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Abstract 

Sediment transport has been extensively studied in water engineering research. Numerous 

studies have been reported in the literature, aiming to propose self-cleansing models. These 

models calculate the self-cleansing velocity as a function of several hydraulic and sediment 

parameters under the concept of non-deposition sediment transport. Although the reported 

models show better performance than the traditional self-cleansing criteria proposed in water 

utilities design codes, they fail when applied on external datasets (i.e. the models lack 

generalisation and extrapolation capabilities). This work addresses this issue by conducting 

extensive experimental research and developing improved self-cleansing models. Both small 

and large sewer pipes are studied under steady and unsteady flow conditions. 

A small 242 mm diameter sewer pipe was used to collect experimental data under 

steady flow conditions simulating small sewer pipes. A wide range of sediment and hydraulic 

conditions were studied in this pipe, under the concept of non-deposition without deposited 

bed. With the data collected, new self-cleansing models were developed using the 

Evolutionary Polynomial Regression – Multi-Objective Genetic Algorithm technique. The 

new models showed improved performance when applied to both experimental data and 

benchmarking data collected from the literature.  

A 595 mm PVC pipe was used for collecting data under the concept of non-deposition 

without and with deposited bed in large sewers. Existing self-cleansing models reported in 

the literature showed poor performance when applied to the experimental data collected here. 

Using the Least Absolute Shrinkage and Selection Operator technique new models, useful 

for designing large self-cleansing sewers under the non-deposition without and with 

deposited bed, were developed. These model outperformed the sediment transport prediction 

in large pipes.  

The sediment transport capacity in sewers was also studied using novel Artificial 

Intelligence and Machine Learning techniques. A new Random Forest model was developed 

for predicting the self-cleansing velocity in both small and large sewer pipes, under the non-
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deposition concept. The new model outperformed predictions made by other models, 

especially for the case of non-deposition with deposited bed.  

Finally, for the unsteady flow conditions, several experimental data were collected in 

a 209 mm acrylic pipe and the 595 mm PVC pipe. This approach was considered to remove 

existing deposited material in the pipes by using flushing devices. A new model that includes 

the flushing “dam break” hydrograph was developed. This model is an alternative to Saint-

Venant’s complex solutions for predicting the sediment transport rate during the flushing 

operation. 

The models developed here can be used for designing both small and large sewer 

pipes under the concept of non-deposition sediment transport. In addition, the unsteady 

model can be applied to design flushing management operation schemes for optimising the 

volume of water required for cleaning deposited material in existing sewers.  
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1. Introduction 

1.1 Motivation 

Sediment transport in sewer systems has traditionally been an important issue in hydraulic 

engineering. During dry weather seasons, the risk of sedimentation in sewer pipes increases, 

and a permanent deposit of particles in the sewer may produce changes in the pipes such as 

the consolidation and cementation of sediments (Ebtehaj and Bonakdari, 2013). These 

variations may also alter the hydraulic roughness of the pipes, increasing the flow resistance, 

blockage, flooding, surcharge and a premature overflow operation, among others (Ab Ghani, 

1993; Ashley and Verbanck, 1996; Bizier, 2007; Mays, 2001; Vongvisessomjai et al., 2010). 

As an example, Ackers et al. (2001) showed that the presence of a permanent deposit at the 

bottom of sewer pipes increases hydraulic roughness and reduces discharge capacity by about 

20%. 

In Bogotá, 54% of effective blockages are related to sediment deposits in pipes 

(Rodríguez et al., 2012). In England and Wales, more than 26,000 flooding incidents per year 

are observed, of which more than 90% are caused by sediment blockages (Arthur et al., 

2009). In Australia, blockages can potentially affect about 70,000 properties per year 

(Fontecha et al., 2016). As well, these blockages increase the operating cost of water utilities. 

For example, in the UK, the Construction Industry Research and Information Association 

(CIRIA) estimated that the annual costs for sediment-related problems may be around £ 60 

million (Ashley et al., 2004; CIRIA, 1987; Wotherspoon, 1994). In parallel, in the US, these 

costs can be up to US$ 126.5 million (Chung et al., 2006).         

One way to reduce the risk of sedimentation in sewers is to design them under the 

self-cleansing concept. In this chapter, the self-cleansing concept used for the design of sewer 

infrastructure is introduced. Gaps in knowledge are then identified, and the approach 

considered for solving them is provided. The research questions and aims are then presented, 

followed by an overview of the thesis. Finally, the works published during the thesis 

development are shown.  
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1.2 Background 

Sewer sediments can be defined as any settleable particulate material found in stormwater or 

wastewater that can form bed deposits in pipes and hydraulic structures (Ackers et al., 2001; 

Butler and Davies, 2011). These solids contain a wide range of very small to large particles, 

i.e. ranging from clays with a mean diameter of 0.1 μm to 60 mm gravels (Ashley et al., 2004; 

Bertrand-Krajewski et al., 1993) and may originate from various sources, such as large faecal 

and organic matter, atmospheric fall-out and grit from abrasion of the road surface, among 

others (Butler and Davies, 2011; Fan et al., 2003). These particles move in the drainage 

catchment during storm events and, eventually, enter into the system.  

Inside the system, the concentration of these existing solids shows high variability 

depending on the country of measurement. As an example, in the UK typical concentrations 

ranging from 10 to 1000 mg l-1 can be found in foul and stormwater sewers, while than mean 

values of 390 mg l-1, 520 mg l-1 and 1000 mg l-1 have been measured in sewers in Brazil, 

Kenya (Tchobanoglous et al., 2003) and Colombia (Rodríguez et al., 2013), respectively.  

The movement of particles in sewer pipes embodies the processes of erosion, 

entrainment, transportation, deposition, and compaction (Ab Ghani, 1993; Vanoni, 2006). 

Each of these phases depends on the water velocity magnitude. For example, deposition 

begins when water velocity is low, erosion occurs for higher velocities and transportation for 

even higher velocities (Alvarez-Hernandez, 1990). The movement of these particles inside 

sewers depends on several parameters, such as sediment concentration, mean particle size, 

the specific gravity of sediments (Ackers et al., 2001; Butler et al., 2003), and flow-hydraulics 

(Merritt, 2009a). 

In this context, two main criteria must be fulfilled during the design stage of the sewer 

systems: (i) conveying the peak discharge flow and (ii) avoiding the sediment deposition 

during low flows. For the first criterion, the sewer system must be designed for the maximum 

design flow, which is a function of the design period, the population served and hydrological 

studies, among others. For the second criterion, the sewer pipes must be free of sediment 

deposits as much as possible (Vongvisessomjai et al., 2010). To fulfil the last criterion, the 

self-cleansing concept was introduced in practice. 
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The self-cleansing concept has been proposed by several authors (Ackers et al., 1996; Butler 

et al., 2003, 1996a; May et al., 1996) as a useful criterion for reducing the risk of building-

up permanent sediment deposits at the bottom of the pipes. This concept proposes a balance 

between the amount of deposited, eroded, and transported material inside the sewer pipes. In 

practice, self-cleansing constraints, or criteria, are limited to minimum self-cleansing 

velocities and shear stress values proposed in industry design manuals and water utilities 

design codes.  

Self-cleansing criteria depend on the type of sewer, i.e. stormwater, wastewater or 

combined sewer system, and sometimes on the pipe’s diameter, e.g. Germany (ATV-

DVWK-Regelwerk, 2001). Table 1-1 summarizes traditional values of self-cleansing criteria 

for both velocity and shear stress obtained from previous studies (Ashley et al., 2005; Pei-Te 

et al., 1999; Vongvisessomjai et al., 2010) and complemented with self-cleansing criteria 

collected in the United States, Europe, and Latin American water utilities (Montes et al., 

2019a, 2017). These values have traditionally been used in the design of small and large 

sewer networks and are widely employed today. 

The self-cleansing criteria values shown in Table 1-1 are commonly used to avoid the 

problems related to solids deposition in sewer pipes. These values vary in different manuals 

and regions because of different climate conditions, lifestyles, and cultures of people. These 

variations in self-cleansing criteria have usually been discussed by water utilities since no 

agreement establishes a definitive or permanent self-cleansing criterion. 

Self-cleansing criteria shown in Table 1-1 may be unsuitable if there are variations in 

particle diameter and sediment concentration (Vongvisessomjai et al., 2010). Several authors 

(Merritt, 2009b; Merritt and Enfinger, 2019; Nalluri and Ab Ghani, 1996; Yao, 1974) have 

shown how traditional self-cleansing values lead to over-design of small diameter pipes and 

under-design of large diameter pipes (as a rule-of-thumb, pipes with diameter greater than 

500 mm), as shown in Figure 1-1. In this figure, the minimum self-cleansing slopes calculated 

with traditional self-cleansing values are quite different from those computed with models 

that include sediment and hydraulics characteristics. Consequently, large sewers commonly 

require frequent removal of sediment deposits (Ackers et al., 2001) because of the minimum 
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self-cleansing value adopted during the design stage. A unique design value is inadequate; 

hence sediment characteristics and hydraulic conditions must be included in the definition of 

the self-cleansing criterion. 

Table 1-1. Minimum (i.e. threshold) velocities and shear stress values  

Source Country 
Sewer 

Type 

Velocity 

[m/s] 

Shear Stress 

[Pa] 

Lysne (1969) USA All - 2.0–4.0 

ASCE (1970) USA 
WW 0.6 - 

SW 0.9 - 

Yao (1974) USA 
SW - 3.0–4.0 

WW - 1.0–2.0 

Minister of Interior (1977) France 
WW 0.3 - 

C 0.6 - 

British Standard BS 8001 (1987) UK 
SW 0.75 - 

C 1 - 

Ecuadorian Normalization Institute 

(Instituto Ecuatoriano de Normalización) 

(1992) 

Ecuador 
WW 0.45 - 

SW 0.9 - 

European Standard EN 752-4 (1997) Europe All 0.7 - 

ATV-DVWK-Regelwerk (2001) Germany All 
Depends on pipe 

diameter 
- 

Great Lakes (2004) USA WW 0.6 - 

National Water Commission (Comisión 

Nacional del Agua) (2007) 
Mexico 

SW 0.6 - 

WW 0.3 - 

Bolivian Institute for Standarization and 

Quality (Instituto Boliviano de 

Normalización y Calidad) (2007) 

Bolivia 
WW - 1 

SW and C - 1.5 

Medellin Public Enterprises (Empresas 

Públicas de Medellín) (2009) 
Colombia 

WW 0.45 1.5 

SW and C 0.75 3 

Colombia. Ministry of Housing, City and 

Territory (Colombia. Ministerio de 

Vivienda, Ciudad y Territorio) (2012) 

Colombia 
WW 0.45 1.5 

SW and C 0.75 3 

SW: Stormwater sewers; WW: Wastewater sewers; C: Combined sewers; All: All type of sewers 

Based on this, several experimental investigations have studied the movement of 

particles to determine a critical velocity to prevent sedimentation and particle deposition in 

sewers. These studies have developed self-cleansing equations to predict a minimum velocity 

or shear stress values, such as a function of several combinations of parameters, e.g. mean 

particle diameter, volumetric sediment concentration and hydraulic radius, amongst others 

parameters. According to Safari et al. (2018), these self-cleansing criteria studies can be 



24                                                                                                          Chapter I. Introduction 

 

 

 

classified into two major groups: non-deposition and bed sediment motion, which can be 

represented by the diagram proposed by Safari et al. (2018), as shown in Figure 1-2.  

 

Figure 1-1. Minimum self-cleansing slope for several pipe diameters and self-cleansing criteria. 

Modified from Ab Ghani (1996). Slopes above and below red threshold show free-sediment sewers, and 

deposition issues, respectively.  

For the non-deposition criteria, minimum velocity values are required to prevent a 

permanent deposit of particles at the bottom of the pipes, i.e. avoiding a permanent 

accumulated material during low-flow rates. This group can be divided into three sub-groups: 

non-deposition without deposited bed (i.e. sediment movement without forming a stationary 

deposited bed), non-deposition with deposited bed (i.e. sediment movement forming a 

stationary deposited bed but limiting to a certain proportion of the pipe diameter (May et al., 

1989)) and incipient deposition (i.e. changing from suspended to bedload transport) (Safari 

et al., 2017a). Each of these sub-groups considers different sediment dynamics and represents 

the self-cleansing criteria such as a function of a particular combination of parameters. As an 

example, in the non-deposition without deposited bed, high water velocities produce an 

individual and separate movement of the particles by slicing or rolling over the pipe invert, 

i.e. as flume traction (Butler et al., 1996a; Mayerle, 1988). For the non-deposition with 

deposited bed, lower velocities are presented, and the particles are grouped and move as a 
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continuous deposit of stationary material (Ab Ghani, 1993; Butler et al., 1996a; El-Zaemey, 

1991; May, 2001, 1993; May et al., 1996). Finally, the incipient deposition criterion is 

defined as the limit where particles in suspension are deposited at the bottom of the pipes and 

begin to move as bedload (Butler et al., 1996a; Safari et al., 2015).  

 

Figure 1-2. Sediment motion cycle. Taken from Safari et al. (2018). 

Bed sediment motion is a criterion used to calculate the flow conditions required to 

move deposited material at the bottom of the sewer pipes, i.e. a permanent accumulated 

material during low-flow rates. In this group, minimum velocity or minimum shear stress 

values are required to allow the initiation of sediment motion (i.e. incipient motion criterion) 

or scouring of existing sediment bed (i.e. scouring criterion) (Safari et al., 2017a, 2018; 

Vongvisessomjai et al., 2010). Several studies in this group can be found in the literature of 

incipient motion (Ab Ghani et al., 1999; Bong, 2013; Bong et al., 2016b; Ebtehaj et al., 

2017a; Novak and Nalluri, 1984, 1975; Simoes, 2014; Wan Mohtar et al., 2018) and scouring 

(Camp, 1946; Campisano et al., 2004; Shahsavari et al., 2017; Walski et al., 2010). Studies 

of flushing devices (Bong et al., 2013a; Campisano et al., 2019; Dettmar, 2007) for cleaning 
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deposited sediment beds can be seen in this group, which are based on both simple definition 

of threshold incipient motion values and complex solution of Saint-Venant equations. 

Previous criteria have been extensively studied in the past aiming to propose 

minimum velocities and/or shear stress models to guarantee the self-cleansing conditions 

(non-deposition criteria) or moving the existing deposited material (bed sediment motion). 

All of these studies were carried out at laboratory scale or in real sewer pipes, under steady 

and unsteady flow conditions, and considering cohesive and non-cohesive material. Each 

study considered its own range of parameter variation (i.e. sediment and hydraulic 

characteristics) and proposed an equation/model for fulfilling the studied condition.  

A full literature review is presented in this thesis in a distributed manner in Chapters 

II-V (as these are based on journal papers). Based on this review, a list of gaps was identified 

and solved in this thesis. 

1.3 Knowledge Gaps 

Although several studies have been carried out in this field of research, the current 

methodologies show several shortcomings. The knowledge gaps identified, based on the 

literature review carried out in this thesis, are as follows: 

(1) Traditional self-cleansing models and threshold values lead to over-design small 

sewers and under-design large sewers resulting in higher construction costs in 

upstream sewer lines and higher maintenance and rehabilitation costs in downstream 

and trunk sewers. 

(2) Existing self-cleansing models, based on sediment and hydraulic characteristics, tend 

to be overfitted to their own dataset. These models show limited extrapolation and 

generalisation capabilities, especially when applied to larger sewers under the 

concept of non-deposition without deposited bed. 

(3) Existing self-cleansing models for designing large sewers, under the concept of non-

deposition with deposited bed, were developed with data collected in small sewers. 

As a result, these models cannot predict that well the self-cleansing capacity of large 

sewers. 
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(4) There is a lack of information for predicting the non-deposition with deposited bed 

criterion since the input variable interaction is not well-explained by regression 

models. 

(5) Existing models for predicting the sediment transport rate under unsteady flow 

conditions are extremely complex, i.e. hard to use in engineering practice.  

 

Figure 1-3. Comparison of existing self-cleansing approaches with associated pros and cons identified. 

 

1.4 A New Modelling Approach for Predicting Sediment Transport in Sewers 

The above gaps in knowledge are addressed by conducting the following key tasks: 
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(1) Implement an experimental apparatus to analyse the non-deposition sediment 

transport in pipes under steady flow conditions. Three pipes, a 209 mm diameter 

acrylic pipe, a 254 mm diameter acrylic pipe and a 595 mm PVC pipe, are used for 

this purpose. 

(2) Modify the inflow conditions in the experimental apparatus to evaluate the bedload 

sediment transport rate under unsteady flow conditions. 

(3) Collect, verify, and analyse experimental data for all the above conditions mentioned. 

(4) Apply data-driven modelling techniques to derive new self-cleansing 

models/equations. Test and validate these models by using both experimental and 

benchmarking data collected. 

(5) Compare the models developed with existing self-cleansing models/equations 

available in the literature.  

1.5 Research Questions and Aims 

1.5.1 Research Questions 

The following research questions are addressed in this thesis: 

(1) Are the traditional self-cleansing equations/models and various threshold values valid 

and how well they perform, considering variation range of parameters (e.g. 

volumetric sediment concentration, mean particle diameter and hydraulic radius, 

among others) different from those proposed in the literature? 

(2) Can the calculation of critical self-cleansing velocities, estimated with traditional 

equations/models proposed in the literature be extrapolated to pipes with diameters 

greater than 500 mm? 

(3) Can machine learning and artificial intelligence models improve the accuracy and 

especially generalisation and extrapolation capabilities of existing regression-based 

self-cleansing models?  

(4) Can the flushing waves be a potential technique for removing deposited sediment 

beds in sewer pipes? Can they be characterised with a regression-based model? 
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1.5.2 Thesis Objectives 

The overall aim of the thesis is to develop new self-cleansing models for improved sediment 

transport prediction in small and large sewer pipes. The thesis specific objectives are as 

follows: 

(1) To improve the self-cleansing prediction in small and large sewer pipes. 

(2) To develop generalised models that better capture parameter interactions (i.e. non-

linear interactions) to improve the self-cleansing prediction in small and large sewers. 

(3) To simplify the sediment transport rate prediction under unsteady flow conditions. 

The overall aim and specific objectives of this thesis and how they are linked between 

them and the published work (see Section 1.7) are presented in Figure 1-4. 

 

Figure 1-4. Thesis structure and link to research questions and papers. 
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1.6 Validation of Modelling Approach 

The models developed in this thesis are compared in terms of the accuracy obtained when 

applied to the experimental data. The Root Mean Square Error (𝑅𝑀𝑆𝐸), the Coefficient of 

Determination (𝑅2) and the Mean Absolute Percentage Error (𝑀𝐴𝑃𝐸) are the performance 

indices used here. Each index is shown as follows: 

𝑅𝑀𝑆𝐸 = √
1

𝑛
∑(𝑌∗ − �̂�)

2
𝑛

𝑖=1

 (1-1) 

𝑅2 = 1 −
∑ (𝑌∗ − �̂�)

2𝑛
𝑖=1

∑ (𝑌∗ − 𝑌∗̅̅ ̅)2𝑛
𝑖=1

 (1-2) 

𝑀𝐴𝑃𝐸 =
100

𝑛
∑|

𝑌∗ − �̂�

𝑌∗
|

𝑛

𝑖=1

 (1-3) 

where 𝑌∗ and �̂� are the observed and predicted values, respectively, 𝑛 the number of data 

and 𝑌∗̅̅ ̅ the mean of observed data. The Root Mean Square Error measures the standard 

deviation of the residuals. Note that a value close to 0 indicates high model prediction 

accuracy. The Coefficient of Determination measures the percentage of variance that can be 

explained by the model. This coefficient varies between 0 and 1, with a value of 1 denoting 

a perfect match between observed and modelled data. Finally, the Mean Absolute Percentage 

Error assesses the model prediction accuracy (i.e. bias) as a percentage of the observed value. 

Value of 0 indicates the perfect model where there are no differences between predictions 

and observations. The above three performance measures were selected here because they 

are, in addition to being well known and frequently used, complementary to each other, i.e. 

they evaluate different aspects of model fitting to observed data.    

1.7 Thesis Overview 

The remainder of this dissertation is structured as follows: 

Chapter II extends existing studies for predicting the sediment transport in small sewer 

pipes. A full literature review of methods used for designing small sewers is presented. In 
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addition, new self-cleansing models are presented which are based on experimental studies 

carried out at laboratory scale. New models are compared with existing benchmarking data 

using performance indicators.   

Chapter III shows the lack of information existing for designing large self-cleansing sewer 

pipes, based on a full literature review. This chapter shows how the existing models in 

literature underestimate the self-cleansing velocity, and therefore the sewer pipes tend to 

present sedimentation problems in practice. New models for designing large sewers are 

presented and compared with existing literature models.  

Chapter IV focuses on exploring new artificial intelligence, machine learning and data-

driven models for improving the sediment transport in both small and large sewer pipes. A 

full literature review of existing non-regression models used in this field of research is 

presented, showing their limitations (i.e. non-generalisation and limited extrapolation 

capabilities). Previous problems are solved in this chapter by using a new Random Forest 

model. As a result, the key-mechanisms for improving the accuracy of sediment transport 

prediction are shown. The new model shows to be a good tool for allowing under-designing 

and over-designing of large and small sewers, respectively.  

Chapter V is centred on presenting the experimental results of sediment transport under 

unsteady flow conditions. This condition is studied under the concept of flushing waves. A 

new metric for determining the flushing efficiency on cleaning deposited sediments in sewers 

is proposed. Flushing-design graphs, useful for sewer-sediment management are shown. 

Chapter VI presents the summary, contributions, and conclusions of the thesis. 

Recommendations for further research are likewise pointed out in this chapter.  

Appendix A provides a full description of the experimental setups and methods for collecting 

the data.  

Appendix B shows the entire data collected for both steady and unsteady flow conditions. 

Appendix C shows the fundamental equations to describe hydraulics in sewers with and 

without deposited material. 
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1.8 Published Work 

Each of the chapters presented in this dissertation can be attributed to works published (or 

under review) in academic peer-reviewed journals and international conferences. A full list 

of produced works as a result of this PhD is presented as follows. 

(Montes et al., 2020b, 2020d, 2020a, 2020c, 2019a, 2019b, 2018a, 2018b, 2018c) 

Peer-reviewed journal papers: 

1. Montes, C., Ortiz, H., Vanegas, S., Kapelan, Z., Berardi, L., Saldarriaga, J., 2020. 

Experimental Analysis of Flushing Waves to Remove Deposited Sediment Beds in 

Sewer Pipes (Unpublished Manuscript). 

2. Montes, C., Kapelan, Z., Saldarriaga, J., 2020. Predicting non-deposition sediment 

transport in sewer pipes using Random Forest. Water Res. (in press). 

https://doi.org/10.1016/j.watres.2020.116639  

3. Montes, C., Vanegas, S., Kapelan, Z., Berardi, L., Saldarriaga, J., 2020. Non-

deposition self-cleansing models for large sewer pipes. Water Sci. Technol. 81, 606–

621. https://doi.org/10.2166/wst.2020.154 

4. Montes, C., Berardi, L., Kapelan, Z., Saldarriaga, J., 2020. Predicting bedload 

sediment transport of non-cohesive material in sewer pipes using evolutionary 

polynomial regression – multi-objective genetic algorithm strategy. Urban Water J. 

17, 154–162. https://doi.org/10.1080/1573062X.2020.1748210 

5. Montes, C., Kapelan, Z., Saldarriaga, J., 2019. Impact of Self-Cleansing Criteria 

Choice on the Optimal Design of Sewer Networks in South America. Water 11, 1148. 

https://doi.org/10.3390/w11061148 

Conference papers: 

6. Montes, C., Vanegas, S., Kapelan, Z., Saldarriaga, J., 2021. Análisis Experimental 

del Transporte de Sedimentos en Alcantarillados Bajo Condiciones de Flujo No-

Permanente, in: XXIX Congreso Latinoamericano de Hidráulica. Acapulco, México. 

https://doi.org/10.1016/j.watres.2020.116639
https://doi.org/10.2166/wst.2020.154
https://doi.org/10.1080/1573062X.2020.1748210
https://doi.org/10.3390/w11061148
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7. Montes, C., Kapelan, Z., Saldarriaga, J., 2019. Sediment Transport in Sewer Pipes: 

An Experimental Approach to Bedload Transport, in: 17th International Computing 

& Control for the Water Industry Conference. Exeter, UK. 

8. Montes, C., Berardi, L., Kapelan, Z., Saldarriaga, J., 2018. Evaluación del Transporte 

de Sedimentos en Alcantarillado por medio de la Herramienta EPR-MOGA-XL, in: 

XXVIII Congreso Latinoamericano de Hidráulica. Buenos Aires, Argentina. 

9. Montes, C., Berardi, L., Kapelan, Z., Saldarriaga, J., 2018. Evaluación de las 

Ecuaciones de Transporte de Sedimentos en Alcantarillados en un Modelo Físico, in: 

XXVIII Congreso Latinoamericano de Hidráulica. Buenos Aires, Argentina. 

10. Montes, C., Berardi, L., Kapelan, Z., Saldarriaga, J., 2018a. Evaluation of Sediment 

Transport in Sewers Using the EPR-MOGA-XL, in: 1st Water Distribution Systems 

Analysis - Computing and Control for the Water Industry Joint Conference. Kingston, 

Ontario, Canada. 
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2. Sediment Transport in 

Small Sewer Pipes 
1 

Several models have been developed in the past to predict a threshold velocity or shear stress 

resulting in self-cleansing flow conditions in small sewers. These models, however, could 

still be improved. In this chapter, a full literature review of self-cleansing research for small 

sewer pipes is presented. In addition, three new self-cleansing models using the Evolutionary 

Polynomial Regression Multi-Objective Genetic Algorithm (EPR-MOGA) methodology 

applied to new experimental data collected on a 242 mm diameter acrylic pipe are proposed. 

The three new models are validated and compared to the literature models using both new 

(experimental data collected in this research) and previously published datasets. The results 

obtained demonstrate that three new models have improved prediction accuracy when 

compared to the literature ones. The key feature of the new models is the inclusion of pipe 

slope as a significant explanatory factor in estimating the threshold self-cleansing velocity. 

 

 

 

 

This chapter was partially published as a Research Paper in the Urban Water Journal (ISSN: 1573-062X). This 

chapter has been slightly modified to improve consistency along the dissertation. 
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2.1 Introduction 

In this chapter, the non-deposition without deposited bed criterion is studied, which is a 

conservative criterion useful to design small self-cleansing sewer pipes (Butler et al., 2003; 

Safari et al., 2018; Vongvisessomjai et al., 2010). To apply this criterion, it is necessary to 

identify several parameters such as size, concentration and density of the sediments 

(Vongvisessomjai et al., 2010) and the mode of transport of the particles inside the pipes, i.e. 

bedload or suspended load transport. A simple relation proposed by May et al. (1996) 

identifies the mode of transport based on the magnitude of the fall velocity of the sediments 

(𝑊𝑠) and the shear velocity (𝑈∗). That is, when 𝑈∗ > 0.75𝑊𝑠 the transport mode is by 

suspension, otherwise is bedload.  

For bedload transport, several authors have developed equations based on 

experimental data to calculate a minimum self-cleansing velocity to prevent the deposition 

of particles at the bottom of the pipes. Craven (1953) studied the transport of sands in 152 

mm diameter pipe, using three quartz sands of 0.25 mm, 0.58 mm and 1.62 mm. Robinson 

and Graf (1972) conducted experiments using 102 mm and 152 mm diameter pipes, varying 

the material concentration and the pipe slope. Novak and Nalluri (1975) evaluated the 

bedload transport in a 152 mm diameter pipe, using sand and gravel with mean diameters 

between 0.6 mm and 50 mm. Mayerle (1988) conducted a series of experiments for non-

deposition without deposited bed, using a circular channel of 152 mm diameter and a 

rectangular channel varying the particle diameter between 0.5 mm to 5.22 mm. May et al. 

(1989) carried out experiments in a 300 mm diameter concrete pipe moving sediments, with 

a mean particle diameter of 0.72 mm and developed a guideline for the design of self-

cleansing sewers. May (1993) extended previous May et al. (1989) study using a 450 mm 

concrete pipe with sediment concentrations between 1.6 and 37.7 ppm. Ab Ghani (1993) 

collected data on three 154, 305 and 405 mm concrete pipes using granular sands ranging 

from 0.46 to 8.3 mm. Ota (1999) carried out experiments in a 305 mm sewer pipe varying 

the particle diameter from 0.71 mm to 5.61 mm. Pianese and Della Morte (2004) used a 

rectangular channel of 760 mm and well-graded sediments of 0.5, 1.3 and 1.9 mm. 

Vongvisessomjai et al. (2010) developed two models for bedload transport using data 
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collected in two pipes of 100 mm and 150 mm diameter. Safari et al. (2017a) collected 

experimental data in a trapezoidal channel using two granular sands of 0.15 and 0.83 mm.  

For suspended load transport, Pulliah (1978) carried out 21 experiments, using three 

uniform particles of 0.027 mm, 0.018 mm and 0.006 mm and varying the volumetric 

concentration between 170 ppm to 48,542 ppm. Macke (1982) studied the suspended load 

transport in three pipes of 192 mm, 290 mm and 445 mm diameters, and estimated an 

equation that provides a good fit for suspended load particles (Ackers et al., 2001). Macke’s 

equation has been proposed for self-cleansing sewer systems design (Ackers et al., 2001; 

May et al., 1996). Arora (1983) used three uniform sands of 0.147 mm, 0.106 mm and 0.082 

mm, varying the material concentration from 35 ppm to 6,562 ppm. Vongvisessomjai et al. 

(2010) studied the suspended load transport, using sands with a particle diameter of 0.2 mm 

and 0.3 mm and varying the sediment concentration between 113 ppm and 1,374 ppm. 

Each experimental study presented above developed a regression-based model using 

the data collected at laboratory scale. Usually, the self-cleansing models found in the 

literature have been developed as a function of the particle Froude number (𝐹𝑅
∗): 

𝐹𝑅
∗ =

𝑉𝑙

√𝑔𝑑(𝑆𝐺 − 1)
 (2-1) 

This parameter allows the estimation of the minimum self-cleansing velocity (𝑉𝑙), 

using the gravitational acceleration coefficient (𝑔), the mean particle diameter (𝑑) and the 

specific gravity of sediments (𝑆𝐺). Table 2-1 presents a review of typical regression-based 

models developed with experimental data collected at laboratory scale to predict the bedload 

sediment transport. In Table 2-1 𝐶𝑣 is the volumetric sediment concentration, 𝑌 the water 

level, 𝑅 the hydraulic radius, 𝜆 the channel friction factor, 𝐷 the pipe diameter, 𝐴 the cross- 

section area, 𝑆𝑜 the pipe slope, 𝛽 a cross-section shape factor (Safari et al., 2017a) (Eq. (2-2)), 

𝑉𝑡 the velocity of sediment incipient motion, defined in Eq. (2-3) (Novak and Nalluri, 1975), 

and 𝐷𝑔𝑟 the dimensionless grain size (Eq. (2-4)):  
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𝛽 =
√𝑃/𝑇 

1.31(𝑇/𝐷ℎ)−0.49
 (2-2) 

𝑉𝑡 = 0.125[𝑔(𝑆𝐺 − 1)𝑑]0.5 (
𝑌

𝑑
)
0.47

 (2-3) 

𝐷𝑔𝑟 = (
(𝑆𝐺 − 1)𝑔𝑑3

𝜈2
)

1
3

 (2-4) 

where 𝑃 is the wetted perimeter, 𝑇 the top width, 𝐷ℎ the hydraulic depth of the flow and 𝜈 

the water kinematic viscosity. 

Table 2-1. Relevant self-cleansing models based on the concept of non-deposition without deposited 

bed. 

Reference Self-cleansing model Equation 

Craven (1953) 
𝑉𝑙

√𝑔𝑑(𝑆𝐺 − 1)
= 6.37𝐶𝑣

1/3
(
𝑑

𝐷
)

−0.5

 (2-5) 

Robinson and Graf 

(1972) 

𝑉𝑙

√2𝑔𝐷(𝑆𝐺 − 1)
=

1.40𝐶𝑣
0.11𝑑0.06

1 − 𝑆𝑜

 (2-6) 

Novak and Nalluri 

(1975) 

𝑉𝑙

√𝑔𝑑(𝑆𝐺 − 1)
= 1.77𝐶𝑣

1/3 (
𝑑

𝑅
)

−1/3

𝜆−2/3 (2-7) 

Mayerle et al. (1991) 
𝑉𝑙

√𝑔𝑑(𝑆𝐺 − 1)
= 4.32𝐶𝑣

0.23 (
𝑑

𝑅
)

−0.68

 (2-8) 

May et al. (1989) 𝐶𝑣 = 0.0211 (
𝑌

𝐷
)

0.36

(
𝐷2

𝐴
) (

𝑑

𝑅
)

0.60

[1 −
𝑉𝑡

𝑉𝑙

]
4

[
𝑉𝑙

2

𝑔𝐷(𝑆𝐺 − 1)
]

1.5

 (2-9) 

Ab Ghani (1993) 
𝑉𝑙

√𝑔𝑑(𝑆𝐺 − 1)
= 3.08𝐶𝑣

0.21𝐷𝑔𝑟
−0.09 (

𝑑

𝑅
)

−0.53

𝜆−0.21 (2-10) 

Ota (1999) 𝐶𝑣 = 0.00017 [
𝑉𝑙

√𝑔𝑑(𝑆𝐺 − 1)
(
𝑑

𝑅
)

2/3

]

3.645

 (2-11) 

Vongvisessomjai et al. 

(2010) 

𝑉𝑙

√𝑔𝑑(𝑆𝐺 − 1)
= 4.31𝐶𝑣

0.226 (
𝑑

𝑅
)

−0.616

 (2-12) 

Safari et al. (2017a) 
𝑉𝑙

√𝑔𝑑(𝑆𝐺 − 1)
= 7.34𝐶𝑣

0.13𝐷𝑔𝑟
−0.12 (

𝑑

𝑅
)

−0.44

𝛽−0.91 (2-13) 

Each experimental study mentioned above has been carried out under uniform, steady 

flow conditions, and using a specific hydraulic conditions and particle characteristics. The 

cohesive properties of sewer sediments have not been considered. This is because higher 

velocities are required to move the cohesive material in the deposited bed (Butler et al., 

1996a); however, according to Alvarez-Hernandez (1990), who studied the cohesive effects 



38                                                          Chapter II. Sediment Transport in Small Sewer Pipes 

 

 

 

on sewer sediments using Laponite clay gel and granular sand, when the threshold of 

movement is exceeded, cohesive sediments lose their cohesive properties and move as 

granular material. Based on the above, May et al. (1996) suggested that the transport 

equations developed under well-controlled laboratory conditions can be applied to real sewer 

systems, where in-sewer sediments present cohesive properties.  

As mentioned above, existing regression models were developed under specific 

conditions. This means that the self-cleansing equations could be overfitting certain datasets 

resulting in poor performance when applied to other datasets. As an example, Safari et al. 

(2018) showed that the Mayerle et al. (1991) model has acceptable performance with the 

Mayerle (1988) data, but it gives poor results when this equation is used with other datasets. 

Graphically, this can be seen in Figure 2-1. This figure presents the extrapolation 

shortcoming of regression-based models, which tend to show high bias and low variance. 

Clearly, Eq. (2-8) shows overfitting problems as poor performance is seen when this equation 

is applied to the Vongvisessomjai et al. (2010) dataset (as seen in Figure 2-1B). 

A) B) 

  

Figure 2-1. Performance of Mayerle et al. (1991) model evaluated on: A) Mayerle (1988) data and B) 

Vongvisessomjai et al. (2010) data. 

In this chapter, three new models for predicting self-cleansing flow conditions for 

bedload transport in sewer pipes for uniformly graded and non-cohesive sediments are 

proposed. The aim is to improve the prediction accuracy of existing methods while reducing 
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the risk of overfitting and poor generalisation of the problem. Evolutionary Polynomial 

Regression Multi-Objective Genetic Algorithm methodology (EPR-MOGA) (Giustolisi and 

Savic, 2009) implemented in the EPR-MOGA-XL tool (Laucelli et al., 2012) is used to 

develop these predictive self-cleansing models.  

2.2 Experimental Data 

The experimental work was carried out on a 242 mm diameter acrylic pipe located in the 

hydraulics laboratory of the Universidad de los Andes, Colombia. This pipe has a length of 

11.8 m and is supported on a steel truss, which is sustained on five hydraulic jacks. These 

jacks allow varying the pipe slope between -1.5% and 1.6%. Figure 2-2 shows the general 

scheme of the experimental apparatus. A full description of the experimental setup and data 

collection methods is presented in the Appendix A.  

 

Figure 2-2. Experimental apparatus used to collect the non-deposition without deposited bed data. 

A set of 44 experiments were conducted using the methodology shown in Appendix 

A. The data collected this way were used to derive new self-cleansing models. The data were 

randomly split in two stages (75% for training and 25% for testing). Experimental data 

collected in the 242 mm acrylic pipe are shown in Table B-1, in Appendix B. In addition to 

the data collected experimentally, four datasets found in the literature have been used to 

validate (testing) the new models proposed in this study. Table 2-2 presents the 
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characteristics of the data collected. These datasets have a typical range of variation of 

conditions commonly found in real sewer systems, according to Ackers et al. (2001). 

Table 2-2. Data used to evaluate the performance of self-cleansing models in small sewer pipes. 

Experimental 

Data 

Model 

Development 

Stage 

No. of 

runs 

𝑫  

(mm) 

𝒅  

(mm) 

𝐒𝐨  

(%) 

𝑪𝒗 

(ppm) 

Present study  Training 33 242 0.35 – 1.51 0.20 – 0.80 0.26 – 875.62 

Present study  Testing 11 242 0.35 – 1.51 0.30 – 0.80 1.77 – 715.01 

Mayerle (1988) Testing 106 152 0.50 – 8.74 0.14 – 0.56 20.00 – 1275.00 

Ab Ghani (1993) Testing 221 154, 305, 450 0.46 – 8.30 0.04 – 2.56 0.76 – 1450.00 

Ota (1999) Testing 36 305 0.71 – 5.61 0.20 4.20 – 59.40 

Vongvisessomjai 

et al. (2010) 
Testing 36 100, 150 0.20 – 0.43 0.20 – 0.60 4.00 – 90.00 

 

2.3 EPR-MOGA Based Model Development 

Evolutionary Polynomial Regression (EPR) is a hybrid regression model (Giustolisi and 

Savic, 2006, 2004) which combines Genetic Algorithm, for searching exponents in a 

symbolic formula, with a regression approach, for parameter estimation on final models 

(Giustolisi and Savic, 2009, 2006). In its original version, the EPR strategy uses a single-

objective genetic algorithm (SOGA) for exploring the space of solution (Giustolisi and Savic, 

2009). Later on Giustolisi and Savic (2009), the use of  multi-objective optimization strategy 

based on genetic algorithm (MOGA) allowed to improve the exploration of the space of 

symbolic formulas, providing also few alternative models which could be suited for different 

modelling purposes. 

The EPR-MOGA strategy allows pseudo-polynomial expressions such as (Giustolisi 

and Savic, 2009): 

�̂� = 𝑎0 + ∑𝑎𝑗 ∙ (𝑿𝟏)
𝐸𝑆(𝑗,1) ∙ … ∙ (𝑿𝒌)

𝐸𝑆(𝑗,𝑘) ∙ 𝑓1((𝑿𝟏)
𝐸𝑆(𝑗,𝑘+1)) ∙ …

𝑚

𝑗=1

∙ 𝑓1((𝑿𝒌)
𝐸𝑆(𝑗,2𝑘)) 

(2-14) 

�̂� = 𝑎0 + ∑𝑎𝑗 ∙ 𝑓1((𝑿𝟏)
𝐸𝑆(𝑗,1) ∙ … ∙ (𝑿𝒌)

𝐸𝑆(𝑗,𝑘))

𝑚

𝑗=1

 (2-15) 
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�̂� = 𝑎0 + ∑𝑎𝑗 ∙ (𝑿𝟏)
𝐸𝑆(𝑗,1) ∙ … ∙ (𝑿𝒌)

𝐸𝑆(𝑗,𝑘) ∙ 𝑓1((𝑿𝟏)
𝐸𝑆(𝑗,𝑘+1) ∙ … ∙ (𝑿𝒌)

𝐸𝑆(𝑗,2𝑘))

𝑚

𝑗=1

 (2-16) 

�̂� = log(𝑎0 + ∑𝑎𝑗 ∙ (𝑿𝟏)
𝐸𝑆(𝑗,1) ∙ … ∙ (𝑿𝒌)

𝐸𝑆(𝑗,𝑘)

𝑚

𝑗=1

) (2-17) 

�̂� = exp(𝑎0 + ∑𝑎𝑗 ∙ (𝑿𝟏)
𝐸𝑆(𝑗,1) ∙ … ∙ (𝑿𝒌)

𝐸𝑆(𝑗,𝑘)

𝑚

𝑗=1

) (2-18) 

�̂� = sin(𝑎0 + ∑𝑎𝑗 ∙ (𝑿𝟏)
𝐸𝑆(𝑗,1) ∙ … ∙ (𝑿𝒌)

𝐸𝑆(𝑗,𝑘)

𝑚

𝑗=1

) (2-19) 

�̂� = tan(𝑎0 + ∑𝑎𝑗 ∙ (𝑿𝟏)
𝐸𝑆(𝑗,1) ∙ … ∙ (𝑿𝒌)

𝐸𝑆(𝑗,𝑘)

𝑚

𝑗=1

) (2-20) 

where �̂� is the vector of model predictions or estimated dependent variable (El-Baroudy et 

al., 2010); 𝑎𝑜 the optional bias term; 𝑎𝑗 the parameters which are estimated through numerical 

regression; 𝑿𝟏 …𝑿𝒌 the matrix of the 𝑘 candidate explanatory variables; 𝐸𝑆 the matrix of 

candidate exponents; 𝑓1 the inner function selected by the user and 𝑚 is the maximum number 

of additive terms. Full details can be seen in Giustolisi and Savic (2009, 2006). 

Multi-objective genetic algorithm in EPR-MOGA strategy explores the space of 

solutions pursuing two or three objectives simultaneously (Giustolisi and Savic, 2009): 

maximisation of the model accuracy, i.e. minimisation of the Sum of Square Errors (𝑆𝑆𝐸), 

and minimisation of complexity of final formula in Eq. (2-14)-(2-20), i.e. the number of 

pseudo-polynomial additional terms 𝑗, the number of inputs 𝑿𝒌 or both. Using this multi-

objective strategy, parsimonious model structures with high fitting levels can be obtained. 

Recently, Laucelli et al. (2012) implemented the EPR-MOGA strategy as an add-in tool in 

MS-Excel called EPR-MOGA-XL, which was used here. 

To develop new self-cleansing models for small sewers three optimisation strategies 

(OS) are used here. Each OS considers a different potential group of input parameters to 

describe the particle Froude number, as shown in Table 2-3. Each OS is implemented using 

the EPR-MOGA-XL and taking into account several considerations. In this chapter, the 

expression structure considered is the Case 2 (as shown in Eq. (2-14)), reported by Giustolisi 

and Savic (2006) with no function 𝑓1; the range of exponent values with a step of 0.02 ES = 
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[-0.60, -0.58, -0.56, …, 0.60] and a maximum number of polynomial terms 𝑚 = 1. In addition, 

the regression method considered is Least Squares (Giustolisi and Savic, 2006). Finally, the 

optimisation strategy considered aims to minimising the number of inputs in the final formula 

(i.e. 𝑿𝒊) in the pseudo-polynomial structure and the Sum of Square Error. Such settings 

allowed to have a large search space, based on 39 candidate exponents ES, while seeking for 

a compact monomial formulas readily interpretable from hydraulic standpoint. 

Table 2-3. Optimisation strategies adopted to derive new self-cleansing models for small sewer pipes 

under the concept of non-deposition without deposited bed. 

Optimisation 

Strategy 

(OS) 

Group of Parameters Parameters Functional Relationship 

1 

Hydraulic characteristics 𝑅, 𝐴 
𝑉𝑙

√𝑔𝑑(𝑆𝐺 − 1)
=  𝑓 (

𝑑

𝑅
,
𝑑2

𝐴
, 𝜆, 𝐶𝑣) (2-21) 

 

Pipe material 𝜆 

Sediment characteristics 𝐶𝑣, 𝑑 

2 

Hydraulic characteristics 𝑅, 𝐴 

𝑉𝑙

√𝑔𝑑(𝑆𝐺 − 1)
=  𝑓 (

𝑑

𝑅
,
𝑑2

𝐴
,
𝑑

𝐷
, 𝜆, 𝐶𝑣 , 𝑆𝑜) (2-22) 

 

Pipe material 𝜆 

Pipe characteristics 𝐷, 𝑆𝑜 

Sediment characteristics 𝐶𝑣, 𝑑 

3 

Hydraulic characteristics 𝑅, 𝐴 

𝑉𝑙

√𝑔𝑑(𝑆𝐺 − 1)
 =  𝑓 (

𝑑

𝑅
,
𝑑2

𝐴
,
𝑑

𝐷
, 𝜆, 𝐶𝑣 , 𝑆𝑜, 𝐷𝑔𝑟) (2-23) 

 

Pipe material 𝜆 

Pipe characteristics 𝐷, 𝑆𝑜 

Sediment characteristics 𝐶𝑣 , 𝑑, 𝐷𝑔𝑟  

The optimisation results based on both minimising number of inputs and the Sum of 

Square Errors can be seen in Figure 2-3. In this figure, the Pareto frontier for each OS is 

shown. In addition, the dominating group of the combined parameters for each point of the 

Pareto frontier is presented. For OS 1, the parsimonious structure minimising the 𝑆𝑆𝐸 (i.e. 

𝑆𝑆𝐸 = 0.473) includes the relative grain size (𝑑/𝑅) and the volumetric sediment 

concentration. For the same OS, structures including additional parameters (e.g. 𝑑2/𝐴 and 

𝜆) show worst 𝑆𝑆𝐸 values. Based on this, as a result of the multi-objective optimisation, a 2-

parameter model resulting in the optimal solution. The same analysis can be carried out for 

the other two OS.   
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SSE 
𝒅

𝑹
 

𝒅𝟐

𝑨
 𝝀 𝑪𝒗 

1.940     

0.473     

0.474     

0.490     
 

C) D) 

 

SSE 
𝒅

𝑹
 

𝒅𝟐

𝑨
 

𝒅

𝑫
 𝝀 𝑪𝒗 𝑺𝒐 

1.988       

0.471       

0.369       

0.370       

0.370       

0.370       
 

E) F) 

 

SSE 
𝒅

𝑹
 

𝒅𝟐

𝑨
 

𝒅

𝑫
 𝝀 𝑪𝒗 𝑺𝒐 𝑫𝒈𝒓 

1.981        

0.477        

0.360        

0.359        

0.360        

0.360        

0.360        
 

Figure 2-3. Pareto frontier for the three optimisation strategies and combination of parameters for each 

optimal result. Red-bolded values show the optimal solution for each OS. 

The models obtained by EPR-MOGA-XL are shown in Table 2-4, which presents the 

best fitting to training data shown in Table B-1, in the Appendix B section. As shown in 

Table 2-4, Models (2-24), (2-25) and (2-26) have a structure that considers the parameters 

that most affect the prediction for sediment transport (Ebtehaj and Bonakdari, 2016a; May et 

al., 1996; Nalluri et al., 1994), such as the volumetric sediment concentration, mean particle 
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diameter, specific gravity of particles and hydraulics radius. Nevertheless, models (2-25) and 

(2-26) include the pipe slope, which increases the model accuracy for training and testing 

dataset, as shown in Table 2-5. 

In addition, the symbolic expressions returned by EPR-MOGA enable direct 

comparison with existing models. In more details, selected explaining variables and relevant 

exponents allow to validate each single model based on the consistency with technical insight 

on the phenomenon, thus promoting the general validity of selected models outside the 

training dataset. 

Table 2-4. Models obtained using EPR for different optimisation strategies. 

OS Model name Expression Equation 

1 EPR-MOGA 1 
𝑣𝑙

√𝑔𝑑(𝑆𝐺 − 1)
= 3.35𝐶𝑣

0.20 (
𝑑

𝑅
)

−0.60

 (2-24) 

2 EPR-MOGA 2 
𝑣𝑙

√𝑔𝑑(𝑆𝐺 − 1)
= 6.20𝑆𝑜

0.15𝐶𝑣
0.13 (

𝑑

𝑅
)

−0.50

 (2-25) 

3 EPR-MOGA 3 
𝑣𝑙

√𝑔𝑑(𝑆𝐺 − 1)
= 5.60𝑆𝑜

0.14𝐶𝑣
0.16𝐷𝑔𝑅

0.02 (
𝑑

𝑅
)

−0.58

 (2-26) 

2.4 Evaluation of Proposed Models 

To validate the models obtained by EPR-MOGA-XL, the testing datasets shown in Table 2-2 

are used. The models proposed are evaluated by using the performance indices shown by 

Eqs. (1-1), (1-2) and (1-3), in the Introduction chapter. 

The performance of EPR models and traditional equations is presented in Table 2-5. 

As seen from this table, some traditional models have low correlations with experimental 

data. For example, earlier works of Craven (1953), Robinson and Graf  (1972) and Novak 

and Nalluri (1975) has a 𝑅2 value varying between 0.00 and 0.63, which shows poor 

performance of these models applied to all experimental datasets. Later works, such as those 

by May et al. (1989), Ab Ghani (1993) and Vongvisessomjai et al. (2010), improve the 

sediment transport prediction due to the larger dataset used to develop the self-cleansing 

models (𝑅2 = [0.56, 0.99]). Graphically, previous results can be seen in Figure 2-4, where 

the traditional regression-based models are applied on the acrylic data. 
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A) B) 

  

Figure 2-4. Performance of traditional regression models applied on the acrylic data. A) Earlier works 

of Craven (1953), Robinson and Graf  (1972) and Novak and Nalluri (1975); B) Later works of May et 

al. (1989), Ab Ghani (1993) and Vongvisessomjai et al. (2010).  

  Based on the aforementioned, Ab Ghani’s (1993) model considers five parameters 

to predict the modified Froude number: Volumetric sediment concentration, mean particle 

diameter, hydraulic radius, dimensionless grain size, and channel friction factor. In contrast, 

Craven’s (1953) considers the volumetric sediment concentration, mean particle diameter, 

and pipe diameter, to predict the modified Froude number. These differences in the 

combination of input parameters used can increase or decrease the model performance. As 

several previous studies shows (Ab Ghani, 1993; Butler et al., 1996b; Ebtehaj and Bonakdari, 

2016a; Mayerle, 1988; Nalluri et al., 1994), the most important parameters in the estimation 

of self-cleansing conditions in sewers can be classified in dimensionless groups (Ebtehaj and 

Bonakdari, 2016a) related to motion (𝐹𝑅
∗), transport (𝐶𝑣), sediment characteristics (𝐷𝑔𝑟, 𝑑, 

𝑆𝐺), transport mode (𝑑/𝑅) and flow resistance (𝜆). For example, models such as 𝐹𝑅
∗ =

𝑎𝐶𝑣
𝑐1(𝑑/𝑅)𝑐2 (Ebtehaj et al., 2014; Mayerle, 1988; Vongvisessomjai et al., 2010) and EPR-

MOGA Eq. (2-24) tend to represent better the experimental data (𝑅2 = [0.00, 0.99]) for 

almost all datasets; differences are represented by the values of the exponents 𝑐1 and 𝑐2. 

Other models, that are in the form 𝐹𝑅
∗ = 𝑎𝐶𝑣

𝑐1(𝑑/𝑅)𝑐2𝐷𝑔𝑟
𝑐3𝛽𝑐4 (Ab Ghani, 1993; Safari et 

al., 2017a), also show good results (𝑅2 = [0.56, 0.95]) for all the experimental datasets. 

Finally, EPR-MOGA models in the form 𝐹𝑅
∗ = 𝑎𝐶𝑣

𝑐1(𝑑/𝑅)𝑐2𝐷𝑔𝑟
𝑐3𝑆𝑜

𝑐5 (Eq. (2-25) with 𝑐3 

= 0 and Eq. (2-26)) show the highest fitting for all the experimental datasets (𝑅2 = [0.84, 

0.98]).   
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Table 2-5. Performance of models returned by EPR-MOGA-XL and literature self-cleansing models/equations. Bolded values show best performing 

models. 

Data Source Stage 
Performance 

Measure 

Traditional Models  EPR-MOGA Models 

Eq. 

(2-5) 

Eq. 

(2-6) 

Eq. 

(2-7) 

Eq. 

(2-8) 

Eq. 

(2-9) 

Eq. 

(2-10) 

Eq. 

(2-11) 

Eq. 

(2-12) 

Eq. 

(2-13) 
 Eq. 

(2-24) 

Eq. 

(2-25) 

Eq. 

(2-26) 

Present Study Training 

𝑅𝑀𝑆𝐸 2.06 1.59 3.13 0.98 0.88 1.10 0.78 0.64 0.79 
 

0.78 0.34 0.25 

𝑅2 0.00 0.08 0.00 0.65 0.72 0.56 0.78 0.85 0.77 
 

0.78 0.96 0.98 

𝑀𝐴𝑃𝐸 (%) 31.10 38.59 58.01 12.80 16.26 20.06 13.26 10.75 15.70 
 

14.17 6.40 5.30 

Present Study Testing 

𝑅𝑀𝑆𝐸 1.89 1.72 3.08 0.90 0.84 0.95 0.66 0.53 0.81 
 

0.74 0.33 0.25 

𝑅2 0.00 0.00 0.00 0.64 0.68 0.59 0.80 0.87 0.70 
 

0.75 0.95 0.97 

𝑀𝐴𝑃𝐸 (%) 29.37 33.60 53.77 12.04 15.73 17.71 12.18 9.94 12.47 
 

13.90 5.10 3.82 

Mayerle (1988)  Testing 

𝑅𝑀𝑆𝐸 1.69 1.36 1.72 0.47 1.00 0.68 0.71 0.82 0.78 
 

1.04 0.74 0.75 

𝑅2 0.43 0.63 0.42 0.96 0.80 0.91 0.90 0.87 0.88 
 

0.78 0.89 0.89 

𝑀𝐴𝑃𝐸 (%) 25.80 40.46 29.61 10.08 15.27 9.35 10.44 10.76 11.61 
 

14.50 8.93 8.96 

Ab Ghani (1993) Testing 

𝑅𝑀𝑆𝐸 1.70 1.86 1.84 1.60 0.56 0.62 0.76 0.57 0.92 
 

0.50 0.58 0.43 

𝑅2 0.37 0.25 0.27 0.44 0.93 0.92 0.87 0.93 0.82 
 

0.95 0.93 0.96 

𝑀𝐴𝑃𝐸 (%) 32.89 55.70 32.37 26.93 8.94 10.45 11.72 10.14 17.15 
 

8.60 10.76 9.15 

Ota (1999) Testing 

𝑅𝑀𝑆𝐸 1.28 1.94 1.79 0.88 0.39 0.30 0.37 0.27 0.29 
 

0.26 0.20 0.20 

𝑅2 0.09 0.00 0.00 0.57 0.92 0.95 0.93 0.96 0.95 
 

0.96 0.98 0.98 

𝑀𝐴𝑃𝐸 (%) 28.78 67.14 43.85 19.63 12.48 9.04 10.31 7.46 8.29 
 

7.17 6.55 6.82 

Vongvisessomjai 

et al. (2010) 
Testing 

𝑅𝑀𝑆𝐸 2.04 2.44 4.02 1.55 0.48 0.40 0.28 0.14 0.87 
 

0.39 0.26 0.32 

𝑅2 0.00 0.00 0.00 0.00 0.90 0.93 0.97 0.99 0.68 
 

0.93 0.97 0.96 

𝑀𝐴𝑃𝐸 (%) 31.72 43.86 69.00 24.93 8.31 5.97 4.53 1.90 13.58 
 

5.29 4.93 5.77 
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As the results in Table 2-5 show, the EPR-MOGA models, especially Eq. (2-25) and 

Eq. (2-26), have high correlations for all experimental data. Graphically, these results can be 

seen in Figure 2-5, which shows the fitting of the EPR-MOGA equations for the experimental 

data outlined in Table 2-2. The traditional Craven (1953) equation underestimates the 

calculation of the modified Froude number for the experimental acrylic data (Figure 2-4A). 

This means that if this formula is used for the design of self-cleansing sewer systems, the 

minimum slope required will be flatter than that actually required, increasing the risk to 

deposit of particles at the bottom of the pipes. EPR-MOGA models correctly represents the 

measured experimental data for all existing datasets (Figure 2-5). However, for Mayerle 

(1988) dataset when 𝐹𝑅
∗ > 4.0, all the self-cleansing equations, including the EPR-MOGA 

models, tend to sub-estimate the real value. Increasing in the model accuracy can be 

explained by the inclusion of the pipe slope parameter in the self-cleansing models. Based 

on this, pipe slope is identified as significant in the prediction of self-cleansing capacity in 

sewer pipes. 

A) B) C) 

   
D) E) F) 

   

Figure 2-5. Fitting of EPR-MOGA models using data of (a) Present study training; (b) Present study 

testing; (c) Mayerle (1988); (d) Ab Ghani (1993); (e) Ota (1999) and (f) Vongvisessomjai et al. (2010). 
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2.5 Summary and Conclusions 

This chapter proposes new self-cleansing models based on data collected from a set of 44 lab 

experiments conducted on a 242 mm diameter acrylic pipe with varying steady-state flow 

conditions and sediment characteristics. The data collected this way was processed using the 

EPR-MOGA-XL modelling technique to derive three new self-cleansing models based on 

respective optimisation strategies. The new self-cleansing models were validated with 

collected experimental data but also the corresponding data found in the literature. A 

comparison to nine self-cleansing equations published previously in the literature was also 

performed in the process. This was done using three different evaluation metrics. Based on 

the results obtained the following conclusions are made:  

(1) EPR-MOGA based models showed overall better performance than traditional self-

cleansing models. This is attributed to the proposed self-cleansing models include the 

pipe slope parameter to calculate the modified Froude number. By including this 

parameter in the estimation of self-cleansing in sewer pipes, a better fitting is 

observed in all the experimental datasets considered.  

(2) In addition, the EPR based new models tend to represent, in a better way, the 

experimental data for the whole range of variation for the existing experimental data 

(e.g. 𝑑 = [0.20 mm – 8.74 mm], 𝑉𝑙 = [0.24 m s-1 – 1.25 m s-1], 𝐶𝑣 = [0.27 ppm – 1,450 

ppm], and 𝑆𝑜 = [0.04 % – 2.56 %], amongst other parameter variation). The reason 

for this is that EPR-MOGA approach trades-off model prediction accuracy with 

model generalisation capability ensuring overfitting is avoided in the model 

development process. 

Based on the above, new self-cleansing models can be useful for the design of small 

sewer systems by estimating the threshold self-cleansing flow conditions. It is recommended 

to continue the experimental investigation of sediment transport, especially in large sewer 

pipes and considering different flow regimes (e.g. non-steady flow conditions) as self-

cleansing conditions are less well understood under these conditions.  
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3. Sediment Transport in 

Larger Sewer Pipes 
2 

Multiple models from the literature and experimental datasets have been developed and 

collected to predict sediment transport in sewers. However, all of these models were 

developed for smaller sewer pipes, i.e. using experimental data collected on pipes with 

diameters smaller than 500 mm. To address this issue, new experimental data was collected 

on a larger 595 mm pipe. Two new self-cleansing models were developed using this dataset. 

Both models predict the sewer self-cleansing velocity for the cases of non-deposition with 

and without deposited bed. The newly developed and existing models were then evaluated 

and compared on the basis of the most recently collected and previously published datasets. 

The results obtained show that in the existing literature, self-cleansing models tend to be 

overfitted, i.e. have a rather high prediction accuracy when applied to the data collected by 

the authors, but this accuracy deteriorates quickly when applied to the datasets collected by 

other authors, especially in large sewer pipes data. The newly developed models can be used 

for designing large sewer pipes under the concept of non-deposition without and with 

deposited bed. 

 

 

 

This chapter was published as a Research Paper in the Water Science and Technology Journal (ISSN: 0273-

1223). This chapter has been slightly modified to improve consistency along the dissertation. 
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 Introduction 

Sediment transport studies in sewer systems have been extensively studied for small sewer 

pipes. Despite several authors (Ab Ghani, 1993; Nalluri and Ab Ghani, 1996; Ota and Nalluri, 

2003; Safari et al., 2018) have pointed out that existing self-cleansing models can be used for 

designing large self-cleansing sewers, there are no studies that validate the above statement. 

In fact, according to Ackers et al. (2001), large sewers commonly require frequent removal 

of sediments deposits because of the minimum self-cleansing value adopted during the design 

stage. In this chapter, the non-deposition self-cleansing criteria are studied in the context of 

large sewer pipes.  

Existing models for non-deposition without deposited bed aim to design sewers with 

any permanent or transitory sediment bed. This criterion was fully described in the previous 

chapter, and a list of relevant models/equations was presented in Table 2-1. For the non-

deposition with deposited bed, a small transitory sediment bed is allowed at the bottom of 

the pipe. Several investigations (Ab Ghani, 1993; Butler et al., 1996a; El-Zaemey, 1991; May 

et al., 1989; Safari and Shirzad, 2019) have found that a permanent sediment bed, with mean 

proportional sediment thickness (𝑦𝑠/𝐷) close to 1.0%, increases the sediment transport 

capacity. By contrast, strong supervision of the systems is required because it is close to 

critical condition (Vongvisessomjai et al., 2010). 

Several studies have been carried out for describing non-deposition with deposited 

bed criterion using predictive numerical models based on experimental data. Craven (1953) 

used two 50.8 mm and 152.4 mm diameter pipes for studying the effects of deposited 

sediments in sewer pipes. May et al. (1989) carried out the experiments in a 299 mm diameter 

pipe varying the volumetric sediment concentration between 5.68 ppm and 1186 ppm. El-

Zaemey (1991)’s experiments were carried out in a 305 mm diameter pipe using bed sediment 

thickness of 47 mm, 77 mm and 120 mm, and granular sediments ranging from 0.53 mm to 

8.4 mm. Perrusquía (1992, 1991) studied the sediment transport in a 225 mm diameter 

concrete pipe using uniform-sized sands of 0.9 mm and 2.5 mm. May (1993) conducted 

experiments in a 450 mm diameter pipe using two uniform sands with a mean particle 

diameter of 0.73 mm and 0.47 mm. Ab Ghani (1993) used a 450 mm diameter pipe varying 
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the deposited bed width (𝑊𝑏) from 47 mm to 384 mm. Ota (1999) studied the deposited bed 

sediment transport in a 225 mm diameter pipe varying the deposited sediment thickness bed 

from 33.7 mm to 45.0 mm. 

Models found in the literature to predict the non-deposition bedload transport with 

deposited bed are in terms of the deposited bed width or the mean proportional sediment 

thickness. As an example, El-Zaemey (1991)’s model is in the form: 

𝑉𝑙

√𝑔𝑑(𝑆𝐺 − 1)
= 𝑎𝐶𝑣

𝑐1 (
𝑊𝑏

𝑌
 or 

𝑦𝑠

𝐷
)

𝑐6

(
𝑑

𝐷
)
𝑐7

𝜆𝑐8 (3-1) 

where 𝑐1, 𝑐6, 𝑐7 and 𝑐8 are regression coefficients. Table 3-1 outlines the relevant regression-

based models developed with experimental data collected at laboratory scale. In this table, 

𝑞𝑠 is the sediment transport rate per unit width (=𝐶𝑣𝑉𝑙𝑅), 𝑅𝑏 the hydraulic radius of the 

deposited sediment bed, 𝑦𝑠 the deposited sediment bed thickness, 𝜆𝑔 the grain friction factor 

defined as (May, 1993): 

1

√𝜆𝑔

= −2 log [
𝑑

12𝑅
+

0.6275𝜈

𝑉𝑙𝑅√𝜆𝑔

] (3-2) 

𝜃𝑓 the transition factor (Eq. (3-3)) which is function of the particle Reynolds number (𝑅𝑒∗) 

defined by the Eq. (3-4). 

𝜃𝑓 =
exp [

𝑅𝑒∗

12.5
] − 1

exp [
𝑅𝑒∗

12.5
] + 1

 (3-3) 

𝑅𝑒∗ = √
𝜆

8
(
𝑉𝑙𝑑

𝜈
) 

(3-4) 

Finally, 𝜂 is the dimensionless parameter of transport reported by May (1993), which 

is related to the mobility parameter based on effective shear stress (𝐹𝑠) as follows: 

𝐹𝑠 = (
𝜆𝑔𝜃𝑓𝑉𝑙

2

8𝑔(𝑆𝐺 − 1)𝑑
)

0.5

 
(3-5) 

(i) 𝐹𝑠 ≤ 0.1: 𝜂 = 0   (3-6) 

(ii) 0.1 < 𝐹𝑠 ≤ 0.225: 𝜂 = 1.6(𝐹𝑠 − 0.1) (3-7) 
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(iii) 0.225 < 𝐹𝑠 ≤ 0.4: 𝜂 = 0.2 + 2.13(𝐹𝑠 − 0.225)0.6 (3-8) 

(iv) 0.4 < 𝐹𝑠 ≤ 0.65: 𝜂 = 0.95 (3-9) 

Table 3-1. Relevant self-cleansing models based on the concept of non-deposition with deposited bed. 

Reference Self-cleansing model Equation 

May et al. (1989)  𝐶𝑣 = 0.04 (
𝑌

𝐷
)

0.36

(
𝐷2

𝐴
) (

𝑑

𝑅
)

0.60

[1 −
𝑉𝑡

𝑉𝑙

]
4

[
𝑉𝑙

2

𝑔𝐷(𝑆𝐺 − 1)
]

1.5

 (3-10) 

El-Zaemey (1991) 
𝑉𝑙

√𝑔𝑑(𝑆𝐺 − 1)
= 1.95𝐶𝑣

0.17 (
𝑊𝑏

𝑌
)

−0.40

(
𝑑

𝐷
)

−0.57

𝜆0.10 (3-11) 

Perrusquía (1992) 
𝑞𝑠

√𝑔𝑑3(𝑆𝐺 − 1)
= 46137 (

𝑅𝑏𝑆𝑜

(𝑆𝐺 − 1)𝑑
)

2.9

𝐷𝑔𝑟
−1.2 (

𝑑

𝐷
)

0.7

(
𝑦

𝑠

𝐷
)

−0.62

 (3-12) 

May (1993) 𝜂 = 𝐶𝑣 (
𝐷

𝑊𝑏

) (
𝐴

𝐷2
) [

𝜆𝑔𝜃𝑓𝑉𝑙
2

8𝑔(𝑆𝐺 − 1)𝐷
]

−1

 (3-13) 

Ab Ghani (1993) 
𝑉𝑙

√𝑔𝑑(𝑆𝐺 − 1)
= 1.18𝐶𝑣

0.16 (
𝑊𝑏

𝑌
)

−0.18

(
𝑑

𝐷
)

−0.34

𝜆−0.31 (3-14) 

As can be seen, several authors have studied sediment transport modes to develop 

self-cleansing models/equations based on the non-deposition concept. Each author has 

developed predictive models based on experimental data, which are useful to design new 

sewer infrastructure. However, various limitations have been identified by using these self-

cleansing models. These limitations are outlined as follows: 

• Models developed under the concept of non-deposition without deposited bed have 

not been tested in large sewer pipes. The pipe diameter used for the experimental 

studies ranges from 100 mm to 450 mm, as shown in the previous chapter.   

• Limited extrapolation capabilities have been identified (Ota and Perrusquía, 2013) 

for existing non-deposition without deposited bed models. As a result, these models 

over-design large sewer pipes. 

• Existing models for designing large sewer pipes under the concept of non-deposition 

with deposited bed present poor accuracy when different datasets are used (Nalluri et 

al., 1997; Safari et al., 2018).  

• Experimental data collected for the non-deposition with deposited bed data seems to 

be unrealistic of the conditions found in real sewer pipes. As Table 3-2 shows, the 

deposited sediment bed thickness used at laboratory scale ranging from 15% to 20% 

of the pipe diameter. Values of 20% is an unrealistic consideration since the optimal 
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sediment thickness design has been defined between 1% and 5% of the pipe diameter 

(Butler et al., 2003; May, 1993; May et al., 1989; Nalluri et al., 1997; Safari and 

Shirzad, 2019). Data collected by May et al. (1989) shows values less than 1%, 

however, as mentioned in their study: “(…) The volume of deposited sediment was 

measured for each test condition and converted to an equivalent mean depth 

distributed uniformly along the pipe”. Based on this, the actual value of 𝑦𝑠 cannot be 

taken into account because it was not physically measured. 

This chapter aims to address previous gaps by developing new self-cleansing models 

for both non-deposition criteria based on experimental data collected on a 595 mm PVC pipe. 

Models developed are compared with existing regression-based models, and the performance 

is tested using other experimental datasets found in the literature. 

 Experimental methods 

Experimental data were collected on a 595 mm diameter and 10.5 m long PVC pipe. This 

pipe was supported on a variable steel truss, allowing pipe slopes between 0.042% and 

3.44%. The pipe was directly connected to a 30 m3 upstream tank which was supplied through 

a 40 HP pump. The flow rate was controlled using a manually operated valve, allowing it to 

vary from 0.6 l s-1 to 67.3 l s-1. Figure 3-1 shows the general scheme of the experimental 

setup. 

 

Figure 3-1. Schematic diagram of the 595 mm diameter PVC pipe. 

A full description of the experimental rig and data collection strategies is presented 

in the Appendix A. A set of 107 and 54 data were collected in the 595 mm PVC pipe for the 

without deposited bed and with deposited bed, respectively. The data collected this way were 
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used to derive new self-cleansing models. The data were randomly split in two stages (75% 

for training and 25% for testing). Experimental data collected in the 595 mm PVC pipe are 

shown in Table B-2 and Table B-3 for the non-deposition without and with deposited bed, 

respectively. 

In addition to the data collected experimentally, several datasets found in the literature 

have been used to validate (testing) the new non-deposition self-cleansing models. For the 

case of the non-deposition without deposited bed, the data shown in Table 2-2 (plus the data 

collected on the 595 mm PVC pipe, shown in Table B-2) were used. In addition, five datasets 

for the non-deposition with deposited bed case were collected as shown in Table 3-2.  

Table 3-2. Data used to evaluate the performance of self-cleansing models under the concept of non-

deposition with deposited bed in large sewer pipes. 

Experimental 

Data 

Model 

Development Stage 

No. of 

runs 

𝑫  

(mm) 

𝒅  

(mm) 

𝒚𝒔/𝑫  

(%) 

𝑪𝒗 

(ppm) 

Present Study  Training 40 595 0.47 – 2.6 0.10 – 1.10 389 - 8522 

Present Study  Testing 14 595 0.47 – 2.6 0.30 – 1.10 987 - 10275 

May et al. (1989) Testing 44 299 0.72 0.01 – 16.23 5.68 – 1186.68 

El-Zaemey (1991) Testing 290 305 0.53 – 8.4 15.41 – 39.34 7.0 – 917.0 

Perrusquía (1991) Testing 38 225 0.90 20.0 – 40.0 18.7 – 408.0 

May (1993)  Testing 46 450 0.47 – 0.73 12.8 – 28.8 3.5 – 8.23 

Ab Ghani (1993) Testing 26 450 0.72 12.0 – 24.0 28 - 1269 

 

 New self-cleansing models 

The Least Absolute Shrinkage and Selection Operator (LASSO) (Tibshirani, 1996) 

regression method is used in this chapter to develop new self-cleansing models. The LASSO 

method can be seen as an extension of the Ordinary Least Squares (OLS) because it 

minimises the value of the Residual Sum of Squares (RSS). However, this is a shrinkage 

method for feature selection which solves itself the problem of multicollinearity by 

increasing the bias of the regression in seek of decrease in the variance. Additionally, it uses 

the absolute value of the coefficients in the shrinkage penalty, what allows this method to 

reduce some of the regression coefficients to an exact value of zero. This helps to avoid 

problems related to model interpretation and overfitting (James et al., 2013). The LASSO 

method coefficients minimise the following expression: 
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min 

[
 
 
 

∑(𝑦𝑖 − ( 𝛽0 + ∑𝛽𝑗𝑥𝑖𝑗  

𝑝

𝑗=1

))

2
𝑛

𝑖=1

+ 𝜆𝐿 ∑|𝛽𝑗|

𝑝

𝑗=1
]
 
 
 

= min [RSS + 𝜆𝐿 ∑|𝛽𝑗|

𝑝

𝑗=1

] (3-15) 

 

where 𝑦𝑖 are the observed values; 𝑛 the number of data; 𝛽0 the intercept value; 𝛽𝑗 the model 

parameter 𝑗; 𝑥𝑖𝑗 the input variable set and 𝜆𝐿 ∑ |𝛽𝑗|
𝑝

𝑗=1
 the shrinkage penalty (James et al., 

2013).  

Selection of model input variables to represent the particle Froude number are made 

based on the variables that have the greatest impact on sediment transport. Several authors 

(Ebtehaj and Bonakdari, 2016a, 2016b; May et al., 1996) found that the size and roughness 

of the pipe (represented by the channel friction factor and the pipe diameter), the relative 

flow depth, the diameter of particle size, the specific gravity of sediments and the volumetric 

sediment concentration are the input variables which predict better the sediment transport. 

These input variables can be divided in four dimensionless groups called: (i) Transport: 

defined by the volumetric sediment concentration; (ii) Sediment: defined by the 

dimensionless grain size, the specific gravity of sediments and the 𝑑/𝐷 variable; (iii) 

Transport mode: defined by 𝑑/𝑅, 𝐷2/𝐴, 𝑦𝑠/𝐷, 𝑊𝑏/𝑌 and 𝑅/𝐷, and (iv) Flow resistant: 

defined by the Darcy friction factor. Based on the above mentioned, the input variables vector 

𝑥𝑖𝑗 should includes the previous variables to predict the particle Froude number. 

Two new self-cleansing models are developed for the two aforementioned sediment 

non-deposition conditions. The R package ‘glmnet’ (Friedman et al., 2010) is used to apply 

the LASSO method. In both cases the model output variable is the particle Froude number 

𝐹𝑅𝑖
∗ and the model input variables are selected automatically from the set 𝑥𝑖𝑗 by solving the 

following regression problem: 

min [∑(ln(𝐹𝑅𝑜𝑖
∗) − ln(𝛽0 + ∑𝛽𝑗𝑥𝑖𝑗

𝑝

𝑗=1

))

2
𝑛

𝑖=1

+ 𝜆𝐿 ∑|𝛽𝑗|

𝑝

𝑗=1

]

= min [∑(ln(𝐹𝑅𝑜𝑖
∗) − ln(𝐹𝑅𝑖

∗))
2

𝑛

𝑖=1

+ 𝜆𝐿 ∑|𝛽𝑗|

𝑝

𝑗=1

] 

(3-16) 
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𝑥𝑖𝑗 = [
𝑌

𝐷
,𝐷𝑔𝑟, 𝜆, 𝑆𝑜,

𝑑

𝑅
,
𝑑

𝐷
,
𝐷2

𝐴
, 𝐶𝑣 ,

𝑊𝑏

𝑌
,
𝑦𝑠

𝐷
] (3-17) 

where 𝐹𝑅𝑜𝑖
∗ and 𝐹𝑅𝑖

∗ are the observed and estimated particle Froude number, defined as: 

𝐹𝑅𝑜𝑖
∗ =

𝑉𝐿

√𝑔𝑑(𝑆𝐺 − 1)
 (3-18) 

𝐹𝑅𝑖
∗ = 𝛽0 + ∑𝛽𝑗𝑥𝑖𝑗

𝑝

𝑗=1

 (3-19) 

Selecting the 𝜆𝐿 variable or the “amount of shrinkage” is carried out by cross-

validation on the data. In this case, a 500-length-vector 𝜆𝐿 = [1x10-10, … , 1x1010] is defined 

and the Mean Square Error is calculated for each value of 𝜆𝐿. As a result, a plot showing the 

optimal value of 𝜆𝐿 minimising the MSE is obtained. Values of 𝜆𝐿 = 0.003614 (for a 3-

parameter model) and 𝜆𝐿 = 0.011066 (for a 4-parameter model) are obtained for non-

deposition without and with deposited bed, respectively. Graphically, previous results are 

shown in Figure 3-2. 

A) 

 
B) 

 

Figure 3-2. Optimal value of 𝝀𝑳 selected by cross-validation. A) Non-deposition without deposited bed 

and B) Non-deposition with deposited bed. 
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Applying the LASSO method to 107 experimental data collected, the following 

model is obtained for the non-deposited conditions (linearised version shown in Eq. (3-20) 

and non-linear in Eq. (3-21)): 

𝑙𝑛(𝐹𝑅𝑖
∗) = 1.8674 + 0.103 𝑙𝑛(𝑆𝑜) − 0.469 𝑙𝑛 (

𝑑

𝑅
) + 0.151 𝑙𝑛(𝐶𝑣) (3-20) 

𝑉𝑙

√𝑔𝑑(𝑆𝐺 − 1)
= 6.47𝑆𝑜

0.103 (
𝑑

𝑅
)
−0.469

𝐶𝑣
0.151 (3-21) 

The same analysis was carried out for non-deposition with deposited bed condition. 

In this case, the 54 data collected in the laboratory were used as observed information. The 

model structure obtained is similar to the models reported in the literature (see Eq. (3-11) and 

(3-14)): 

𝑙𝑛(𝐹𝑅𝑖
∗) = 1.764 − 0.169 𝑙𝑛(𝐷𝑔𝑟) + 0.144 𝑙𝑛(𝐶𝑣) − 0.104 𝑙𝑛 (

𝑦𝑠

𝐷
) − 0.305 𝑙𝑛 (

𝑑

𝑅
)

− 0.059 𝑙𝑛(𝜆) 

(3-22) 

𝑉𝑙

√𝑔𝑑(𝑆𝐺 − 1)
= 5.83𝐷𝑔𝑟

−0.169 (
𝑑

𝑅
)
−0.305

𝐶𝑣
0.144 (

𝑦𝑠

𝐷
)
−0.104

𝜆−0.059 (3-23) 

 

 Validation of self-cleansing models 

Self-cleansing models shown in Eq. (3-21) and (3-23) were tested with the datasets obtained 

from the literature (as shown in Table 2-2 and Table 3-2) with the aim of (a) further evaluating 

the accuracy of the self-cleansing models shown here and (b) comparing these with the 

literature models. In addition, the literature self-cleansing models shown in Table 2-1, all of 

which were developed with the data collected on smaller pipes (i.e. less than 500 mm), were 

tested with the data collected on the 595 mm PVC pipe to further assess their prediction 

accuracy under these conditions. 

Model prediction accuracy is evaluated by using the performance indices shown by 

Eq. (1-1), (1-2) and (1-3), in the Introduction chapter. 

The performance of the regression-based models shown in Table 2-1 and the EPR-

MOGA models proposed in Table 2-4 is graphically shown in Figure 3-3. As seen in this 
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figure, the traditional regression models (except the Safari et al. (2017a) model) tend to 

systematically overestimate the self-cleansing prediction in large sewer pipes. In contrast, the 

EPR-MOGA models show good accuracy on the large sewer pipes data. Previous findings 

are further discussed below. 

A) B) 

  
C) D) 

  

Figure 3-3. Performance of traditional regression-based and EPR-MOGA models applied on the PVC 

experimental data. A) Early works of Craven (1953), Robinson and Graf (1972) and Novak and Nalluri 

(1975); B) Works of Mayerle et al. (1991), May et al. (1989) and Ab Ghani (1993); Later works of Ota 

(1999), Vongvisessomjai et al. (2010) and Safari et al. (2017a) and D) EPR-MOGA regression models. 

The 𝑅𝑀𝑆𝐸, 𝑅2 and 𝑀𝐴𝑃𝐸 values obtained for the case of non-deposition without 

deposited bed are presented in Table 3-3. Graphically, the performance of the Eq. (3-21) 

applied on the experimental data existing in literature for the non-deposition without 

deposited bed is shown in Figure 3-4. 
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Table 3-3. Performance of models found in the literature and the new LASSO model (Eq. (3-21)) obtained for non-deposition without deposited bed 

condition. Bolded values show best performing models. 

Data Source Stage 
Performance 

Measure 

Traditional  EPR  LASSO 

Eq. 

(2-5) 

Eq. 

(2-6) 

Eq. 

(2-7) 

Eq. 

(2-8) 

Eq. 

(2-9) 

Eq. 

(2-10) 

Eq. 

(2-11) 

Eq. 

(2-12) 

Eq. 

(2-13) 
 Eq. 

(2-24) 

Eq. 

(2-25) 

Eq. 

(2-26) 
 

Eq. 

(3-21) 

PVC data Training 

𝑅𝑀𝑆𝐸 15.41 10.17 3.47 4.40 3.36 2.99 3.30 1.98 3.23  1.45 0.73 1.02  0.67 

𝑀𝐴𝑃𝐸 (%) 167.53 136.80 35.95 42.50 31.15 25.82 30.56 19.90 35.97  15.78 9.41 10.82  8.39 

𝑅2 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.53 0.00  0.75 0.94 0.88  0.95 

PVC data Testing 

𝑅𝑀𝑆𝐸 11.70 8.45 2.60 2.99 2.08 1.61 2.14 1.33 2.60  1.09 0.66 1.05  0.60 

𝑀𝐴𝑃𝐸 (%) 156.54 138.82 32.34 33.55 22.98 15.47 24.10 17.03 37.85  15.18 10.43 12.85  9.24 

𝑅2 0.00 0.00 0.00 0.00 0.08 0.45 0.03 0.62 0.00  0.75 0.91 0.76  0.92 

Acrylic Data Testing 

𝑅𝑀𝑆𝐸 2.02 1.63 3.12 0.96 0.87 1.07 0.75 0.62 0.80  0.77 0.34 0.25  0.50 

𝑀𝐴𝑃𝐸 (%) 30.67 37.34 56.95 12.61 16.13 19.47 12.99 10.55 14.89  14.10 6.08 4.93  6.94 

𝑅2 0.00 0.00 0.00 0.65 0.71 0.57 0.78 0.86 0.76  0.77 0.96 0.98  0.90 

Mayerle (1988) Testing 

𝑅𝑀𝑆𝐸 1.69 1.36 1.72 0.47 1.00 0.68 0.71 0.82 0.78  1.04 0.74 0.75  0.95 

𝑀𝐴𝑃𝐸 (%) 25.80 40.46 29.61 10.08 15.27 9.35 10.44 10.76 11.61  14.50 8.93 8.96  14.82 

𝑅2 0.43 0.63 0.42 0.96 0.80 0.91 0.90 0.87 0.88  0.78 0.89 0.89  0.82 

Ab Ghani (1993) Testing 

𝑅𝑀𝑆𝐸 1.70 1.86 1.84 1.60 0.56 0.62 0.76 0.57 0.92  0.50 0.58 0.43  0.69 

𝑀𝐴𝑃𝐸 (%) 32.89 55.70 32.37 26.93 8.94 10.45 11.72 10.14 17.15  8.60 10.76 9.15  14.83 

𝑅2 0.37 0.25 0.27 0.44 0.93 0.92 0.87 0.93 0.82  0.95 0.93 0.96  0.90 

Ota (1999) Testing 

𝑅𝑀𝑆𝐸 1.28 1.94 1.79 0.88 0.39 0.30 0.37 0.27 0.29  0.26 0.20 0.20  0.29 

𝑀𝐴𝑃𝐸 (%) 28.78 67.14 43.85 19.63 12.48 9.04 10.31 7.46 8.29  7.17 6.55 6.82  8.84 

𝑅2 0.09 0.00 0.00 0.57 0.92 0.95 0.93 0.96 0.95  0.96 0.98 0.98  0.95 

Vongvisessomjai 

et al. (2010) 
Testing 

𝑅𝑀𝑆𝐸 2.04 2.44 4.02 1.55 0.48 0.40 0.28 0.14 0.87  0.39 0.26 0.32  0.32 

𝑀𝐴𝑃𝐸 (%) 31.72 43.86 69.00 24.93 8.31 5.97 4.53 1.90 13.58  5.29 4.93 5.77  4.41 

𝑅2 0.00 0.00 0.00 0.00 0.90 0.93 0.97 0.99 0.68  0.93 0.97 0.96  0.96 
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The following observations can be made from Table 3-3 and Figure 3-3: 

(1) Craven (1953), Robinson and Graf (1972) and Novak and Nalluri (1975) models 

show poor performance (𝑅2 = 0.00, 8.45 < 𝑅𝑀𝑆𝐸 < 15.41 and 136.8% < 𝑀𝐴𝑃𝐸 < 

167.53%) when applied on the experimental data collected on the PVC pipe. Both 

Craven (1953) and Robinson and Graf (1972) models exclude the 𝑑/𝑅 variable, 

which leads to poor performance. In contrast, the Novak and Nalluri (1975) model 

shows better results (𝑅2 = 0.00, 2.60 < 𝑅𝑀𝑆𝐸 < 3.47 and 32.34% < 𝑀𝐴𝑃𝐸 < 35.95%), 

compared to Craven (1953) and Robinson and Graf (1972) models, since the 𝑑/𝑅 is 

considered as input for predicting the self-cleansing sewer capacity. These models 

cannot be used for designing larger sewer pipes.  

(2) Mayerle et al. (1991) model seems to be overfitted as it has high prediction accuracy 

(𝑅𝑀𝑆𝐸 = 0.47, 𝑀𝐴𝑃𝐸 = 10.08% and 𝑅2 = 0.96) only for the data collected in their 

own experiments. When this model is applied to other datasets, the results are not 

satisfactory. For example, when the Mayerle et al. (1991) model is applied to the data 

collected in the PVC pipe, poor performance is obtained (𝑅2 = 0.00, 2.99 < 𝑅𝑀𝑆𝐸 < 

4.40 and 33.55% < 𝑀𝐴𝑃𝐸 < 42.50%). This model underestimates the self-cleansing 

capacity (i.e. overestimates the particle Froude number, and consequently the 

minimum self-cleansing velocity) in large sewers as shown in Figure 3-3B. This is 

due to inability of this model to extrapolate predictions beyond the range of data that 

was used for its development.  

(3) Results obtained by using the May et al. (1989) model (0.00 < 𝑅2 < 0.08, 2.08 < 

𝑅𝑀𝑆𝐸 < 3.36 and 22.98% < 𝑀𝐴𝑃𝐸 < 31.15%), in the experimental PVC data, are 

similar to the Mayerle et al. (1991) model results. If the May et al. (1989) model is 

used for designing large self-cleansing sewer pipes, the resulting pipe would be over-

designed. Additionally, an incipient motion threshold velocity is required to use this 

model. This value needs to be estimated on the basis of experimental data and 

regression equations obtained for certain sediment characteristics, which is not 

pragmatic (since the same problems identified in the regression models can be found 

here). In this context, Safari et al. (2018) safari outlined several studies that attempt 
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to predict incipient motion threshold velocity using equations based on experimental 

data.  

(4) Ab Ghani (1993) model presents better results (0.00 < 𝑅2 < 0.45, 1.61 < 𝑅𝑀𝑆𝐸 < 

2.99 and 15.47% < 𝑀𝐴𝑃𝐸 < 25.82%) in comparison with Mayerle et al. (1991) and 

May et al. (1989) models, applied on the PVC data. The model includes two 

additional input variables (the dimensionless grain size and the channel friction 

factor) to predict the particle Froude number. However, the value of the exponent 

related to the dimensionless grain size is low (-0.09), which shows that this variable 

is not a significant input of this model. In contrast, the channel friction factor has the 

same variable importance than the volumetric sediment concentration, as shown by 

the values of both exponents (𝐶𝑣
0.21 and 𝜆0.21, as shown in Eq. (2-10)). As a result, 

the pipe material seems to be relevant for predicting self-cleansing capacity when Ab 

Ghani (1993) model is used. Finally, this model shows good prediction performance 

in the PVC data when the particle Froude number is less than 9.0 (i.e. 𝐹𝑅𝑜𝑖
∗ < 9.0), as 

shown in Figure 3-3B.  

(5) Ota (1999) model uses a similar group of input variables to estimate the self-cleansing 

velocity (i.e. 𝐶𝑣 and 𝑑/𝑅). This model has similar prediction results to Mayerle et al. 

(1991) and May et al. (1989) models, with acceptable accuracy for small particle 

Froude numbers and poor prediction accuracy for larger particle Froude number 

values (𝐹𝑅𝑖
∗
 > 7.0), as shown in Figure 3-3C.  

(6) Vongvisessomjai et al. (2010) model shows good performance in general for all 

datasets. However, when this equation is applied to the 595 mm PVC pipe diameter 

data, the model tends to overestimate the particle Froude number (as shown in Figure 

3-3C). In comparison to the Ab Ghani (1993) model, this model is simpler (i.e. fewer 

input variables) and does not consider the dimensionless grain size and the channel 

friction factor in the estimation of the particle Froude number (similar structure to 

Ota (1999) equation) which is an advantage since fewer parameters must be defined 

during the self-cleansing calculation. This model seems to be more general and 

accurate in the prediction of the self-cleansing conditions for pipe diameters less than 

500 mm.  
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(7) EPR-MOGA models developed in Chapter 2 tend to represent better than previous 

self-cleansing models found in the literature the observed data for all the datasets 

evaluated. These models have the same structure as Vongvisessomjai et al. (2010) 

and Ota (1999) models with values of exponents of different input variables being 

slightly different. EPR-MOGA Eq. (2-25) shows especially good results for all 

existing experimental data, including the data collected on the PVC pipe (as seen in 

Table 3-3). EPR-MOGA models better generalise the problem since the self-

cleansing sewer capacity can be predicted over a wide range of variation. Eq. (2-25) 

shows high accuracy for all datasets but is still inferior to the new model shown in 

Eq. (3-21) applied on large sewer pipes.  

(8) Safari et al. (2017a) model shows poor performance when applied on the 

experimental PVC pipe (𝑅2 = 0.00, 2.60 < 𝑅𝑀𝑆𝐸 < 3.23 and 35.97% < 𝑀𝐴𝑃𝐸 < 

37.85%). This model underestimates the minimum self-cleansing velocity in the PVC 

experimental data. If this model is used for designing large sewer pipes, the system 

could present sedimentation problems. The inclusion of the cross-section shape factor 

can potentially be useful for designing non-circular channels. Above statement should 

be validated by using other experimental datasets, for example Loveless (1992). 

(9) The new model shown in Eq. (3-21) has high prediction accuracy for all datasets, 

especially for the data collected using larger sewer pipes. Even when this model is 

applied to existing data in the literature, better results are obtained than those obtained 

using literature self-cleaning models (as shown in Table 3-3). This model has similar 

structure to EPR-MOGA Eq. (2-25) and the particle Froude number shows similar 

proportionality with the input variables (as shown in Table 3-4). As a result, this new 

LASSO-based model improves the self-cleansing calculation, under the concept of 

non-deposition without deposited bed in large sewer pipes. In small sewer pipes, the 

LASSO model tends to underestimate the self-cleansing calculation when 𝐹𝑅𝑖
∗
 > 5.0, 

as shown in Figure 3-4.  
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Table 3-4. Proportional relations between particle Froude number and explanatory variables for EPR-

MOGA Eq. (2-25) and LASSO Eq. (3-21). 

EPR-MOGA Eq. (2-25) LASSO Eq. (3-21) 

𝑉𝑙

√𝑔𝑑(𝑆𝐺 − 1)
∝ 𝑆𝑜

0.15 
𝑉𝑙

√𝑔𝑑(𝑆𝐺 − 1)
∝ 𝑆𝑜

0.103 

𝑉𝑙

√𝑔𝑑(𝑆𝐺 − 1)
∝ 𝐶𝑣

0.13 
𝑉𝑙

√𝑔𝑑(𝑆𝐺 − 1)
∝ 𝐶𝑣

0.151 

𝑉𝑙

√𝑔𝑑(𝑆𝐺 − 1)
∝ (

𝑑

𝑅
)

−0.5

 
𝑉𝑙

√𝑔𝑑(𝑆𝐺 − 1)
∝ (

𝑑

𝑅
)

−0.469

 

As the previous results show, all the traditional self-cleansing models found in the 

literature presents poor performance/accuracy when are tested with the new experimental 

dataset. EPR-MOGA models, especially Eq. (2-25), tend to correctly represent the self-

cleansing conditions in both small and large sewer pipes. As Figure 3-3 shows, all the models 

tend to overestimate the threshold velocity (except the Safari et al. (2017a) model). This 

confirms the assumption that traditional self-cleansing models can make accurate predictions 

only for small sewer pipes, i.e. pipes with diameter < 500 mm. New LASSO model (Eq. 

(3-21)) improve the self-cleansing prediction in large sewers. In small sewers, the 

applicability must be limited. 

 

A) B) 
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C) D) 

  
E) F) 

  

Figure 3-4. Performance of the LASSO regression model Eq. (3-21) applied on A) PVC data; B) Acrylic 

data; C) Mayerle (1988) data; D) Ab Ghani (1993) data; E) Ota (1999) data and F) Vongvisessomjai et 

al. (2010) data. 

Parallelly, the results obtained for the case of non-deposition with deposited bed data 

are shown in Table 3-5. The following can be observed from Table 3-5, Figure 3-6 and Figure 

3-7: 

(1) May et al. (1989) model shows acceptable results for the PVC experimental data (0.42 

< 𝑅2 < 0.79, 1.40 < 𝑅𝑀𝑆𝐸 < 2.19 and 10.78% < 𝑀𝐴𝑃𝐸 < 11.94%). The model 

considers the 𝑑/𝑅 variable as an explanatory feature for predicting the self-cleansing 

velocity in sewer pipes. In addition, this models outperforms the accuracy of the new 
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LASSO model (Eq. (3-23)) when compared with El-Zaemey (1991) and its own 

experimental data. But in contrast, poor performance is identified for the rest of the 

datasets. Limited generalisation capabilities of the problem can be seen in this model. 

(2) El-Zaemey (1991) model tends to correctly represent the self-cleansing conditions of 

the Perrusquía (1991) data and its own data. However, for the data from Ab Ghani 

(1993) and those collected on the 595 mm PVC pipe, the model shows poor 

performance with low fitting levels (𝑅2 = 0.00, 4.53 < 𝑅𝑀𝑆𝐸 < 4.60 and 58.99% < 

𝑀𝐴𝑃𝐸 < 61.39%). This model tends to overestimate the minimum self-cleansing 

velocity (as shown in Figure 3-6A), which leads to over-designed pipes. 

(3) Perrusquía (1992) model is used for predicting the bedload sediment transport rate in 

sewer pipes. As a result, the minimum self-cleansing velocity cannot be calculated 

with this model.  

(4) Ab Ghani (1993) model has the same structure as El-Zaemey (1991) since both 

models consider the same group of input variables to calculate the threshold self-

cleansing velocity. The results obtained tend to present good accuracy for all datasets. 

Ab Ghani (1993) model has poor accuracy on the data collected on the 595 mm PVC 

pipe (0.07 < 𝑅2 < 0.10, 2.73 < 𝑅𝑀𝑆𝐸 < 2.93 and 39.71% < 𝑀𝐴𝑃𝐸 < 39.98%). As 

Figure 3-6A shows, this model presents high bias, which can be an indicator of model 

underfitting.  

(5) May (1993) model tends to underestimate the minimum self-cleansing values on large 

sewer pipes, as shown in Figure 3-6A. As a result, particle deposition problems could 

be presented in real sewer systems if the system is designed with this formula. 

Additionally, this model has as input the dimensionless transport parameter (𝜂), 

which was calculated for limit sediment and hydraulic conditions. Based on the 

above, this transport parameter is difficult to estimate, and its prediction does not 

present good accuracy with experimental data (as shown in Figure 3-5). Full details 

can be found in May (1993). 
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Figure 3-5. Dimensionless transport parameter vs Mobility parameter based on effective shear stress. 

Modified from May (1993) and Safari et al. (2017b).  

(6) New model shown in Eq. (3-23) estimates the self-cleansing conditions across all 

experimental datasets with acceptable accuracy (0.0 < 𝑅2 < 0.86, 0.56 < 𝑅𝑀𝑆𝐸 < 

1.97 and 9.55% < 𝑀𝐴𝑃𝐸 < 18.01%), as shown in Figure 3-7. This model is explicit 

for calculating self-cleansing velocity and considers similar group of parameters than 

the literature models. Based on the results obtained, this model can potentially be 

used to design new self-cleansing sewer pipes considering the non-deposition with 

deposited bed criterion.     

A) B) 

  

Figure 3-6. Performance of traditional regression-based models applied on the PVC experimental data 

under the concept of non-deposition with deposited bed. A) May et al. (1989), El-Zaemey (1991) and 

Perrusquía (1992) and B) Ab Ghani (1993) and May (1993). 
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Based on the previous results, existing regression-based models appear to lack the 

self-cleansing prediction under the concept of non-deposition with deposited bed, i.e. for 

designing large sewer pipes. This lack can be explained by the range of variation of the 

training data used to develop the regression models. As shown in Table 3-2, the mean 

proportional sediment thickness, in the early works of El-Zaemey (1991), Perrusquía (1991), 

May (1993) and Ab Ghani (1993), ranges from 12.0% to 40.0%, which are uncommon values 

found in real sewer systems. The most accurate conditions are those reported here in the 595 

mm PVC data, which are between 0.1% and 1.1%. Based on this, the LASSO model (Eq. 

(3-23)) should be the model that best predicts the actual conditions found in existing sewers 

(at least in the 595 mm diameter pipe), since it was developed with the most accurate sewer 

conditions.  

Table 3-5. Performance of models found in the literature and the new LASSO model (Eq. (3-23)) 

obtained for non-deposition with deposited bed condition. Bolded values show best performing models. 

Data source Stage 
Performance 

Measure 

Traditional  LASSO 

Eq. 

(3-10) 

Eq. 

(3-11) 

Eq. 

(3-12) 

Eq. 

(3-13) 

Eq. 

(3-14) 
 Eq. 

(3-23) 

PVC data Training 

𝑅𝑀𝑆𝐸 1.40 4.53 8.30 2.16 2.93  1.32 

𝑀𝐴𝑃𝐸 (%) 11.94 58.99 99.53 24.23 39.98  11.35 

𝑅2 0.79 0.00 0.00 0.51 0.10  0.82 

PVC data Testing 

𝑅𝑀𝑆𝐸 2.19 4.60 7.94 2.70 2.76  1.63 

𝑀𝐴𝑃𝐸 (%) 10.78 61.39 99.40 15.51 39.71  9.55 

𝑅2 0.42 0.00 0.00 0.11 0.07  0.68 

May et al. (1989) Testing 

𝑅𝑀𝑆𝐸 1.81 5.95 9.31 2.86 2.28  1.97 

𝑀𝐴𝑃𝐸 (%) 18.39 31.28 - 28.61 14.81  18.01 

𝑅2 0.48 0.00 0.00 0.02 0.10  0.00 

El-Zaemey (1991) Testing 

𝑅𝑀𝑆𝐸 0.52 0.55 3.25 1.78 0.91  0.60 

𝑀𝐴𝑃𝐸 (%) 12.07 10.66 89.10 34.52 29.87  11.93 

𝑅2 0.89 0.88 0.00 0.00 0.68  0.86 

Perrusquía (1991) Testing 

𝑅𝑀𝑆𝐸 1.25 0.85 28.34 1.57 0.61  0.56 

𝑀𝐴𝑃𝐸 (%) 27.68 18.73 413.42 32.29 14.14  13.17 

𝑅2 0.00 0.00 0.00 0.00 0.46  0.54 

May (1993) Testing 

𝑅𝑀𝑆𝐸 6.39 3.14 19.93 2.71 1.97  1.27 

𝑀𝐴𝑃𝐸 (%) 85.13 43.32 137.75 29.57 27.16  16.11 

𝑅2 0.00 0.00 0.00 0.00 0.00  0.57 

Ab Ghani (1993) Testing 

𝑅𝑀𝑆𝐸 5.72 3.62 6.82 1.13 2.01  1.05 

𝑀𝐴𝑃𝐸 (%) 78.01 51.33 84.97 14.24 15.16  13.04 

𝑅2 0.00 0.00 0.00 0.68 0.00  0.72 
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A) B) 

  
C) D) 

  
E) F) 

  

Figure 3-7. Performance of the LASSO regression model Eq. (3-23) applied on A) PVC data; B) May et 

al. (1989) data, C) El-Zaemey (1991) data, D) Perrusquía (1991) data, E) May (1993) data and F) Ab 

Ghani (1993) data. 

0.0

5.0

10.0

15.0

20.0

25.0

0.0 5.0 10.0 15.0 20.0 25.0

C
al

cu
la

te
d

 d
at

a 
-

F
R
*

Observed data - FR*

0.0

5.0

10.0

15.0

0.0 5.0 10.0 15.0

C
al

cu
la

te
d

 d
at

a 
-

F
R
*

Observed data - FR*

0.0

5.0

10.0

15.0

0.0 5.0 10.0 15.0

C
al

cu
la

te
d

 d
at

a 
-

F
R
*

Observed data - FR*

0.0

2.0

4.0

6.0

0.0 2.0 4.0 6.0

C
al

cu
la

te
d

 d
at

a 
-

F
R
*

Observed data - FR*

0.0

5.0

10.0

15.0

0.0 5.0 10.0 15.0

C
al

cu
la

te
d

 d
at

a 
-

F
R
*

Observed data - FR*

0.0

5.0

10.0

15.0

0.0 5.0 10.0 15.0

C
al

cu
la

te
d

 d
at

a 
-

F
R
*

Observed data - FR*



69                                                        Chapter III. Sediment Transport in Large Sewer Pipes 

 

 

 

Despite the new LASSO model outperforms existing regression-based models, the 

generalisation of this model is questionable. This model shows high variance (as shown in 

Figure 3-7), which is an indicator that the model is not generalised. In an attempt to solve 

this problem, the full experimental data reported in the literature plus the data collected here 

(i.e. Table 3-2) are used to develop a new model, using both LASSO and EPR-MOGA 

techniques. The data are randomly organised and divided into 75% for training and 25% for 

testing. The results are shown in Eq. (3-24) for the LASSO and Eq. (3-25) for the EPR-

MOGA model. 

𝑉𝑙

√𝑔𝑑(𝑆𝐺 − 1)
= 6.47𝐶𝑣

0.144 (
𝑑

𝑅
)
−0.292

𝐷𝑔𝑟
−0.195𝜆−0.085 (

𝑦𝑠

𝐷
)

−0.094

 (3-24) 

𝑉𝑙

√𝑔𝑑(𝑆𝐺 − 1)
= 9.34𝐶𝑣

0.20 (
𝑑

𝑅
)
−0.30

𝐷𝑔𝑟
−0.20𝜆−0.10 (

𝑦𝑠

𝐷
)
−0.10

 (3-25) 

Both previous models show the same group of explanatory variables to predict the 

particle Froude number. A slight difference in the values of the regression coefficients can 

be seen. Numerically, the performance of previous models is shown in Table 3-6. 

Graphically, the results can be seen in Figure 3-8. 

A) B) 

  
Figure 3-8. Comparison of Eq. (3-23) with Eq. (3-24) and Eq. (3-25). Experimental data collected on the 

595 mm PVC pipe. A) Training stage and B) Testing stage. 

As shown in Table 3-6, the performance of the models is almost identical for the 

entire datasets. Slight improvements can be seen when using the EPR-MOGA model, as the 
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Coefficient of Determination and the Root Mean Square Error show higher values. According 

to previous results, a regression-based model seems not to be enough for predicting the self-

cleansing capacity under the concept of non-deposition with deposited bed. A different 

model, which considers non-linear interaction between the input parameters seems to be 

essential for improving the self-cleansing calculation under these conditions.  

Table 3-6. Performance of new LASSO (Eq. (3-24)) and EPR-MOGA (Eq. (3-25)) models, developed by 

using the full experimental dataset shown in Table 3-2, compared to Eq. (3-23). Bolded values show best 

performing models. 

Data source Stage 
Performance 

Measure 

LASSO 

Eq. (3-24) 

EPR-MOGA 

Eq. (3-25) 

LASSO 

Eq. (3-23) 

PVC data Training 

𝑅𝑀𝑆𝐸 1.21 1.13 1.32 

𝑀𝐴𝑃𝐸 (%) 10.41 12.82 11.35 

𝑅2 0.85 0.86 0.82 

PVC data Testing 

𝑅𝑀𝑆𝐸 1.49 1.08 1.63 

𝑀𝐴𝑃𝐸 (%) 7.91 12.11 9.55 

𝑅2 0.73 0.86 0.68 

May et al. 

(1989) 
Testing 

𝑅𝑀𝑆𝐸 1.95 1.84 1.97 

𝑀𝐴𝑃𝐸 (%) 18.17 16.40 18.01 

𝑅2 0.00 0.00 0.00 

El-Zaemey 

(1991) 
Testing 

𝑅𝑀𝑆𝐸 0.60 0.60 0.60 

𝑀𝐴𝑃𝐸 (%) 11.99 12.69 11.93 

𝑅2 0.86 0.86 0.86 

Perrusquía 

(1991) 
Testing 

𝑅𝑀𝑆𝐸 0.55 0.57 0.56 

𝑀𝐴𝑃𝐸 (%) 13.08 13.58 13.17 

𝑅2 0.55 0.52 0.54 

May (1993) Testing 

𝑅𝑀𝑆𝐸 1.28 1.35 1.27 

𝑀𝐴𝑃𝐸 (%) 16.16 17.42 16.11 

𝑅2 0.56 0.51 0.57 

Ab Ghani 

(1993) 
Testing 

𝑅𝑀𝑆𝐸 0.95 0.92 1.05 

𝑀𝐴𝑃𝐸 (%) 11.65 10.12 13.04 

𝑅2 0.77 0.79 0.72 

 

 Summary and conclusions 

In this Chapter, the non-deposition criteria applied to large sewer pipes were studied. A set 

of 107 data and 54 data, for non-deposition without deposited bed and deposited bed, 

respectively, were collected at laboratory scale. These experiments were carried out varying 



71                                                        Chapter III. Sediment Transport in Large Sewer Pipes 

 

 

 

steady flow conditions and sediment characteristics. The data collected were used to test the 

performance of typical self-cleansing equations found in the literature. In addition, based on 

the LASSO technique, two new self-cleansing models were obtained for each non-deposition 

criterion. These new models were tested with data collected from literature and, the 

performance was measured by using the Root Mean Squared Error, the Mean Absolute 

Percentage Error, and the Coefficient of Determination.  

Based on the results obtained, the following conclusions are made: 

(1) The two new self-cleansing models developed and presented here have overall best 

predictive performance for two different sediment non-deposition criteria when 

compared to a selection of well-known literature models. This is especially true for 

predictions made on larger diameter pipes (500 mm and above).  

(2) The existing literature self-cleansing models tend to be overfitted, i.e. demonstrate a 

rather high prediction accuracy when applied to the data collected by the authors, but 

this accuracy quickly deteriorates when applied to the datasets collected by other 

authors. For large sewer pipes, these models, being developed for collected datasets 

on smaller diameter pipes, tend to systematically overestimate the threshold self-

cleansing velocities, especially in the case of non-deposition without deposited bed.  

(3) Despite the developed model for the non-deposition with deposited bed criterion (Eq. 

(3-23)) outperforms existing models, the generalisation capabilities are questionable. 

To better understand this sediment transport mode, a different model considering non-

linear interaction between the variables must be applied.  
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4. Machine Learning for 

Predicting Self-

Cleansing Conditions in 

Sewer Pipes 
3 

This Chapter aims to propose a new method for predicting the self-cleansing velocity 

required to avoid permanent deposition of material in sewer pipes. The new Random Forest 

(RF) based model was implemented using experimental data collected from the literature. 

The accuracy of the developed model was evaluated and compared with twelve promising 

literature models using multiple observed datasets. The results obtained demonstrate how 

the RF model is able to make predictions with high accuracy for the whole dataset used. 

These predictions clearly outperform predictions made by other models, especially for the 

case of non-deposition with deposited bed criterion. The volumetric sediment concentration 

was identified as the most important parameter for predicting self-cleansing velocity.   

 

 

 

 

This chapter was published as a Research Paper in the Water Research Journal (ISSN: 0043-1354). This chapter 

has been slightly modified to improve consistency along the dissertation. 
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 Background 

Previous chapters showed the main regression-based models traditionally used for predicting 

the self-cleansing capacity in small and large sewer pipes. For small pipes, the interaction 

between variables can be explained using a regression model, as shown in Chapter 2. 

However, for large sewers, especially those designed under the concept of non-deposition 

with deposited bed, this explanation is less clear. Existing models for the latter criterion show 

poor performance and generalisation capabilities.  

Most of the studies for both non-deposition criteria have developed predictive models 

which tend to be overfitted to their own experimental data. This problem can be seen in the 

earlier works, where no advanced techniques were used to develop regression models. Recent 

regression-models, which used novel techniques such as Evolutionary Polynomial 

Regression – Multi-Objective Genetic Algorithm and Least Absolute Shrinkage and 

Selection Operator have demonstrated better prediction results (as shown in Chapters 2 and 

3, respectively). 

In order to address the above overfitting issue in regression models, new Machine 

Learning (ML) and Artificial Intelligence (AI) techniques have been introduced for 

predicting self-cleansing velocity based on the concept of non-deposition sediment transport. 

A full review of the existing techniques reported in the literature is presented in Table 4-1 

and Table 4-2 for the non-deposition with and without deposited bed, respectively.  

Table 4-1. Existing ML/AI studies applied to the prediction of the self-cleansing capacity under the 

concept of non-deposition with deposited bed. 

Reference Technique Abbreviation Replicable? 

Safari et al. (2017b) Particle Swarm Optimization PSO YES 

Roushangar and 

Ghasempour (2017) 
Gene Expression Programming GEP YES 

Safari and Danandeh 

Mehr (2018) 
Multigene Genetic Programming MGP YES 

Safari and Shirzad 

(2019) 
Particle Swarm Optimization PSO YES 

Safari et al. (2020) 
Adaptive Neuro-Fuzzy Inference System 

hybridized with Invasive Weed Optimization 
ANFIS-IWO NO 

Danandeh Mehr and 

Safari (2020) 
Gene Expression Programming GEP YES 
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Table 4-2. Existing ML/AI studies applied to the prediction of the self-cleansing capacity under the 

concept of non-deposition without deposited bed. 

Reference Technique Abbreviation Replicable? 

Ab Ghani and Azamathulla 

(2011) 
Gene Expression Programming GEP YES 

Azamathulla et al. (2012) 
Adaptive Neuro-Fuzzy Inference 

Systems 
ANFIS NO 

Ebtehaj and Bonakdari (2013) Artificial Neural Network ANN NO 

Ebtehaj and Bonakdari (2016a) Group Method of Data Handling GMDH YES 

Ebtehaj and Bonakdari (2016b) 
Particle Swarm Optimization PSO Partially(*) 

Imperialist Competitive Algorithms ICA Partially(*) 

Ebtehaj et al. (2016b) 
Radial Basis Function Neural Network 

based on Decision Trees 
DT-RBF NO 

Ebtehaj and Bonakdari (2016c) 
Support Vector Regression coupled 

with the Firefly Algorithm 
SVR-FFA NO 

Ebtehaj et al. (2016a) 
Combined Support Vector Machine-

Wavelet Transform 

SVM-

Wavelet 
NO 

Ebtehaj et al. (2017b) 
Support Vector Machine coupled with 

the Firefly Algorithm 
SVM-FFA NO 

Najafzadeh et al. (2017) Decision Tree DT NO 

Qasem et al. (2017) 
Radial Basis Function with Particle 

Swarm Optimization 
RBFN-PSO NO 

Safari (2019) 

Decision Tree DT NO 

Generalized Regression Neural 

Network 
GRNN NO 

Multivariate Adaptive Regression 

Splines 
MARS YES 

Ebtehaj et al. (2019) 

Neuro-Fuzzy Inference System 

combined with the Particle Swarm 

Optimisation 

ANFIS-PSO YES 

Safari et al. (2019) 

Gene Expression Programming GEP YES 

Extreme Learning Machine ELM YES 

Generalized Structure Group Method 

of Data Handling 
GS-GMDH YES 

Fuzzy c-Means based Adaptive Neuro-

Fuzzy Inference System 
FCM-ANFIS YES 

Kargar et al. (2019) 
Gene Expression Programming GEP YES 

Neuro-Fuzzy NF NO 

Ebtehaj et al. (2020) Extreme Learning Machine ELM YES 
(*) Explicit values are reported in the corresponding paper 

The above models, developed using different ML/AI techniques (for both non-

deposition criteria), have improved the prediction accuracy of self-cleansing velocities and 

addressed the issues of model overfitting but only partially. As noted by Zendehboudi et al. 

(2018), these models still tend to have rather limited extrapolation capabilities meaning that 

once they are applied to datasets that were not used for their training, they tend to 

underperform. Also, the ML/AI based models developed so far are largely black-box type 

models (e.g. ANN, ANFIS and SVM-FFA, among others) meaning that, unlike white-box 
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type regression models, they suffer from low interpretability of physical significance of 

model inputs (i.e. explanatory factors), and interactions with the model output. 

The aim of this Chapter is to overcome above deficiencies using the Random Forest 

(RF) technique for predicting self-cleansing sewer velocities. RF (Breiman, 2001) is a 

flexible and interpretable supervised ML technique that combines the results (outputs) of 

multiple individual decision trees to make a prediction of interest. Due to its good 

characteristics and easy application, it has been a widely used for addressing many other 

problems in water engineering. Tyralis et al. (2019) showed a full review of studies in which 

RF was successfully applied to water resources problems, including estimation of suspended 

sediment concentration (Francke et al., 2008) and prediction of bedload in gravel-bed rivers 

(Khosravi et al., 2020). 

Using the RF technique, a new predictive self-cleansing model is developed and 

presented here for both non-deposition criteria (with and without deposited bed). This model 

aims to increase prediction accuracy whilst avoiding overfitting issues and enabling 

interpretability of results obtained. The new modelling technique is compared to the 

replicable models shown in Table 4-1 and Table 4-2 and several regression-based models 

mentioned in previous chapters using multiple datasets. 

 Data 

A critical aspect of implementing machine learning models is getting access to sufficient and 

high-quality data (Xenochristou and Kapelan, 2020). Because of the rule-of-thumb “the 

more, the better”, two additional datasets are included in this chapter (Mayerle (1988) 

rectangular cross-section channel and May et al. (1989) datasets). This inclusion aims both 

increasing the number of data and enlarging the range of variation. Table 4-3 outlines the 

range of variation of the data used, which includes the values already mentioned in both Table 

2-2 and Table 3-2. 

As shown in Table 4-3, a total of 607 and 454 are available for the development of 

models without deposited bed and deposited bed criteria, respectively. 
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Table 4-3. Data used for implementing and testing Random Forest model. 

Reference 
Non-deposition 

criterion 

No. 

of 

runs 

Channel 

Geometry 

(mm) 

Flow 

Velocity 

(m/s) 

Pipe Slope  

(%) 

Sediment 

Concentration 

(ppm) 

Sediment 

Thickness 

Bed (mm) 

Mayerle (1988) 

circular channel 
WDB 106 152 0.37 - 1.10 0.13 - 0.56 20.0 - 1275.0 - 

Mayerle (1988) 

rectangular channel 
WDB 105 

311.5 and 

462.3 
0.41 – 1.04 0.09 – 0.64 14.0 – 1568.0 - 

May et al. (1989) WDB 48 300 0.50 - 1.50 0.08 - 1.17 0.3 - 443.0 - 

Ab Ghani (1993) WDB 221 
154, 305 

and 405 
0.24 - 1.22 0.04 - 2.56 0.8 - 1450.0 - 

Ota (1999) WDB 36 305 0.39 - 0.74 0.2 4.2 - 59.4 - 

Vongvisessomjai et 

al. (2010) 
WDB 45 

100 and 

150 
0.24 - 0.63 0.20 - 0.60 4.0 - 90.0 - 

Acrylic data  WDB 44 242 0.24 - 1.05 0.20 - 0.80 0.3 - 875.7 - 

PVC data  WDB 107 595 0.41 - 1.41 0.04 - 3.43 1.3 - 19957.0 - 

El-Zaemey (1991) DB 290 305 0.39 - 0.96 0.05 - 0.44 7.0 - 917.0 47.0 – 120.0 

Perrusquía (1991) DB 38 225 0.29 - 0.67 0.20 - 0.60 18.7 - 408.0 45.0 – 90.0 

Ab Ghani (1993) DB 26 450 0.49 - 1.33 0.07 - 0.47 21.0 - 1259.0 52.0 – 108.0 

May (1993) DB 46 450 0.39 - 1.14 0.07 - 0.97 3.5 - 823.0 57.6 – 129.6 

PVC data DB 54 595 0.73 - 1.53 0.46 - 5.42 389.0 - 10275.0 0.8 – 6.6 

WDB: Without deposited bed; DB: With deposited bed 

 Methodology 

 Random Forest Model 

Random Forest model developed here predicts the particle Froude number as a function of 

several well-known dimensionless explanatory factors (Kargar et al., 2019; Vongvisessomjai 

et al., 2010):  

𝐹𝑟
∗ =

𝑉𝑙

√𝑔𝑑(𝑆𝐺 − 1)
= 𝑓 (𝐶𝑣, 𝐷𝑔𝑟 ,

𝑑

𝑅
, 𝜆,

𝑦𝑠

𝐷
) (4-1) 

 Random forest (RF) is a bagging algorithm for regression and classification problem 

proposed by Breiman (2001). This is a low-variance method, which randomly split the 

training data and the input variables predictors to build a set of 𝑏 decision trees (𝐵𝑡). The 

results of all decision trees (which show low-bias) generated from bootstrapped training 

samples (𝑇𝑏(𝑥; 𝛳𝑏)) are then averaged, i.e. the final result (�̂�(𝑥)) is the average of the output 

of all decision trees (as shown in Eq. (4-2)). This procedure ensures the reduction of the 
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model variance and consequently, the reduction of the risk of overfitting.  A simplified 

conceptual diagram of the RF method is shown in Figure 4-1. 

�̂�(𝑥) =
1

𝐵𝑡
∑ 𝑇(𝑥;𝛳𝑏)

𝐵𝑡

𝑏=1

 (4-2) 

 

 

Figure 4-1. Simplified conceptual diagram of the RF method. 

In this Chapter, the R package ‘RandomForest’ (Liaw and Wiener, 2002) was used 

for constructing both non-deposition, without deposited bed and deposited bed, self-

cleansing models. The number of predictors considered at each split (mtry) and the number 

of trees in the forest (𝐵𝑡) are the parameters that define the structure of the RF regression 

model. The mtry parameter is estimated by using the rfcv() function, which shows the cross-

validation performance for each number of predictors. In addition, the optimal number of 
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trees is defined as the value that minimises the Mean Square Error value of the training data. 

These parameters are estimated and the results are shown in Figure 4-2. According to this 

figure, the optimal number of features (i.e. the random predictors used in each tree) are three 

and four non-dimensional parameters for the cases of without deposited bed and with 

deposited bed, respectively. Similarly, the optimal number of trees is 325 for without 

deposited bed and 229 for with deposited bed.  

A) B) 

  

Figure 4-2. Selection of the optimal Random Forest parameters. 

Cross-validation is carried out during the training stage using out-of-bag (OOB) 

samples. As mentioned above, the method randomly bootstraps the training sample, that is, 

some of the training data are left out to build each decision tree. Only two out of three parts 

of the total training data are used to build the tree (Breiman, 2001). Based on this, data not 

included in the bootstrapped sample (out-of-bag data) are predicted, and the prediction error 

is averaged over the trees that do not include these data (OOB Error). 

4.3.1.1 Splitting of Training and Testing Data 

The whole benchmarking data collected from the literature are used for both training and 

testing stages of the RF model. Usually, 75% of the data are used during the training stage of 

the model and the other 25% to validate the results. According to Safari (2020), the range of 

variation in the training data has direct implications for model performance (i.e. accuracy). 

As a result, the model can show overfitting issues and poor extrapolation capabilities when 

narrow datasets are used in the training stage (i.e. data with a low range of variation).  
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Checking the non-overfitting of the RF model is carried out by using several sizes in 

the training and testing data (i.e. changing the percentage of data used as training and testing) 

and by verifying the error, defined by the Coefficient of Determination (as shown in Eq. 

(1-2)). For this, ten different combinations of percentages are defined (i.e. % of the training 

data : % of the testing data = [5:95, 15:85, 25:75, 35:65, 45:55, 55:45, 65:35, 75:25, 85:15, 

95:5]), randomly changing the ranges of the training and testing data, and developing 100 RF 

models for each combination. As a result, 1000 RF models are trained and the error is 

estimated for both training and testing stage. Using this information, several boxplots are 

constructed showing the R2 variation for each stage. Figure 4-3 shows how the model error 

decreases as the training sample size increases. For example, when only 5% of the whole 

dataset is used for training the model and the remaining 95% for testing it, the error varies 

between 0.84 and 0.96, for the training stage, and between 0.39 and 0.73 for the testing stage. 

This clearly shows that the model is under-trained; however, when the ratio is greater than 

50:50 the error tends to be constant and slightly variable for both stages. Ratios greater than 

90:10 tend to generate unsatisfactory results for the testing stage, i.e. the model is over-

trained and shows high variation in the error, i.e. overfitting, (as shown in Figure 4-3b). Based 

on this, a combination of 75:25 is taken as optimal for implementing the model.  

A) B) 

  

Figure 4-3. Variation of the training and testing error using different combination of percentages 

between the training and testing dataset. A) Training stage and B) Testing stage. 

Using the above considerations, the RF model is implemented with the optimal 

parameters defined in Figure 4-2. The implemented code for the RF method is shown as 

follows: 
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4.3.1.2 Measure of Feature Importance 

Note that in this Chapter, a decrease in model accuracy when the jth variable is permuted (i.e. 

the percentage of the increase in the Mean Square Error, %𝐼𝑛𝑐𝑀𝑆𝐸) is considered as a 

measure of the importance of a model input variable. This index shows the strength of each 

explanatory variable based on the reduction of the Mean Square Error. The step-by-step to 

calculate the %𝐼𝑛𝑐𝑀𝑆𝐸 is shown as follows (Hastie et al., 2009; James et al., 2013): 

(1) Calculate the Mean Square Error of the OOB-sample data in each tree of the forest. 

(𝑀𝑆𝐸𝑏) 

(2) Randomly permute the value of the jth explanatory variable and calculate the Mean 

Square Error. (𝑀𝑆𝐸𝑗) 

(3) Finally, calculate %𝐼𝑛𝑐𝑀𝑆𝐸 for each explanatory variable as: 

%𝐼𝑛𝑐𝑀𝑆𝐸 = 100 ∙
𝑀𝑆𝐸𝑗 − 𝑀𝑆𝐸𝑏

𝑀𝑆𝐸𝑏
 (4-3) 

As a result, the more the %𝐼𝑛𝑐𝑀𝑆𝐸 increases for a variable, the more important it is.  

 Performance Assessment 

In order to evaluate the RF model performance, it is compared to several literature models. 

The models selected for comparison are the replicable white-box models with high prediction 

accuracy reported in the literature and two black-box models where the implementing code 

is provided in the original papers. Other black-box models cannot be evaluated due to the 

limited replicability shown by these models (e.g. ANN, GRNN and DT, among others). 

> library(randomForest) 
> #data is as matrix [Cv d/R Frp Dgr λ] 
> data=read.csv(“data.csv”,header=TRUE,sep=“,”) 
> set.seed(4260) 
> train= sample(1:nrow(data),nrow(data)*0.75) 
> test=data[-train,] 
> train=data[train,] 
> rf=randomForest(Frp~.,data=train,localImp=TRUE,importance=TRUE, 
+  mtry=3,ntree=325) 
> rf.pred.train=predict(rf,newdata=train) 
> rf.pred.test=predict(rf,newdata=test)  
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Based on this, in the case of non-deposition without deposited bed, eight models selected are 

the EPR-MOGA model 3 (Eq. (2-25)), the GEP model (Kargar et al., 2019), the MARS model 

(Safari, 2019), the May et al. (1996) model, the Safari and Aksoy (2020) model, the ANFIS-

PSO model (Ebtehaj et al., 2019), the FCM-ANFIS model (Safari et al., 2019) and the GS-

GMDH model (Safari et al., 2019). In the case of non-deposition with deposited bed, four 

models used for comparison are the PSO model (Safari and Shirzad, 2019), the LASSO 

model (Eq. (3-23)), the MGP model (Safari and Danandeh Mehr, 2018) and the GEP model 

(Danandeh Mehr and Safari, 2020). The EPR-MOGA, LASSO, May et al. (1996) and Safari 

and Aksoy (2020) are the regression type models whilst GEP, MARS, ANFIS-PSO, FCM-

ANFIS, GS-GMDH, PSO and MGP models make use of ML/AI techniques. The equations 

used by above 12 models are as follows:  

EPR-MOGA: 

𝑣𝑙

√𝑔𝑑(𝑆𝐺 − 1)
= 5.60𝑆𝑜

0.14𝐶𝑣
0.16𝐷𝑔𝑅

0.02 (
𝑑

𝑅
)
−0.58

 (2-26) 

GEP, Non-deposition without deposited bed (Kargar et al., 2019): 

𝑉𝑙

√𝑔𝑑(𝑆𝐺 − 1)
=

3.05𝐶𝑣
0.16

atan (atan(√𝑑
𝑅))

+ atan(3.41 − ln(𝐷𝑔𝑟))

+ atan(tan((8.37 − 7.99𝜆 +
𝑑

𝑅
𝜆)

2

)

2

) + ln(((
𝑑

𝑅
)
3

)

2𝜆

) 

(4-4) 

MARS:  

𝑉𝑙

√𝑔𝑑(𝑆𝐺 − 1)
= 7.26 − 1.75 ∙ 𝑚𝑎𝑥(0, 𝑑/𝑅 − 0.12) + 2

∙ 𝑚𝑎𝑥(0,0.12 − 𝑑/𝑅) + 15.89 ∙ 𝑚𝑎𝑥(0, 𝐶𝑣 − 0.44) − 16.42

∙ 𝑚𝑎𝑥(0,0.44 − 𝐶𝑣) + 0.47 ∙ 𝑚𝑎𝑥(0, 𝐷𝑔𝑟 − 0.29) − 7.25

∙ 𝑚𝑎𝑥(0, 𝜆 − 0.3) − 16.03 ∙ 𝑚𝑎𝑥(0, 𝐶𝑣 − 0.01) + 3.7

∙ 𝑚𝑎𝑥(0, 𝐷𝑔𝑟 − 0.12) − 4.33 ∙ 𝑚𝑎𝑥(0, 𝐷𝑔𝑟 − 0.08) + 0.43

∙ 𝑚𝑎𝑥(0, 𝜆 − 0.59) + 6.75 ∙ 𝑚𝑎𝑥(0, 𝜆 − 0.28) + 1.67
∙ 𝑚𝑎𝑥(0, 𝑑/𝑅 − 0.07) 

(4-5) 
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May et al. (1996): 

𝐶𝑣 = 0.0303 (
𝐷2

𝐴
) (

𝑑

𝐷
)

0.6

(1 −
𝑉𝑡

𝑉𝑙
)
4

(
𝑉𝑙

2

𝑔𝐷(𝑆𝐺 − 1)
)

1.5

 (4-6) 

Safari and Aksoy (2020): 

𝑉𝑙

√𝑔𝑑(𝑆𝐺 − 1)
= 4.83𝐶𝑣

0.09 (
𝑑

𝑅
)
−0.32

𝐷𝑔𝑟
−0.14 (

𝑃

𝐵
)
0.20

 (4-7) 

PSO: 

𝑉𝑙

√𝑔𝑑(𝑆𝐺 − 1)
= 3.66𝐶𝑣

0.16 (
𝑑

𝑅
)
−0.40

(
𝑦𝑠

𝑌
)
−0.10

 (4-8) 

LASSO: 

𝑉𝑙

√𝑔𝑑(𝑆𝐺 − 1)
= 5.83𝐶𝑣

0.144 (
𝑑

𝑅
)
−0.305

𝜆−0.059𝐷𝑔𝑟
−0.169 (

𝑦𝑠

𝐷
)
−0.104

 (3-23) 

MGP: 

𝑉𝑙

√𝑔𝑑(𝑆𝐺 − 1)
= 1.96 − 0.61𝜆 − 0.51𝐶𝑣 + 1.18𝐷𝑔𝑟

0.50𝜆1.50

+ 0.61 (2𝐶𝑣 +
𝑑

𝑅
)
0.50

− 2.45 (
𝑑

𝑅
)
1/8

 

(4-9) 

GEP, non-deposition with deposited bed (Danandeh Mehr and Safari, 2020): 

𝑉𝑙

√𝑔𝑑(𝑆𝐺 − 1)
=

𝐶𝑣

45.25 (
𝑑
𝑅) + (𝐶𝑣 − 𝜆)

+ 𝐷𝑔𝑟
0.25 + 𝐷𝑔𝑟 − 2𝐷𝑔𝑟

0.50𝜆

+ 𝐷𝑔𝑟 (
𝑑

𝑅
− 0.79) − (

𝑑

𝑅
) 

(4-10) 

ANFIS-PSO, FCM-ANFIS and GS-GMDH codes can be found in Ebtehaj et al. (2019) and 

Safari et al. (2019). 
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The RF model performance is evaluated and compared to above 12 models using the 

three performance indicators presented in Chapter 1 (Eq. (1-1)-(1-3)).  

 Results 

The results obtained by using the methodology shown above are presented in Table 4-4 and 

Table 4-5, for without deposited bed and deposited bed criteria, respectively. Graphically, 

these results are shown in Figure 4-5 and Figure 4-6. As shown in these tables, for the MARS, 

ANFIS-PSO, FCM-ANFIS and GS-GMDH models, the outliers of the particle Froude 

number (i.e. 𝐹𝑟
∗ < 0.00 and 𝐹𝑟

∗ > 20.00) were removed. This is because these models can 

produce extreme values (e.g. 𝐹𝑟
∗ = -58.67 or 𝐹𝑟

∗ = 163.59, among others) that misrepresent 

the model comparison when evaluating the performance indices.  

Table 4-4. Accuracy of self-cleansing models for without and with deposited bed criterion using 

performance indices for training and testing dataset. Bolded values show best performance model. 

Dataset 
Performance 

Index 

Model  

RF 
EPR-

MOGA 
GEP MARS 

May 

et al. 

(1996) 

Safari 

and 

Aksoy 

(2020) 

ANFIS-

PSO 

FCM-

ANFIS 

GS-

GMDH 

Training 

𝑅2 0.98 0.90 0.76 0.09 0.43 0.62 0.56 0.40 0.46 

𝑅𝑀𝑆𝐸 0.34 0.84 1.28 2.50 1.32 1.62 1.71 2.01 1.88 

𝑀𝐴𝑃𝐸 (%) 4.87 11.66 22.55 32.94 21.08 17.95 19.27 29.01 27.43 

Testing 

𝑅2 0.93 0.88 0.75 0.05 0.33 0.65 0.58 0.33 0.49 

𝑅𝑀𝑆𝐸 0.76 0.99 1.39 2.73 2.30 1.66 1.80 2.29 1.83 

𝑀𝐴𝑃𝐸 (%) 10.65 13.31 26.18 34.78 18.17 18.25 20.12 31.05 28.96 

Mayerle (1988) 

circular 

𝑅2 0.97 0.89 0.87 0.87 0.87 0.75 0.80 0.87 0.83 

𝑅𝑀𝑆𝐸 0.40 0.75 0.81 0.81 0.82 1.12 1.00 0.82 0.92 

𝑀𝐴𝑃𝐸 (%) 5.65 8.90 14.77 14.03 11.49 14.91 17.92 12.54 15.98 

Mayerle (1988) 

rectangular 

𝑅2 0.89 0.38 0.30 0.81 0.00 0.87 0.00 0.80 0.86 

𝑅𝑀𝑆𝐸 0.61 1.44 1.54 0.81 2.51 0.66 2.74 0.82 0.69 

𝑀𝐴𝑃𝐸 (%) 10.05 28.97 33.00 15.51 44.85 13.14 45.28 17.35 14.11 

May et al. 

(1989) 

𝑅2 0.97 0.59 0.45 0.36 0.64  0.59 0.04 0.00 

𝑅𝑀𝑆𝐸 0.48 1.69 1.95 2.10 1.57  1.69 2.57 2.91 

𝑀𝐴𝑃𝐸 (%) 3.98 16.55 15.07 14.79 13.51  15.70 23.60 26.72 

Ab Ghani (1993) 

𝑅2 0.97 0.96 0.83 0.72 0.90 0.81 0.88 0.79 0.77 

𝑅𝑀𝑆𝐸 0.40 0.43 0.89 1.15 0.67 0.94 0.74 0.98 1.05 

𝑀𝐴𝑃𝐸 (%) 5.87 9.35 22.33 28.08 10.32 15.60 10.34 21.50 20.25 

Ota (1999) 

𝑅2 0.97 0.98 0.44 0.00 0.96 0.97 0.97 0.80 0.23 

𝑅𝑀𝑆𝐸 0.25 0.20 1.00 1.48 0.27 0.25 0.22 0.60 1.17 

𝑀𝐴𝑃𝐸 (%) 5.10 6.90 37.92 51.28 7.78 7.90 6.46 16.89 36.46 

Vongvisessomjai 

et al. (2010) 

𝑅2 0.94 0.95 0.79 0.49 0.99 0.71 0.97 0.58 0.69 

𝑅𝑀𝑆𝐸 0.36 0.33 0.66 1.03 0.13 0.78 0.24 0.93 0.80 

𝑀𝐴𝑃𝐸 (%) 5.63 5.78 11.45 13.63 2.38 13.34 3.62 15.68 12.29 
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Dataset 
Performance 

Index 

Model  

RF 
EPR-

MOGA 
GEP MARS 

May 

et al. 

(1996) 

Safari 

and 

Aksoy 

(2020) 

ANFIS-

PSO 

FCM-

ANFIS 

GS-

GMDH 

Acrylic data 

𝑅2 0.94 0.98 0.00 0.00 0.83 0.67 0.77 0.00 0.00 

𝑅𝑀𝑆𝐸 0.38 0.25 1.64 2.36 0.67 0.94 0.75 2.09 2.91 

𝑀𝐴𝑃𝐸 (%) 4.98 4.94 28.15 49.73 11.61 15.39 12.39 42.01 53.15 

PVC data 

𝑅2 0.94 0.86 0.76 0.00 0.00 0.34 0.00 0.00 0.00 

𝑅𝑀𝑆𝐸 0.67 1.03 1.37 2.88 4.88 2.26 3.01 4.00 3.19 

𝑀𝐴𝑃𝐸 (%) 6.54 11.31 14.35 29.14 48.97 23.44 30.56 43.15 31.77 

AAAA: Model not valid for non-circular channels 

AAAA: Outliers removed 

AAAA: Full-pipe flow values removed 

As seen in Table 4-4, Random Forest model shows a better generalisation capacity 

than other models shown, as demonstrated in high prediction accuracy observed for all 

available datasets (0.89 > R2 > 0.98, 0.25 > 𝑅𝑀𝑆𝐸 > 0.76 and 3.98% > 𝑀𝐴𝑃𝐸 > 10.65%). 

The following observations can be made from the performance of the other models evaluated:  

• EPR-MOGA, similarly to RF, shows good results but has inferior accuracy in large 

sewer pipes (R2= 0.86, 𝑅𝑀𝑆𝐸 = 1.03 and 𝑀𝐴𝑃𝐸 = 11.31%) and in the data collected 

by May et al. (1989) (R2= 0.59, 𝑅𝑀𝑆𝐸 = 1.69 and 𝑀𝐴𝑃𝐸 = 16.55%). In addition, 

EPR-MOGA model shows limitations for predicting the particle Froude number in 

non-circular sections (as shown in the Mayerle (1988) rectangular data). This 

equation shows good extrapolation capabilities because of the inclusion of the pipe 

slope as input feature for the self-cleansing prediction. 

• GEP shows acceptable results (0.79 > R2 > 0.87, 0.66 > 𝑅𝑀𝑆𝐸 > 0.89 and 11.45% > 

𝑀𝐴𝑃𝐸 > 22.33%) for the datasets used for its development in circular channels (Ab 

Ghani, 1993; Mayerle, 1988; Vongvisessomjai et al., 2010) and poor performance for 

other datasets (0.00 > R2 > 0.76, 1.00 > 𝑅𝑀𝑆𝐸 > 1.95 and 14.35% > 𝑀𝐴𝑃𝐸 > 

37.92%). This model presents good performance for large sewer pipes. In contrast, 

for non-circular channels the model quickly loss accuracy.  

• According to Safari (2019), MARS model was developed by using the experimental 

data collected by Mayerle (1988) (in both circular and rectangular channels), May 

(1993), Ab Ghani (1993) and Vongvisessomjai et al. (2010). As a result, this model 

shows acceptable performance for these datasets (0.49 > R2 > 0.87, 0.81 > 𝑅𝑀𝑆𝐸 > 
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1.15 and 13.63% > 𝑀𝐴𝑃𝐸 > 28.08%) but poor performance for the remaining datasets 

(0.00 > R2 > 0.36, 2.10 > 𝑅𝑀𝑆𝐸 > 2.88 and 14.79% > 𝑀𝐴𝑃𝐸 > 51.28%). Based on 

the above, and compared to the RF model, limited extrapolation capabilities are 

identified for the MARS model.    

• May et al. (1996) is the best regression-based equation reported in the literature 

(Ackers et al., 2001; Butler et al., 1996a, 1996b; Ebtehaj et al., 2014), as it was 

developed using several experimental datasets. This is the equation proposed by the 

Construction Industry Research and Information Association (CIRIA) for designing 

self-cleansing sewer pipes transporting coarser granular material as bedload (Ackers 

et al., 2001). This model shows good performance for pipe diameters less than 500 

mm (0.64 > R2 > 0.99, 0.13 > 𝑅𝑀𝑆𝐸 > 1.57 and 2.38% > 𝑀𝐴𝑃𝐸 > 13.51%). In 

contrast, limited extrapolation for large sewer pipes is identified as the low 

performance indices values obtained (R2 = 0.00, 𝑅𝑀𝑆𝐸 = 4.88 and 𝑀𝐴𝑃𝐸 = 48.97%). 

This equation shows better performance than the RF model when compared to data 

from Vongvisessomjai et al. (2010), but lower accuracy when applied to the rest of 

the datasets.  

• Safari and Aksoy (2020) model is a competitive equation for predicting the self-

cleansing velocity in both circular and non-circular channels. This model shows 

similar but inferior performance to EPR-MOGA model in small sewer pipes (0.67 > 

R2 > 0.97, 0.25 > 𝑅𝑀𝑆𝐸 > 1.12 and 7.90% > 𝑀𝐴𝑃𝐸 > 15.60%), but in large sewers 

the accuracy is quickly lost (R2 = 0.34, 𝑅𝑀𝑆𝐸 = 2.26 and 𝑀𝐴𝑃𝐸 = 23.46%). In 

contrast, this model offers good performance in non-circular channels  (R2 = 0.87, 

𝑅𝑀𝑆𝐸 = 0.66 and 𝑀𝐴𝑃𝐸 = 13.41%), which is a competitive performance compared 

to the RF model  (R2 = 0.89, 𝑅𝑀𝑆𝐸 = 0.61 and 𝑀𝐴𝑃𝐸 = 10.05%). This is because of 

the inclusion of the 𝑃/𝐵 relation as explanatory variable for predicting the particle 

Froude number. Despite this is a competitive model, it shows a lack for predicting the 

self-cleansing conditions in full-flow pipes (i.e. in the May et al. (1989) dataset). 

When this condition is presented, the water surface width (𝐵) tends to zero and the 

(
𝑃

𝐵
)
0.2

 term tends to extremely high values, affecting the particle Froude number 

calculation. 
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• According to Ebtehaj et al. (2019), ANFIS-PSO model was developed by using the 

experimental data collected by Ab Ghani (1993), Ota (1999) and Vongvisessomjai et 

al. (2010). As a result, this model shows good performance for these datasets (0.88 > 

R2 > 0.97, 0.22 > 𝑅𝑀𝑆𝐸 > 0.74 and 3.62% > 𝑀𝐴𝑃𝐸 > 10.34%). In large sewers and 

non-circular channels, the model losses accuracy (R2 = 0.00, 0.74 > 𝑅𝑀𝑆𝐸 > 3.01 and 

10.34% > 𝑀𝐴𝑃𝐸 > 30.56%). This model produces some extreme values when the 

particle Froude number is calculated, especially in the PVC experimental dataset. The 

RF model generates better results compared to this model. 

• FCM-ANFIS and GS-GMDH were trained with the May (1993), Ab Ghani (1993), 

Vongvisessomjai et al. (2010) and Mayerle (1988), both rectangular and circular, 

datasets. As a result, both models show good accuracy for these datasets (0.58 > R2 > 

0.87, 0.80 > 𝑅𝑀𝑆𝐸 > 1.05 and 12.29% > 𝑀𝐴𝑃𝐸 > 21.50%). In contrast, both models 

cannot represent the experimental data collected in the rest of the data (i.e. May et al. 

(1989), Ota (1999), acrylic data and PVC data). Clearly, both models show overfitting 

issues as good and poor performance is shown on the training and testing stage, 

respectively. This can be seen here in the Figure 4-4, where clearly the training error 

is significantly less than testing error. Both models cannot be used for external 

datasets because of the poor generalization and extrapolation limitations shown here. 

A) B) 

  

Figure 4-4. Accuracy of black-box models ANFIS-PSO, FCM-ANFIS and GS-GMDH applied on both 

training (reported by Ebtehaj et al. (2019) and Safari et al. (2019)) and testing data. 

0

4

8

12

16

20

0 4 8 12 16 20

C
al

cu
la

te
d
, 

F
r*

Observed, Fr*

Training stage

ANFIS-PSO FCM-ANFIS GS-GMDH

0

4

8

12

16

20

0 4 8 12 16 20

C
al

cu
la

te
d

, 
F

r*

Observed, Fr*

Testing stage

ANFIS-PSO FCM-ANFIS GS-GMDH



87                Chapter IV. Machine Learning for predicting sediment transport in sewer pipes 

 

 

A) B) 

  
C) D) 

  
E) F) 

  
  

0

4

8

12

16

0 4 8 12 16

C
al

cu
la

te
d
 R

F
, 

F
r*

Observed, Fr*

0

4

8

12

16

0 4 8 12 16

C
al

cu
la

te
d
 E

P
R

-M
O

G
A

, 
F

r*

Observed, Fr*

0

4

8

12

16

0 4 8 12 16

C
al

cu
la

te
d

 G
E

P,
 F

r*

Observed, Fr*

0

4

8

12

16

0 4 8 12 16

C
al

cu
la

te
d

 M
A

R
S

, 
F

r*

Observed, Fr*

0

4

8

12

16

0 4 8 12 16

C
al

cu
la

te
d

 M
ay

 e
t 

al
. 

(1
9

9
6

),
 F

r*

Observed, Fr*

0

4

8

12

16

0 4 8 12 16

C
al

cu
la

te
d

 S
af

ar
i 

an
d

 A
k

so
y
 (

2
0

2
0
),

 F
r*

Observed, Fr*



88                Chapter IV. Machine Learning for predicting sediment transport in sewer pipes 

 

 

G) H) 

  

Figure 4-5. Performance of all the models applied in the non-deposition without deposited bed testing 

dataset. 

An interesting result is the poor performance of all models (0.00 > 𝑅2 > 0.64, 1.57 > 

𝑅𝑀𝑆𝐸 > 5.00 and 13.51% > 𝑀𝐴𝑃𝐸 > 43.45%), except RF, when applied to the May et al. 

(1989) data. This result can be explained by the fact that May et al. (1989) considered 

experiments for both full and partially filled pipe. The full-flow condition is not presented in 

other datasets reported in the literature; therefore, it is not used during the training stage of 

the polynomial structures or the AI/ML based models. Based on this, a different interaction 

between the parameters cannot be described by these models when the pipe is flowing full. 

RF model is able to represent this interaction and consequently, outperform the results for 

full-flow conditions (𝑅2 = 0.97, 𝑅𝑀𝑆𝐸 = 0.48 and 𝑀𝐴𝑃𝐸 = 3.98%).    

According to the results shown in Table 4-5 (deposited bed criterion), RF model 

outperforms the other models for the entire considered dataset. This model shows good 

accuracy levels (0.84 > 𝑅2 > 0.98, 0.32 > 𝑅𝑀𝑆𝐸 > 0.81 and 4.70% > 𝑀𝐴𝑃𝐸 > 12.10%) for 

all the range of variation of the hydraulics and sediment characteristics. 
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Table 4-5. Accuracy of self-cleansing models for deposited bed criterion using performance indices for 

training and testing dataset. Bolded values show best performance model. 

Dataset 
Performance 

Index 

Model 

RF PSO LASSO MGP GEP 

Training 

𝑅2 0.98 0.75 0.82 0.51 0.07 

𝑅𝑀𝑆𝐸 0.32 1.30 1.13 1.69 2.56 

𝑀𝐴𝑃𝐸 (%) 4.70 14.36 13.07 28.78 64.30 

Testing 

𝑅2 0.91 0.70 0.83 0.29 0.13 

𝑅𝑀𝑆𝐸 0.80 1.47 1.10 2.19 2.58 

𝑀𝐴𝑃𝐸 (%) 12.10 15.94 12.59 31.36 65.75 

El-Zaemey 

(1991) 

𝑅2 0.94 0.78 0.83 0.54 0.00 

𝑅𝑀𝑆𝐸 0.38 0.76 0.66 1.08 2.58 

𝑀𝐴𝑃𝐸 (%) 6.49 14.28 11.97 30.19 83.39 

Perrusquía 

(1991) 

𝑅2 0.84 0.65 0.62 0.00 0.00 

𝑅𝑀𝑆𝐸 0.33 0.49 0.50 1.29 3.18 

𝑀𝐴𝑃𝐸 (%) 7.07 10.15 12.05 30.58 72.76 

Ab Ghani 

(1993) 

𝑅2 0.91 0.56 0.74 0.51 0.00 

𝑅𝑀𝑆𝐸 0.60 1.32 1.01 1.40 2.12 

𝑀𝐴𝑃𝐸 (%) 6.13 16.26 11.19 13.07 28.97 

May (1993) 

𝑅2 0.90 0.63 0.64 0.54 0.69 

𝑅𝑀𝑆𝐸 0.62 1.18 1.16 1.31 1.08 

𝑀𝐴𝑃𝐸 (%) 6.50 13.47 14.26 14.21 12.38 

PVC data 

𝑅2 0.93 0.00 0.73 0.00 0.00 

𝑅𝑀𝑆𝐸 0.81 3.06 1.56 5.54 3.96 

𝑀𝐴𝑃𝐸 (%) 6.84 21.05 10.36 58.79 45.23 

AAAA: Outliers removed 

Comments related to the other models studied are as follows: 

• PSO model was developed by using the experimental data collected by El-Zaemey 

(1991), Perrusquía (1991), May (1993) and Ab Ghani (1993). As a result, this model 

shows good performance for these datasets (0.56 > 𝑅2 > 0.78, 0.49 > 𝑅𝑀𝑆𝐸 > 1.32 

and 10.15% > 𝑀𝐴𝑃𝐸 > 16.26%). However, when the model is compared to the data 

collected in the large sewer pipe, the accuracy quickly decreases (R2 = 0.00, 𝑅𝑀𝑆𝐸 

=3.06 and 𝑀𝐴𝑃𝐸 = 21.05%).  

• LASSO model reports good accuracy levels for all the datasets considered (0.62 > 𝑅2 

> 0.83, 0.50 > 𝑅𝑀𝑆𝐸 > 1.56 and 10.36% > 𝑀𝐴𝑃𝐸 > 14.26%). However, the accuracy 

is still inferior compared to the RF model. In addition, as shown in Chapter 3, the 

model graphically shows low bias and high variance values in the testing dataset (as 

seen in Figure 3-7). Despite the model shows good performance indices values, the 

extrapolation and generalisation capabilities are limited.   
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• MGP and GEP models were developed by using the same experimental datasets of 

the PSO model. Both models show less accuracy compared to the PSO model (0.00 

> 𝑅2 > 0.54, 1.08 > 𝑅𝑀𝑆𝐸 > 5.54 and 13.07% > 𝑀𝐴𝑃𝐸 > 58.79%). In large sewer 

pipes, these models show poor performance and limited generalisation capabilities. 

Since both models were developed by using normalised values, the range of variation 

used for training the model can potentially affect the final form/structure of the final 

expression shown.  

A) B) 

  
C) D) 

  

Figure 4-6. Performance of models applied in the non-deposition with deposited bed testing dataset. 

RF accuracy shown in the PVC data is especially important due to the relative 

sediment thickness used at laboratory scale here. As Table 3-2 shows, the sediment thickness 
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used at laboratory scale ranging from 0.8 mm (for the PVC data) to 129.6 mm (for May 

(1993) data), i.e. the variation of 𝑦𝑠/𝐷 is from 1.1% to 20.0% of the pipe diameter. As 

explained in Chapter 3, the experimental data collected in the PVC pipe is the closer 

representation of the actual conditions found in real sewers. Based on this, RF is the model 

that best predicts the self-cleansing velocity for data close to real conditions.  

 Variable importance 

RF model input variable importance is presented in Figure 4-7. As shown in this figure, for 

both non-deposition criteria the most important variable is the volumetric sediment 

concentration, followed by the dimensionless grain size and the relative grain size. This result 

is consistent with previous findings reported in the literature (Ackers et al., 2001; 

Azamathulla et al., 2012; Ebtehaj et al., 2020, 2019; Najafzadeh et al., 2017). Less important 

parameters for predicting the particle Froude number and thus the self-cleansing velocity, are 

the relative sediment thickness and the channel friction factor, for the deposited bed criterion.  

Parameter importance shown by LASSO, EPR-MOGA, PSO and Safari and Aksoy 

(2020) is quite different. In these techniques, the most important parameter is the relative 

grain size due to the highest values of the regression coefficients ((
𝑑

𝑅
)
−𝑐

;  0.305 < 𝑐 <

0.58), as shown in Eq. (3-23), Eq. (2-26), Eq. (4-8) and Eq. (4-7). The parameter importance 

for the GEP, MARS and MGP model is less intuitive because of the form of the equations, 

as shown in Eq. (4-4), Eq. (4-5) and Eq. (4-9), which include logarithmic and inverse tangent 

functions for calculating the particle Froude number. Less comparable are the results shown 

by ANFIS-PSO, FCM-ANFIS and GS-GMDH since no practical equations are provided.  

Based on the results shown in Figure 4-7, a good estimate of the volumetric sediment 

concentration seems to be essential for increasing the accuracy of the calculation of the 

particle Froude number and consequently the minimum self-cleansing velocity for both non-

deposition criteria. In addition, hydraulic characteristics of the pipe (defined by the hydraulic 

radius) and the sediment characteristics (i.e. particle diameter and specific gravity) are 

proportionally important for model performance. 
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Figure 4-7. Variable importance estimated by the RF model. A) Without deposited bed and B) With 

deposited bed. 

 Discussion 

The prediction of self-cleansing conditions in sewers remains a challenge despite multiple 

models and equations developed and reported in the literature. Existing regression-based 

equations and AI/ML models show limited generalisation capabilities and overfitting 

problems. In this chapter, a new approach for addressing these issues is proposed by using 

the Random Forest method.   

Due to the nature of the RF method, where the model variance is reduced by averaging 

the results from an ensemble of decision trees, the risk of overfitting is low. By using a 

reduced number of input features for constructing each decision tree in the forest, the 

correlation between base trees is avoided. This is an improvement of the method compared 

to a single decision tree, which can be overtrained (i.e. the tree learns the noise from the 

training data) and thus shows poor performance in the testing dataset. 

RF model showed good generalisation capabilities when the whole data set is divided 

into 75% for the training stage and 25% for the testing stage. For this percentage of split data, 

the testing error presented a low variance. In contrast, by increasing the number of data used 

in the training stage (e.g. 95% of the whole data) the testing error showed a high variance, 

which is an indicator of an over-trained model with limited extrapolation capabilities (as 



93                Chapter IV. Machine Learning for predicting sediment transport in sewer pipes 

 

 

shown in Figure 4-3b). Therefore, choosing the right percentage split is critical to avoid 

model overfitting. 

Variable importance analysis showed that the volumetric sediment concentration is 

the most relevant feature for predicting the self-cleansing velocity in practice for both non-

deposition criteria, followed by the dimensionless grain size. The self-cleansing prediction is 

no conditioned by the channel material, as the low variable importance shown by the channel 

friction factor.  

RF results are compared to existing models reported in the literature and showed 

better performance for the whole dataset for both non-deposition without and with deposited 

bed criteria. This is explained by several factors, such as: 

• RF is able to better capture the non-linearity in the data compared to linear regression 

models (i.e. traditional regression-based models proposed by May et al. (1996) and 

Safari and Aksory (2020)). The RF model also better captures complex interactions 

between features. This is because of RF model’s ability to capture effectively non-

linear patterns in data. 

• RF showed a good bias-variance trade-off (i.e. low bias and low variance) for both 

non-deposition criteria. Existing black-box models reported in the literature (i.e. 

ANFIS-PSO, FCM-ANFIS and GS-GMDH) presented low bias and high variance 

(i.e. overfitting) for the non-deposition without deposited bed criterion, as shown in 

Figure 4-8A. In contrast, EPR-MOGA and GEP models showed good bias-variance 

trade-off, but inferior compared to RF. For the non-deposition with deposited bed 

criterion, the existing models (i.e. PSO, LASSO and MGP) showed higher bias than 

RF, since these models systematically underestimate the particle Froude number in 

the testing dataset (as shown in Figure 4-6) for particle Froude numbers above 8.0. 

GEP model is clearly overfitted as low bias and high variance is seen.  
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A) 

 
B) 

 

Figure 4-8. Bias and variance calculation for self-cleansing models in the testing dataset. A) Non-

deposition without deposited bed and B) Non-deposition with deposited bed. 

• The range of variation used for training and testing the RF model is much larger than 

the dataset used in the literature for developing the existing predictive models. For 

example, the ANFIS-PSO, FCM-ANFIS and GS-GMDH were trained and testing 

with the Ab Ghani (1993), Ota (1999) and Vongvisessomjai et al. (2010) data (i.e. 

290 data approx.). Given this, the RF model developed here is able to predict the 

particle Froude number for a larger range of variation of the input conditions.  

• RF is able to make accurate particle Froude number predictions in non-circular and 

non-rectangular cross-sections, at least in U-shape channels, as shown in Figure 4-9.  
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Figure 4-9. RF applied in the U-shape channel data reported (Loveless, 1992; Safari et al., 2015) 

Despite the RF presented in this study outperforms the existing models reported in 

the literature, further tests with data collected in real sewers should be conducted. The 

cohesive effects of the deposited material must be included for future developments.  

 Summary and Conclusions 

Random Forest based model was developed for predicting the self-cleansing velocity under 

the concept of non-deposition of sediment transport. This model was implemented using the 

experimental benchmark data reported in the literature. The RF model was compared to 12 

literature models. The following conclusions are made based on the results obtained: 

(1) Random Forest model is able to predict the particle Froude number (i.e. minimum 

self-cleansing velocity) for the non-deposition self-cleansing design criteria with high 

accuracy on validation (i.e. unseen) data. This is due to the ability of RF to better 

generalise the analysed data, i.e. the ability to avoid model overfitting.  

(2) RF model prediction accuracy is consistently superior to 12 other literature models 

considered here. This is likely due to the reason mentioned above but also the 

capability to better capture the complex interactions between input variables when 

compared to other models considered in this chapter. This is especially relevant for 

the non-deposition with deposited bed case where the accuracy of RF model 
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predictions is substantially higher than in other models (i.e. LASSO, MGP, GEP and 

PSO models).  

(3) The volumetric sediment concentration is the most important input variable for 

predicting the self-cleansing velocity in sewer pipes. A good characterisation of this 

parameter seems to be essential for improving the design of new self-cleansing 

sewers. 

Based on the above, RF can be used for predicting self-cleansing velocity with high 

accuracy, especially for large sewer pipes with the presence of deposited bed. This technique 

can be used for designing self-cleansing sewer systems.  
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5. Sediment Transport 

Under Unsteady Flow 

Conditions 
4 

This chapter aims to develop a new model for predicting the sediment transport rate during 

flushing discharges. The new model was developed using experimental data collected in two 

pipes, one 209 mm diameter acrylic pipe and another 595 mm diameter PVC pipe. Using the 

new model, a series of design charts were developed to predict the sediment transport rate 

and the required flushing operation time for several pipe diameters, varying both sediment 

and hydraulic characteristics. The pipe slope and the discharged peak flow were identified 

as the most important variables for modelling the flushing efficiency in sewer pipes. Accurate 

results were obtained when the new model was applied in a case study reported in the 

literature. The new model can be used to predict flushing efficiency and design new flushing 

cleaning schedules in existing sewer systems. 
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 Introduction 

In previous chapters, the sediment transport phenomenon was studied in the context of steady 

flow conditions, which are related (not always) to the design stage of sewer systems. The 

non-deposition sediment transport concept was introduced and used for developing self-

cleansing models useful for designing new sewer infrastructure. The management of existing 

sewers, especially cleaning schemes, is most commonly defined by the bed sediment motion 

criterion. In this chapter, this criterion under unsteady flow conditions is studied as flushing 

waves.  

Flushing waves, also named surge flushing technique, has been identified as an 

efficient (Bong et al., 2016a; Yang et al., 2019) and cost-effective (Campisano et al., 2019, 

2007) method for cleaning deposited sediments in existing sewer lines. This method aims to 

remove the deposited sediments by generating waves, which are produced by the storage and 

further discharge of water volumes. These flushing waves increase the bottom shear stress 

and induce the scour and resuspension of the deposited material.  

Flushing technique has been applied in several case studies following operational and 

management practice guides (British Standard Institution, 2014; Fan, 2004; Hlavinek et al., 

2005; NEIWPCC, 2003) in countries such as Germany, France, the USA and the UK. As an 

example, Hlavinek et al. (2005) suggest flushing waves to remove settled deposits in sewers 

ranging from 100 mm to 1200 mm pipe diameter with a mandatory cleaning frequency once 

in 1 to 5 years. These guides do not specify important flushing parameters such as the 

hydraulic and pipe characteristics (i.e. length, slope, and hydraulic roughness, among others), 

sediment properties and flushing volume. The lack of information on these specifications has 

contributed to the fact that existing flushing practices tend to be oversized. As an instance, 

Dettmar (2007) compared design tables developed by using extensive field studies and 

mathematical simulations with field studies (Chebbo et al., 1996; Dettmar, 2005; Lainé et al., 

1998) and concluded that smaller flushing volumes and water storage heights achieve the 

same flushing length and efficiency in removing the volume of deposited sediments.  

In the last decades, several studies have quantified the flushing efficiency in terms of 

reduction of volume and/or weight of sediments (Bong et al., 2016a; Campisano et al., 2004, 
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2008, 2019; Creaco and Bertrand-Krajewski, 2009; Guo et al., 2004; Ristenpart, 1998; 

Shahsavari et al., 2017), changes in deposited bed thickness (Bong et al., 2013b, 2016a; 

Campisano et al., 2004, 2007, 2008, 2019; Dettmar et al., 2002; Ristenpart, 1998; Shahsavari 

et al., 2017; Shirazi et al., 2014), variation of concentrations of total suspended solids 

(Ristenpart, 1998; Sakakibara, 1996), increasing in the bottom shear stress (Bertrand-

Krajewski et al., 2003; Campisano et al., 2008; Campisano and Modica, 2003; Dettmar et al., 

2002; Ristenpart, 1998; Schaffner and Steinhardt, 2006; Yang et al., 2019), length of the 

channel that can potentially be cleaned (Bertrand-Krajewski et al., 2003; Bong et al., 2013a; 

Dettmar et al., 2002; Shahsavari et al., 2017; Yang et al., 2019) and stored water volume 

discharged (Bertrand-Krajewski et al., 2003; Dettmar et al., 2002; Fan et al., 2001). These 

studies were carried out in both laboratory and real sewer flumes varying sediment properties, 

stored water volumes and geometrical characteristics of the flume. As a result, a list of 

parameters affecting the flushing efficiency was identified and classified in three main 

groups: (i) flushing hydraulics, (ii) pipe geometry and (iii) sediment properties. Flushing 

hydraulic parameters include water velocity (𝑉𝑓), shear stress (τ), the water level in the pipe, 

flowrate (𝑄), stored water head (ℎ𝑜) and stored water volume discharged (𝑉𝑎). In the pipe 

geometry, parameters as the slope, diameter, length of the pipe (𝐿) and composite roughness 

(𝑘𝑐) have been included. Finally, sediment properties include mean particle diameter, 

sediment thickness and width, specific gravity, porosity (𝜂𝑠) and density (𝜌𝑠). 

The previous group of parameters have been used for implementing numerical models 

useful to quantify the flushing efficiency. Models found in the literature are focused on both 

solving complex mathematical structures and proposing simple dimensionless equations for 

estimating sediment transport rates.  

In the first approach, the one-dimensional Saint-Venant equations (Campisano et al., 

2006; Campisano and Modica, 2003; De Sutter et al., 1999), coupled with the Exner equation 

for uniform (Campisano et al., 2007, 2004; Creaco and Bertrand-Krajewski, 2009; Shirazi et 

al., 2014) and non-uniform (Campisano et al., 2019) sediments, are used for predicting 

sediment thickness changes during the flushing operation. More complex models involve the 

two-dimensional (Caviedes-Voullième et al., 2017; Yu and Duan, 2014) and three-

dimensional (Schaffner and Steinhardt, 2006) solution of the Saint-Venant equations. 
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Computational Fluid Dynamics (CFD) models (Alihosseini and Thamsen, 2019; Bonakdari 

et al., 2015; Murali et al., 2020) have also been studied in this field. An example of the models 

existing in literature is shown in Eq. (5-1): 

𝜕𝑈

𝜕𝑡
+

𝜕𝐹(𝑈)

𝜕𝑥
= 𝐷(𝑈) (5-1) 

where 𝐹ℎ is the hydrostatic force over the cross-section, 𝜌 the water density, 𝐴𝑠 cross-section 

area of the deposited sediments; and 𝑈, 𝐹(𝑈) and 𝐷(𝑈) are defined as follows: 

𝑈 = [
𝐴
𝑄
𝐴𝑠

] ; 𝐹(𝑈) =

[
 
 
 
 
 

𝑄

𝑉𝑓𝑄 +
𝐹ℎ

𝜌
1

1 − 𝜌
𝑄𝑠 ]

 
 
 
 
 

; 𝐷(𝑈) = [

0

𝑔𝐴 (𝑆𝑜 −
𝑉𝑓

2

𝑘𝑐
2𝑅4/3

)

0

] (5-2) 

  

In the second approach, several authors have developed analytical equations for 

predicting the number of flushes required to move the deposited sediment bed (Bong et al., 

2013a; Chebbo et al., 1996). Likewise, the effects of pipe slope, bottom roughness, storage 

water level and downstream water level on effective flushing distance (Yang et al., 2019) 

have also been studied in the past. As an example, Bong et al. (2013a) proposed the following 

equation to define the number of flushes (𝑛𝑓) required to move the deposited sediment bed 

by 1 m: 

𝑛𝑓 = 251.43𝑦𝑠 + 6.57 (5-3) 

Numerical studies mentioned above, based on the solution of the Saint-Venant and 

Exner coupled-equations for sediment transport under unsteady flow conditions, show 

similar predictions of the sediment thickness changes compared to the experimental data 

collected, i.e. models show good accuracy prediction. Despite the solutions and simulations 

based on Saint Venant-Exner equations show good accuracy, in practice, the application for 

operational and management practices is complex and non-pragmatic. As well, the analytical 

and dimensionless equations proposed by Bong et al. (2013a) and Yang et al. (2019), do not 

include important parameters such as the pipe/flume geometry and the sediment 

characteristics. A practical model including relevant parameters for characterising the 
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flushing waves seems to be essential for improve the existing cleaning schemes and 

techniques in sewer lines. 

In this chapter, a parsimonious model including flushing “dam break” hydrograph, 

pipe geometry and deposited sediment characteristics is developed by using the Evolutionary 

Polynomial Regression – Multi-Objective Genetic Algorithm (Giustolisi and Savic, 2009) 

strategy. The aim is to propose a simple but effective model to predict the sediment transport 

rate in practice during the operation of flushing cleaning schemes. 

 Experimental Methods and Data Collection 

Collecting experimental data was carried out in two pipes of 209 mm and 595 mm diameter 

pipes. A sediment bed with a near-uniform thickness and width was prepared at the bottom 

of the pipes, using uniformly graded sediment material ranging from 0.21 mm to 2.6 mm. 

These particles had a specific gravity between 2.57 and 2.67, which was calculated using the 

pycnometer method (ASTM D854-14, 2014). The experiments were carried out under 

unsteady flow conditions, simulating the “dam break” waves produced during a flushing 

event. The methodology used for data collection and further details of both experimental 

setups are fully described in the Appendix A. 

Using the experimental approach described in the Appendix A, a total of 57 and 64 

experiments were carried out in the 209 mm acrylic pipe and 595 mm PVC pipe, respectively. 

Several variables related to the pipe geometry, sediment properties and flushing hydraulics, 

including the base time (𝑡𝑏), peak time (𝑡𝑝), base flow (𝑄𝑏) and peak flow (𝑄𝑝), as shown in 

Figure 5-1, were recorded on each experiment. The experimental data collected in both 

acrylic and PVC pipes are presented in Table B-4, in the Appendix B section. 
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Figure 5-1. Variable definition of the flushing discharge hydrograph. 

A flushing discharge hydrograph and a plot showing the sediment bed position are 

related for each run presented in Table B-4. The shape and magnitude of the hydrograph are 

directly related to the sediment bed velocity, and consequently, to the sediment bed position. 

As an example, the variation in the sediment bed position for several sediments and 

hydrograph characteristics, in both acrylic and PVC pipe, are presented in Figure 5-2.  

Figure 5-2A and Figure 5-2B show the relation between the flushing discharge 

hydrograph and the sediment bed position for tests conducted on the acrylic pipe. As seen in 

these figures, particle size is a more important variable in defining the sediment position, 

compared to the peak flow in the hydrograph. Despite the run 82 considers a higher peak 

flow (𝑄𝑝 = 5.55 l s-1), the final position of the sediment bed (= 0.41 m) is lower than the run 

96 (= 2.62 m) where the peak flow is lower (𝑄𝑝 = 2.08 l s-1). This is because the particle 

diameter is more relevant compared to the peak flow.  

Figure 5-2C and Figure 5-2D show the relation between the flushing discharge 

hydrograph and the sediment bed position for tests in 595 mm setup. There is a proportional 

relationship between the discharge hydrograph and the sediment bed position. For run no. 36 

and 61, the mean particle diameter was 2.60 mm, but the pipe slope was 1.653% and 1.822%, 

respectively. Figure 5-2D shows that maintaining the mean particle diameter constant, as the 

pipe slope increases the final bed position increases. 
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A) B) 

  
C) D) 

  

Figure 5-2. Example of flow hydrographs and sediment bed position for several experiments shown in 

Table B-4. 

 Model Development 

 Graphical Analysis 

Graphical analysis was developed to visualize the relationships between the variables 

collected in each experiment. Using the collected data, the dimensionless relationship 

between sediment velocity and flow velocity (𝑉𝑠/𝑉𝑓) versus other dimensionless parameters 

was plotted. These dimensionless parameters have been identified as relevant for predicting 

sediment transport in sewer pipes (Ab Ghani and Azamathulla, 2011; Ebtehaj and Bonakdari, 

2016a; May et al., 1996). Part of these dimensionless parameters includes the dimensionless 

grain size and the Shields parameter (𝜓), defined in Eq. (5-4): 

𝜓 =
𝑅𝑆𝑜

(𝑆𝐺 − 1)𝑑
 (5-4) 
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Figure 5-3. Plots showing the relationships between the dimensionless velocity (𝑽𝒔/𝑽𝒇) and other 

dimensionless variables in both acrylic and PVC pipe. Clustered results by particle diameter. 
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Based on the results shown in Figure 5-3, the following observations can be made: 

• Figure 5-3a and Figure 5-3b show the direct relationship between 𝑉𝑠/𝑉𝑓 and the 

Shields parameter. High values of 𝑆𝑜 and 𝑅 lead to higher sediment velocities. In 

contrast, deposited materials with high density or particle diameter result in lower 

sediment velocities.   

• Figure 5-3c and Figure 5-3d show an inversely proportional relationship between 

𝑉𝑠/𝑉𝑓 and 𝑑/𝑅. This is seen in Figure 5-3c since a constant value of the pipe slope 

was used throughout the experiments. Based on this, an increase in particle diameter 

suggests a decrease in sediment velocity. 

• The direct relationship between 𝑉𝑠/𝑉𝑓 and the Shields parameter coincides with the 

inversely proportional relationship between 𝑉𝑠/𝑉𝑓 and 𝑑/𝑅, shown in Figure 5-3c and 

Figure 5-3d. This is observed because the Shields parameter includes the relation 

𝑅/𝑑, as shown in Eq. (5-4). 

• In Figure 5-3e and Figure 5-3f, the inversely proportional relationship between 𝑉𝑠/𝑉𝑓 

and the dimensionless parameter 𝑄𝑏/𝑄𝑝 is shown. Higher and steeper discharge 

hydrographs show higher 𝑉𝑠/𝑉𝑓 values. 

• In general, high values of 𝑆𝑜 and 𝑅 and low values of 𝑑, 𝑆𝐺 and 𝑄𝑏/𝑄𝑝 lead to higher 

sediment velocities. 

 Evolutionary Polynomial Regression Model 

In order to develop a predictive model, the EPR-MOGA strategy was used. A full description 

of the methods and considerations of the EPR-MOGA strategy is presented in Chapter 2. The 

model developed here was constructed to predict the dimensionless 𝑉𝑠/𝑉𝑓 relationship, i.e. 

the vector of model predictions �̂� is defined as 𝑉𝑠/𝑉𝑓. The matrix of candidate exponents was 

defined with values ranging from -1.50 to 1.50, considering steps of 0.01, i.e. 𝐸𝑆 =

[−1.50, −1.49,… ,1.49,1.50]. The candidate explanatory variables vector is defined 

according to the group of parameters identified in previous studies (Ab Ghani and 

Azamathulla, 2011; Ebtehaj and Bonakdari, 2016a; May et al., 1996) and the graphic analysis 

carried out for the experimentally collected data, as shown in Figure 5-3.  



106                                         Chapter V. Sediment transport under unsteady flow conditions 

 

 

 

Using previous considerations, and randomly splitting the experimental data for both 

training (75% of the data) and testing (25% of the data) stages, the following model was 

obtained using the EPR-MOGA strategy. The model accuracy can be seen in Figure 5-4 for 

both training and testing dataset. 

𝑉𝑠

𝑉𝑓
= 20.3 (

𝑑

𝑅
)
1.18

𝜓1.41 (
𝑡𝑏
𝑡𝑝

)

−0.03

(
𝑄𝑏

𝑄𝑝
)

−0.29

(
𝑦𝑠

𝑅
)

0.05

 (5-5) 

Eq. (5-5) is consistent with the graphical analysis presented in Figure 5-3. As seen in 

this model, the Shields parameter is the most important feature for predicting the sediment 

velocity during the flushing cleaning operation. In addition, both 𝑡𝑏/𝑡𝑝 and 𝑦𝑠/𝑅 seems to be 

less important variables due to the low regression coefficient shown. As mentioned above, 

𝑉𝑠/𝑉𝑓 is inversely proportional to 𝑑/𝑅, which is consistent with the results shown by EPR-

MOGA model, where the Shields parameter can be operated with the 𝑑/𝑅 variable, as shown 

in Eq. (5-6). The more the pipe slope increases, the higher the particle velocity is. 

𝑉𝑠

𝑉𝑓
= 20.3 (

𝑑

𝑅
)
−0.23

(
𝑆𝑜

(𝑆𝐺 − 1)
)
1.41

(
𝑡𝑏
𝑡𝑝

)

−0.03

(
𝑄𝑏

𝑄𝑝
)

−0.29

(
𝑦𝑠

𝑅
)

0.05

 (5-6) 

 

Figure 5-4. EPR-MOGA model accuracy for both training and testing stage. 
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 Results 

The new model shown in Eq. (5-5) was used to generate charts to estimate flushing efficiency 

as a function of the characteristics of the discharged hydrograph, the pipe geometry and the 

sediment properties. In this context, two flushing-efficiency measures were defined as a 

function of the area of deposited bed (𝐴𝑠) and the sediment velocity. The first measure was 

𝑄𝑠, the volume of sediment removed by unit time (i.e. the sediment flow rate (= 𝐴𝑠𝑉𝑠)). The 

second measure was 𝑡𝑒, the flushing time required to clean 1.0 m of the pipe (= 1/𝑉𝑠). Figure 

5-5 and Figure 5-6 were constructed for several pipe diameters using previous measures. To 

construct these figures, the less-significant variables identified by the EPR-MOGA model 

(i.e. variables with the less value in the polynomial structure in Eq. (5-5)) remained constant. 

The sediment thickness was defined as 1% of the pipe diameter, the specific gravity of the 

sediments as 2.6 and the relation between the base and peak time of the hydrograph as 5.0. 

   

A) B) 

  
C) D) 
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E) F) 

  

Figure 5-5. Efficiency of flushing discharge vs particle diameter for several base and peak flow 

relations (𝑸𝒃/𝑸𝒑 = 0.25 and 0.5) and pipe slope: a) and b) 𝑺𝒐 = 0.5%; c) and d) 𝑺𝒐 = 1.0% and e) and f) 

𝑺𝒐 = 1.5%. 

The following observations can be made from Figure 5-5 and Figure 5-6: 

• 𝑄𝑠  is inversely proportional to 𝑑 and 𝑄𝑏/𝑄𝑝. In addition, 𝑄𝑠 seems to be near-steady 

for particle diameters greater than 1.5 mm in pipes with diameters less than 800 mm. 

All above for the same pipe slope and 𝑄𝑏/𝑄𝑝 relation. Increasing the pipe slope 

directly increase the sediment transport rate.  

• As the 𝑄𝑏/𝑄𝑝 ratio increases, the sediment removal rate decreases. For example, in 

Figure 5-5a when 𝑄𝑏/𝑄𝑝 = 0.25 in a 800 mm diameter pipe containing a deposited 

sediment bed with 𝑑 = 1 mm, 𝑄𝑠 = 1.5 ×10-5 m3/s, while for 𝑄𝑏/𝑄𝑝 = 0.50 the 𝑄𝑠 

value changes to 0.8×10-5 m3/s, that is 46% less (as shown in Figure 5-5b).    

• Flushing discharges seem to be more efficient in large sewer pipes. The sediment 

transport rate can be five times higher in 1000 mm diameter pipes, compared to 600 

mm diameter pipes. 

• Figure 5-6 shows a direct relationship between 𝑡𝑒 and 𝑑 and 𝑄𝑏/𝑄𝑝. Based on this, 

as 𝑑 increases and 𝑄𝑝 decreases, the required flushing time to clean 1 meter of the 

pipe increases. For example, in Figure 5-6c when 𝑄𝑏/𝑄𝑝 = 0.25 in a 600 mm diameter 

pipe containing a deposited sediment bed with 𝑑 = 1.5 mm, 𝑡𝑒 = 20 sec, while for 

𝑄𝑏/𝑄𝑝 = 0.50 the 𝑡𝑒 value changes to 35 sec, that is 75% more (as shown in Figure 

5-6d).    
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• The flushing time decreases as the 𝑆𝑜 and 𝐷 increase. That is, flushing is a more 

efficient technique in large, steep pipes. 

A) B) 

  
C) D) 

  
E) F) 

  

Figure 5-6. Flushing time vs particle diameter for several base and peak flow relations (𝑸𝒃/𝑸𝒑 = 0.25 

and 0.5) and pipe slope: a) and b) 𝑺𝒐 = 0.5%; c) and d) 𝑺𝒐 = 1.0% and e) and f) 𝑺𝒐 = 1.5%. 
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 Model Comparison 

Testing the accuracy of the model is done using the case study described by Laplace et al. 

(2003). This case study is located in Marseille, France, on a combined sewer network. 

Specifically, this study considers an ovoid section of 1700 mm, 120 m long with a bottom 

slope of 0.03%. A near-uniform deposited bed of 140 mm thickness was observed along the 

entire length of the flume. The deposited bed was characterised as coarser upstream (𝑑 = 8 

mm) and finer downstream (𝑑 = 0.6 mm). Full details are shown in Laplace et al. (2003). 

Using a Hydrass-flushing gate located inside the section, a series of flushes were 

conducted for testing the efficiency on removing the deposited material. During each flush, 

a total volume of 6.0 m3 of water was discharged into the pipe. As reported by Laplace et al. 

(2003), the mass of particles eroded during the first flush was 6.3 kg, i.e. the removal rate 

was 1.08 kg of material per 1.0 m3 of water (= 1.08 kg m-3).  

Two existing procedures are compared with the new EPR-MOGA model presented 

in the Eq. (5-5): The model proposed by Bong et al. (2013a) (i.e. Eq. (5-3)) and the design 

tables shown by Dettmar (2007). To compare the results, several initial conditions are defined 

based on the case study description, which are outlined as follows: 

(1) Thickness of the deposited bed (𝑦𝑠) = 0.14 m 

(2) Peak flow during flushing operation (𝑄𝑝) = 100 l s-1 

(3) Specific gravity of the sediments (𝑆𝐺) = 2.60 

(4) Mean particle diameter (𝑑) = 0.6 – 8.0 mm 

(5) Mass of material per meter of pipe = 54.22 kg m-1 

According to Bong et al. (2013a), the number of flushes required to move 1 m of 

deposited material can be estimated by applying Eq. (5-3). For this equation, the number of 

flushes is only a function of the thickness of the deposited bed. As a result, 42 flushes (= 

250.6 m3 of water) can potentially remove 54.22 kg of the deposited material (i.e. the removal 

rate is 0.21 kg m-3). 
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Design tables proposed by Dettmar (2007) suggest a flushing volume of 48 m3 for a 

basic cleaning of 150 m long sewer (i.e. a full removing of the deposited material). No 

removal rates are provided by Dettmar (2007). 

Finally, using the new model proposed in this study, a range of removal rates are 

obtained as a function of the mean particle diameter. Potentially, a flushing volume of 10.18 

m3 can remove 14.5 kg of deposited material with a mean particle diameter of 0.6 mm (i.e. 

the removal rate is 0.70 kg m-3). By changing the particle size of the deposited material to 

8.3 mm, the removal rate is 1.28 kg m-3.  

Table 5-1. Comparison of results for predicting the flushing efficiency in Laplace et al. (2003) case of 

study. 

Reference 
Removal rate 

[kg m-3] 
Observations 

Laplace et al. (2003) 0.93 
Original case study reported in a trunk combined sewer in Marseille, 

France 

Dettmar (2007) - 

Volume of water value reported to clean a pipe section of 150 m long. 

Relevant parameters as pipe slope and particle diameter are not 

considered. 

Bong et al. (2013a) 0.21 

Good approximation. Experimental model (Eq. (5-3)) obtained with a 

constant flume slope of 0.001. Performing experiments in variable-

slope flumes could potentially increase the accuracy of the model. 

EPR-MOGA Eq. (5-5) 0.7 – 1.28 

Good performance for predicting the removal rate during flushing 

waves operation. Model consider relevant parameters as the mean 

particle diameter and the pipe geometry. 

As shown in Table 5-1, a direct comparison of the method proposed by Dettmar 

(2007) and the results reported by Laplace et al. (2003) is not possible. However, this method 

seems to underestimate the real volume required. Relevant parameters such as the mean 

particle diameter and the sewer hydraulics are not included in this method. Due to the pipe 

slope in the case of study is almost flat, obtaining minimum shear stress of 5.0 N m2 for 

cleaning the pipe, according to Dettmar (2007) method, is not easy. 

Bong et al. (2013a) model is a good approach for determining the number of flushes 

required to move the deposited material. However, because of the non-inclusion of relevant 

pipe hydraulics and sediment parameters, the results are underestimated, compared to the 

values reported by Laplace et al. (2003).  
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The current EPR-MOGA equation shows good accuracy with the data reported by 

Laplace et al. (2003). This is explained by the inclusion of relevant parameters for predicting 

the removal rate during the flushing operation. The model shows good extrapolation 

capabilities under different sewer diameters and a large range of variation of the mean particle 

diameter. This model can be used in the design of new flushing schemes for cleaning real 

sewer systems with sedimentation problems.  

 Summary and Conclusions 

This study proposes a simple model to predict the sediment transport rate in practice based 

on data collected from a set of 121 lab experiments conducted on a 209 mm diameter acrylic 

pipe and 595 mm diameter PVC pipe. The data collected this way were processed using the 

EPR-MOGA modelling technique. A new model for predicting the sediment velocity during 

flushing operation was developed and used for constructing design charts. Based on the 

results obtained, the following conclusions are made: 

(1) The new model developed and presented here can easily predicts the sediment 

transport rate during flushing discharges in practice. This model includes the group 

of parameters that most affect the flushing efficiency in sewer pipes.  

(2) The sediment transport rate is principally affected by four parameters: pipe slope, 

pipe diameter, particle diameter and discharged peak flow. In pipes with large 

diameters and slopes, the flushing is more effective. This sediment transport is not 

significantly affected by the value of the deposited sediment thickness.  

(3) The new model proposed outperforms the removal sediment rate prediction compared 

to simplified models and methods reported in the literature. This is seen by the good 

accuracy shown when compared to the case study reported by Laplace et al. (2003). 

Based on the above, the new model can be useful for designing flushing schemes 

during the operational stage of existing sewer pipes. Further research is recommended to test 

the model proposed in real sewer pipes under different sediment (i.e. cohesive materials) and 

hydraulic conditions.  
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6. Summary, Conclusions 

and Future Work 

This thesis studies the sediment transport process in sewer pipes under the concept of non-

deposition and bed sediment motion, considering both steady and unsteady flow conditions. 

This chapter presents the summary of the thesis, the key conclusions, the thesis contributions 

and the future work and recommendations. 

 Thesis Summary 

Chapter 2 studied the non-deposition without deposited bed criterion applied on small sewer 

pipes. In this chapter, a new experimental dataset was collected in a 242 mm acrylic pipe. 

With the data collected, three new self-cleansing models were developed using the EPR-

MOGA strategy. The new models were tested with benchmarking data reported in the 

literature. The accuracy of the new models outperformed the existing literature self-cleansing 

models. Good extrapolation and generalization capabilities were identified in the models 

developed here.  

In Chapter 3, the two non-deposition criteria (without and with deposited bed) applied in 

large sewer pipes were studied. This chapter showed how the existing regression-based 

models cannot be used for designing large sewer pipes, as these models systematically 

overestimate the self-cleansing velocity when applied to the experimental PVC data. In order 

to address this, two new models were developed using the data collected here. The first model 

was developed under the non-deposition without deposited bed concept, and a good 

performance was obtained for the whole datasets. However, the second model, focusing on 

the non-deposition with deposited bed criterion, showed a good performance for the PVC 

data but a poor performance for the other datasets. Despite the latter model improved the self-

cleansing prediction in pipes with deposited beds, accuracy can be outperformed by using 

models that consider non-linear interactions between variables, i.e. non-linear regression 

models.  
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Chapter 4 showed a full review of existing studies focused on applying machine learning 

and artificial intelligence techniques for predicting the self-cleansing capacity of sewers. 

Existing models are by far black-box models and tend to be overfitted to their training data. 

As a result, poor extrapolation capabilities were identified when applied these models on the 

data collected in this thesis. A new Random Forest model was developed here for improving 

both accuracy and generalisation. The new Random Forest model outperformed the existing 

literature models, especially for the non-deposition with deposited bed case. In addition, the 

model showed good extrapolation and generalisation capabilities as low training and testing 

errors were observed. This new Random Forest model can be used for designing both small 

and large sewer pipes, with circular and non-circular cross-section, under the non-deposition 

with and without deposited bed. 

Chapter 5 studied the bed sediment motion under unsteady flow conditions considering 

flushing waves as a potential technique for cleaning existing sewer pipes. For this, new 

experimental data were collected in two pipes, varying the hydraulic, sediment and flow 

hydrograph characteristics. A new model for predicting the sediment transport rate under 

unsteady flushing waves was developed with the EPR-MOGA strategy. The new model 

identified the pipe slope and the mean particle diameter as the most important variables for 

predicting the flushing efficiency. The model developed was tested with a real case study 

located in Marseille, France, and accurate results were found when compared to actual 

measured sediment removal rates.  

 Thesis Conclusions  

For this thesis, the key conclusions are as follows: 

(1) In general, the non-deposition without deposited bed has been well-studied by several 

researchers. Existing models for designing small sewers pipes are accurate and can 

predict the self-cleansing velocity with acceptable accuracy. However, the EPR-

MOGA models developed here (see Chapter 2) outperforms the reported literature 

models in terms of accuracy and generalisation of the problem. This is because of the 

inclusion of the pipe slope as an explanatory variable for the self-cleansing 

calculation. The new models can predict the minimum self-cleansing velocity for a 
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whole range of variation, i.e. there is a trade-off between the prediction accuracy and 

the generalisation capability.  

(2) Non-deposition with deposited bed is a less-studied criterion, as few studies are 

reported in the literature. Existing models for predicting the self-cleansing velocity 

under this criterion show poor extrapolation and generalisation capabilities. The new 

regression-based model developed here (see Chapter 3) partially solves the problem, 

as better results are obtained in the PVC experimental data, i.e. the values of 

performance indices are better, but when applied to other datasets the accuracy lost. 

Even when developing an EPR-MOGA and a LASSO model with the entire dataset 

available in the literature and collected in this thesis, the results could not be 

improved. The use of a regression model to explain the non-deposition with deposited 

bed sediment transport is not recommended. Non-linear relationships between input 

variables seem to be appreciable here. 

(3) The new Random Forest model can predict the self-cleansing conditions with high 

accuracy (i.e. better performance indices values) on validation data. This is due to the 

ability of Random Forest to better generalise the analysed data, i.e. the ability to avoid 

overfitting. In addition, this model is able to better capture the complex non-linear 

interactions between the analysed input variables such as the volumetric sediment 

concentration and the relative grain size, among others. By using the Random Forest 

model, the prediction accuracy can be improved in both small and large sewer pipes 

under the non-deposition criteria. 

(4) The model developed to predict the sediment transport rate during flushing discharges 

is a pragmatic approximation for use in real sewer pipes. This model does not overlay 

(i.e. is complementary) with other approaches (e.g. CFD or Saint Venant models) that 

are physically based. By contrast, the new EPR-MOGA model developed here is an 

approximation to support flushing operations in practice. The model developed here 

show good accuracy with data reported in a real trunk sewer. This is because of the 

inclusion of relevant variables (i.e. pipe slope, mean particle diameter, and hydraulic 

radius, among others) for predicting the sediment transport rate. 
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 Thesis Contributions 

The principal thesis contributions are as follows: 

• Collection of new experimental data for unsteady sediment transport flow conditions 

and in larger diameter pipes beyond the ranges of variation reported in the literature 

(e.g. sediment bed thickness, pipe diameter and pipe slope, among others).  

• Development of a new model (EPR-MOGA based model) to design small self-

cleansing sewer pipes under the non-deposition without deposited bed criterion.  

• Development of a new model (LASSO based model) to design large self-cleansing 

sewer pipes under the non-deposition without deposited bed criterion. 

• Development of a new Random Forest model to design small and large sewer pipes 

and non-circular flumes under the non-deposition without and with deposited bed 

self-cleansing criteria. 

• Development of a new model (EPR-MOGA based model) to predict the sediment 

transport removal rate under flushing operation. 

• A better understanding of sediment transport mechanisms in pipes to improve the 

management of sewer networks in practice. 

By using the above models, the design of small and large self-cleansing sewer pipes 

can be improved for the engineering practice. In addition, the direct formulas developed can 

promptly be used in practice to support flushing operations. 

 Future Work and Recommendations 

Despite this thesis covers a full review of the methods and techniques for designing self-

cleansing sewers and cleaning existing deposited beds, there are several recommendations 

for further studies in this field. These are described as follows: 

(1) All self-cleansing models developed in this thesis need to be validated further with 

field data collected in actual sewer pipes. The cohesive effects of materials commonly 

found in combined and trunk sewers should be evaluated as these conditions are more 

accurate with the conditions existing in real sewers. 
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(2) The existing sediment transport studies in sewers have been predominantly focused 

on bedload transport. Suspended load transport is far less studied. Because of this, 

carrying out experiments under these conditions seems to be essential to improve the 

knowledge under these less-known conditions. Suspended load transport studies can 

outperform the prediction of sediment transport rates during unsteady flow conditions 

(i.e. when resuspension is observed). 

(3) As mentioned in the Introduction section, sediment blockages are one of the most 

important sources of pollution. Thus, a model to predict the risk of sedimentation in 

existing sewer systems is essential for water utility operators. A predictive self-

cleansing-based model could be useful to optimise cleaning schedules and 

replace/rehabilitate sewer pipes. 

(4) Existing models were developed by using dimensionless parameters reported in the 

literature. These group of parameters are the result of dimensional analyses. Studying 

a model with relaxed (i.e. dimensional) variables can potentially improve the 

sediment transport prediction, especially under non-deposition with deposited bed 

conditions. 

(5) As shown in this thesis, when models are tested with values of variables outside the 

training range, the accuracy decrease. Based on this, it seems essential to carry out 

experiments on pipe diameters larger than 595 mm and non-circular cross-sections to 

check the generalisation and extrapolations capabilities of the models proposed here. 
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Experimental Methods  

 

The experimental work was carried out in the Hydraulics Laboratory of the Universidad de 

los Andes. Two 209 mm and 242 mm diameter acrylic pipes and one 595 mm diameter PVC 

pipe were used to collect the experimental data. The non-deposition without deposited bed 

data were collected on the 242 mm and 595 mm diameter pipes. The non-deposition with 

deposited bed data were collected only on the PVC pipe. Finally, the unsteady flow data were 

collected in both 209 mm and 595 mm diameter pipes. A full description of the experimental 

flumes and data collection strategies is presented here. 

A.1 Sediment Properties 

In this thesis, non-cohesive granular sands were used during the experiments. In total, five 

types of sand of different sizes (0.351 mm – 2.6 mm) were tested. The mean particle diameter 

of the material was calculated, developing a particle size distribution curve, which was useful 

to check the uniformity of the sediments. All sands showed a poorly graded material 

characterised by the uniformity coefficient, i.e. well uniformly graded material, as shown in 

Figure A-1. Particle density and specific gravity were determined by pycnometer method-

procedure, according to ASTM D854-14 (ASTM D854-14, 2014). The sediment properties 

are outlined in Table A-1. 

Table A-1. Properties of the material used during the experiments. 

Type 
Density  

(kg m3) 
Specific Gravity 

d10  

(mm) 

d50 

(mm) 

d60 

(mm) 
Uniformity Coefficient 

I 2650 2.65 0.192 0.351 0.396 2.063 

II 2660 2.66 0.341 0.474 0.498 1.461 

III 2670 2.67 0.656 1.218 1.310 1.997 

IV 2660 2.66 1.229 1.510 1.580 1.285 

V 2640 2.64 1.521 2.600 2.870 1.887 
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Figure A-1. Graded curve of material used on the experimental setup. 

A.2 242 mm Acrylic Pipe 

This pipe had a length of 11.8 m and was supported on a steel truss, which was sustained on 

five hydraulic jacks. These jacks allow varying the pipe slope between -1.5% and 1.6%. 

Figure A-2 shows the general scheme of the experimental apparatus. A 10 BHP, 60 Hz, 440 

V submersible pump (Figure A-3A) was used to supply water to the apparatus. This pump 

took water from a 3.5 m3 tank downstream of the pipe and conducted it through a PVC pipe 

upstream. An ABB-Electromagnetic flowmeter sensor was installed on this pipe (Figure 

A-3B). Flows ranged from 0.82 l s−1 to 25.93 l s−1 were simulated. These flows were obtained 

using a variable frequency drive (Figure A-3C), which controlled the rotation velocity of the 

submersible pump motor. Complementarily, the water depth was measured using two 

ultrasonic level sensors (Figure A-3D). Water velocity was measured with a Greyline Area-

Velocity Flowmeter Doppler Effect sensor, model AVFM 5.0 (Figure A-3E). A sediment 

feeder controlled by a valve (Figure A-3F)  was used to supply the granular material to the 

system with particles having a mean diameter of 0.35 mm and 1.51 mm. The sediment supply 

rate was estimated weighting the amount of material supplied by the sediment feeder, during 

the time of the experiment. 
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A) B) 

  
C) D) 

  

Figure A-2. Experimental apparatus used to collect data. A) Steel truss; B) Pipe cross-section; C) Flow 

inlet and D) Final setup. 
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C) D) 

  



134             Appendix A. Experimental Methods 

 

 

 

E) F) 

  

Figure A-3. Elements used in the experimental apparatus; A) Submersible pump; B) Flowmeter sensor; 

C) Variable frequency drive; D) Ultrasonic level sensor; E) Velocity Doppler effect sensor; F) Sediment 

feeder. 

The sediment transport as bedload in the acrylic pipe was evaluated under steady 

uniform flow conditions. The step-by-step methodology employed to obtain steady uniform 

flow conditions is as follows. Firstly, the variable frequency drive was programmed for a 

specific frequency of operation, and the water flow was measured. Secondly, the water level 

was monitored, using the two ultrasonic sensors. According to Ab Ghani (1993), when the 

water level difference is less than ± 2 mm, the steady uniform flow conditions are obtained. 

This criterion was evaluated experimentally, and the differences obtained between the energy 

gradient line, the water surface slope and the pipe slope were less than 2.0%. Thirdly, if the 

previous criterion was unsatisfied, the flow in the pipe was controlled using the downstream 

gate, which was opened or closed until the steady uniform flow conditions were obtained. 

Fourthly, the sediments were supplied to the system at an increasing rate until deposition 

occurs. This condition was achieved by varying the opening area of the sediment feeder valve 

and weighing the amount of material during the experiment. Fifthly, the supplied rate was 

reduced manually, using the sediment feeder, until the non-deposition condition occurs. 
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Finally, this condition is kept for at least 15 min and the water flow level, the water flow rate, 

the water velocity, and the rate of sediment were collected. The above experimental 

procedure was repeated for different water flow rates and pipe slopes. 

A.3 595 mm PVC Pipe – Steady Flow Experiments 

The PVC pipe had a length of 10.5 m and supported on a variable steel truss, allowing pipe 

slopes between 0.042% and 3.44% (as shown in Figure A-4). The pipe was directly connected 

to a 30 m3 upstream tank which was supplied through a 40 BHP pump. The flow rate was 

controlled using a manually operated valve (Figure A-5A), allowing it to vary from 0.6 l s-1 

to 67.3 l s-1. The pipe had four-point gauges to measure the water depth along the entire length 

of the flume (Figure A-5B). A sediment feeder (same as used in the 242 mm acrylic pipe, see 

Figure A-3F) was used to supply granular material with a mean particle diameter ranging 

from 0.35 mm to 2.60 mm to the PVC pipe.  

A) B) 

  

Figure A-4. Experimental 595 mm PVC pipe. A) Upstream view and B) Downstream view.  

The experiments were carried out under uniform flow conditions, i.e. no variations in 

flowrate and water depth, for both non-deposition criteria. The data collection strategies were 

similar for both cases; however, the main difference related to the sediment supply to the 

PVC pipe, which depended on the criterion to be studied. In this context, for the non-
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deposition without deposited bed criterion, the sediment feeder supplied the material until 

the particles barely moved with the water and did not form a permanent deposit at the bottom 

of the pipe. In contrast, for non-deposition with deposited bed, sediment was supplied to form 

a deposited loose bed along the entire length of the flume.  

A) B) 

  

Figure A-5. Elements used in the experimental apparatus; A) Manually operated valve and B) Water 

level sensor. 

This methodology followed the guidelines of several previous experimental works 

carried out by different authors (Ab Ghani, 1993; Alihosseini and Thamsen, 2019; Novak 

and Nalluri, 1975; Ota, 1999; Perrusquía, 1991; Safari et al., 2017a; Vongvisessomjai et al., 

2010). The methodology used to collect the data in both cases is described below 

A.3.1 Non-deposition without deposited bed 

The first case considered was the non-deposition without deposited bed condition. The 

collection of experimental data was as follows. Firstly, the pipe slope was mechanically 

adjusted and the value was measured using a dumpy level. Secondly, the flow control valve 

was opened and a constant flow of water was supplied to the pipe. The flowrate was measured 

with a real-time electromagnetic flowmeter which was connected directly to the pipe feeding 
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the upstream tank. Thirdly, the water levels were measured using the four-point gauges. The 

downstream tailgate was adjusted until the water depth varied less than ±2 mm between the 

four-point gauges, which is the condition in which uniform flow conditions could be 

assumed. Using the values recorded of flowrate and water level, the mean velocity was 

computed. Fourthly, when uniform flow conditions were achieved, the sediment was 

supplied to the pipe. The sediment feeder was slowly opened until the non- deposition 

condition was obtained. This condition, also known as ‘flume traction’, (i.e. no separated 

dunes present and no deposition of stationary material at the bottom of the pipe) was checked 

by visual inspection. Finally, the volumetric sediment concentration was computed with the 

sediment flux and the flowrate. The experimental procedure above was repeated for several 

flowrates, pipe slopes and sediment sizes. 

A.3.2 Non-deposition with deposited bed 

The methodology used to collect the experimental data for the non-deposition with deposited 

bed case was similar to the one used for the non-deposition without deposited bed case. The 

main difference related to the supply of sediment into the pipe, as the non-deposition with 

deposited bed case required constant sediment thickness throughout the entire length of the 

test. The whole data collection strategy was as follows. Firstly, an initial pipe slope was 

mechanically adjusted, and the flow control valve was opened. As a result, a constant water 

flow was supplied to the pipe, and its value was recorded with the real-time electromagnetic 

flowmeter. Secondly, the sediment feeder was slowly opened until the material formed a 

permanent deposited loose bed (Figure A-6), which was continuously monitored by visual 

inspection. Thirdly, the water levels were recorded using the four-point gauges, and uniform 

conditions were checked for. If non-uniform conditions were observed, the downstream 

tailgate was varied until water level differences were smaller than ±2 mm between the four-

point gauges. In this step, if the non-deposition with deposited bed condition changed 

(because a permanent deposit or dunes formed by the change in water level), the pipe slope 

and the tailgate were iteratively adjusted until uniform flow conditions and a constant 

sediment width had been observed for at least 15 min. Fourthly, the water level, the pipe 

slope and the sediment width values were recorded, and the sediment thickness (using the 

sediment width value) and flow velocity (using flowrate and water level) were calculated. 
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Finally, the sediment supply rate was measured at the outlet of the pipe. The sediment that 

passed in a given time was collected, dried, and weighed, and the sediment discharge was 

calculated. Five samples of sediments were collected to validate that the sediment supply rate 

was constant during the entire test. The volumetric sediment concentration was computed 

using the sediment discharge and the flowrate. 

 

Figure A-6. Sediment transport with deposited bed material. 

A.4 595 mm PVC Pipe – Unsteady Flow Experiments 

For evaluating unsteady flow conditions in this pipe, a second 10 BHP submersible pump 

was located inside the downstream tank. This pump was directly connected to the upstream 

tank and was controlled with a variable frequency drive programmed before the experiment 

to create a pulse with a maximum peak flow of 30 l s-1. Three water level sensors were used 

to record water depths in the experimental setup. Two of them were installed in the pipe to 

collect the stage hydrograph, and one was installed in the upstream tank. Using the last-

mentioned sensor, a curve was constructed relating the water level inside the tank and the 

flow discharge, as shown in Figure A-7.  
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Figure A-7. Functional relation between water level in upstream tank of the 595 mm PVC pipe and 

discharged flow. 

For this setup, the data collection strategy is described as follows. Firstly, the pipe 

slope was adjusted using the mechanical steel truss and measured with a dumpy level. 

Secondly, the flow control valve on the upstream tank was opened to supply a base flow to 

the pipe. Thirdly, a deposited sediment bed with a near-uniform width was prepared at the 

bottom of the pipe over a minimum length of 1.5 m. At this point, to compare the flushing 

efficiency under similar conditions, the maximum sediment bed velocity was verified as 0.03 

m s-1. If this condition was not fulfilled, the pipe slope or the base flow were changed. 

Fourthly, the submersible pump was activated to simulate the flushing wave discharge. The 

water levels were recorded each 0.025 sec and the position of the sediment bed was tracked. 

The sediment velocity was calculated using the values of the time and deposited bed 

displacement during the peak flow.  

An example of the sediment bed after a flushing wave is shown in Figure A-8. 
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Figure A-8. Deposited bed after flushing discharge. 

A.5 209 mm acrylic Pipe  

The 209 mm diameter acrylic pipe had a length of 10.58 m and was supported on six 

hydraulic jacks, which allowed to vary the pipe slope between 0.644% and 1.20% (Figure 

A-9). This pipe was connected to a 200 mm solenoid valve (Figure A-10A), which controlled 

the inflow into the setup from a 3.5 m3 tank located upstream of the pipe. Downstream, a V-
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Notch (Figure A-10B) weir was used to measure the water discharge. A real-time water level 

sensor was used to measure the water height over the weir for calculating the water discharge 

rate using the V-Notch weir equation. The calculated discharge was checked using an ABB- 

Electromagnetic flowmeter sensor installed upstream of the pipe (Figure A-10C). Two 

additional real-time water level sensors (Figure A-10D) were installed along the pipe, aiming 

to measure the stage hygrograph produced by the flushing waves.  

A) 

 

B) 

 

Figure A-9. 209 mm acrylic pipe for collecting unsteady flow data. A) Upstream view and B) 

Downstream view. 

The collection of the experimental data was as follows. Firstly, the solenoid valve 

was fully opened, allowing a base flowrate ranging from 0.002 l s-1 to 0.414 l s-1. Secondly, 
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a sediment bed with near-uniform thickness and width was located at the bottom of the pipe. 

At this point, the base flowrate helped the formation of the deposited bed along a 3.3 m 

section. Thirdly, the solenoid valve was completely closed for a time ranging from 50 to 240 

sec, and a variable accumulated volume of water in the upstream tank was obtained. Fourthly, 

the solenoid valve was opened between 60% and 100% and the opening time was set to 15 

sec for all tests. When the first discharged wave reached the sediment bed, the movement of 

the bed was tracked over time.  

A) B) 

  

C) D) 

  

Figure A-10. Elements complementing the 209 mm acrylic pipe. A) Solenoid valve; B) V-Notch weir; C) 

Upstream flowmeter; D) Water level sensor. 
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Appendix B.  

Experimental Data  
Table B-1. Bedload experiments in the 242 mm acrylic pipe. 

Experiment Model Development Stage 𝒅 (mm) 𝑺𝒐 (m m-1) 𝑪𝒗  (ppm) 𝑹 (mm) 𝑭𝑹
∗ 𝑽𝒍 (m s-1) 

1 Training 1.510 0.0080 13.0 15.31 1.54 0.24 

2 Training 1.510 0.0020 13.2 63.20 3.61 0.56 

3 Training 0.351 0.0080 0.5 64.89 5.86 0.46 

4 Training 1.510 0.0060 176.8 55.17 5.48 0.85 

5 Training 1.510 0.0060 109.7 51.12 5.21 0.81 

6 Training 1.510 0.0070 160.2 51.33 5.79 0.90 

7 Training 1.510 0.0060 139.0 46.08 4.96 0.77 

8 Training 1.510 0.0020 3.2 65.50 3.31 0.52 

9 Training 1.510 0.0050 4.0 60.91 2.89 0.45 

10 Training 1.510 0.0050 101.2 52.38 5.25 0.82 

11 Training 0.351 0.0025 2.2 70.27 6.75 0.53 

12 Training 1.510 0.0050 70.1 52.65 5.21 0.81 

13 Training 1.510 0.0050 81.1 42.78 4.45 0.69 

14 Training 1.510 0.0050 103.1 42.69 4.37 0.68 

15 Training 1.510 0.0070 67.3 25.69 3.41 0.53 

16 Training 1.510 0.0050 87.0 55.51 5.27 0.82 

17 Training 1.510 0.0050 94.0 47.36 4.80 0.75 

18 Training 1.510 0.0050 33.4 19.97 2.77 0.43 

19 Training 1.510 0.0050 82.8 52.10 5.08 0.79 

20 Training 0.351 0.0025 41.4 59.95 9.81 0.77 

21 Training 1.510 0.0020 9.8 70.47 3.48 0.54 

22 Training 1.510 0.0080 632.3 34.72 5.79 0.90 

23 Training 1.510 0.0020 6.4 58.90 2.95 0.46 

24 Training 1.510 0.0050 128.9 39.40 4.18 0.65 

25 Training 0.351 0.0050 10.1 47.60 7.90 0.62 

26 Training 1.510 0.0030 44.7 66.13 4.48 0.70 

27 Training 1.510 0.0050 51.3 30.03 3.76 0.59 

28 Training 1.510 0.0060 80.6 54.24 5.34 0.83 

29 Training 1.510 0.0070 226.4 55.57 6.11 0.95 

30 Training 0.351 0.0050 12.1 49.08 8.28 0.65 

31 Training 1.510 0.0050 104.8 46.28 4.63 0.72 

32 Training 1.510 0.0060 94.2 27.61 3.73 0.58 

33 Training 1.510 0.0050 62.5 26.76 3.60 0.56 
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Experiment Model Development Stage 𝒅 (mm) 𝑺𝒐 (m m-1) 𝑪𝒗  (ppm) 𝑹 (mm) 𝑭𝑹
∗ 𝑽𝒍 (m s-1) 

34 Testing 1.510 0.0070 424.4 43.86 5.60 0.87 

35 Testing 1.510 0.0030 24.4 59.83 4.28 0.67 

36 Testing 1.510 0.0060 87.6 50.15 5.08 0.79 

37 Testing 1.510 0.0030 21.1 57.74 3.99 0.62 

38 Testing 0.351 0.0050 20.5 53.97 9.04 0.71 

39 Testing 0.351 0.0050 1.8 23.89 3.82 0.30 

40 Testing 1.510 0.0050 70.9 38.69 3.99 0.62 

41 Testing 1.510 0.0060 100.1 40.23 4.18 0.65 

42 Testing 1.510 0.0080 715.0 41.41 6.76 1.05 

43 Testing 1.510 0.0050 103.5 44.75 4.67 0.73 

44 Testing 1.510 0.0030 32.0 60.51 4.80 0.75 

 

Table B-2. Non-deposition without deposited bed experimental data collected in the 595 mm PVC pipe. 

Experiment Model Development Stage 𝒅 (mm) 𝑺𝒐 (m m-1) 𝑪𝒗  (ppm) 𝑹 (mm) 𝑭𝑹
∗ 𝑽𝒍 (m s-1) 

1 Training 1.510 0.0119 2729.4 17.62 7.01 1.10 

2 Training 2.600 0.0089 1869.2 26.14 5.20 1.06 

3 Training 1.510 0.0093 2086.0 18.89 6.30 0.99 

4 Training 1.218 0.0042 826.4 33.85 6.09 0.86 

5 Training 1.510 0.0178 10119.2 9.88 3.91 0.61 

6 Training 0.474 0.0089 1657.6 24.26 9.53 0.84 

7 Training 2.600 0.0047 540.7 57.39 6.05 1.24 

8 Training 1.218 0.0068 1149.7 28.00 6.04 0.85 

9 Training 0.351 0.0089 2279.9 20.79 12.38 0.93 

10 Training 0.474 0.0136 4012.4 13.77 8.45 0.74 

11 Training 0.474 0.0017 6.5 88.37 6.80 0.60 

12 Training 1.510 0.0004 21.2 90.86 3.79 0.60 

13 Training 0.351 0.0068 726.1 23.32 9.44 0.71 

14 Training 0.351 0.0254 963.2 33.85 13.27 1.00 

15 Training 1.218 0.0089 1747.8 28.93 7.16 1.01 

16 Training 0.351 0.0136 2051.3 25.51 13.60 1.02 

17 Training 1.510 0.0072 1700.6 20.48 5.57 0.87 

18 Training 1.218 0.0042 943.1 39.90 6.82 0.96 

19 Training 0.474 0.0136 3153.2 22.06 11.09 0.98 

20 Training 1.510 0.0096 3681.1 14.41 4.90 0.77 

21 Training 1.510 0.0004 61.9 89.12 5.01 0.79 

22 Training 2.600 0.0123 2800.0 33.24 5.98 1.22 

23 Training 0.474 0.0008 47.0 119.29 8.29 0.73 

24 Training 2.600 0.0004 23.1 101.71 3.13 0.64 

25 Training 0.351 0.0136 2497.9 22.06 12.87 0.97 
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Experiment Model Development Stage 𝒅 (mm) 𝑺𝒐 (m m-1) 𝑪𝒗  (ppm) 𝑹 (mm) 𝑭𝑹
∗ 𝑽𝒍 (m s-1) 

26 Training 2.600 0.0004 18.3 92.83 2.90 0.59 

27 Training 0.474 0.0004 19.9 107.70 7.40 0.65 

28 Training 0.474 0.0042 913.4 40.80 11.17 0.98 

29 Training 1.510 0.0343 16730.8 10.53 6.17 0.97 

30 Training 0.474 0.0004 16.8 95.27 6.35 0.56 

31 Training 1.510 0.0004 76.2 86.61 4.84 0.76 

32 Training 0.351 0.0025 700.5 20.16 8.17 0.62 

33 Training 1.510 0.0157 3939.9 11.83 4.27 0.67 

34 Training 1.218 0.0008 20.5 93.57 4.25 0.60 

35 Training 0.474 0.0042 666.6 33.85 9.88 0.87 

36 Training 0.351 0.0025 588.4 14.41 6.00 0.45 

37 Training 1.510 0.0021 66.0 84.84 4.98 0.78 

38 Training 0.351 0.0004 83.0 42.88 5.40 0.41 

39 Training 0.474 0.0089 1837.5 27.07 10.37 0.91 

40 Training 0.474 0.0136 3409.9 25.20 11.57 1.02 

41 Training 0.474 0.0042 796.2 28.93 9.37 0.82 

42 Training 1.510 0.0157 3802.8 14.41 5.38 0.84 

43 Training 0.351 0.0136 3278.9 18.89 11.09 0.84 

44 Training 2.600 0.0089 1726.1 31.71 5.43 1.11 

45 Training 0.474 0.0136 2804.3 18.89 10.00 0.88 

46 Training 1.218 0.0140 2644.6 22.69 7.39 1.04 

47 Training 0.351 0.0004 176.4 55.97 8.56 0.64 

48 Training 0.351 0.0254 500.4 54.55 16.02 1.21 

49 Training 1.510 0.0122 3892.3 18.89 6.49 1.02 

50 Training 0.351 0.0004 85.1 103.34 10.62 0.80 

51 Training 1.510 0.0021 95.9 78.91 4.82 0.76 

52 Training 1.218 0.0089 1638.6 25.82 6.63 0.94 

53 Training 0.474 0.0017 43.4 100.77 8.93 0.79 

54 Training 2.600 0.0123 1373.3 41.69 6.89 1.41 

55 Training 0.351 0.0136 4154.9 14.41 9.41 0.71 

56 Training 2.600 0.0047 903.5 38.10 4.88 1.00 

57 Training 1.510 0.0178 11609.3 7.27 3.24 0.51 

58 Training 0.351 0.0004 187.9 63.01 9.87 0.74 

59 Training 0.351 0.0143 6430.8 10.53 9.65 0.73 

60 Training 2.600 0.0059 823.6 48.77 5.80 1.19 

61 Training 0.351 0.0123 2499.1 19.53 11.23 0.85 

62 Training 1.510 0.0013 67.6 86.36 4.80 0.75 

63 Training 0.351 0.0089 1908.6 27.38 12.35 0.93 

64 Training 2.600 0.0089 3025.4 11.51 3.01 0.61 

65 Training 1.510 0.0343 19957.0 7.92 4.03 0.63 

66 Training 1.218 0.0068 954.9 22.37 5.47 0.77 
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Experiment Model Development Stage 𝒅 (mm) 𝑺𝒐 (m m-1) 𝑪𝒗  (ppm) 𝑹 (mm) 𝑭𝑹
∗ 𝑽𝒍 (m s-1) 

67 Training 1.510 0.0004 80.3 88.37 4.99 0.78 

68 Training 2.600 0.0059 993.9 40.20 5.53 1.13 

69 Training 0.351 0.0004 85.5 50.52 7.56 0.57 

70 Training 0.351 0.0270 8719.7 9.88 10.63 0.80 

71 Training 0.351 0.0068 1227.4 25.82 10.22 0.77 

72 Training 1.218 0.0110 2123.0 14.41 5.01 0.71 

73 Training 1.510 0.0343 14853.8 9.23 4.90 0.77 

74 Training 1.218 0.0017 12.6 72.82 3.54 0.50 

75 Training 1.218 0.0110 2184.6 23.00 7.23 1.02 

76 Training 0.351 0.0025 735.5 16.98 7.49 0.56 

77 Training 1.510 0.0013 54.4 74.69 4.18 0.66 

78 Training 1.510 0.0191 6868.7 7.92 4.98 0.78 

79 Training 2.600 0.0021 128.9 90.37 4.24 0.87 

80 Training 1.510 0.0274 13840.9 10.53 4.78 0.75 

81 Training 1.510 0.0004 44.2 87.37 4.71 0.74 

82 Testing 1.510 0.0119 4066.1 9.23 3.95 0.62 

83 Testing 1.218 0.0068 1129.8 33.24 6.38 0.90 

84 Testing 1.218 0.0140 2791.3 18.25 6.71 0.95 

85 Testing 0.474 0.0004 1.3 79.69 5.09 0.45 

86 Testing 0.351 0.0254 842.7 42.88 14.49 1.09 

87 Testing 0.474 0.0089 1667.6 20.16 9.10 0.80 

88 Testing 1.218 0.0089 1099.0 19.84 5.91 0.83 

89 Testing 1.218 0.0008 44.2 106.11 4.77 0.67 

90 Testing 2.600 0.0047 527.0 48.77 5.60 1.14 

91 Testing 1.218 0.0008 29.9 103.58 4.14 0.58 

92 Testing 1.218 0.0068 1043.4 25.20 5.75 0.81 

93 Testing 2.600 0.0021 83.2 80.73 3.66 0.75 

94 Testing 2.600 0.0047 1067.7 29.55 4.30 0.88 

95 Testing 1.218 0.0042 745.4 24.89 5.02 0.71 

96 Testing 1.218 0.0140 3692.4 14.41 5.06 0.71 

97 Testing 1.218 0.0017 13.8 88.12 4.38 0.62 

98 Testing 2.600 0.0089 1944.8 19.53 4.30 0.88 

99 Testing 0.474 0.0089 3276.3 14.41 7.54 0.66 

100 Testing 1.218 0.0110 3322.3 18.89 6.37 0.90 

101 Testing 1.218 0.0068 1340.6 30.78 6.46 0.91 

102 Testing 1.510 0.0274 13607.7 12.48 4.78 0.75 

103 Testing 0.351 0.0004 32.1 82.28 8.07 0.61 

104 Testing 2.600 0.0059 999.2 32.93 5.12 1.05 

105 Testing 1.510 0.0178 6253.4 7.92 4.98 0.78 

106 Testing 1.218 0.0068 1420.8 38.40 7.23 1.02 

107 Testing 1.510 0.0021 70.2 72.02 4.43 0.70 
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Table B-3. Non-deposition with deposited bed experimental data collected in the 595 mm PVC pipe. 

Experiment Model Development Stage 
𝒅 

(mm) 

𝑺𝒐  

(m m-1) 

𝑪𝒗 

(ppm) 

𝑹 

(mm) 
𝑭𝑹

∗ 
𝑽𝒍 

(m s-1) 

𝒚𝒔 

(mm) 

1 Training 0.474 0.0161 2593.7 10.75 13.61 11.96 1.9 

2 Training 0.474 0.0237 8522.1 11.48 11.96 11.96 1.7 

3 Training 1.218 0.0072 652.3 36.46 7.13 30.79 3.1 

4 Training 1.218 0.0047 1660.4 32.86 5.69 30.79 2.7 

5 Training 1.510 0.0097 786.4 27.06 4.63 38.12 5.6 

6 Training 1.218 0.0220 5697.5 13.38 8.47 30.79 1.9 

7 Training 2.600 0.0102 1615.3 58.01 6.32 65.29 4.2 

8 Training 1.510 0.0097 1213.9 23.22 5.53 38.12 3.7 

9 Training 2.600 0.0157 4994.7 35.67 5.90 65.29 3.8 

10 Training 0.474 0.0182 5317.5 17.86 15.47 11.96 4.2 

11 Training 1.510 0.0203 7400.1 24.96 7.69 38.12 4.2 

12 Training 1.218 0.0089 1052.0 22.33 5.71 30.79 2.2 

13 Training 0.474 0.0131 2572.5 19.12 12.48 11.96 2.3 

14 Training 0.474 0.0085 547.2 21.10 10.51 11.96 2.1 

15 Training 1.218 0.0153 3364.7 9.70 6.23 30.79 1.1 

16 Training 1.510 0.0081 938.9 42.63 6.72 38.12 5.1 

17 Training 1.510 0.0076 743.6 27.51 5.28 38.12 1.5 

18 Training 1.218 0.0114 2527.1 31.94 9.08 30.79 4.0 

19 Training 0.474 0.0237 6424.1 15.35 17.45 11.96 1.9 

20 Training 1.510 0.0250 6226.5 18.14 6.78 38.12 3.4 

21 Training 2.600 0.0106 1968.3 54.97 6.17 65.29 5.1 

22 Training 1.510 0.0076 982.2 29.42 6.13 38.12 1.3 

23 Training 1.510 0.0153 2248.6 24.96 6.40 38.12 1.8 

24 Training 1.510 0.0203 4172.2 27.99 7.70 38.12 4.7 

25 Training 0.474 0.0089 763.8 28.71 10.16 11.96 1.8 

26 Training 1.218 0.0106 1504.4 18.03 5.34 30.79 1.5 

27 Training 1.218 0.0165 3162.4 24.45 8.27 30.79 3.8 

28 Training 1.218 0.0165 2327.4 16.60 6.37 30.79 2.1 

29 Training 1.510 0.0072 631.9 53.00 5.75 38.12 3.4 

30 Training 1.510 0.0051 388.7 36.62 5.47 38.12 2.2 

31 Training 0.474 0.0178 5131.3 22.96 14.77 11.96 2.2 

32 Training 2.600 0.0199 4435.5 25.19 6.00 65.29 3.4 

33 Training 2.600 0.0127 2408.2 48.21 6.82 65.29 6.6 

34 Training 1.218 0.0068 460.1 38.95 6.36 30.79 2.7 

35 Training 1.510 0.0153 2979.8 32.24 7.40 38.12 5.1 

36 Training 1.218 0.0064 487.7 29.63 6.29 30.79 3.3 

37 Training 2.600 0.0153 2950.8 31.62 5.68 65.29 5.1 

38 Training 1.510 0.0072 762.7 23.25 5.07 38.12 0.8 

39 Training 1.510 0.0076 701.8 36.74 5.95 38.12 6.6 
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Experiment Model Development Stage 
𝒅 

(mm) 

𝑺𝒐  

(m m-1) 

𝑪𝒗 

(ppm) 

𝑹 

(mm) 
𝑭𝑹

∗ 
𝑽𝒍 

(m s-1) 

𝒚𝒔 

(mm) 

40 Training 1.218 0.0123 1710.2 31.69 6.83 30.79 2.4 

41 Training 1.510 0.0199 4418.9 24.03 7.34 38.12 3.1 

42 Training 1.218 0.0165 4759.1 19.01 7.83 30.79 2.7 

43 Training 1.510 0.0203 3702.3 25.38 7.07 38.12 2.7 

44 Training 1.510 0.0542 10274.6 10.81 5.54 38.12 1.8 

45 Training 2.600 0.0212 4962.0 22.21 5.10 65.29 2.7 

46 Training 1.510 0.0085 2127.7 39.81 6.74 38.12 6.6 

47 Training 1.510 0.0182 3283.2 16.96 5.23 38.12 3.1 

48 Training 2.600 0.0131 2212.8 43.02 5.76 65.29 3.4 

49 Training 1.218 0.0123 987.0 33.40 8.29 30.79 3.1 

50 Training 0.474 0.0140 2515.6 10.40 15.81 11.96 2.9 

51 Training 2.600 0.0140 3432.1 38.20 6.05 65.29 3.4 

52 Training 2.600 0.0258 9101.1 16.96 5.25 65.29 3.1 

53 Training 0.474 0.0123 1918.1 26.16 11.90 11.96 2.1 

54 Training 1.510 0.0208 9595.9 24.32 7.12 38.12 6.1 

 

Table B-4. Experimental data collected for studying flushing waves efficiency on sewer pipes. 

Run no. 
𝑺𝒐 𝑫 𝒀 𝒅 𝑺𝑮 𝒚𝒔 𝒕𝒃 𝒕𝒑 𝑸𝒃 𝑸𝒑 𝑽𝒔 

(%) (mm) (mm) (mm) (-) (mm) (s) (s) (l s-1) (l s-1) (m s-1) 

1 0.805 595 70.35 0.47 2.66 10.14 154 59 5.27 25.48 0.07 

2 0.805 595 57.43 0.47 2.66 8.26 141 57 5.45 16.76 0.05 

3 0.805 595 53.61 0.47 2.66 10.53 131 57 5.45 16.49 0.04 

4 1.186 595 57.82 0.47 2.66 2.49 121 59 4.89 20.53 0.05 

5 1.229 595 54.70 0.47 2.66 12.55 115 55 4.81 15.97 0.03 

6 1.229 595 61.66 0.47 2.66 9.91 120 55 5.07 20.27 0.04 

7 1.229 595 50.94 0.47 2.66 3.90 183 58 1.03 11.10 0.05 

8 1.229 595 67.63 0.47 2.66 12.15 124 57 5.03 24.47 0.05 

9 1.229 595 62.04 1.51 2.66 8.97 39 33 9.98 12.06 0.02 

10 1.525 595 42.69 1.51 2.66 13.54 117 58 5.17 11.84 0.02 

11 2.034 595 37.55 1.51 2.66 13.28 111 59 4.92 11.54 0.09 

12 2.331 595 35.95 1.51 2.66 10.96 182 57 3.99 10.93 0.10 

13 0.763 595 67.43 1.51 2.66 14.87 113 56 4.42 11.71 0.00 

14 0.763 595 70.23 1.51 2.66 15.99 126 69 9.13 22.46 0.03 

15 0.763 595 81.75 1.51 2.66 13.12 135 63 9.40 31.43 0.04 

16 1.123 595 58.13 1.51 2.66 9.55 118 60 9.23 17.93 0.03 

17 1.123 595 64.66 1.51 2.66 11.97 118 57 9.37 22.36 0.04 

18 1.186 595 57.59 1.51 2.66 19.13 149 79 3.59 20.04 0.07 

19 1.186 595 52.88 1.51 2.66 14.70 149 88 3.95 16.45 0.04 
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Run no. 
𝑺𝒐 𝑫 𝒀 𝒅 𝑺𝑮 𝒚𝒔 𝒕𝒃 𝒕𝒑 𝑸𝒃 𝑸𝒑 𝑽𝒔 

(%) (mm) (mm) (mm) (-) (mm) (s) (s) (l s-1) (l s-1) (m s-1) 

20 1.186 595 64.30 1.51 2.66 14.31 195 93 3.51 24.52 0.09 

21 0.847 595 69.70 1.51 2.66 13.64 185 55 3.72 20.71 0.03 

22 0.847 595 51.24 1.51 2.66 13.83 104 8 7.28 7.33 0.01 

23 1.589 595 32.25 1.51 2.66 14.35 118 82 4.36 7.24 0.05 

24 0.847 595 63.16 2.60 2.64 12.98 120 76 4.71 12.53 0.01 

25 0.847 595 66.11 2.60 2.64 17.48 156 86 4.10 16.57 0.01 

26 0.847 595 72.84 2.60 2.64 10.93 161 83 4.13 20.88 0.03 

27 0.847 595 105.64 2.60 2.64 15.39 167 65 4.11 24.98 0.02 

28 1.059 595 62.36 2.60 2.64 15.48 143 75 4.22 11.91 0.01 

29 1.059 595 54.15 2.60 2.64 16.77 154 83 4.02 16.63 0.03 

30 1.186 595 59.13 2.60 2.64 14.30 143 67 3.69 19.77 0.03 

31 1.186 595 67.08 2.60 2.64 13.76 148 74 3.57 23.71 0.02 

32 1.483 595 39.34 2.60 2.64 16.36 176 88 3.45 10.96 0.02 

33 1.483 595 46.74 2.60 2.64 14.66 136 80 3.52 15.45 0.03 

34 1.483 595 53.25 2.60 2.64 15.54 186 72 3.39 19.73 0.04 

35 1.483 595 59.57 2.60 2.64 16.95 184 79 3.42 23.61 0.07 

36 1.653 595 38.51 2.60 2.64 19.13 134 82 3.75 11.36 0.03 

37 1.653 595 46.08 2.60 2.64 17.21 141 84 3.76 15.96 0.09 

38 1.653 595 52.56 2.60 2.64 16.18 146 70 3.71 20.08 0.12 

39 1.653 595 59.13 2.60 2.64 14.58 147 64 3.64 23.79 0.12 

40 1.568 595 38.73 0.47 2.66 15.60 135 87 3.64 11.58 0.06 

41 1.568 595 46.16 0.47 2.66 14.80 142 81 3.73 15.96 0.08 

42 1.568 595 53.90 0.47 2.66 14.77 146 87 3.66 20.35 0.09 

43 1.568 595 59.10 0.47 2.66 12.39 151 81 3.75 24.25 0.13 

44 1.822 595 37.55 0.47 2.66 14.29 140 87 4.06 11.92 0.09 

45 1.822 595 45.29 0.47 2.66 16.33 148 88 4.00 16.48 0.13 

46 1.822 595 51.59 0.47 2.66 11.33 152 81 3.95 20.87 0.14 

47 2.034 595 35.08 0.47 2.66 9.71 121 84 3.97 10.64 0.15 

48 2.034 595 42.85 0.47 2.66 9.05 161 89 3.26 14.75 0.13 

49 2.034 595 50.35 0.47 2.66 6.79 7 78 3.56 20.07 0.14 

50 2.034 595 54.22 0.47 2.66 5.64 178 60 3.56 23.79 0.21 

51 2.246 595 34.90 0.47 2.66 4.68 127 75 4.36 11.38 0.13 

52 2.246 595 42.64 0.47 2.66 7.95 159 77 3.78 15.90 0.15 

53 2.246 595 35.17 2.60 2.64 13.82 131 78 4.07 11.19 0.10 

54 2.246 595 42.78 2.60 2.64 13.58 142 88 3.62 15.55 0.14 

55 2.246 595 47.24 2.60 2.64 9.96 146 85 3.62 19.82 0.17 

56 2.246 595 52.77 2.60 2.64 8.10 142 79 3.72 23.74 0.18 

57 2.076 595 36.93 2.60 2.64 12.77 136 85 3.90 11.87 0.09 
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Run no. 
𝑺𝒐 𝑫 𝒀 𝒅 𝑺𝑮 𝒚𝒔 𝒕𝒃 𝒕𝒑 𝑸𝒃 𝑸𝒑 𝑽𝒔 

(%) (mm) (mm) (mm) (-) (mm) (s) (s) (l s-1) (l s-1) (m s-1) 

58 2.076 595 43.16 2.60 2.64 10.84 11 77 3.69 16.02 0.12 

59 2.076 595 50.20 2.60 2.64 11.99 153 92 3.67 20.34 0.14 

60 2.076 595 54.70 2.60 2.64 9.85 154 79 3.79 24.16 0.14 

61 1.822 595 36.34 2.60 2.64 14.46 123 84 3.54 10.84 0.04 

62 1.822 595 43.56 2.60 2.64 9.63 162 85 3.20 15.12 0.12 

63 1.822 595 50.97 2.60 2.64 8.79 171 78 3.18 19.05 0.09 

64 1.822 595 56.21 2.60 2.64 11.66 168 87 3.25 23.71 0.11 

65 0.644 209 34.99 2.60 2.64 5.60 101 18 0.08 3.80 0.02 

66 0.644 209 49.27 2.60 2.64 8.22 101 16 0.01 6.60 0.02 

67 0.644 209 51.63 2.60 2.64 9.89 101 14 0.02 6.84 0.02 

68 0.644 209 28.15 2.60 2.64 4.98 101 20 0.14 1.99 0.01 

69 0.644 209 30.78 2.60 2.64 7.96 101 19 0.11 2.45 0.00 

70 0.644 209 40.49 2.60 2.64 6.26 101 17 0.08 4.73 0.02 

71 0.644 209 53.26 2.60 2.64 8.49 101 15 0.02 7.37 0.03 

72 0.644 209 35.58 2.60 2.64 6.26 101 20 0.12 3.62 0.01 

73 0.644 209 40.61 2.60 2.64 5.82 101 18 0.06 4.58 0.02 

74 0.644 209 45.95 2.60 2.64 8.76 101 17 0.03 5.42 0.01 

75 0.644 209 52.17 2.60 2.64 7.96 101 16 0.03 7.22 0.03 

76 0.644 209 29.87 2.60 2.64 6.26 101 21 0.11 2.06 0.01 

77 0.644 209 33.61 2.60 2.64 5.39 101 19 0.10 2.75 0.01 

78 0.644 209 44.28 2.60 2.64 7.45 101 18 0.02 5.17 0.02 

79 0.644 209 47.12 2.60 2.64 8.22 101 18 0.01 5.90 0.02 

80 0.644 209 38.03 2.60 2.64 6.72 101 19 0.08 3.80 0.01 

81 0.644 209 41.49 2.60 2.64 6.49 101 18 0.05 4.59 0.02 

82 0.644 209 43.13 2.60 2.64 8.22 101 17 0.04 5.55 0.01 

83 0.644 209 44.99 2.60 2.64 9.60 101 16 0.02 6.11 0.02 

84 0.644 209 38.93 2.60 2.64 9.31 101 18 0.04 4.51 0.01 

85 0.644 209 47.10 2.60 2.64 8.76 101 17 0.02 5.83 0.01 

86 0.644 209 38.30 0.47 2.66 3.91 101 17 0.10 4.36 0.06 

87 0.644 209 51.25 0.47 2.66 3.68 101 16 0.00 7.36 0.11 

88 0.644 209 52.44 0.47 2.66 4.65 101 15 0.01 7.64 0.10 

89 0.644 209 29.07 0.47 2.66 4.40 101 19 0.21 2.22 0.03 

90 0.644 209 33.05 0.47 2.66 3.91 101 17 0.19 2.65 0.04 

91 0.644 209 41.19 0.47 2.66 3.86 101 18 0.04 4.99 0.08 

92 0.644 209 56.85 0.47 2.66 3.51 101 15 0.00 8.02 0.13 

93 0.644 209 39.63 0.47 2.66 4.40 101 17 0.07 4.08 0.05 

94 0.644 209 43.42 0.47 2.66 3.46 101 17 0.08 4.99 0.06 

95 0.644 209 47.40 0.47 2.66 4.21 101 16 0.04 5.56 0.07 
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Run no. 
𝑺𝒐 𝑫 𝒀 𝒅 𝑺𝑮 𝒚𝒔 𝒕𝒃 𝒕𝒑 𝑸𝒃 𝑸𝒑 𝑽𝒔 

(%) (mm) (mm) (mm) (-) (mm) (s) (s) (l s-1) (l s-1) (m s-1) 

96 0.644 209 30.86 0.47 2.66 3.46 101 19 0.32 2.08 0.03 

97 0.644 209 32.77 0.47 2.66 4.59 101 20 0.11 2.80 0.04 

98 0.644 209 42.21 0.47 2.66 3.03 101 19 0.41 4.22 0.06 

99 0.644 209 37.41 0.47 2.66 5.18 101 19 0.09 3.79 0.05 

100 0.644 209 41.66 0.47 2.66 4.86 101 17 0.07 4.63 0.05 

101 0.644 209 43.34 0.47 2.66 4.78 101 18 0.06 5.71 0.06 

102 0.644 209 48.65 0.47 2.66 4.21 101 16 0.03 6.67 0.09 

103 0.644 209 36.32 0.35 2.65 4.59 101 18 0.06 4.24 0.05 

104 0.644 209 51.00 0.35 2.65 5.60 101 15 0.01 6.81 0.08 

105 0.644 209 50.99 0.35 2.65 5.18 101 15 0.01 6.90 0.09 

106 0.644 209 28.62 0.35 2.65 5.39 101 18 0.23 2.00 0.02 

107 0.644 209 32.66 0.35 2.65 5.26 101 17 0.19 2.67 0.03 

108 0.644 209 42.79 0.35 2.65 5.18 101 16 0.07 4.80 0.04 

109 0.644 209 54.41 0.35 2.65 5.60 101 17 0.00 7.36 0.07 

110 0.644 209 37.13 0.35 2.65 5.18 101 18 0.10 3.75 0.03 

111 0.644 209 41.56 0.35 2.65 4.59 101 17 0.08 4.71 0.05 

112 0.644 209 45.08 0.35 2.65 5.73 101 17 0.07 5.47 0.05 

113 0.644 209 54.08 0.35 2.65 5.60 101 15 0.03 7.31 0.08 

114 0.644 209 29.46 0.35 2.65 5.39 101 20 0.19 2.02 0.03 

115 0.644 209 33.04 0.35 2.65 5.90 101 19 0.13 2.74 0.03 

116 0.644 209 44.81 0.35 2.65 5.82 101 17 0.04 5.18 0.04 

117 0.644 209 48.43 0.35 2.65 5.39 101 17 0.02 5.88 0.05 

118 0.644 209 39.31 0.35 2.65 5.60 101 18 0.09 3.92 0.04 

119 0.644 209 41.99 0.35 2.65 5.60 101 17 0.08 4.59 0.04 

120 0.644 209 43.59 0.35 2.65 5.60 101 18 0.04 5.64 0.04 

121 0.644 209 44.65 0.35 2.65 5.60 101 17 0.06 6.12 0.07 
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Appendix C.  

Cross-Section Geometry 

Equations used for computing the cross-section geometry are defined as follows:  

 

Figure C-1. Cross-section geometry of the deposited bed. 

𝜃𝑠 = 2 cos−1 [1 − 2 (
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𝐷
)] (C-1) 
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Figure C-2. Cross-section geometry for pipes with presence of deposited material. 

𝜃 = 2 cos−1 [1 − 2 (
𝑌 + 𝑦𝑠

𝐷
)] (C-6) 

𝐴 = (
𝐷2

8
) (𝜃 − sin(𝜃)) − 𝐴𝑠 (C-7) 

𝑃 =
𝐷𝜃

2
− 𝑃𝑠 + 𝑊𝑏 (C-8) 

𝑅 =
𝐴

𝑃
 (C-9) 

𝑇 = sin (
𝜃

2
)𝐷 (C-10) 

𝐷ℎ =
𝐴

𝑇
 (C-11) 

 

In the previous equations, when the sediment is transported as flume traction (i.e. non-

deposition without deposited bed), the bed sediment thickness is zero.  
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