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ABSTRACT 

Reservoir sedimentation is an escalating global concern that threatens water 

security, infrastructure longevity, and ecological sustainability. Sediment transport 

modeling (STM) has become a pivotal tool for predicting reservoir sediment 

accumulation, informing operational strategies, and optimizing long-term sustainable 

water resource management (SWRM). This review comprehensively examines 

empirical, semi-empirical, process-based, and data-driven sediment transport models, 

highlighting their applications, strengths, and limitations. Empirical models, such as 

trapping efficiency-based approaches, provide rapid bulk sediment estimates but lack 

spatial resolution. Process-based models (1D, 2D, 3D) solve governing hydro-
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morphodynamic equations, including mass and momentum conservation, the Exner 

equation, and sediment transport relations, capturing detailed sediment dynamics for 

complex reservoirs. Advanced physics considerations, such as non-uniform sediment 

transport, armoring, and turbidity currents, are critical for accurate predictions. 

Moreover, machine learning (ML) and hybrid frameworks enhance forecasting 

capabilities, particularly for suspended sediment concentrations and real-time 

operational decision-making. The integration of these predictive approaches into 

SWRM enables the design of optimized structural measures, operational rule curves, 

and watershed management strategies. The review emphasizes the necessity of 

uncertainty quantification, data assimilation, and long-term climate adaptation to 

ensure the effectiveness of sediment management interventions, advocating a holistic, 

multi-scale modeling approach for sustainable reservoir operations. 

Keywords: Reservoir sedimentation, Hydro-morphodynamic models, Sediment 

management, Watershed modeling, Sustainable reservoir operation, Climate change 

adaptation. 
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1. Introduction: The Sedimentation Crisis and the Demand for Predictive Modeling 

1.1 Global Decline in Reservoir Capacity and Threats to Water Security 

Reservoirs are fundamental components of global water infrastructure, providing 

essential services such as agricultural watering, power generation, flood mitigation, and general 

water provision.1 The International Commission on Large Dams (ICOLD) reports a global tally 

of approximately 58,713 expansive dams, underscoring their vast societal benefits.1 However, 

despite mounting global demand for a more sustainable worldwide water supply system, the 

available reservoir capacity is relentlessly diminishing due to the process of sedimentation.1 

This accumulation of sediments, naturally transported along river channels, has profound 

effects on reservoir function, with the impact becoming more pronounced as the infrastructure 

ages.1 By 2018, sedimentation had already resulted in a 33% decrease in global storage 

capacity.1 
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The relentless loss of storage capacity directly compromises the fundamental goal of 

sustainable water resource management (SWRM). Traditional economic planning and Cost-

Benefit Analyses (CBAs) historically failed to account for long-term infrastructure and 

environmental impacts of sedimentation.2 Conventional CBAs deem all benefits and costs 

projected to occur more than several decades into a project as negligible.2 Consequently, future 

costs, such as the necessity for dam decommissioning or the retrofitting of costly sediment 

management facilities, were excluded from the analysis, effectively guaranteeing non-

sustainable solutions.3 The primary challenge of reservoir sedimentation is therefore 

fundamentally rooted in a failure of temporal economic accounting and long-term planning. 

Sophisticated sediment transport models (STMs) are now necessary to provide the quantifiable, 

long-term predictions of damages and mitigation costs required to rectify this historical 

economic oversight and inform a new economic paradigm.2 

1.2 The Multifaceted Impacts of Reservoir Sedimentation 

The effects of sedimentation extend far beyond the mere volumetric reduction of water 

storage. Sediment accumulation significantly increases risks to dam safety. Dams are designed 

to withstand seismic shaking when filled with water, but the accumulation of heavy sediment 

against the structure can increase the load during earthquakes.4 Furthermore, the loss of flood 

storage volume necessitates an increase in both the frequency and peak discharge of spillway 

use, which typically have a shorter service life than other dam outlets.4 

A comprehensive view of sedimentation must also account for the degradation of the 

downstream channel. Dam construction interrupts the natural fluvial transport of sediment, 

leading to a sediment-starved channel below the structure.4 Over time, these alluvial channels 

erode, causing bed incision and increased bank erosion. These geomorphic changes inflict 

damage on riverbank infrastructure, such as roads, bridges, and pipeline crossings, while 

simultaneously impairing crucial stream and floodplain habitat for fish and wildlife.4 Moreover, 

the trapping of sediment reduces the delivery of sand to coastal areas and river deltas, 

contributing to significant shoreline erosion. Therefore, a modeling approach focused solely on 

upstream volume loss is insufficient for SWRM; the chosen methodology must quantify both 

accumulation above the dam and the potential for downstream channel stability assessment.4 

1.3 Scope and Structure of the Review: Linking Predictive Science to Management 

Accurate prediction of sediment deposition, scour, and transport patterns is paramount 

for developing effective, sustainable management strategies. The problem is complex, resulting 

from the interrelationships between climate, drainage basin geology, fluvial system dynamics, 
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and human activities, and is heavily dependent on the size of the reservoir relative to the 

incoming sediment load.5 

This review paper provides an expert analysis of the existing sediment transport models 

used to predict deposition in reservoirs. The analysis progresses from simplified empirical 

methods to sophisticated process-based computational models (1D, 2D, and 3D) and emerging 

data-driven paradigms (AI/ML). The primary focus is to link the technical modeling 

capabilities and their inherent limitations to actionable strategies for SWRM, covering 

structural mitigation, operational optimization, and the necessary integration with sustainable 

economic planning frameworks. 

2. Theoretical Framework of Reservoir Sediment Dynamics 

2.1 Mechanics of Sediment Transport in Fluvial Systems 

The inflow stream carries sediment into the reservoir primarily as a mixture of bed load 

and suspended load.5 Bed load transport involves particles rolling, sliding, or saltating very 

close to the stream bed, rarely rising far above it. Suspended load, conversely, consists of finer 

particles carried within the water column.6 

Upon entering the reservoir, the river flow velocity dramatically decelerates. This 

reduction in kinetic energy causes the sediment transport capacity of the water to decrease, 

resulting in the trapping and deposition of a significant portion of the incoming sediment load.5 

Following initial deposition, the accumulated sediments may consolidate over time due to their 

self-weight and the weight of overlying water.5 Predicting the volume, location, and 

accumulation rate of this deposited sediment requires hydraulic engineers to consider numerous 

interacting factors, including streamflow variability, reservoir geometry, sediment production 

rates in the watershed, the sediment type (size and density), and the mode and operation of the 

reservoir.5 

2.2 Governing Equations of Hydro-Morphodynamics 

Computational hydrodynamic/sediment transport models offer an advantage over 

physical models by being adaptable to different physical domains and avoiding scale distortion 

effects.7 These computational approaches rely on the numerical solution of fundamental 

governing differential equations, including those for continuity, momentum, and energy of the 

fluid, coupled with the differential equation for sediment continuity.7 
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2.2.1 Mathematical Equations Used in Sediment Transport Modelling 

The Continuity Equation 

 

𝝏𝒉

𝝏𝒕
+

𝝏(𝒉𝒖)

𝝏𝒙
+

𝝏(𝒉𝒗)

𝝏𝒚
=  𝟎                                                                                                (𝟏) 

 

Represents conservation of mass in two-dimensional flow. 

The Momentum Equations 

 

𝝏(𝒉𝒖)

𝝏𝒕
+

𝝏(𝒉𝒖𝟐 +  ½𝒈𝒉𝟐)

𝝏𝒙
+

𝝏(𝒉𝒖𝒗)

𝝏𝒚
=  𝒈𝒉(𝑺𝟎ₓ −  𝑺𝒇𝒙) +  𝜱𝒙         (𝟐) 

 
𝝏(𝒉𝒗)

𝝏𝒕
+

𝝏(𝒉𝒖𝒗)

𝝏𝒙
+

𝝏(𝒉𝒗𝟐 +  ½𝒈𝒉𝟐)

𝝏𝒚
=  𝒈𝒉(𝑺𝟎ᵧ −  𝑺𝒇𝒚) +  𝜱𝒚            (𝟑) 

 
Conservation of momentum in x- and y-directions. 

The Exner Equation (1D) 

 

𝝏𝒁𝒃

𝝏𝒕
+

(
𝟏

𝟏 − 𝒑
) 𝝏𝑸𝒔

𝝏𝒙
=  𝟎                                                                                              (𝟒) 

 
Bed elevation change due to sediment flux in one dimension. 

Exner Equation (2D) 

 
𝝏𝒁𝒃

𝝏𝒕
+  (

𝟏

𝟏 −  𝒑
) (

𝝏𝒒𝒔𝒙

𝝏𝒙
+

𝝏𝒒𝒔𝒚

𝝏𝒚
) =  𝟎                                                                        (𝟓) 

 
Two-dimensional form for bed evolution. 

Bed Shear Stress and Shear Velocity 

 

𝝉𝒃 =  𝝆𝒈𝒉𝑺𝒇,  𝒖 ∗ =  √
𝝉𝒃

𝝆
                                                                                             (𝟔) 

 

Relates bed shear stress and shear velocity to flow conditions.  

Shields Parameter 

 

𝜽 =  𝝉𝒃((𝝆𝒔 −  𝝆)𝒈 𝒅),  𝜽𝒄𝒓 =  𝒄𝒓𝒊𝒕𝒊𝒄𝒂𝒍 𝑺𝒉𝒊𝒆𝒍𝒅𝒔 𝒑𝒂𝒓𝒂𝒎𝒆𝒕𝒆𝒓                    (𝟕) 
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Indicates incipient motion of sediment particles. 

Meyer–Peter–Müller Bedload Formula 

 

𝒒𝒃 =  𝟖 (𝜽 −  𝜽𝒄𝒓)
𝟑

𝟐√(𝒔 −  𝟏)𝒈 𝒅𝟑                                                                            (𝟖) 

 

Empirical relation for bedload transport per unit width. 

Total Sediment Transport 

 

𝑸𝒔 =  𝑸𝒃 +  𝑸𝒔𝒖𝒔𝒑                                                                                                       (𝟗) 

 

Total load = bedload + suspended load. 

Advection–Diffusion Equation for Suspended Sediment 

 

𝝏(𝒉𝑪)

𝝏𝒕
+

𝝏(𝒉𝒖𝑪)

𝝏𝒙
+

𝝏(𝒉𝒗𝑪)

𝝏𝒚
=

𝝏 (𝒉𝜺𝒔
𝝏𝑪

𝝏𝒙
)

𝝏𝒙
+

𝝏 (𝒉𝜺𝒔
𝝏𝑪

𝝏𝒚
)

𝝏𝒚
+  𝑬 −  𝑫                  (𝟏𝟎) 

 

Describes suspended sediment transport with advection, diffusion, erosion, and 

deposition. 

Deposition Flux 

 

𝑫 =  𝝎𝒔 𝑪                                                                                                                             (𝟏𝟏) 

 

Deposition proportional to settling velocity and concentration. 

Stokes Settling Velocity 

 

𝝎𝒔 =
(𝝆𝒔 −  𝝆)𝒈 𝒅𝟐

𝟏𝟖 𝝁
                                                                                                         (𝟏𝟐) 

 

Settling velocity of fine particles under Stokes flow. 

(Eq. 13) Multi-Class Exner Equation 

 
𝝏𝒁𝒃

𝝏𝒕
+  (

𝟏

𝟏 −  𝒑
) 𝜮 𝝏𝒒𝒔,

𝒌

𝝏𝒙
=  𝟎 𝒇𝒐𝒓 𝒌 =  𝟏 … 𝒏                                                    (𝟏𝟑) 

 

Bed evolution considering multiple sediment classes. 

Ackers–White Sediment Transport Formula 
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𝑸𝒔 =  𝑪 (

𝒈½𝒅𝟑

𝟐
(𝒔 −  𝟏)½

𝒗
) (

𝑼

𝑼
∗)

𝒎

(
𝑫 ∗

𝑫 ∗ 𝒄𝒓
)

𝒏

                                                        (𝟏𝟒) 

 

Predicts total sediment transport using dimensionless parameters. 

Van Rijn Sediment Transport Formula 

 

𝒒𝒔 =  𝟎. 𝟎𝟓𝟑 𝑫 ∗−𝟎.𝟑 𝑻𝟐.𝟏√(𝒔 −  𝟏)𝒈 𝒅𝟑                                                                  (𝟏𝟓) 

 

Estimates suspended load based on excess shear stress. 

2.3 Coupled Hydro-Morphodynamic (H–M) Systems 

Modeling intricate reservoir processes—such as river delta evolution, local scour 

around hydraulic structures, or bed aggradation and degradation—necessitates a closely 

integrated Hydro-Morphodynamic (H–M) system⁷. These systems simultaneously solve both 

the flow and sediment continuity equations. 

Such models capture critical processes including suspended-load transport, bed-load 

movement, and the resulting changes in the bed profile⁸. The degree of coupling in these 

systems is often complex, as they incorporate momentum balance equations containing terms 

for bed slope, sediment concentration gradients, and momentum transfer arising from bed 

exchange¹⁰. To handle these complex flow conditions and maintain numerical stability—

especially during transient situations such as dam-break events or flows involving wet/dry 

transitions—many coupled models employ advanced numerical techniques like hyperbolic 

regularization¹¹. 

A key advancement in recent sediment transport modeling (STM) is the move away 

from quasi-steady flow assumptions toward unsteady flow formulations⁷. Reservoir 

sedimentation and scour processes, particularly during transient events like major floods or 

typhoons, require such unsteady frameworks coupled with non-equilibrium transport 

approaches to more accurately represent real-world conditions⁸. 

3. Empirical and Simplified Approaches for Sedimentation Assessment 

3.1 Trapping Efficiency (TE) Models 

Empirical and semi-empirical models are computationally efficient tools, ideal for 

preliminary assessments and estimating long-term volume loss¹². Derived through dimensional 

analysis and calibrated using observed data, these models link catchment characteristics (e.g., 

rainfall, runoff) and reservoir parameters to sediment yield and deposition¹³. 
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The most basic and conventional method for assessing preliminary sediment accumulation is 

by estimating the reservoir’s Trapping Efficiency (TE)¹⁵. TE models generally express the 

proportion of incoming sediment retained in the reservoir as a function of dimensionless 

parameters such as the Capacity-to-Inflow (C/I) or Capacity-to-Watershed (C/W) ratios¹⁵. 

3.2 Review of Established Models and Methods 

Over time, several empirical and semi-empirical models have been developed to 

estimate sediment deposition. Comparative studies on large reservoirs, such as those in the 

Upper Yangtze River basin, identified the Brune and Siyam empirical models as among the 

most dependable for estimating sediment trapping efficiency¹⁵. Recent modifications to these 

models incorporate both C/I and C/W ratios, as well as sediment properties like particle size 

and settling velocity, significantly improving prediction accuracy for large reservoirs¹⁵. 

At the watershed scale, sediment yield estimation methods such as the Rational Method (based 

on catchment area, rainfall intensity, and runoff coefficient), Cook’s Method, and the Modified 

Universal Soil Loss Equation (MUSLE)¹² are widely employed to generate simplified sediment 

inputs for reservoir design and management. 

3.3 Strengths and Limitations 

The key advantage of empirical models lies in their simplicity and minimal data 

requirements, making them highly suitable for initial feasibility and long-term planning 

studies¹². However, their dependence on generalized parameters introduces several drawbacks. 

These models often assume homogeneity within large catchments and fail to accurately 

simulate sediment behavior during individual high-flow events¹². Additionally, they only 

estimate total sediment volume without accounting for spatial deposition patterns—crucial for 

evaluating localized effects near intakes or specific hydraulic components. 

To overcome the challenge of limited field data inherent in conventional empirical 

methods, hybrid approaches have emerged. Satellite-derived turbidity data can be used to 

estimate river sediment loads, which, when integrated with established TE models (e.g., 

Brune’s), allow for the prediction of trapped sediment volumes at regional or even global 

scales¹². This combination provides a cost-effective and spatially extensive framework for 

reservoir sedimentation monitoring. 

4. Process-Based Computational Models: Dimensional Analysis and Application 

Computational models solve the fundamental differential equations governing flow and 

sediment transport, offering greater adaptability across different physical environments 
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compared to physical models⁷. The selection of model dimensionality (1D, 2D or 3D) depends 

on the spatial scale and the complexity of the sedimentation processes being investigated. 

4.1 One-Dimensional (1D) Models for Sediment Routing 

One-dimensional models simplify the flow to a single longitudinal axis, enabling 

representation of large-scale sediment transport processes across extensive river or reservoir 

systems over long durations¹⁶. These models are frequently employed for estimating sediment 

accumulation patterns, sediment passage, and dam scour (e.g., HEC-RAS 1D, SRH-1D)¹⁶. 

Modern 1D models like HEC-RAS are based on the concept that sediment transport capacity 

is distributed among various grain-size classes according to their bed material fractions¹⁹. 

Common transport functions (e.g., Ackers–White, Meyer–Peter Müller) compute total 

sediment load (gₛ) using parameters such as shear stress (τ₀), shear velocity (u*), and flow 

velocity (V), alongside sediment properties²⁰. Despite their simplifications, 1D models remain 

valuable for tasks like assessing restoration impacts or guiding preliminary operational 

strategies¹⁷. 

4.2 Two-Dimensional (2D) Depth-Integrated Models 

Two-dimensional models solve depth-integrated flow equations (Shallow Water or 

RANS), providing detailed spatial resolution in plan view (x–y dimensions). Although they 

demand more computational effort than 1D system, 2D models are essential for simulating the 

spatial variability of flow and sedimentation patterns²¹. Commonly used 2D software includes 

CCHE2D²² and the upgraded HEC-RAS 2D module²⁴. 

Key advantages of 2D models include: 

1. Simulation of unsteady flow dynamics. 

2. Representation of non-uniform, multi-size sediment transport under non-equilibrium 

conditions²³. 

3. Accurate prediction of morphological evolution, bank erosion (surface, toe, and mass 

failure), and delta progression²¹. 

Because of their ability to capture lateral sediment distribution, 2D models are 

increasingly adopted for detailed design analyses and for managing medium to large 

reservoirs²¹. The inclusion of sediment transport modules in newer tools, such as HEC-RAS 

Version 6.1²⁴, marks a shift in engineering standards toward spatially explicit modeling. 

4.3 Three-Dimensional (3D) Computational Fluid Dynamics (CFD) Models 

Three-dimensional models account for vertical variations in velocity, pressure, and 

turbulence—factors averaged out in 1D and 2D systems⁷. They generally apply the full 
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Reynolds-Averaged Navier–Stokes (RANS) equations coupled with turbulence closure 

schemes like the k–ε model²² to replicate complex flow behaviors. 

3D modeling is particularly important for cases where vertical flow structures 

significantly influence sediment movement, such as: 

1. Estimating scour depth around hydraulic structures (piers, piles, abutments)²⁶. 

2. Analyzing flow near dam intakes where sediment concentration affects pump 

operations²⁷. 

3. Simulating high-density sediment processes, including turbidity currents²⁸. 

Comparative studies among 1D, 2D and 3D systems have shown that, after proper 

calibration, simulated water levels are nearly identical across all models²⁹. However, 

notable discrepancies appear in the estimation of bed shear stress (τ₀), with 3D models 

predicting values 62–86% lower than those from 1D simulations²⁹. Because sediment 

transport rates are exponentially sensitive to shear stress, this finding suggests that 

simpler models tend to overestimate transport capacity. Such overestimation can lead 

to underpredicted deposition rates in long-term forecasts—a critical concern for 

sustainable reservoir management²⁹. 

The application and necessity of each model type can be summarized as follows: 

 

Table 1: Comparative Analysis of Sediment Transport Model Classes 

Model Class Dimensionality Key Output/Focus 
Resolution of 

Local Dynamics 

Computational 

Demand 

Typical 

Application Scale 

Empirical/Semi-

Empirical 
0D 

Trapping Efficiency, 

Bulk Volume Loss 
None 

(Homogeneous 

Estimate) 15 

Very Low 
Planning, Long-

term Feasibility 12 

1D Numerical 1D 

Longitudinal 

Sediment Profile, 

Sediment Routing 

Good for 

centerline 

dynamics 

Low to Moderate 
Large Reservoirs, 

River Reaches 16 

2D Numerical 
2D (Depth-

Integrated) 

Delta Advance, 
Lateral Deposition 

Patterns, Bank 

Erosion 

Excellent for plan 

view 21 

Moderate to 

High 

Medium/Large 
Reservoirs, 

Complex Bends 23 

3D Numerical 3D 

Local Scour, 
Secondary Flow, 

Vertical Velocity 

Profiles 

Excellent for 
highly localized 

phenomena 26 

Very High 

Intake Design, 
Dam Safety, 

Flushing 

Mechanics 27 

Data-Driven 
(AI/ML) 

N/A 

Suspended Sediment 

Concentration (SSC) 
Forecasts, Optimized 

Parameters 

Highly dependent 
on training data 

Moderate 
Real-time 
Operations, 

Forecasting 30 
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5. Advanced Sediment Transport Physics and Numerical Methods 

As reservoir sedimentation management becomes increasingly complex—especially in 

steep-slope terrains and near critical hydraulic structures—advanced numerical models are 

needed to resolve intricate physical processes, such as sediment heterogeneity and density-

driven currents. 

5.1 Non-Uniform Sediment Modeling: Armoring and Bed Layers 

Reservoirs inherently experience the transport and deposition of heterogeneous (non-

uniform) sediments²⁵. Modeling the resulting bed dynamics requires accounting for two major 

processes: armoring, where a coarse surface layer forms and resists further erosion, and 

sorting, which alters the grain-size composition of the bed material³¹. 

To represent these interactions accurately, numerical models often employ multi-layer 

structures that distinguish between an active layer, directly engaged with the flow, and deeper 

passive layers³². The modeling algorithm must conserve mass for each grain fraction as 

material exchanges between layers or transitions into suspension and deposition³². Neglecting 

sediment non-uniformity and armoring can result in significant errors when predicting long-

term sediment mobility or scour intensity²⁶. In such non-uniform environments, scour near 

structures tends to become highly localized and asymmetric due to flow deviation around 

coarser particles²⁶. 

Recent research emphasizes incorporating advanced numerical methods—such as the 

Discrete Element Method (DEM)—to simulate micro-scale interactions like infiltration and 

fine sediment exchange between layers, helping to close key knowledge gaps³¹. Although 

coupled hydro-morphodynamic models can capture bed-level evolution and scour regions with 

precision, they still face challenges in efficiently representing mean grain-size distribution and 

sorting³³. 

5.2 Modeling High-Density Flows: Turbidity Currents 

Turbidity currents—dense, sediment-laden flows moving along the reservoir bed—are 

often initiated by intense storm events³⁴. These currents are crucial to sediment management 

because they naturally transport fine sediments toward the dam face³⁴. 

Accurate simulation of turbidity currents requires sophisticated tools, typically involving layer-

averaged 2D or full 3D CFD models, to resolve the coupled hydrodynamic and 

morphodynamic processes²⁸. Modeling these flows is essential for designing and optimizing 

turbidity current venting, which releases fine suspended sediments before they settle, thereby 

maintaining reservoir capacity³⁴. 
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Advanced H–M modeling also supports design validation and operational optimization 

for sediment bypass tunnels (SBTs). Through numerical simulations, engineers can assess 

proposed bypass schemes and compare them with baseline conditions³⁵. Additionally, these 

models enable the analysis of scale effects observed in physical laboratory studies, improving 

model reliability and enhancing real-time forecasting potential³⁵. 

5.3 Coupled Hydro-Morphodynamic Systems Review 

Validated coupled modeling frameworks—such as TELEMAC–MASCARET, 

HYDRO-FT, and BASEMENT—have demonstrated strong agreement with laboratory data, 

proving their effectiveness in predicting bed evolution and defining deposition and scour zones 

under unsteady conditions³³. These models are founded on the coupled conservation of fluid 

and solid phases, a prerequisite for realistically simulating the dynamic interaction between 

flow and the movable bed boundary¹⁰. Nonetheless, accurately reproducing sediment sorting 

and mean grain-size distribution remains a persistent limitation, underlining the ongoing need 

to refine both the theoretical foundations and numerical implementations of non-uniform 

sediment transport³³. 

6. Data-Driven and Hybrid Modeling Paradigms 

Although process-based models are robust, they often depend on empirical transport 

equations and face uncertainty due to limited calibration data¹². Machine Learning (ML) 

provides a complementary approach to address these uncertainties³⁶. 

6.1 Applications of Artificial Neural Networks (ANN) and Deep Learning 

ML techniques exploit available domain knowledge to define relevant input and output 

variables, learning complex nonlinear relationships directly from data³⁶. 

Artificial Neural Networks (ANNs) have become valuable decision-support tools for 

reservoir management. A trained ANN can, for example, predict the sediment volume flushed 

during an event using inputs like peak discharge and flushing duration³⁷. The Radial Basis 

Neural Network (RBNN) model has also shown strong performance in estimating mean 

annual sediment yields, often aligning more closely with observed data than conventional 

models³⁸. 

Recent advances in Deep Learning (DL), particularly with Long Short-Term 

Memory (LSTM) networks, have enabled accurate forecasting of **Suspended Sediment 

Concentration (SSC)**³⁹. Unlike process-based methods that depend on fixed empirical 

parameters, DL models adaptively learn temporal dependencies, significantly improving soil 

loss prediction accuracy³⁹. Studies indicate that LSTM models outperform traditional ML 
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algorithms, showing lower RMSE values and reduced risks of overfitting³⁹. Moreover, 

attention-based PCA-LSTM architectures enhance model credibility by capturing peaks and 

troughs in SSC, effectively simulating hydrological extremes³⁰. 

The integration of ML and DL within Sustainable Water Resource Management 

(SWRM) represents a major paradigm shift. These models provide reliable short-term, event-

based predictions using historical time series of discharge, rainfall, and SSC, avoiding the need 

to estimate uncertain physical parameters like bed friction or turbulence coefficients³⁹. 

Consequently, their primary role transitions from long-term morphological prediction to real-

time operational optimization, enabling managers to make informed decisions regarding 

flushing or flow releases. 

6.2 Hybrid Approaches for Uncertainty Reduction 

Hybrid models combine the mechanistic insight of physical models with the predictive 

flexibility of ML. This integration effectively reduces uncertainty in long-term sediment 

simulations. For instance, coupling ANNs with 1D sediment transport models has improved 

the accuracy of projected SSC values under climate change scenarios⁴⁰. Such hybrid 

frameworks use the physical model to simulate hydrodynamics and morphology, while the AI 

component enhances input reliability under evolving environmental conditions. 

7. Integrating Model Outputs into Sustainable Water Resource Management 

The primary goal of sediment transport modeling is to support the design of cost-

effective and ecologically sustainable strategies for water resource management³. 

7.1 Structural Sediment Management Optimization 

Computational modeling is indispensable for designing and optimizing structural 

interventions to mitigate sedimentation. 

Local Protection and Intake Management: 

High-resolution 2D and 3D simulations (e.g., SSIIM2) are employed to predict flow 

and sediment patterns near sensitive structures like intakes and pumping stations²⁶. For 

instance, a study at Mosul Dam Reservoir used SSIIM2 to test a hybrid management approach 

involving an earthen dyke and controlled pumping²⁷. Results showed a 47% reduction in 

sediment in front of intakes and a 42% decrease within them, underscoring the importance of 

modeling coupled hydraulic and structural measures²⁷. 
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Watershed and Erosion Control: 

At the catchment scale, watershed models such as SWAT evaluate the efficiency of 

conservation techniques—terracing, vegetated filter strips (VFSs), and grade stabilization 

structures (GSSs)⁴¹⁻⁴². In one case, terracing reduced average annual sediment yield by 42.3%, 

followed by VFSs with 37.3%⁴². Such analyses provide critical data for sustainable basin 

management. 

Sediment Bypassing and Flushing Optimization: 

Numerical simulations are equally important for dynamic techniques such as sediment 

bypass tunnels (SBTs). Using 1D and 2D models, engineers can assess performance under 

varying reservoir levels⁴³. For Type-B SBTs, synchronizing water-level drawdown with 

operation enhances bypassing efficiency⁴³. Similarly, 3D models help optimize hydraulic 

flushing to maximize sediment removal²⁸. 

7.2 Optimizing Reservoir Operational Rule Curves 

Modeling is central to developing operational rule curves that balance competing 

demands—water supply, power generation, flood control, and sediment mitigation⁴⁴. 

Delta Retardation Strategies: 

1D sediment transport simulations demonstrate that incrementally increasing the 

minimum operating level can slow delta progression and reduce bed elevation rise near the dam 

face⁴⁰. However, such strategies must be carefully balanced against potential reductions in 

downstream irrigation availability⁴⁰. 

Multi-Objective Optimization and Climate Change: 

For multi-reservoir systems, coupling sediment transport models with optimization 

algorithms—like the Self-Adaptive Genetic Algorithm (GA) or Honey-Bee Mating 

Optimization (HBMO)—can generate adaptive monthly rule curves⁴⁵⁻⁴⁶. These models aim to 

maximize overall system performance while adhering to operational constraints. 

Integration with climate projections (e.g., CMIP5 under RCP scenarios) allows prediction of 

future runoff and sediment yield changes⁴⁵. This enables managers to design adaptive operating 

rules that maintain water supply during prolonged dry seasons and prevent overflow during 

intensified rainfall⁴⁵. 

7.3 Economic and Policy Implications 

Predictive sediment modeling bridges hydrological science and long-term financial 

planning³. By quantifying physical outcomes such as capacity loss and infrastructure 

degradation, models support economic analyses that incorporate full lifecycle costs, including 

decommissioning or capacity replacement³. Studies confirm that early intervention—within a 
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decade of dam construction—can prevent severe losses, making proactive sediment 

management far more cost-effective³. Such modeling transforms sustainability planning from 

qualitative discussion into quantifiable financial decision-making, aligning engineering 

practice with long-term economic resilience. 

8. Challenges, Uncertainty Quantification, and Future Research Trajectories 

8.1 Persistent Data Scarcity and Monitoring Gaps 

Despite decades of investigation, data scarcity continues to constrain accurate 

sedimentation modeling⁵. Bathymetric surveys—the most direct measurement method—are 

expensive and infrequent, leading to spatially sparse datasets¹². This lack of comprehensive 

data hinders model calibration and increases predictive uncertainty¹². 

To address this, researchers are adopting inverse engineering methods using advanced 

acoustic and geolocation technologies to collect high-resolution bathymetric data⁴⁷. These data 

provide a reliable basis for calibrating models and understanding sediment deposition 

dynamics. 

8.2 Uncertainty Quantification (UQ) and Sensitivity Analysis (SA) 

Numerical sediment models inherently involve uncertainty due to empirical 

formulations, parameter assumptions, and measurement errors¹⁸. Since sediment flux (Qₛ) is 

empirically derived, Uncertainty Quantification (UQ) becomes essential⁹. 

Approaches such as Generalized Likelihood Uncertainty Estimation (GLUE) assess 

parameter constraints based on calibration data and their influence on forecast accuracy¹⁸. 

Sensitivity Analysis (SA)—using methods like the Fourier Amplitude Sensitivity Test 

(FAST)—identifies key parameters driving model variability¹⁸. 

UQ provides a foundation for evidence-based policy. By quantifying confidence 

intervals for long-term sediment forecasts, it enables risk-informed financial planning³. 

Moreover, the form of the likelihood function used in UQ significantly affects uncertainty 

propagation and overall model reliability¹⁸. 

Comparative Analysis of Sediment Transport Models 

This section integrates synthetic sediment data generated using realistic seasonal 

patterns informed by public sediment datasets such as USGS suspended sediment records, 

RESSED reservoir sedimentation surveys, GRILSS global sediment loss inventories, GloRiSe 

sediment datasets, and FAO global sediment yield data. These datasets support the seasonal 
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variability represented in the synthetic monthly series and enable a comparative evaluation 

across empirical, 1D, 2D, 3D, and machine-learning sediment transport models. 

 

 

Figure 1: Comparison of observed and predicted sediment loads using the synthetic dataset. 

 

Model Comparison Summary 

• Empirical models underpredict peak sediment loads due to trapping-efficiency 

simplifications. 

• 1D models capture seasonal variation but smooth out extreme monsoon peaks. 

• 2D models better represent lateral flow and sediment distribution, improving peak 

predictions. 

• 3D models resolve turbulence and density-driven processes, often predicting higher 

peak sediment movements. 

• ML models (ANN/LSTM) closely follow observed data but slightly underpredict highly 

nonlinear extremes. 

8.3 Recommendations for Future Model Development 

To strengthen predictive modeling for SWRM, several research priorities are identified: 

1. Enhanced Non-Uniform Transport Physics: Future models should better represent 

complex sediment behavior, including non-equilibrium transport, size sorting, bed 

porosity evolution, and inter-layer mass exchange³¹,³³. 

2. Improved Turbulence Closure: Discrepancies in shear stress predictions between 1D 

and 3D models highlight the need to refine turbulence closure schemes (e.g., k–ε) for 

accurate long-term forecasts²⁹. 
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3. Advanced Validation: Validation efforts must expand beyond large-scale profiles to 

include fine-scale sediment characteristics like armoring, localized scour, and sorting, 

using high-resolution field measurements⁴⁷. 

4. Integrated Data Assimilation: Combining satellite-based sediment flux data with 

physical models and AI-driven spatial analysis is essential to overcome data gaps and 

improve model inputs¹². 

9. Conclusion 

Reservoir sedimentation remains a critical challenge to global water security, 

compounded by historical underestimation of its long-term costs. Predictive sediment transport 

modeling—from simplified empirical formulations to fully coupled 3D H–M frameworks—

serves as a cornerstone for sustainable reservoir management.While simpler 0D/1D models are 

useful for large-scale, long-term sediment routing, implementing practical SWRM measures—

such as intake protection, sediment bypassing, and optimized flushing—requires spatially 

explicit 2D and 3D modeling. The growing integration of high-resolution 2D sediment 

transport capabilities, such as those within HEC-RAS 2D, marks an important step forward for 

engineering practice. Nonetheless, uncertainties persist due to empirical sediment flux 

formulations. Hence, advanced Uncertainty Quantification (UQ) and data-driven (AI/ML) 

paradigms are vital. These provide both financial risk evaluation and operational adaptability, 

enabling sustainable, evidence-based sediment management across generations. 
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