
Inclusive hyper- to dilute-concentrated suspended sediment
transport study using modified rouse model: parametrized

power-linear coupled approach using machine learning

Item Type Article

Authors Kumar, S.; Singh, H.P.; Balaji, S.; Hanmaiahgari, P.R.; Pu, Jaan H.

Citation Kumar S, Singh HP, Balaji S et al (2022) Inclusive hyper- to dilute-
concentrated suspended sediment transport study using modified
rouse model: parametrized power-linear coupled approach using
machine learning. Fluids. 7(8): 261.

Rights © 2022 by the authors. This is an open access article distributed
under the Creative Commons Attribution License which permits
unrestricted use, distribution, and reproduction in any medium,
provided the original work is properly cited. Creative Commons
Attribution (CC BY) license (https://creativecommons.org/
licenses/by/4.0/)

Download date 19/05/2023 19:16:03

Link to Item http://hdl.handle.net/10454/19095

http://hdl.handle.net/10454/19095


 
 

 
 

 
Fluids 2022, 7, x. https://doi.org/10.3390/xxxxx www.mdpi.com/journal/fluids 

Article 

Inclusive Hyper- to Dilute-Concentrated Suspended Sediment 
Transport Study using Modified Rouse Model: Parametrized 
Power-Linear Coupled Approach Using Machine Learning 
Sanny Kumar 1, Harendra Prasad Singh 1, Srinivas Balaji 2, Prashanth Reddy Hanmaiahgari 2,* and Jaan H. Pu 3,* 

1 Central University of Jharkhand, Ranchi; sanny.kumar676@gmail.com (S.K.); hps@cuj.ac.in (H.P.S.) 
2 Department of Civil Engineering, IIT Kharagpur; srinivas.balaji@iitkgp.ac.in 
3 Faculty of Engineering and Informatics, School of Engineering, University of Bradford 
* Correspondence: hpr@civil.iitkgp.ac.in (P.R.H.); j.h.pu1@bradford.ac.uk (J.H.P.) 

Abstract: The transfer of suspended sediment can range widely from being diluted to being hyper-
concentrated, depending on the local flow and ground conditions. Using the Rouse model and the 
Kundu and Ghoshal (2017) model, it is possible to look at the sediment distribution for a range of 
hyper-concentrated and diluted flows. According to the Kundu and Ghoshal model, the sediment 
flow follows a linear profile for the hyper-concentrated flow regime and a power law applies for the 
dilute concentrated flow regime. This paper describes these models and how the Kundu and 
Ghoshal parameters (linear-law coefficients and power-law coefficients) are dependent on sediment 
flow parameters using machine-learning techniques. The machine-learning models used are 
XGboost Classifier, Linear Regressor (Ridge), Linear Regressor (Bayesian), K Nearest Neighbours, 
Decision Tree Regressor, and Support Vector Machines (Regressor). The models were implemented 
on Google Colab and the models have been applied to determine the relationship between every 
Kundu and Ghoshal parameter with each sediment flow parameter (mean concentration, Rouse 
number, and size parameter) for both a linear profile and a power-law profile. The models correctly 
calculated the suspended sediment profile for a range of flow conditions ( 0.268 𝑚𝑚𝑚𝑚 ≤ 𝑑𝑑50 ≤

2.29 𝑚𝑚𝑚𝑚, 0.00105 𝑔𝑔
𝑚𝑚𝑚𝑚3 ≤ particle density ≤ 2.65 𝑔𝑔

𝑚𝑚𝑚𝑚3 , 0.197𝑚𝑚𝑚𝑚
𝑠𝑠
≤ 𝑣𝑣𝑠𝑠 ≤ 96𝑚𝑚𝑚𝑚

𝑠𝑠
, 7.16𝑚𝑚𝑚𝑚

𝑠𝑠
≤ 𝑢𝑢∗ ≤

63.3𝑚𝑚𝑚𝑚
𝑠𝑠

, 0.00042 ≤ 𝑐𝑐̅ ≤ 0.54), including a range of Rouse numbers (0.0076 ≤ 𝑃𝑃 ≤ 23.5). The models 
showed particularly good accuracy for testing at low and extremely high concentrations for type I 
to III profiles. 

Keywords: Rouse number; mean concentration; suspended sediment transport; sediment size pa-
rameter; parameterized power-linear model; machine learning; decision tree regressor; support vec-
tor machines. 
 

1. Introduction 
Sediment transport commonly occurs in unlined water conveyance systems such as 

rivers, streams, canals, and drainage channels. There are three sediment transport modes: 
wash load, bedload, and suspended load. In wash load, particles do not exist on the bed, 
therefore, the characterization and prediction of wash load composition is highly difficult. 
The bedload transfer is almost always in contact with the bed. Bedload transport takes 
place if critical friction velocity (𝑢𝑢∗𝑐𝑐) is less than the friction velocity (𝑢𝑢∗). The suspended 
load, which is part of the total load, moves without continuously being in contact with the 
bed. Turbulence is the main flow property that keeps the sediment in suspension (Pu et 
al. 2021; Pu et al., 2014; Pu et al., 2017). The turbulence is characterized by the magnitude 
of root mean square velocity (𝑢𝑢′). For significant suspension to occur 𝑢𝑢′ near the bed must 
exceed the sediment fall velocity (𝑣𝑣𝑠𝑠). Sediment particle concentration distribution along 

Citation: Kumar, S.; Singh, H.P.; 

Balaji, S.; Hanmaiahgari, P.R.; Pu, 

J.H. Inclusive Hyper- to Dilute- 

Concentrated Suspended Sediment 

Transport Study Using Modified 

Rouse Model: Parametrized  

Power-Linear Coupled Approach 

using Machine Learning. Fluids 2022, 

7, x. https://doi.org/10.3390/xxxxx 

Academic Editor(s): Chandrashek-

har S. Jog 

Received: 30 May 2022 

Accepted: 21 July 2022 

Published: date 

Publisher’s Note: MDPI stays neu-

tral with regard to jurisdictional 

claims in published maps and institu-

tional affiliations. 

 

Copyright: © 2022 by the authors. 

Submitted for possible open access 

publication under the terms and con-

ditions of the Creative Commons At-

tribution (CC BY) license (https://cre-

ativecommons.org/licenses/by/4.0/). 



Fluids 2022, 7, x FOR PEER REVIEW 2 of 32 
 

the depth is very important for predicting the sediment transport rate that is taking place 
in the river. However, the problem with suspended load transport is that it is not fully 
understood, because of limitations in modelling techniques such as diffusion theory 
(Kundu and Ghoshal, 2017). Rouse (1937) developed a suspended sediment concentration 
profile based on diffusion theory for steady uniform flows by using the eddy viscosity 
model to relate Reynolds stress and log-law for the velocity profile. Despite the drawbacks 
of diffusion theory, the Rouse model has become a standard for calculating suspended 
sediment concentration profiles and a basis for many models developed later.  

Two-phase flows have complex interactions between the phases. Modelling fluid–
particle interactions and particle–particle attractions is difficult therefore they are ex-
cluded. Huang et al., (2008), Hsu et al., (2003) and Rouse (1937) resolved this issue based 
on the differential continuity equation of suspended sediment diffusion in the 2D steady 
turbulent flow. They considered that the sediment diffusion coefficient is related to both 
the mixing length and the turbulence intensity. These models could not account for tur-
bulence or forces operating on the sediment particle surfaces, such as collisions between 
particles, and as a result, their accuracy was limited. To overcome this, several studies 
have addressed sediment distributions in stationary and uniform two-dimensional (2D) 
open channel flows by solving the momentum equation for sediment particles (Kundu 
and Ghoshal, 2017; Greimann and Holly, 2001; and Jha and Bombardelli, 2009). Most no-
tably, the diffusion coefficient of sediment particles generated from the momentum con-
servation equation provides significantly more accurate, perhaps allowing for a better un-
derstanding of sediment particle dispersion. Generally, the sediment concentration profile 
attains the maximum at some distance above the bed surface, decreases with farther mov-
ing away from the bed, and finally attains the minimum at the free surface. To model 
suspended-sediment distribution along with the depth, parameters such as particle fall 
velocity, particle diameter, turbulence intensity, shear velocity, Rouse number and mean 
concentration are required (Wang and Ni, 2000; Kundu and Ghoshal, 2014). Kundu and 
Ghosal (2017) and Pu and Lim (2014) found that two-dimensional incompressible flow 
modelling over a sediment bed with a uniform slope predicts reasonably accurate sus-
pended sediment transport since full three-dimensional modelling involves a lot more 
complexity. In addition, the diffusion theory with appropriate modifications such as a 
two-layer theoretical model based on diffusion theory or the fractional advection-diffu-
sion equation can predict suspended sediment concentration profiles with reasonable ac-
curacy. Goree et al. (2016) used equations of motion and considered drift flux, which is a 
fluid that consists of multiple phases or volume fractions. The mixture flow consists of 
different volume fractions and each volume fraction has a different transport velocity. 
This velocity depends on the particle size and the total volumetric concentration of solids. 
Goree et al. (2016) used LES for turbulence modelling however the computed results were 
not accurate at the wall. Another type of modelling concept is kinetic theory. Models es-
tablished based on kinetic theory for granular flows and two-fluid models i.e., the proba-
bility density function (PDF) approach, in which both fluid and solid phases are consid-
ered as continuum media, allow classic continuum mechanics to be naturally employed 
to formulate the two-phase flows with fundamental conservation laws (Kundu and 
Ghoshal, 2017). Therefore, the observable macro mechanical states of flows and sediment 
transport are completely determined by conservation equations of solid and liquid sys-
tems. In addition, other theories, such as a numerical investigation based on the kinetic 
theory of granular flows, in combination with a RANS (Reynolds-Averaged Navier–
Stokes) turbulence model were investigated by Ekambara et al. (2009) for a pipe flow us-
ing Ansys CFX which gave very good results. Ni et al. (2000) developed a combined model 
of both kinetic theory and diffusion theory, which has given reasonable results. 

The limitations of existing models to simulate suspended sediment transport can be 
efficiently overcome with data-driven models such as machine learning. Barati et al. (2014) 
estimated the drag coefficient of a smooth sphere using multi-gene genetic programming. 
Alizadeh et al. (2017) used ANN and Bayesian network models to predict pollutant 
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transport in natural rivers. Sadeghifar and Barati (2018) used soft-computing techniques 
with very good accuracy to predict sediment transport in the southern shorelines of the 
Caspian Sea. Cao et al. (2020) developed a nonparametric machine-learning (ML) model 
to predict the settling velocity of noncohesive sediment which demonstrated the capabil-
ity of the ML model for accuracy and consistency. Rushd et al. (2021) used AI-based ma-
chine learning algorithms to develop a generalized model for computing the settling ve-
locity of spheres in both Newtonian and non-Newtonian fluids. The above-mentioned 
studies demonstrate that data-driven models (AI and ML) and soft-computing techniques 
are powerful tools for predicting complicated processes such as sediment transport.  

A central perspective advocated in this paper is that by exploiting foundational 
knowledge of suspended sediment profiles and physical constraints, data-driven ap-
proaches can be used to yield useful predictive results. In this paper, current models are 
analysed and the crucial flow parameters are estimated by using machine learning algo-
rithms. 

2. Model Review 
The diffusion theory was utilised by van Rijn (1984), Wang and Ni (1991), McLean 

(1992), and Zhong et al. (2011) to define the transport of suspended material in numerical 
modelling. According to diffusion theory, sediment transport takes place from higher con-
centration areas to lower concentration areas (Fick, 1995). Rouse (1937) derived suspended 
sediment concentration in a steady uniform current. As per Rouse (1937), the sediment is 
kept in suspension mainly by turbulence (Hsu et al., 2003). Rouse (1937) used Prandtl’s 
mixing length theory to estimate the vertical profile of suspended sediment. Rouse’s 
(1937) methodology is given as follows. 

As shown in Figure 1, consider two sand particles 1 and 2 with a settling velocity 𝑣𝑣𝑠𝑠. 
In a unit time through a unit area on horizontal plan p-p, the sediment volumes going up 
(𝑞𝑞𝑢𝑢) and down (𝑞𝑞𝑑𝑑) are: 

𝑞𝑞𝑢𝑢 = (𝑤𝑤′ − 𝑣𝑣𝑠𝑠) �𝑐𝑐 −
1
2
𝑙𝑙
𝑑𝑑𝑐𝑐
𝑑𝑑𝑑𝑑
� (1) 

𝑞𝑞𝑑𝑑 = (𝑤𝑤′ + 𝑣𝑣𝑠𝑠) �𝑐𝑐 +
1
2
𝑙𝑙
𝑑𝑑𝑐𝑐
𝑑𝑑𝑑𝑑
� (2) 

In an equilibrium state, 𝑞𝑞𝑢𝑢 and 𝑞𝑞𝑑𝑑 must be equal to each other, substracting Equa-
tion (2) from Equation (1) gives 

𝑐𝑐𝑣𝑣𝑠𝑠 +
1
2
𝑤𝑤′𝑙𝑙

𝑑𝑑𝑐𝑐
𝑑𝑑𝑑𝑑

= 0 (3) 

By assuming that 
1
2
𝑤𝑤′𝑙𝑙 = 𝑢𝑢∗ �1 − 𝑧𝑧

𝐻𝐻
� 𝜅𝜅𝑑𝑑 (4) 

where mixing length 𝑙𝑙 = 𝜅𝜅𝑑𝑑, 𝑤𝑤′ = 𝑢𝑢∗ �1 − 𝑧𝑧
𝐻𝐻
�, 𝜅𝜅 =0.4 and 𝑢𝑢∗ = friction velocity, 𝐻𝐻 = flow 

depth.  
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Figure 1. Suspended sediment concentration profile as governed by flow turbulence. 

Substituting Equation (3) into Equation (4) yields 

𝑐𝑐𝑣𝑣𝑠𝑠 + 𝑢𝑢∗ �1 −
𝑑𝑑
𝐻𝐻�

𝜅𝜅𝑑𝑑
𝑑𝑑𝑐𝑐
𝑑𝑑𝑑𝑑

= 0 (5) 

By integrating Equation (5), one obtains 

𝑐𝑐(𝑑𝑑) = 𝑐𝑐𝑏𝑏 �
𝐻𝐻 − 𝑑𝑑
𝑑𝑑

.
𝑏𝑏

𝐻𝐻 − 𝑏𝑏
�
𝑣𝑣𝑠𝑠
𝜅𝜅𝑢𝑢∗

 (6) 

where 𝑐𝑐𝑏𝑏 is the integration constant (𝑐𝑐|𝑧𝑧=𝑏𝑏 = 𝑐𝑐𝑏𝑏) and 𝑣𝑣𝑠𝑠
𝜅𝜅𝑢𝑢∗

= Rouse number (𝑃𝑃). It is as-
sumed that bedload transport takes place in the bedload layer from 𝑑𝑑 =0 to 𝑑𝑑 = 𝑏𝑏 = 𝑘𝑘𝑠𝑠. 
In the bedload layer, sediment concentration is given by 𝑐𝑐𝑏𝑏. Hsu et al. (2003) suggested 𝑏𝑏

𝐻𝐻
 

is approximately 0.005. The concentration distribution profile is thought to grow more 
uniform, according to Rouse (1937). Small settling velocity and minimal shear velocity can 
result in low Rouse numbers. 

𝑐𝑐(𝑑𝑑) = 𝑐𝑐𝑏𝑏 �
𝑏𝑏
𝑑𝑑

.
𝐻𝐻 − 𝑑𝑑
𝐻𝐻 − 𝑏𝑏

�
𝑣𝑣𝑠𝑠
𝜅𝜅𝑢𝑢∗

 (7) 

Log-law can be written as 

𝑢𝑢(𝑑𝑑) =
𝑢𝑢∗
𝜅𝜅

ln �
𝑑𝑑
𝑘𝑘𝑠𝑠
� + 𝐵𝐵 (8) 

The flux per river cross-section per square meter can be written from Equations (7) 
and (8) as 

∅(𝑑𝑑) = �
𝑢𝑢∗
𝜅𝜅

ln �
𝑑𝑑
𝑘𝑘𝑠𝑠
� + 𝐵𝐵𝑢𝑢∗� �

𝑏𝑏
𝑑𝑑

.
𝐻𝐻 − 𝑑𝑑
𝐻𝐻 − 𝑏𝑏

�
𝑣𝑣𝑠𝑠
𝜅𝜅𝑢𝑢∗

 (9) 

For steady, uniform open channel flow, the sediment concentration varies with the 
distance 𝑑𝑑 from the wall. The depth can be nondimensionalized as 𝜀𝜀 = 𝑧𝑧

𝐻𝐻
  where its 

range is 0 < 𝜀𝜀 ≤ 1.  
In addition, Kundu and Ghosal (2014) recognized that sediment concentration pro-

files occur in three (type I, type II, and type III) types. For the low-flow condition, the 
sediment carrying capacity is weak, therefore the maximum concentration occurs at the 
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bed and decreases exponentially to the minimum concentration at the free surface. This 
type of profile is called type I. In medium-flow conditions, the sediment concentration is 
lower near the bed because of the gravity effect, sediment concentration attains a maxi-
mum concentration a little distance away from the bed and is the lowest near the free 
surface, and is classified as type II. The type III profile is attained during high-flow condi-
tions subjected to hyper concentration. In the type III profile, sediment concentration is 
low near the bed as well as near the free surface, whereas the maximum concentration 
occurs in the middle region. According to Kundu and Ghoshal (2014), the entire flow 
depth can be divided into two regions: the inner suspension region, where sediment con-
centration increases with a characteristic height from the sediment bed (𝜀𝜀𝑏𝑏 ≤ 𝜀𝜀 ≤ 𝜀𝜀𝑚𝑚𝑚𝑚𝑚𝑚). 
Here 𝜀𝜀𝑚𝑚𝑚𝑚𝑚𝑚  corresponds to 𝑐𝑐𝑚𝑚𝑚𝑚𝑚𝑚  and 𝜀𝜀𝑏𝑏  corresponds to the nondimensional height at 
which the suspended sediment starts. The outer suspension region above the inner sus-
pension region, where sediment concentration decreases with an increase in the charac-
teristic height and 𝜀𝜀𝑚𝑚𝑚𝑚𝑚𝑚 ≤ 𝜀𝜀 ≤ 1. For each region, sediment concentration which is a func-
tion of characteristic height can be written as 

∅1 = 𝑏𝑏1𝜀𝜀𝑚𝑚1 + 𝑑𝑑1  for inner suspension region (𝜀𝜀𝑏𝑏 ≤ 𝜀𝜀 ≤ 𝜀𝜀𝑚𝑚𝑚𝑚𝑚𝑚) (10) 

 ∅2 = 𝑏𝑏2𝜀𝜀𝑚𝑚2 + 𝑑𝑑2  for outer suspension region (𝜀𝜀𝑚𝑚𝑚𝑚𝑚𝑚 ≤ 𝜀𝜀 ≤ 1) (11) 

where 𝑎𝑎1, 𝑏𝑏1,𝑑𝑑1,𝑎𝑎2,𝑏𝑏2,𝑑𝑑2  are experimental coefficients that can be found by the least 
squares method by analysing observed data. 

In the asymptotic matching method, the final model of suspended sediment concen-
tration for the entire flow region is given as follows (Almedeij, 2009). 

∅ = �
1

(𝑏𝑏1𝜀𝜀𝑚𝑚1 + 𝑑𝑑1)−1 + (𝑏𝑏2𝜀𝜀𝑚𝑚2 + 𝑑𝑑2)−1� (12) 

 
Figure 2. Schematic of the asymptotic matching method. 
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Figure 3. Type I, II, and III concentration distributions along with the depth. 

The aforementioned equation has also been used by Bouvard and Petkovic (1985), 
Wang and Ni (1991), and Einstein and Chein (1995) to demonstrate that the sediment pro-
file for a diluted flow should follow a power law (Equations (10) and (11)). In Equations 
(10) and (11), 𝑑𝑑 = 0 produce a simplified form of power law as given below. 

∅ = 𝑏𝑏𝜀𝜀𝑚𝑚. (13) 

Equation (13) is similar to Rouse Equation (Equation (7)). For type III, the sediment 
transport equation in power-law format is not suitable. Pu et al. (2021) stated that the lin-
ear-type profile fits well. Therefore, the equation for the suspended sediment profile for 
type III is given as follows 

∅ = 𝑏𝑏𝜀𝜀 + 𝑑𝑑 (14) 

This is similar to Equations (7) and (8) but 𝑎𝑎 value is taken as unity. Rouse formula-
tion has drawbacks at the riverbed and the free surface as shown by the experimental 
studies of Kironoto and Yulistiyanto (2009), Goeree et al. (2016), Greiimann and Holly 
(2001), Jha and Bombardelli (2009), and Sumer et al. (1996). Since the Rouse formula is 
derived from the diffusion theory, it is valid only for a single phase i.e., sediment phase. 
Therefore, the Rouse formula is applicable only for the type I profile with zero concentra-
tion at the free surface and infinite concentration at the bed (Kumbhakar et al., 2017). Ac-
cording to Huang et al. (2008), the Rouse formula produces an inaccurate estimation of 
sediment concentration near the bed for highly rough conditions. Kumbhakar et al., (2017) 
showed that the Rouse formula can be improved by incorporating an additional factor to 
dampen the diffusion coefficient. Sumer et al. (1996) tried to improve the reference height 
representation to better estimate suspended sediment modelling. Greimann and Holly 
(2001) stated that the Rouse formula excluded the particle–particle attractions in addition 
to the assumption in estimating diffusion coefficient resulting Rouse formula valid only 
for 𝑐𝑐̅ < 0.1. Rouse formula gives a good understanding as long as sediment particles have 
small inertia. Wang and Ni (1991), Ni et al. (2000), and Zhong et al. (2011) models showed 
significant differences in the shape of the vertical profile. The concentration calculated by 
the Wang model changes slowly under 0.05 h but the Rouse model changes dramatically. 
The Zhong model, the power-law model, the Rouse model, and the two-phase flow model 
provide similar results near the water’s surface. 

The proposed study will look into the relationships between different flows and sed-
iment factors to better describe them in Equations (10)–(12). This will result in a parame-
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terized expression of the final characteristic model for suspended particles and enable ac-
curate profile prediction. Rouse number 𝑃𝑃, size parameter 𝑆𝑆, and mean concentration 𝑐𝑐̅ 
are the flow parameters that will be examined.  

3. Proposed Model 
Numerous studies have examined the factors that should be taken into account when 

determining a concentration profile, such as Rouse number, particle size, mean concen-
tration, and flow depth (Rouse, 1937, Sumer et al., 1996, Wang and Ni, 1990, Coleman, 
1986). By using a modified Equation (12), the variables that are thought to be connected 
to the power-linear law coefficients are as follows: 

𝑏𝑏1,𝑏𝑏2,𝑎𝑎1, 𝑎𝑎2,𝑑𝑑1,𝑑𝑑2 = 𝑓𝑓(𝑃𝑃, 𝑆𝑆, 𝑐𝑐̅) (15) 

where 𝑑𝑑50 is the diameter of the sediment particle, 𝑐𝑐̅ is the mean concentration, 𝑃𝑃 is the 
Rouse number, 𝐻𝐻 is the flow depth, and 𝑆𝑆 is the size parameter (𝑆𝑆 = 𝑑𝑑50/𝐻𝐻). In order to 
examine the distribution of each power-linear law coefficient toward the physical param-
eters of Rouse number, particle size, and mean concentration and to derive a modified 
Rouse model for validation tests, we collected the data from numerous reported experi-
mental studies (as detailed in Table 1). Table 1 further shows that the data sources em-
ployed to cover a broad range of tested parameters. Particularly, the range of 𝑐𝑐̅ in the 
referenced literature is from 0.00013 to 0.147, which provides an accurate picture of flow 
conditions from diluted to hyper-concentrated. 

Table 1. Sources of data for parameterised modelling (Pu et al. 2021). 

Data Sources 𝑯𝑯 (cm) 𝒅𝒅𝟓𝟓𝟓𝟓 (mm) 𝐯𝐯𝐬𝐬 (cm/s) 𝒖𝒖∗ (cm/s) 𝒄𝒄� (× 𝟏𝟏𝟓𝟓−𝟑𝟑) 
Bouvard and 

Petkovic (1985) 
7.5 2.00–9.00 1.81–2.70  2.54–5.41 2.1–4.5 

Cellino and Graf 
(1999) 

12.0 0.135 1.20 4.30–4.50 96–147 

Coleman (1986) 17.0–17.4 0.21–0.42 1.23–1.31 4.10 0.13–0.28 
Muste et al. (2005) 2.1 0.21–0.25 0.06 4.00–4.30 0.46–1.62 

3.1. Machine-Learning Algorithms 
In trying to investigate the relationship between power-linear law coefficients of the 

Kundu and Ghoshal model and sediment parameters such as the Rouse number, particle 
size, mean concentration, and flow depth, various machine-learning models have been 
used as follows: 

3.1.1. XGboost Classifier 
XGBoost is a decision-tree-based ensemble machine-learning technique that uses gra-

dient boosting. It may be used to solve a variety of regression and classification predictive 
modelling challenges. It is a fast implementation of the stochastic gradient boosting algo-
rithm with several hyperparameters that allows the fine tuning of the model’s training 
process. 

3.1.2. Linear Regressor (Ridge) 
Linear regression uses a best-fit straight line to establish a link between a dependent 

variable (𝑦𝑦) and one or more independent variables (𝑥𝑥) (also known as a regression line). 
Ridge regression is a multicollinear data analysis technique (independent variables are 
highly correlated). 

3.1.3. Linear Regressor (Bayesian) 
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While Ridge regression utilises L2 norm regularisation, Bayesian regression is a prob-
abilistic linear regression model with explicit priors on the parameters. Priors can have a 
regularising impact, for example, the application of Laplace priors for coefficients is com-
parable to L1 regularisation. 

3.1.4. K Nearest Neighbours 
The supervised machine learning algorithm K-nearest neighbours (kNN) can be used 

to address both classification and regression problems. Because it delivers highly precise 
predictions, this algorithm can compete with the most accurate models. As a result, the 
kNN algorithm can be utilised in applications where great accuracy is required but a hu-
man-readable model is not required. The accuracy of the predictions is influenced by the 
distance measured. 

3.1.5. Decision Tree Regressor 
In the corporate world, the Decision Tree algorithm has become one of the most 

widely utilised machine learning algorithms. Both classification and regression issues can 
benefit from the use of the Decision Tree. In the shape of a tree structure, the Decision Tree 
constructs regression or classification models. It incrementally cuts down a dataset into 
smaller and smaller sections while also developing an associated decision tree. A tree with 
decision nodes and leaf nodes is the result. 

3.1.6. Support Vector Machines (Regressor) 
SVM stands for Support Vector Machine and is a supervised machine learning 

method capable of classification, regression, and even outlier detection. SVM classifiers 
have a high level of accuracy and can anticipate events quickly. They also utilise less 
memory in the decision phase because they only use a subset of training points. With a 
clear separation margin and a large dimensional space, SVM performs well. 

The complete flow chart describing the workflow of using machine-learning algo-
rithms for estimating coefficients for linear and power laws is shown in Figure 4. 
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Figure 4. Flowchart for prediction of linear-law and power-law coefficients using the proposed 
models. 

3.2. Theoretical Description of Proposed Models 
The three broad categories of machine-learning approaches are supervised, unsuper-

vised, and semi-supervised learning. Classified data is needed in supervised learning sys-
tems so that the algorithm may be trained. In contrast, the unsupervised learning ap-
proach discovers features in the data sets without requiring training data to be classified 
beforehand. These methods have been practised and are well established. While super-
vised and unsupervised learning techniques are combined in semi-supervised learning 
systems. The theoretical foundation of the suggested ML models is provided in the para-
graph below in this subsection. 

Adaptive Boosting (AdaBoost), a very popular boosting technique, focuses on com-
bining several weak classifiers into a single strong classifier. It is the first binary classifi-
cation boosting ensemble model. It applies to problems involving classification and re-
gression. It can handle both textual and numerical data and is versatile. It is more suscep-
tible to data noise and outliers than XGBoost is. It is more adaptable since it can be used 
to improve the weak classifiers’ accuracy. In contrast to XGBoost, it minimises exponential 
loss function rather than differentiable loss function. 

CatBoost, an ML algorithm is based on gradient-boosted decision trees. During the 
model’s training, a collection of decision trees are built one after another. Compared to 
the prior trees, the loss decreases with each additional tree. The gradient boosting method 
is the foundation for the CatBoost Regressor implementation, which uses a decision tree 
as the primary predictor. Because there is not a sparse dataframe, the data, which contains 
many categorical features, is processed much more quickly than it would be if another 
technique, such XGBoost or Random Forest was being used. In CatBoost, parameters self-
tune to save time modifying. With CatBoost, we can work more effectively with ML engi-
neers and software engineers because we can essentially maintain the feature or column 
in its original state. 

The K nearest neighbours (KNN), is a straightforward machine learning algorithm 
that examines all of the inputs and predicts the target based on features that are similar to 
them. As a nonparametric model, it has been used in statistical estimation and pattern 
recognition for more than 50 years. According to this method, the analyst must specify the 
neighbourhoods’ size. To set the size that lowers the MSE to a minimal amount, cross-
validation may also be used. Utilizing an inverse distance weighted average of the KNN 
is a straightforward use of KNN regression. It makes use of the same KNN classification 
distance functions. Equations (16)–(18) are used to represent the distance functions. 

Euclidean 

��(𝑥𝑥𝑖𝑖 − 𝑦𝑦𝑖𝑖)2
𝑘𝑘

𝑖𝑖=1

 (16) 

Manhattan 

�|𝑥𝑥𝑖𝑖 − 𝑦𝑦𝑖𝑖|
𝑘𝑘

𝑖𝑖=1

 (17) 

Minkowski 

��(|𝑥𝑥𝑖𝑖 − 𝑦𝑦𝑖𝑖|)𝑞𝑞
𝑘𝑘

𝑖𝑖=1

�

1 𝑞𝑞�

 (18) 
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These three distance functions are applicable only for continuous variables while in 
the case of discrete or categorical data, the Hamming distance function is used. The Ham-
ming distance function is given below by Equation (19) as: 

𝐷𝐷𝐻𝐻 = �|𝑥𝑥𝑖𝑖 − 𝑦𝑦𝑖𝑖|
𝑘𝑘

𝑖𝑖=1

 (19) 

The Hamming distance function is zero if 𝑥𝑥 = 𝑦𝑦, otherwise if (𝑥𝑥 ≠ 𝑦𝑦), it is equal to 
unity.  

LightGBM, a decision-tree-based gradient boosting framework helps GPU learning 
while also maximising model efficiency by growing trees vertically (leaf-wise split), as 
opposed to other boosting approaches that grow trees horizontally, which increases accu-
racy (level-wise split). Since it transforms continuous values into discrete bins, the pri-
mary benefit of the LightGBM regressor is that it lowers memory usage without sacrificing 
forecasting speed or prediction accuracy. 

3.3. Rouse Number Modelling 
Shear velocity and settling velocity are the two key variables that influence drag on 

a sediment particle. The Rouse number as stated in Equation (6) is a dimensionless form 
of these parameters along with the von Karman constant. We may create the figures 
shown in Figures 5–8 below by testing each value in Equation (12) against 𝑃𝑃. 

 
Figure 5. Rouse number vs. coefficient 𝑏𝑏1 using SVM (𝑅𝑅2 = 0.9148). 
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Figure 6. Rouse number vs. coefficient 𝑎𝑎1 using KNN (𝑅𝑅2 = 0.61). 

 
Figure 7. Rouse number regression vs. coefficient 𝑏𝑏2 using KNN (𝑅𝑅2 = 0.777). 
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Figure 8. Rouse number regression vs. coefficient 𝑎𝑎2 using decision trees (𝑅𝑅2 = 0.7477). 

Figures 5–8 show the relationship between 𝑏𝑏1, 𝑎𝑎1, 𝑏𝑏2 and 𝑎𝑎2 against 𝑃𝑃. This result 
demonstrates that for a wide range of measured data, 𝑃𝑃 offers a reasonable match which 
is represented by the power law and its coefficients. 

3.3.1. Size Parameter Modelling  
Another element that may impact sediment drag and lift is particle size. The effec-

tiveness of interactive interactions acting on the particle can be influenced by the surface 
area of the particle, which is dictated by the diameter. The settling velocity of a particle is 
also influenced by its diameter (Cheng, 2009). The dimensionless 𝑆𝑆 is utilised to model 
against the power-law coefficients in Figures 9–12 in this study. The effect of particle size 
has not been taken into account in the modified Rouse model (i.e., employed in Kundu 
and Ghoshal, 2014) or the original Rouse technique (Rouse, 1937) despite the fact that it is 
an important aspect that affects the behaviour of suspended sediment.  

 
Figure 9. Size parameter vs. coefficient 𝑏𝑏1using decision trees (𝑅𝑅2 = 0.856). 

 
Figure 10. Size parameter vs. coefficient 𝑎𝑎1 using decision trees (𝑅𝑅2 = 0.4313). 
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Figure 11. Size parameter vs. coefficient 𝑏𝑏2 using KNN (𝑅𝑅2 = 0.434). 

 
Figure 12. Size parameter vs. coefficient 𝑎𝑎2 using KNN (𝑅𝑅2 = 0.433). 
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sentative function of the particle size parameter studied here. 

3.3.2. Mean Concentration Modelling 
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coefficients and mean concentration was determined using the procedure below, with the 
findings displayed in Figures 13–16. 

 
Figure 13. Mean concentration regression vs. coefficient 𝑏𝑏1 using decision trees (𝑅𝑅2 = 0.973). 

 
Figure 14. Mean concentration vs. coefficient 𝑑𝑑1 using decision trees (𝑅𝑅2 = 0.9617). 
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Figure 15. Mean concentration vs. coefficient 𝑏𝑏2 using KNN (𝑅𝑅2 = 0.982). 

 
Figure 16. Mean concentration vs. coefficient 𝑑𝑑2 using KNN (𝑅𝑅2 = 0.979). 
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This hyper-to-dilute boundary was established by comparing it to the research on diluted 
flow definition by Greiimann and Holly (2001) and the Rouse model limit. The suggested 
strategy can be written as in Equation (20). 
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2𝑏𝑏1 = 0.002𝑃𝑃3 + 0.07𝑃𝑃2 − 0.415𝑃𝑃 − 6185.41𝑆𝑆3 + 1045.69𝑆𝑆2 − 44.71𝑆𝑆 + 1.39, 

2𝑎𝑎1 = −0.11805𝑃𝑃3 + 1.0174𝑃𝑃2 − 2.3468𝑃𝑃 − 39061𝑆𝑆3 + 4338.84𝑆𝑆2 − 129.347𝑆𝑆
− 1.6847, 

2𝑏𝑏2 = 0.1516𝑃𝑃3 − 0.59101𝑃𝑃2 + 1.2473𝑃𝑃 + 15966.1𝑆𝑆3 − 3445.7𝑆𝑆2 + 174.95𝑆𝑆
+ 3.228, 

2𝑎𝑎2 = −0.01186𝑃𝑃3 + 0.0796𝑃𝑃2 − 0.17577𝑃𝑃 − 4357.67𝑆𝑆3 + 427.12𝑆𝑆2 − 12.34𝑆𝑆
+ 0.3075, 

and when 𝑐𝑐̅ ≥ 0.1, and 𝑎𝑎1 = 𝑎𝑎2 = 1.0 

𝑏𝑏1 = −242.445𝑐𝑐̅3 + 280.1008𝑐𝑐̅2 − 104.985𝑐𝑐̅ + 11.80698, 

𝑑𝑑1 = 200.1184𝑐𝑐̅3 − 231.901𝑐𝑐̅2 + 88.2763𝑐𝑐̅ − 9.99, 

𝑏𝑏2 = −125.73𝑐𝑐̅3 + 139.45𝑐𝑐̅2 − 34.0925𝑐𝑐̅ + 2.3447, 

𝑑𝑑2 = −24.453𝑐𝑐̅3 + 10.7537𝑐𝑐̅2 + 2.276𝑐𝑐̅ + 0.1974. 

4. Model Validations 
The link between parameters of the power-linear coupled model and sediment flow 

characteristics were discovered using a variety of machine-learning approaches. The dis-
tribution of suspended sediment over the characteristic height inside the flow was inclu-
sively estimated from diluted to hyper-concentrated. The model can precisely calculate 
the suspended sediment profile for a range of flow conditions, and sediment sizes, includ-
ing a range of Rouse numbers. The models show good accuracy for testing at low and 
extremely high concentrations for type I to III profiles. The best result-giving model’s 
RMSE, MAE, and MSE values are displayed in Table 2. 

Initially, the necessary python libraries were imported into the Google Colab envi-
ronment for modelling. The dataset was then imported using the wget function. The da-
taset was preprocessed in a suitable format for modelling by separating the X (input fea-
ture) and Y (output feature). Using the train-test-split, the dataset was split into train and 
test sets. Cumulatively we obtained the X_train, Y_train, X_test and Y_test for training 
and validating the dataset. The models including XGBoost Classifier, Linear Regressor 
(Ridge), Linear Regressor (BayesianRidge), K-Nearest Neighbours, Decision Tree Regres-
sor and Support Vector Machines (Regressor) were used. 

Table 2. The following RMSE, MAE, and MSE scores of the best result-giving models are shown. 

Relationship 
Modelled 

Model Giving Best 
Result 

MSE (Mean 
Square Error) 

RMSE (Root 
Mean 

Square Er-
ror) 

MAE (Mean 
Absolute 

Error) 

𝑎𝑎1 and Rouse 
Number (𝑃𝑃) 

K-Nearest Neigh-
bours 

0.3876 0.6225 0.4522 

𝑏𝑏1 and Rouse 
Number (𝑃𝑃) 

Support Vector Ma-
chines (Regressor) 

0.0067 0.0820 0.0718 

𝑎𝑎2 and Rouse 
Number (𝑃𝑃) 

 Decision Trees 0.0014 0.0374 0.0225 
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𝑏𝑏2 and Rouse 
Number (𝑃𝑃) 

 K-Nearest Neigh-
bours 

1.0384 1.0190 0.8427 

𝑎𝑎1 and (𝑆𝑆 =
𝑑𝑑50/𝐻𝐻)  Decision Trees 0.2080 0.4561 0.4062 

𝑏𝑏1 and (𝑆𝑆 =
𝑑𝑑50/𝐻𝐻)  Decision Trees 0.0064 0.0802 0.0506 

𝑎𝑎2 and (𝑆𝑆 =
𝑑𝑑50/𝐻𝐻): 

 K-Nearest Neigh-
bours 0.0017 0.0416 0.0302 

𝑏𝑏2 and (𝑆𝑆 =
𝑑𝑑50/𝐻𝐻): 

K-Nearest Neigh-
bours 0.9923 0.9961 0.8027 

𝑏𝑏1 and mean 
concentration 

(𝑐𝑐̅) 
Decision Trees 16.7333 4.0906 3.4095 

𝑑𝑑1 and mean 
concentration 

(𝑐𝑐̅) 

Support Vector Ma-
chines (Regressor) 6.5332 2.5560 2.1114 

𝑑𝑑2 and mean 
concentration 

(𝑐𝑐̅) 

K-Nearest Neigh-
bours 3.3596 1.8329 1.4628 

𝑏𝑏2 and mean 
concentration 

(𝑐𝑐̅) 

K-Nearest Neigh-
bours 9.9020 3.1467 2.6971 

The experimental data from Wang and Qian (1989), Wang and Ni (1990), and Micha-
lik (1973) were used to validate the model proposed in this study (Equation (20)). It was 
also contrasted with the models that Wang and Ni (1990), Ni et al. (2000), Zhong et al. 
(2011), and Pu et al. (2021) had previously presented. A theoretical distribution model 
derived from kinetic theory was presented by Wang and Ni (1990). Their model can only 
forecast type I and a subset of type II profiles since it is confined to diluted flow. They 
incorrectly assumed that particle interaction did not exist, and as a result, they blamed 
fluid-induced lift forces for the categorization of the distribution profile. Further, their 
analysis states that the distribution tends to follow the type I profile when the particle size 
is small. 

The Ni et al. (2000) model incorporated both continuum and kinetic theories. Kinetic 
theory employing the Boltzmann equation for the solid phase, and continuum theory for 
the fluid phase was used. The two-phase interactions in their derivation are represented 
by the forces acting on the sediment those are empirically weighted. It is claimed that the 
model can handle both diluted and dense flows. In comparison to the other two models, 
the model provided by Zhong et al. (2011) is more sophisticated. It is founded on a three-
part strategy in which the model can be made simpler for a given different empirically 
supported hypotheses. As a result, in their research, all type I, II, and III profiles are shown 
in the experimental testing. Their type III profile used varying empirical dampening func-
tion values to meet various flow conditions due to its complexity. Pu et al. (2021) proposed 
a parameterized method using sediment size, mean concentration, Rouse number, and 
flow depth, which was effective as shown in the comparisons. 
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4.1. Wang and Ni (1990) 
Wang and Ni (1990) evaluated the diluted flow in a conduit using measured data. 

All of the investigated conditions are shown in Table 3; the quantities examined ranged 
from 0.00042 < 𝒄𝒄� < 0.0033, and they were severely diluted. The ability of the suggested 
model to capture severely diluted flow is tested during this validation study. The sedi-
ments studied were granules and coarse sand with particle diameters ranging from 0.58 
mm to 2.29 mm. The outcomes are displayed in Figure 17a–k. The measurements of Wang 
and Ni (1990) show that for diluted flow the sediment concentration tends to follow the 
type I or II profile where the maximum concentration occurs at the near-bed region.  

Table 3. Data by Wang and Ni (1990) (Pu et al. 2021). 

Test No. 𝒅𝒅𝟓𝟓𝟓𝟓 (mm) 𝒗𝒗𝒔𝒔 (cm/s) 𝒖𝒖∗ (cm/s) 𝒄𝒄� (× 𝟏𝟏𝟓𝟓−𝟑𝟑) 
1 1.80 2.56 3.28 3.30 

A2 1.3 2.17 3.35 4.4 
A3 1.40 6.90 4.76 3.10 
A4 1.10 5.15 4.52 2.40 
A5 0.58 4.51 4.79 0.97 
A6 0.60 3.79 4.90 0.57 
A7 2.29 6.15 4.83 0.44 
B3 1.40 6.90 6.11 1.98 
B4 1.10 5.15 6.15 2.00 
B5 0.58 4.51 6.33 1.94 
B6 0.60 3.79 6.23 0.42 
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Figure 17. (a–k) The modelled results and comparisons against experimental data of Wang and Ni 
(1990). 

The results shown in Figures 17a–k demonstrate that overall, there is a better fit be-
tween the proposed models and other models away from the near-bed regions. The pro-
posed model corresponds to the experimental data well in the middle and free surface 
regions. In cases A1, A2, A6, A7, B3, and B4, the proposed model predicts experimental 
data better than the model proposed by Pu et al. (2021) and other models. This is consistent 
with the literature (i.e., Pu et al. 2021, Kundu and Ghoshal, 2017; Greiimann and Holly, 
2001) which states that possibility of particle–particle collisions increases near-bed to pro-
duce conditions that are more challenging to represent with mathematical modelling.  

The biggest particles among all the measured data from Wang and Ni (1990) were 
used in the experimental data presented in Figure 17g. Due to the higher surface area of 
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the sediment particles, there would be stronger forces coming from the solid–fluid phase 
interaction. One can see that the concentration distribution for A7 shown by the proposed 
model (Figure 17g) is consistent with the observations. The suggested model exhibits the 
promising computation of big particles in observed data when compared to a model such 
as those by Zhong et al. (2011) that does not account for particle size. In addition, the tests 
A5 and B5 are the smallest particle diameters, and the proposed model is doing better 
than Ni et al. (2000) which relies on empirical particle interactions.  

4.2. Wang and Qian (1989) 
Using an experimental recirculating-tilting flume, Wang and Qian (1989) investi-

gated the impact of diluted to dense concentrations in an open channel flow. Their tests 
included silt with diameters ranging from 0.15 mm to 0.96 mm and concentrations ranging 
from 0.0102 to 0.0906. All the conditions tested are shown in Table 4. As a result, their tests 
have been used in this comparison with the suggested and other earlier models as the 
findings shown in Figure 18a–f. In general, the models’ accuracy declines as the mean 
concentration rises across the flow depth. In particular, in the upper-flow zone, the exper-
imental data are reasonably fit by the suggested model. The lift and drag caused by the 
fluid-induced forces as well as the inertia of the sediment particles are the principal forces 
acting on the particles in the upper layer. This demonstrates that the proposed model’s 
incorporation of the Rouse and size parameters allows it to accurately calculate the solid-
fluid interactions for individual particles. 

Table 4. Data by Wang and Qian (1989). 

Test No. 𝒅𝒅𝟓𝟓𝟓𝟓 (mm) 𝒗𝒗𝒔𝒔 (cm/s) 𝒖𝒖∗ (cm/s) 𝒄𝒄� (× 𝟏𝟏𝟓𝟓−𝟑𝟑) 
SF2 0.268 0.197 7.74 10.2 
SF5 0.268 0.197 7.16 90.6 
SM6 0.266 0.129 7.37 7.54 
SM7 0.960 1.590 7.37 75.4 
SC5 1.420 2.290 7.37 65.1 
SC7 0.266 1.59 7.37 13.72 
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Figure 18. (a–f) Modelled results and comparisons against experimental data of Wang and Qian 
(1989). 

The accuracy of the various models, including the suggested model, decreases at the 
lower-suspension region, according to an overview of all the results shown in Figure 18. 
Compared to type III profiles, type II profiles have higher concentrations and a smaller 
turning point near the bed. Rather than suspended load, bedload behaviour governs the 
distribution of sediment along the wall boundary. In Wang and Qian’s (1989) investiga-
tion, plastic particles were also utilised in the flow, and theoretically, under the influence 
of particle–particle interacting forces, it produced less notable movement than the normal 
and natural sediment. This means that, in contrast to models by Ni et al. (2000) and Zhong 
et al. (2011), which incorporated empirical functions discovered from the relevant experi-
ments into the modelling, the proposed model, which deals with the forces by coupling 
expressions of Rouse and size parameters, is unable to simulate its near-bed concentration 
reasonably for experiments SF2, SC5, and SC6 as shown in Figure 18a, e, and f respec-
tively. Results of the proposed model are better than those from Pu et al. (2021) for exper-
iments SF5, SM6, and SM7 as shown in Figure 18b, c, and e.  
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4.3. Michalik (1973) 
Michalik (1973) researched the sediment profile of hyper-concentrated flows using 

experimental data. Sand with a diameter of 0.45 mm and concentrations ranging from 0.15 
to 0.54 was employed as the sediment material (all the tested conditions are shown in 
Table 5). The linear law found in Equation (20) is used in this study to model Michalik’s 
tests. The test findings are displayed in Figure 19a–h, where measurements and the pro-
posed model results are contrasted. 

Table 5. Data by Michalik (1973). 

Test No. 𝒅𝒅𝟓𝟓𝟓𝟓 𝒗𝒗𝒔𝒔 (cm/s) 𝒖𝒖∗ (cm/s) 𝒄𝒄� (× 𝟏𝟏𝟓𝟓−𝟑𝟑) 
1 0.45 6.15 15.56 150 
2 0.45 6.15 15.56 240 
3 0.45 6.15 15.56 270 
4 0.45 6.15 15.56 310 
5 0.45 6.15 15.56 420 
6 0.45 6.15 15.56 450 
7 0.45 6.15 15.56 480 
8 0.45 6.15 15.56 540 

The sediment-concentration distribution from the investigated hyper-concentrated 
flows displays a type III characteristic. It is challenging to precisely calculate the concen-
tration distribution’s turning point in a hyper-concentrated flow. This is due to the fact 
that the boundary between the sediment’s bed and suspended states is not clearly defined, 
but rather, the bedload will diffuse into the suspended state through a transitional zone. 
Because of this, the suspended load has occasionally been calculated as a portion of the 
bedload, which widens the gap between measurements and suspended sediment model-
ling. A correct assumption of 𝜀𝜀𝑚𝑚 and 𝑐𝑐𝑚𝑚 is necessary in order to precisely describe the 
transition zone and, consequently, the position of the turning point (Sumer et al., 1996). 
Given that both the variables are constant in this study’s proposed model and are not 
changing in an experiment, it is reasonable to draw the conclusion of 𝜀𝜀𝑚𝑚 and 𝑐𝑐𝑚𝑚 (Ali and 
Dey, 2016). 
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Figure 19. (a–h) The modelled results and comparisons for experimental data of Micahlik (1973). 

The suggested model shows a decent fit of the type III profile to the hyper-concen-
trated distribution and offers a reasonable match to the experimental data. As demon-
strated in Michalik (1973), studies of hyper-concentrated flow demonstrate that as 𝑐𝑐̅ in-
creases, the sediment concentration distribution becomes more homogeneous. Power dis-
tributions may not be appropriate to model hyper-concentrated flow as a result. Rather, a 
linear model is used here, which has been shown to generate superior accuracy.  

The height of the maximum concentration also increases as the mean concentration 
rises, possibly as a result of the growing possibility of a bedload layer close to the bed. 
The near-bed region becomes increasingly saturated as the mean concentration rises. The 
experiments in Figure 19 demonstrate that the settling velocity has no effect when 𝑐𝑐̅  > 
0.31 and that the dominant interaction forces must result from particle–particle reactions. 
The suggested model accurately depicts the concentration distribution in these highly 
concentrated tests of 𝑐𝑐 � >  0.31. In particular, for the majority of cases, the suggested 
model correctly predicts the height at which the greatest concentration (turning point) 
occurs.  

5. Conclusions 
For accurately estimating the diluted and hyper-concentrated distributions over typ-

ical heights within the flow, a parameterized power-linear coupled model with machine 
learning has been validated. The machine learning models used were XGboost Classifier, 
Linear Regressor (Ridge), Linear Regressor (Bayesian), K Nearest Neighbours, Decision 
Tree Regressor and Support Vector Machines (Regressor). The models were implemented 
using Google Colab. The models have been applied to investigate the relationship be-
tween every Kundu and Ghoshal (2017) parameter with each sediment flow parameter 
namely, mean concentration, Rouse number, and size parameter. The distribution of sus-
pended sediment over the characteristic height inside the flow was inclusively estimated 
from diluted to hyper-concentrated. Comparisons with experimental data from Wang and 
Ni (1990) on highly diluted flows, Wang and Qian (1989) on mixed diluted to dense flows, 
and Michalik (1973) on hyper-concentrated flows for low and extremely high concentra-
tion testing that approximates type I to III profiles, the proposed power-law and linear-
law models are more precise than Pu et al. (2021) in some cases, and in other cases, just as 
precise as those of Pu et al. (2021). Finally, it is shown that the models produced from 
machine learning are capable of calculating the suspended sediment profile accurately 
under a variety of flow circumstances ( 0.268 𝑚𝑚𝑚𝑚 ≤ 𝑑𝑑50 ≤ 2.29 𝑚𝑚𝑚𝑚, 0.00105 𝑔𝑔
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particle density ≤ 2.65 𝑔𝑔
𝑚𝑚𝑚𝑚3 , 0.197𝑚𝑚𝑚𝑚

𝑠𝑠
≤ 𝑣𝑣𝑠𝑠 ≤ 96 𝑚𝑚𝑚𝑚

𝑠𝑠
, 7.16 𝑚𝑚𝑚𝑚

𝑠𝑠
≤ 𝑢𝑢∗ ≤ 63.3𝑚𝑚𝑚𝑚

𝑠𝑠
, 0.00042 ≤

𝑐𝑐̅ ≤ 0.54), including different Rouse numbers (0.0076 ≤ 𝑃𝑃 ≤ 23.5). 
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Notations 

𝑏𝑏 𝐸𝐸𝑚𝑚𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝑐𝑐𝑎𝑎𝑙𝑙 𝑐𝑐𝑐𝑐𝑐𝑐𝑓𝑓𝑓𝑓𝐸𝐸𝑐𝑐𝐸𝐸𝑐𝑐𝑐𝑐𝑐𝑐 
𝑐𝑐 𝐶𝐶𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝐸𝐸𝑎𝑎𝑐𝑐𝐸𝐸𝑐𝑐𝑐𝑐 
𝑐𝑐̅ 𝑀𝑀𝑐𝑐𝑎𝑎𝑐𝑐 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝐸𝐸𝑎𝑎𝑐𝑐𝐸𝐸𝑐𝑐𝑐𝑐 
𝑐𝑐𝑏𝑏 𝑅𝑅𝑐𝑐𝑓𝑓𝑐𝑐𝐸𝐸𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝐸𝐸𝑎𝑎𝑐𝑐𝐸𝐸𝑐𝑐𝑐𝑐 
𝑑𝑑50 𝑆𝑆𝑐𝑐𝑑𝑑𝐸𝐸𝑚𝑚𝑐𝑐𝑐𝑐𝑐𝑐 𝑑𝑑𝐸𝐸𝑎𝑎𝑚𝑚𝑐𝑐𝑐𝑐𝑐𝑐𝐸𝐸 
𝐷𝐷 𝐶𝐶𝑐𝑐𝑐𝑐𝑓𝑓𝑓𝑓𝐸𝐸𝑐𝑐𝐸𝐸𝑐𝑐𝑐𝑐𝑐𝑐 𝑐𝑐𝑓𝑓 𝑑𝑑𝐸𝐸𝑓𝑓𝑓𝑓𝑢𝑢𝑑𝑑𝐸𝐸𝑣𝑣𝐸𝐸𝑐𝑐𝑦𝑦 
𝐻𝐻 𝐹𝐹𝑙𝑙𝑐𝑐𝑤𝑤 𝑑𝑑𝑐𝑐𝐸𝐸𝑐𝑐ℎ 
𝑃𝑃 𝑅𝑅𝑐𝑐𝑢𝑢𝑑𝑑𝑐𝑐 𝑐𝑐𝑢𝑢𝑚𝑚𝑏𝑏𝑐𝑐𝐸𝐸, P = vs/(κu∗) 
𝑑𝑑 𝐸𝐸𝑚𝑚𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝑐𝑐𝑎𝑎𝑙𝑙 𝑐𝑐𝑐𝑐𝑐𝑐𝑓𝑓𝑓𝑓𝐸𝐸𝑐𝑐𝐸𝐸𝑐𝑐𝑐𝑐𝑐𝑐 
𝑆𝑆 𝑆𝑆𝐸𝐸𝑑𝑑𝑐𝑐 𝐸𝐸𝑎𝑎𝐸𝐸𝑎𝑎𝑚𝑚𝑐𝑐𝑐𝑐𝑐𝑐𝐸𝐸, 𝑆𝑆 = 𝑑𝑑50/𝐻𝐻 
𝑑𝑑 𝑉𝑉𝑐𝑐𝐸𝐸𝑐𝑐𝐸𝐸𝑐𝑐𝑎𝑎𝑙𝑙 𝑑𝑑𝐸𝐸𝑑𝑑𝑐𝑐𝑎𝑎𝑐𝑐𝑐𝑐𝑐𝑐 𝑓𝑓𝐸𝐸𝑐𝑐𝑚𝑚 𝑏𝑏𝑐𝑐𝑑𝑑 
𝑎𝑎 𝐸𝐸𝑚𝑚𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝑐𝑐𝑎𝑎𝑙𝑙 𝑐𝑐𝑐𝑐𝑐𝑐𝑓𝑓𝑓𝑓𝐸𝐸𝑐𝑐𝐸𝐸𝑐𝑐𝑐𝑐𝑐𝑐 
𝜀𝜀 𝐶𝐶ℎ𝑎𝑎𝐸𝐸𝑎𝑎𝑐𝑐𝑐𝑐𝑐𝑐𝐸𝐸𝐸𝐸𝑑𝑑𝑐𝑐𝐸𝐸𝑐𝑐 ℎ𝑐𝑐𝐸𝐸𝑒𝑒ℎ𝑐𝑐, ε = 𝑑𝑑/𝐻𝐻 
𝜀𝜀𝑏𝑏 𝑅𝑅𝑐𝑐𝑓𝑓𝑐𝑐𝐸𝐸𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝑐𝑐ℎ𝑎𝑎𝐸𝐸𝑎𝑎𝑐𝑐𝑐𝑐𝑐𝑐𝐸𝐸𝐸𝐸𝑑𝑑𝑐𝑐𝐸𝐸𝑐𝑐 ℎ𝑐𝑐𝐸𝐸𝑒𝑒ℎ𝑐𝑐 
𝜅𝜅 𝑉𝑉𝑐𝑐𝑐𝑐 𝐾𝐾𝑎𝑎𝐸𝐸𝑚𝑚𝑎𝑎𝑐𝑐 𝑐𝑐𝑐𝑐𝑐𝑐𝑑𝑑𝑐𝑐𝑎𝑎𝑐𝑐𝑐𝑐 
𝑢𝑢∗ 𝑆𝑆ℎ𝑐𝑐𝑎𝑎𝐸𝐸 𝑣𝑣𝑐𝑐𝑙𝑙𝑐𝑐𝑐𝑐𝐸𝐸𝑐𝑐𝑦𝑦 
𝜑𝜑 𝐹𝐹𝑢𝑢𝑐𝑐𝑐𝑐𝑐𝑐𝐸𝐸𝑐𝑐𝑐𝑐 𝑐𝑐𝑓𝑓 𝑐𝑐ℎ𝑎𝑎𝐸𝐸𝑎𝑎𝑐𝑐𝑐𝑐𝑐𝑐𝐸𝐸𝐸𝐸𝑑𝑑𝑐𝑐𝐸𝐸𝑐𝑐 ℎ𝑐𝑐𝐸𝐸𝑒𝑒ℎ𝑐𝑐 
𝑣𝑣𝑠𝑠 𝑃𝑃𝑎𝑎𝐸𝐸𝑐𝑐𝐸𝐸𝑐𝑐𝑙𝑙𝑐𝑐 𝑓𝑓𝑎𝑎𝑙𝑙𝑙𝑙 𝑣𝑣𝑐𝑐𝑙𝑙𝑐𝑐𝑐𝑐𝐸𝐸𝑐𝑐𝑦𝑦 

References 
1. Ali, S.Z.; Dey, S. Mechanics of advection of suspended particles in turbulent flow. Proc. R. Soc. A 2016, 472, 20160749. 
2. Alizadeh, M.J.; Shahheydari, H.; Kavianpour, M.R.; Shamloo, H.; Barati, R. Prediction of longitudinal dispersion coefficient in 

natural rivers using a cluster-based Bayesian network. Environ. Earth Sci. 2017, 76, 86. https://doi.org/10.1007/s12665-016-6379-
6. 

3. Almedeij, J. Asymptotic Matching with a Case Study from Hydraulic Engineering. Ph.D. Thesis, Kuwait University, Kuwait, 
Kuwait, 2009. 

4. Barati, R.; Salehi Neyshabouri, S.A.A.; Ahmadi, G. Development of Empirical Models with High Accuracy for Estimation of 
Drag Coeeficient of Flow Around a Smooth Sphere: An Evolutionary Approach. Powder Technol. 2014, 257, 11–19. 

5. Bouvard, M.; Petkovic, S. Vertical dispersion of spherical, heavy particles in turbulent open channel flow. J. Hydraul. Res. 1985, 
23, 5–20. 

6. Cao, Z.; Wofram, P.J.; Rowland, J.; Zhang, Y.; Pasqualini, D. Estimating Sediment Settling Velocity from a Theoretically Guided 
Data-Driven Approach. J. Hydraul. Eng. 2020, 146, 04020067. 

7. Cellino, M.; Graf, W.H. Sediment-laden flow in open-channels under noncapacity and capacity conditions. J. Hydraul. Eng. 1999, 
125, 455–462. 

8. Cheng, N.S. Comparison of formulas for drag coefficient and settling velocity of spherical particles. Powder Technol. 2009, 189, 
395–398. 

9. Cheng, C.; Song, Z.Y.; Wang, Y.G.; Zhang, J.S. Parameterized expressions for an improved Rouse equation. Int. J. Sediment Res. 
2013, 28, 523–534. 

10. Coleman, N.L. Effects of suspended sediment on the open-channel velocity distribution. Water Resour. Res. 1986, 22, 1377–1384. 
11. Einstein, H.A.; Qian, N. Effects of Heavy Sediment Concentration Near the Bed on the Velocity and Sediment Distribution; Army Engi-

neer Division, Missouri River: Omaha, NA, USA, 1955; p. 45. 



Fluids 2022, 7, x FOR PEER REVIEW 32 of 32 
 

12. Ekambara, K.; Sanders, R.S.; Nandakumar, K.; Masliyah, J.H. Hydrodynamic Simulation of Horizontal Slurry Pipeline Flow 
Using ANSYS-CFX. Ind. Eng. Chem. Res. 2009, 48, 8159–8171. 

13. Fick, A. On liquid diffusion. J. Membr. Sci. 1995, 100, 33–38. 
14. Goree, J.C.; Keetels, G.H.; Munts, E.A.; Bugdayci, H.H.; Rhee, C.V. Concentration and velocity profiles of sediment-water mix-

tures using the drift flux model. Can. J. Chem. Eng. 2016, 94, 1048–1058. 
15. Greiimann, B.P.; Holly, F.M. Two-phase Flow Analysis of Concentration Profiles. J. Hydraul. Eng. 2001, 127, 753–762. 
16. Hsu, T.J.; Jenkins, J.T.; Liu, P.L.F. On two-phase sediment transport: Dilute flow. J. Geophys. Res. 2003, 108, 2–14. 
17. Huang, S.H.; Sun, Z.L.; Xu, D.; Xia, S.S. Vertical distribution of sediment concentration. J. Zhejiang Univ. Sci. A 2008, 9, 1560–

1566. 
18. Jha, S.K.; Bombardelli, F.A. Two-phase modeling of turbulence in dilute sediment-laden, open-channel flow. Environ. Fluid 

Mech. 2009, 9, 237–266. 
19. Kironoto, B.A.; Yulistiyanto, B. The validity of Rouse equation for predicting suspended sediment. In Proceedings of the Inter-

national Conference on Sustainable Development for Water and Waste Water Treatment, Yogyakarta, Indonesia, 2009. 
20. Kumbhakar, M.; Ghoshal, K.; Singh, V.P. Derivation of Rouse equation for sediment concentration using Shannon entropy. 

Phys. A Stat. Mech. Its Appl. 2017, 465, 494–499. 
21. Kundu, S.; Ghoshal, K. Explicit formulation for suspended concentration distribution with. Powder Technol. 2014, 253, 429–437. 
22. Kundu, S.; Ghoshal, K. A mathematical model for type II profile of concentration distribution in turbulent flows. Environ. Fluid 

Mech. 2017, 17, 449–472. 
23. McLean, S.R. On the calculation of suspended load for non-cohesive sediments. J. Geophys. Res. 1992, 97, 5759–5770. 
24. Michalik, A. Density patterns of the inhomogenous liquids in the industrial pipeline measured by means of radiometric scan-

ning. La Houille Blanche J. 1973, 1, 53–57. 
25. Muste, M.; Yu, K.; Fujita, I.; Ettema, R. Two-phase versus mixed-flow perspective on suspended sediment transport in turbulent 

channel flows. Water Resour. Res. 2005, 41, W10402. 
26. Ni, J.R.; Wang, G.Q.; Borthwick, A.G.L. Kinetic theory for particles in dilute and dense solid-liquid flows. J. Hydraul. Eng. 2000, 

126, 893–903. 
27. Pu, J.H.; Hussain, K.; Shao, S.; Huang, Y. Shallow sediment transport flow computation using time-varying sediment adaptation 

length. Int. J. Sediment Res. 2014, 29, 171–183. 
28. Pu, J.H.; Lim, S.Y. Efficient numerical computation and experimental study of temporally long equilibrium scour development 

around abutment. Environ. Fluid Mech. 2014, 14, 69–86. 
29. Pu, J.H.; Wei, J.; Huang, Y. Velocity distribution and 3D turbulence characteristic analysis for flow over water-worked rough 

bed. Water 2017, 9, 668. 
30. Pu, J.H.; Wallwork, J.T.; Khan, M.A.; Pandey, M.; Pourshahbaz, H.; Satyanaga, A.; Hanmaiahgari, P.R.; Gough, T. Flood Sus-

pended Sediment Transport: Combined Modelling from Dilute to Hyper-Concentrated Flow. Water 2021, 13, 379. 
https://doi.org/10.3390/w13030379. 

31. Rouse, H. Modern conceptions of the mechanics of fluid turbulence. Trans. Am. Soc. Civ. Eng. 1937, 102, 463–505. 
32. Rushd, S.; Parvez, M.T.; Al-Faiad, M.A.; Islam, M.M. Towards optimal machine learning model for terminal settling velocity. 

Powder Technol. 2021, 387, 95–107, ISSN 0032-5910. https://doi.org/10.1016/j.powtec.2021.04.011. 
33. Sadeghifar, T.; Barati, R. Application of adaptive neuro-fuzzy inference system to estimate alongshore sediment transport rate 

(A real case study: Southern shorelines of caspian sea). J. Soft Comput. Civ. Eng. 2018, 2, 72–85. 
https://doi.org/10.22115/scce.2018.135975. 

34. Sumer, B.M.; Kozakiewicz, A.; Fredsoe, J.; Deigaard, R. Velocity and concentration profiles in sheet-flow layer of movable bed. 
J. Hydraul. Eng. 1996, 122, 549–558. 

35. van Rijn, L.C. Sediment transport, part II: Suspended load transport. J. Hydraul. Eng. 1987, 110, 1190–1192. 
36. Wang, G.Q.; Ni, J.R. Kinetic theory for particle concentration distribution in two-phase flows. J. Eng. Mech. 1990, 116, 2738–2748. 
37. Wang, G.Q.; Ni, J.R. The kinetic theory for dilute solid/liquid two-phase flows. Int. J. Multiph. Flow 1991, 17, 273–281. 
38. Wang, X.K.; Qian, N. Turbulence characteristic of sediment-laden flows. J. Hydraul. Eng. 1989, 115, 781–799. 
39. Zhong, D.Y.; Wang, G.Q.; Sun, Q.C. Transport equation for suspended sediment based on two-fluid model of solid/liquid two-

phase flows. J. Hydraul. Eng. 2011, 137, 530–542. 


	1. Introduction
	2. Model Review
	3. Proposed Model
	3.1. Machine-Learning Algorithms
	3.1.1. XGboost Classifier
	3.1.2. Linear Regressor (Ridge)
	3.1.3. Linear Regressor (Bayesian)
	3.1.4. K Nearest Neighbours
	3.1.5. Decision Tree Regressor
	3.1.6. Support Vector Machines (Regressor)

	3.2. Theoretical Description of Proposed Models
	3.3. Rouse Number Modelling
	3.3.1. Size Parameter Modelling
	3.3.2. Mean Concentration Modelling
	3.3.3. Modified Rouse Approach


	4. Model Validations
	4.1. Wang and Ni (1990)
	4.2. Wang and Qian (1989)
	4.3. Michalik (1973)

	5. Conclusions
	References

