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Abstract: For proper utilization of the channel of the sewage system, an auto-washout method should be used to keep the deposited
bed of the channel clean. Particle Froude number (PFr) is important in auto-washout methods. The prediction of PFr values becomes
a very complex problem due to its multiple dependencies. In this study, five heterogeneous datasets collected from existing literature,
covering a wide range of hydraulic and sediment conditions, were used to develop and validate the models. We used the Multilayer
Perceptron Regressor (MLPR) as the base model and the Random Committee (RC-MLPR) as a hybrid machine learning (ML) model
to predict the PFr value. Several performance measures were employed to assess the suggested models, including the agreement index,
and other commonly used error criteria available in the published literature. The RC-MLPR model outperformed other proposed ML
models, state-of-the-art ML models, and existing empirical equations. We also perform sensitive analysis that found the volumetric
sediment concentration (Csed) is the most sensitive variable to predict PFr value by the hybrid RC-MLPR model.

Keywords: auto-washout drainage, Froude number, Random Committee (RC), Multilayer Perceptron Regressor (MLPR), volumetric
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1. Introduction

When sediment builds up in the sewer channel, it can cause
blockages that lead to overflows that could pollute the environ-
ment [1–3]. Blockages and overflows in sewer systems can put
people’s health at risk because raw sewage can get into drinking
water sources and spread disease [2, 4, 5]. A sewer system that
cleans itself can last longer because it does not get clogged up and
keeps its hydraulic capacity [6]. This means that it does not need
as many expensive repairs or replacements. Therefore, an auto-
washout sewer system helps to maintain its hydraulic capacity,
ensuring that it can continue to transport wastewater efficiently
and effectively. It also gets rid of the need to clean often by hand,
which can take time and cost money.

Bertrand-Krajewski et al. [7] provided a brief overview of the
understanding of the sediment transport model and comparison
with experimental field data for sewer systems. It covers the dif-
ferent stages of the process, including buildup, wash off, transfer,
transport, sedimentation, and erosion, and the various modeling
approaches for each stage. Sewers are built on the idea that sed-
iments move around and do not build up, which is called the
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”auto-washout” concept. However, due to the intermittent nature
of the flow, particularly at low flows when the flow is slowing
down or migrating during droughts, particle deposition in sew-
ers might still happen [8–12]. Therefore, both scenarios must be
taken into consideration in order to completely comprehend the
transit of sediment in sewers.

Sewers have been used to move sediment for a long time,
but traditional minimum flow velocity criteria did not give a
good picture of how well sewers could move sediment [13]. Sedi-
ment transport theory was used in sewer system design. However,
in 1992, the Construction Industry Research and Information
Association initiated a research project to develop a new design
methodology for sewers based on the existing studies on sediment
entrainment and erosion.

The alignment, shape, size, and bottom slope of a canal are
all decided during its design process. The Shields diagram is widely
used to assess sediment mobility in alluvial streams by defining
the critical threshold for the initiation of sediment motion [14,
15]. Therefore, critical shear stress has a direct effect on the self-
cleansing of a canal. The following Table 1 showcases some of
the related literature found in discussing various types of analyses
carried out for sewer canal sedimentation.

Generally, machine learning (ML)-based prediction mod-
els are very popular in different fields of research areas. As it
was stated, the literature showcased some attempts to apply ML
algorithms to predict the particle Froude number (PFr) in the
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Table 1
Summary of related literature

Reference System/context Methodology Key variables/focus Main findings/contributions

Safari et al. [16] Sewer and drainage
channels

Empirical modeling Channel geome-
try, auto-washout
conditions

Broadly applicable sedimentation
reduction models

Safari and Danan-
deh Mehr
[17]

Large drains Multigene genetic
programming

PFr, sediment
accumulation

Accurate prediction under
non-sedimenting conditions

Tian et al. [18] Fluidized bed
with Geldart D
particles

Numerical sim-
ulation using
densimetric
Froude number-
based drag
model

Particle Reynolds
number, densimet-
ric PFr, density
ratio, liquid veloc-
ity, solid volume
fraction

Proposed drag model improves pre-
diction accuracy over existing
models; densimetric Froude number
effectively characterizes fluidization
quality; transition to heterogeneous
regime occurs at PFr ≈ 0.411; drag
coefficient decreases with increasing
Fr and liquid velocity

Yi et al. [19] Supercavitation
flow in cavitation
tunnel

Inviscid model-
ing based on
potential theory
(Logvinovich)
with experimental
validation

PFr, cavity shape,
buoyancy effects

Model accurately predicts cavity
shapes at high PFr (100–400); at
low PFr (15–30), prediction accu-
racy is ~5–10% up to 2/3 cavity
length; buoyancy significantly
affects cavity shape at lower PFr

Song et al. [20] Debris flow in steep
mountainous
regions (South
Korea, Mt.
Umyeon event)

Finite element
modeling with
Coulomb-viscous
framework +
SHapley Addi-
tive exPlanations
(SHAP) analysis

Debris volume, liq-
uid index, flow
velocity, depth,
PFr, viscosity,
friction angle

Model accurately predicts impact
pressure and flow behavior; PFr
> 10 indicates high-energy debris
flow; new empirical equation
extends PFr range up to 40; debris
volume and liquid index are most
influential factors

Wan Mohtar et al.
[21]

Drainage channels Artificial Neural
Network (ANN),
(Radial Basis
Function(RBF),
Feedforward
Neural Network
(FFNN))

Particle diameter,
flow depth

FFNN achieved highest accuracy

Roushangar et al.
[22]

Sewage pipes SVM and Gaus-
sian Processes
Regressor (GPR)

Hydraulic and
sediment
parameters

Kernel-based ML predicted
roughness effectively

Luo et al. [23] Open channels
under ice cover

Analytical and
experimental
study

Incipient motion
velocity, ice
roughness

Derived equation incorporating ice
cover effects

Mahdi et al. [24] Wire-on-tube con-
denser with
multi-diameter
tubes (3.25–6.29
mm) using refrig-
erants R-134a
and R-600a

Theoretical mod-
eling using
Engineer-
ing Equation
Solver with
dimensionless
analysis

Mass velocity,
Weber number
(We), PFr, vapor
quality, condens-
ing temperature
(35–54.4 °C)

Identified flow pattern transitions
based on PFr and We; established
operating ranges for different
refrigerants; showed that flow
regime strongly depends on vapor
quality and mass velocity, with
distinct transition thresholds for
R-134a and R-600a

Zounemat-Kermani
et al. [25]

Sanitary engi-
neering
systems

Soft computing and
nature-inspired
algorithms

Sediment concen-
tration, flow
parameters

Hybrid nature-inspired models
improved prediction accuracy

(Continued)
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Table 1
(Continued)

Reference System/context Methodology Key variables/focus Main findings/contributions

Wahl [26] Hydraulic engi-
neering; smooth
chutes and
stepped chutes

Formulations and
applications of
the roughness
Froude number

Roughness Froude
number, aeration
inception, friction
factor

Explains roughness Froude number
and parameter. It highlights its role
in predicting aeration inception and
flow regime transition in stepped
chutes. Also explains how one form
of the parameter relates to friction
effects and roughness submergence

Moradi and Mojra
[27]

Cylinder flow near
free surface at
high Froude
number

Parametric study
of free-surface
effects

Froude number,
drag, lift, Strouhal
number

High Froude number strongly affects
cylinder flow: drag reduces by
59%, lift and Strouhal number
increase. Near the free surface,
vortex shedding is suppressed

Svantesson et al.
[28]

Submerged gas
blowing in com-
pressible and
incompressible
systems

Computational
Fluid Dynam-
ics(CFD)
simulation val-
idated with
experiments
and empirical
equations

Modified Froude
number, gas jetting

CFD results matched experiments
with a small error of 7–8%. A suf-
ficiently high modified Froude
number is required for stable jet for-
mation. Below the limit, gas forms
large pulsating bubbles, causing
poor penetration-length prediction

Hřebřina et al. [29] Boulder move-
ment on smooth
bedrock/artificial
beds

Controlled flume
tests with dif-
ferent slopes,
discharge, and
Froude number

Froude number,
discharge thresh-
old, drag, lift, bed
friction

Entrainment was mainly controlled
by Froude number. Near-critical
flow showed lower resistance due to
instability effects

Ma et al. [30] Horizontal pipe
with wet gas in
low gas-phase
Froude number
region

Experimental study
using circular
and slotted multi-
orifice plates

Pressure drop, FrG,
FrL, stratified flow

Pressure drop changed strongly dur-
ing transition from stratified to
intermittent flow. Existing models
failed in both low-FrG regions, so
modified correlations using both
FrG and FrL were proposed

Gul et al. [31] Open-channel flow
with sediment
transport

M5RT and
M5RGT com-
pared with
regression
equations

Flow velocity,
sediment concen-
tration, bed slope,
Froude number

ML models performed better than
traditional regression equations.
M5RT and M5RGT gave reliable
results, with Root Mean Squared
Error (RMSE) values of 1.184 and
1.071

sedimentation process. Non-sedimentation auto-washout models
have been created recently to calculate the minimal velocity or
sediment concentration required to meet the non-sedimented bed
(NSB) condition. However, the following research gaps have been
found based on the literature survey, and this paper proposes the
associated solutions to the gaps that were identified.

1) Most of the studies usually apply a specific model for the
prediction of the PFr value under NSB conditions. However,
in this presented study, a standalone (Multilayer Perceptron
Regressor (MLPR)) and hybrid ML approaches (Random
Committee (RC)-MLPR) were utilized and compared their
performance with existing empirical equations stated in the
literature.

2) Studies often use homogeneous datasets or readings collected
from similar experiments. Although modeling is challenging,
when the readings are carried out in a similar environment, the
prediction model usually yields good results. In this study, we
have used five heterogeneous datasets, which can be found in
the literature. These datasets include a variety of variables that

are used to predict the value of PFr in the NSB condition. The
dimensionless form of these variables was used to enhance the
prediction results. Different model evaluation criteria, such as
agreement index (AI), Nash–Sutcliffe efficiency (NSE), mean
absolute error (MAE), and mean squared error (MSE), have
been used to evaluate the accuracy of proposed models.

3) Existing studies usually consume all the available variables
for prediction purposes. Although this may prove beneficial,
a thorough analysis of how the choice of input variables
affects prediction accuracy is missing. In this study, the
following variables—volumetric sediment concentration
(Csed), the median sediment size (dmed), the dimensionless
grain size (dp), the hydraulic radius (Rh), and the friction
factor (𝜆f)—were used, and their effects on the estimation of
PFr were analyzed using various input combinations. This
may help the end user to ascertain the most accurate variable
sequence for the estimation of PFr.

4) Sensitivity analysis is often missing in most studies. The sen-
sitivity analysis describes which individual variable out of
the best input combination has the highest impact on the
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prediction accuracy. The most sensitive variable should be
included while modeling the PFr to provide accurate results.

2. Materials and Methodology

2.1. Dataset

Five available literature datasets were used in this study for
the NSB condition, which were obtained from the studies by El-
Zaemey [32], Perrusquía Gonzalez [33], Ghani [34], May et al.1,
and Montes et al. [35] (refer to footnote). The total dataset con-
sists of 454 rows in a data matrix. The major statistical values
of all the variables used in this dataset are shown in Table 2. In
addition, some experimentally obtained empirical equations by
Montes et al. [35], Nalluri et al. [36], and Safari and Danan-
deh Mehr [17] were utilized to show their performance in the
estimation of the PFr for the NSB scenario.

El-Zaemey [32] investigated sediment deposition in sewer
systems, with particular emphasis on how sediment proper-
ties evolve over time and the conditions that promote sediment
consolidation, especially during dry weather flow. Experimen-
tal studies conducted in circular channels revealed that flow
behavior is strongly influenced by factors such as bed rough-
ness, sediment thickness, and flow depth. Based on these findings,
new approaches were proposed for estimating sediment transport
and flow resistance, which have contributed to improved design
strategies for non-deposition sewers and mitigation of sediment
accumulation in existing networks.

Perrusquía Gonzalez [33] examined bedload transport over
permanently deposited sediment beds in partially filled concrete
pipes. The study provided valuable insights into predicting flow
resistance using established methods such as Engelund–Hansen
and van Rijn, as well as estimating critical shear stress through the
Shields diagram. In addition, the work explored vertical velocity
distribution patterns and introduced a new empirical relationship
for estimating sediment transport rates. Although this formula-
tion performed well under specific conditions, such as particular
pipe sizes, sediment characteristics, slopes, and bed thicknesses,
it requires further validation for broader applicability.

Despite being designed for self-cleansing, sewer systems can
still experience sediment buildup under low-flow conditions.
Ghani [34] analyzed available data on sediment transport in
both clean and sediment-laden pipes and highlighted limita-
tions in existing design approaches, particularly for pipes with
diameters exceeding 300 mm. The study suggested that larger

1May, R., Brown, P., Hare, G., & Jones, K., Self-cleansing conditions for sew-
ers carrying sediment (ReportNo. SR221,Hydraulics ResearchWallingford,
1989).

sewer systems may need to accommodate a certain level of sed-
iment deposition, even though pipes up to 1.0 m in diameter
may achieve self-cleansing under appropriate conditions. Updated
design equations and charts were proposed to improve system
performance.

May et al.1 focused on understanding flow resistance and
sediment transport rates through controlled laboratory experi-
ments involving non-cohesive sediments in sewer pipes. Using a
450 mm concrete pipe and different sand sizes, the study identified
key hydraulic conditions required to prevent sediment deposition.
The research also introduced improved theoretical models and
equations for predicting bedload transport and flow resistance,
demonstrating that sediment transport rates tend to be lower in
rough pipes compared to smooth ones.

Many earlier sediment transport models were developed
using data from relatively small pipes, typically with diameters
below 500 mm, which limits their applicability to larger systems.
To overcome this limitation, Montes et al. [35] conducted experi-
ments using a 595 mm pipe and developed two new self-cleansing
models. These models are applicable to both small and large
sewer systems, under conditions with or without deposited beds,
and they show improved predictive accuracy compared to earlier
approaches.

It is important to note that the compiled datasets originate
from different experimental and observational studies, which help
ensure a baseline level of reliability. Additionally, to mitigate
the impact of inconsistencies across datasets, all input variables
were transformed into dimensionless forms, which reduces scale-
related discrepancies and improves comparability across different
experimental conditions.

These data include volumetric sediment concentration
(Csed), circular canal diameter/pipe diameter (dpipe) (mm), sed-
iment size (d) (mm), dimensionless sediment size (dp), sediment
relative density (Sg), canal bed slope (%), volumetric sediment
concentration (ppm), flow depth (Y) (mm), hydraulic radius
(Rh) (mm), non-deposition mean flow velocity (Vmean) (m/s),
canal/pipe friction factor (𝜆f), deposited bed thickness (tbed)
(mm), deposited bed width (Wbed) (mm), kinematic viscosity
(ν) (m2/s), fluid density (𝜌f) (kg/m3), sediment density (𝜌sed))
(kg/m3).

2.2. Model formulation

Amathematical expression can be proposed to determine the
relationship between the properties that affect the auto-washout
capability of a sewerage system, as showcased in Equation (1). The
expression can be used to predict the mean velocity (Vmean) of
flow required for the sedimentation-free conditions based on the
values of the other properties. It can also be used to determine the

Table 2
Statistical properties of variables

dp dmed/Rh Csed tsed/dpipe 𝜆f PFr

Mean 73.355 0.057 0.001 0.213 0.027 4.424
Standard deviation 65.981 0.05 0.001 0.113 0.01 2.651
Minimum 11.81 0.005 0 0.001 0.003 1.263
25% 22.661 0.019 0 0.154 0.019 2.348
50% 49.739 0.041 0 0.213 0.026 3.656
75% 138.388 0.086 0 0.252 0.032 5.758
Maximum 209.777 0.233 0.01 0.4 0.065 17.453

Note: 25%, 50%, and 75%—data values are less than or equal to this value.
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effect of changes in the properties on the Vmean and auto-washout
ability of the sewage system.

Vmean = f (𝜌f, 𝜌sed, g, dmed, υ,Rh,Csed,Wbed, tbed,
tsed, dpipe, 𝜆f ) (1)

Equation (1) can be made dimensionless as shown in Equa-
tion (2).

Vmean√gdmed(Sg − 1) = f (dp, dmed

Rh
, Csed, Wbed

tbed
, tsed
dpipe

, λf) (2)

where the dimensionless grain size (dp) is given by Equation (3)
and Sg is the specific gravity and can be expressed as
Equation (4).

dp = [(Sg − 1)g (dmed)3
v2

]1/3 (3)

Sg = 𝜌f𝜌sed (4)

This dimensionless form is helpful because it makes it easier to
understand the relative importance of each variable. This can be
used to design and improve auto-washout sewage systems. The
variableWbed/tbed on the auto-washout performance is negligible
and may be regarded as a constant. In addition, the left-hand side
of Equation (2) represents PFr, which is a dimensionless number
that represents the ratio of the inertial forces to the gravitational
forces acting on the particles. It can be defined as Equation (5).

PFr = Vmean√gdmed(Sg − 1) (5)

2.3. Model description

2.3.1. Random Committee (RC)
An RC is a hybrid ML model that combines the predictions

of multiple individual models to make a final prediction [37, 38].
The individual models that make up the RC are typically trained
on the same dataset but may use different models, hyperparam-
eter settings, or initializations. The predictions of the individual
models are then combined in some way, such as by taking the
mean or mode of the predictions, in order to make the final pre-
diction. The idea behind using an RC is that the combination of
the predictions of multiple models can lead to a more accurate
overall prediction than any one of the individual models alone.
RCs are often used in situations where the goal is to reduce the
variance of the predictions made by a single approach, to improve
the stability and robustness of the algorithm [39, 40]. They can
also be used to improve the performance of a model on tasks with
high noise or complexity.

2.3.2. Multilayer Perceptron Regressor (MLPR)
An MLPR is a type of ANN that uses one or more input

variables to predict a continuous output value [41–44]. An MLPR
has one or more hidden layers in addition to an input layer and an
output layer [45, 46]. Each layer is composed of a set of artificial
neurons, which are connected to the neurons in the adjacent layers
via weighted connections. The weights of these connections are

adjusted during the training process in order to minimize the error
between the predicted output and the actual output. The output
of an MLPR is a continuous value rather than a discrete class
label [47].

2.3.3. Empirical equations
Safari and Danandeh Mehr [17] proposed a new optimal

model created by the multigene genetic programming (MGGP)
technique to predict PFr in large drainage systems under the
NSB situation. Here, normalized data values, including the bias
and weights of the model’s component genes, were expressed
mathematically using a simplified version of the model (refer to
Equation (6)).

Fr = 1.96 − 0.61𝜆 − 0.51Cv + 1.18D0.5
gr 𝜆1.5

+ 0.61 (2Cv + d

R
)0.5 − 2.45 ( d

R
) 1
8

(6)

Where:𝜆 - channel friction factor
Cv - volumetric sediment concentration
Dgr - dimensionless grain size parameter
d - median sediment size
R - hydraulic radius
Fr - Particle Froude number
(as per Safari and Danandeh Mehr notations)

Nalluri et al. [36] found that existing equations in May et al.1

generally overestimated the transport velocity for sewers with
larger fixed bed deposits. Therefore, they made modifications to
the equations to make them applicable to sewers with large, fixed
bed deposits (refer to Equation (7)).

Fr = 1.98C0.13
v D0.10

gr (d50
R
)−0.60 𝜆0.14s (7)

Where:𝜆s - channel friction factor
Cv - volumetric sediment concentration
Dgr - dimensionless grain size parameter
d50 - median diameter of particles in a mixture
R - hydraulic radius
Fr - Particle Froude number
(as per Nalluri et al. notations)

Montes et al. [48] developed sediment transport models in
sewers using data from smaller pipes with diameters less than
500 mm. They collected experimental data on a 595 mm pipe
and developed auto-washout equations. The developed equation
avoids overfitting when it is considered in designing of small and
large sewerage systems under the NSB conditions. The developed
equation is given in Equation (8).

Fr = 4.79C0.209
v ( d

R
)−0.593 𝜆0.058 (8)

Where:𝜆 -Darcy friction factor
Cv - volumetric sediment concentration
d - mean particle diameter
R - hydraulic radius
Fr - Particle Froude number
(as per Montes et al. notations)
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2.4. Selection of input variable combinations

Parameter selection for the ML prediction model devel-
opment is highly important [49–51]. Therefore, coefficients of
correlation (CC) were tested for the number of variables, and
the heatmap was generated. Figure 1 depicts CC values between
the input and output variables. First, we select the input variable
with the highest correlation with the output variable (in terms
of absolute value of CC). According to Figure 1, dp is show-
cased the highest correlated variable (CC = −0.661). Therefore,
it was selected as the first input variable in predicting PFr. Sim-
ilarly, dmed/Rh, Csed, tsed/dpipe, and 𝜆f were selected as the input
variables.

2.5. Model development and model evaluation

Selected parameters were engaged in developing various
mathematical formulations for the prediction of PFr. Then,

these combinations were used to develop prediction models using
MLPR and RC-MLPR algorithms. Table 3 summarizes the
combinations that were used.

The performance of the developed prediction models was
tested using various evaluation metrics. These include AI, NSE,
MAE, and MSE, which are frequently used in ML prediction
models [49, 50, 52]. The AI is given in Equation (9).

AI = 1 − ∑N
i=1 (PFri − PF̂ri)2

∑N
i=1

||PFri − PFr||2 +∑N
i=1

|||PF̂ri − PF̂r|||2 ,−∞ ≤ AI ≤ 1

(9)

where PFri and PF̂ri are the ith observed and estimated values of

the PFr, respectively. PFr and PF̂r are the mean of observed and
estimated values of the PFr, respectively.

Furthermore, the use of a 10-fold cross-validation strategy
during model development provides robustness against potential

Figure 1
Heat map showing the coefficient of correlation (CC) values with respect to PFr

Table 3
Various combinations sorted by the CC for input variables

Medels Inputs Combinations

i f(dp)
ii f (dp, dmed/Rh)

MLPR iii f (dp, dmed/Rh, Csed)
iv f (dp, dmed/Rh, Csed, tsed/dpipe)
v f (dp, dmed/Rh, Csed, tsed/dpipe, 𝜆f)
i f(dp)
ii f (dp, dmed/Rh)

RC-MLPR iii f (dp, dmed/Rh, Csed)
iv f (dp, dmed/Rh, Csed, tsed/dpipe)
v f (dp, dmed/Rh, Csed, tsed/dpipe, 𝜆f)

Pdf_Fol io:606



Journal of Data Science and Intelligent Systems Vol. 00 Iss. 00 2026

data bias by ensuring that the model is trained and tested on
multiple subsets of the data. This reduces the likelihood that
the model performance is driven by any specific subset of the
dataset.

2.6. Sensitivity assessment

The sensitivity assessment was carried out to identify the
input variable that has the highest impact on the accuracy of
the prediction model. Here, two steps were involved. First, we
found out which input combination has the superior estimation
accuracy. Then, from the best input combination, each variable
was removed one by one, and the prediction was done on the
reduced set of the best input combination. Until all input vari-
ables had been removed, this process was repeated. As a result,
given k inputs, we assessed the model’s performance k times,
removing exactly one input at a time. In this study, the min-
imum associated input parameter was removed first, followed
by the second minimum associated parameter in the following
iteration, and ultimately, the parameter with the maximum asso-
ciation was removed in the last iteration. We assessed the model’s
performance and found that the input parameter, which has
the strongest influence on the estimation, by comparing metric
values.

2.7. Proposed workflow

The flowchart in Figure 2 illustrates the overall methodol-
ogy adopted in this study, beginning with dataset preparation
and concluding with sensitivity analysis. Initially, a comprehen-
sive dataset is compiled, consisting of key input variables such
as pipe diameter, median particle size, hydraulic radius, sediment
concentration, sediment transport parameters, pipe slope, and
flow-related factors. The dataset is then systematically divided
using a 10-fold cross-validation strategy, where the data are parti-
tioned into training and testing subsets across ten iterations. This
approach ensures robust model development and reduces the risk
of overfitting by allowing each partition to serve as a test set once
while the remaining data are used for training.

Following data splitting, different input variable combina-
tions were formed (as shown in Table 3) and supplied to the
selected models. The modeling framework includes the proposed
ML models, RC-MLPR and MLPR, as well as several estab-
lished empirical equations from the literature, namely, Safari and
Danandeh Mehr [17], Nalluri et al. [36], and Montes et al. [48].
Model performance was evaluated using multiple statistical crite-
ria as discussed in Section 2.5. Finally, a sensitivity analysis was
conducted to assess the relative importance of input variables and
to better understand their influence on model predictions, thereby
providing insights into both model reliability and the underlying
physical processes.

3. Results and Discussion

3.1. Most suitable variable arrangement

With the help of the CC value between the input variable and
the output variable (see Table 3), we have a total of five different
input variable combinations. It was found that the most accurate
predictions are obtained when all variables are combined (input
combination v). Among all the models (MLPR, RC-MLPR,
and empirical equations), the hybrid RC-MLPR model produces
the most accurate predictions of the PFr value (for input v).

Figure 2
Framework of the algorithms used in estimation of the PFr

Figure 3 is a visual representation of the results of the AI, showing
the performance of the model pictorially.

3.2. Model performance

Error assessment metrics of the proposed algorithms and
empirically obtained expressions from the literature are repre-
sented in Table 4. These results show that according to AI value,
RC-MLPR was able to most accurately predict PFr value (0.967),
followed by MLPR (0.955), MGGP (0.922), genetic algorithm
(GA) (0.873), bagging-linear regression (BA-LR) (0.866), Sup-
port Vector Machine (SVM) (0.792), RC-GPR (0.787), Montes
et al. [48] (0.818), Nalluri et al. [36] (0.705), and Safari and
Danandeh Mehr [17] (0.429), when the combination v was
taken into account for estimating the PFr. According to NSE,
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Figure 3
Line plot of AI value of all input combinations to predict PFr

values

RC-MLPR was the most accurate predictive model (0.879),
followed by MLPR (0.831), MGGP (0.703), GA (0.623), BA-
LR (0.599), SVM (0.496), RC-GPR (0.477), Montes et al.
[48] (−0.047), Nalluri et al. [36] (−0.021), and Safari and
Danandeh Mehr [17] (−2.154).

To find the best predictive model, we also look at error
metrics like MAE and MSE. According to MAE, RC-MLPR
was able to most accurately predict PFr value (0.574), followed
by MLPR (0.658), MGGP (0.925), GA (1.195), BA-LR (1.221),
SVM (1.211), RC-GPR (1.277), Montes et al. [48] (1.647), Nalluri
et al. [36] (2.005), and Safari and Danandeh Mehr [17] (3.938).
According to MSE, RC-MLPR is the most accurate predictive
model (0.847), followed by MLPR (1.185), MGGP (2.079), GA
(2.644), BA-LR (2.808), SVM (3.531), RC-GPR (3.664), Montes
et al. [48] (7.339), Nalluri et al. [36] (7.158), and Safari and
Danandeh Mehr [17] (22.112).

Figure 4 (R1 = 4a from Safari and Danandeh Mehr [17]; R2
= 4b from Nalluri et al. [36], R3 = 4c from Montes et al. [48],
4d from MLPR, and 4e from RC-MLPR) displays a line plot of
predicted PFr values by the proposed algorithms and empirically
obtained expressions from the literature with observed PFr val-
ues, where all actual and predicted data points are represented.
The first two plots show predicted points by empirical equations,
and the other two are predicted by the proposed models. From
these figures, we can compare the results and observe that the pro-
posed model predicts the PFr value more accurately with respect
to empirically obtained expressions.

Figure 5 (R1 = 5a from Safari and Danandeh Mehr [17], R2
= 5b from Nalluri et al. [36], R3 = 5c from Montes et al. [48], 5d
from MLPR, and 5e from RC-MLPR) depicts the scatter plots of
predicted PFr values by the proposed algorithms and empirically
obtained expressions with the observed PFr values. A regression
line, 95% confidence intervals (CI), and 95% prediction intervals
(PI) are also shown. A CI can be represented on a scatter plot
by plotting the interval as a shaded region around a point esti-
mate, such as a mean or regression line. This region represents
the range in which the true value is likely to fall, based on the
level of confidence specified. For example, a 95% CI means that
if the experiment were repeated many times, the true value would
fall within the interval in 95% of cases. CI is a way to visualize
the uncertainty of the estimate.

A PI is like a CI, but it is used to indicate the uncertainty of
a single future observation rather than the mean of a population.
On a scatter plot, a PI can be represented as a shaded region
around a line of best fit or a predicted value. The width of the
region will depend on the level of confidence specified and the
distance of the individual data points from the line of best fit. It
is a way to visualize the uncertainty of a prediction for a single
point rather than the mean of a population.

Comparing the spread of the data can be done by looking at
the distance of the points from the line of best fit. If the points are
tightly clustered around the line, the spread of the data is small.
If the points are widely dispersed, the spread of the data is large.
Outliers can be identified by looking for data points that fall far
away from the main cluster of points. These outliers can have
an impact on the predicted PFr value. Therefore, after an overall
comparison by scatter plot, we can see that the RC-MLPR model
is the best model to predict the PFr value.

Figure 6 shows the box and whisker plot. A box and whisker
plot is a way to display the distribution of a dataset, showing the
median, quartiles, and range of the data. The box represents the
middle 50% of the data (between the first and third quartiles),
while the whiskers extend to the minimum and maximum values
of the data. The plot also displays any outliers, which are data
points that fall outside of the range represented by the whiskers. By
comparison of whiskers, we know that if the whiskers are longer, it
means the data are more spread out. If the whiskers are shorter, it
means the data are more tightly clustered. We can observe that the
median and most quartile lines of the actual data and predicted
data by the proposed models are in line with the actual values. So,
we can conclude that RC-MLPR performs the best with respect
to other models.

Table 4
Evaluation results of the proposed algorithms, state-of-the-art algorithms, and the empirically obtained expressions

from the literature

Model AI NSE MAE MSE

Empirical equation Safari and Danandeh Mehr [17] 0.429 –2.154 3.938 22.112

Nalluri et al. [36] 0.705 –0.021 2.005 7.158

Montes et al. [48] 0.818 –0.047 1.647 7.339

State-of-the-art algorithms RC-GPR 0.787 0.477 1.277 3.664

SVM 0.792 0.496 1.211 3.531
BA-LR 0.866 0.599 1.221 2.808
GA 0.873 0.623 1.195 2.644
MGGP 0.922 0.703 0.925 2.079

Proposed algorithms MLPR 0.955 0.831 0.658 1.185

RC-MLPR 0.967 0.879 0.574 0.847
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Figure 4
Predicted vs observed PFr by the empirical equation of (a) R1, (b) R2, (c) R3, (d) MLPR, and (e) RC-MLPR
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Figure 5
Scatter plots of predicted vs observed PFr: (a) R1, (b) R2, (c) R3, (d) MLPR, and (e) RC-MLPR

Figure 6
Observed and estimated values of PFr by the proposed algorithms and empirically obtained expressions from the literature employed in

this investigation are shown in a box and whisker plot

The Taylor diagram in Figure 7 is used to compare the sim-
ilarity of predicted values by proposed models (RC-MLPR and
MLPR) and empirical equations with actual PFr values. The dia-
gram plots the correlation coefficient and the standard deviation
of the actual and predicted PFr values, allowing the user to com-
pare the closeness of the different models to the actual PFr values.
According to the diagram, the RC-MLPR model is the closest to
the actual PFr values and is therefore concluded to be the best
model for predicting PFr values in NSB conditions.

The improved performance of the RC-MLPR model can
be explained by the principles of ensemble learning. The RC
approach combines multiple MLPR models initialized with dif-
ferent weights, thereby introducing diversity among individual
learners. This diversity allows the ensemble to capture com-
plementary nonlinear patterns within the data. By aggregating
predictions, the model effectively reduces variance and mitigates
overfitting, resulting in more stable and accurate estimates of the
PFr.

From a bias–variance trade-off perspective, the RC-MLPR
model primarily reduces variance without significantly increas-
ing bias, which explains its improved predictive performance
compared to the standalone MLPR model. In addition, the
ensemble structure enhances robustness to noise and inconsisten-
cies present in the heterogeneous dataset. Since individual models
may respond differently to noisy or uncertain data points, their
aggregation helps smooth out extreme predictions and improves
overall generalization performance.

These properties enable the model to better approxi-
mate complex nonlinear relationships among hydraulic and
sediment-related variables compared to a single model.

3.3. Sensitivity assessment of the input
variables/combinations

The input variables include five non-dimensional variables:
dp, dmed

Rh
, Csed, tsed

dpipe
, 𝜆f. The sensitivity analysis was performed
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Figure 7
Taylor diagram of proposed models and empirical equations to

predict PFr value

by removing each of the input variables one at a time. For IC_1,
we removed 𝜆f, and then we had only dp, dmed

Rh
, Csed, tsed

dpipe
, which

are used in prediction of PFr value by RC-MLPR. Similarly, in
IC_2, we removed tsed/dpipe and evaluated the result on the rest

input variables dp, dmed

Rh
, Csed, 𝜆f. We repeated the same process

until all input variables had been removed once. Table 5 showcases
the results from these iterations. From the results, the elimination
of, Csed results in the most inadequate performance of the con-
sidered approach. Thus, we may assume that, Csed is the most
sensitive variable for predicting the PFr under NSB conditions.

3.4. Importance of deriving PFr in sewer systems

The sustainability of sewer systems is closely linked to the
effective transport of sediments, which can be assessed using the
PFr [53–55]. PFr demonstrates the ratio between flow velocity
and the particle settling velocity, which indicates whether the

particles will remain in suspension or deposit along the sewer
bed. Sediment deposition can reduce hydraulic capacity, increase
maintenance requirements, and lead to long-term structural and
operational challenges, making accurate assessment of PFr essen-
tial for sustainable sewer design. Recent research has highlighted
that hybrid ML and ensemble-based approaches, such as bag-
ging and RCs, significantly improve the prediction of PFr under
both deposited and non-deposited bed conditions. By providing
more reliable estimates, these methods allow engineers to optimize
sewer dimensions, flow regimes, and cleaning schedules, thereby
enhancing self-cleaning capacity, reducing blockages, and improv-
ing the long-term resilience and sustainability of urban wastewater
networks. Furthermore, integrating data-driven predictions with
traditional hydraulic models can support proactive maintenance
strategies and better resource allocation, ultimately contributing
to more efficient and environmentally sustainable sewer system
management.

In addition, recent changes in climate have made sewer
system management extremely challenging [56, 57]. Combined
sewer overflows are frequent due to intensified rainfall events,
which affect cities and metropolitan areas. Sedimentation in sew-
ers reduces capacity and thus higher potential for combined
sewer overflows [1, 58, 59]. Therefore, the presented research
directly showcases the importance in a world that is under climate
change.

3.5. Practical integration and decision-support
applications

The proposed RC-MLPR model can be integrated into
sewer design software and decision-support systems as a predic-
tive module for estimating the PFr under NSB conditions. In
design applications, the model can assist engineers in evaluating
self-cleansing criteria, optimizing pipe dimensions, and selecting
appropriate flow conditions to minimize sediment deposition.
In operational settings, the model can be coupled with sensor-
based monitoring systems to provide near real-time predictions,
enabling proactive maintenance planning and early identification
of blockage risks.

The model can be deployed either as an offline analytical
tool or as part of an online decision-support system. For practical
implementation, it is important to ensure reliable data acquisition,
preprocessing, and periodic model recalibration using updated
field data. Integration with existing hydraulic modeling platforms

Table 5
Sensitivity analysis of all input variables on prediction of PFr value by RC-MLPR model

IC # Input variables Removed MAE MSE

IC_1 dp, dmed

Rh
, Csed, tsed

dpipe
λf 0.559 0.842

IC_2 dp, dmed

Rh
, Csed, 𝜆f tsed

dpipe
0.571 0.851

IC_3 dp, dmed

Rh
, tsed
dpipe

, 𝜆f Csed 0.694 1.156

IC_4 dp, Csed, tsed
dpipe

, 𝜆f dmed

Rh
0.66 0.909

IC_5
dmed

Rh
, Csed, tsed

dpipe
, 𝜆f dp 0.622 1.003

IC_6 dp, dmed

Rh
, Csed, tsed

dpipe
, 𝜆f _ 0.547 0.801
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can be achieved through application programming interfaces or
embedded computational modules.

4. Concluding Remarks

The existing auto-washout drainage network design meth-
ods, which rely on the optimum flow velocity and critical shear
stress, have shortcomings since they ignore a number of vital
hydraulic design elements. As a result, the performance of these
traditional auto-washout methods is below par. In order to
improve their performance, it is critical to take into account
a larger number of characteristics while creating more accurate
auto-washout algorithms. It is important to note that when creat-
ing a robust model, three elements should be taken into account:
the variety of experimental data used, the inclusion of heteroge-
neous datasets, and the use of cutting-edge hybrid ML techniques
that offer better prediction models.

The accurate prediction of PFr value plays a significant role
in designing auto-washout sewer systems because it affects the
flow behavior and transport of sediment in the sewer channel. By
accurately predicting the PFr value, engineers can design the sewer
system with the appropriate slope and dimensions to promote
auto-washout and prevent sediment deposition. This can help to
maintain the hydraulic capacity of the sewer channel, reduce the
risk of blockages and overflows, and improve the overall efficiency
and longevity of the system. In this study, two ML models, RC
and MLPR, are used in the prediction of PFr values under NSB
conditions.

Furthermore, this study finds that MLPR and RC-MLPR
are both effective ML techniques for building prediction models
for the prediction of PFr under NSB conditions. As a result, in
actual use, they can serve as useful prediction models for sewer
pipe design. Hybrid ML methods often have a flexible structure
that often results in their better performance as compared to stan-
dalone methods. The AI, NSE, MAE, and MSE metrics are used
to determine the effectiveness of proposed ML models. Overall,
both ML models (RC-MLPR and MLPR) performed the best
with Input v, when compared to all other input variable com-
binations. We discovered that RC-MLPR performed accurately,
followed by MLPR, and empirically obtained expressions from
the literature. The AI, the NSE, the MAE, and the MSE were
used as performance indicators to assess the suggested algorithms.
The RC-MLPR outperformed MLPR and empirical equations
in terms of performance (AI = 0.967, NSE = 0.879, MAE
= 0.574, and MSE = 0.847). We have also conducted a sensitivity
assessment on the top-performing model (RC-MLPR) and found
that the sediment concentration (Csed) is the parameter, which
is the most influential variable in the estimation of PFr. While
the proposed RC-MLPR model demonstrates strong comparative
performance, the results should be interpreted with consideration
of underlying data variability. Future work will focus on incorpo-
rating uncertainty quantification and validating the model using
standardized, high-quality datasets from real-world sewer systems.
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Appendix

Csed : volumetric sediment concentration dpipe : pipe diameter

d : sediment size dp : dimensionless sediment size

dmed : the median sediment size Sg : sediment relative density

PFr : particle Froude number g : gravitational acceleration

Rh : the hydraulic radius Y : flow depth

tbed : deposited bed thickness Vmean : non-deposition mean flow velocity

ν : kinematic viscosity Wbed : deposited bed width

λf : canal/pipe friction factor ρsed : sediment density

ρf : fluid density tsed : deposited sedimentation thickness

Pdf_Fol io:15 15
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