2014a, b)

Around 30% of peak discharge transits through the floodpRichey et al., 1989; Lininger and Latrubesse, 20d@h highly

variable pathways and residence times (from seconds to months). The flooded areéi d®#rof the basilf5-6 10° kmg2)
(Fleischmann et gl2022) Thus, food dynamicgegulatethe storage and exchange of sediments, nutrients, organic matter,
pollutants, and living organisn{&ufdenkampe et al., 201Lewin et al., 2017)Sediment residence time varies from brief
periods to tens of thousands of yeflistertes et al., 1996; Allen, 2008) dependi ng on the fl ood]
influencing chemical mat uration processes e mgienrbydiiecate t o
weatherindGuyot et al., 2007; Bouchez et al., 20 HEgxural basins adjacent to the Eastern Cordillera trap@%® of Andean
sediment export§Guyot, 1993; Baby and Guyot, 2009; Armijos et al., 2013; Santini et al., 2014; Vauchel et al., 2017; Santini,
2020) Further downstream, sediment balances tend toward efuititbetween deposition and resuspension during flood
recessior{Santini et al., 2014; Espinoaéllar et al., 2017b)t hough i nf |l uenced Alxhes.Downstredmra s i n €
of the AmazorMadeira confluence, floodplains have remained only partially filled since the last-glastiatic lowstand

(~125 m below present sea level) and act asdediment sinks, where large, shallow lakes retain overbank floodwaters
(Tricart, 1977; Fleming et al., 199Bark and Latrubesse, 2017)



65

70

75

80

85

90

95

1.3 Theimpacts ofglobal and local changes

The Amazon Bain is undergoing dramatictransition (Walling, 2006; Malhi et al., 2008; Davidson et al.,12)) facing
pressures from deforestation for agriculture and pasture, reseutcaction, andonstruction ohydroelectric projectéiner

and Jenkins, 2012;atrubesse et al., 201Timpe and Kaplan, 2017; Chdhari and Pokhrel, 2022In recent decades, the
AmazonBasinhasalso been affected by global climate changes, experiencing more frequent extreméefigods 2009,
2012, 2014, 2015) and severe droughtg.(in 2005, 2010, 2023, 2024vith anincreasen theamplitudeof the annual flood
wave(Davidson et al., 2012; Espinoza et al., 2012, 2013; Marengo and Espinoza, 2015, 2016; Nobre et al., 2016; Towner e
al., 2020) Maximum flooding extent alon@pé central Amazon has expanded by Z6¥%ischmann et al., 2023hechanically
impactingk ey processes such .dghswdm@inginduoed hy@dlogicatyaetstgeagsheninig rojected

to continuen the coming decad€Blirabayashi et al., 2013; Langerwisch et al., 2013; Sorribas et al., 2016; Alfieri et al., 2017)
andthe rainforest could reach a tipping polnt the second hatff the centurypotentially converting to savanna, particularly

in the eastern and southern regions, or persisting in a degraded.stajey and Nobre, 2019; McKay et al., 2QZRores et

al., 2024,

1.4 Monitoring challengesand integrated approach

The cascading effects of the ongoing transition in the Ameaoain uncertain, as monitoring is limited, particularly regarding
sediment fluxesSparse measurements, due to high costs and logistical challenges, hinder the establishment of dense, long
term monitoring networks. Such networks are essential to constasistent upstreardownstream mass balances and to
spatialize them at relevant scales. This is particularly important for identifying key processes, especially thosddiekald to
exchange with the floodplain, which are still only roughly estimated.instance, the CZO HyBAm covers just one gauging
station per 160,000 km2 on average. Additionally, sediment budgets in lowlarohsims are challenging estimate
accuratelyastheir order of magnitude isomparable to the uncertajrih sediment lad measuremenge.g. Xiaoging, 2003;
Horowitz et al., 2015; Vauchel et a22017; Gitto et al., 2017; Santini et al., 2019; Santini, 2028rais, 20Q). A significant

portion of the suspended load (up to 70%) consists of very fine saaudsn| et al., 2019; Martinell022) which are difficult

to measure due to their sensitivity to hydrodynamic fluctuations and heterogeneous distribution within the cross section.
Furthermore, the buffering effects of such a large b@alalling, 2006)can mask the impacts on material transfer to the
oceans, requiring lorterm monitoring

The scarcity and heterogeneity of observed data directly reduce the robustness and accuracy of hydrological and sedime
transport models, limiting their ability tapture key processes and to reliably forecast responses to environmental changes.
In response, spatial hydrology has increasingly complementesitu observations in the Amazon, with satellite data,
particularly space altimetry and water color imagingyjig a key role in monitoring water levels and sediment concentrations
(Calmant et al., 20QMartinez et al., 2002015 EspinozaVillar et al., 2013, 2017; Park and Latrubesse, 20Q4)the other

hand hydrological models have also addressed flooding and backwater éifactsazaki et al., @11; Paiva et al., 2013;
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Pontes et al., 201 Biqueira et al., 2038antini, 2020Guilhen et al., 2022Recently, the question of the sediment routing

into semidistributed modelbas been explorgdragundes et al.,021, 2023 Santinj 2020)

However, to date, no study has yet combined remote sensing with modelling to investigate sediment dynamics in detail in the
Amazon. Building on longerm CZO HyBAm conventional observations, this study introduces an intédgratmework

coupling field calibration campaigns, satellite remote sensing, and hydiaudiological modelling to derive procebased
hydro-sedimentary budgets for a major foreland tributary of the Upper Amazon: the Ucayali River. Satellite altiohetry an
satellitederived fine sediment estimates are usedtwsiraina hydrological hydraulic modelling scheme (SWAAmMazon)
simulating water and sand fluxes, with floodplains represented using a simplified reservoir approach.

The objectives are to (uantify longterm hydresedimentary budgets at sbhsin scale, (ii) investigate the impact of
floodplain inundation on water and sediment fluxes, thereby identifying key processes controlling sediment transpqrt, storage
and recycling that remain poortpnstrained by conventional river monitoring approaches, and (iii) distinguish the respective
contributions of fine sediment fluxes, associated with organic matter and pollutant transfer, and sand loads related to rivel
dynamics.

Unlike previous basiscak sediment studies in the Amazon, which largely relied on sparse gauging networks-scdégge
modelling approaches, this framework provides probesed hydresedimentary budgets through mdburce data
integration. Given the key role of sediment dgmics in biogeochemical cycles, it also contributes to improving the
understanding of the Amazon's role in global material fluxes and of the potential impacts of environmental changes on its

hydrology and sediment transport.

15 Casestudy: the Ucayali Bagn

Given the continental scale of the Amazon Basin, this study focuses on the Ucayali River, a major foreland tributary draining
350,000 km2 (49% Andes, 51% plains). Only two HyBAm gauging stations monitor-egdimendry fluxesin this basin

with inconplete records for the study period (198319): one upstream of the lowlands, the other at the basin dirthited

water levels, with some unreliable records, along with a few discharge measurements, are also available from other lowlanc
stationsTheseconstraints make the Ucayali a relevant test sitbdddingthe proposed integrated approgséfore extending

it to other Amazonian subasins.
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2 Integrative strategy

The tailored integrative strategy (Fig. 1) for improving water and sedib@ances relies on a combination of three station
typesin the plain (i) dow-data (or poorly monitorefl conventional stationsharacterized by incomplete and/or inconsistent
datasets(ii) dvirtualdstationsestablished at locations where satelliténatry ground tracks intersect the river mainstem, in

order to enhance the spatial density of the monitoring network through the integration of remote sensing éind;randel

(iii) Gsupebd stations with longem, high-quality datasets, which serve asnbhmarks for calibrating and validating the
integrated approach. This strategyfusther supported by dedicated calibration field campaigktsall stations, water and
sediment fluxes are estimated by integrating remote sensing products and hydratoglieling outputsWater discharges

are simulated using a modifiedrsion of theSoil and Water Assessment Tool (SWAT) mo@ehold et al, 1998), to account

for Amazon flood wave dynamics and attenuation during floadtrig assumed that the river transports two particle groups
(Santini et al., 2019¥ine sedimergand sand(Fig. 1b). Fine sediments (mean diamefere 10- 20 um), primarily silts with

small clay aggregates, behave similarly to passive scalars and their fluxes are not mathettadsport capacity equations.
Instead, fine sediment concentrations at the water surface are derived from satellit¢EspigegaVillar et al., 2012, 2013,

2017; Martinez et al., 2009, 2014jsing an inversion model calibrated withsitu data Whereassuspendedands(mean
diameterQ e 807 120um)transported in graded suspension, are invisible to satellite spectroradiometers due to Mie scattering
(Pinet, 2017) These ranges of mean diameter should be understood as representative values of the dominant PSD mode
rather than striggrain size distributiobounds. Intermediate particle sizes (e.g. coarse silts in fi&320n range) are included

within the fine sediment fraction defined by the| 68 threshold used in the HyBAm monitoring proto¢et¢e Section 3.1)
Depending on their physical properties, coarse silts may either behave as wash load (e.g. aggregates) or exhibit transpc
dynamics cloer to those of very fine sands when rarhesive. This supports a fistder bimodal representation of suspended
sediment transport at the basin scale, consistent with PSD measurements and vertisadegpaiofiles presented in the
Supplementaryaterial (Fig. SL).

Moreover,according to Santini et al. (2019) and Martinelli (2022), observed Rouse numbers (Rouse, 1937) are between 0.2
and 0.8 for this sand fractipinducingconcentrationsear thesurface Therefore, sand loadse modelledusing sediment

transport equations in a new routing module developed in the SWAT model, referred to as/AWeadn(Fig. 1d).
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150 Figure 1: General schematic overview of the proposed methodologPanels (&c) illustrate the integrativapproach (a) Types of
stations. (b) Typical bimodal particle size distribution (PSD)in the large Amazonianrivers, identifying two main size groups: fine
sediments that can be monitored by satellite but not modeHldidezands in graded suspensimvisible to satellites but whose transport
capacity can be modelle@t) Integrated approachcombining remote sensing, modelling, and calibration campai@dnSWAT-Amazon,

a tailored version of the SWAT model for simulating water and sand fllikesmodelling framework consists of a Fortfaaised executable

155 (SWAT-Amazon.exe) and aR notebook Run-SWAT-Amazon.Rmdyused for model runs, simulation analysis, interactive visualization,
sensitivity analysis and calibration with the SWATrunR pacK&ghiirz et al 2019).
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3 Dataset
3.1 Conventional data

This studyrelies onlong-term hydresedimerary flux data from the CZO HyBAn{Guyot et al., 2007; Santini, 2020 the
Ucayali basin, IRD lastitut de Recherche pour le Développememd SENAMHI Gervicio Nacional de Meteorologia e
Hidrologia) have been operating two HyBAm gauging statipbagarto(HyBAm code:10073500 andRequeng10074800
since 200XFig. 2), carrying out82 field campaigns to establish rating cur/dditional sediment moritring was carried out
at Puerto Inca between 2012 and 2016, at a conventional SENAMHI station. Watiediterelrge relationships were also
established at Puerto In¢a0073750) and Pucallpg10074000, where water levels are monitored by port authorifésld
measurement protocols are described in Supplen®@iServed sand fluxesmpiricallyderived from gaugingnd surface

concentratior{Supplemeng3), carry +30% uncertainties, affecting simulatigtatistics.

3.2 Altimetric data and definition of virtual stations

Two virtual stations, JA2683B310R22 (reach 22 on Fig. 2) and S3B3R4 (reach 5), were defined based on the intersection

of satellite altimetry ground tracks (Jason, Envisat, Sentinel) with the maio$tde Ucayali River. These stations provided
satellitederived water level time series used to calibrate the hydrological model. In addition, satellite altimetry was employed
to correct water level records RequenaPucallpa and Contamatiz0074500), the latter being a rarely visited SENAMHI
station without any flow measurements. Altimetry data processing was carried out using HaeagssnVALS (Virtual
ALtimetric Stations) softwareBy summing the virtual stations, thew-datastations (Contamarend Pucallpa), and the long

term CZO HyBAm stations (Lagarto and Requena), the Ucayali sedimentary basin was subdivided into five distinct

compartments to establish hyesedimerdry budgets with the integrated approach.

3.3 Fine sediments monitoring withremote sensing data
3.3.1 Retrieving time series of remotesensed reflectance data

Given the required revisit frequend3i000an), doderateesolltionasatallite i Ri
imagery from MODIS (MODerate Resolution ImagiSgectroradiometer, 250 x 250 m, 1Bpfesent, 12 days) and VIIRS
(Visible Infrared Imaging Radiometer Suite, 375 x 375 m, 2pi&sent, 0.5 days) was used to generate time series of surface
water reflectance (Fig. 1c). Reflectance values in the red ardnfiared (NIR) bands were extracted pixel by pixel from
satellite images using the free software GetMODIS and MOD3R, developed by the CZO HyRBAwas tested and validdte

in various previous studies.@. EspinozaVillar et al, 2017;Vauchel et a].2017) Water masks were applied to the Ucayali
Riverds main cour se nea-t00 pixels peurnabk, lade aiteli stemsswere Tovered, nvishumasks 5
redrawn every 23 years due to river mobility. Collected scenes comprise images sga&uhdy periods, selecting pixels with

the lowest cloud cover and smallest satelii|wing nadir angle.
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3.3.2 Conversion of remotely sensed reflectance fme sediment concentration

Two radiometriccampaigns were conducted in the Ucayali Basin: the first in November 2011 at R@eginazaVillar et

al., 2012)and the second in February 2017 at Lagarto, Puerto Inca, and Pucallpa, spanning three weeks (Santini, 2020). A tote
of 42 surface water sgples were collected to determine total, fine, and sand concentrations. Simultaneously, hyperspectral
field radiometers (TriOS) were deployed following the experimental setup of Mobley (1999), as adapted by Martinez et al.
(2015) for the Amazon Basin. Highequency (1 Hz) hyperspectral measurements of surface water reflectance were obtained
at sampling locations. Relying on this dataset, a unique model for all the Ucayali Basin was fitted betwsedirfinat
concentratiorat the water surfacend the rab of radiometer reflectance in the NIR (8§86 nm, according to the satellite
sensor bands) and red bands {@&® nm)(see Section 5.4)This single relationship is considered applicable along the
mainstem of the Ucayali River in the lowland plain bessagurface reflectance is largely controlled by fine silts of Andean
origin, whose graitsize characteristics and optical properties are relatively homogeneous along the river continuum (Martinez
et al., 2015; Santini, 2020). In addition, the use of speb&ind ratios (NIR/RED), commonly applied to reduce the influence

of these potential variations in optical conditions (Bax et al., 2002; Martinez et al., 2015; Pinet, 2017), supports the

applicability of this relationship at the basin scale consideréus study.

3.3.3 From surface to mean concentration of fine sediments

Due to the considerable depth of Amazonian rivers and the vertical sediment concentration gradient near the surface, the rat
| , relating the channel mean concentration to tiréase index concentration retrieved by satellite, ranges from 1 to 1.8
according to the CZO HyBAm databagel to 12 in the Ucayali) These values are derived from field measurements of
vertical suspended sediment concentration profiles collectedexbstations of the HyBAm observatory across the Amazon
Basin, including the Ucayali River (e.g. Santini et al., 2019; Santini, 208®@stimate along the river network, the models
proposed by Santini et al. (2019) were applied. These models use-tRpeisrmulations constrained by observed
concentration profiles to describe the vertical distribution of suspended sediments as a functiorubf logahditions. They

were parameterized using hydraulic variables simulated by SYWA@&zon.

3.4 Input data for modelling

The study wutilizes the Peruvian I nterpol at dAbabeaal.,2020;f SE
Llauca ¢ al., 2021)to support the development of an operational model in collaboration with the SENAMHI. Potential

Evapotranspiration (PET) was estimated using the Hargre:

Land use data was olitad from the Peruvian Ministry of Environmenwww.geoservidor.minam.gob.pewhile soil

information was sourced from the Harmonized World Soil Databasev(fao.org/soilsportal). The topography layer was
derived from the MultError-Removed Improved errain Digital Elevation Model (MERIT DEMjYamazaki et al., 2017)

resampled from 90 m 800 m for computational efficiency.


http://www.geoservidor.minam.gob.pe/
http://www.fao.org/soils-portal

In SWAT-Amazon, water and sand fluxes can be forced at arypasin via input files. However, no external forcing was
applied in this study. For sand fluxes, we assumed that Andean inflows (basins 3, 8, 9 in Fig @)weened solely by
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4 Tailoring SWAT for water and sedimentflux simulation

SWAT, a semdistributed model with physical and conceptual equations, was chosen for its proven robustness in simulating

hydrological processes in large basins at daily time step. ltsszpeoe Fortran code and extensive user community provide
235 numerouscomplementary modules and tooitowever, SWAT has limitations in modiely water and sediment routing in

large rivers with diffusive flood waves and extensive floodplains. It lacks realistic hydraulic connectivity betweenifieodpla

and the main channgbreventing accurate simulation tife relationships betweemater levels, velocities, and discharges

which arekeys for sediment transport. To address this, a major code modification is introduced below.

4.1 New water routing modules

240 The main channel's trapezoidal creggtion in SWAT was replaced with a rectangular one for consistency with the hydraulic
equations used. Floodplains were represented using simplified rectangular or trieraggdsectiors. Alternativegeometries
weretested during model developmg&antini, 2020) and the selected configuration was retained as the most robust and
parsimonious for large lowlope rivers In this framework, channel geometry parameters represent effective hydraulic
conditions averaged dhe reach scale rather than the instantaneous geometry of a singlseotoms. Although large

245 Amazonian rivers are morphodynamically active and may exhibit lateral migration rates of several terssopenstear,
long-term observations from the HyBw network indicate that stagischarge relationships remain remarkably stable over
time at the mainstem stations. This suggests that flow conditions are primarily controlled byaaacthannel geometry

over the decadal time scales considered here.

4.1.1 Water levelcalculation and state variables

250 The meanwater levelQ(m) is derived from the water volunie(m®) storedin the reactiGat time stepd (beginningof the

simulation day. As long asQ "Q, whereQ (m) is the floodplain activation threshgl@is computed as:
M —, (1)

whered (m) is the main channel widdndYa(m) is the reach lengtiWhen'Q "Q, the floodplain is activatedlistributing
® between the main chanreetd floodplain. If the floodplain crossection is rectangular:

y e
v )

255 Q
where® Q 6 (m) is the fbodplain width andQ (i) a coefficientto be calibratel (the SWAT-Amazonparametersire
given inTablel). For a triangular floodplain crossection,Qdepend®n— (rad), the riverward slope andlgeeSupplement

$4). Finally, state variables such as wetted d@reém?), wetted perimeted (m), and hydraulic radiu® (m) are all derived

from™Q

10
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4.1.2 Dynamic and processequations

In large Amazonian rivers, flow variations over time and space are minimal, leading to a subcritical hydraulichiegcae

be modd#ed using the d Barréde SaintVenant equationgMoussa and Bocquillon, 2009iven the (very) gradual flow
variations(Trigg et al., 2009)the convective and local acceleration terms are negligible, making the diffusicevitave
approximation suitable. When watsurface slope effects are also negligible, the pressure gradient is eliminated, allowing the
use of the kinematic wave equati®WAT-Amazonenables reachpecific selection betwedtinematic wave("Y  "Y),
sutable for steep Andean reaches, aiffusive wave approximatiod’y Y "Y), preferred for lowslope floodplain
reachesvhere backwater effects may occur (e.g. Yamazaki et al., 20Eh)'Y (m nt?) the energy gradierfor friction slope)

Y (m n?) the bed slopand"Y (m n1%) the watersurface slopeWhen the diffusive wave model is uséd, is assesseds
follows:

“Y ﬁ ﬁ . (3)

The reackaveraged velocitp (m s?) and dischargé (m® s?) are then calculated using the GauckWanningStrickler

(GMS) friction equatior{Hager, 2005)

0 6:0 6F— Yi . 4)

In the present study, the diffusive wave formulation was applied throughout the river network in order to account foeackwat

effects in the lowslopereaches of the Ucayali River.

4.1.3 Continuity equation and water storage in thereach

At the end of thealculationtime step§ Y0), ®in reach'Gs updated as:

oY ® 0 0 Y o o o, (5)
wherew (md) is the volume lost to evaporatiai, (m®) is the volume infiltrated into thensaturated water table aad (m?)

is the runoff (surface, subsurface, and baseflow) reaching the Tiveromputationof &, w andw follows the standard
SWAT model. The updated volunde ¥ is then used to determif@ ¥ for the next simulation step.

Although SWAT simulations are reported at a daily time step, river routing is internally solved atailguime step
dynamically determined bithe CouraritFriedrichg Lewy (CFL) stability condition. The routing module automatically adjusts
the internal time step to sdtighe CFL criterion and ensure numerical stability (Bates et al.,)2@Hily outputs therefore

correspond to the model statetfze end of each simulation day.
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4.2 New module for sand sedimentrouting.
4.2.1 Sandload andconcentration in thereach

At the beginning of the simulation dapgtsuspendedand concentratiod (t n) in thereach'(s:

6 i b, (6)

where (t) is the sand volume stored in the redarthe main channel onlirhedaily suspendegand load) (t d), taking
Yo= 86,400 sis then

0r 0 6fYo, @)

4.2.2 Transport capacity evaluation

Selecting appropriate transport capacity equations for deegrkient rivers is crucial, as most were derived from laboratory
studies under opposite conditions (steep slopes, shallow water, uniform flow). The physicallChasatn and Larson
(2005, 2008)models for norcohesive sands were chosen for their calibration with extensive global datadegtsoven
applicability in large tropical river§Camenen et al., 2014 these models, he transport capacity’ (t d) for suspended
sandss evaluatedas a function ofhe Rouse number (i), which defines the concentration profile exponential shape a

nearbed reference concentration (m® m®), which determines its magnitude
0 6° — p ADDod 0 i Yo, (8)
wherei is the relativesanddensity The Rouse numbesummarizes the equilibrium between grain settling velatitym s?)

and turbulencénduced lift, related to the shear veloaity(m s?), weighted by the sedimein-eddy diffusivity ratid  (1):
0 i ©)

h z

wherell is the Von Karmén constarithe Soulsby (1997) law is used for estimating sand grain settling velocjiyivolving

the grain siz& (m) of thesuspended sandBhe shear velocitis calculatedusingthe depthkslope product:

0. QY Yy (20)
where"Q(m s?) isthe gravitational acceleratiofihe diffusivity ratiois either assigned a fixed value for each reach or computed

dynamically using th&antini et al(2019) model:
8

(i @AQDﬂ@wpﬂ;ﬁf ™ @ (11)

h

Thebottomreferenceconcentratior®® is given byCamenerand Larson (2005):
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6 : (12)

where —is thedimensionless grairelated bed shear stresad— (i) the critical Shields parametéor the inceptionof
transport(Camenenet al., 2014) which can beestimated from the Yali#shields curveas a function of the riverbed

dimensionless mean diametér,:

—: 2 mWioyp AQDMIcQ. . (13)

zh

The parameteris calculatedas following:

e (14)
h

where™Q (i) is theDarcy-Weisbach skin roughness factderived from the logarithmigelocity law:

N ¢ — (15
R
with Il is the VonKarmanconstant anthe heighfQ (m) is the hydrauliskin roughnessf Nikuradsewhichcan be expressed

as a function ofQ and a coefficienf ¢® (Engelund and Hansen, 19@artholdy et al., 2010)

Q. Qp . (16)

4.2.3 Sandload adjustment based ontransport capacity

The difference/0? (t d%) between the transport capadity (t d2) and tre sand load) (t d?) is then calculated at tine

yor  0* 0 . 17)
If YO 11 there is excess transport capacity, allowing for riverbed erosion. The erode® ma@si?) is defined as:
(o) o Yo°, (18)
wherev (i) is a coefficientt 0 p) representing the susceptibility of the channel bed to erosion when the simulated

sand transport capacity exceeds the available sand load. This parametes tiwvpaiential entrainment of bed material into
suspension and thus the possible contribution of riverbed erosion to the simulated suspended sand flux.

The sand flux is then updated:

o 0 O . 19
Conversely, i¥0® T the sand load exceeds transport capacity, and the sand load is set to the transport capacity:

o6 0. (20)
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4.2.4 Sand budget at reachscale

Drawing onthe mass balance proposedynne et al. (1998hn erosion tern®® (t d?), is introduced to account for both
floodplain channel inputs and bank erosion. These processes primarily occur at point bars on the inner bends of meander
where floodplain inflows, with | ower s e di nhante erosianracde nt r
resuspension. Riverbed erosi@, (Eg. 18) andtwo deposition termgO , 0 ), al | expressed in
consideredRiverbed erosion is therefore explicitly represented in the model formulation so thaeitglaontribution to

the suspended sand flux can be evaluated during calibr&tind.deposition on bars in levelocity zones of the main channel

is already accounted for in the sand load adjustitennt 20). Depositionin floodplain channels and levee depressions when
active (i.e. when'Q Q) is neglected for sand particless the high flow resistance caused by vegetation in these areas is
expected to result in complete sedimentation at their infétis. process isherefore implicitly included in the overbank
deposition termQ

The termO is activated only when the daily water volud® (m?® d!) exchanged between the main channel and the
floodplain is negative, meaning floodplain waters contgttotthe main channeThus,0 wasdefinedasfunction of¥c

andé (t m?), the concentrationf these banks aruars inputsconsidered as a constaotbe calibrated

0 Yo 6 . (21)

Thus,O is neglected whebc 1t because¢he volume of water thatuldflow back from the floodplain during the rising
stages is low compared to the water discharge in the main chemmigary to the flood recession phalseaddition, the term

‘O cancompensate for this if necessary, when the transport capacity is in.excess

Thedaily sand mas® is defined as a function w :

0 Yo 6 @ , (22)
whered (t m¥) is the sand concentration in the upflew layer, estimatedat & e Q Q jgm).d & is
derived from the mean concentrati@nin the reach:

6 & —. (23)
Theratio| 6 a j 6 is estimated with the Santini et £019) model

| —HAQEDG — p A@Ped (24)

4.2.5 Continuity equation
At the end of the calculation time step, the sand volunstoredin the main channel of the rea€ks updated as:

9

OF ®rp 0 f 0r Y0 O O, (25)
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As for water routing, sand routing is internally solved at adaily time step to satisfy the CHtability condition.The routed
sediment inflow provided by the SWAAmazon reach network represents the sediment supply entering each reach and is

incorporated into the reaedtale sand mass balance described in Eq. (25).

4.3 Additional flow resistances
4.3.1 Impact of floodplain activation on flow velocity andtransport capacity

When the floodplain becomes active, differences in depth and roughness between the main channel anddmadpfain

shear interfacbetween the two flow zongassociated with Kelvielmholtz instabilities, transferring horizontal momentum

from the main channel to the floodpldie.g. Sellin, 1964; Nicolleand Uan, 1972; Ervirand Baird, 1982; Knight, 1989

Knight and Shiono1996 Smart, 1992; Loveless et al., 2000; Yen, 2002; Uijttewaal, 2014; Atabay and KnightP20L8t

and Nikora, 2020 Sedimerdaden wateflowing through floodplain channe{ewin et al., 2017also transfer large amounts

of momentum to the plain andduces the kinetic energy of the main flow, as does the attenuation of the water surface slope
during flooding which tends toward the valley slope. Moreover, the waters that travesfartiime through thdloodplain

before returning to the main channel also contribute to reduce the flow velduitye combined effects significantly reduce

flow velocity and more drasticallytransport capacity in the main channehey changethe spatial distribution of velocities

and shear stress in the main channel esestion, especially near the baksl barswhere sediment stocks can be available

To account for this, a flow resistance correction faetowvas defined as:

- - . (26)

where the subscripf§®d  a @ d@derfote irbank flow configuration (without floodplain) arftbw with an active floodplain,
respectivelyat the same water lev€l Q. To evaluate- , theNicollet et Uan (19729r Smart (1992¢quations can be used.
However, both formulations only consider the shear layer interface between the main channel and floodplain. Furthermore,
the Smart equation is not suitable for large rivers, and the Nicollet et Uan equation remgustisnate of the floodplain's
Manning coefficient. Although the latter was implemented in the new water routing module, a simpler approach was preferred.
Therefore, a relationship betweenand the relative heiglidh  "Q "Q T'Q(i), from which the watenehanges between the

main channel and the floodplain begin to affect the flow velocity, was defined:

- (27)

R
with & (1) a coefficient to be calibrated, superior to ziére flood impacts the flow resistancBaus, to account for the

floodplain drag wherff2 "Q, the Manning coefficient is reevaluated as fobow

& —. (28)

15



395

400

405

410

415

In the calibrated modedjy  values along the mainstem range between 0.3 and 1. Under typical flood conditianies

between 0 and about 0.3, resulting in an increase of the effective Manning coefficient of approxiibétglse@Supplement
S5). Larger corrections, up to aboud%, may occur only during extreme simulated floods whepproaches 0.5uch
variations are consistent with resistance changes reported in studies of compound channel hydraulics and lomaipdzhin
momentum exchange.g., Nicollet and Ugnl972; Smart, 1992; Shiono and Knight, 1996; Bousmar and Zech). T9%9

coefficientd  was calibrated during the model calibration phase to reproduce observédiistzggrge relationships at the

mainstem gauging stations.
Following the same reasimg as for velocities the ratio of the dimensionless graliated bed shear stressesand— should

also be a function of . Indeed, according to Eq. 14:

- (29

Here,”Q  "Qis assumed, a8 is a grainrelated friction factor, not a flow resistance factor (Yen, 2002): the floodplain drag
is already accounted for én , throughe¢ . The shear velocity term used for calculating the Rouse number (Eq. 10) should
be also d&cted by the floodplain drag:

0. - 0. . (30)

However, vhen shifting from a 1d to a 2d framework, the transverse profiles and consequently & and0” , are likely

to be more strongly affected than the lat@ralfile of the deptkaveraged velocit{seeSupplemen§6), in particular near the

banks To account foithe complex 2d effects on sediment transport capacity, effectonsideredn the initial computation

of the transport capacity’  which wasinitially calculated using the corrections ferand6. corrections in Egs. 29 and 30,
the following formulation is appliedhen the floodplain is activgé.e.when'Q "Q):

0 - 0 (31

with — an exponent to calibratehich accounts for threecomplex2d effects.

4.3.2 Bedroughnessnfluence for low waters

In the large Amazonian rivers, a decrease in bed roughness influencengittasing water levels has been obserises
example irSupplemens7). To model this in the SWARmazonversion, the Manning coefficient is modified using the factor

— , defined as:
- p 6 _—, (32

whered (i) is a coefficient and2 (m) the water heighbelow which the additional bed roughness correction activates.
Calibrated values df2 range between 35% and 75% of the maximum simulated water level across the mainstem reaches,

andd between 0.12 and 0.4, resulting in anréase of the effective Manning coefficient of approximately3006 at low
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420 stage, decreasing progressively as stage rises &oyEig. S7). Both parameters were calibrated to reproduce the observed

stagé discharge and stafyeelocity relationships at theainstem gauging stations.

4.4 Calibration and sensitivity analysis

The modelcalibrationwas performedusing theSWATrunR packageg(Schiirz, 2019)which enablegarallel processingro
run the SWAT-Amazonexecutable and calibrate parametarsluding the newly introduced onéBable 1), an RNotebook
425 waswritten (Fig. 1d) It allows users to export interactive figuesd perform sensitivity analysédoth SWAT-Amazonand

its R-Notebook for calibration are available for downloadhdiips://github.com/williarmsantini/SWATAmazon

Table 1: Main parameters in the new routing modulesS¥¥AT-Amazon

Parameter  Unit Routing  Definition Input file
Q (m) Water height thatriggers the floodplain activation .ree
6 (m) Width of the rectangular main channel .rte
Y () Channel bed slope, calculated from the MERIT DEM with QWAT .rte
Ko () Water Coefficient to determine the floodplain width: "Q 6 (case ofloodplain with rectangular crossection) .rte
— (rad) Angle of the floodplain riverward slope (case of floodplain with triangular esesson) .rte
¢ (s m*?) Manning coefficient Ite
o} () Coefficient for increasing the flow resistance in the main channel when the floodplain is active .rte
Q (m) Water height that ends the additional bed roughness influence .rte
o] () Coefficient for increasing the flow resistance in the main chaturéiglow waters .rte
Q (m) Arithmetic mean diameter of suspended sands .rte
Q (m) Arithmetic mean diameter of riverbed sands .rte
i () Relative sand density.= 2.65 was taken in this study .rte
f 1) Sand Ratio of suspended sand to eddy diffusivity, imposed or calculated wiSatitmiet al. (2019)model (Eq. 2) .rte
’ (m2 s?) Kinematic water viscosity. The value corresponding to a temperature ofA28’Considered here .rte
, M) Coefficient to determin®: Q , Q rte
0 1) Main channel susceptibility to erosion (riverbed only), between 0 and 1 .rte
6 (t ms) Concentration of bank and bar inputs (constant) .rte
(i) Correction exponent for transport capacity when the floodplain is active (cflEq. 3 .rte

430
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5 Results
5.1 Water discharge simulations

For water discharge, model calibration was performed over thei 2018 period based on multiple hydrautiagnostics

(water levels, velocities, and stégkscharge relationships). Model performance was further evaluated using independent hold
out periods and direct comparisons with gauging measurements that bypass rating curves, as detaiagplethento.

These complementary evaluations show consistent performance across periods and support the temporal robustness of t
model.

At a daily time step, SWATAmazonsimulations at the watershed outlet show excellent perforn{&nge3d): NSE (Nash

Sutcliffe Efficiency) = 0.92, KGE (KlingGupta efficiency) = 0.95, PBIAS (Percent Bias}1=8%, LogNSE (NSE on the
logarithms of the series) = 0.@¥er the 20002016 observation period used here for igiation evaluatioilfseeMoriasi et

al. (2007)for details on these metrics). SWAAmMazonsignificantly improves over the standard SWAT model (NSE = 0.86),
using Muskingum routing with maximum flood attenuation. Moreover, the standard SWAT simulation predicts flood peaks
1i 2 months earlier than observed, whereas S¥iazon correctly synchronizes them. The model accurately captures
hydrological dynamics andterannual variabilityAs highlighted by Yamazaki et al. (2011h)e difference between kinematic

and diffusive wave simulations was minimal (not shown), confirming that Ucayali flood attenuation mainly results from
floodplain buffering.

At Pucallpa(Fig. 3c) SWAT-Amazonshows only slight improvements over standard SWAT due to the less developed
floodplain. At the Andean outle(Lagarto and Puerto Incayvhere floodplain influence is minimal, both models perform
similarly, though SWATAmazonslightly outperforms the default version. Despite a good daily NSE (0.72) at Puerto Inca,
the model struggles to reproduce rapid flood oscillations typical of piedmont hydrographs. This issue, independent of the
routing model, stems from uncertainties in rainéaslimationBefore final calibration, systematic biase20% to +20%) were
observed, with underestimation in piedmont stations and overestimation in plains, primarily due to the precipitation dataset.
These biases were corrected using interannual adjustiectors in SWAT .sub files. Additional errors in the PISCO dataset
were identified and corrected by standardizing precipitation time series across station subgroups. However, PISCO still
underestimated precipitation between Contamana and Requenalfyr2l7, and 2019, leading to their exclusion from
efficiency calculations.

Despite these limitations, the biesrrected PISCO dataset demonstrated a high degree of homogeneity and robustness,
allowing extension of observations across all stations @lietnd conventional) for simulations covering 103319 (Fig. 4e),

adding 13 years at Requena and 26 years at Lagarto. This extension is particularly valuable for future studies in this poorly
monitored region, especially given the high accuracy of thghted seasonal NasSutcliffe Efficiency for low (WSNSE_LF)

and high (wsNSE_HF) flows (see ZambraBigiarini and Bellin 2012, for details).
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(a) Lagarto
—— Qgim (SWAT Muskingum routing method): NSE = 0.88 KGE =0.94 PBIAS =-0.7 % LogNSE = 0.88 wsNSE_HF =0.88 wsNSE_LF =0.93
— Qgim (SWAT-Amazon): NSE =0.9 KGE =0.95 PBIAS =-0.6 % LogNSE = 0.9 wsNSE_HF =0.89 wsNSE_LF =0.94
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Figure 3: Water discharge simulations for the stations with gauging data(a) i (d) Observed dischargen@rineblue) vs. simulated
discharge using the default SWAT model (orange) and S\WABzon(green at a daily time step, withunctualADCP gauging values
465 (blue circles)(e) Full 37-year simulation (198 2019) with SWATFAmazonfor the same station group.
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5.2 Water levels,velocities and rating curves simulations

The hydraulic radiu® was usedo compare simulations with observations (Figs. 4 8rigeed, ér large crossectionsthe
mean deptfiQ (m) approximatedy , ard for themodelledrectangular crossections;Y  "Q "Q . Moreover,observed
water levels were not directly comparable due to offset differences in staff gaugakm®relative to assumed river bottom
470 elevationln standard SWAT, once the bankfulligiet is exceeded, flow instantly spreads into the floodplain, forming a single
crosssection instead athe usual approacin hydraulicsof separahg channel and floodplain flowse(g. Einstein, 1950;

Einstein anBarbarossa, 1952Yen, 2002) Thissudderchange in crossection geometrthus causes a discontinuity in flow

velocity and hydraulic radius (Fig. 43inced increases sharply whi@ grows more moderatelfY 6 j 0 ). Below
bankfull height,standad Muskingum simulations overestimatgdraulic radiusand underestimate velocities (F#), and it

475 is not possible to calibrate "Q rating curvesTherefore, the standard SWAT model is not able to simulate re&lystraulic
radius (water levelsgnd velocities and even less sand loads with transport capacity laws, for which these variables are required
Conversely, SWATAmazon generates robust dgilwater leveland velocity time series, closely matching observations
(Fig. 4), with NSE values between 0.77 and 0.93 for water levels and 0.79 to 0.92 for velocities, the lowest at Puerto Inca,
while all others exceed 0.89. It produassnsistent) 'Y ard 6 'Y rating curves (Fig. 5)accurately capturing slope

480 controlled hysteresis andluckbilld dampingwhenQ is exceeded as Manningds coefficient [

height due to floodplain effects.
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(a) Water Level or Hydraulic Radius

— Observations (CZO HyBAm)
— SWAT Muskingum routing method: NSE =-0.47 KGE =0.23 PBIAS =39.4 %
— SWAT-Amazon: NSE =0.91 KGE=0.92 PBIAS=-0.7 %
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Figure 4: Example of (a) water levels and(b) velocitiessimulation at Pucallpa. Marineblue line: observations, orange line: best default
485 SWAT simulation with Muskingumgreenline: SWAT-Amazonsimulation, blue filled circle: ADCP gauging values. Error bars, which
were less than 3% for ADCP measurements, are not shown for clarity.
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Figure 5: Rating curves between hydraulic radius (={ p and discharge (left) or velocity (right). Greencircles: SWATFAmazon
490 simulation, blue filled circles: ADCP measurements.
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5.3 Sandrouting

Calibration focused on the 09/20@B/2015 period, when sediment monitoring protocols were enhanced, including higher
sampling frequency eRequena between 11/2012 and 06/2048ere one sample was collected each two ¢dys three
sampling repetitions each ten daBgyond sampling was conducted at fiday intervals during the wet period between July
2013 and September 2015. Additionallge concentration gaugings were performed in all sites with a higher number of
samples collected throughout the cresstion, particularly in the first half of the water column, to ensure more accurate sand
concentration calculation®©utside this interva uncertainties in sand flux observations increase, which complicates the
definition of a robust and fully independent validation period &gmplemeng9 for a summary of model performance across
periods). The lower performance outside the calibratieriod primarily reflects uncertainties in rainfall forcing and
observations, particularly during rapid Andean flood events, rather than a degradation of model performance. To further
evaluate model performance, direct comparisons between simulationsuaidggaeasurements were performed (Fig). S

These complementary evaluations support the temporal robustness of the model despite observational limitations and dat
heterogeneity.

At Lagarto, the sand routing model accurately reproduces sand fleixp$4 daily NSE = 0.8), validating the capaeity

limited flux assumption at the Andean outlet section3.4). At Puerto IncaKig. b, NSE = 0.44), the model struggles due

to rainfall data and sharp flux peakéevertheless, at the mainstem level of theyadi, the influence of this discrepancy is
limited. At Requena, the model closely matches observed sand flBiges6¢c, NSE = 0.86) with peaks coinciding with
maximum rainfall in JanuariFebruary.From March, sand flux decreases while flow increasescatidg no correlation
between sand flux and dischardéis decline is concomitant with the crossing of the threskibfdom which the floodplain
watering impacts the transport capaditythe2010drought yearthe river briefly reached this threshplgith minimal impact

on sand flux0 and0 are well correlated. In the remaining years, a second sand peak odecuMey-June This is
concurrent with the recovery of river transport capacity, which is enabled by a reduction in flow resistance due to the
dewatering of the floodplain and an increase in energy availability in the main channel, resulting from the influx ariloodpl
and black water supplies, whittave lowsediment concentians The 2012extremeflood event, intensiMg monitored,

highlightsthis key process for sediment routing dynamics.
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(a) Lagarto
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Figure 6: Observed andsimulated sand fluxesfor the gauging stations with sediment monitoring: (a) Lagarto, (b) Puerto Inca, (c)
Requena Grayline with stars observationsgreenline: SWAT-Amazonsimulations, orange filled circles with error bars: gauged sand flux

values. Observed (blue dashline) and simulatedjfeendashed line) water discharge at Requena ateeglon(c). Thebluehorizontal line

535 represents the discharge triggering floodplain activat@mresponding toh), approximated due to the nduijective stagedischarge
relationship.
5.4 Remotesensedfine sedimentsfluxes
Calibration campaigns established a relationship between fine sediment conceatramgn?) (atd "Q and the NIRto-
red reflectance ratitY, supporting a single model for the entire basin (Fig. 7) with a high coefficient of determination (R? =
540 0.94) and a loviean Absolute ErrofMAE =59mg | 1)

6 Q yYca Y® minpAgpr Y,

This model accounts for reflectance saturation in the red band at high concentrations, providing a better fit across the full

(33)

concentration range than a simple poyeav equation. It was validated across all hydrological conditions from 2000 to 2019
usingmatchups between time seriedroitufine sediment concentrations monitored at Requena and Lagarto-fowhted
545 satellite reflectance ratios at a monthly time §®p= 0.78, MAE = 132 mg") (Fig. 7) Note that Eq. 33 is already corrected
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for adja@ncy effects, through a simple offset of +0.2 applied to the reflectance ratio to account for water pixel contamination
by riverbanksFinally, the calibration campaigns confirmed that the contribution of suspended sand to the reflectance ratio R

is negligble (seeSupplemenss).
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Figure 7: Relationship betweenfine sediment concentration (g at the water surface and theratio{ of NIR to red reflectance
Orange dots represent calibration points, based2ofield measurementa the Ucayali Basin, where reflectance wasasuredising a
hyperspectral radiometer and fine sediment concentrations were measured at the water surface. Gray dots corresporsltietweschup
satellitederivedreflectance rati@and fine sediment congrations monitored ajauging stationsaveraged at amonthly time step

5.5 Validation of the integrated approachat super stations

The integration of remote sensing and hydrological tiodewas validated at two super stations in the basin: Redréma

8) and Lagarto (not shown)otal sediment fluxesHg. 89 were calculated by summing) éand flux Fig. 89 from SWAT-
Amazonsimulations andii) fine sediment fluxKig. 80 from satellite data combined with SWAAmazonflows. The results
alignwell with in situflux measurements (daily NSB.87at Requend).79 at Lagartg monthly NSE: 0.87 at Requena, 0.86

at Lagart9, and suggesthatbothstatiors could be monitoreth this way with a few calibration campaigiihis supports the
definition of minimal observational requirements for transferring the method to other Amazonian basins (see Section 6.2.3).
The evaluation focuses on variables that directly constrain-am@innel hydrology and sediment transport, and thereby
indirectly constrain fhodplain processe$n the present framework, floodplains are represented using a simplified storage
approach, in which water levels are spatially aggregated at the reach scale. However, natural floodplains exhibitiatrong spat
heterogeneity, includingppographic gradients, secondary channels, lakes, and varying degrees of hydraulic connectivity. As
a result, local water levels may not directly reflect the lagpe storage dynamics represented in the madelddition,

existing satellite products leahe spatial and temporal resolution required to robustly constrain floodplain water levels and
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associated storage volumes, particularly given the diversity of water surface typssderglarychannes, connected lakes
and isolated water bodijesind tleir distinct behavioursAccordingly, local floodplain water levels are not explicitly
reproduced; instead, the analysis focuses on constraining water and sediment fluxes and associated storage volumes at
subbasin scalasing multisource observatiortd mainchannel dynamics. The increasing availability of satellite observations
over time (Fig. 8b) further strengthens the observational constraints on these fluxes, with missing data mainly o¢harring at
beginning of the time series due to the progikesdeployment of satellite sensors (Terra since 1999, Aqua since 2002, VIIRS
since 2012).
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Figure 8: Integrated monitoring of sediment fluxes at thebasin outlet. The grayline with starsshows observed sediment fluxes, the
greenline represents SWARmazonsimulations, and orange filled circles indicate gauged flux values.
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6 Discussion

This study presents the first integrated approach for monitoring ‘sgdtionerary fluxes in the Amazon basin, providing the

most extensive and robust daily time series of gdrdimenrary fluxes for the Upper Amazor2Q years for fine sedimente

37 yeardor water discharge and sand fjuxith exceptionally high NSE values. It inthaces a physically based methodology

for modelling transport capacity, using realistic hydraulic parameters derived from the calibraiiéf ahd0 "Q rating

curves.

Previous largescale effortawith the MGB Modelo de Grandes Bacipsnodel Fagundeset al.,2021,2023), contributed
significantly to understanding sediment transport across South AmEelggeever, challenges remain in representing sand
transport, particularly its suspension dynamitee MGB model assumes that sand transport is predamiynbedload,
whereas field observations indicate that sand can account for a substantial fraction of the suspended sediment load in larg
Amazonian rivers, reaching up to ~70%. Rouse numbers in the rari@e8farther indicate transport in graded sunspen

rather than intermittent transpo(Santini et al., 2019; Martinelli, 2022)rhis conceptual difference likely leads to
underestimates of sediment load in the Ucayali Basin in previous MGB applications, with reported estimates being up to nearly
three times lower than observations, although its contribution would need to be confirmed through a controteddieter
comparisonThese findings underscore the necessity of detailed, regionally focused studies basedesmlomeasurements

and rigorousdata consistency analyses, rather than broad contirsmati assessments, which often involve considerable
uncertainties and may lead to misinformed sustainable development strategies and mitigation policies.

For the first time, satellitbased sedimemhonitoring is applied exclusively to the fine fraction.rélationship(Eq. 3) is
proposed that is independent of hydrodynamic fluctuations affecting the surface concentration, since sand contributes fron
~5% to 50% to the surface concentration in theyldtaThis contrasts with previous studi@spinozaVillar et al., 2012,

2013, 2017; Park and Latrubesse, 2014; Martinez et al.,) 2Miére satellite reflectance was solely compared tuatal
sediment concentratiar where remotsensing was onlysed to calibrate the modélggundes et al., 2020

However, Pinet (2017) noted hysteresis in Madeira River relationships due to variations in grain diameter at the water surfac
and Santini (2020) suggested th&taction of fine sediments might albe sensitive to turbulendaduced lift variationsThis

may introduce limited variability in the relationship during specific hydrological phases, particularly resuspensiomelvents a
low-water conditions. However, previous studies have shown that siecisedire strongly reduced when usthg spectral

band ratio (NIR/RED)Martinez et al., 2015; Pinet, 201&yith remaining variability comparable to satellite reflectance
uncertainty. In addition, evaluation against satéliitesitu matchups across a @é range of hydrological conditions does not
reveal any systematic hysteresis at the monthly time scale. As a result, the impact-tennhosgdiment flux estimates is
expected to remain limited relative to other sources of uncertainty and to the magaltude of sediment transport.

Before drawing conclusions and interpreting the mass balances (Séetjorit is crucial to assess the robustness and
limitations of the method to ensure that the necessary nuances are applied, particularly at ttstatiotusl To this end, a

sensitivity analysis of the SWARAmMazonmodel was conducted.
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6.1 Model sensitivity and equifinality

The Sobolvariancebased sensitivity analysis serves a diagnostic purpose: it identifies which parameters require precise
measurements fWAT-Amazonapplication and which can be assigned wider priors without degrading budget estimates.
This hierarchy directly irdrms the implementation of the Generalized Likelihood Uncertainty Estimation (GLUE) framework
(Beven and Binley, 1992), used here for uncertainty propagation (Section 6.3.2 and Supplement S12).

The Sobol method wapplied to sutbasin 2loverthe 2M9-2015 periocto assess the relative importance of SWATazon

input parameters and their interactions, identifying uncertainties from the model's formBiistegder indices) and total

order indices"(Y) were computed to quantify each parameiads/idual contribution (with™Y) and its total effect (with'Y),
including interactions with other parameters, on the overall variance of the model dtgMNSE criterion was applied for
global outputs (Fig. 9a), and the interannual daily aegye for timeseries outputs (Fig. 9€). The analysis focused on a
selected set of SWARmMazon parameters, based on calibration experience and physical understanadimey, than
exhaustively testingll parametersWide prior ranges were deliberatalged to ensure a comprehensive exploration of the

parameter space (Supplement S10).

6.1.1 Waterrouting

The analysis focused on the parametergded h'QR  RQ ), with £ accountingor all the resistance term™Y] £. Results
showa greger sensitivity othe model t’ Q5 RQ ), which control flood wave attenuation by the floodpldiig( 99. The
interannual timeseries analysidg. 99 reveals greater sensitivity during flood recession than rising watexgethssiois
particularly challengingo calibrate due to rapid water discharge drops, where even slight shties timing offloodplain
recession cause large discrepancies between simulated and observéuardogisout the entire recession linitherefore, the
parameterQ, controlling recession onset, must be carefully assessed. The strong oscillation of Sobol inélidesingr low
waters (Fig. 8) reflects the impact d€)(throughd) on bed roughness and flow resistance wkenQ (cf. Eq. 2). Small
variations ofQinducelarge changes iét during low waters, but with minimal impact on discharge, as shown by the interannual

discharge plot in Figurel® This effect diminishes quickly as water levels rise

6.1.2 Sandrouting

The sensitivity analysis,sing the parameter s¢t fv FQ HQR-hQ ), showsthat’Q is the mostcritical calibration
parameterKig. 9, f), as previously highlighted biyagundet al. (2023)In the present framework) andQ areassumed

to remain constant over the seasonal cyC#dibratedQ values for sulbasins 19, 5, 14, 23, 22, and 21 are 252 ym, 240 um,

240 um, 242 pm, 235 um, and 220 um, respectively, matching observed mean diameters at Lagarto (260 um), Pucallpa (24:
pm), and Requena (228 pm). Calibrai@dvaluesare approximately 80 um for all sdiasins, except Lagarto (98 pnaxe

consistent with PSD observatioi@ince the calibration of the flood recession limb directly influences sand resuspension (Eg.
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22),Q emerges also as a key parameter in sand rodthggjnfluence ofQ is minimal asthe sand load input in stimsin

21 is sufficient, eliminating the need for riverbed erosion to compensate for sediment supply deficits.
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Figure 9: Sobolsensitivity analysisresults for water (left) and sand routing (right), applied to subbasin 21 over the 209-2015 period

(a, d) present the analysis based on the NSE criterioite \id)f) summarize the temporal analysis as interandaidy averagegb, €) show

the interannual daily average of the observed flux (blue line 5¥AT-Amazonsimulation @reenline), and the envelope encompassing
650 all simulations performed for the Sobol analysis (Hghtenribbon). Thebluehorizontal Ine on(b) represents the approximative discharge

triggering floodplain activation.
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6.1.3 Equifinality analysis

GLUE-based dotty plots were produced by sampling the SioHakntial parameters over wide rang&upplemensS11).
The water routing paramese(Q, 6, Q ,6 &) all show identifiable optima to varying degrees dependintherreach
655 consistent with the Sobol analysiFitically, Q exhibits a physical optimum near 2250 um matching observed grain sizes,
and spurious coarsemodes precluding sand suspension. This bimodality highlights a-kwedlvn limitation of purely
statistical calibration: without physical constraints, optimization can converge toward parameter values that are mighematica
acceptable but physically meagless.Overall, sinceQ is well constrained and water routing parameters are collectively
identifiable, the hydresedimentary budgets remain robustly constrained despite residual equifinality across all behavioural
660 simulations (Supplement S12). Thesedings justify the use of expert measureriafirmed priors for uncertainty

propagation.

6.2 Calibration insights from the SWAT-Amazon method

In the hydraulic routing method (Secti@nl), compensating hydraulic effects limit the influencedoindé on routed

discharge. Reducing increases flow velocity and dischargé (Eg. 5), which decreases the water volume stored in the reach
665 and therefor&XEq. 1). The resulting decrease in cresstional area leads to a proportional reductiom amdo .

Therefore, wher2  "Q, discharge calibration relies exclusivelythe default SWAT rainfaltunoff model However,6 and

"Qare directly related to the parametrizatiort agindé and are the primary variables in the transport capacity model utilized

here (Sectior.2). U is also a key variablgEq. 9). As6 is poorlyknown, it was excluded from Equatior®) @nd @) of the

transport capacity model by replacitgQwith 076 and6 & with 0 ¥Q With regard tcé, another significant source of
670 uncertainty, it should be noted that this variable is not included in the transport capacity equations. This i® iecaese

and calibrated prior to the computation.

6.2.1 Calibration strategy for a super station

According to the previous analyséise calibration strategy for stations with robust, kbegn hydresedimenrary monitoring

is:
675 a) Startby calibratingd in each reagfor'Q "Qonly,usi ng t he S \Whkologicspardnefeaul t h
b) Calibrated, consideringloodplaineffects using'@Q,6 andQ (or—).
c) Calibrated and’Qby adjustingg andd only; 0 is unaffected byhis calibration
d) Check the relationships "Q andé "Q, revisiting stegt if needed.
e) Compute the) "BOR) , independently o andé. If necessaryadjustd using parameteiis Table 1 particulaty
680 'Q , the most sendiie parameter

It is important to emphasize that the optimal calibration for water dischaagenot align with the best calibration for water

level, velocity, and sand load time series. A compromise must be made.
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6.2.2 Calibrating virtual and low -data stationswith satellite altimetry

The sensitivity of the modéb ¢ andd emphasizes the imp@ance of Q(Egs. 1, 2, 4) in the routing module, particularly for

685 floodplain inundation and dewatering triggers (Sectidn), as already discussed abofer ungauged reaches (5, 23, &2e
Fig. 29 in the plaing andd can be calibrated using relative watarels(hydraulic radiuslerived from spatial altimetrgnd
shifted by a constant offset to match simulati@Fig. 10). The Manning coefficient is supposed already known to a reasonable
degree, as coherent valugd (5 + 0.0005 s f*haveb een f ound acr os s-basihsiGivanthelargetsibe r p
basins and significant channel lengths, bed slope errors are assumed to be sawodthedeforéY also well assessethus,

690 velocities can be reliapldetermined i) is calibratedhrough™Qcalibration The calibration for reaches (5, 23, 22) was also
guidedby looking for the best simulation at Pucallpa and Requena.
Finally, implementing an integrated approach combining modelling and remote sésrsingnitoring hydresedimenary
fluxes would require revisiting hydrological network operations. Specifically, a few gauging campaigns (around four,
strategically timed along trenuahydrograph}ould be sufficient for model calibratioAdditionally, synchronizing gauging

695 with satellite altimetry would enable the constructiond simulatiorof robust rating curves.

Figure 10: Calibration of ungaugedreachesusing satellite altimetry : Satellitederived water levelgblue points)shifted by a constant

offset to matchsimulations triangles (Envisat), circles (Jas@) squares (JaseB), diamonds (Sentin€B). Conventionalin situ

observations appear as an orange line, while the curated series incorporating akielétry is in blue. SWARmazonsimulations are
700 shown ingreen. (a) Reach 5vrtual station S3B331R5), (b) Reach 23 (Contamana), (c) Reachv@®u@l station JA204S3B310R22).
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