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Abstract: 20 

Predicting sediment deposition in vegetated channels is challenging due to nonlinear flow-21 

vegetation-sediment interactions that are poorly captured by empirical models. While physics-22 

based equations (e.g., Saint-Venant, advection-diffusion) govern these processes, their 23 

application to discontinuous vegetation patches faces parameterization difficulties and 24 

computational demands. This study introduces a novel interpretable ensemble machine 25 

learning (ML) framework as a complementary approach, integrating novel feature engineering 26 

that defines spatial positioning relative to vegetation patches and vegetation-induced 27 

hydrodynamic effects. Five ensemble algorithms, including random forest (RF), gradient 28 

boosting (GB), extreme gradient boosting (XGBoost), light gradient boosting machine 29 

(LightGBM) and categorical boosting (CatBoost), were evaluated using 498 observations from 30 

11 laboratory flume experiments under varying hydraulic and vegetation conditions. Bayesian 31 

hyperparameter optimization with 5-fold cross-validation ensured robust hyperparameter 32 

tuning. A multi-criteria ranking for selecting top performers, with sensitivity analysis showed 33 

CatBoost and LightGBM  consistently ranking highest.  Instead of focusing solely on prediction, 34 

the discovery of a quantitative physical threshold is targeted. Through Shapley additive 35 

explanations (SHAP) analysis, a previously undocumented threshold between deposition-36 

promoting and deposition-inhibiting regimes is identified and physically interpreted. CatBoost 37 

achieves the highest generalization (unseen holdout: R² = 0.953). SHAP reveals a crisp 38 

threshold at ≈ 0.3 m "cumulative vegetation exposure", which aligns with the theoretical 39 

adjustment length scale 1/(CD·av) for emergent canopies. "Local flow velocity" shows 40 

consistently weak influence (mean |SHAP| = 0.049 to 0.063), indicating that it is not a primary 41 

control within dense patches. This study demonstrates that interpretable ML can generate 42 

testable physical hypotheses from existing experimental data. 43 



Keywords: Sediment deposition; Vegetated channels; Ensemble machine learning; SHAP 44 

interpretability; Riverine hydrodynamics 45 



Nomenclature 46 

Symbol Description Unit 𝐴 Cross-sectional area m2 ܽ௩ Vegetation density m-1 ܿ Constriction coefficient _ ܥ Sediment concentration kg/m3 ܥ஽ Drag coefficient _ ܦ Dispersion coefficient m2/s ݌݁ܦ ⁄௔௩௚݌݁ܦ  Deposition sediment rate in the experimental flume _ ܧ Erosion rate from bed kg/m2/s 

g Gravitational acceleration m/s2 ܪ Water depth cm ℎ Water depth m ܮ௜ Length of gaps between patches m ܮ௩ Length of vegetation patches m ݈௫ The distance of the adjacent stems cm ܳ0 Discharge m3/h ܴ௜௩ The ratio of gap length to patch length _ ܵ Deposition rate onto bed kg/m2/s ݐ Time s ܷ0 ܽ݊݀ ܸ  Flow velocity m/s ܸ 1ܲ ܽ݊݀ ܸ 3ܲ The starting points of vegetation patches m ܸ 2ܲ ܽ݊݀ ܸ 4ܲ The ending points of vegetation patches m ܺ Longitudinal distance along the channel m ݖ௕ Bed elevation m ߩ Water density kg/m3 ߬௕ Bed shear stress N/m2 ∆ܷ Local flow velocity change m/s 

 47 



1. Introduction 48 

Aquatic vegetation reshapes velocity profiles, turbulence, and boundary shear stress in rivers, 49 

making it a central control on sediment transport and deposition (Huai et al., 2019; L. Yang et 50 

al., 2023). Once regarded mainly as a source of flow resistance (López & García, 2001), aquatic 51 

plants are now recognized as key elements of flood control and river restoration, enhancing 52 

biodiversity (Hori et al., 2009) while modulating hydrodynamic and morphodynamic processes 53 

(Huai et al., 2021; J. Wang et al., 2024; W.-J. Wang et al., 2019). Elevated local velocity and 54 

turbulence around isolated plants or patches promote erosion and constrain patch expansion 55 

(Kim et al., 2015; Kitsikoudis et al., 2016; Tranmer et al., 2024), while reduced flow within 56 

vegetated areas enhances deposition and reinforces vegetation establishment (Shi et al., 2023; 57 

L. Yang et al., 2021; J. Zhang et al., 2020). Recent experiments have improved our 58 

understanding of these processes. (Tranmer et al., 2024) showed that patch-adjacent erosion 59 

occurs regardless of sediment supply, whereas interior deposition depends strongly on supply 60 

conditions, and (Yagci et al., 2024) found that elongation of emergent patches amplifies global 61 

scour while restricting far-field deposition, implying hydrodynamic limits on further patch 62 

growth. Sediment accumulation around plants thus drives riverbed evolution, sensitive to 63 

vegetation density and spatial arrangement (Gao et al., 2023; Huai et al., 2021; X. Liu et al., 64 

2024; Vargas‐Luna et al., 2019). Yet the nonlinear interactions among vegetation configuration, 65 

flow hydrodynamics, and sediment dynamics, particularly across channels with multiple 66 

discontinuous patches, remain incompletely understood, motivating the development of 67 

complementary approaches that can efficiently capture emergent behavior. 68 

Process-based modeling of these interactions rests on the Saint-Venant equations coupled with 69 

advection-diffusion formulations for sediment transport. Applying these to discontinuous 70 

vegetation patches is difficult: vegetation drag requires parameterizing complex wake 71 

dynamics, patch heterogeneity creates three-dimensional flow structures beyond one-72 



dimensional formulations, and deposition-growth feedbacks operate on timescales that 73 

challenge numerical stability. High-fidelity simulations that resolve these complexities remain 74 

computationally prohibitive for design and scenario exploration. This gap between 75 

mathematical rigor and practical feasibility motivates the complementary, data-driven 76 

approach pursued here. 77 

More than a century of laboratory research has produced over a hundred empirical sediment-78 

transport formulas (C. T. Yang, 1996; C. T. Yang et al., 2009), yet classical predictors such as 79 

Meyer-Peter-Muller and van Rijn struggle under real-world conditions (Haddadchi & Amir A, 80 

2012; Meyer-Peter & Müller, 1948; Van Rijn, 1984), prompting growing use of artificial 81 

intelligence, including neural networks and hybrid ML methods, for pattern recognition in 82 

complex hydrological datasets (Achite et al., 2022; Habib et al., 2024; Khosravi et al., 2024; 83 

Kisi & Yaseen, 2019; Noori et al., 2022; Sahoo et al., 2022). Among supervised approaches, 84 

ensemble methods (stacking, voting, bagging, boosting) have gained particular traction for 85 

their efficiency, stability, and predictive power over single-model techniques (Abba et al., 2019; 86 

Yu et al., 2020; Zounemat-Kermani et al., 2020). Recent work has also combined physical 87 

modeling with ML. (Li, 2024) showed that Rouse-like sediment-flux formulations require 88 

revision for coarse suspended particles in vegetated flows, while ensemble models such as 89 

LightGBM and XGBoost have proven effective for long-term suspended-sediment prediction, 90 

and random forest for short-term extremes (Yue et al., 2025) 91 

Despite their predictive strength, ensemble models remain largely "black-box," limiting their 92 

contribution to process understanding (El Bilali et al., 2023; Sun & Scanlon, 2019; S. Wang et 93 

al., 2022). In vegetated channels, where interactions among configuration, hydrodynamics, and 94 

sediment dynamics are still poorly resolved, extracting physically interpretable insight is as 95 

important as accuracy, since interpretability enables plausibility checks and translation into 96 

design guidance (Ding et al., 2020; Krishnan, 2020; Schmidt et al., 2020). SHAP, grounded in 97 



cooperative game theory (Shapley, 1953), offers a theoretically consistent framework for 98 

attributing predictions to input variables (Rodríguez-Pérez & Bajorath, 2020; Viana et al., 99 

2021) and has seen growing use in hydrology and sediment transport (Lund et al., 2022; S. 100 

Band et al., 2026; Z. Zhang et al., 2022). (Meddage et al., 2022) used SHAP to show that energy 101 

slope has the most impact on bulk-average velocity, while (Yue et al., 2025) found that 102 

discharge and precipitation jointly explain roughly 57 % and 19 % of suspended-sediment 103 

variability, respectively. Still, studies applying SHAP specifically to sediment deposition in 104 

channels with discontinuous vegetation patches remain scarce, and SHAP-derived insights 105 

must be interpreted cautiously given the method's inherent disregard for variable interactions. 106 

The existing literature on vegetated channel sedimentation can be organized into three strands 107 

(Table 1), each with a distinct limitation this study addresses. First, mechanistic flume 108 

experiments provide indispensable physical grounding but remain resource-intensive and 109 

configuration-specific, with derived thresholds tied to a single flume geometry and rarely 110 

validated across independent setups. Second, predictive ensemble-ML studies achieve strong 111 

generalization but offer no pathway from prediction to mechanism, precisely the limitation that 112 

motivated the shift toward explainable AI in hydrological modeling more broadly. And finally, 113 

SHAP-based interpretability studies demonstrate that feature attribution can be extracted from 114 

ensemble models, yet typically reaffirm already-known controls rather than reveal new regime 115 

shifts, and none addresses discontinuous, multi-patch vegetation specifically.116 



Table 1. Overview of existing research on sedimentation in vegetated channels: three main research strands 117 
 

Study Focus Area Methods Key Strengths Limitations Performance Interpretability 

E
x

p
er

im
en

ta
l 

/ 
M

ec
h
an

is
ti

c 

(Z. Chen et al., 

2026) 

Suspended sediment 

carrying capacity in 

vegetated flow 

Diffusion theory 

+ energy theory, 

2-D model) 

Mechanistically grounded, 

vegetation-aware formulas; 

embedded in a 2-D sediment 

transport model 

Theoretical/laboratory closure 

only; field-scale generalization not 

established; no ML or 

interpretability layer 

N/A (theory-to-

model validation, 

not ML 

accuracy) 

High (fully 

mechanistic) 

(Gui et al., 2024) 

Turbulence and 

deposition under 

floating vegetation 

TKE-based 

deposition model 

Connects near-bed TKE to 

deposition; validated on lab data 

and real Eichhornia crassipes 

canopies 

Floating-canopy condition only; 

narrow scope; not transferable to 

emergent rigid vegetation 

N/A 

(mechanistic 

model 

validation) 

Moderate-High 

(mechanistic) 

(Tranmer et al., 

2024) 

Erosion/deposition 

around riparian 

vegetation patches 

Full-scale flume 

experiment 

Live emergent willow patch; 

isolates sediment supply as 

controlling variable for patch-

interior deposition 

Single patch geometry; no 

predictive/ML framework; 

mechanism not generalized beyond 

this flume 

N/A 
High 

(mechanistic) 

(Yagci et al., 

2024) 

Patch-pattern effects 

on wake 

scour/deposition 

Flume 

experiment 

Shows patch geometry/elongation 

controls global scour and limits far-

field deposition 

Pattern-specific; no quantitative 

threshold derived; no 

cumulative/multi-patch sequence 

tested 

N/A 
Moderate 

(mechanistic) 

(L. Yang et al., 

2021) 

Stochastic deposition 

modeling in 

vegetated channels 

Lagrangian 

random-

displacement 

model 

Probabilistic 

deposition/resuspension rules 

driven by vegetation-induced TKE; 

threshold-like behavior 

Model-derived, parameterized 

threshold; not validated as a 

generalizable, data-driven criterion 

N/A Moderate 

(C. Liu et al., 

2021) 

Stem size, turbulence 

and sediment 

resuspension 

Flume 

experiment 

Identifies a critical-turbulence 

resuspension threshold; shows stem 

size has little effect vs. density 

Sparse emergent canopies and 

unidirectional flow only; no 

predictive model 

N/A High 

(P. Kumar & 

Sharma, 2025b) 

Turbulence and bed 

morphology in 

partially vegetated 

channels 

3-D flume 

measurements 

Direct link between turbulence 

reduction inside vegetated zone and 

enhanced deposition 

Single continuous canopy, not 

discontinuous patch-gap sequence; 

purely descriptive 

N/A 
High 

(mechanistic) 

(P. Kumar & 
Sharma, 2025a) 

Hydrodynamics/bed 

morphology, double-

layered vegetated 

mobile-bed channel 

Mobile-bed flume 

experiment 

Captures genuine two-way flow-

sediment feedback in a mobile 

(erodible) bed, not a fixed-bed 

approximation 

Submerged, continuous-canopy 

vegetation, not discontinuous 

emergent patches; no 

ML/interpretability 

N/A Moderate 
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Table 1. (continued) 119 
 

Study Focus Area ML Methods Key Strengths Limitations Performance Interpretability 

P
re

d
ic

ti
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o
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d
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L
 /

 B
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ck
-b

o
x
 

(S. Kumar et al., 

2026) 

Vegetation-

influenced stream-

velocity estimation 

REPT, RF, RT 

and hybrid 

MS/RC variants 

Broad model comparison; hybrid 

models outperform standalone 

models and empirical equations 

Strongly metric-dependent; 

interpretability limited; velocity-

focused, not deposition 

Hybrid RF-based 

models best on 

reported metrics 

(correlation, 

NSE, AI, RMSE, 

SI, PBias, KGE) 

Low-Moderate 

(Jia et al., 2025) 
Vegetation drag-

coefficient prediction 

9 models incl. 

SVM, XGBoost, 

BP, 

PSO/WSO/RIME-

optimized variants 

Large 490-sample database; robust 

under missing-parameter scenarios 

Accuracy-focused; sensitivity 

analysis only, no SHAP-based 

mechanistic discovery 

XGBoost best 

among 9 models 

(exact metric not 

isolated) 

Moderate 

(Bezak et al., 

2025) 

Catchment-scale 

suspended sediment 

load under climate 

change 

XGBoost (with 

rainfall-runoff 

model) 

Integrates RCP2.6/4.5/8.5 climate 

scenarios; strong catchment-scale 

application; outperforms sediment 

rating curve 

Catchment-scale, not vegetated 

channels; no SHAP or 

interpretability analysis 

XGBoost ~15 % 

lower bias than 

sediment rating 

curve 

Low (no 

interpretability 

framework) 

S
H

A
P

-b
as

ed
 I

n
te

rp
re

ta
b

le
 M

L
 (Li et al., 2024) 

Coarse suspended 

sediment closure in 

vegetated turbulence 

Physics-

constrained ML 

(diffusive/settling-

flux constraints) 

Embeds physical constraints 

directly in the ML closure; 

improves SSC prediction near 

canopy edges 

Scope limited to tested canopy-

density/particle-size regime; not 

benchmarked against multiple 

ensemble algorithms 

Not reported as 

single metric 

(closure-based) 

Moderate-High 

(Basumatary et 

al., 2025) 

Bed load transport 

prediction 

RF, Extra Trees, 

XGBoost, 

CatBoost 

SHAP waterfall/summary plots 

purpose-built for interpretation, not 

just accuracy reporting 

General hydraulic/sediment 

context, not vegetated channels; no 

engineered spatial-memory features 

XGBoost highest 

accuracy 

(RMSE, NSE, 

PCC, R² 

reported) 

High (dedicated 

SHAP 

framework) 

(Mir et al., 2024) 
Bedload transport 

prediction 

XGBoost, RF, 

ETR, KNN, LR, 

BR 

(metaheuristic-

optimized) 

Multi-algorithm ensemble 

comparison; metaheuristic tuning; 

basic SHAP attribution; Shields-

parameter sensitivity 

Limited to bedload (no vegetation 

context); no dimensionless/scale-

independent predictors; SHAP used 

only for ranking 

XGBoost: R² = 

0.99, RMSE = 

0.11 

Limited (basic 

SHAP) 

Current Study 

Sediment deposition 

in discontinuous 

emergent vegetated 

channels 

RF, GB, XGB, 

LightGBM, 

CatBoost 

(Bayesian-

optimized) 

Cross-experiment dataset; novel 

spatial-memory features; SHAP 

used for threshold discovery, not 

just ranking; threshold matches 

theoretical 1/(CD·av) scale 

Rigid emergent vegetation and 

steady flow only; field-scale 

validation still required 

CatBoost: R² = 

0.953 ± 0.009, 

RMSE = 0.149, 

IA = 0.987 

(unseen holdout) 

SHAP-derived 

physical 

threshold 

validated against 

canopy 

hydrodynamic 

theory 

120 



This study is positioned at the intersection of these three strands. Relative to the flume 121 

literature, it draws on a varied dataset, spanning patch length, inter-patch spacing, density, and 122 

water depth across multiple experimental runs, benchmarked against the theoretical adjustment 123 

length scale 1/(CD.av), allowing broader exploration of configurations than additional flume 124 

construction would permit. Critically, encoding these configuration parameters as engineered 125 

model inputs, rather than treating each combination as a separate physical experiment to be 126 

constructed and instrumented, is intended to make it computationally feasible to evaluate a far 127 

broader space of vegetation-patch configurations than would be practical through additional 128 

flume construction alone, since each new configuration in a machine-learning framework 129 

requires only a new combination of input values rather than a new physical setup, 130 

instrumentation, and data-collection cycle. Relative to predictive ensemble-ML work, 131 

Bayesian-optimized, cross-validated benchmarking of five algorithms tests whether 132 

interpretability can be achieved without sacrificing accuracy. Relative to the SHAP literature, 133 

SHAP is applied here not as a post hoc ranking exercise but as a hypothesis-generation tool, 134 

probing for unspecified regime shifts, an approach not yet undertaken for vegetated-sediment 135 

systems, supported by two engineered features encoding the spatial memory of sequential 136 

patch-gap arrangements and translating recent mechanistic findings into a predictive, 137 

threshold-generating framework. Building on these contributions, the objectives of this study 138 

are to: 139 

• Benchmark five ensemble machine learning algorithms (Random Forest, Gradient 140 

Boosting, XGBoost, LightGBM, CatBoost) for predicting sectional sediment 141 

deposition under varying vegetation and flow conditions; 142 

• Employ SHAP analysis to identify the dominant physical controls on deposition and 143 

the mechanistic thresholds governing deposition-promoting versus deposition-144 

inhibiting regimes; 145 



• Demonstrate how interpretable ML can generate hypotheses and advance 146 

understanding of sedimentation in channels with discontinuous vegetation patches, as 147 

a computationally efficient complement to laboratory and high-fidelity numerical 148 

investigations. 149 

The paper is structured as follows: The data and methodology are explained in Section 2, the 150 

results and comparison are presented in Section 3, the results are discussed and interpreted in 151 

Section 4, and the main conclusions are presented in Section 5. 152 

2. Materials and methods 153 

2.1. Experimental dataset 154 

The laboratory dataset reported by (Y. Liu et al., 2025), which investigates sediment deposition 155 

in an open-channel flume with discontinuous, emergent vegetation patches, was used in this 156 

study. The flume experiments were conducted under controlled hydraulic conditions with rigid 157 

vertical cylinders (acrylic rods) of uniform diameter (5 mm), arranged in staggered 158 

configurations to mimic emergent vegetation. The dataset contains 498 longitudinal 159 

observations of sediment deposition collected from 11 experimental runs (Y. Liu et al., 2025). 160 

(please refer to the original reference for detailed flume dimensions and measurement 161 

protocols). For reproducibility, all variables are expressed in consistent SI units, and the same 162 

experimental case labels are retained for data partitioning. 163 

2.2. Feature engineering and new variables 164 

To model the influence of discontinuous vegetation patches on sediment deposition, several 165 

physically based features were derived from the original experimental variables. The first group 166 

of features describes the spatial location of each measurement point relative to the vegetation 167 

patches. A second group of features captures vegetation effects on flow and sediment transport. 168 



A summary of the new features is provided in Table 2 (more detailed derivations are given in 169 

the Supplementary Materials). 170 

Table 2. Summary of input features used in machine learning models 171 

Feature Name (Units) Description Derivation 

Longitudinal distance, X 
(m) 

Distance along the flume from the 
upstream reference 

Direct measurement from experiments. 

Relative Position in 
Vegetation (-) 

Normalized position within a vegetation 
patch  

e.g. (X - 0.5)/0.5 for the first patch, or -1 for 
points outside vegetation 

Distance to Vegetation 
(m) 

Shortest longitudinal distance to nearest 
patch edge 

upstream of the 1st patch: VP1 − X; inside a 
patch: 0; between patches: min (X − VP1, VP2 − 
X); downstream of the 2nd patch: X − VP3 

Cumulative Vegetation 
Exposure (m) 

Total length of vegetation upstream of 
the measurement point Sum of patch lengths encountered upstream. 

Upstream Turbulence 
Index (-) 

Ordinal index reflecting cumulative 
turbulence from upstream patches 

0 (upstream of patches), 1 (after first patch), 2 
(after both patches). 

Vegetation Presence 
Whether the point is inside the 
vegetation patch or not 

point inside a vegetation patch (1) or outside the 
patch (0) 

Vegetation Drag Index 
(m2/s) 

Aggregated vegetation-induced 
resistance 

Presence × av × U0 × H/100 

Local Flow Velocity (m/s) Effective flow velocity at the 
measurement point c⋅U0 inside vegetation; U0 outside. 

Intermediate features such as "Vegetation Presence" and "Vegetation Density", while essential 172 

for constructing the "Vegetation Drag Index" and related variables, were not included 173 

simultaneously as direct model inputs to avoid redundancy and unnecessary dimensionality. 174 

The final set of input features was selected as follows: "longitudinal distance X (m), Relative 175 

Position in Vegetation, Distance to Vegetation (m), Cumulative Vegetation Exposure (m), 176 

Upstream Turbulence Index, Vegetation Drag Index, and Local Flow Velocity (m/s)". The target 177 

variable is the normalized sediment deposition rate (Dep/Depavg). 178 

All variables are expressed in SI units. The dimensionless target (Dep/Depavg) eliminates scale 179 

dependence across experiments. No data transformation (e.g., log) was applied because 180 

tree-based models are robust to non-normality. Descriptive statistics for the seven input features 181 



and the target variable, along with histograms (including kernel density estimates), scatter 182 

plots, and the correlation matrix, are provided in the Supplementary Materials. 183 

2.2.1. Feature independence assessment 184 

To evaluate the independence of the seven input features (a requirement for stable SHAP 185 

feature importance), the variance inflation factor (VIF) for each feature were computed. VIF 186 

quantifies how much the variance of a regression coefficient is inflated due to collinearity with 187 

other predictors. As a general rule, VIF > 5 indicates moderate multicollinearity, and VIF > 10 188 

indicates severe multicollinearity that may distort feature importance rankings (James et al., 189 

2021; Kutner, 2005; O’brien, 2007). 190 

Table 3 presents the VIF values calculated from the 498 observations. Most features exhibit 191 

VIF values below 5, indicating acceptable collinearity. However, "Relative Position in 192 

Vegetation" shows a VIF of 9.10, which exceeds the commonly used threshold of 5. This 193 

elevated VIF arises because this feature is mathematically related to several other 194 

vegetation-geometry variables (e.g., "Cumulative Vegetation Exposure, Distance to 195 

Vegetation"). Consequently, SHAP importance for this feature should be interpreted with 196 

caution; its contribution may be partially shared with correlated features. Nevertheless, the 197 

remaining six features have VIF < 5, and the overall model performance remains strong (see 198 

Section 3). Therefore, all seven features were retained to preserve physical interpretability, 199 

while the observed collinearity was acknowledged as a limitation. 200 

 201 

 202 

 203 

 204 



Table 3. Variance Inflation Factors (VIFs) for the seven input features 205 

Feature (Units) VIF 

Longitudinal distance, X (m) 4.57 

Relative Position in Vegetation (-) 9.10 

Distance to Vegetation (m) 2.30 

Cumulative Vegetation Exposure (m) 3.84 

Upstream Turbulence Index (-) 2.97 

Vegetation Drag Index (m2/s) 4.78 

Local Flow Velocity (m/s) 4.48 

2.2.2. Justification of feature simplifications 206 

It is acknowledged that the engineered features (e.g., "Upstream Turbulence Index" as an 207 

ordinal variable and "Local Flow Velocity" based on a constriction coefficient, c) are 208 

simplifications of complex three-dimensional turbulent processes. However, two points justify 209 

their adequacy for the present laboratory conditions. First, in emergent rigid vegetation with 210 

negligible stem Reynolds number effects, the dominant turbulent structures are shear-layer 211 

vortices at the canopy top (Ghisalberti & Nepf, 2002) and wake turbulence behind individual 212 

stems (Nepf, 1999); the ordinal index (0, 1, and 2) captures the cumulative effect of successive 213 

patch leading edges; a first-order approximation validated by the strong predictive performance 214 

(Section 3). Second, the "Local Flow Velocity" feature uses a calibrated constriction coefficient 215 

(c ≈ 0.2)  that reproduces measured velocities within ±15 % error based on validation against 216 

point velocity measurements reported in the original experimental study. For the present 217 

laboratory conditions, these features are sufficient to capture the dominant controls on sediment 218 

deposition. 219 

 220 

 221 



2.3. Ensemble machine learning models 222 

A suite of ensemble machine learning algorithms was employed to capture nonlinearities, 223 

threshold effects, and generalizability in sediment deposition prediction. The ensemble models 224 

can be broadly categorized into two groups on the basis of their underlying learning 225 

strategy: bootstrap aggregating (bagging) and boosting. 226 

• Bagging reduces model variance by training multiple base learners independently on 227 

bootstrapped subsets of the data and aggregating their predictions. Random Forest was 228 

selected as the primary bagging-based model in this study. 229 

• Boosting sequentially builds learners, with each new model focusing on correcting 230 

errors made by previous ones, thereby improving predictive accuracy and handling 231 

complex patterns. In this work, several state-of-the-art boosting algorithms, including 232 

Gradient Boosting, XGBoost, LightGBM, and CatBoost, were evaluated. 233 

Decision Tree was used as baseline model, despite its known tendency to overfit, to contrast its 234 

performance with that of ensemble approaches. The specific models used in this study are as 235 

follows (more details of each model are provided in the Supplementary Materials): 236 

• Random Forest: variance reduction by bagging and random feature sampling (Heddam, 237 

2021b, 2021a). 238 

• Gradient Boosting: residual-based boosting framework (Friedman, 2001; Géron, 2022). 239 

• XGBoost: efficient boosting with regularization and parallelization (T. Chen & 240 

Guestrin, 2016; Georganos et al., 2018). 241 

• LightGBM: computationally efficient boosting for high-dimensional data (Al Mamlook 242 

et al., 2020; T. Chen et al., 2020). 243 



• CatBoost: ordered boosting to reduce gradient bias and improve generalizability 244 

(Friedman, 2002; Prokhorenkova et al., 2018). 245 

This diverse selection enables systematic comparisons of predictive accuracy, computational 246 

efficiency, and interpretability for modeling. 247 

2.4. Data partitioning strategy 248 

To rigorously evaluate the predictive and generalization capabilities, the dataset was partitioned 249 

at the experimental level. All observations from experiment A2 were designated as a holdout 250 

(unseen) dataset and were excluded from both model training and hyperparameter tuning. This 251 

holdout scenario provides a stringent test of model performance under new hydraulic and 252 

vegetation conditions and reduces the risk of overfitting. From the remaining 10 experiments, 253 

the data were randomly split into 70 % for training and 30 % for testing. Random partitioning 254 

was performed via a fixed random seed to ensure reproducibility. All the models were trained 255 

under identical conditions to ensure fair comparison. 256 

2.5. Hyperparameter optimization and model evaluation 257 

The hyperparameters were optimized via Bayesian optimization, with 5-fold cross validation 258 

applied during tuning, which efficiently explores parameter interactions compared with grid or 259 

random search (Bergstra et al., 2013; Snoek et al., 2012). The parameter ranges are summarized 260 

in Table 4. The performance was evaluated via evaluation metrics as described in Table 5. 261 

 262 

 263 

 264 

 265 



Table 4. Hyperparameters of the machine learning models used in this study 266 

Models Hyperparameters [Ranges] 

Random Forest Maximum number of features considered for splitting [1, number of features] 

CatBoost 

Gradient Boosting 
Learning rate [0.01, 0.5] - Subsample ratio [0.5, 1] 

Light GBM 
Learning rate [0.01, 0.5] - Subsample ratio [0.5, 1] – Column sample by tree [0.5, 1.0] - L1 
regularization [0, 10] - L2 regularization [0, 10] 

XGBoost Learning rate [0.01, 0.5] - Subsample ratio [0.5, 1] – Column sample by tree [0.5, 1.0] - Gamma [0, 
5] - L1 regularization [0, 10] - L2 regularization [0, 10] 

*Note: For all models: Minimum number of samples in a leaf [1, 20] - Minimum number of samples required to 267 

split a node [2, 20] - Maximum depth of each tree [3, 30] - Number of estimators [100, 1000] 268 

 269 

Table 5. Evaluation metrics and their mathematical formulations 270 

Evaluation Metrics Equation  

Coefficient of determination (R2) ܴ2 = 1 − ∑ (௬೔−௬̂೔)2೙೔=1∑ (௬೔−௬̅೔)2೙೔=1   (1) 

Root mean square error (RMSE) ܴܧܵܯ = √1௡ ∑ ௜ݕ) − ௜)2௡௜=1ݕ̂   (2) 

Mean absolute percentage error (MAPE) ܯ𝐴ܲܧ = 1௡ ∑ |௬೔−௬̂೔||௬೔|௡௜=1 × 100 %  (3) 

Scatter Index (SI) ܵܫ =  √1೙ ∑ ((௬̂೔−௬̂ഢ̅)−(௬೔−௬̅೔))2೙೔=1 1೙ ∑ ௬೔೙೔=1   (4) 

Bias ݏܽ݅ܤ = 1௡ ∑ ప̂ݕ − ௜௡௜=1ݕ   (5) 

Index of Agreement (IA) ܫ𝐴 = 1 − ∑ (௬೔−௬̂೔)2೙೔=1∑ (|௬̂೔−௬̅|+|௬೔−௬̅|)2೙೔=1   (6) 

*Note: n represents the number of samples, yi represents the observed values, ̂ݕ௜ represents the values of the i-th 271 

sample predicted by the models, ̅ݕ௜ represents the mean of the observed values, and ̂ݕప̅ represents the mean of the 272 

predicted values. 273 

2.6. Shapley additive explanations (SHAP) 274 

In this study, SHAP was used to: (i) quantify the global importance of spatial, hydrodynamic, 275 

and vegetation-related features; (ii) examine feature effects and interactions at the local 276 

(sample) scale; and (iii) assess whether the learned relationships are physically consistent with 277 

the established understanding of vegetation–flow–sediment interactions.These diagnostics 278 

complement traditional performance metrics by revealing nonlinear and threshold-type 279 



behavior, building on recent applications of interpretable ML in hydrology (Ding et al., 2020; 280 

El Bilali et al., 2023; Schmidt et al., 2020; S. Wang et al., 2022). 281 

SHAP decomposes predictions into additive feature contributions based on Shapley values 282 

from cooperative game theory (Shapley, 1953), providing both magnitude and direction of 283 

effects. This capability is particularly relevant in hydro-sedimentary contexts, where nonlinear 284 

thresholds (e.g., cumulative vegetation exposure vs. deposition) govern deposition. SHAP was 285 

chosen over alternatives such as LIME or partial dependence because of its consistency and 286 

quantitative rigor. Importantly, SHAP insights were cross-validated against established 287 

sediment transport theory, ensuring that model explanations align with physical plausibility 288 

(Lund et al., 2022; Molnar et al., 2020; Rahaeimehr et al., 2025; Štrumbelj & Kononenko, 289 

2014; S. Wang et al., 2022). The following section presents the results of model training, 290 

evaluation, and interpretability analysis, highlighting the comparative performance of 291 

ensemble learners and the physical insights derived from SHAP explanations.  The overall 292 

methodological framework adopted in this study is illustrated in the Figure 1. 293 



 294 

Figure 1. Workflow of the proposed ensemble machine learning and SHAP framework 295 

3. Results 296 

3.1. Overall model performance 297 

Figure 2 summarizes the performance of the five ensemble machine learning models; CatBoost 298 

(CatB), Gradient Boosting (GB), LightGBM (LGB), Random Forest (RF), and XGBoost 299 

(XGB), for predicting longitudinal sediment deposition rates across the datasets. During 300 

training, all the models achieved high predictive accuracy, with R2 values ranging from 301 

approximately 0.988 for Random Forest to 0.997 for XGBoost, reflecting their ability to 302 

capture the complex relationships among vegetation, flow, and sediment variables. XGBoost 303 

exhibited the best apparent fit while Gradient Boosting, CatBoost, and LightGBM also 304 

performed strongly, indicating the effectiveness of boosting-based ensemble methods in this 305 

application. 306 



 307 

Figure 2. Performance evaluation of five machine learning models; (a) R2, (b) RMSE, (c) IA, and (d) 308 

MAPE (%) 309 

However, testing phase revealed critical differences in generalization capability beyond 310 

training performance. CatBoost delivered the most robust predictions, achieving the highest R2 
311 

≈ 0.954 and lowest RMSE, IA, and MAPE on the test set, followed by LightGBM, XGBoost, 312 

and Gradient Boosting. 313 

The unseen holdout (Experiment A2) provided the ultimate generalization test. CatBoost again 314 

led with R2 ≈ 0.953 and lowest errors, demonstrating exceptional extrapolation to novel 315 

vegetation-flow conditions. LightGBM and XGBoost maintained strong performance (R2 > 316 

0.93), while Gradient Boosting and Random Forest exhibited declining accuracy. 317 



3.2. Multicriteria model ranking 318 

To objectively rank the models, a multicriteria evaluation framework was employed, with 50 319 

% weight assigned for generalization, 30 % weight assigned for consistency, and 20 % weight 320 

assigned for to training efficiency, reflecting practical priorities in sediment progradation 321 

modeling. Key metrics, such as the normalized R2, RMSE, IA, and MAPE of the unseen 322 

dataset, form the basis of generalized scoring (Table 6). Model consistency was assessed 323 

through the standard deviation of these metrics across datasets (Table 7), whereas training 324 

efficiency was evaluated by performance on training data (Table 8), with the recognition that 325 

efficiency has less influence than does predictive reliability. Sensitivity analyses (Table 9) 326 

confirmed the stability of model rankings under varying weights, underscoring the robustness 327 

of the selection criteria. 328 

Table 6. Generalization performance of the machine learning models 329 

Models 
Normalized evaluation metrics 

R2 RMSE IA MAPE Avg 

CatB 1.000 1.000 1.000 1.000 1.000 

GB 0.973 0.752 0.989 0.677 0.848 

LGB 0.986 0.902 0.997 0.878 0.941 

RF 0.971 0.758 0.989 0.654 0.843 

XGB 0.983 0.853 0.993 0.810 0.910 

 330 

Table 7. Consistency scores of the evaluated models 331 

Models 
Normalized standard deviation of evaluation metrics 

R2 RMSE IA MAPE Avg 

CatB 1.000 1.000 0.944 1.000 0.986 

GB 0.574 0.591 0.756 0.536 0.614 

LGB 0.734 0.795 1.000 0.766 0.824 

RF 0.513 0.712 0.723 0.574 0.631 

XGB 0.626 0.648 0.884 0.665 0.706 

 332 



Table 8. Training efficiency scores of the evaluated models 333 

Models 
Normalized evaluation metrics 

R2 RMSE IA MAPE Avg 

CatB 0.997 0.602 0.999 0.578 0.794 

GB 0.998 0.836 1.000 1.000 0.958 

LGB 0.997 0.616 0.999 0.757 0.842 

RF 0.991 0.413 0.998 0.557 0.740 

XGB 1.000 1.000 1.000 0.898 0.974 

 334 

Table 9. Result of the sensitivity analysis 335 

Models 

Multiplied Scores 

Supposed weights  Sensitivity analysis (±10 % in weight assignments) 

50-30-20  40-30-30 40-40-20 60-30-10 60-20-20 50-40-10 50-20-30 

CatB 0.955  0.934 0.953 0.975 0.956 0.974 0.935 

GB 0.800  0.811 0.777 0.789 0.823 0.766 0.834 

LGB 0.886  0.876 0.874 0.896 0.898 0.884 0.888 

RF 0.759  0.748 0.737 0.769 0.780 0.748 0.769 

XGB 0.861  0.868 0.841 0.855 0.882 0.835 0.888 

In summary, this rigorous assessment validates CatBoost as the optimal model for accurately 336 

and stably predicting sediment deposition rate, balancing high precision, reliability, and 337 

operational efficiency. LightGBM complements this with superior adaptability and reduced 338 

uncertainty, establishing these ensemble methods as practical tools for advanced sediment 339 

transport modeling. 340 

Model ranking consistency across phases highlights modern gradient boosting's suitability for 341 

vegetated channel deposition, where nonlinear interactions dominate. CatBoost and LightGBM 342 

excelled through ordered boosting and robust regularization, maintaining stable accuracy from 343 

training to unseen data. XGBoost showed training overfitting (near-perfect fit → larger unseen 344 

degradation), while RF underperformed. 345 

3.2.1. Overfitting diagnostics 346 



To address concerns about overfitting given the modest dataset size (498 observations), three 347 

complementary diagnostics were performed, each targeting a different aspect of model 348 

generalization. 349 

First, learning curves were generated for CatBoost and LightGBM by increasing the number 350 

of trees from 100 to 1000 while monitoring the test R² on the 70/30 split of the 10 training 351 

experiments (unseen holdout A2 excluded). As shown in Figure 3, for both models, the test R² 352 

increased rapidly during the first few hundred trees and then gradually levelled off. Critically, 353 

the test R² never decreased with additional trees; it remained stable or increased only 354 

marginally beyond 500 trees (CatBoost: from 0.922 at 500 trees to 0.923 at 1000 trees; 355 

LightGBM: from 0.886 at 500 trees to 0.895 at 1000 trees). Meanwhile, the training R² 356 

continued to improve slowly (e.g., CatBoost training R² from 0.995 to 0.998). This behavior is 357 

characteristic of a well generalized boosting model that means adding more trees does not 358 

degrade performance on unseen data, which is a strong indicator that overfitting is not 359 

occurring. 360 

 361 

Figure 3. Learning curves of the CatBoost and LightGBM models  362 



Second, permutation tests were performed (Figure 4) to verify that the models capture genuine 363 

physical relationships rather than spurious correlations. The target variable was randomly 364 

shuffled 500 times while keeping the features unchanged. For each shuffled training set, the 365 

model (with the same hyperparameters) was retrained and evaluated on the original 366 

(unshuffled) test set. The original CatBoost model achieved a test R² of 0.922, whereas the 367 

shuffled models yielded a mean R² of −0.301 ± 0.160, with a maximum of 0.134. For 368 

LightGBM, the original test R² was 0.866, while the shuffled models gave a mean R² 369 

of −0.149 ± 0.128, with a maximum of 0.200. In both cases, the near-zero or negative mean R² 370 

of the shuffled models confirms that the high predictive performance of the original models is 371 

not due to chance or random correlations. 372 

 
(a) 

 



(b) 

Figure 4. Results of permutation test for (a) LightGBM and (b) CatBoost 373 

Third, model stability against random initializations was assessed by repeating the entire 374 

training-evaluation cycle (including the 70/30 split) 10 times on the same 10 experiments, each 375 

time with a different random seed, and then evaluating each trained model on the completely 376 

unseen holdout (Experiment A2). The low standard deviations (CatBoost R² = 0.953 ± 0.009, 377 

RMSE = 0.149 ± 0.019, IA = 0.987 ± 0.003) confirm that the model's performance is stable and 378 

not an artefact of a particular random seed. 379 

Additionally, Bayesian hyperparameter optimization with 5-fold cross-validation (Section 2.5) 380 

was used during model development, which inherently reduces overfitting by validating on 381 

multiple data subsets. Collectively, these diagnostics provide strong evidence that the reported 382 

generalization is not an artefact of overfitting and that the models reliably learn physically 383 

meaningful patterns from the data. 384 

3.3. Predicting "Dep/Depavg" via ML models 385 

Figure 5 compares the experimental measurements of "Dep/Depavg" with predictions from two 386 

leading machine learning models: CatBoost and LightGBM. The CatBoost predictions closely 387 

follow the ideal 1:1 line across training, testing, and unseen datasets, remaining within ±20 % 388 

error margins. This consistency underscores CatBoost’s superior precision and stability in 389 

capturing the nonlinear relationships inherent in sediment deposition dynamics. In contrast, 390 

LightGBM predictions exhibit greater scatter, particularly in the testing data, indicating higher 391 

variance and sensitivity to noise or suboptimal parameter tuning. This visual analysis 392 

underscores CatBoost’s superior precision, consistent with quantitative metrics. 393 



  
(a) (b) 

Figure 5. Relationship between experimental and predicted sediment deposition rates for (a) CatBoost 394 

and (b) LightGBM models 395 

The observed variability in LightGBM may result from differences in tree construction 396 

methods or regularization strategies, suggesting the need for further hyperparameter 397 

optimization to enhance its consistency. The performance metrics presented in Table 9 further 398 

substantiate these observations. This trade-off in performance stresses the importance of 399 

choosing a model on the basis of specific application needs, whether prioritizing accuracy or 400 

generalizability in hydrological engineering issues. 401 

Table 9. Evaluation metrics (mean ± standard deviation) for CatBoost and LightGBM models 402 

Model Dataset R2 RMSE MAPE (%) IA BIAS SI 

Ca
tB

oo
st 

Training 0.994±0.004 0.055±0.019 5.429±1.865 0.998±0.001 
-5.35E-

06±1.024E-5 
0.062±0.023 

Testing 0.954±0.011 0.155±0.023 12.150±1.329 0.978±0.013 -0.009±0.017 0.218±0.062 

Unseen 0.953±0.009 0.149±0.019 17.967±2.180 0.987±0.003 0.011±0.015 0.164±0.018 

Li
gh

tG
BM

 Training 0.994±0.005 0.054±0.023 4.146±1.634 0.998±0.002 -2.54E-04±8E-4 0.072±0.028 

Testing 0.937±0.013 0.185±0.029 13.507±0.922 0.980±0.005 -0.006±0.025 0.216±0.027 

Unseen 0.940±0.016 0.166±0.022 20.466±2.829 0.984±0.004 0.041±0.034 0.174±0.022 



Figure 6 shows model predictions on the unseen dataset, confirming that both CatBoost and 403 

LightGBM effectively capture sediment deposition rate trends over the spatial coordinate 404 

"Dep/Depavg" in meters. The analysis reveals that both models broadly capture the overall trend 405 

of the observed data, displaying a steep initial decline, intermittent fluctuations, and 406 

stabilization at lower values toward the latter spatial range. Both the CatBoost and LightGBM 407 

predictions generally track this trend, but their accuracies vary across distinct spatial regions, 408 

particularly within the vegetation patches identified in the plot at X = 0 to 0.5 m and X = 1.5 to 409 

2 m, including a rapid drop in the first patch and a pronounced dip in the second. 410 

 411 

Figure 6. Predicted vs. observed "Dep/Depavg" for the unseen dataset (Experiment A2) via the 412 

CatBoost and LightGBM models 413 

The vegetation patches, highlighted as critical regions, appear to challenge the models’ 414 

predictive accuracy, as the abrupt changes in "Dep/Depavg" are not perfectly replicated, 415 

suggesting that the influence of vegetation may not be fully encapsulated in the models’ feature 416 

sets or training data. Comparing the two models, CatBoost consistently outperforms 417 

LightGBM by delivering predictions that are closer to the observed data with reduced scatter, 418 

indicating superior generalizability to this unseen dataset. In contrast, LightGBM’s greater 419 

variability and tendency to overestimate, particularly in vegetation patches and transition 420 



zones, may reflect higher sensitivity to noise or potential overfitting during training. This 421 

differential performance underscores the importance of model-specific tuning and feature 422 

engineering to enhance predictive fidelity on complex, unseen spatial data. 423 

Overall, both CatBoost and LightGBM demonstrate reasonable predictive performance across 424 

the transect, effectively capturing the general declining trend and vegetation patch effects. 425 

CatBoost exhibits a slightly closer fit to the observed values, particularly in the later sections, 426 

suggesting a potential advantage in modeling stabilized deposition. LightGBM, while showing 427 

greater variability and overestimation in the early sections, aligns well in the mid-to-late range. 428 

Error patterns also align with physical expectations. Models tend to achieve higher accuracy in 429 

regions where flow and vegetation conditions are more homogeneous and feature signals are 430 

strong (e.g., within well-developed patches or far from patch edges), whereas discrepancies are 431 

typically greater near transitions between vegetated and non-vegetated zones, or where local 432 

turbulence and recirculation effects are more complex. These transition regions are known to 433 

present challenges for both empirical formulas and numerical models, and the residual errors 434 

here emphasize the importance of interpretable diagnostics, such as SHAP, for understanding 435 

how vegetation structure and hydrodynamics jointly influence sediment deposition. 436 

4. Discussion 437 

4.1. Investigation of the effects of input variables on "Dep/Depavg" 438 

Global SHAP importance (as shown in Figure 7), measured as the mean absolute SHAP value 439 

is summarized in Table 10. For both CatBoost and LightGBM, longitudinal distance "X" is the 440 

most influential feature (mean |SHAP| = 0.297 and 0.352, respectively). "Cumulative 441 

Vegetation Exposure" ranks second in both models (0.116 in CatBoost, 0.205 in LightGBM), 442 

confirming that the total length of vegetation encountered upstream strongly controls 443 

deposition.  This ranking is physically reasonable, as it reflects the progressive adjustment of 444 



the flow and sediment fields along the flume, combined with the cumulative effects of 445 

vegetation patches on velocity reduction, turbulence generation, and residence time.  However, 446 

the ranking of other features differs between the two models. In CatBoost, the "Upstream 447 

Turbulence Index" ranks third (0.081), followed by "Distance to Vegetation" (0.074). In 448 

LightGBM, "Distance to Vegetation" ranks third (0.122), while the "Upstream Turbulence 449 

Index" ranks sixth (0.042). Despite these differences, "Local Flow Velocity" consistently shows 450 

weak influence in both models (0.049–0.063), supporting the conclusion that within densely 451 

vegetated patches, velocity is so effectively reduced that it is not a primary predictor. The 452 

"Vegetation Drag Index" has the smallest importance in both models (0.033 to 0.027). Table 11 453 

summarizes SHAP dependencies and model divergences for input features. 454 

Table 10. Mean absolute SHAP values (feature importance) for CatBoost and LightGBM models 455 

Feature CatBoost LightGBM 

X (m) – Longitudinal distance 0.297 0.352 

Relative Position in Vegetation 0.068 0.075 

Distance to Vegetation (m) 0.074 0.122 

Cumulative Vegetation Exposure (m) 0.116 0.205 

Upstream Turbulence Index 0.081 0.042 

Vegetation Drag Index (m²/s) 0.033 0.027 

Local Flow Velocity (m/s) 0.049 0.063 

 456 

 
(a) 



 
(b) 

Figure 7. SHAP summary plots for (a) CatBoost (b) LightGBM 457 

 458 

Table 11. Summary of SHAP dependence patterns for key hydrodynamic and vegetation-related 459 

features  460 

Feature 
High-Value 

Effect 
Physical Mechanism Model Divergence 

X (Downstream 

Distance) 
↓ Deposition ↑ Velocity /Turbulence/Resuspension 

CatBoost captures nonlinear 

downstream effects 

Cumulative Veg. 

Exposure 
↓ Deposition Vegetation-induced turbulence 

Consistent high importance across 

models 

Upstream Turbulence ↓ Deposition 
Low-moderate. turbulence → ↑ 
settling 

CatBoost emphasizes turbulence 

more 

Distance to 

Vegetation 
↑ Deposition Flow deceleration at distance 

LightGBM broader range/higher 

rank 

Relative Position 

Veg. 
↓ Deposition 

Boundary deceleration vs. interior 

turbulence 

CatBoost stronger boundary 

sensitivity 

Local Flow Velocity ↓ Deposition Low velocity → settling LightGBM more velocity-sensitive 

Vegetation Drag 

Index 
Variable Drag retardation effects 

LightGBM slightly higher drag 

sensitivity 

Collectively, these differences highlight that while both models broadly agree on the primacy 461 

of spatial and vegetation-related predictors, they diverge in how they quantify, rank, and 462 

interpret their influence. These modeling distinctions carry important physical interpretations 463 

in sediment transport processes–where thresholds in vegetation density, flume position, and 464 

flow velocity can lead to abrupt transitions in particle mobility, deposition, or bypass. 465 



Ultimately, such SHAP-based diagnostics provide a robust framework not only for comparing 466 

model behavior but also for linking algorithmic outcomes to mechanistic hydrological insights.  467 

Overall, this SHAP analysis demonstrates that the longitudinal channel pattern, the extent and 468 

arrangement of vegetation cover, turbulence, and flow velocity collectively and with nonlinear 469 

effects control the spatial pattern of sediment deposition, with each model emphasizing certain 470 

distinct aspects of this process. 471 

4.1.1. Enhanced section on the physical interpretation of SHAP 472 

The SHAP dependence plot for "Cumulative Vegetation Exposure" (Figure 8) shows a clear but 473 

gradual transition in the effect of this feature on predicted deposition. For cumulative exposure 474 

values up to approximately 0.23 m, SHAP values are predominantly positive, indicating that 475 

limited vegetation exposure enhances net deposition. As exposure increases beyond 0.25 m, 476 

SHAP values become increasingly mixed, and by 0.35 m they are predominantly negative. The 477 

approximate center of this transition lies near 0.3 m. This behavior is not a single abrupt 478 

threshold but rather a gradual shift from a deposition-enhancing regime (S > E) to a 479 

deposition-reducing regime (E > S), where E is erosion rate from bed (kg/m2/s), and S is 480 

deposition rate onto bed (kg/m2/s). The value 0.3 m is therefore used as a convenient 481 

approximation of the transition zone. 482 

  
(a) (b) 

Figure 8. SHAP dependence plots for "Cumulative Vegetation Exposure", (a) CatBoost (b) LightGBM  483 



A notable observation from the SHAP analysis is the consistently weak influence of "local flow 484 

velocity" on the predicted deposition, with mean absolute SHAP values of only 0.049–0.063 485 

and no systematic trend in the dependence plots (Figure 9). Within the present laboratory 486 

dataset (rigid emergent cylinders, uniform low velocities), this suggests that once the flow has 487 

entered a dense vegetation patch, the velocity is reduced to such an extent that its spatial 488 

variations no longer control the net deposition pattern. 489 

This result is qualitatively consistent with earlier experimental observations. For instance, 490 

(Bouma et al., 2007) noted that within dense seagrass canopies, local flow velocity alone could 491 

not explain sediment trapping patterns, and that patch configuration played a major role. More 492 

recently, (Tranmer et al., 2024) showed that sediment supply to the patch interior, rather than 493 

the local velocity magnitude, determines whether deposition or erosion dominates. Our 494 

SHAP-based findings align with these studies, reinforcing the idea that for densely vegetated 495 

patches, models should prioritize geometric and cumulative exposure metrics over local 496 

velocity measurements. 497 

  
(a) (b) 

Figure 9. SHAP dependence plots for "Local Flow Velocity", (a) CatBoost (b) LightGBM 498 

4.2. Linking SHAP insights to governing equations 499 

Flow and sediment transport governing equations, typically written as: 500 



߲ℎ߲ݐ + ߲(ℎݑ)߲ݔ = 0 (7) 

߲(ℎݑ)߲ݐ + ߲(ℎ2ݑ + ݃ℎ2/2)߲ݔ =  −݃ℎ ݔ௕߲ݖ߲ − ߬௕ߩ  (8) 

߲(ℎܥ)߲ݐ + ߲(ℎܥݑ)߲ݔ = ݔ߲߲ ℎܦ) (ݔ߲ܥ߲ + ܧ − ܵ (9) 

capture the essential physics of flow and sediment motion. Equation (7) represents mass 501 

conservation (continuity) for water, equation (8) represents momentum conservation, and 502 

equation (9) represents sediment mass conservation, where h is water depth (m), t is time 503 

(s), u is flow velocity (m/s), x is longitudinal coordinate (m), g is gravitational acceleration 504 

(m/s2), zb is bed elevation (m), and τb is bed shear stress (N/m2), ρ is water density (kg/m3), C is 505 

sediment concentration (kg/m3), and D is dispersion coefficient (m2/s). 506 

The mechanistic insights derived from SHAP analysis can be directly interpreted within the 507 

framework of the governing equations for flow and sediment transport (Eqs. 7-9). This 508 

connection not only validates the physical consistency of the machine learning model but also 509 

illuminates how the learned feature effects emerge from the underlying conservation principles. 510 

The net deposition rate (Dep/Depavg), which is the target variable in this study, is directly 511 

proportional to the difference (S - E) under quasi-steady conditions. Each of the key features 512 

identified by SHAP can be linked to specific terms in Eqs. 7-9: 513 

The nonlinear threshold behavior observed for "Cumulative Vegetation Exposure" (Figure 8) 514 

reflects the evolving competition between deposition (S) and erosion (E) as flow progresses 515 

through vegetation patches. For exposure lengths below approximately 0.3 m, the positive 516 

SHAP values indicate that S > E, leading to net deposition enhancement. This can be explained 517 

through the momentum equation (Eq. 8): vegetation drag reduces local velocity (u) and bed 518 

shear stress (τb), which directly suppresses the erosion term E (typically parameterized as a 519 



function of τb). Simultaneously, reduced velocity increases the residence time of suspended 520 

particles, enhancing the settling flux S (which scales with particle settling velocity and near-521 

bed concentration). 522 

As "Cumulative Vegetation Exposure" exceeds 0.3 m, the SHAP values become negative, 523 

indicating a shift to E > S and net deposition reduction. This transition occurs because 524 

vegetation-generated turbulence–particularly shear-layer turbulence at the top of the canopy–525 

propagates downward and increases near-bed turbulent kinetic energy. This elevated turbulence 526 

enhances E by increasing instantaneous bed shear stress and may also suppress S by 527 

maintaining particles in suspension. The 0.3 m threshold thus represents the distance required 528 

for canopy-scale turbulence to become fully developed and influence the bed region–a length 529 

scale consistent with theoretical predictions for turbulent adjustment behind roughness 530 

elements (Nepf, 2012). 531 

The "Upstream Turbulence Index" (ordinal values 0, 1, and 2) encodes the cumulative effect 532 

of upstream patch-generated turbulence on the local flow field. Its consistently negative SHAP 533 

values (indicating reduced deposition) align with its direct influence on the erosion term E. 534 

Turbulence enhances vertical mixing and increases the instantaneous bed shear stress, 535 

promoting particle resuspension. This feature effectively serves as a surrogate for the 536 

turbulence-related terms that are not explicitly resolved in the one-dimensional advection-537 

diffusion equation but are known from higher-order closures to affect near-bed transport. 538 

The positive SHAP values for "Distance to Vegetation" can be linked to the advective transport 539 

term ߲(ℎܥݑ) ⁄ݔ߲  in Eq. 9. Immediately downstream of vegetation patches, flow deceleration 540 

creates a region of reduced transport capacity, promoting settling. As distance from the patch 541 

increases, the flow gradually re-adjusts toward open-channel conditions, and the deposition 542 

enhancement decays–a pattern captured by the SHAP dependence. 543 



The weak influence of "Local Flow Velocity" on deposition, revealed by the SHAP dependence 544 

plots (Figure 9), provides fundamental insight into the hydrodynamic regime within dense 545 

vegetation. In the quasi-stagnant interior regions of patches, the advective term ߲(ℎܥݑ) ⁄ݔ߲  546 

becomes negligible compared to the local balance between erosion and deposition. Under such 547 

conditions, the system is governed primarily by local turbulent exchange (E and S) rather than 548 

by mean flow advection–explaining why velocity itself does not emerge as a dominant 549 

predictor. This finding underscores that in densely vegetated channels, patch-scale 550 

metrics (cumulative exposure, drag index) are more informative than local velocity for 551 

predicting deposition patterns. 552 

The "Vegetation Drag Index" (proportional to ܽ௩. ܷ0.  directly represents the sink term in the 553 (ܪ

momentum equation (Eq. 8) due to vegetation resistance. Its positive SHAP values at low drag 554 

indices (enhancing deposition) reflect the dominance of flow deceleration, while its negative 555 

values at high drag indices (reducing deposition) capture the transition to turbulence-dominated 556 

regimes. This feature thus encapsulates the dual role of vegetation: reducing mean flow 557 

(promoting S) while generating turbulence (promoting E). 558 

This direct linkage between SHAP interpretations and the governing equations demonstrates 559 

that the machine learning model has not merely learned statistical correlations, but has captured 560 

the underlying physical mechanisms encoded in the conservation laws. The consistency 561 

between data-driven insights and process-based theory reinforces the validity of both 562 

approaches and highlights the value of interpretable ML as a tool for mechanistic discovery in 563 

complex environmental systems. 564 

4.3. Generality and scaling of the threshold behavior 565 

The identification of a threshold at approximately 0.3 m "Cumulative Vegetation Exposure" 566 

raises a critical question: Is this a case-specific artifact of the experimental conditions, or does 567 



it reflect a fundamental property of vegetated flow-sediment systems? We argue that while the 568 

approximate numerical value (0.3 m) is likely scale-dependent, the existence of a threshold 569 

behavior–a transition from deposition-promoting to deposition-inhibiting regimes with 570 

increasing cumulative vegetation exposure–represents a generalizable mechanistic principle in 571 

vegetated channels. 572 

The threshold phenomenon can be understood through the lens of competing length scales in 573 

vegetated flows. Theoretical and experimental studies have established that flow adjustment 574 

behind a vegetation patch leading edge occurs over a characteristic length scale, Ladj, which 575 

scales with the drag length scale: 576 

~௔ௗ௝ܮ .஽ܥ1 ܽ௩ (10) 

where CD is the drag coefficient and av is vegetation density (Luhar et al., 2008; Nepf, 2012; 577 

Rominger & Nepf, 2011). Within this adjustment region, mean velocity decreases and turbulent 578 

kinetic energy increases, eventually reaching an equilibrium state. The competition between 579 

mean flow deceleration (which promotes deposition by reducing bed shear stress) and 580 

turbulence enhancement (which promotes erosion by increasing instantaneous shear stress) 581 

evolves along this adjustment length. The threshold observed at 0.3 m in this study corresponds 582 

to the point where turbulence effects begin to dominate over mean flow deceleration–a point 583 

that should exist in any vegetated flow, though its dimensional value will scale with vegetation 584 

density and flow conditions. 585 

Using the range of drag coefficients reported for emergent rigid cylinders (CD = 0.5 to 1.5) 586 

(Cheng, 2013; Tanino & Nepf, 2008) and the vegetation densities in our experiments (av = 2.78 587 

m−1 for sparse cases and av = 6.25 m−1 for dense cases), the predicted adjustment length spans: 588 

• For dense vegetation (av = 6.25 m−1): Ladj = 0.107 to 0.320 m 589 



• For sparse vegetation (av = 2.78 m−1): Ladj = 0.241 to 0.719 m 590 

The dimensional threshold of "Cumulative Vegetation Exposure" identified in this study (0.3 591 

m) falls within both of these theoretical ranges (0.107–0.320 m for dense, 0.241–0.719 m for 592 

sparse). Moreover, the overall theoretical envelope (0.107 to 0.719 m) comfortably contains 593 

the observed threshold. This consistency provides strong evidence that the 0.3 m threshold 594 

represents the physical adjustment length at which vegetation-generated turbulence becomes 595 

fully developed and begins to dominate over mean flow deceleration. 596 

Crucially, while the approximate dimensional threshold (0.3 m) lies between the predicted 597 

bounds for the two density extremes, it does not coincide exactly with either. This is expected 598 

because the threshold was derived from a global model trained on all experimental runs (both 599 

dense and sparse patches together). The 0.3 m value can therefore be interpreted as an effective 600 

or average adjustment length across the range of vegetation densities tested. In physical terms, 601 

this suggests that the transition from deposition-promoting to deposition-inhibiting behavior 602 

occurs when cumulative vegetation exposure reaches a length scale comparable to 603 

the penetration depth of canopy-generated turbulence, which for mixed or intermediate 604 

densities is approximately 0.3 m under the present hydraulic conditions. 605 

Thus, the dimensional threshold is not an arbitrary experimental artifact but a physically 606 

meaningful quantity that scales with 1/(CD.av). The agreement between the observed threshold 607 

(0.3 m) and the theoretical range (0.107 m to 0.719 m) validates the mechanistic interpretation 608 

that the competition between flow deceleration and turbulence generation determines the net 609 

deposition balance. 610 

The existence of such thresholds is supported by independent experimental observations. 611 

Studies on sediment trapping by vegetation patches have consistently reported that deposition 612 

efficiency increases with patch length up to a point, beyond which additional length yields 613 



diminishing returns or even reduced trapping (Yager & Schmeeckle, 2013; Zong & Nepf, 614 

2011). These observations align with the concept of an optimal patch length that maximizes 615 

net deposition–a length that corresponds to the adjustment scale identified here. The present 616 

study advances this understanding by quantifying the threshold directly from data and linking 617 

it to competing physical mechanisms (mean flow deceleration versus turbulence generation). 618 

In summary, the threshold identified in this study at 0.3 m cumulative vegetation exposure 619 

should be viewed not as a fixed numerical value, but as a manifestation of a fundamental 620 

mechanistic transition–the point at which vegetation-induced turbulence begins to dominate 621 

over mean flow deceleration in controlling sediment dynamics. This transition is expected to 622 

occur in any vegetated channel, with the dimensional threshold scaling inversely with 623 

vegetation density and potentially with flow depth. By reframing the finding in dimensionless 624 

terms and linking it to established theoretical length scales, this study provides a conceptually 625 

generalizable insight that can inform both process-based modeling and nature-based design 626 

across a range of scales and conditions. 627 

4.4. Comparison with classical sediment transport equations 628 

Direct application of classical bedload formulas (Meyer-Peter & Müller, 1948; Van Rijn, 1984) 629 

to the present dataset is not feasible, because they require the bed slope which is not reported 630 

in the original experimental study. Moreover, these equations were developed for bare-bed 631 

conditions and predict bedload transport, whereas our target variable (Dep/Depavg) represents 632 

net deposition of suspended sediment influenced by vegetation-induced turbulence. 633 

Nevertheless, the literature uniformly reports that classical equations perform poorly in 634 

vegetated channels. (J. Q. Yang & Nepf, 2018) showed that classical shear-stress-based 635 

sediment transport models, developed without accounting for vegetation, underestimate 636 

transport rates by orders of magnitude in vegetated regions. (X. Wang et al., 2024) confirmed 637 



that unmodified classical equations significantly underestimate or overestimate sediment 638 

transport in the presence of vegetation. Building on this, (Zhao & Nepf, 2021) found that the 639 

stress-based MPM formula underpredicts measured bedload transport rates in emergent 640 

vegetation by up to three orders of magnitude. Similarly. (J. Zhang et al., 2025) demonstrated 641 

that a TKE-based predictive model achieves a much stronger fit to measured data (R² = 0.84) 642 

than conventional shear stress-based formulas in emergent vegetation flows. 643 

In contrast, the CatBoost model developed in this study, using only observable features (flow 644 

velocity, water depth, vegetation geometry), achieves R² = 0.953 and MAPE = 17.967 % on 645 

the unseen dataset (Table 10). The substantial gap between published performance of classical 646 

and modified equations (R² = 0.84) and the present ML model (R² ≈ 0.95) highlights the 647 

advantage of vegetation-specific, data-driven approaches. 648 

5. Conclusion 649 

This study developed an interpretable ensemble machine-learning framework for predicting 650 

sediment deposition in open channels with discontinuous emergent vegetation. Using a dataset 651 

of 498 observations obtained from 11 controlled flume experiments, five ensemble algorithms 652 

were evaluated through Bayesian hyperparameter optimization and five-fold cross-validation. 653 

Beyond predictive accuracy, the framework integrated SHAP analysis to identify the physical 654 

mechanisms governing sediment deposition and to improve the interpretability of data-driven 655 

predictions. 656 

Among the evaluated models, CatBoost demonstrated the most robust and consistent predictive 657 

performance, achieving the highest accuracy and generalization capability on both testing and 658 

unseen data. The stability of its predictions across repeated runs, together with cross-validation, 659 

learning-curve analysis, and permutation testing, indicates that reliable model generalization 660 

can be achieved despite the relatively modest dataset size. These findings suggest that ensemble 661 



learning methods, particularly CatBoost, provide an efficient alternative to computationally 662 

intensive numerical simulations and extensive laboratory experimentation for predicting 663 

sediment deposition under different vegetation configurations. 664 

Beyond prediction, the principal scientific contribution of this study lies in revealing physically 665 

meaningful relationships between vegetation characteristics and sediment deposition. SHAP 666 

analysis identified cumulative vegetation exposure as the dominant controlling variable and 667 

revealed a distinct nonlinear transition near a cumulative exposure length of approximately 0.3 668 

m. This threshold indicates a shift from vegetation-enhanced deposition to deposition reduction 669 

caused by increasingly developed vegetation-induced turbulence. In contrast, local flow 670 

velocity exhibited only a weak influence within vegetation patches, suggesting that patch-scale 671 

descriptors become more important than local hydraulic variables under quasi-stagnant canopy 672 

conditions. These findings not only provide a quantitative interpretation of vegetation–673 

sediment interactions but also generate experimentally testable hypotheses that extend previous 674 

qualitative observations and strengthen the integration of explainable artificial intelligence with 675 

process-based understanding. 676 

The proposed framework also has important practical implications for river engineering and 677 

ecological management. Once trained, the CatBoost model enables rapid evaluation of 678 

alternative vegetation layouts while SHAP explanations identify the variables responsible for 679 

each prediction, providing transparent support for engineering decisions. Such capability can 680 

assist practitioners in designing vegetation arrangements that either enhance sediment retention 681 

for bank stabilization and habitat restoration or reduce excessive deposition to preserve channel 682 

conveyance and flood capacity. More broadly, this study demonstrates how interpretable 683 

machine learning can bridge the gap between predictive modeling and physical understanding, 684 

supporting more transparent and sustainable river management strategies. 685 



The present framework should nevertheless be interpreted within the limits of the experimental 686 

conditions, including rigid emergent vegetation, uniform sediment properties, and controlled 687 

laboratory flows. Additional validation under natural river conditions involving flexible 688 

vegetation, heterogeneous sediments, and unsteady hydraulic regimes is required before 689 

operational implementation. Future research should therefore focus on expanding the 690 

experimental database, incorporating more physically based descriptors of turbulence and 691 

vegetation dynamics, and developing hybrid physics-informed machine-learning models that 692 

further improve both predictive capability and physical interpretability. Overall, this study 693 

demonstrates that interpretable ensemble machine learning can serve not only as an accurate 694 

predictive tool but also as a mechanism-discovery framework for advancing the understanding 695 

and management of sediment transport in vegetated channels. 696 
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