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 18 

Abstract 19 

Bed-load transport and reservoir sedimentation constitute major sources of uncertainty in 20 

fluvial hydraulics and reservoir management largely due to the nonlinear relationship 21 

between hydraulic forcing conditions and sediment transport generation. This study 22 

develops a Bayesian probabilistic framework for predictive sediment transport and 23 

reservoir sedimentation assessment under variable hydraulic conditions within the Rules 24 

Reservoir catchment (Granada, SE Spain). The proposed methodology integrates Meyer-25 

Peter and Müller (MPM)-type transport formulations with probabilistic dependency 26 

structures linking liquid discharge, instantaneous sediment transport, cumulative bed-load 27 

transport, and reservoir sedimentation response. 28 



Observed liquid-discharge temporal series were incorporated as the principal hydraulic 29 

predictor within the Bayesian Bed-Load Transport (BBLT) framework. The obtained 30 

logarithmic relationship between liquid discharge and instantaneous sediment transport 31 

confirmed the strong nonlinear dependency between hydraulic forcing and sediment 32 

transport generation under natural flow conditions. The obtained results revealed that 33 

high-flow scenarios substantially increased sediment transport intensity and reservoir 34 

sedimentation response. Under maximum hydraulic forcing conditions (𝑄௅ = 20–35 35 

m3/s), instantaneous sediment transport became concentrated within the highest transport 36 

interval (0.08–0.1 kg/s), while estimated reservoir sedimentation volumes shifted toward 37 

the upper intervals between 13 and 15 Mm3. In contrast, low-flow conditions (𝑄௅ = 0–1 38 

m3/s) generated limited sediment transport activation and reduced sedimentation 39 

response. 40 

The implemented framework enabled uncertainty-aware propagation of hydraulic 41 

variability throughout the complete sediment transport chain, supporting probabilistic 42 

scenario simulation and reservoir sedimentation assessment under variable hydrological 43 

conditions. The proposed methodology therefore provides a physically interpretable and 44 

operationally applicable approach for uncertainty-aware sediment-management 45 

strategies, reservoir sedimentation assessment, and predictive support for reservoir 46 

management in Mediterranean mountain catchments and comparable fluvial systems. 47 

Keywords: BBLT method, Bayesian modeling; reservoir management; bed-load 48 

transport; reservoir sedimentation; uncertainty modelling. 49 

1. Introduction 50 

Bed-load and bed-material sediment transport exert a first-order control on the 51 

morphodynamic evolution of gravel- and sand-bed rivers. Yet, despite more than a 52 

century of theoretical, experimental, and field-based research, predicting bed-load 53 

transport remains one of the most uncertain components of fluvial hydraulics. This 54 

uncertainty arises from the nonlinear interaction between turbulent flow, bed resistance, 55 

grain-size distribution, sediment supply, hiding and exposure effects, bed forms, and the 56 

intermittent character of particle motion under natural flow conditions. 57 

The problem is particularly relevant in regulated rivers and reservoirs, where sediment 58 

continuity is interrupted and uncertainty in sediment inflow, transport capacity, and 59 

deposition patterns directly affects active storage, hydropower production, flood-control 60 

performance, and downstream sediment deficits. Reliable reservoir sedimentation 61 

assessment requires coupling catchment sediment production, river sediment transport, 62 



and in-reservoir morphodynamics, while accounting for uncertainty in sediment yield, 63 

boundary conditions, and model parameters (Ateeq-Ur-Rehman et al. 2018; George et al. 64 

2017; Mouris et al. 2023; Pesci et al. 2023). Consequently, improving bed-load transport 65 

predictions is not only a theoretical problem but also a practical requirement for sediment 66 

management strategies such as flushing, sluicing, bypassing, and sediment routing in 67 

reservoirs (Petkovšek et al. 2025). 68 

Classical formulations such as those of Meyer-Peter and Müller (MPM), Einstein, van 69 

Rijn, and Parker typically express transport as a function of excess shear stress, stream 70 

power, or dimensionless mobility parameters. Despite its wide adoption for coarse-bed 71 

rivers, MPM was developed from controlled flume experiments and its limited 72 

transferability to natural rivers — where bed forms, armoring, sediment-supply 73 

limitation, and unsteady conditions often dominate — is well documented. Systematic 74 

evaluations have repeatedly confirmed that no single bed-load formula performs 75 

consistently well across field and flume datasets  (Barry et al. 2004; Gomez and Church 76 

1989; Recking 2010). A major source of uncertainty is the representation of the threshold 77 

for incipient motion: natural rivers frequently display partial transport, intermittent 78 

entrainment, and bed armoring that blur the transition between no motion and measurable 79 

transport, causing threshold-based formulas to perform particularly poorly near incipient-80 

motion conditions  (Barry et al. 2004; Sidiropoulos et al. 2021). 81 

These limitations have motivated growing interest in data-driven and machine-learning 82 

approaches. Artificial neural networks, adaptive neuro-fuzzy inference systems, symbolic 83 

regression, and ensemble tree methods such as Random Forests and XGBoost have 84 

reported high predictive accuracy and introduced explainability tools such as SHAP 85 

values to identify dominant predictors (Bhattacharya et al. 2007; Khosravi et al. 2024; 86 

Mir et al. 2024). However, purely data-driven models remain difficult to adopt 87 



operationally unless their predictions are interpretable and reliable outside the calibration 88 

domain. This has led to hybrid strategies that preserve the structure of established 89 

transport equations while enhancing their flexibility through optimization. Sidiropoulos 90 

et al. (2021) proposed an enhanced MPM formulation that outperformed the original 91 

formula and was competitive with Gaussian process regression (GPR), placing 92 

probabilistic machine learning in direct comparison with a physically interpretable 93 

extension of a classical formula. 94 

Bayesian and probabilistic approaches provide a complementary route for improving 95 

empirical sediment transport models. Bayesian inference offers a formal framework for 96 

estimating uncertain parameters, incorporating prior knowledge, propagating uncertainty, 97 

and producing prediction intervals rather than single deterministic estimates. Schmelter 98 

et al. (2011) demonstrated that critical shear stress and transport parameters can be 99 

inferred as posterior distributions from observations, while Beckers et al. (2020) showed 100 

that Bayesian updating can provide realistic parameter ranges for sensitive 101 

morphodynamic model parameters. From a reservoir-management perspective, Bayesian 102 

recalibration of MPM-type relations provides an intermediate level of complexity 103 

between deterministic empirical equations and computationally intensive hydro-104 

morphodynamic models, particularly relevant under multiple interacting uncertainties 105 

such as limited bathymetric surveys, uncertain grain-size distributions, and imperfect 106 

transport equations (Mouris et al. 2023; Pesci et al. 2023). 107 

A central challenge therefore remains unresolved: how to improve bed-load transport 108 

prediction while retaining the explanatory value of classical hydraulic formulations and 109 

providing uncertainty estimates useful for operational sediment management. This 110 

challenge is especially acute in reservoir catchments where continuous liquid-discharge 111 

observations are available but sediment transport measurements are limited, intermittent, 112 



or highly uncertain. Within this context, the present study develops and evaluates a 113 

Bayesian framework for uncertainty-aware prediction of sediment transport dynamics 114 

using physically based MPM-type formulations under field-relevant hydraulic conditions, 115 

combining hydraulic descriptors, sediment transport relationships, and probabilistic 116 

parameter inference to improve estimation of sediment transport response and associated 117 

reservoir sedimentation processes. 118 

2. Materials and Methods 119 

2.1 Study area and dataset 120 

The selected case study corresponds to the Rules Reservoir system, located within the 121 

Guadalfeo River basin in southern Spain (Fig. 1). The basin is characterized by 122 

Mediterranean hydroclimatic conditions, steep mountainous topography, and episodic 123 

high-intensity rainfall events that strongly influence runoff generation and sediment 124 

transport dynamics throughout the drainage network. Hydrological response within the 125 

basin is commonly associated with marked temporal variability in flow conditions and 126 

sediment mobilization processes, particularly during high-flow events. 127 

 128 
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Fig. 1. Study area corresponding to the Rules Reservoir system in the Guadalfeo River 135 

basin (southern Spain) and location of the analyzed hydraulic and sediment transport 136 

monitoring sectors. 137 

The analyzed dataset consisted of hydraulic and sediment-related variables associated 138 

with bed-load transport characterization and predictive sediment transport modelling. The 139 

available information included liquid discharge (QL, m³/s) and sediment transport rate 140 

(Qₛ, kg/s) obtained under different hydraulic conditions within the analyzed monitoring 141 

sectors. Continuous liquid-discharge records from the Órgiva hydrological station were 142 

additionally incorporated to characterize temporal hydraulic variability and its 143 

relationship with sediment transport response. Within this framework, liquid discharge at 144 

the Órgiva station was considered the primary hydraulic predictor driving sediment 145 

transport estimation. The observed relationship between hydraulic forcing and sediment 146 

transport generation constituted the basis for the subsequent predictive and Bayesian 147 

modelling framework. 148 

The dataset included both sector-based transport observations and aggregated transport 149 

series derived from the monitored hydraulic conditions. Cumulative sediment transport 150 

representations were also evaluated in order to characterize temporal transport persistence 151 

and transient sediment mobilization phases associated with variable hydraulic forcing. 152 

The analyzed information was subsequently used to support the hydraulic 153 

characterization, physically based transport modelling, Bayesian calibration procedure, 154 

and uncertainty-aware evaluation framework developed in this study. 155 

2.2 Hydraulic and sediment-transport characterization 156 

The hydraulic and sediment-transport characterization was based on the coupled analysis 157 

of flow conditions and bed-load response under variable hydraulic forcing. The 158 



framework focused on the relationship between liquid discharge 𝑄௅and sediment 159 

transport rate 𝑄ௌ, as discharge-driven hydraulic forcing controls sediment entrainment 160 

and transport generation in alluvial and gravel-bed channels. This relationship is 161 

particularly relevant because bed-load transport commonly exhibits nonlinear, 162 

intermittent, and temporally variable behavior under field conditions (Barry et al. 2004; 163 

Buffington and Montgomery 1997; Recking 2010) 164 

Hydraulic conditions were characterized using liquid discharge, hydraulic radius, channel 165 

slope, boundary shear stress, and the Shields parameter. Boundary shear stress was 166 

estimated using the classical depth–slope formulation: 167 

߬ =  168 ܴܵ݃ߩ

where ߬is boundary shear stress, ߩis water density, ݃is gravitational acceleration, ܴis 169 

hydraulic radius, and ܵis energy slope. Sediment mobility was described through the 170 

dimensionless Shields parameter: 171 

ߠ = ௦ߩ)߬ −  172 ܦ݃(ߩ

where ߩ௦is sediment density and ܦis the representative grain diameter. These descriptors 173 

provided a physically consistent basis for evaluating sediment mobility under variable 174 

discharge conditions. 175 

Continuous discharge records from the Órgiva hydrological station were incorporated to 176 

represent temporal hydraulic variability and support sediment-transport prediction under 177 

uncertainty. In addition to instantaneous transport rates, cumulative sediment transport 178 

was considered to account for persistence and transient mobilization phases: 179 

𝑄௦,௔௖௖(ݐ) = ∫ 𝑄௦௧
0 (߬)݀߬ 180 



This cumulative representation is relevant because natural gravel-bed transport is rarely 181 

an instantaneous equilibrium process and may vary substantially under comparable 182 

hydraulic conditions due to turbulence, bed heterogeneity, armoring, and intermittent 183 

entrainment (Einstein 1950; Gomez and Church 1989; Pähtz et al. 2020; Wilcock and 184 

McArdell 1993). Overall, this characterization established the hydraulic and 185 

sedimentological basis for the physically based modelling and Bayesian predictive 186 

framework developed in the following sections. 187 

2.3 Physically based characterization of bed-load transport formulations 188 

Bed-load transport was represented using physically based formulations commonly 189 

applied in fluvial hydraulics and morphodynamic modelling. Particular attention was 190 

given to excess-shear-stress approaches derived from Meyer-Peter and Müller and to 191 

stochastic interpretations of transport variability introduced by Einstein, since both 192 

frameworks remain central to the physical interpretation of sediment entrainment in 193 

gravel-bed rivers (Einstein 1950; Meyer-Peter and Müller 1948). 194 

The classical Meyer-Peter and Müller formulation relates dimensionless bed-load 195 

transport to excess Shields stress: 196 

∗௕ݍ = ߠ)8 −  ௖)3/2 197ߠ

where ݍ௕∗  is dimensionless bed-load transport, ߠis the Shields parameter, and ߠ௖is the 198 

critical Shields stress for incipient motion. Although widely used because of its simplicity 199 

and physical interpretability, classical excess-stress formulations may perform poorly 200 

under natural conditions due to sediment heterogeneity, armoring, partial transport, 201 

threshold variability, and unsteady hydraulic forcing  (Ancey 2020; Gomez and Church 202 

1989; Recking 2010). 203 

To provide greater flexibility, a generalized power-law formulation was adopted: 204 



∗௕ݍ = ߠ)ߙ −  ௖)ఉ 205ߠ

where ߙis the transport coefficient, ߚcontrols the nonlinear transport response, and 206 ߠ௖represents the critical Shields stress. This structure preserves the threshold-based 207 

physical interpretation of sediment mobility while allowing the transport response to 208 

adapt to field-scale variability. 209 

In parallel, Einstein’s probabilistic interpretation was used to frame sediment transport as 210 

an intermittent process influenced by turbulence and temporal hydraulic fluctuations. 211 

Accordingly, ߚ ,ߙ, and ߠ௖  were treated as the main calibrable parameters in the 212 

subsequent Bayesian framework. 213 

2.4 Bayesian predictive framework 214 

A Bayesian framework was implemented to quantify uncertainty and predict sediment 215 

transport response under variable hydraulic conditions. Instead of treating transport 216 

parameters as fixed deterministic coefficients, the governing parameters of the physically 217 

based formulations were represented as probabilistic variables conditioned on observed 218 

hydraulic and sediment-transport data. This approach is suitable for sediment transport 219 

because field-scale predictions are affected by nonlinear response behavior, threshold 220 

uncertainty, sediment heterogeneity, equifinality, and measurement error (Beven and 221 

Binley 1992; Fenicia et al. 2018; Vrugt et al. 2003). 222 

Liquid discharge records from the Órgiva hydrological station were used as the primary 223 

hydraulic predictor. The probabilistic framework linked hydraulic forcing, mobility 224 

descriptors, and sediment transport response through Bayesian-network-based 225 

dependency structures implemented in Hugin Expert. This allowed uncertainty 226 

propagation and conditional inference among hydraulic and sedimentological variables, 227 

which is particularly relevant in environmental systems characterized by nonlinear 228 



interactions, causal dependence structures, and incomplete information (Molina et al. 229 

2019). 230 

Bayesian inference was based on Bayes’ theorem: 231 

ܲ(ܺ ∣ (ܦ = ܦ)ܲ ∣ (ܦ)ܲ(ܺ)ܲ(ܺ  232 

where ܲ(ܺ ∣  is the posterior distribution of the predictive variables conditioned on the 233(ܦ

observed dataset ܦ, ܲ ܦ) ∣ ܺ)is the likelihood, and ܲ (ܺ)is the prior distribution. The main 234 

inferred variables were the transport coefficient ߙ, transport exponent ߚ, and critical 235 

Shields stress ߠ௖. 236 

Observed and predicted sediment transport rates were related through a residual-error 237 

model: 238 

𝑄௦,௢௕௦ = 𝑄௦,௣௥௘ௗ +  239 ߝ

where ߝrepresents residual variability associated with hydraulic fluctuations, intermittent 240 

transport, measurement uncertainty, and model structural limitations. This error term was 241 

represented through a Gaussian distribution with zero mean and variance 2ߪ. Recent 242 

developments in stochastic hydrology and Bayesian causal modelling have highlighted 243 

the importance of probabilistic frameworks for representing temporal dependence, 244 

predictive uncertainty, and uncertainty propagation in complex environmental systems 245 

(Vrugt et al. 2003; Zazo et al. 2022).   246 

Thus, the Bayesian framework integrated physically based sediment-transport equations 247 

with probabilistic inference, enabling uncertainty-aware prediction of sediment transport 248 

under variable discharge conditions relevant to reservoir sedimentation and siltation-249 

susceptibility assessment. 250 



2.5 Predictive performance evaluation and uncertainty assessment 251 

Model performance was evaluated by combining deterministic goodness-of-fit metrics 252 

with probabilistic uncertainty assessment. This dual approach allowed both predictive 253 

accuracy and parameter robustness to be assessed under field-relevant hydraulic 254 

variability. 255 

The agreement between observed and predicted sediment transport rates was quantified 256 

using the Root Mean Square Error: 257 

ܧܵܯܴ = √1݊∑(௡
௜=1 𝑄௦,௢௕௦,௜ − 𝑄௦,௣௥௘ௗ,௜)2 258 

and the Nash–Sutcliffe Efficiency coefficient: 259 

ܧܵܰ = 1 −∑ (௡௜=1 𝑄௦,௢௕௦,௜ − 𝑄௦,௣௥௘ௗ,௜)2∑ (௡௜=1 𝑄௦,௢௕௦,௜ − 𝑄̄௦,௢௕௦)2  260 

where 𝑄௦,௢௕௦and 𝑄௦,௣௥௘ௗare observed and predicted sediment transport rates, respectively, 261 ݊is the number of observations, and 𝑄̄௦,௢௕௦is the mean observed transport rate. Positive 262 

NSE values indicate better performance than the observed mean, whereas low or negative 263 

values indicate limited predictive skill (Knoben et al. 2019; Nash and Sutcliffe 1970). 264 

Uncertainty was assessed through the Bayesian dependency framework, which enabled 265 

evaluation of predictive variability associated with threshold uncertainty, intermittent 266 

transport, hydraulic fluctuations, and model structural limitations. Therefore, model 267 

evaluation was not restricted to identifying a single optimal parameter set, but focused on 268 

assessing the physical consistency, predictive robustness, and uncertainty representation 269 

of the proposed framework. 270 



Overall, this evaluation supported the interpretation of sediment-transport predictions in 271 

relation to sediment routing, reservoir sedimentation, and siltation susceptibility under 272 

variable hydrological conditions. 273 

2.6 Methodology 274 

2.6.1 General Framework 275 

The methodological framework comprises four sequential stages: (1) acquisition of 276 

observed liquid discharge data, (2) computation of bed-load transport using a physically 277 

based model, (3) catchment-scale aggregation and analysis, and (4) development of a 278 

probabilistic predictive tool (BBLT). 279 

This approach integrates deterministic sediment transport modeling with probabilistic 280 

inference to evaluate reservoir sedimentation under variable hydraulic forcing. 281 

Hydraulic Data Acquisition 282 

Time series of instantaneous liquid discharge (m³/s) for all sub-basins were obtained from 283 

Sevillana de Electricidad S.A.(Endesa). These data provide the primary forcing input for 284 

sediment transport estimation. 285 

Sediment Transport Modeling 286 

Bed-load transport was computed using the Meyer-Peter and Müller (MPM) equation, 287 

selected for its applicability to gravel-bed rivers: 288 

௕ݍ = ߠ)8 − ݏ)√௖)3/2ߠ − 1)݃݀503  289 

where ݍ௕is bed-load transport rate per unit width, ߠis the Shields parameter, ߠ௖is the 290 

critical Shields stress, ݏis relative density, ݃is gravitational acceleration, and ݀50 is 291 

median grain diameter. 292 



Hydraulic parameters (shear stress and Shields parameter) were derived from observed 293 

discharge data. The resulting relationship between instantaneous liquid and solid 294 

discharge was used as input for subsequent stages. 295 

Catchment-Scale Aggregation 296 

Liquid and solid discharges were aggregated over the entire reservoir catchment to 297 

account for cumulative sediment transport effects and reduce bias associated with 298 

localized sediment flushing processes affecting finer materials (≤30 mm). 299 

A logarithmic relationship between liquid discharge (𝑄௅) and instantaneous solid 300 

transport (𝑄ௌ,௜௡௦௧) was obtained: 301 

𝑄ௌ,௜௡௦௧ = 0.0199ln(𝑄௅) + 0.0275(ܴ2 = 1) 302 

This relationship indicates a strong nonlinear dependence between flow conditions and 303 

sediment transport (Fig. 2), supporting its use in predictive modeling. 304 

 305 

Fig. 2. Logarithmic best-fit relationship between observed liquid discharge (𝑄௅) and 306 

instantaneous solid transport response (Qₛ,inst) derived from the accumulated temporal-307 

series dataset used within the BBLT probabilistic predictive framework. 308 



2.6.2 BBLT Predictive Model 309 

The BBLT model was developed as a probabilistic framework for predicting bed-load 310 

transport and reservoir sedimentation. It integrates hydraulic forcing, sediment transport 311 

generation, and reservoir response through a Bayesian causal structure. 312 

Causal Structure 313 

A directed causal chain (Fig. 3) was defined linking five variables: total liquid discharge, 314 

instantaneous solid transport, cumulative solid transport, global bed-load transport, and 315 

reservoir sediment volume. This structure enables propagation of uncertainty across the 316 

system. 317 

 318 

Fig. 3. BBLT modelling tool. Application to Rules Reservoir (Granada, SE Spain) 319 

Variable Definition and Discretization 320 

Each variable was discretized into interval states to enable Bayesian inference and 321 

scenario analysis (Table 1). Discretization allows representation of system variability and 322 

supports probabilistic predictions. 323 

Table 1. Variables incorporated within the BBLT probabilistic predictive framework. 324 

Variable name Causal role CPT 

population 

method 

Type Interval range Units 

LiquidFlow_total Parent  Machine 

Learning 

Interval 0–1; 1–2; 2–3; 

3–4; 4–5; 5–7; 

m3/s 



7–10; 10–20; 

20–35 

Instant_SolidFlow_Total Intermediate Machine 

Learning 

Interval 0.01–0.02; 

0.02–0.03; 

0.03–0.04; 

0.04–0.05; 

0.05–0.06; 

0.06–0.08; 

0.08–0.1 

Kg/s 

per day 

SolidFlow_total Intermediate Mathematical 

Expression 

Interval −inf–0; 0–40; 

40–80; 80–

100; 100–120; 

120–140; 140–

160; 160–inf  

Kg/s 

TOTAL 

GLOBAL_Bedtransport Intermediate Mathematical 

Expression 

Interval −inf–0; 0–

10×10^6; 

10×10^6–

15×10^6; 

15×10^6–

20×10^6; 

20×10^6–

25×10^6; 

30×10^6–

35×10^6; 

35×10^6–

Tn 



40×10^6; 

40×10^6–

45×10^6 

TOTAL_VOLUME Final 

Objective 

Mathematical 

Expression 

Interval 0–1; 1–2; 2–3; 

3–4; 4–5; 5–6; 

6–7; 7–8; 8–9; 

9–10; 10–11; 

11–12; 12–13; 

13–14; 14–15 

Mm3 

 325 

Dependency Modeling and CPT Population 326 

A hybrid approach was adopted: 327 

 The relationship between LiquidFlow_total and Instant_SolidFlow_Total was 328 

derived using machine learning based on MPM model outputs. The learning 329 

process used time-series data and interval discretization. 330 

 The remaining dependencies were defined using deterministic expressions: 331 

݈ܽݐ݋ݐ_ݓ݋݈ܨ݈݀݅݋ܵ = ݈ܽݐ݋ܶ_ݓ݋݈ܨ݈݀݅݋ܵ_ݐ݊ܽݐݏ݊ܫ × 3188 332 

where 3188 is the number of records in the time series. The total sediment mass 333 

transported (in tonnes) was then derived as: 334 

GLOBAL_Bedtransport =
SolidFlow_total × (60 × 60 × 24 × 365 × 8)

1000
 335 

TOTAL_VOLUME =
GLOBAL_Bedtransport

3 × 106  336 



where TOTAL_VOLUME (Mm³) represents the volume of sediment deposited in the 337 

reservoir, and 3 is the assumed bulk density for mass-to-volume conversion. 338 

Overall, the proposed framework enables consistent propagation of hydraulic variability 339 

through the sediment transport chain, providing probabilistic estimates of bed-load 340 

transport and reservoir sedimentation. The complete workflow is summarized in Fig. 4. 341 

 342 

 343 

Fig. 4. Methodological framework for (BBLT) method.  344 

3. Results  345 

3.1 Scenarios Simulation 346 

3.1.1 Business as Usual (B.A.U) scenario 347 

The Business as Usual (B.A.U.) probabilistic simulation scenario represented the baseline 348 

hydraulic and sediment transport conditions observed within the study catchment (Fig. 349 

5). Under these conditions, observed liquid discharge (LiquidFlow_total, QL) presented a 350 



mean value of μ = 2.03 m3/s and a standard deviation of σ = 9.51, reflecting substantial 351 

temporal variability in hydraulic forcing conditions. 352 

The probabilistic response of instantaneous sediment transport (Instant_SolidFlow_Total, 353 

QS, inst) yielded a mean value of μ = 0.02, indicating predominance of low-to-moderate 354 

sediment transport conditions throughout the analyzed temporal series. Accumulated 355 

sediment transport (SolidFlow_total, Qₛ,total) presented a mean value of μ = 85.83, while 356 

estimated global bed-load transport (GLOBAL_Bedtransport) yielded a mean value of μ 357 

= 2.19 × 10⁷ t. 358 

Finally, the estimated reservoir sedimentation volume (TOTAL_VOLUME) presented a 359 

mean value of μ = 7.31 Mm3 and a standard deviation of σ = 2.57 Mm³, indicating 360 

intermediate sedimentation conditions under observed hydraulic forcing variability. 361 

362 

Fig. 5. Business as Usual (B.A.U.) probabilistic simulation scenario within the Bayesian 363 

predictive framework showing the dependency structure between hydraulic forcing 364 

conditions, sediment transport response, cumulative bed-load transport, and reservoir 365 

sedimentation estimation. 366 

3.1.2 Hydraulic Forcing Conditions 367 

Maximization of Liquidflow conditions 368 



The maximization of LiquidFlow conditions produced a substantial increase in sediment 369 

transport response and reservoir sedimentation estimation (Fig. 6a). Under this scenario, 370 

the hydraulic forcing variable (LiquidFlow_total, QL) became fully concentrated within 371 

the highest discharge interval (20–35 m3/s). 372 

The probabilistic response of instantaneous sediment transport (Instant_SolidFlow_Total, 373 

Qₛ,inst) shifted completely toward the highest transport interval (0.08–0.1), while 374 

accumulated sediment transport (SolidFlow_total, Qₛ,total) became fully concentrated 375 

within the maximum transport state (160–inf). 376 

Similarly, estimated global bed-load transport (GLOBAL_Bedtransport) shifted toward 377 

the highest transport interval between 4.0 × 107 and 4.5 × 107. The propagated 378 

probabilistic response additionally produced a strong increase in reservoir sedimentation 379 

estimation (TOTAL_VOLUME), with dominant probabilities concentrated within the 380 

13–15 Mm3 intervals. 381 

These results indicate that extreme hydraulic forcing conditions may substantially 382 

amplify sediment transport generation and reservoir sedimentation response within the 383 

analyzed catchment system. 384 

Minimization of LiquidFlow conditions 385 

The minimization of hydraulic forcing conditions produced a substantial reduction in 386 

sediment transport generation and reservoir sedimentation response throughout the 387 

probabilistic framework (Fig. 6b). Under this scenario, the liquid discharge variable 388 

(LiquidFlow_total, QL) became fully concentrated within the minimum discharge interval 389 

(0–1 m³/s), representing low-flow hydraulic conditions within the analyzed system. 390 

The propagated probabilistic response of instantaneous sediment transport 391 

(Instant_SolidFlow_Total, Qₛ,inst) shifted predominantly toward low transport intervals, 392 



particularly between 0–0.01 (33.45%), 0.01–0.02 (27.82%), and 0.02–0.03 (24.56%). 393 

Lower transport intervals below zero also presented non-negligible probabilities, 394 

particularly the −0.05–0 interval (13.57%), indicating reduced sediment mobility under 395 

minimum hydraulic forcing conditions 396 

Accumulated sediment transport (SolidFlow_total, Qₛ,total) exhibited dominant 397 

probabilities within low-to-intermediate transport intervals. In particular, the intervals 398 

−inf–0, 0–40, and 40–80 represented 34.06%, 20.24%, and 33.91% of the probabilistic 399 

response, respectively, while the 80–100 interval accounted for 11.79%. This distribution 400 

reflects a substantial reduction in cumulative sediment transport generation compared 401 

with high-flow scenarios. 402 

Similarly, estimated global bed-load transport (GLOBAL_Bedtransport) shifted toward 403 

low and intermediate transport intervals, with negligible probabilities in the highest 404 

transport states. The propagated response additionally produced relatively low reservoir 405 

sedimentation estimation (TOTAL_VOLUME), with the highest probability in the near-406 

zero interval (−0.0025–0 Mm³; 34.06%) and most remaining probabilities distributed 407 

between 0 and 7 Mm³.  408 

Overall, the minimization of liquid discharge conditions demonstrated that low hydraulic 409 

forcing substantially reduces sediment transport activation, cumulative bed-load 410 

transport, and reservoir sedimentation response within the analyzed probabilistic 411 

framework. 412 

 413 

 414 

 415 
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 419 
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 421 

 422 

 423 

 424 

Fig. 6. Probabilistic simulations under extreme hydraulic forcing conditions within the 425 

Bayesian predictive framework: (a) maximization of LiquidFlow conditions; (b) 426 

minimization of LiquidFlow conditions. 427 

3.1.3 Instantaneous Sediment Transport Conditions 428 

Maximization of Instant_SolidFlow_Total 429 

The maximization of instantaneous sediment transport conditions produced a strong 430 

propagated response throughout the complete hydraulic–sediment transport chain (Fig. 431 

7a). Under this scenario, the probabilistic distribution of instantaneous sediment transport 432 

(Instant_SolidFlow_Total, Qₛ,inst) became fully concentrated within the highest transport 433 

interval (0.08–0.1), representing maximum instantaneous sediment transport activation 434 

within the analyzed probabilistic framework. 435 

The propagated probabilistic response produced elevated hydraulic forcing conditions, 436 

with observed liquid discharge (LiquidFlow_total, QL) concentrated predominantly 437 

(a)  

 (b) 



within the 10–20 m3/s interval (94.64%), while a secondary contribution was associated 438 

with the 20–35 m3/s interval (5.36%). This behavior indicates that high instantaneous 439 

sediment transport conditions are primarily associated with sustained high-flow hydraulic 440 

regimes. 441 

Accumulated sediment transport (SolidFlow_total, Qₛ,total) became fully concentrated 442 

within the highest transport interval (160–inf), indicating substantial amplification of 443 

cumulative sediment transport generation. Similarly, estimated global bed-load transport 444 

(GLOBAL_Bedtransport) shifted entirely toward the maximum transport interval 445 

between 4.0 × 107and 4.5 × 107. 446 

The propagated response additionally produced high reservoir sedimentation estimation 447 

(TOTAL_VOLUME), with probabilities concentrated within the upper volumetric 448 

intervals of 13–14 Mm3 (40%) and 14–15 Mm3 (60%). These results indicate that 449 

maximum instantaneous sediment transport conditions may generate substantial 450 

cumulative sediment transport and reservoir sedimentation response under elevated 451 

hydraulic forcing conditions. 452 

Minimization of Instant_SolidFlow_Total 453 

The minimization of instantaneous sediment transport conditions produced a generalized 454 

reduction in cumulative sediment transport and reservoir sedimentation response 455 

throughout the probabilistic framework (Fig. 7b). Under this scenario, the variable 456 

representing instantaneous sediment transport (Instant_SolidFlow_Total, Qₛ,inst) became 457 

fully concentrated within the minimum transport interval (−0.09 to −0.05), indicating 458 

extremely limited sediment transport activation under the imposed probabilistic 459 

conditions. 460 



The propagated probabilistic response strongly affected cumulative sediment transport 461 

generation (SolidFlow_total, Qₛ,total), which became entirely concentrated within the 462 

minimum transport interval below zero. Similarly, the estimated global bed-load transport 463 

(GLOBAL_Bedtransport) shifted completely toward the minimum transport state, 464 

indicating negligible cumulative sediment transport propagation through the analyzed 465 

system. 466 

The resulting reservoir sedimentation response (TOTAL_VOLUME) also exhibited 467 

complete concentration within the minimum sedimentation interval (−0.0025–0 Mm3), 468 

reflecting negligible sediment accumulation under minimum instantaneous sediment 469 

transport conditions. The obtained probabilistic response therefore demonstrated a direct 470 

dependency between instantaneous sediment transport activation and cumulative 471 

reservoir sedimentation generation within the implemented predictive framework. 472 

Overall, the minimization of instantaneous sediment transport conditions demonstrated 473 

that reduced sediment mobility substantially limits cumulative bed-load transport 474 

propagation and reservoir sedimentation susceptibility within the analyzed probabilistic 475 

structure. 476 

 477 

 478 

 479 

 480 
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Fig. 7. Probabilistic simulations under extreme Instant_SolidFlow_Total conditions 481 

within the Bayesian predictive framework: (a) maximization of instantaneous sediment 482 

transport conditions; (b) minimization of instantaneous sediment transport conditions. 483 

3.1.4 Reservoir Sedimentation Volume Conditions 484 

Maximization of Total Volume 485 

The maximization of reservoir sedimentation volume produced a propagated response 486 

characterized by moderate-to-elevated hydraulic forcing conditions and substantial 487 

sediment transport generation throughout the analyzed probabilistic framework (Fig. 8a). 488 

Under this scenario, the reservoir sedimentation variable (TOTAL_VOLUME) became 489 

fully concentrated within the highest volumetric interval (14–15 Mm³), representing 490 

maximum reservoir sedimentation conditions within the simulated system. 491 

The propagated hydraulic response showed that liquid discharge (LiquidFlow_total, QL) 492 

was mainly associated with moderate-to-high discharge intervals, particularly 3–4 m³/s 493 

(32.41%), 5–7 m³/s (19.98%), 10–20 m³/s (15.50%), and 7–10 m³/s (13.08%). These 494 

results indicate that maximum reservoir sedimentation conditions are associated with 495 

sustained moderate-to-high discharge regimes rather than exclusively extreme flow 496 

events. 497 

Instantaneous sediment transport (Instant_SolidFlow_Total, Qₛ,inst) exhibited dominant 498 

probabilities within the upper transport intervals, particularly 0.04–0.05 (45.19%), 0.05–499 

0.06 (36.58%), and 0.06–0.08 (12.42%). This probabilistic distribution indicates 500 

persistent activation of elevated sediment transport conditions associated with reservoir 501 

sedimentation generation. 502 

Accumulated sediment transport (SolidFlow_total, Qₛ,total) became strongly concentrated 503 

within the highest transport interval (160–inf), which represented 94.8% of the 504 



probabilistic response, with the remaining probability mainly located in the 140–160 505 

interval. Similarly, estimated global bed-load transport (GLOBAL_Bedtransport) shifted 506 

entirely toward the upper transport interval between 4.0 × 10⁷ and 4.5 × 10⁷, indicating 507 

substantial cumulative sediment transport propagation throughout the reservoir 508 

catchment. 509 

Overall, the maximization of reservoir sedimentation volume demonstrated that sustained 510 

moderate-to-high hydraulic forcing conditions combined with elevated instantaneous 511 

sediment transport may produce substantial cumulative sediment transport and significant 512 

reservoir sedimentation response within the analyzed system. 513 

Minimization of Total Volume 514 

The minimization of reservoir sedimentation volume produced a generalized reduction in 515 

hydraulic forcing conditions, sediment transport generation, and cumulative bed-load 516 

transport throughout the probabilistic framework (Fig. 8b). Under this scenario, the 517 

reservoir sedimentation variable (TOTAL_VOLUME) became fully concentrated within 518 

the minimum volumetric interval (0–1 Mm³), representing negligible to very low 519 

reservoir sedimentation conditions within the analyzed system. 520 

The propagated hydraulic response showed that liquid discharge (LiquidFlow_total, QL) 521 

became entirely concentrated within the lowest discharge interval (0–1 m³/s), indicating 522 

minimum hydraulic forcing conditions associated with reduced sediment transport 523 

activity. 524 

Instantaneous sediment transport (Instant_SolidFlow_Total, Qₛ,inst) shifted 525 

predominantly toward the lower transport intervals, particularly between 0–0.01 526 

(67.02%) and 0.01–0.02 (32.98%). Negative or higher transport intervals exhibited 527 



negligible probabilities, indicating very limited sediment transport activation under 528 

minimum sedimentation conditions. 529 

Accumulated sediment transport (SolidFlow_total, Qₛ,total) became fully concentrated 530 

within the 0–40 interval, while estimated global bed-load transport 531 

(GLOBAL_Bedtransport) shifted completely toward the minimum positive transport 532 

interval between 0 and 1.0 × 10⁷. These results indicate that negligible to very low 533 

reservoir sedimentation conditions are directly associated with low hydraulic forcing and 534 

strongly reduced sediment transport generation throughout the catchment system. 535 

Overall, the minimization of reservoir sedimentation volume demonstrated that reduced 536 

hydraulic forcing conditions substantially limit sediment transport activation, cumulative 537 

bed-load transport, and reservoir sedimentation response within the analyzed probabilistic 538 

framework. 539 

 540 
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Fig. 8. Probabilistic simulations under extreme TOTAL_VOLUME conditions within the 550 

Bayesian predictive framework: (a) maximization of reservoir sedimentation volume; (b) 551 

minimization of reservoir sedimentation volume. 552 

3.2 Reservoir management implications  553 

Based on the obtained probabilistic sedimentation scenarios, different preventive, 554 

corrective, and mitigation-oriented reservoir-management strategies may be proposed 555 

according to the estimated sedimentation susceptibility and hydraulic forcing conditions 556 

(Table 2). These measures are intended to reduce sediment accumulation, improve 557 

sediment continuity, and preserve reservoir storage capacity under variable hydrological 558 

conditions. 559 

Table 2. Preventive, corrective, and mitigation-oriented reservoir-management strategies 560 

associated with probabilistic sedimentation scenarios. 561 

Management 

category 

Management 

strategy 

Main objective Potential 

application 

Preventive Check dams and 

ravine stabilization 

Reduce upstream 

sediment 

generation and 

sediment delivery 

Highly erosive sub-

basins and 

mountain ravines 

Preventive Sediment routing 

and bypass 

strategies 

Improve sediment 

continuity and 

reduce reservoir 

deposition 

Sediment-laden 

flood events 

Preventive Hydraulic 

monitoring and 

Identify critical 

hydraulic periods 

Real-time 

reservoir-



early-warning 

systems 

associated with 

elevated sediment 

transport 

management 

support 

Preventive Forest 

hydrological-l 

restoration (FHR) 

Restore degraded 

landscapes and 

regulate the water 

cycle within a river 

basin through 

targeted 

reforestation and 

erosion control 

active actions 

Tributary 

subcatchments and 

whole catchment. 

Limited to soil, 

isolation and terrain 

conditions (high 

slopes) 

Corrective Sediment flushing 

operations 

Reduce 

accumulated 

sediment volume 

within the reservoir 

High-flow periods 

associated with 

elevated sediment 

transport 

Corrective Dredging of 

reservoir deposits 

Recover effective 

reservoir storage 

capacity 

Advanced reservoir 

sedimentation 

conditions 

Mitigation-oriented Construction of 

upstream retention 

structures 

Retain coarse 

sediment before 

entering the 

reservoir system 

Tributary inflow 

sectors 



Mitigation-oriented Periodic 

sedimentation 

assessment 

Evaluate long-term 

sedimentation 

evolution and 

storage-capacity 

reduction 

Reservoir 

maintenance and 

operational 

planning 

 562 

Overall, the proposed probabilistic framework provides a physically interpretable and 563 

operationally applicable approach for uncertainty-aware reservoir sedimentation 564 

assessment and sediment-management planning under variable hydraulic forcing 565 

conditions. 566 

 567 

4. Discussion  568 

The probabilistic simulations demonstrated strong sensitivity of sediment transport 569 

generation and reservoir sedimentation response to variations in hydraulic forcing 570 

conditions. High-flow scenarios produced substantial increases in instantaneous sediment 571 

transport, cumulative bed-load transport, and estimated reservoir sedimentation volume, 572 

indicating that relatively short periods of elevated discharge may contribute 573 

disproportionately to long-term reservoir sedimentation processes. In contrast, low-flow 574 

conditions generated reduced sediment transport activation and limited sedimentation 575 

response, highlighting the dominant influence of hydraulic forcing variability on 576 

sediment generation dynamics within the analyzed catchment system. 577 

The implemented probabilistic framework additionally demonstrated the capability to 578 

estimate sediment transport response directly from observed liquid-discharge conditions. 579 

This characteristic is particularly relevant for reservoir-management applications because 580 



liquid discharge observations are generally more accessible and continuously monitored 581 

than sediment transport measurements in most operational reservoir systems. The 582 

resulting probabilistic dependency structure therefore enables uncertainty-aware 583 

estimation of sediment transport generation and reservoir sedimentation susceptibility 584 

under variable hydrological conditions. 585 

The propagated probabilistic structure further enabled uncertainty-aware estimation of 586 

sediment transport and reservoir sedimentation response under variable hydraulic 587 

conditions. Instead of providing single deterministic predictions, the framework 588 

generated probabilistic distributions associated with sediment transport generation and 589 

reservoir sedimentation scenarios. Such probabilistic characterization may support risk-590 

informed reservoir-management strategies under uncertain hydrological conditions, 591 

particularly in Mediterranean mountain catchments characterized by strong hydrological 592 

variability and episodic sediment transport activation. 593 

From an operational perspective, the proposed framework may support preliminary 594 

assessment of sedimentation susceptibility, identification of critical hydraulic periods 595 

associated with elevated sediment transport, and uncertainty-aware evaluation of 596 

reservoir sedimentation response. Potential applications include support for sediment-597 

routing strategies, flushing-operation planning, reservoir maintenance prioritization, and 598 

long-term storage-capacity assessment under variable hydraulic forcing conditions. 599 

5. Conclusions 600 

The obtained results indicated a clear probabilistic dependency between hydraulic 601 

forcing, sediment transport generation, and reservoir sedimentation within the analyzed 602 

catchment. The implemented framework identified liquid discharge as the main hydraulic 603 

predictor for sediment transport activation and cumulative sedimentation. Scenario-based 604 



simulations showed that elevated discharges produced substantial increases in 605 

instantaneous transport, accumulated bed-load, and estimated reservoir sedimentation 606 

volume, whereas low-flow conditions generated limited responses. This aligns with the 607 

well-documented nonlinear, threshold-controlled behavior of sediment transport in 608 

gravel-bed rivers and stochastic entrainment mechanisms under natural flows  (Barry et 609 

al. 2004; Furbish et al. 2017; Recking 2010). Consequently, simulations suggested high 610 

sensitivity to hydraulic variations; under high-flow scenarios, the response shifted toward 611 

maximum transport intervals. This disproportionate increase in transport intensity 612 

confirms the threshold-controlled nature of sediment entrainment, consistent with field-613 

scale studies (Buffington and Montgomery 1997; Wilcock and McArdell 1993) and 614 

interpretations emphasizing uncertainty propagation in sediment-routing dynamics 615 

(Czuba 2018). 616 

The framework demonstrated the potential of physically interpretable Bayesian 617 

probabilistic structures for uncertainty-aware sediment transport prediction. Unlike 618 

purely deterministic formulations, this approach explicitly represents uncertainty 619 

propagation throughout the hydraulic–sediment transport chain. This is particularly 620 

relevant under natural flow conditions affected by temporal hydraulic variability, 621 

sediment heterogeneity, armoring processes, and intermittent entrainment dynamics. The 622 

resulting probabilistic characterization may therefore provide a more flexible 623 

representation of sediment transport response under field-relevant conditions. 624 

Comparable Bayesian-network approaches have previously demonstrated robust 625 

applicability for environmental systems characterized by nonlinear interactions, causal 626 

dependence structures, and uncertainty propagation (Aguilera et al. 2011). 627 

Methodologically, the proposed framework represents an intermediate approach between 628 

classical deterministic equations and purely data-driven machine-learning models. 629 



Conventional MPM-type formulations often exhibit limited predictive capability under 630 

natural river conditions due to threshold uncertainty and sediment heterogeneity (Gomez 631 

and Church 1989; Sidiropoulos et al. 2021). At the same time, although machine-learning 632 

approaches can provide high predictive accuracy, their physical interpretability and 633 

extrapolation capability under changing hydraulic conditions may remain limited 634 

depending on data availability, model structure, and the calibration domain. In this 635 

context, the implemented Bayesian framework preserves the physically interpretable 636 

structure of classical formulations while successfully incorporating uncertainty-aware 637 

prediction and probabilistic dependency analysis. 638 

The results highlight the framework's applicability for preliminary reservoir-management 639 

and sedimentation-assessment purposes. Propagating hydraulic variability toward 640 

reservoir sedimentation enables the estimation of sedimentation susceptibility under 641 

variable discharges. This supports uncertainty-aware management strategies, including 642 

sediment-routing assessment, maintenance prioritization, and long-term storage-capacity 643 

evaluation under fluctuating hydrological conditions. This aspect is particularly relevant 644 

for Mediterranean mountain catchments, where episodic high-flow events and temporal 645 

hydraulic variability dominate sediment dynamics, reinforcing the need to integrate 646 

sediment continuity within sustainable reservoir-management strategies (Kondolf et al. 647 

2014). 648 

In conclusion, the proposed Bayesian probabilistic framework successfully integrated 649 

physically based MPM-type sediment transport formulations with uncertainty-aware 650 

prediction and probabilistic dependency analysis. The study confirms that liquid 651 

discharge variability exerts major control over sediment transport generation and 652 

reservoir sedimentation within the analyzed catchment. High-flow conditions produced 653 

substantial increases in sediment transport intensity and estimated sedimentation 654 



volumes, whereas low-flow conditions generated limited responses. By explicitly 655 

characterizing the relationship between liquid discharge, cumulative bed-load transport, 656 

and reservoir sedimentation, the methodology provides a physically interpretable and 657 

operationally relevant approach for predictive sediment transport estimation. 658 

Furthermore, the framework enables robust, uncertainty-aware prediction under variable 659 

hydrological conditions. This makes it highly applicable for preliminary reservoir 660 

sedimentation assessment and the development of sustainable sediment-management 661 

strategies, particularly in Mediterranean fluvial environments. 662 
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