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ABSTRACT 

Pathogens in an interactive water-sediment environment are present as free agents in water or 

attachments to sediment particles. The resuspension of pathogens from bed sediment in 

irrigation canals impairs the quality of overlaying water and can result in the contamination of 

fresh produces. Sediments are known to be potential reservoirs of pathogenic microorganisms. 

Pathogens’ concentration in the water is associated with sediment through two key processes: 

resuspension and attachment. This dissertation reports two experimental and one field studies 

to quantify the role of sediment in microbial water quality. 

The first experimental study focused on the viral pathogen resuspension from sediment 

in irrigation canal. PhiX174, a spherical single-stranded DNA bacteriophage, used as a 

surrogate and its resuspension was evaluated through a series of laboratory experiments. 

Different flow conditions and three types of sediment mixtures (i.e., loam, sand, sandy loam) 

were investigated. Results revealed that the resuspension rate increases with the dimensionless 

bed shear stress. Based on these results, for the first time, two models were proposed,  for 

correlating the concentration of PhiX174 with the dimensionless bed shear stress for different 

sediments. One model was proposed for sandy loam and loam, and the other for sand. Models 

were verified favorably by the experimental data. 

The second experiment focused on the mechanism governing the viral pathogens’ 

resuspension and their attachment to suspended sediment. Experimental results of the first 

research were utilized, and a conceptual model was developed to quantify the resuspension flux 

and attachment ratio. Two resuspension flux models were derived for the sediments with and 

without cohesive material. The resulting models correlated the resuspension flux with non-

dimensional bed shear stress. Unlike previous reports on attachment as an irreversible and static 

process, the attachment ratio, in fact, increases with bed shear stress until reaching the critical 
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shear stress, and then decreases with a further increase of bed shear stress. Results shed light 

on the key processes governing the fate and transport of viral pathogens in sediment laden flow. 

At last, field data were analyzed to evaluate the impact of incorporating sediment 

information on the prediction of E. Coli level in water. Field samples of water and sediment 

were collected from irrigation canals in the Southwest U.S. Environmental variables, such as 

water and air temperature, PH, salinity, were measured at the sampling sites. The samples were 

analyzed in WEST center to obtain other chemical and physical water quality variables as well 

as three additional flow and sediment properties: the concentration of E. coli in sediment, 

sediment median size, and bed shear stress. Three machine learning methods, support vector 

machine (SVM), logistic regression (LR), and ridge classifier (RC), were used to classify 

irrigation water quality based on E. coli concentration exceeding two standard levels: 1 E. coli 

and 126 E. coli E. coli count(s) per 100 ml of irrigation water. Models were trained and 

validated over two sets of features: including and excluding sediment features. All models were 

tuned through 5-fold cross validation. SVM performed the best among three methods, and 

incorporating sediment features have considerably improved the performance of all models. 

These results signify the importance of incorporating sediment properties for assessing E. coli 

contamination in irrigation water. 
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CHAPTER 1: INTRODUCTION 

1.1   Research Background 

1.1.1 Pathogens in irrigation water 

Pathogens released from point (e.g., wastewater release) and non-point sources (e.g., runoff 

from agricultural land) are the main cause of surface water microbial contamination in the U.S. 

(USEPA, 2010). Apart from hazards of direct consumption of polluted water with a pathogenic 

organism, fresh produce irrigated with contaminated water, pose a substantial risk to human 

health (Gil et al. 2015, Olaimat and Holley 2012). Research is increasing on elucidating 

pathways that pathogens contaminate fresh produce (Pachepsky et al. 2011). Nevertheless, the 

role of contaminated irrigation water as a vector for pathogen transmission to humans is still 

not clearly understood. Direct and indirect release of human and warm-blooded animal feces 

into the aquatic environments is recognized as the main cause of pathogenic contamination. 

(Fauvel et al., 2016). The release of inadequately treated wastewater, leakage of septic tank 

systems, and agricultural use of manure are possible sources of pathogens that are intensified 

during storm events (Fauvel et al. 2016). Consumption of fresh produces has increased 

worldwide during the last decades, as people prefer more healthy eating diets (Betts, 2014). On 

the other hand, records in the U.S. show that from 1998 to 2008, 684 foodborne outbreaks 

occurred due to the consumption of contaminated fresh produce that caused 26,735 illnesses 

which is equal to 14.8% of the outbreaks (Uyttendaele et al. 2015). Leafy greens, particularly 

lettuce, are recognized as the most common fresh produce in outbreaks (Uyttendaele et al., 

2015). Mainly pathogens causing foodborne outbreaks are comprised of viruses and bacteria 

(Pachepsky et al. 2011). E. coli was considered as an indicator of fecal contamination in surface 

water. It is ubiquitous in the intestines of warm-blooded animals and human and have been 

used in numerous studies evaluating bacterial pathogens contamination (Abimbola et al., 2020; 
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Zhou et al., 2017, Mossel 1978). However, E. coli does not reflect virus behavior in aquatic 

systems (Jurzik et al. 2010). Viruses are far smaller than bacteria and can survive longer in the 

environment (Quanrud et al. 2003). Pathogenic human viruses spread via the fecal-oral route 

and can remain viable in the water column for more than two months (Lopman et al. 2012). 

Because of the difficulties involved in pathogenic human virus cultivation, surrogates (e.g., 

PhiX174, MS2 bacteriophage) are often used for environmental studies (Gerba and Kayed 

2003). This study used a coliphage PhiX174 a model for human pathogenic viruses. PhiX174 

is a single-stranded DNA bacteriophage with unit cell dimensions of 305.6 Å × 360.8 Å × 299.5 

Å (1 Å = 0.1 nm) (McKenna et al. 1992). It belongs to the Microviridae family of 

bacteriophages (Strauss and Sinsheimer 1963). It is nearly the same size as MS2 bacteriophage 

and exhibits more hydrophilic interaction and lower absorptivity compared to MS2 (Lytle and 

Routson 1995, Shields and Farrah 1987). Its small genome size, low chance of reproduction in 

a natural environment, high resemblance to the structure of pathogenic human viruses, and 

nonpathogenic status all contribute to its usefulness as a model for virus behavior in aquatic 

environments (Jin and Flury 2002, Thompson and Yates 1999, Zhang et al. 2010). PhiX174 

has been used for different purposes in many studies, including virus sorption (Gerba and 

Schaiberger 1975, Schijven and Hassanizadeh 2000), evaluating the efficiency of filtration 

systems for virus removal (El Hadidy et al. 2013, Kohn and Nelson 2007, Zhang et al. 2010), 

and assessing the potential of virus transport and fate in porous media (Gerba and Keswick 

1981, Jin and Flury 2002, Keswick and Gerba 1980, Noonan and McNabb 1979, Quanrud et 

al. 2003).  

Microorganisms in an interactive water-sediment environment are present as free agents in the 

water or attachments to sediment particles (Hipsey et al., 2008; Rehman and Soupir, 2009). 

The ratio of attached pathogens plays an important in the estimation of pathogen transport 

(Characklis et al., 2005). Pathogens attached to particles tend to increase particle settling 
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velocity, and survive longer than the free floating ones (Kraemer et al., 2013; Characklis et al., 

2005). Particle surfaces serve to transfer pathogens between water and bed sediment through 

resuspension and settlement processes (Marshall and Bitton 1980). Multiple studies have 

reported high levels of pathogens in sediment, ranging from 10 to 10,000 times greater than the 

concentrations in the overlaying water (Bai and Lung 2005, Davies et al. 1995). Although water 

in an irrigation canal may be free of microbial pathogens, resuspension of pathogens from bed 

sediment can degrade microbial water quality (Rehmann and Soupir, 2009). Re-entrainment of 

pathogens from bed sediments happens when bedload movement is initiated as the critical shear 

stress threshold of bed sediment is exceeded. (Bradshaw et al. 2016, Jamieson et al. 2005b). 

Resuspension can also occur due to other factors causing physical disturbance of bed sediment 

such as cattle crossing (Muirhead et al. 2004). The impact of the resuspension of pathogens on 

impairment of irrigation water quality is substantial and previous studies have shown that 

incorporation of sediment interaction have improved the performance of water quality models 

(Jamieson et al., 2005b; Rehmann and Soupir, 2009). Nevertheless, there is limited knowledge 

available on this background contamination sources (Ashbolt et al. 2010). 

 

1.1.2 Resuspension and attachment of pathogens in water-sediment environment 

Earlier studies treated resuspension as a static process regardless of sediment properties and 

flow conditions by assuming a constant resuspension velocity (Chapra, 1997). Later, 

resuspension rate was correlated with flow properties, mainly flow rate (Collins and 

Rutherford, 2004; Wu et al., 2005; Yong and John, 2002). Jamison et al. (2005 b) studied 

pathogen’s resuspension by artificially seeding bed sediment in natural rivers. They found that 

the resuspension pattern and magnitude are tied to the transport characteristics of sediment 

particles that pathogens are attached to. Yet, detailed explanation of the attachment process 

was not provided, and all pathogens in water column were assumed fully attached to suspended 
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sediment particles. Afterward, resuspension models were mostly defined based on shear stress 

on bed sediment that accounts for both flow and sediment properties (Sanders et al., 2005). 

Relating resuspension process to bed shear stress requires incorporating the concept of critical 

condition. Hipsey et al. (2008) adopted the critical Shields parameter in the analysis, but 

Shields parameter is commonly used for non-cohesive sediment and may not be the most 

suitable for cohesive sediment (Mehta and Say-Chong Lee, 1994). Bai and Lung (2005) studied 

the resuspension at shear stresses greater than the critical value for cohesive material. Pandey 

et al., (2016, 2012) considered critical condition for both cohesive and non-cohesive sediment 

using the relations proposed by Lick (2009). The interaction of sediment and pathogen, the 

critical condition, and the cohesiveness of sediment complicated the resuspension processes, 

that involves the attachment of pathogen to sediment (Characklis et al., 2005). 

The attachment of pathogens to sediment particles is a dynamic that changes with flow and 

sediment conditions. The attachment ratio is defined as the percentage of microorganisms 

attached to sediment particles instead of remaining in the water as free agents. The ratio was 

mostly determined implicitly: either calibrated or specified as a constant (Pandey et al., 2016, 

2012; Rehmann and Soupir, 2009). In studies that the attachment ratio was specifically 

considered, its dynamics were not fully addressed such that the pathogen attachment to 

sediment particles was treated as an irreversible process (Abu-Ashour et al., 1994; Characklis 

et al., 2005; Jamieson et al., 2005a). Jamison et al. (2005b) measured the attachment ratio of 

E. coli using a procedure described in Auer and Niehaus (1993) in which the ratio was 

determined through enumerating microorganisms in the water samples that did not pass a 20 

µm filter. The authors reported the attachment ratio of 20 to 44% for sediment particles ranges 

from 45 to 125 µm. They also assumed that the attachment of E. coli to sediment in a freshwater 

environment can be considered as an irreversible process. Schillinger and Gannon (1985) 

evaluated the attachment ratio of fecal coliforms in stormwater and reported 15% attachment 
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ratio to suspended sediment. Auer and Niehaus (1993) found the attachment of fecal coliforms 

to suspended sediment in an urban lake reaching 90%. The main drawback of the past studies 

is that the attachment ratio was not evaluated for different flow conditions (e.g., flow velocity, 

depth), but only consider the difference in sediments. Cervantes (2012) conducted a series of 

flume experiment on E. coli, including flow conditions having bed shear stress less and greater 

than the critical value. The attached and the free-floating microorganisms were measured at 

several flow and sediment conditions using a separation method in McDaniel (2011), which 

counted sediment particles in water samples not passing 8 µm filter as attached particles. 

Results demonstrated that the attachment ratio dynamically changes with respect to the critical 

condition such that it increases before reaching the critical shear stress, and decreases after 

exceeding the critical value.  

There are limited studies that correlated the viral pathogens resuspension with the bed shear 

stress and evaluated attachment ratio. Zhou et al. (2017) evaluated the resuspension of MS2 

through a series of flume experiment, and proposed empirical equations relating MS2 

concentration in water to the bed shear stress for sandy loam and sand sediment. Characklis et 

al. (2005) have studied the attachment ratio of E. coli and MS2 as the surrogates for bacterial 

and viral pathogens in urban streams for the base flow and stormwater conditions for sediment 

sizes ranging from 5 to 100 µm. The reported attachment ratios for E. coli and MS2 are 20-

35% and 20-60%, respectively. Their results revealed that the attachment ratio increases during 

the storm flow along with the increase of particle concentration in the water. However, the 

relationship between the attachment ratio and flow properties was not formulated. 

 

1.1.2 Modeling approaches for predicting pathogens concentration in water 

U.S. Environmental Protection Agency (USEPA) recommends the surface water standard as 

the geometric mean of at least five samples less than 126 E. coli per 100 ml water with no 

single sample exceeding 235 E. coli per 100 ml water (USEPA, 1986). This standard is 
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considered as a general guideline for all the surface waters including irrigation water, while in 

some countries, specific standards are set for the irrigation water. In Australia and New 

Zealand, irrigation water for non-food crops should have less than 1000 E. coli per 100 ml, and 

for commercial crops like leafy greens, less than one or no E. coli presence per 100 ml water 

(Uyttendaele et al., 2015). The standardized conventional methods for enumerating E. coli for 

a single sample takes about 18 to 96 h (He and He, 2008). Even new methods taking about 2-

4 h are still considered as a slow testing process compared to the rapid rection of E. coli to 

temporal variations in environmental factors, causing significant change in the E. coli 

populations (Abimbola et al., 2020; He and He, 2008; Boehm et al., 2002; Whitman et al., 

2003). Mathematical models have been developed for predicting E. coli level in nearly real 

time to effectively evaluate and timely manage surface water quality (Abimbola et al., 2020; 

Motamarri and Boccelli, 2012; Palazón et al., 2017). However, the accurate prediction of E. 

coli in natural water systems is challenging because of the lack of instantaneous test. 

Nevertheless, the presence of E. coli in natural water bodies are controlled by many physical, 

chemical, and biological processes that are measurable by a number of environmental 

parameters, such as turbidity, flow velocity and depth, water and air temperature), chemical 

(e.g., pH, salinity, conductivity, conductivity), and biological (e.g., bacterial competition) 

(Goyal et al., 1977; Mohammed et al., 2018; Sjogren and Gibson, 1981; Noguchi et al., 1997). 

Different modeling approaches have been used for predicting E. coli level in surface water. 

Including mechanistic, process-based models using mass conservation principal (Pandey et al., 

2012; Baffaut and Benson, 2003; Hellweger, 2007), statistical and machine learning (ML) 

models, such as  multivariate linear regression (MLR) (Abimbola et al., 2020; Xue et al., 2018; 

Nevers and Whitman, 2005), artificial neural network (ANN) (Chandramouli et al., 2007; He 

and He, 2008; Motamarri and Boccelli, 2012; Kashefipour et al., 2002), logistic regression 

(LR) (Eleria and Vogel, 2005; Mas and Ahlfeld, 2007; Smith et al. 2001, Francy et al., 2006), 
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and support vector machine (SVM)  (Abimbola et al., 2020; Park et al., 2018). Motamarri and 

Boccelli (2012) have developed three classification models for two recreational water quality 

standards using MLR, ANN, and learning vector quantization (LVQ), a neural network based 

direct classification method. Results revealed the direct classification model performed better 

by returning less false negative rate (FNR) < 16%. 

 

 

1.2 Objectives 

Overall, this dissertation aims to explore the major processes involved with pathogens in an 

interactive water-sediment environment (i.e., resuspension, attachment, concentration) and 

evaluate how incorporating sediment information, as major source of pathogens, can improve 

predictive capability in water quality assessment. More specifically, the objectives of this 

dissertation are to: a) derive a relationship between concentration of PhiX174 in the water and 

flow properties (e.g., bed shear stress), b) determine maximum allowable concentration of viral 

pathogens in the bed sediment of irrigation canals, c) quantify attachment ratio and 

resuspension flux of PhiX174 with respect to critical shear stress, and d) evaluate the impact 

of considering sediment information on classifying bacterial pathogenic level in irrigation 

canals using E. coli as an indicator. 

 

1.3 Methodology 

1.3.1 Experiments of PhiX174 in bed sediment 

Experiments were conducted in a rectangular flume, 30 cm high, 15.2 cm wide, 160.7 cm long, 

with a bottom slope of 0.001. Water was pumped from a tank underneath the flume, and then 

returned to the tank at the end via a tailgate. A porous filter screen was placed at the flume 

entrance to increase turbulence mixing and reduce the entrance length. At the beginning of each 

experimental run, 184 L of water were added to the tank. After the tank was filled, water 
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temperature was measured, and it remained nearly at a constant temperature of 21°C. Flowrate 

was controlled by a valve at the flume entrance. The valve opening was correlated with flow 

discharge prior to experiments using a rectangular sharp-crested weir installed at the end of the 

flume. The tailgate was adjusted to control water depth so that different velocities were reached 

at a given flowrate. Although the flume was short, a reach of steady quasi-uniform flow was 

achieved during each experimental run. The criterion for steady quasi-uniform flow is that flow 

depths at the front, middle, and end of the reach are nearly the same, within less than 1 mm of 

deviation.  

Three types of sediment used were classified as loam, sandy loam, and sand according 

to the United States Department of Agriculture (USDA) textural soil classification system  

(USDA 1987). At the beginning of each experiment, the pump was turned on and the valve 

controlling flow was gradually opened to reach the desired discharge. Second, the pump was 

stopped, but the valve remained open.  As water was drained out of the flume, a layer of clean 

sediment about 9 cm in depth and weighing approximately 36.7 kg was placed on the flume 

bottom. Third, 4 to 5 kg of inoculated sediment of the same type, approximately 1 cm thick, 

was placed evenly on top of the clean sediment. The total number of PhiX174 was 

predetermined because 1 L of inoculated deionized water was used for inoculating the 4 to 5 

kg sediment samples used in each experiment. The starting PhiX174 count for each 

experimental run was the same as the number in the inoculum.  

Two series of experiments were carried out for each type of sediment. The first series 

was to determine the time needed for PhiX174 to reach the equilibrium state in the overlaying 

water. The flowrate was set at 1.31 L/s, and the corresponding velocity at 18 cm/s. The same 

flow was repeated for all three types of sediments (i.e., loam, sand, sandy loam). During each 

experiment, water was sampled from the tank and the flume at 30 min, 1 h, 2 h, 4 h, and 6 h. 

The number of PhiX174 in water was calculated as the number of PFU in both the flume and 
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tank. The number of PhiX174 in water remained almost constant after 30 min. Thus, PhiX174 

in the water column reaches equilibrium in approximately 0.5 h. To reduce possible 

uncertainties in the experiments, the sampling intervals for the second series of experiments 

were kept within 40 min. 

The second series of experiments were designed to determine the correlation between 

flow properties (e.g., shear stress) and the equilibrium concentration of PhiX174 in the water 

column. Similar to the first series of experiments, after evenly placing 9 cm of clean sediment 

in the flume, 4 to 5 kg (almost 1 cm) of inoculated sediment with PhiX174 was placed on top 

of the clean sediment. Afterwards, sediment samples were collected at the front, middle, and 

end of the flume before starting the pump. Then the pump was turned on, resuming water flow 

through the flume. The desired flow rate was preset by regulating the valve opening. Flowrate 

remained the same during each experimental run, but different flow depths in each run were 

obtained by adjusting the tailgate at the flume end. A Pentax Model K-70 camera was placed 

at one side of the flume, about 50 cm from the flume. The camera was set for taking a side view 

image of the flume. After flow reached quasi-steady quasi-uniform, the camera captured 

images consecutively at 5-min intervals. Flow depth was determined by using these continuous 

images taken from the side of flume. The images were processed by ImageJ software 

(https://imagej.nih.gov/ij/download.html). Using the captured rulers in the image, we set a 

scale (e.g., 1 cm), and the software automatically calculates the number of pixels equal to the 

unit length. Then the flow area in the measurement reach, 1 m in length, was calculated using 

the software, and then divided by the length to obtain the average flow depth. The error of 

horizontal and vertical distance readings using this method is less than 0.2 mm. Flow velocity 

was calculated using flow discharge and the average flow depth obtained from the captured 

images. At each flow depth corresponding to the specific velocity, the experimental run lasted 

for 40 min before water samples were collected from both the flume and the tank.  
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Following this, the velocity was increased by lowering the tailgate, while maintaining 

the same flowrate. After flow reached a quasi-steady quasi-uniform state, images were 

captured, and the water was sampled again. The same procedure was repeated until flow 

velocity reached the maximum for the given flow rate. Typically, six to seven different 

velocities were tested at each flow rate. After this series of experiments, the pump was stopped, 

and the water was drained from the flume. All the samples were immediately placed in a 

refrigerator. After each run, sediment was removed from the flume, and the flume was 

disinfected with 1% liquid bleach to remove any remaining viruses from the system. Chlorine 

neutralization was confirmed via colorimetric assay prior to the beginning of subsequent 

experiments. The duration of each series of experiments was 6-8 hours. The same experimental 

procedure was carried out at three different flow rates for each sediment type. The total number 

of experimental runs was twelve, including three types of sediments at three different flowrates, 

and an equilibrium experiment for each of the three sediments.    

 

1.3.2 Quantifying and evaluating attachment ratio and resuspension flux of PhiX174 through 

developing conceptual model and the flume experiments 

The same experimental procedure described in section 1.3.1 for obtaining equilibrium time as 

well as concentration of PhiX174 in the water with respect to each velocity and consequently 

nondimensional bed shear stress was conducted for sandy loam and sand sediment. Afterward, 

conceptual model was developed from the advection-dispersion equation incorporating 

influential physical processes (i.e., resuspension, deposition, net growth rate of microorganisms 

in the water and sediment) on the fate and transport of microorganism in water and sediment 

environment. The conceptual model was simplified considering series of assumptions based on 

experimental condition. Conceptual model was developed for the equilibrium condition, 

considering steady uniform flow; thus, the temporal and spatial variation of PhiX174 
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concentration in water, and the temporal variation of virus concentration in sediment were set 

to zero. Dispersion of PhiX174 in the flume was neglected with respect to resuspension and 

deposition as the dominate processes. Due to almost constant temperature of the experimental 

environment, 21oC, net growth of virus in the water and sediment assumed zero. The 

concentration of PhiX174 in the sediment was updated at each velocity applying mass balance 

principle. The number of viruses in the sediment at a given velocity was calculated considering 

initial number of virus at the beginning of the experiment and number of virus resuspend at 

that velocity. The settling flux was calculated as a product of attachment ratio, the concentration 

of microorganisms in water column, and the settling velocity of suspended sediment. The 

settling velocity was calculated by Eq. (10.10) in Terry, 2011, valid for both sand and sandy 

loam having median size greater than 0.1 mm. The free-floating microorganism considered 

having no settlement with zero falling velocity. The resuspension flux was considered as a 

product of the resuspension velocity and the concentration of microorganism in the sediment. 

resuspension velocity was calculated using equation proposed by Jamison et. al (2005a), 

relating the resuspension flux to resuspension surface area, concentration of microorganism in 

the water, and flow rate. Considering stated assumptions, attachment ration and resuspension 

velocity of PhiX174 were calculated using the developed conceptual model.  Moreover, critical 

shear stress of both sediment were calculated considering cohesivity of the sediment using 

formula proposed by (Lick ,2009). Two resuspension models were derived for the sediments 

by correlating resuspension flux with non-dimensional bed shear stress considering the impact 

of critical shear stress 

1.3.3 Machine learning framework to evaluate impact of sediment information on classification 

performance 

Total number of 152 samples were taken including 76 water sample and 76 corresponding 

sediment samples. All the samples were taken from the irrigation canals in the Southwest U.S.. 
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13 explanatory features including physical (i.e., flow velocity, flow depth, medium size of 

sediment, bed shear stress, water temperature, turbidity), meteorological (i.e., air temperature, 

relative humidity), chemical (i.e., pH, salinity, conductivity, total dissolved solid), and 

biological (i.e., E. coli concentration in the sediment) variables were extracted from the 

collected water and sediment samples. There are three sediment features, median sediment size, 

non-dimensional shear stress and E. coli concentration in sediment. After enumerating E. coli 

in the sediment, d50 of sediments were determined through sieve and hydrometer analysis of 

sediment samples. Furthermore, considering flow depth, velocity and size of sediment, non-

dimensional shear stress over the bed of irrigation canals were calculated as in Zhou et. al 

(2017). The collected E. coli water samples were classified based on two standards. Australia 

New Zealand standard specifically over irrigation water for commercial crops that requires less 

than one E. coli in the water (<1 E. coli per 100 ml) named as WE. coli_L1, and USEPA 

standard over surface water (<126 E. coli per 100 ml) named as WE. coli_L126. For each water 

sample, whenever E. coli concentration in the water exceeded the utilized standard it was 

labeled as 1 (i.e., positive sample), otherwise labeled 0 (i.e., negative sample). There are 

imbalanced data sets considering both targets. Considering WE. coli_L1 standard, there are 18 

(23.7%), and 58 (76.3%) samples, below and over the threshold, respectively. While 

considering WE. coli_L126 standard, 70 samples (92.2%) are below the threshold and only 6 

samples (7.8%) violate the standard.  

Models of support vector machine (SVM), logistic regression (RL), and ridge classifier 

(RC) were developed for both WE. coli_L1, WE. coli_L126 and for two final feature sets, 

feature set including (FIS), and excluding (FES) sediment features. Filter method was used for 

feature selection, and Spearman rank correlation was used as filter criteria. The initial features 

set of FIS has 13 features (i.e., all the available features) and there are three features less (i.e., 

three sediment related features) in the initial feature set of FES. Features having absolute 
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correlation less than 0.1 (׀r0.1>׀) were discarded from the initial features sets. In the case of 

(multi)colinear features (׀r0.7< ׀), only feature that has the highest correlation with the target 

was kept, and others were discarded. The remaining features were considered as the finial 

features.  

Principal component analysis (PCA) was utilized over all 13 features to visualize data 

in two dimension and gain better understanding of the underlying relations between features 

and targets. 

Second order polynomial kernel was used for LR and RC to enable non-linear fit to the 

data set and capturing non-linear relationships between the target and explanatory variables. In 

simpler words, applying the second order polynomial kernel means raising each feature into 

the second power as well as considering interaction between these features. For the SVM 

model, radial basis function (RBF) kernel was used. There are hyperparameters related to each 

model. Regularization parameters in each model (i.e., C in LR, and SVM, α in RC), kernel 

width of RBF kernel (γ) in SVM, and heuristic weight of minority class in RC, LR. The class 

weight of majority class in LR and RC was considered as 1. The hyperparameters were tuned 

using grid search method, through 5-fold stratified cross validation (CV). All the features were 

scaled using Minmax scaler method before feeding them into the models. The models’ 

classification results were evaluated using values of true positive rate (TPR), true negative rate 

(TNR), false negative rate (FPR), and false negative (FNR). Based on the tunned models’ 

performance in the validation phase, the best models were selected. Moreover, the impact of 

including sediment features into the analysis were evaluated by comparing validation 

performance of a given model over FIS and FES. In the end, importance of all the features in 

FIS and FES were evaluated using Kolmogorov-Smirnov (K-S) test to check whether empirical 

cumulative distribution function (eCDF) of a given feature separated by violated and non-

violated classes are statistically distinct. 
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1.4   Format of Dissertation 

This dissertation was focused on physical process of pathogens (i.e., resuspension, attachment, 

concentration) in surface water including irrigation water and their interaction with sediment. 

The dissertation comprises of three research following the format of journal papers. The 

manuscripts of three research are provided in the Appendices. 

 

CHAPTER 2: PRESENT STUDY 

2.1 Resuspension Experimental Study of PhiX174 Resuspension from Mobile Bed Sediment 

(Appendix A)  

Viral pathogens in irrigation waters are often originated from human and potentially animal 

feces. The resuspension of viral pathogen from bed sediment in irrigation canals impairs the 

quality of overlaying water and can result in the contamination of produce. A series of 

laboratory experiments were conducted in a flume to study the resuspension of PhiX174 from 

bed sediment in irrigation canals. Three types of sediments were used (i.e., loam, sand, and 

sandy loam). The first series of experiments revealed that at a given flow condition (e.g., flow 

rate, velocity, depth), the required time for the PhiX174 to reach equilibrium concentration in 

the water was almost 30 min. The second series of experiments were conducted to evaluate the 

PhiX174 concentration in water and sediment, considering different flow conditions and 

sediment types. Results revealed different trends between PhiX174 concentration in the water 

and non-dimensional bed shear stress for sand compared to sandy loam and loam. One model 

was proposed for sandy loam and loam, and was verified favorably by the experimental data, 

yielded a Nash-Sutcliffe efficiency coefficient (NSE) of 0.71, and the R2 value of 0.72. The 

other model was proposed for sand, having NSE of 0.20, and R2 of 0.26. The models predicted 
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that under a given flow condition, a greater contamination of the overlaying water in a canal 

will occur with sand sediments than with sandy loam and loam sediments. In the end, the 

maximum allowable virus concentration in the irrigation canals was determined for each 

sediment considering less than 0.01% annual viral infection risk from fresh produce 

consumption.  

2.2 Resuspension and Attachment of PhiX174 in Sediment Laden Flow (Appendix B) 

This research aims to further expand the understanding of the underlying physical processes 

influencing the attachment and resuspension of viral pathogens with respect to different flow 

and sediment conditions. The results of two series of experiment explained in section 1.3.1 for 

sand and sandy loam were utilized. The conceptual model was developed from the advection-

dispersion equation incorporating influential physical processes (i.e., resuspension, deposition, 

net growth rate of microorganisms in the water and sediment) on the fate and transport of 

microorganism in water and sediment environment. The attachment ratio and resuspension 

velocity of PhiX174 were calculated using the developed conceptual model.  Result revealed 

that attachment was not static irreversible process and follows certain trends with respect to the 

critical shear stress. The attachment ratio of PhiX174 increases before reaching the critical 

shear stress and starts reducing after surpassing the critical threshold. Moreover, results reveled 

that resuspension velocity also dynamically changes with shear. This is a fact that has been 

rarely considered in previous studies Two resuspension models were developed for predicting 

resuspension of PhiX174 from sand and sandy loam. The model’s predictions were within one 

order of magnitude from observations and are deemed credible for water quality modeling 

purposes. Results shed light on the key processes governing the fate and transport of viral 

pathogens in sediment laden flow. 
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2.3 Evaluation of E. coli in Sediment for Assessing Irrigation Water Quality using 

Machine Learning (Appendix C) 

This study evaluated the impact of incorporating sediment data on improving the performance 

of models classify E. coli level in irrigation water. Field sampling was conducted from 

irrigation canals in the Southwest U.S. and meteorologic, chemical, and physical water quality 

variables (i.e., pH, turbidity, relative humidity, air temperature, water temperature, total 

dissolved solid, salinity, conductivity, flow depth, flow velocity). Moreover, three additional 

sediment related variables were obtained: the concentration of E. coli in sediment, sediment 

median size, and bed shear stress. Water quality were classified based on E. coli concentration 

exceeding two standard levels: 1 E. coli and 126 E. coli E. coli count(s) per 100 ml of irrigation 

water, named WE. coli_L1, and WE. coli_L126, respectively. Two series of features, including 

(FIS) and excluding (FES) sediment features, were selected using filter method while 

discarding (multi)colinear variables. Spearman correlation coefficient was considered as a filter 

criterion. The correlation analysis revealed FISs have higher correlation with the targeted 

standard compared to FESs. Principal component analysis (PCA) was used to reduce 

dimensionality and visualize data in 2d plot. PCA plot revealed that data samples having more 

than 126 E. coli counts per 100 ml water are close together which facilitates their classification. 

Three machine learning methods - support vector machine (SVM), logistic regression (LR), 

and ridge classifier (RC), were used and hyper parameters of each model were tuned through 

5-fold cross validation. The second order polynomial kernel was utilized for LR (KLR), and 

RC (KRC) to enable non-linear fit over date set for these linear models. Results reveled that 

utilizing polynomial kernel enhances performance of LR and RC. For instance, true positive 

rate (TPR) and true negative rate (TNR) were improved from 76.4 to 91.4% and 73.3 to 83.3%, 

respectively once polynomial kerel was used for RC over FIS. SVM model performed the best 

for both targeted standards. Besides, incorporating sediment features improved the 
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performance of all models. TPR, and TNR of using the SVM model with sediment features for 

the target of WE. coli_L1 are 93 and 88.3%, respectively, if excluding sediment features, they 

are 91.5, and 83.3%, respectively. Likewise, using the SVM model, the TPR and TNR for WE. 

coli_L126 are 100 and 95.7%, respectively, and excluding sediment properties, 100 and 90%, 

respectively. These results signify the importance of incorporating sediment properties for 

assessing E. coli contamination in irrigation water. 
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Abstract 

 PhiX174 (or ΦX174) is a spherical single-stranded DNA bacteriophage used as a surrogate to 

study the viral enteric pathogens in environment. The resuspension of viral pathogen from bed sediment 

in irrigation canals impairs the quality of overlaying water, and can result in the contamination of 

produce. We conducted a series of laboratory experiments to evaluate the resuspension of PhiX174 

from bed sediment in an open channel flume. Different flow conditions (e.g., flow rate, velocity, shear 

stress) and three types of sediment mixtures (i.e., loam, sand, sandy loam) were investigated. Results 

revealed that the resuspension rate increases with the dimensionless bed shear stress. Based on these 

results, for the first time we proposed two models to correlate the concentration of PhiX174 with the 

dimensionless bed shear stress for different sediment. One model was proposed for sandy loam and 

loam, and was verified favorably by the experimental data, and yielded a Nash-Sutcliffe efficiency 

coefficient (NSE) of 0.71, and the R2 value of 0.72. The other model was proposed for sand, having 

NSE of 0.20, and R2 of 0.26. The application of these models also indicated viruses are more easily 

resuspended from sand than sandy loam or loam sediments. The models shed a light for studying the 

correlation between the viruses in water and sediment, and will benefit the management of irrigation 

water quality.  

Keywords: Virus; PhiX174; Sediment resuspension; Irrigation canal, model, Sediment size 
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1 Introduction  

Viral pathogens in irrigation waters are often originated from human and potentially 

animal feces from surface runoff from a rainfall event (Abbaszadegan et al. 2003, 

Chandrasekaran et al. 2015, Gall et al. 2015, Kiaghadi and Rifai 2019). Besides hazards from 

direct consumption of polluted water with a pathogenic organism, fresh produce irrigated with 

contaminated water poses a potential risk to human health (Gil et al. 2015, Olaimat and Holley 

2012). From 1998 to 2008, 684 foodborne outbreaks occurred due to the consumption of 

contaminated fresh produce that caused 26,735 illnesses in the United States (Uyttendaele et 

al. 2015). Therefore, it is essential to identify factors that influence the microbial quality of 

irrigation water to ensure its safety for agricultural products.  

In aquatic systems, microbes can attach to suspended and bed sediment (Jamieson et al. 

2005a, Yang and Liu 2017). Particle surfaces serve to transfer pathogens between water and 

bed sediment through resuspension and settlement processes (Marshall and Bitton 1980). 

Multiple studies have reported high levels of pathogens in sediment, ranging from 10 to 10,000 

times greater than the concentrations in the overlaying water (Bai and Lung 2005, Davies et al. 

1995). Although water in an irrigation canal may be free of microbial pathogens, changes in 

flow velocity or other environmental factors may result in their resuspension from the bed 

sediment (Pachepsky et al. 2011, Zhou et al. 2017). When irrigation starts, flowing water can 

entrain sediment and pathogens, and consequently impair water quality.  Nevertheless, there is 

limited quantitative information on the factors controlling the resuspension of pathogens from 

bed sediment (Ashbolt et al. 2010). 

Among the limited number of studies regarding viral pathogen resuspension and 

transport in the sediment-water environment (Hassard et al. 2016), the majority uses  

Escherichia coli as an indicator pathogen (de Brauwere et al. 2014). Some studies have 

correlated E. coli resuspension and deposition rate with flow properties (e.g., discharge, 
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velocity) through a power-law function, and defined threshold velocities for its resuspension 

and settlement (Collins and Rutherford 2004, Tian et al. 2002, Wu et al. 2005). Others have 

defined a critical shear stress for E. coli resuspension by correlating bacterial concentration in 

the bed sediment and bed shear stress (Bai and Lung 2005, Jamieson et al. 2005a, Sanders et 

al. 2005). 

However, E. coli does not reflect virus behavior in aquatic systems (Jurzik et al. 2010). 

Viruses are far smaller than bacteria and can survive longer in the environment (Quanrud et al. 

2003). Pathogenic human viruses spread via the fecal-oral route can remain viable in the water 

column for more than two months (Lopman et al. 2012). Because of the difficulties involved 

in pathogenic human virus cultivation, surrogates (e.g., PhiX174, MS2 bacteriophage) are often 

used for environmental studies (Gerba and Kayed 2003). Zhou et al. (2017) conducted several 

sets of experiments comparing MS2 and E. coli resuspension from sediment in irrigation 

canals. They found the concentration of both microorganisms correlates to bed shear stress 

after being entrained into the water. They proposed empirical equations relating E. coli and 

MS2 concentration in water to the bed shear stress for sandy loam and sand sediment.  

In the current study, PhiX174 was used as a surrogate to study virus resuspension from 

bed sediment in irrigation canals. PhiX174 is a single-stranded DNA bacteriophage with the 

unit cell dimensions of 305.6 Å × 360.8 Å × 299.5 Å (1 Å = 0.1 nm) (McKenna et al. 1992). It 

belongs to the Microviridae family of bacteriophages (Strauss and Sinsheimer 1963). It is 

nearly the same size as MS2 bacteriophage, and exhibits more hydrophilic interaction and 

lower absorptivity compared to MS2 (Lytle and Routson 1995, Shields and Farrah 1987). Its 

small genome size, low chance of reproduction in a natural environment, high resemblance to 

the structure of pathogenic human viruses, and nonpathogenic status all contribute to its 

usefulness as a model for virus behavior in aquatic environments (Jin and Flury 2002, 

Thompson and Yates 1999, Zhang et al. 2010). PhiX174 has been used for different purposes 
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in many studies, including virus sorption (Gerba and Schaiberger 1975, Schijven and 

Hassanizadeh 2000), evaluating the efficiency of filtration systems for virus removal (El 

Hadidy et al. 2013, Kohn and Nelson 2007, Zhang et al. 2010), and assessing the potential of 

virus transport and fate in porous media (Gerba and Keswick 1981, Jin and Flury 2002, 

Keswick and Gerba 1980, Noonan and McNabb 1979, Quanrud et al. 2003).  

Regardless of the methods utilized in the past to evaluate the resuspension of pathogens, 

several empirical equations have been derived to quantify correlations between bed shear stress 

and the concentration of pathogens in water. These equations treated sediment as uniformly 

sized, so that only the median particle size is used to characterize the size of sediment mixture. 

In this study, we emphasized the resuspension of PhiX174 from sediment in irrigation canals, 

where sediment are typically non-uniformly sized. Three types of sediments were used and 

treated as non-uniformly sized sediment mixtures composed of silt/clay, sand, and gravel sized 

sediment. The objectives were (1) to derive a model correlating PhiX174 concentration in water 

and sediment to flow properties (e.g., bed shear stress) that can be applicable for non-uniformly 

sized sediment mixtures, and (2) to provide a practical model to estimate the maximum 

allowable concentration of pathogenic human viruses in sediment that would not have a 

significant negative impact on irrigation water quality. 

2 Methods and materials  

2.1 Experiment setup 

2.1.1 Flume description 

Experiments were conducted in a rectangular flume, 30 cm high, 15.2 cm wide, 160.7 

cm long, with a bottom slope of 0.001 (Figure 1). Water was pumped from a tank underneath 

the flume, and then returned to the tank at the end via a pipe. A porous filter screen was placed 

at the flume entrance to increase turbulence mixing and reduce the entrance length. At the 

beginning of each experimental run, 184 L of water were added to the tank. After the tank was 
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filled, water temperature was measured, and it remained nearly at a constant of 21°C. Flowrate 

was controlled by a valve at the flume entrance. The valve opening was correlated with flowrate 

prior to experiments using a rectangular sharp-crested weir installed at the end of the flume. A 

tailgate at the flume end was adjusted to control water depth so that different velocities were 

reached at a given flowrate. Flow measurements were taken at a reach of quasi-steady quasi-

uniform flow. The criterion for quasi-steady quasi-uniform flow is that flow depths at the front, 

middle, and end of the reach be similar, within less than 1 mm of deviation. 

2.1.2 Sediment specifications 

The three types of sediment used were classified as loam, sandy loam, and sand 

according to the United States Department of Agriculture (USDA) textural soil classification 

system  (USDA 1987). Figure 2 shows the cumulative size distribution curves showing the 

medium sizes of each sediment type. According to USDA soil classification, sediment particles 

smaller than 0.002  mm, between 0.002 to 0.05 mm, between 0.05 to 2 mm, and between 2 to 

64 mm are classified as clay, silt, sand, and gravel, respectively. Based on this, we calculated 

the percentage of clay, silt, sand, and gravel in each type of sediment (Table 1). In this paper, 

clay and silt were considered in one group as a fine material along with sand and gravel as two 

other groups. We found the sandy loam used in the study was the only sediment having all 

three components, 26% clay and silt, 60% sand, and 14% gravel. Loam had two components: 

54% clay and silt and 46% sand. The sand sediment had only sand sized particles free of clay, 

silt, and gravel. 

2.1.3 PhiX174 preparation and sampling  

The bacteriophage PhiX174 (ATCC# 13706B1) was obtained from the American Type 

Culture Collection (ATCC; Manassas, VA), as well as its host bacterium, E.coli (ATCC# 

13706). Before each experiment, E. coli was grown up in sterile tryptic soy broth (TSB; BD 

Biosciences, Franklin Lakes, NJ) at 37°C and agitated overnight (18–22 h) on an orbital shaker 
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at 180 rpm. PhiX174 was propagated and titered every two weeks using the method described 

by Sassi et al. (2015) and stored at 4°C. The PhiX174 was inoculated into one liter of sterile 

deionized water at a concentration of 1.01011 plaque forming units (PFU), and the water was 

then mixed thoroughly by adding water in 100 ml portions at a time into 4 to 5 kg clean 

sediment. During each experiment, water and sediment samples were collected using sterile 

50-mL polypropylene conical tubes (BD Biosciences). Water samples were assayed for phage 

directly, using the double agar overlay technique (Adams 1959). To determine the 

concentration of phage in sediment samples, an equal volume of sterile buffered peptone water 

(BPW) was added to each sediment sample. The samples were agitated for 30 min to elute the 

organism, and then left to settle overnight at 4°C. The eluate was then assayed for phage as 

described in the section “Data Processing” below.  

2.2 Experimental procedure 

At the beginning of each experiment, the pump was turned on and the valve controlling 

flow was gradually opened to reach the desired discharge. Second, the pump was stopped, but 

the valve remained open.  As water was drained out of the flume, a layer of clean sediment 

about 9 cm in depth and weighing approximately 36.7 kg was placed on the flume bottom. 

Third, 4 to 5 kg of inoculated sediment of the same type, approximately 1 cm thick, was placed 

evenly on top of the clean sediment. The total number of PhiX174 was predetermined because 

1 L of inoculated deionized water was used for inoculating the 4 to 5 kg sediment samples used 

in each experiment. The starting PhiX174 counts for each experimental run were the same as 

the number in the inoculum.  

Two series of experiments were carried out for each type of sediment. The first series 

was to determine the time needed for PhiX174 to reach the equilibrium state in the overlaying 

water. The flowrate was set at 1.31 L/s, and the corresponding velocity at 18 cm/s. The same 

flow was repeated for all three types of sediments (i.e., loam, sand, sandy loam). During each 
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experiment, water was sampled from the tank and the flume at 30 min, 1 h, 2 h, 4 h, and 6 h. 

The number of PhiX174 in water was calculated as the number of PFU in both the flume and 

tank. Figure 3 shows the number of PhiX174 changes versus time for the first series of 

experiments. The number of PhiX174 in water remained almost constant after 30 min. Even 

though it deviated slightly, this deviation is within the bacterial assay error range, typically one 

order of magnitude (Zhou et al. 2017). Thus, PhiX174 in the water column reaches equilibrium 

in approximately 0.5 h. To reduce possible uncertainties in the experiments, the sampling 

intervals for the second series of experiments were kept within 40 min. 

The second series of experiments were designed to determine the correlation between flow 

properties (e.g., shear stress) and the equilibrium concentration of PhiX174 in the water 

column. Similar to the first series of experiments, after evenly placing 9 cm of clean sediment 

in the flume, 4 to 5 kg (almost 1 cm) of inoculated sediment with PhiX174 was placed on top 

of the clean sediment. Afterwards, sediment samples were collected at the front, middle, and 

end of the flume before starting the pump. Then the pump was turned on, resuming water flow 

through the flume. The desired flow rate was preset by regulating the valve opening. Flowrate 

remained the same during each experimental run, but different flow depths in each run were 

obtained by adjusting the tailgate at the flume end. A Pentax Model K-70 camera was placed 

at one side of the flume, about 50 cm from the flume. The camera was set for taking a side view 

image of the flume. After flow reached quasi-steady quasi-uniform, the camera captured 

images consecutively at 5-min intervals. Flow depth was determined by using these continuous 

images taken from the side of flume. The images were processed by ImageJ software  

(https://imagej.nih.gov/ij/download.html). Using the captured rulers in the image, we set a 

scale (e.g., 1 cm), and the software automatically calculates the number of pixels equal to the 

unit length. Then the flow area in the measurement reach, 1 m in length, was calculated using 

the software, and then divided by the length to obtain the average flow depth. The error of 
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horizontal and vertical distance readings using this method is less than 0.2 mm. Flow velocity 

was calculated using flow discharge and the average flow depth obtained from the captured 

images. At each flow depth corresponding to the specific velocity, the experimental run lasted 

for 40 min before water samples were collected from both the flume and the tank.  

Following this, the velocity was increased by lowering the tailgate, while maintaining 

the same flowrate. After flow reached a quasi-steady quasi-uniform state, images were captured 

and the water was sampled again. The same procedure was repeated until flow velocity reached 

the maximum for the given flow rate. Typically, six to seven different velocities were tested at 

each flow rate. After this series of experiments, the pump was stopped and the water was 

drained from the flume. All the samples were immediately placed in a refrigerator. After each 

run, sediment was removed from the flume, and the flume was disinfected with 1% liquid 

bleach to remove any remaining viruses from the system. Chlorine neutralization was 

confirmed via colorimetric assay prior to the beginning of subsequent experiments. The 

duration of each series of experiments was 6-8 hours. The same experimental procedure was 

carried out at three different flow rates for each sediment type. The total number of 

experimental runs was twelve, including three types of sediments at three different flowrates, 

and an equilibrium experiment for each of the three sediments.    

2.3 Data processing 

Water and sediment samples were processed using the double-agar overlay method 

(Adams 1959, Kropinski et al. 2009). Approximately 0.5 ml of a log-phase culture [~4 hours 

growth in liquid tryptic soy broth (TSB; Difco, Sparks, MD) medium with agitation at 37C] 

of host E. coli bacterium (ATCC# 13706) was added to 5 ml of molten tryptic soy agar 

(containing 1% agar) in a test tube. Next, either 1 mL or 0.1 mL of each sample was added to 

the tube. The tube was then vortexed gently to mix the cultures and poured onto the surface of 

a tryptic soy agar (TSA; Difco, Sparks, MD) plate. The plates were then swirled gently to cover 
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the entire surface of the plate with the agar overlay. The overlay was then allowed to solidify 

at room temperature, and then the plates were incubated (inverted) in an incubator for 24 hours 

at 37C. Each sample volume (i.e., 1 mL or 0.1 mL) was assayed in duplicate on separate 

double agar overlay plates. 

The bacteriophages were enumerated by counting plaques (circular clearing of the 

bacterial growth in the agar overlays) to determine the number of PFU of PhiX174 per milliliter 

of sample assayed.  The total number of PhiX174 in the water was calculated using Eq. (1), 

which is the sum of PhiX174 in the flume and the tank. 

  (185,000 )w f f t fN C V C V= + −       (1) 

where wN = total number of PhiX174 in the water (i.e., in 185,000 mL) in PFU; 
fC = 

concentration of PhiX174 in the flume (PFU/mL); 
fV  = volume of water in the flume (mL) 

calculated using the flume sizes and the measured water depth from the captured images; and 

tC   = concentration of PhiX174 in the tank (PFU/mL). The volume of total water was 185 L, 

which consists of 184 L originally in the tank, and 1 L added to the flume with the inoculated 

sediment. The number of PhiX174 in water ( wN ) is dependent on the viruses resuspended from 

the bed sediment that is related to flow properties including flow depth, velocity, and bed shear 

stress. 

The concentration of PhiX174 in the water and sediment was calculated as: 

    /185,000w wC N=            (2) 

where wC  = concentration of PhiX174 in the water (PFU/mL). Since the mass of the inoculated 

sediment for each run remained constant (e.g., 4 kg to 5 kg), the concentration of PhiX174 in 

the sediment at the beginning of each run was calculated as:  

                /s tot sedC N M=        (3) 
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where sC  = concentration of PhiX174 in the sediment (PFU/g), totN  is the number of starting 

inoculum in PFU that represents the total number of PhiX174 in each experimental run, and 

sedM  is the mass of the inoculated sediment. To determine the correlation between the 

concentration of PhiX174 in water and bed shear stress, the non-dimensional bed shear stress 

was used. 
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where *  = non-dimensional bed shear stress; *u = shear velocity, w = water density (kg/m3);  

s = sediment density (kg/m3); g = gravitational acceleration (m/s2); and 50D = medium 

diameter of sediment (m). The bed shear stress was calculated using a Eq. (5) proposed by  Dey 

(2014) as below: 
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where   = bed shear stress, Db  = Darcy-Weisbach friction factor for the bed; and U = 

average velocity (m/s). 

In this study the roughness of bed and sidewall in the flume is different and there is need for 

sidewall correction to calculate bed shear stress (Dey 2014). Thus, According to Dey (2014), 

Db was calculated using Colebrook-White (1937) formula and considering sidewall 

correction method of Vanoni (1975) by numerically solving two following equations (Eq.3.63 

and Eq. 3.64 in Dey 2014).  
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where 
bRe  = Reynolds number associated with bed, Pb = wetted perimeter of bed (m), Pw = 

wetted perimeter of sidewall (m),  = kinematic viscosity (m2/s), A = flow area (m2), and sk = 

roughness height (m), approximately equal to the sediment size 50D . 

3 Experimental results 

The results for the first and second series of experiments are summarized in Tables 2 

and 3, respectively. Table 2 summarizes the measured concentration of PhiX174 in the flume 

and the tank as well as the initial concentration of virus. The results of Table 2 were plotted in 

Figure 3 to determine the sampling interval for the second series of experiments. Since the 

concentration of PhiX174 reaches equilibrium in about 30 min, at each flow velocity the flow 

was run for more than 30 min until reaching quasi-uniform, and then the sampling was 

conducted.  

The fall velocity (ω) of each sediment was calculated using the formula Eq.10.10 on 

Page 377 in Terry (2001). The fall velocity of loam, sandy loam and sand are 0.002, 0.112, and 

0.026 (m/s), respectively. The ratio of fall velocity and shear velocity (u*) determines the 

transport mode (Dey 2014). For loam, ω /u*=0.07-0.43 <0.6, the dominate transport mode was 

suspended load. The dominate transport load for sandy loam was contact-load with 2 < ω 

/u*=3.44-29.87 <6, bed load were either sliding or rolling over the bed surface. For sand, ω 

/u*=1.15-6.73, the transport mode was contact load dominant bed-load at low shear stress, and 

then evolves into saltation dominant bed load. For all the experiments, only minor ripples were 

observed in the higher velocities (V > 30 cm/s), therefore, bed form resistance was neglected 

in the data analysis.  
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3.1 PhiX174 concentration versus bed shear stress 

All three types of sediment consist of clay and silt, sand, and gravel, and the percentages of 

each component are shown in Table 1. Moreover, areal percentage of each component was 

calculated using Eq. (8) (Karim 1998) and added in Table1.  
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                (8) 

where, Pa,i = areal fraction of ith-sized sediment, in which i stands for clay and silt (=cs), sand, 

(=s)  fine gravel (=g), respectively. Di = median grain size of ith-sized sediment (m), and n = 

number of sediment components. The areal fraction of gravel is zero for all sediment types 

(Table 1), thus only two components of clay and silt, as well as sand was considered for the 

rest of calculations. The shear stress of each sediment component was calculated using Eq. (9) 

(Duan and Scott 2007).   

i i =                  (9) 

where i = bed shear stress for the ith-sized sediment (N/m2), and ηi = hiding factor of the ith-

sized sediment. 

Hiding factor for each component was calculated using Eq. (10) (Duan and Scott 2007) 
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where h = is flow depth (m), and F is scalar calculated using Eq. (11) (Duan and Scott 2007). 
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where κ = the von-Karman constant equal to 0.41, and B is constant of integration varying with 

shear Reynolds number calculated using Eq. (12), proposed by García (2008). 

( )2.42

* *8.5 (2.5ln 3)exp 0.121 lnB R R = + − −
 

           (12) 

where R* is shear Reynolds number calculated using Eq. (13).  
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=                   (13) 

The non-dimensional bed shear stress for each component of sediment with respect to the 

corresponding medium diameter was calculated using Eq. (14) (Duan and Scott 2007). 
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where *i = non-dimensional shear stress for ith-sized sediment, *iu = shear velocity for ith-sized 

sediment, and 50iD = medium diameter of ith-sized sediment (mm).  

The shear velocity, and non-dimensional shear stress of each component and sediment mixture, 

along with the measured concentration of PhiX174 in the flume and the tank, the initial 

concentration, ratio of concentration in water over sediment, inoculated sediment mass, as well 

as the flowrate, depth, and velocity for all runs of the second series of experiment are listed in 

Table 3.  

Figure 4 shows the concentration of PhiX174 in the water and non-dimensional bed shear stress 

for all three types of sediment. The general trend indicates higher virus concentrations at higher 

bed shear stress for all sediments, yet there are differences for different sediment. Loam has 

the least scatter data than the data for sandy loam and sand. For sand, when the non-dimensional 

shear stress is less than 0.1, the virus concentration is almost constant; while at larger shear 

stress, the concentration increased rapidly. This phenomenon attributed to the fact that the 

viruses are resuspended through the diffusion processes when the shear stress is less than the 
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critical value.  When the shear stress exceeds the critical value, virus resuspension is 

accompanied with the intense sediment transport by flow, causing a sharp increase in the 

concentration. Moreover, because of sediment transport at high shear stress, viruses trapped in 

the bottom layer of sediment will exchange with sediment on the surface layer, and facilities 

the new source of viruses being released from sediment, and consequently increase its 

concentration in the water body. The similar pattern for sand sediment was observed for loam, 

but due to high critical shear stress resulting from the high clay percentage in loam, there is no 

obvious sharp increase in the virus concentration.  In a similar manner, sandy loam shows the 

same behavior as loam and sand, yet due to high heterogeneity of the sediment, it cannot be 

clearly seen as the data is highly scattered. In summary, because the majority data for loam and 

sandy loam has shear stress less than the critical value, a relation (Eq.15) was derived using 

non-linear regression between PhiX174 concentration and bed shear stress for these two types 

of sediment. For sand sediment with shear stress greater than the critical value, a separate 

relation (Eq.16) was formulated. 

 0.5 0.1

, * , *0.00013 0.0018w
a cs cs a s s

s

C
P P

C
 = +    (15)      

*0.0002exp(13.417 )w
s

s

C

C
=     (16)              

The areal percentage and medium diameter for all the sediments are summarized in Table 1. 

Eq. (15) quantifies the percentage of PhiX174 in water dependent on the composition of 

sediment mixture as well as the dimensionless bed shear stress on each size of sediment particle 

for sandy loam and loam. Eq. (16) is only applied to sand sediment. To apply Eq. (15) and (16), 

the percentages of clay and silt, and sand, along with the corresponding medium diameter 

should be determined. At a given velocity and shear stress in the irrigation channel, if the virus 

concentration in the bed sediment is known, its concentration in the water can be calculated.  
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The predicted ratio of virus concentration in water to sediment using Eq. (15) and (16) 

versus the observed values are shown in Figure 5, and 6, respectively. The derived model for 

sandy loam and loam (Eq. 15) has a high correlation coefficient R2=0.72, while the model 

derived for sand sediment has a R2 = 0.26. To further evaluate the models, Nash-Sutcliffe model 

efficiency coefficient (NSE) was employed as below (Nash and Sutcliffe 1970):   
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where io , ip  , and io  are the observed, predicted, and mean observed concentration of virus in 

water and sediment, respectively. NSE is 0.71, and 0.20 for Eq. (15), and (16) respectively. 

NSE ranges between negative infinity to 1, while values between 0 to 1 are considered 

acceptable, and NSE equal to 1 indicates optimal performance (Moriasi et al. 2007). NSE has 

been widely used in microbial contamination modeling (Cho et al. 2012, Piorkowski et al. 2013, 

Yakirevich et al. 2013). For these type of studies, NSE values between 0.2-0.4 are considered 

as moderately accurate. NSE values higher than 0.4 and less than 0.2 are considered as accurate 

and less accurate, respectively (Ouattara et al. 2013, Pandey and Soupir 2013, Thilakarathne et 

al. 2018). The NSE of 0.71 shows that the model derived for sandy loam and loam is 

appropriately simulating the observed data, and NSE of 0.2 shows moderate accurate 

performance for sand sediment. More deviations from the perfect fitting line were observed for 

sand compared to the obtained results for loam and sandy loam (Figure 5); the calculated R2 of 

0.26 supports this observation. Nevertheless, it is important to highlight that due to inherent 

randomness involved in biological experiments, the overall performance of Eq. (15) and (16) 

is considered acceptable. 
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3.2 Comparison with MS2 Virus 

Zhou et al. (2017) studied the resuspension of E. coli bacteria and MS2 virus from sandy loam 

with d50 = 0.05 mm. To enable the comparison, the shear stress in Zhou et al. (2017) was re-

calculated using Eqs. 4-14.  The results of virus concentration versus the non-dimensional shear 

stress were plotted together in Fig.7, which shows that both microorganisms are acting almost 

in the same manner, where increasing non-dimensional shear stress results in the increase of 

virus concentration in the water. Due to different sediment mixtures and flow properties, there 

is a small overlap region (i.e., 0.01 <τ*< 0.1). In the overlap region, for a given non-dimensional 

shear stress, PhiX174 shows higher concentration than MS2, which might be associated with 

the lower absorptivity of PhiX174 to sediment and its higher tendency toward water molecules 

(more hydrophilic) compared to MS2 as stated in Section 1. Thus, the resuspension of viruses 

from sediment is dependent on not only flow properties but also the type of virus. 

3.3 Application to Irrigation Canals 

There is no standard for allowable concentrations of viral pathogens in irrigation water. 

Nevertheless, Stine et al. (2005) implemented quantitative microbial risk assessment using 

hepatitis A virus (HAV) as a surrogate for other enteric viral pathogens to potentially develop 

irrigation water quality standards for viruses. The results indicated that the maximum amount 

of HAV in irrigation water to ensure an annual infection risk of less than 1 in 10,000 (used as 

a guideline by the U.S. Environmental Protection Agency) (USEPA 1989) is  2.5×10-5 most 

probable number (MPN) per 100 mL . This value was obtained assuming a worst-case scenario 

in which produce is harvested and immediately consumed the day after the last irrigation event, 

adjusted for annual consumption amounts and thus maximum exposure. Consequently, the 

allowable concentration of pathogenic human viruses in bed sediment of irrigation canals is 

proposed below:   

max 3 0.5 0.1 1

, * , *2.5 10 (0.00013 0.0018 )s a cs cs a s sC P P − −=  +    (18) 
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 max 3 1

*2.5 10 (0.0002exp(13.417 ))s sC − −=       (19)  

where max

sC  (PFU/g) is the maximum allowable pathogenic human virus concentration in bed 

sediment of an irrigation canal for a given sediment composition and flow condition.  

Using Eq. (18), and (19), the allowable concentration of enteric viral pathogens for 

loam, sandy loam, and sand types of sediments are different and can be calculated to meet the 

target acceptable risk. A typical flow in an irrigation canal has a flow velocity and depth 

ranging 40-70 cm/s and 30-90 cm, respectively (Scobey 1939). For a velocity of 40 cm/s, and 

flow depth of 50 cm, the allowable concentrations of virus calculated from Eq. (18) and (19) 

would be 11, 6, and 2 PFU/g for sandy loam, loam, and sand, respectively. The results indicate 

that sandy sediment has the lowest retention of virus so that a small concentration of virus in 

sandy sediment may result in a greater risk of virus contamination in irrigation water than loam 

and sandy loam. On the other hand, sandy loam sediment has the highest retention, and is less 

likely to release virus from bed sediments. In other words, if the canal sediment is primarily 

sandy loam, the canal water has lower risk to reach the threshold value of virus as suggested in 

Stine et al. (2005).  Many studies have shown fine sediments have greater retention than coarser 

ones, most likely because of a greater surface area for virus adsorption (Bitton et al. 1979, 

Gerba and Schaiberger 1975, Black et al., 2002, Quanrud et al. 2013, Kunkel et al., 2013). The 

allowable concentration for sandy loam is higher than that for sand due to the amount of coarse 

particles (i.e., gravel) and the high percentage of clay and silt. Coarse particles shield the fine 

ones, thus decreasing their exposure to water flow and thereby increasing the adsorption of 

viruses. Therefore, less virus can be resuspended. 

4 Conclusions 

A series of laboratory experiments were conducted in a flume to study the resuspension 

of PhiX174 from bed sediment in irrigation canals. Three types of sediments were used (i.e., 
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loam, sand, and sandy loam). The first series of experiments revealed that at a given flow 

condition (e.g., flow rate, velocity, depth), the required time for the PhiX174 to reach 

equilibrium concentration in the water was almost 30 min. The second series of experiments 

were conducted to evaluate the PhiX174 concentration in water and sediment, considering 

different flow conditions and sediment types. Two empirical models correlating the PhiX174 

concentration in water and sediment to non-dimensional bed shear stress were derived for loam 

and sandy loam as well as sand sediment. These models were validated versus observed data 

and are applicable for a wide range of non-uniform sediments composed of silt/clay, and sand. 

The models predicted that under a given flow condition, a greater contamination of the 

overlaying water in a canal will occur with sand sediments than with sandy loam and loam 

sediments. This was supported by the experimental data. 

There are some limitations and uncertainties involved in the study. Some viruses might 

have been lost during the experiment by inactivation or by attaching to the flume sides or other 

surfaces that are in contact with flume water (e.g., pipes, pump, tank). This implies uncertainty 

in the measured number of PhiX174 in the water column. In addition, there are uncertainties 

associated with the measuring devices including the rectangular weir for measuring the 

flowrate. Further studies considering different flow conditions and a wider range of sediment 

types are needed for a better understanding of PhiX174 transport in irrigation canals. Moreover, 

an evaluation of different surrogates should be addressed and compared with PhiX174 to 

determine the most representative surrogate for pathogenic human viruses for use in microbial 

transport studies in irrigation canals. 
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Figure 1 Sketch of the experimental flume 
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Figure 2 Sediment cumulative distribution curve 
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Figure 3 PhiX174 counts in water over time
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Table 1. Sediments composition 

   

 

 

 

 

 

 

 

 

 

 

 

 

 

Sediment Loam Sand Sandy loam

Clay (%) 18 0 0

Silt (%) 36 0 26

Clay and silt (P cs ) (%) 54 0 26

Clay and silt areal (P a,cs ) (%) 82 - 96

D 50  of clay and silt (mm) 0.02 - 0.02

Sand (P s ) (%) 46 100 60

Sand areal (P a , s ) (%) 18 100 4

D 50  of sand (mm) 0.08 0.2 1.18

Gravel (P g ) (%) 0 0 14

Gravel areal (P a,g ) (%) - - -

D 50  of gravel (mm) - - 2.7
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Table 2. Results of the first series of experiments 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Sediment 
Sampling 

Time (hr) 

Flume 

(PFU/ml) 

Tank 

(PFU/ml) 

Nw ×1010
 

(PFU) 

Starting inoculum 

Ntot ×1010
 (PFU) 

Loam 0.5 13400 14000 0.26 9.95 

Loam 1 16200 16500 0.31 9.95 

Loam 2 15200 14900 0.28 9.95 

Loam 4 18500 21400 0.39 9.95 

Loam 6 17000 16500 0.31 9.95 

Sand 0.5 10600 10300 0.19 11.25 

Sand 1 11700 10250 0.19 11.25 

Sand 2 9550 11400 0.21 11.25 

Sand 4 7400 10850 0.20 11.25 

Sand 6 8200 8050 0.15 11.25 

Sandy loam 0.5 3950 4400 0.08 28.50 

Sandy loam 1 3700 5300 0.10 28.50 

Sandy loam 2 5000 4200 0.08 28.50 

Sandy loam 4 4050 4600 0.08 28.50 

Sandy loam 6 7250 4900 0.09 28.50 
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Table 3. Results of the second series of experiments 

Sediment 

Flow 

rate 

(L/s) 

Velocity 

(cm/s) 

Flow 

depth 

(cm) 

Flume 

(PFU/ml) 

Tank 

(PFU/ml) 

Starting 

inoculum 

Ntot ×1010 

(PFU) 

Inoculated 

sediment 

mass (Kg) 

Cw/Cs

×10-4 
u* τ* u*cs u*s τ*cs τ*s 

Loam 1.53 9.41 10.70 5100 5700 7.20 4 3.1 0.006 0.046 0.006 0.005 0.114 0.019 

Loam 1.53 13.98 7.20 5350 5450 7.20 4 3.0 0.008 0.097 0.008 0.007 0.240 0.040 

Loam 1.53 19.74 5.10 7050 5700 7.20 4 3.2 0.011 0.187 0.012 0.010 0.466 0.077 

Loam 1.53 21.60 4.66 8000 6250 7.20 4 3.5 0.012 0.223 0.013 0.011 0.554 0.092 

Loam 1.53 27.96 3.60 8850 8400 7.20 4 4.7 0.016 0.369 0.016 0.014 0.917 0.152 

Loam 1.53 31.46 3.20 8950 8300 7.20 4 4.6 0.018 0.465 0.018 0.015 1.157 0.191 

Loam 1.53 40.26 2.50 13300 10300 7.20 4 5.8 0.023 0.759 0.024 0.020 1.888 0.312 

Loam 0.85 6.28 8.90 7800 6350 9.90 4 2.6 0.004 0.023 0.004 0.003 0.058 0.009 

Loam 0.85 11.41 4.90 8950 7850 9.90 4 3.2 0.007 0.071 0.007 0.006 0.179 0.029 

Loam 0.85 16.95 3.30 9400 8600 9.90 4 3.5 0.010 0.153 0.011 0.009 0.384 0.062 

Loam 0.85 23.30 2.40 8450 8500 9.90 4 3.4 0.014 0.287 0.015 0.012 0.718 0.115 

Loam 0.85 27.96 2.00 8400 8100 9.90 4 3.3 0.017 0.412 0.017 0.014 1.031 0.166 

Loam 0.85 34.95 1.60 6450 7900 9.90 4 3.2 0.021 0.644 0.022 0.018 1.613 0.259 

Loam 0.85 43.02 1.30 10200 8650 9.90 4 3.5 0.026 0.980 0.027 0.022 2.454 0.394 

Loam 1.31 10.14 8.50 5800 6050 10.90 4 2.2 0.006 0.054 0.006 0.005 0.134 0.022 

Loam 1.31 17.24 5.00 6350 5300 10.90 4 2.0 0.010 0.148 0.010 0.009 0.368 0.060 

Loam 1.31 20.52 4.20 6850 7850 10.90 4 2.9 0.012 0.207 0.012 0.010 0.515 0.085 

Loam 1.31 29.72 2.90 8400 8300 10.90 4 3.0 0.017 0.427 0.018 0.015 1.065 0.175 

Loam 1.31 32.65 2.64 8550 10650 10.90 4 3.9 0.019 0.515 0.019 0.016 1.283 0.210 

Loam 1.31 35.60 2.42 10100 9500 10.90 4 3.5 0.020 0.612 0.021 0.018 1.524 0.250 

Loam 1.31 35.56 2.42 12500 11600 10.90 4 4.3 0.020 0.611 0.021 0.018 1.521 0.249 

Sand 1.53 10.60 9.50 11800 10400 10.80 4 3.9 0.006 0.013 - 0.006 - 0.013 



66 

 

 

 

 

 
Sand 1.53 14.38 7.00 8650 9600 10.80 4 3.5 0.009 0.024 - 0.009 - 0.024 

Sand 1.53 17.35 5.80 8500 9200 10.80 4 3.4 0.010 0.035 - 0.010 - 0.035 

Sand 1.53 31.46 3.20 76500 77500 10.80 4 28.7 0.019 0.116 - 0.019 - 0.116 

Sand 1.53 32.47 3.10 148000 138000 10.80 4 51.2 0.020 0.124 - 0.020 - 0.124 

Sand 0.85 6.01 9.30 9450 11800 11.70 4 4.0 0.004 0.005 - 0.004 - 0.005 

Sand 0.85 13.00 4.30 11200 9600 11.70 4 3.3 0.008 0.022 - 0.008 - 0.022 

Sand 0.85 18.04 3.10 8600 11300 11.70 4 3.8 0.011 0.042 - 0.011 - 0.042 

Sand 0.85 22.37 2.50 5950 10000 11.70 4 3.4 0.014 0.065 - 0.014 - 0.065 

Sand 0.85 29.43 1.90 9950 10200 11.70 4 3.5 0.019 0.115 - 0.019 - 0.115 

Sand 0.85 34.95 1.60 25000 25000 11.70 4 8.5 0.023 0.165 - 0.023 - 0.165 

Sand 0.85 34.95 1.60 67000 60500 11.70 4 20.7 0.023 0.165 - 0.023 - 0.165 

Sand 1.31 9.79 8.80 12300 11450 24.5 4 1.9 0.006 0.012 - 0.006 - 0.012 

Sand 1.31 15.39 5.60 10300 10000 24.5 4 1.6 0.009 0.028 - 0.009 - 0.028 

Sand 1.31 21.02 4.10 10800 9850 24.5 4 1.6 0.013 0.052 - 0.013 - 0.052 

Sand 1.31 28.73 3.00 27500 28500 24.5 4 4.6 0.018 0.099 - 0.018 - 0.099 

Sand 1.31 31.92 2.70 80000 69500 24.5 4 11.4 0.020 0.123 - 0.020 - 0.123 

Sand 1.31 33.15 2.60 89500 99500 24.5 4 16.2 0.020 0.133 - 0.020 - 0.133 

Sandy loam 1.31 10.51 8.20 4150 5300 16 5 1.6 0.007 0.003 0.007 0.005 0.183 0.001 

Sandy loam 1.31 17.96 4.80 5950 4900 16 5 1.5 0.012 0.010 0.013 0.008 0.566 0.003 

Sandy loam 1.31 23.29 3.70 6700 6650 16 5 2.1 0.017 0.017 0.017 0.010 0.997 0.006 

Sandy loam 1.31 28.73 3.00 6550 7100 16 5 2.2 0.021 0.027 0.022 0.013 1.588 0.009 

Sandy loam 1.31 34.47 2.50 5750 6250 16 5 2.0 0.025 0.040 0.026 0.015 2.393 0.013 

Sandy loam 1.31 41.04 2.10 6050 8300 16 5 2.6 0.031 0.059 0.032 0.018 3.562 0.018 

Sandy loam 1.31 43.09 2.00 13000 13000 16 5 4.1 0.033 0.066 0.034 0.019 3.984 0.020 

Sandy loam 1.53 8.91 11.30 4250 3800 14.20 5 1.4 0.006 0.002 0.006 0.004 0.127 0.001 

Sandy loam 1.53 17.06 5.90 4300 4750 14.20 5 1.7 0.012 0.008 0.012 0.007 0.489 0.003 

Sandy loam 1.53 20.54 4.90 4750 4550 14.20 5 1.6 0.014 0.012 0.015 0.009 0.729 0.004 

Sandy loam 1.53 25.16 4.00 5600 5800 14.20 5 2.0 0.018 0.019 0.018 0.011 1.134 0.007 
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Sandy loam 1.53 29.61 3.40 6050 8550 14.20 5 3.0 0.021 0.027 0.022 0.013 1.625 0.009 

Sandy loam 1.53 35.95 2.80 8900 7000 14.20 5 2.5 0.026 0.042 0.027 0.016 2.510 0.014 

Sandy loam 1.53 38.71 2.60 13000 8600 14.20 5 3.1 0.028 0.050 0.030 0.017 2.967 0.016 

Sandy loam 0.85 5.43 10.30 2950 3300 20.50 5 0.8 0.004 0.001 0.004 0.002 0.051 0.0003 

Sandy loam 0.85 10.36 5.40 3750 3950 20.50 5 1.0 0.007 0.003 0.008 0.005 0.193 0.001 

Sandy loam 0.85 13.00 4.30 3400 2900 20.50 5 0.7 0.009 0.005 0.010 0.006 0.313 0.002 

Sandy loam 0.85 16.95 3.30 2350 3450 20.50 5 0.8 0.012 0.009 0.013 0.008 0.557 0.003 

Sandy loam 0.85 19.97 2.80 3650 1850 20.50 5 0.5 0.015 0.013 0.015 0.009 0.800 0.004 

Sandy loam 0.85 23.30 2.40 4000 2900 20.50 5 0.7 0.018 0.019 0.018 0.010 1.130 0.006 

Sandy loam 0.85 31.07 1.80 3450 4000 20.50 5 1.0 0.024 0.036 0.025 0.014 2.177 0.011 
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Abstract 

To improve the understating of viral pathogens’ resuspension from bed sediment and their 

attachment to suspended sediment, a series of flume experiments using a coliphage surrogate, 

PhiX174, were conducted with two sediments: sand and sandy loam. Using this data, a conceptual 

model was developed that quantifies the resuspension rate using a dynamic virus-sediment 

attachment ratio. The resuspension flux was calculated as the product of virus concentrations in 

bed sediment and the resuspension velocity. Two resuspension models were derived for the 

sediments with and without cohesive material. The resulting models correlated resuspension flux 

with non-dimensional bed shear stress. Results shed light on the underlying physics of the 

attachment of virus to sediment. The attachment ratio increases with bed shear stress until reaching 

the critical shear stress, and then decreases with a further increase of bed shear stress. In other 

words, the virus reverses its attachment to sediment particles after reaching the critical condition 

for sediment incipient motion. The conceptual model as well as the experimental data shed light 

on the key processes governing the fate and transport of viral pathogens in sediment laden flow. 

Keywords: Virus; PhiX174, Attachment ratio, resuspension, Sediment size 
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1 Introduction 

Viral and bacterial pathogens released from point (e.g., wastewater release) and non-point 

sources (e.g., runoff from agricultural land) are the main cause of surface water microbial 

contamination in the U.S. (USEPA, 2010). Consumption of contaminated food or water as well as 

exposure during recreation  pose a risk to human health (Hassard et al., 2016). Numerous studies 

have focused on E. coli as the main indicator of pathogen contamination (Zhou et al. 2017). 

Because virus and bacteria behave differently in environment, E. coli is not considered a suitable 

indicator for virus contamination. This study used a coliphage PhiX174 a model for human 

pathogenic viruses. It is similar in size and shape to many enteric human pathogenic viruses.  

Pathogens are either freely floating or attached to suspended sediment in a water body (e.g., 

rivers, lakes, canals). The ratio of attached pathogens plays an important in the estimation of 

pathogen transport (Characklis et al., 2005). Pathogens attached to particles tend to increase 

particle settling velocity, and survive longer than the free floating ones (Kraemer et al., 2013; 

Characklis et al., 2005). Multiple studies have shown the role of sediment as a significant microbial 

reservoir for the survival and transport of pathogens (Beaulne et al., 2020; Jamieson et al., 2005a, 

2005b; Wang et al., 2020). The concentration of pathogens are 10 to 10,000 times higher in 

sediments than in the water, in addition sediment also can extend survival and even growth of 

pathogens (Bai and Lung, 2005; Burton G. A. Gunnison, 1987). The resuspension of pathogens 

from bed sediment can degrade microbial water quality (Rehmann and Soupir, 2009). Previous 

studies have shown the incorporation of sediment interaction have improved the performance of 

water quality models (Jamieson et al., 2005b; Rehmann and Soupir, 2009).  
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Earlier studies treated resuspension as a static process regardless of sediment properties and 

flow conditions by assuming a constant resuspension velocity (Chapra, 1997). Later, resuspension 

rate was correlated with flow properties, mainly flow rate (Collins and Rutherford, 2004; Wu et 

al., 2005; Yong and John, 2002). Jamison et al. (2005 b) studied pathogen’s resuspension by 

artificially seeding bed sediment in natural rivers. They found that the resuspension pattern and 

magnitude are tied to the transport characteristics of sediment particles that pathogens are attached 

to. Yet, detailed explanation of the attachment process was not provided, and all pathogens in 

water column were assumed fully attached to suspended sediment particles. Afterward, 

resuspension models were mostly defined based on shear stress on bed sediment that accounts for 

both flow and sediment properties (Sanders et al., 2005). Relating resuspension process to bed 

shear stress requires to incorporate the concept of critical condition. Hipsey et al. (2008) adopted 

the critical Shields parameter in the analysis, but Shields parameter is commonly used for non-

cohesive sediment and may not be most suitable for cohesive sediment (Mehta and Say-Chong 

Lee, 1994). Bai and Lung (2005) studied the resuspension at shear stresses greater than the critical 

value for cohesive material. Pandey et al., (2016, 2012) considered critical condition for both 

cohesive and non-cohesive sediment using the relations proposed by Lick (2009). The interaction 

of sediment and pathogen, the critical condition, and the cohesiveness of sediment complicated the 

resuspension processes, that involves the attachment of pathogen to sediment (Characklis et al., 

2005). 

The attachment of pathogens to sediment particles is a dynamic that changes with flow and 

sediment conditions. The attachment ratio is defined as the percentage of microorganisms attached 
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to sediment particles instead of remaining in the water as free agents. The ratio was mostly 

determined implicitly: either calibrated or specified as a constant (Pandey et al., 2016, 2012; 

Rehmann and Soupir, 2009). In studies that the attachment ratio was specifically considered, its 

dynamics was not fully addressed such that the pathogen attachment to sediment particles was 

treated as an irreversible process (Abu-Ashour et al., 1994; Characklis et al., 2005; Jamieson et 

al., 2005a). Jamison et al. (2005b) measured the attachment ratio of E. coli using a procedure 

described in Auer and Niehaus (1993) in which the ratio was determined through enumerating 

microorganisms in the water samples that did not pass a 20 µm filter. The authors reported the 

attachment ratio of 20 to 44% for sediment particles ranges from 45 to 125 µm. They also assumed 

that the attachment of E. coli to sediment in a freshwater environment can be considered as an 

irreversible process. Schillinger and Gannon (1985) evaluated the attachment ratio of fecal 

coliforms in stormwater and reported 15% attachment ratio to suspended sediment. Auer and 

Niehaus (1993) found the attachment of fecal coliforms to suspended sediment in an urban lake 

reaching 90%. The main drawback of the past studies is that the attachment ratio was not evaluated 

for different flow conditions (e.g., flow velocity, depth), but only consider the difference in 

sediments. Cervantes (2012) conducted a series of flume experiment on E. coli, including flow 

conditions having bed shear stress less and greater than the critical value. The attached and the 

free-floating microorganisms were measured at several flow and sediment conditions using a 

separation method in McDaniel (2011), which counted sediment particles in water samples not 

passing 8 µm filter as attached particles. Results demonstrated that the attachment ratio 

dynamically changes with respect to the critical condition such that it increases before reaching 

the critical shear stress, and decreases after exceeding the critical value.  
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There are limited studies that correlated the viral pathogens resuspension with the bed shear 

stress and evaluated attachment ratio. Zhou et al. (2017) evaluated the resuspension of MS2 

through a series of flume experiment, and proposed empirical equations relating MS2 

concentration in water to the bed shear stress for sandy loam and sand sediment. Characklis et al. 

(2005) have studied the attachment ratio of E. coli and MS2 as the surrogates for bacterial and 

viral pathogens in urban streams for the base flow and stormwater conditions for sediment sizes 

ranging from 5 to 100 µm. The reported attachment ratios for E. coli and MS2 are 20-35% and 20-

60%, respectively. Their results revealed that the attachment ratio increases during the storm flow 

along with the increase of particle concentration in the water. However, the relationship between 

the attachment ratio and flow properties were not formulated. 

Due to the lack of understandings of the resuspension and attachment of viral pathogens to 

sediments, especially, the correlations between the attachment and bed shear stress, in this study, 

PhiX174 was used as a surrogate to study the virus resuspension from bed sediment and its 

attachment to suspended sediment in water. PhiX174 is a single-stranded DNA bacteriophage with 

the unit cell dimensions of 305.6 Å × 360.8 Å × 299.5 Å (1 Å = 0.1 nm) (Mckenna et al. 1992). It 

belongs to the Microviridae family of bacteriophages (Strauss and Sinsheimer 1963), exhibits 

hydrophilic interaction with sediment (Lytle and Routson 1995, Shields and Farrah 1987). Its small 

genome size, low chance of reproduction in a natural environment, high resemblance to the 

structure of pathogenic human viruses, and nonpathogenic status all contribute to its usefulness as 

a model for virus behavior in aquatic environments (Jin and Flury 2002, Thompson and Yates 

1999, Zhang et al. 2010). PhiX174 has been used for different purposes in many studies, including 
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virus sorption (Gerba and Schaiberger 1975, Schijven and Hassanizadeh 2000), the efficiency of 

filtration systems for virus removal (Kohn and Nelson 2007, Zhang et al. 2010), and the potential 

of virus transport and fate in porous media (Gerba and Keswick 1981, Jin and Flury 2002, Keswick 

and Gerba 1980, Noonan and McNabb 1979, Quanrud et al. 2003). The objectives of this study 

were to provide insight into mechanisms of attachment of microorganism to suspended sediment 

with respect to flow conditions for different types of sediment, and to derive empirical equations 

for the resuspension of PhiX174 in sediment laden flow.  

2 Methods and materials  

2.1 Flume description 

Experiments were conducted in a rectangular flume, 30 cm high, 15.2 cm wide, 160.7 cm long, 

with a bottom slope of 0.001 (Figure 1). Water was pumped from a tank underneath the flume, and 

then returned to the tank at the end via a tailgate. A porous filter screen was placed at the flume 

entrance to increase turbulence mixing and reduce the entrance length. At the beginning of each 

experimental run, 184 L of water were added to the tank. After the tank was filled, water 

temperature was measured, and it remained nearly at a constant temperature of 21°C. Flowrate 

was controlled by a valve at the flume entrance. The valve opening was correlated with flow 

discharge prior to experiments using a rectangular sharp-crested weir installed at the end of the 

flume. The tailgate was adjusted to control water depth so that different velocities were reached at 

a given flowrate. Although the flume was short, a reach of steady quasi-uniform flow was achieved 

during each experimental run. The criterion for steady quasi-uniform flow is that flow depths at 

the front, middle, and end of the reach are nearly the same, within less than 1 mm of deviation. 
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2.2 Sediment specifications 

Two types of sediment were used, and classified as sand, and sandy loam according to the United 

States Department of Agriculture (USDA) textural soil classification system  (USDA 1987). Figure 

2 shows the cumulative size distributions with the medium sizes of each sediment. The red line is 

the threshold of cohesive material, which consists of fine particles with a diameter less than 8µm, 

mostly clay and very fine silt (van Rijn, 2007). In addition to the common mechanical friction 

between particles for both cohesive and non-cohesive sediment against particle movement, 

cohesive sediment has an extra strong physiochemical inter-particle force that resists their 

movement (Mehta et al., 1989). Sand sediment greater than 8 µm is non-cohesive, while sandy 

loam has 10% of cohesive material, and was considered as cohesive sediment. The critical shear 

stress of sand is determined by its size, but for sandy loam, it is dependent on not only the size of 

sediment but also the cohesivity of fine sediment.  

2.3 PhiX174 Preparation and Sampling 

The bacteriophage PhiX174 (ATCC# 13706B1) was obtained from the American Type Culture 

Collection (ATCC; Manassas, VA), as well as its host bacterium, E. coli (ATCC# 13706). Before 

each experiment, E. coli was grown up in sterile tryptic soy broth (TSB; BD Biosciences, Franklin 

Lakes, NJ) at 37°C and agitated overnight (18–22 h) on an orbital shaker at 180 rpm. PhiX174 was 

propagated and titered every 2 weeks using the method described by Sassi et al. (2015), and stored 

at 4°C. The PhiX174 was inoculated into one liter of sterile deionized water at a concentration of 

1.01011 plaque forming units (PFU), and the water was then mixed thoroughly by adding water 

in 100 ml portions at a time into the 4 to 5 kg of sediment. During each experiment, water and 
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sediment samples were collected using sterile 50-mL polypropylene conical tubes (BD 

Biosciences). Water samples were assayed for phage directly, using the double agar overlay 

technique (Adams 1959). To determine the concentration of phage in sediment samples, an equal 

volume of sterile buffered peptone water (BPW) was added to each sediment sample. The samples 

were agitated for 30 min to elute the organism, and then left to settle overnight at 4°C. The eluate 

was then assayed for phage as described under the section “Data Processing” below.  

 

2.4 Experimental procedure 

At the beginning of each experiment, the pump was turned on and the valve controlling 

flow was gradually opened to reach the desired discharge. Then, we stopped the pump, but left the 

valve at the same opening.  As water was drained out of the flume, a layer of clean sediment about 

9 cm in depth and weighing approximately 36.7 kg was placed on the flume bottom. Afterwards, 

4 to 5 kg of inoculated sediment of the same type, approximately 1 cm thick, was placed evenly 

on the top of clean sediment. The total number of PhiX174 was predetermined because 1 L of 

deionized water was used for inoculating the 4 to 5 kg sediment samples used in each experiment. 

The initial number of PhiX174 in each experimental run is the same as the number in the inoculum.  

Two series of experiments were carried out for each type of sediment. The first series was 

to determine the time needed for PhiX174 to reach the equilibrium state in the overlaying water. 

The flowrate was set at 1.31 L/s, and the corresponding velocity at 18 cm/s. The same flow was 

repeated for the two types of sediments (i.e., sand, sandy loam). During each experiment, water 

was sampled from the tank and the flume at 30 min, 1 h, 2 h, 4 h, and 6 h. The number of PhiX174 

in water was calculated as the number of PFU in both the flume and tank. Figure 3 shows the 
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number of PhiX174 changes with time during the first series of experiments. The number of 

PhiX174 in water remained almost constant after 30 min. Even though it deviated slightly, this 

deviation is within the bacterial assay error range, typically one order of magnitude (Zhou et al. 

2017). Thus, PhiX174 in the water column reaches equilibrium in approximately 0.5 h. To reduce 

possible uncertainties in the experiments, the sampling intervals for the second series of 

experiments were kept within 40 min. 

The second series of experiments were designed to determine the correlation between flow 

properties (e.g., shear stress) and the equilibrium concentration of PhiX174 in the water column. 

Similar to the first series of experiments, after evenly placing 9 cm of clean sediment in the flume, 

4 to 5 kg (almost 1 cm) of inoculated sediment with PhiX174 was placed on the top of clean 

sediment. Then, sediment samples were collected at the front, middle, and end of the flume before 

starting the pump. Then the pump was turned on, circulating water flow through the flume. The 

desired flow rate was preset by regulating the valve opening. Flowrate remained the same during 

each experimental run, but different flow depths in each run were obtained by adjusting the tailgate 

at the flume end. A Pentax Model K-70 camera was placed at one side of the flume, about 50 cm 

from the flume. The camera was set for taking a side view image of the flume. After flow reached 

steady quasi-uniform, the camera captured images consecutively at 5-min intervals. Flow depth 

was determined by using these continuous images taken from the side of flume. Flow velocity was 

calculated using flow discharge and the average flow depth obtained from the captured images. At 

each flow depth corresponding to a specific velocity, the experimental run lasted for 40 min before 

water samples were collected from both the flume and the tank.  
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Following this, the velocity was increased by lowering the tailgate, while maintaining the 

same flowrate. After flow reached a steady quasi-uniform state, images were captured, and the 

water was sampled again. The same procedure was repeated until flow velocity reached the 

maximum for the given flowrate. Typically, five to seven different velocities were tested at each 

flowrate. After this series of experiments, the pump was stopped, and the water was drained from 

the flume. After each run, sediment was removed from the flume, and the flume was disinfected 

using 1% liquid bleach to inactivate any remaining viruses from the system. Chlorine 

neutralization was confirmed via colorimetric assay prior to the beginning of subsequent 

experiments. The duration of each experimental series was 6-8 hours. The same experimental 

procedure was carried out at three different flowrates for each sediment type. The total number of 

experimental runs was eight, including two types of sediments at three different flowrates, and an 

equilibrium experiment for each sediment.    

2.5 Data processing 

Water and sediment samples were assayed for the virus using the double-agar overlay 

method (Adams 1959, Kropinski et al. 2009). Approximately 0.5 ml of a log-phase culture [~4 

hours growth in liquid tryptic soy broth (TSB; Difco, Sparks, MD) medium with agitation at 37C] 

of host E. coli bacterium (ATCC# 13706) was added to 5 ml of molten tryptic soy agar (containing 

1% agar) in a test tube. Next, either 1 mL or 0.1 mL of each sample was added to the tube. The 

tube was then vortexed gently to mix the cultures and poured onto the surface of a tryptic soy agar 

(TSA; Difco, Sparks, MD) plate. The plates were then swirled gently to cover the entire surface of 

the plate with the agar overlay. The overlay was then allowed to solidify at room temperature, and 
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then the plates were incubated (inverted) in an incubator for 24 hours at 37C. Each sample volume 

(i.e., 1 mL or 0.1 mL) was assayed in duplicate on separate double agar overlay plates. 

 

The bacteriophages were enumerated by counting plaques through circular clearing of the 

bacterial growth in the agar overlays to determine the number of PFU of PhiX174 per milliliter of 

sample assayed.  The total number of PhiX174 in the water was calculated using Eq. (1), which is 

the sum of PhiX174 in the flume and the tank. 

(185,000 )w tf f fN C V C V= + −       (1) 

where Nw = total number of PhiX174 in the water (i.e., in 185,000 mL) in PFU; Cf = concentration 

of PhiX174 in the flume (PFU/mL); Vf = volume of water in the flume (mL) calculated using the 

flume sizes and the measured water depth from the captured images; and Ct = concentration of 

PhiX174 in the tank (PFU/mL). The volume of total water was 185 L, which consists of 184 L 

originally in the tank, and 1 L added to the flume with the inoculated sediment. The number of 

PhiX174 in water (Nw ) is dependent on the viruses resuspended from the bed sediment that is 

related to flow properties including flow depth, velocity, and bed shear stress. 

The concentration of PhiX174 in the water and sediment was calculated as: 

/185,000w wC N=       (2) 

where Cw = concentration of PhiX174 in the water (PFU/mL). Since the mass of the inoculated 

sediment for each run remained constant (e.g., 4 kg to 5 kg), the concentration of PhiX174 in the 

sediment at the beginning of each run was calculated as:  
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=      (3) 

At the beginning of the experiment Nw is zero. Cs is updated at each velocity corresponding to 

different Nw. 

3 Theoretical Derivation 

3.1 Conceptual model 

Microorganisms in an interactive water-sediment environment are present as free agents in the 

water or attachments to sediment particles (Hipsey et al., 2008; Rehman and Soupir, 2009). The 

physical processes affecting the concentration of microorganism in water are the resuspension 

from bed sediment, the settling from water column to bed surface, the advection with mean flow, 

the attachment to suspended sediment particles, and the net growth in the water and sediment. We 

hypothesized an open channel flow of mobile bed having a reach length of L, flow depth of Hw, 

mobile bed depth of Hs, and a mean velocity of V (Figure 3). In Figure 3, the concentrations of 

microorganisms in water and sediment are Cw and Cs, respectively; the microbial growth rate in 

water and sediment are Kw and Ks, respectively; and the microbial settling and resuspension 

velocities are Ws and Vr, respectively.   

Rehman and Soupir (2009) have shown that the dispersion of microorganism in water column is 

almost 12,000 times slower that other processes such as resuspension and settling, and the 

dispersion term can be ignored in the transport equations. Neglecting the lateral flow and the 

longitudinal dispersion of microorganism in the water, the governing equations for the transport 
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of microorganisms in the water and sediment can be written using Eq.(4) and (5), respectively 

(Rehman and Soupir, 2009). 

w w a w s r s
w w

w w

C C f C W V C
V k C

t x H H

 
+ = − +

 
     (4) 

s a w s r s
s s

s s

C f C W V C
k C

t H H


= + −


      (5) 

where x = longitudinal coordinate across the streamline (m), and t = time (s), V is velocity (m/s), 

Hw (m) and Hs (m) are depth of water column and sediment, respectively, Vr is resuspension 

velocity (m/s), WS is settling velocity (m/s), kw (1/s) and ks (1/s) are microbial growth rate in water 

and sediment respectively, fa (-) is attachment ratio.  

The last term in Eq. (4) is the resuspension of microorganism into water, a source of 

microorganism in water, while the same term is the last term in Eq. (5), a sink term with negative 

sign for microorganism in sediment. Similarly, the settling of microorganism is a sink for water, 

negative in Eq. (4), and a source for sediment, positive in Eq. (5). The resuspension flux is 

calculated as a product of the resuspension velocity and the concentration of microorganism in the 

sediment (Pandey et al. 2011; Rehman and Soupir, 2009). The settling flux depends on sediment 

properties (e.g., the size of individual particle or flocs), water properties (e.g., temperature, 

viscosity, and density), and the properties of microorganism, such as the attachment ratio to 

sediment particles. The settling flux is calculated as a product of attachment ratio, the concentration 

of microorganisms in water column, and the settling velocity of suspended sediment. The free 

floating microorganism will not settle, only the ones attached to sediment will settle at the same 
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velocity as sediment fall velocity (Hipsey et al., 2008; Rehman and Soupir, 2009). Previous studies 

have used Stokes’ law for calculating the settling velocity, while Stokes’ law is only valid for fine 

particles with d < 0.1mm having particle Reynolds number less than 1.0 (Terry, 2011). In this 

study, the mean diameter of both sand and sandy loam is larger than this threshold, the settling 

velocity was calculated by Eq. (10.10) in Terry, 2011, valid for sediments of larger sizes.  

The net growth rate of microorganism in the sediment and water column depends on 

multiple factors, such as temperature, pH, predation, and available nutrients (Hipsey et al., 2008; 

Rehman and Soupir, 2009). Microorganisms live longer in sediment than in water body and have 

higher net growth rate (Hipsey et al., 2008). Among all parameters affecting the net growth of 

microorganism, temperature is recognized as the most significant one, and most relations for 

quantifying the net growth rate of microorganism is solely a function of temperature (Salter et al., 

2000; Ross et al., 2003). Water temperature, the most significant factor for the net growth of 

microorganisms, remained at a constant, 21oC, throughout the experiments. Moreover, the results 

of equilibrium experiment (Series 1) showed that the concentration of microorganism in the water 

remains constant for 6 hours duration of experiment. Rehman and Soupir (2009) have shown that 

the net growth of microorganism is almost 500 time slower than that from the resuspension and 

settling processes. Because of the short experimental duration and the constant temperature, the 

net growth and die off of microorganism in water and sediment were ignored (i.e., kw = 0, ks = 0). 

In addition, all the microorganisms were assumed to fully attach to bed sediment before starting 

the flow (Pandey et al., 2011; Rehman and Soupir, 2009; Jamison, 2005a). 
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For steady uniform open channel flow, the temporal and spatial derivatives of 

microorganism concentration in water in  Eq. (4), and the temporal derivative of microorganism 

concentration in sediment in Eq. (5) are set to zero (i.e., 0, 0, 0w w sC C C

x t t

  
= = =

  
 ). Under all 

these assumptions, Eq. (4) or (5) eventuates in Eq. (6). 

s a s

w r

C f W

C V
=        (6) 

This equation shows the ratio of microorganism concentration in sediment and water is a function 

of sediment settling velocity, the attachment ratio, and the resuspension velocity, which has been 

used in many studies (Rehman and Soupir, 2009; Pandey et. al, 2012). This ratio decreases as 

resuspension velocity increases, and increases with the settling velocity and the attachment ratio. 

Bai and Lung (2005) reported that for E. coli in stream flows, Cs/Cw ranges from 10 to 10,000. The 

estimation of these parameters (i.e., fa, Ws, Vr) is important in determining the Cs/Cw ratio. Jamison 

et. al (2005a) proposed a formula for calculating the resuspension rate of E. coli from a given 

surface area of bed sediment as follows: 

,w avg avgC Q
RS

SA
=       (7) 

where RS = resuspension flux (MPN/m2s), defined as the most probable number of microorganism 

being resuspended per unit area per unit time, Cw,avg = average concentration of microorganisms 

during the resuspension (MPN/m3), Qavg = average flow discharge during resuspension period 

(m3/s), and SA = the surface area of inoculated sediment where microorganisms are resuspended 

from and traveled into the water column (m2). 
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On the other hand, the resuspension flux can also be calculated as the product of 

resuspension velocity and the concentration of microorganism in bed sediment.  

s rRS C V=                                                               (8) 

Setting Eq. (8) equal to Eq. (9), the resuspension velocity can be calculated as: 

,w avg avg

r

s

C Q
V

SA C
=


                                                        (9) 

In this study, the surface area of inoculated sediment is constant, and equal to the reach length, 1 

m, multiplied by the flume width, 0.152 m.  During each experimental run, flow discharge is a 

constant, while flow velocity varied as flow depth was adjusted to each desired value. The 

concentration of microorganism in water was measured at each flow depth and velocity at an 

interval of 40 mins. The average concentration of microorganism in the water was calculated as 

the average concentration between two sampling intervals to get the average concentration of 

microorganism during the resuspension at a given velocity.  In each experimental run, 5-7 water 

samples were taken from the water in the flume and in the tank corresponding to 5 to 7 flow 

velocities. These samples were processed to obtain the concentrations of the virus in water. The 

resuspension velocity of microorganism corresponding to a given flow velocity in the flume can 

be calculated by Eq. (9). In the meantime, Eq. (6) was rearranged as Eq. (10) for calculating the 

attachment ratio at a given flow velocity. 

s r
a

w s

C V
f

C W
=        (10) 
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The attachment ratio calculated using Eq. (10) is a function of resuspension velocity in Eq. 

(9). Moreover, the resuspension velocity is dependent on the concentration of microorganism in 

water, which was found to change with bed shear stress (Zhou et al. 2017, and Tousi et al. 2020 in 

review). Studies have showed that the resuspension of microorganism from bed sediment closely 

relates to the critical shear stress of bed sediment (Rehman and Soupir 2009, Pandey et. al. 2012, 

Jamison et. al. 2005a). For cohesive sediment, the critical shear stress is much more complicated 

than the non-cohesive sediment.  The cohesive material are typically fine particles of clay and silt 

(< 8 µm) that increase the critical shear stress due to high inter-particle cohesion forces (van Rijn, 

2007).  The relation proposed by Lick (2009), Eq. (11), was adopted for calculaing the critical 

shear stress by incoporating the effect of cohesive material in sandy loam. 

1

2

2

(1 )
bb

c cn

cae

d c d



 = + +       (11) 

where 
c = critical shear stress of cohesive material (N/m2),

cn = critical shear stress for non-

cohesive material (N/m2), d = particle diameter (m), 
b = sediment bulk density (g/cm3), a and b 

are coefficients specified by Lick (2009) as 8.5 × 10-16 (m2) and 9.07 (cm3/g) respectively. c1 is a 

coefficient that depends on the fraction of cohesive material (<8 µm). Lick (2009) proposed c1 = 

7 (N/m2) for quartz particles having 2% of bentonite. Pandey et. al (2012) assumed c1 = 21 (N/m2) 

for sediment having up to 7% cohesive material. Similarly, for 10% of cohesive material in sandy 

loam, c1 = 35 (N/m2) was assumed  based on linear extrapolation. The coefficient of c2 was defined 

as follows in Lick (2009): 
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6

c g SG

= −       (12) 

The critical shear stress for non-cohesive material was defined as follows (Lick ,2009): 

414cn d =        (13) 

where cn = critical shear stress for no-cohesive sediment (N/m2), d is considered as D50, medium 

diameter of sediment (m) 

Bed shear stress is expressed in dimensionless form as in Zhou et. al (2017) as, 

 

2
*

*

50( )

w

s w

u

gD




 
=

−
        (14) 

where *  = non-dimensional bed shear stress; u*= shear velocity, w  = water density (kg/m3);   s  

= sediment density (kg/m3); g = gravitational acceleration (m/s2); and D50 = medium diameter of 

sediment (m). The shear velocity was calculated using the logarithmic velocity law as: 

*

1
(ln 1) r

u h
A

u k
= − +       (15) 
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where Ar = constant of integration, equal to 8.5; K= von-Karman constant, equal to 0.41; h = 

water depth (m),  u  = velocity (m/s), and k = roughness height (mm), approximately equal to the 

sediment size D50. 

4 Results and discussion 

4.1 Experimental results 

The results for the first and second series of experiments are summarized in Tables 1 and 

2, respectively. Table 1 summarizes the measured concentration of PhiX174 in the flume and the 

tank as well as the initial concentration of virus. The results of Table 1 were plotted in Figure 4 to 

determine the sampling interval for the second series of experiments. Since the concentration of 

PhiX174 reaches equilibrium in about 30 min at each flow velocity, flow was run for more than 

30 min until reaching quasi-steady and uniform, and then the sampling was conducted. Table 2 are 

the measured concentrations of PhiX174 in the water from the flume and the tank together with 

the number of microorganisms in bed sediment. Table 2 also lists the flowrate, depth, and velocity 

for each flow condition. 

 

4.2 Critical shear  

The critical shear stress was calculated for sand using Eq.(13),  and sandy loam using Eq. (11-13), 

respectively. Then, they are converted to non-dimensional critical shear stress using Eq. (14). The 

non-dimensional critical shear stress for sandy loam was obtained as 0.13, and for sand, 0.03. The 

critical shear stress of sandy loam is much higher than the sand. The ratio of observed 

microorganism concentrations in water and sediment from the sand and sandy loam experiments 
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were shown in Fig.5 and 6, respectively. The ratio of Cw/Cs was non-dimensionalized by 

converting both concentration of microorganisms in water and sediment to (MPN/m3). The critical 

shear stresses were shown as two red vertical lines separating the scattered measurements. The 

concentration of PhiX174 in the sediment was updated at each velocity using Eq. (3). Moreover, 

PhiX174 concentration in water varies with flow velocity, and thus bed shear stress.  

 

Figure 5 shows that concentration of PhiX174 in the water is almost constant and 

following a horizontal trend before the shear stress reaches the critical value. As the critical 

condition is surpassed, the concentration of microorganism in water increases rapidly. This 

indicates the importance of critical condition for the resuspension of microorganism from bed 

sediment. Interestingly, the calculated critical shear stress properly matches the threshold for the 

resuspension of microorganism from bed sediment. This result implies that the critical shear stress 

for sediment particle incipient motion is the critical flow condition for the resuspension of 

PhiX174. The result also validates Eq. (13) for calculating the critical shear stress for non-cohesive 

sediment such as sand. 

 

On the other hand, Figure 6 shows the concentration of microorganisms in  water increases 

with an increase in non-dimensional shear stress. Different from the sand, for sandy loam, the 

PhiX174 concentration in water consistently increases with shear stress before reaching the critical 

value. This observation is supported by the fact that all data for sandy loam was obtained before 
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the critical shear stress was reached. And no significant change in the concentration of 

microorganisms in the water is anticipated. 

4.3 Attachment ratio 

The attachment ratios of PhiX174 at different shear stresses for sand and sandy loam were 

calculated using Eq. (10) shown in Figure 7 and 8. The most important result is that the attachment 

ratio (Figure 7) is not a static and irreversible parameter as reported previously (Jamison et al., 

2005a, Abu-Ashour, 1994). It is a dynamic parameter that changes with shear stress. Figure 7 

shows that before reaching the critical shear stress, the attachment ratio increases with the non-

dimensional shear stress from 10% to almost 40%, with an average value of 22.5%. After 

exceeding the critical shear stress, it drops by 62.5% to the value of 15%, with an average value 

of 24%. The same pattern of variation in the attachment ratio with respect to the critical condition 

was also observed in flume studies by Cervantes (2012). Cervantes (2012) has examined the 

attachment ratio of E. coli through a set of flume experiments for three different sediment of sand, 

sand-silt, and sand-silt-biofilm with median size of 0.27 mm, and 0.148 mm for sand and sand-

silt, respectively. Sand-silt-biofilm was prepared after 30 days feeding flume with nutrients (i.e., 

nitrogen, phosphorus) under the controlled condition proper for biofilm growth. Cervantes (2012) 

has measured the attachment ratio of E. coli to sediment particles using the separation technique 

proposed by McDaniel (2011). In this technique, water samples were divided into two groups for 

enumerating the total (i.e., attached plus unattached) and the unattached E. coli. The total number 

of E. coli was enumerated using the water sample without disturbance, while the unattached E. 

coli was enumerated using the filtered water sample passed through 8 µm filter. Applying the mass 
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balance principle and having the total and the unattached number of E. coli, the attachment ratio 

was calculated. The experiment was conducted at three flow rates having shear stresses less than 

the critical value, and one flow rate exceeding the critical flow condition. Cervantes (2012) 

observed that attachment ratio decreased by 66, 34, and 69% for sand, sand-silt, and sand-silt-

biofilm, respectively, after flow exceeding the critical shear stress. In the present study, the 

reduction of attachment ratio of PhiX174 (62.5%)  after reaching the critical shear stress for sand 

sediment is almost the same as the one observed by Cervantes (2012) for E. coli.  

It is important to highlight that the results provided by Cervantes (2012) were direct 

measurements from flume experiments, while the values of attachment ratio provided in the 

present study were indirectly calculated through the proposed conceptual model. Cervantes (2012) 

interpreted the decrease in the attachment ratio after exceeding the critical shear stress is due to 

the detachment of superficially attached E. coli when experiencing high shear stress and stronger 

particle interactions as more sediment being resuspended.  Based on Figure 6, the concentration of 

PhiX174 in water increases by factor of 15 after exceeding the critical shear stress which clearly 

indicates much more sediment particles in suspension. It is hypothesized that once the detachment 

force caused by collisions of sediment particles exceeds the attachment force between 

microorganism and sediment particle, microorganism detaches from sediment particle and results 

in the reduction of attachment ratio. Besides, stronger flow turbulence at high shear stress can be 

another factor contributing to the detachment of microorganism from sediment particles.  

Therefore, after exceeding the critical shear stress, particle interactions increase due to particle 
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motion and rapid increase in particle resuspension that trigger the detachment process, and this is 

also being accompanied with stronger turbulence leading to the reduction of attachment ratio. 

Figure 8 shows the attachment ratio of PhiX174 for sandy loam ranging from 2.4% to 9.4%. 

The attachment ratio increases with bed shear stress, and then levels out. It has almost the same 

increasing pattern in the attachment ratio before reaching the critical shear stress as observed for 

sand. The average attachment ratio of PhiX174 for sandy loam (D50=1.05 mm) before reaching the 

critical shear stress is almost 6.3%, smaller than the ratio for sand (D50=0.2 mm). This is in an 

agreement with multiple studies that have shown a higher attachment ratio corresponding to finer 

sediment (Bitton et al. 1979, Gerba and Schaiberger 1975, Black et al., 2002, Quanrud et al. 2013, 

Kunkel et al., 2013). It is worth to mention that attachment ratio is not only a function of particle 

size but also the percentage of cohesive material and the sizes of flocs formed by fine sediment. 

Sandy loam has 10% cohesive material, but the median size of sandy loam is more than 5 times 

bigger than that of the sand, a lower attachment ratio is calculated for sandy loam. In fact, the 

settling velocity in Eq. (10), used for estimating the attachment ratio, is a function of median 

particle size. In addition, fine particles tend to flocculate, and the settling velocity also depends on 

the size of floc (Krishnappan, 2007). The high porosity and low density of flocs cause actual 

settling velocity of cohesive sediments to be orders of magnitude smaller that calculated settling 

velocity using median particle size (Burban et al., 1990). Flocculation is a highly dynamic process 

depending on chemical, physical, and biological properties of sediment and flow. All of these 

complicate the estimation of floc size for calculating the settling velocity (Lick, 2009). Therefore, 

based on Eq. (10), the attachment ratio is inversely proportional to the settling velocity, and the 
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actual settling velocity of sandy loam is smaller than the one calculated using the median particle 

size. Consequently, the actual attachment ratio of sandy loam would be greater than the calculated 

value. However, due to difficulties in estimating the floc size, Figure 8 shows the calculated 

attachment ratio for sandy loam based on the settling velocity estimated by using the median size 

of sediment. 

4.4 Resuspension models 

Resuspension velocity from the 1.0 m × 0.157 m area of inoculated sediment was calculated using 

Eq. (9), and the concentration of the virus in water is measured at different flow discharges in. 

Figure 9 and 10 are the resuspension velocity of PhiX174 for sand and sandy loam versus non-

dimensional shear stress, respectively. As it was expected, before reaching the critical shear stress, 

the resuspension velocity is less variable residing in a small range by a factor of 5, while after 

exceeding the critical shear stress, the resuspension velocity increased by a factor of 29 from 

1.1×10-6 to 3.19×10-5 (m/s). Figure 9 signifies the importance of treating the resuspension velocity 

dynamically changing with shear stress. This is a fact that has been rarely considered in previous 

studies (Wilkinson et. al., 1995). The resuspension velocity of bacteria from bed sediment was set 

as a constant in previous studies (Chapra, 1997). Figure 10 shows the more randomness in the 

resuspension velocity of PhiX174 for sandy loam compared to sand. The calculated resuspension 

velocity of PhiX174 ranges from 2.3 × 10-7 to   3.0 x 10-6 m/s, which is in the same range of the 

reported resuspension velocity for E. coli (Roberts et al., 1998; Jamison et al., 2005a).  
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Based on the results in Figure 9 and 10, the resuspension flux, RS, was empirically 

correlated with the dimensionless shear stress. The relations for predicting PhiX174 in sand and 

sandy loam are Eq. 16(a-b) and 17: 

5 0.428

* * *

5 0.9215

* * * *

(1 10 )                                                  16 (a)

(7 10 ( ) )                                      16 (b)           

s c

s c c

RS C

RS C

  

   

−

−

 =  


=  − 
 

 

These two equations are for estimating the resuspension flux for sand sediment. Eq.16 (a) is valid 

for shear stress smaller than the critical vale, and Eq.16 (b) for shear stress greater than the critical 

shear stress. 

In Figure 11, the dash line shows a perfect agreement, and two solid lines display the 

difference within one order of magnitude. The R2 of the proposed models before and after the 

critical shear stress is 0.26 and 0.05, respectively. Due to the high variability of data after exceeding 

the critical shear, the model performs better before the critical shear stress. Since the available data 

for sandy loam was only limited to before reaching the critical shear stress, a model was developed 

for resuspension flux of PhiX174 before the critical shear as follows: 

5 7

* * *(3 10 +5 10 )                    s cRS C   − −=       (17) 

The R2 of the developed model for sandy loam is 0.319, higher compared to the developed models 

for sand. The predicted versus observed resuspension rate for sandy loam is shown in Figure 12. 

Although the correlation between the predicted and observed are not high, the model prediction 

can still be valuable. A wealth of literature has indicated that a high degree of variability exists 
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when evaluating pathogen-water-sediment interaction. In this regard, Dorner et al. (2006) 

suggested that models that can provide predictions within one order of magnitude are deemed 

credible for assessing microbial water quality. Later, the approach of comparing the observed and 

predicted values with respect to one order of magnitude considered as a useful criteria and was 

utilized in many studies for predicting concentration of E. coli concentration in streams (Pandey 

et al., 2016, 2012; Pandey and Soupir, 2013). For example, Pandey et. al (2016) developed a 

module in SWAT for predicting E. coli level in the water and sediment. The authors reported their 

model’s performance such that 58 and 89% of E. coli level predictions in the sediment and water 

body, respectively, were within one order of magnitude of observations.  While for that study, R2
 

of the model were 0.07 and 0.01 for sediment and water predictions, respectively. In the present 

study, all predictions of the developed models, Eq. 16(a), 16(b), and 17, are within one order of 

magnitude, which shows that the proposed models can provide credible information for 

microbiological water quality assessment. 

5 Sources of uncertainty 

There are limited studies that have specifically evaluated the attachment and resuspension of viral 

pathogens. Most studies are focused on E. coli. Even for the limited number of studies due to high 

variabilities in the chemical and physical characteristics of sediment and water,  well as different 

types of virus and different experimental methods for differentiating the attached and freely 

suspended virus, the range of reported values of attachment ratio is highly variable (Jamison et al. 

2005a). The major sources of uncertainty in this study are from measurements and the assumptions 

in the conceptual model. At first, in the calculation of settling velocity for sandy loam, floc size 
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should be considered, yet due to limitation of measuring flocculation size, median sediment size 

was used. Moreover,  some viruses might have been lost during the experiment by attaching to the 

flume sides or other surfaces that are in contact with flume water (e.g., pipes, pump, tank). This 

implies uncertainty in the measured number of PhiX174 in the water column. In addition, there 

are uncertainties associated with the measuring devices including the rectangular weir for 

measuring flowrate. Further studies considering different flow conditions and a wider range of 

sediment types are needed for a better understanding of PhiX174 resuspension and attachment. 

Moreover, an evaluation of different surrogates should be addressed and compared with PhiX174 

to select the most representative surrogate for pathogenic human viruses for use in microbial 

transport studies. 

6 Conclusions 

A series of laboratory experiments were conducted in a flume to study the resuspension 

and attachment of PhiX174 from bed sediment in an open channel. Two types of sediment were 

used (i.e., sand, sandy loam). The first series of experiments indicated that at a given flow condition 

(e.g., flow rate, velocity, depth), the required time for the PhiX174 to reach equilibrium 

concentration in the water was almost 30 min. The second series of experiments were conducted 

to evaluate the PhiX174 concentration in water and sediment, considering different flow conditions 

and sediment types. The conceptual model was developed from the advection-dispersion equation 

incorporating influential physical processes (i.e., resuspension, deposition, net growth rate of 

microorganisms in the water and sediment) on the fate and transport of microorganism in water 

and sediment environment. The attachment ratio and resuspension velocity of PhiX174 were 
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calculated using the developed conceptual model.  that Attachment was not static irreversible 

process and follows certain trends with respect to the critical shear stress. The attachment ratio of 

PhiX174 increases before reaching the critical shear stress, and starts reducing after surpassing the 

critical threshold. Two resuspension models were developed for predicting resuspension of 

PhiX174 from sand and sandy loam. The model’s predictions were within one order of magnitude 

from observations and are deemed credible for water quality modeling purposes. The results 

provided further understanding of the underlying physical processes influencing the attachment 

and resuspension of microorganism to and from sediment particles with respect to different flow 

and sediment conditions as well as the critical threshold of particles movement. 
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Figure 1 Schematic flume sketch 

 

  



104 

 

 

 

 

 
 

 

Figure 2 Sediment cumulative distribution curve, redline is threshold of cohesive material 

(<8µm) 
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Figure 3 The governing physical processes on concentration of microorganisms in inter-related 

water and sediment environment. 
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Figure 4 PhiX174 counts in water over time
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Figure 5 Concentration of PhiX174 in the water over sediment versus non-dimensionl 

bed shear stress for sand, vertical line shows critical shear stress calculated from Eq. (10)
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Figure 6 Concentration of PhiX174 in the water over sediment versus non-dimensionl 

bed shear stress for sandy loam, vertical line shows critical shear stress calculated from Eq. (10)

Critical Shear Stress

 

 

 

 

 

 

 



109 

 

 

 

 

 

10
-3

10
-2

10
-1

10
0

0

10

20

30

40

50

 

 
f a 

(%
)

* 

Figure 7 Attachment ratio of PhiX174 in sand versus non-dimensional bed shear stress 
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Figure 8 Attachment ratio of PhiX174 in sandy loam versus non-dimensional bed shear stress 
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Figure 9 Resuspension velocity of PhiX174 in sand versus non-dimensional bed shear stress
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Figure 10 Resuspension velocity of PhiX174 in sandy loam versus non-dimensional bed shear stress 

Critical Shear Stress

 

 



113 

 

 

 

 

 

10
7

10
8

10
9

10
10

10
7

10
8

10
9

10
10

After critical condition

Before critical condition

 

 
P

re
d
ic

te
d
 r

es
u
sp

en
si

o
n
 r

at
e

Observed resuspension rate 

Figure 11 Performance of derived resuspension model for sand before and after critical condition 
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Figure 12 Performance of derived resuspension model for sandy loam before critical condition 
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Table 1. Results of the first series of experiments 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Sediment 
Sampling 

Time (hr) 

Flume 

(PFU/ml) 

Tank 

(PFU/ml) 

Nw ×1010
 

(PFU) 

Starting inoculum 

Ntot ×1010
 (PFU) 

Sand 0.5 10600 10300 0.19 11.25 

Sand 1 11700 10250 0.19 11.25 

Sand 2 9550 11400 0.21 11.25 

Sand 4 7400 10850 0.20 11.25 

Sand 6 8200 8050 0.15 11.25 

Sandy loam 0.5 3950 4400 0.08 28.50 

Sandy loam 1 3700 5300 0.10 28.50 

Sandy loam 2 5000 4200 0.08 28.50 

Sandy loam 4 4050 4600 0.08 28.50 

Sandy loam 6 7250 4900 0.09 28.50 
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Table 2. Results of the second series of experiments 

Sediment 

Flow 

rate 

(L/s) 

Velocity 

(cm/s) 

Flow 

depth 

(cm) 

Flume 

(PFU/ml) 

Tank 

(PFU/ml) 

Starting 

inoculum 

Ntot ×1010 (PFU) 

Sand 1.53 10.60 9.50 11800 10400 10.80 

Sand 1.53 14.38 7.00 8650 9600 10.80 

Sand 1.53 17.35 5.80 8500 9200 10.80 

Sand 1.53 31.46 3.20 76500 77500 10.80 

Sand 1.53 32.47 3.10 148000 138000 10.80 

Sand 0.85 6.01 9.30 9450 11800 11.70 

Sand 0.85 13.00 4.30 11200 9600 11.70 

Sand 0.85 18.04 3.10 8600 11300 11.70 

Sand 0.85 22.37 2.50 5950 10000 11.70 

Sand 0.85 29.43 1.90 9950 10200 11.70 

Sand 0.85 34.95 1.60 25000 25000 11.70 

Sand 0.85 34.95 1.60 67000 60500 11.70 

Sand 1.31 17.70 4.88 9490 10170 6.13 

Sand 1.31 9.79 8.80 12300 11450 24.5 

Sand 1.31 15.39 5.60 10300 10000 24.5 

Sand 1.31 21.02 4.10 10750 9850 24.5 

Sand 1.31 28.73 3.00 27500 28500 24.5 

Sand 1.31 31.92 2.70 80000 69500 24.5 

Sand 1.31 33.15 2.60 89500 99500 24.5 

Sandy loam 1.31 10.51 8.20 4150 5300 16 

Sandy loam 1.31 17.96 4.80 5950 4900 16 

Sandy loam 1.31 23.29 3.70 6700 6650 16 

Sandy loam 1.31 28.73 3.00 6550 7100 16 

Sandy loam 1.31 34.47 2.50 5750 6250 16 

Sandy loam 1.31 41.04 2.10 6050 8300 16 

Sandy loam 1.31 43.09 2.00 13000 13000 16 

Sandy loam 1.53 8.91 11.30 4250 3800 14.20 

Sandy loam 1.53 17.06 5.90 4300 4750 14.20 

Sandy loam 1.53 20.54 4.90 4750 4550 14.20 

Sandy loam 1.53 25.16 4.00 5600 5800 14.20 

Sandy loam 1.53 29.61 3.40 6050 8550 14.20 

Sandy loam 1.53 35.95 2.80 8900 7000 14.20 

Sandy loam 1.53 38.71 2.60 13000 8600 14.20 

Sandy loam 0.85 5.43 10.30 2950 3300 20.50 

Sandy loam 0.85 10.36 5.40 3750 3950 20.50 

Sandy loam 0.85 13.00 4.30 3400 2900 20.50 
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Sandy loam 0.85 16.95 3.30 2350 3450 20.50 

Sandy loam 0.85 19.97 2.80 3650 1850 20.50 

Sandy loam 0.85 23.30 2.40 4000 2900 20.50 

Sandy loam 0.85 31.07 1.80 3450 4000 20.50 
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Abstract 

Fresh produce irrigated with contaminated water poses a substantial risk to human health. Studies have 

highlighted the impact of sediment on irrigation water quality. E. coli is considered as an indicator bacteria 

of surface water contamination. This study evaluated the impact of incorporating sediment data on 

improving the performance of models classify E. coli level in irrigation water. Field sampling was 

conducted from irrigation canals in the Southwest U.S., including meteorologic, chemical, and physical 

water quality variables as well as three additional flow and sediment properties: the concentration of E. coli 

in sediment, sediment median size, and bed shear stress. Water quality were classified based on E. coli 

concentration exceeding two standard levels: 1 E. coli and 126 E. coli E. coli count(s) per 100 ml of 

irrigation water. Two series of features, including (FIS) and excluding (FES) sediment features, were 

selected from the filter method. The correlation analysis revealed FISs have higher correlation with the 

targeted standard compared to FESs. Three machine learning methods, support vector machine (SVM), 

logistic regression (LR), and ridge classifier (RC), were used and models’ hyperparameters were tuned 

through 5-fold cross validation. SVM model performed the best for both targeted standards. Besides, 

incorporating sediment features improved the performance of all models. True positive rate (TPR), and true 

negative rate (TNR) of using the SVM model with sediment features for the target of WE. coli_L1 are 93 

and 88.3%, respectively, if excluding sediment features, they are 91.5, and 83.3%, respectively. Likewise, 

using the SVM model, the TPR and TNR for WE. coli_L126 are 100 and 95.7%, respectively, and excluding 

sediment properties, 100 and 90%, respectively. These results signify the importance of incorporating 

sediment properties for assessing E. coli contamination in irrigation water.  

 

Keywords: Irrigation water classification, Sediment, Machine learning, Support vector machine  
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1 Introduction 

Pathogens in irrigation waters are often originated from human and potentially animal feces from 

non-point sources like surface runoff from livestock pastures, excessively applied mature 

agricultural farms, and urban areas (Abbaszadegan et al., 2003; Chandrasekaran et al., 2015; Gall 

et al., 2015) or from point sources like wastewater release (Abimbola et al., 2020; USEPA, 1989) . 

Besides hazards from direct consumption of polluted water with a pathogenic organism, fresh 

produce irrigated with contaminated water poses a substantial risk to human health (Gil et al., 

2015; Olaimat and Holley, 2012). From 1998 to 2007, 684 foodborne outbreaks due to the 

consumption of contaminated fresh produce caused 26,735 illnesses in the United States,  nearly 

15% of all the outbreaks (Uyttendaele et al., 2015). On the other hand, the consumption of fresh 

produces has increased worldwide during the last decades, as people prefers more healthy eating 

diets (Betts, 2014). Leafy greens, and particularly lettuce is recognized as the most common fresh 

produce in outbreaks (Uyttendaele et al., 2015; WHO, 2008). E. coli , an indicator of fecal 

contamination in surface water, is ubiquitous in the intestines of warm-blooded animals and human 

(Abimbola et al., 2020; Zhou et al., 2017, Mossel 1978). U.S. Environmental Protection Agency 

(USEPA) recommends the surface water standard as the geometric mean of at least five samples 

less than 126 E. coli per 100 ml water with no single sample exceeding 235 E. coli per 100 ml 

water (USEPA, 1986). This standard is considered as a general guideline for all the surface waters 

including irrigation water, while in some countries, specific standards are set for the irrigation 

water. In Australia and New Zealand, irrigation water for non-food crops should have less than 

1000 E. coli per 100 ml, and for commercial crops like leafy greens, less than one or no E. coli 

presence per 100 ml water (Uyttendaele et al., 2015). The standardized conventional methods for 
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enumerating E. coli for a single sample takes about 18 to 96 h (He and He, 2008; Hou et al., 2006). 

Even new methods taking about 2-4 h are still considered as a slow testing process compared to 

the rapid rection of E. coli to temporal variations in environmental factors, causing significant 

change in the E. coli populations (Abimbola et al., 2020; He and He, 2008; Boehm et al., 2002; 

Whitman et al., 2003). Mathematical models have been developed for predicting E. coli level in 

nearly real time to effectively evaluate and timely manage surface water quality (Abimbola et al., 

2020; Motamarri and Boccelli, 2012; Palazón et al., 2017). However, the accurate prediction of E. 

coli in natural water systems is challenging because of the lack of instantaneous test.  

Nevertheless, the presence of E. coli in natural water bodies are controlled by many physical, 

chemical, and biological processes that are measurable by a number of environmental parameters, 

such as turbidity, flow velocity and depth, water and air temperature), chemical (e.g., pH, salinity, 

conductivity, conductivity), and biological (e.g., bacterial competition) (Goyal et al., 1977; 

Mohammed et al., 2018; Sjogren and Gibson, 1981; Noguchi et al., 1997). Researches have shown 

sediment, a host of pathogen, impact E. coli concentration in the water (Cho et al., 2010; Jamieson 

et al., 2005; Pandey et al., 2012; Rehmann and Soupir, 2009; Zhou et al., 2017) . Paule-Mercado 

et al., (2016) evaluated the level of fecal indicator bacteria (FIB) in a surface runoff of agricultural 

and urban areas, found sediment impacted the variability of FIB. In other studies, Muirhead et al. 

(2004) and Nagels et al. (2002), revealed the FIB concentration relates to fine sediment particles 

during storm events. Particles surface serve to transfer pathogens between water and bed sediment 

through resuspension and settlement processes (Marshall and Bitton, 1980). Pathogens can either 

attach to the bed and suspended sediment or exist as a free-floating agent in the water body 
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(Jamieson et al., 2005; Yang and Liu, 2017). Studies have repeatedly shown higher concentration 

of pathogens in the sediment compared to the overlaying water, ranging from 10 to 10,000 times 

greater (Bai and Lung, 2005).  Although water in an irrigation canal may be free of pathogens, 

changes in flow velocity or other environmental factors that causes exceedance of bed shed stress 

from critical threshold can result in their resuspension (Pachepsky and Shelton, 2011; Zhou et al., 

2017). Therefore, the role of sediment on E. coli level in the water bodies needs to be further 

evaluated. Different modeling approaches have been used for predicting E. coli level in surface 

water. Including mechanistic, process-based models using mass conservation principal (Pandey et 

al., 2012; Baffaut and Benson, 2003; Hellweger, 2007), statistical and machine learning (ML) 

models, such as  multivariate linear regression (MLR) (Abimbola et al., 2020; Xue et al., 2018; 

Nevers and Whitman, 2005), artificial neural network (ANN) (Chandramouli et al., 2007; He and 

He, 2008; Motamarri and Boccelli, 2012; Kashefipour et al., 2002), logistic regression (LR) (Eleria 

and Vogel, 2005; Mas and Ahlfeld, 2007; Smith et al. 2001, Francy et al., 2006), and support 

vector machine (SVM)  (Abimbola et al., 2020; Park et al., 2018). Motamarri and Boccelli (2012) 

have developed three classification models for two recreational water quality standards using 

MLR, ANN, and learning vector quantization (LVQ), a neural network based direct classification 

method. Results revealed the direct classification model performed better by returning less false 

negative rate (FNR) < 16%. In this study, two regression-based classifiers (i.e., indirect classifier) 

of LR and ridge classifier (RC), RC is a regularized version of MLR, along with SVM, a direct 

classifier, will be used for classifying E. coli in the water of irrigation canals in the Southwest U.S. 

The primary objective is to evaluate the impact of sediment information for predicting E. coli 
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concentration in water by using two series of models including and excluding sediment 

information derived based on the ML techniques.  

2 Data Collection 

2.1 Sample collection and data preparation 

The field data sampling sites are irrigation canals in the southern US. A total of 152 

samples, 76 water and 76 corresponding sediment samples, were taken from the canals. 13 

explanatory features including physical (i.e., flow velocity, flow depth, medium size of sediment, 

non-dimensional bed shear stress, water temperature, turbidity), meteorological (i.e., air 

temperature, relative humidity), chemical (i.e., pH, salinity, conductivity, total dissolved solid), 

and biological (i.e., E. coli concentration in the sediment) properties were measured for the water 

and sediment samples. Water samples were collected using one-liter sterile bottle, and sediment 

samples were collected using Helley-Smith sampler and stored in plastic zip locks bags. Both water 

and sediment samples were placed immediately in the ice chest cooler. Water pH, temp, 

conductivity, salinity, and total dissolved solids were measured in situ by Oakton PCTSTestr5. Air 

temperature and relative humidity were measured in situ by VWR Traceable™ 

Hygrometer/Thermometer. Turbidity was determined using a calibrated Hach 2100AN 

turbidimeter at laboratory. Flow velocity was measured using Marsh McBirney flow meter.   

2.2 Quantifying E. coli in the water and sediment 

E. coli was quantified in each water sample using the IDEXX Colilert test system with 

Quantitray/2000. Sample volumes of 100ml were combined with substrate and incubated for 24 

hours at 35° C. Wells were checked for development of yellow color indicating presence of 



124 

 

 

 

 

 

coliforms. Yellow color combined with fluorescence was specific for E. coli. Calculation of 

MPN/100ml was determined by consulting the MPN tables provided with the test system. 

The percent total dry solids were determined on duplicate samples of 20-30gm for each 

sediment sample following an established protocol. Quantification of E. coli used the same method 

as for water, with the exception that dilutions were required due to very high numbers of E. coli in 

the canal sediments. Accordingly, both 50ml and 0.5ml volumes of the supernatant were analyzed 

using the IDEXX Colilert MPN system. In addition, a positive control was created by adding E. 

coli (ATCC#25922) to the darkest sediment sample to confirm that trays could be correctly read 

for both color and fluorescence. These quantitrays were also inverted during incubation so that any 

settled sediment remaining in the supernatant did not prevent visualizing the results [54-56].   

The collected E. coli water samples were classified based on two standards. One is the 

irrigation water standard in Australia New Zealand specifically for commercial crops that requires 

less than one E. coli in water (<1 E. coli per 100 ml) named as WE. coli_L1, and US EPA standard 

for surface water (<126 E. coli per 100 ml) named as WE. coli_L126. Although USEPA requires 

the geometric mean of 5 samples to be less than 126 E. coli/100 ml, in this study WE. coli_L126 

was considered as a threshold for a single sample, a conservative approach previously taken in 

other studies (Eleria and Vogel, 2005; Motamarri and Bccellid 2012). For each water sample, 

whenever E. coli concentration in the water exceeds the target standard, it was labeled as 1 (i.e., 

positive sample), otherwise 0 (i.e., negative sample). Applying the WE. coli_L1 standard, there 

are 18 (23.7%), and 58 (76.3%) samples, below and over the threshold, respectively. While 

applying WE. coli_L126 standard, 70 samples (92.2%) are below the threshold and only 6 samples 
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(7.8%) violate the standard. The imbalance class distribution is a common property of FIB 

classification studies, requires classifiers properly handling imbalance data sets. The proportion of 

violated samples for different standards, ranging from 8.1 to 58.7%, in similar studies of FIB 

classification (Mas and Ahlfeld, 2007; Motamarri and Boccelli, 2012; Francey et al., 2006). 

2.3 Flow and Sediment Properties 

After enumerating E. coli in the sediment, d50 of sediments were determined through sieve 

and hydrometer analysis of the samples. Furthermore, considering flow depth, velocity and size of 

sediment, non-dimensional shear stress on the bed surface were calculated using Eq. (1-2). Bed 

shear stress is expressed in a dimensionless form as in Zhou et. al (2017), 

 

2
*

*

50( )

w

s w

u

gd




 
=

−
        (1) 

where u*= shear velocity, w  = water density (kg/m3);   s  = sediment density (kg/m3); g = 

gravitational acceleration (m/s2); and d50 = medium diameter of sediment (m). The shear velocity 

was calculated using the logarithmic velocity law as: 

*

1
(ln 1) r

h
A

u k

V


= − +       (2) 

where Ar = constant of integration, equal to 8.5; K= von-Karman constant, equal to 0.41; 

h = water depth (m),  V= velocity (m/s), and k = roughness height (mm), approximately equal to 

the sediment size d50. Table 1 summarizes the descriptive statistics of these features along with the 

corresponding unit and notation. Among them, three features characterizing sediment are median 

sediment size, non-dimensional shear stress and E. coli concentration in sediment.  
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3 Statistical analysis 

It took five steps to evaluate the influences of sediment features (i.e., SE. coli, * , d50) on 

classifying E. coli level in irrigation water. At first, key features among 13 measured parameters 

were selected. Then, the dimensionality of these features were analyzed. Third, two sets of 

predictive models were developed using the two standard levels (i.e., WE. coli_L1, WE. 

coli_L126). Each set has two models: one included the selected sediment features, and the other 

excluded these features. In the fourth step, all the modeling parameters were calibrated using the 

5-fold stratified cross validation (CV) method. The best performed models were selected based on 

the evaluation of modeling results versus observations. At last, the importance of selected sediment 

features in the models were evaluated using Kolmogorov-Smirnov (K-S) test. Details of each step 

were described as follows. 

3.1 Feature selection  

Among the 13 variables (also called features in data analytics) collected in the field, only some of 

them highly impact E. coli level in the water (Abimbola et al., 2020). Particularly for small data 

sets, which is the case of this study, feature selection is necessary for high dimensional (i.e., having 

high number of features) data sets, because it requires exponentially higher amount of data samples 

for reliable predictions  (Abimbola et al., 2020; Hira and Gillies, 2015). In data analysis, feature 

selection contributes to parsimony, reduces redundancy and improves models’ performances by 

preventing overfitting (Abimbola et al., 2020; Guyon and Elisseeff, 2003). A proper feature 

selection also avoids multi-collinearity of explanatory features, which causes instability in the 
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coefficients of linear models, and increases model complexity while might not results in better 

performance of the model (He and He, 2008; Stocker et al., 2019; Xue et al., 2018). In this study 

multi-variant filter method was used for feature selection, which looks over relationship between 

each feature and target value as well as features themselves (He and He, 2008; Tsanas et al., 2010). 

One of the common correlation metrics is Pearson correlation coefficient that quantifies linear 

relations between two variables. Yet, explanatory feature variables are not necessary linearly 

correlated with E. coli, and usually non-linear relationship are dominating (Francy et al., 2013). 

Spearman rank correlation is another often used metric, capable of capturing both linear and non-

linear relationships used in similar studies (He and He, 2008; He et al., 2019; Uyttendaele et al., 

2015). Spearman rank correlation was used to evaluate the strength of relationship between 

features and two target variables, E. coli in the water classified based on WE. coli_L1, and WE. 

coli_L126. Spearman rank correlation plot (Figure 1) was created using the corrplot package in R 

4.0.2 (Taiyun and Simko, 2017; R Core Team 2020). For both standards, two initial feature sets 

were considered: one including sediment information has 13 features, (i.e., all the available 

features in Table 1), and the other excluding sediment has 10 features. Features having the absolute 

correlation less than 0.1 (׀r0.1>׀) were discarded from the initial feature sets. In the case of 

(multi)colinear features (׀r0.7< ׀), only feature that has the highest correlation with the target was 

kept, and others were discarded. The remaining features were considered as the important features 

affecting the E. coli level in water. The feature set including sediment information was named as 

FIS, and the set excluding sediment was named as FES. 
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3.2 Dimensionality reduction and data visualization 

Principal component analysis (PCA) is a widely used dimensionality reduction technique 

(Abimbola et al., 2020; Palazón et al., 2017; Wang et al., 2018). PCA reduces dimensionality of 

data set while minimizing information loss and preserving most of data variation (Abimbola et al., 

2020; Jollife and Cadima, 2016; Palazón et al., 2017). Principal components are uncorrelated new 

dimensions constructed from linear combination or mixture of the original features (i.e., 

dimensions) that can successively maximize variance. Accordingly, the first principal component 

retains most of the variation of the original data set (Jollife and Cadima, 2016). In this study, PCA 

was solely utilized for data visualization and gaining better understanding of the underlying 

relations between features and targets (Abimbola et al., 2020; Wang et al., 2018). In this study, 

PCA was implemented over all the original features (i.e., 13 features). 

3.3 Modeling approaches 

Machine learning (ML) classification algorithms of logistic regression (LR), ridge classifer (RC), 

and support vector machine (SVM) were utilized (Gandomi et al., 2013; Hoerl and Kennard, 1970; 

Kleinbaum and Klein, 2002). LR, and RC are indirect classifier, while SVM is a direct classifier. 

All three models can handle imbalance classification problems, which is the case of this study, by 

adjusting class weights. All the models were implemented using scikit-learn library in Python 

(Varoquaux et al., 2015; Van Rossum and Drake, 2009)  

LR is one of the simple and popular classification models used in many fields including 

FIB classification problems [40]. LR calculates the probability of E. coli concentration exceeding 

the standard level (e.g., WE. coli_L1, WE. coli_L126) through establishing linear relationship 

between the explanatory features (Helsel and Hirsch, 1992; Mas and Ahlfeld, 2007). The estimated 
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probability is transformed into the binary classification values (e.g., 0, and 1) and determines the 

class of a given sample (Eleria and Vogel, 2005). In depth mathematics of LR model is presented 

in (Kleinbaum and Klein, 2002). The LR implemented in this study benefits from l2 regularization, 

which simply adds square magnitude of the linear regression coefficients to the loss function 

(Varoquaux et al., 2015). The regularization degree is controlled by the regularization parameter, 

(C), that will be determined in the hyperparameter calibration. 

RC is basically a ridge regression modified to be used for the classification problems. Ridge 

regression is the l2 regularized form of an MLR, adding square magnitude of the linear regression 

coefficients to the loss function. The regularization term prevents overfitting of the model by 

keeping the weights of MLR small (Singh et al., 2017). The degree of regularization is controlled 

with regularization parameter, (α), that will be also determined in the hyperparameter tunning. The 

mathematics of the ridge regression is explained in more details by Hoerl and Kennard (1970) . 

RC for binary classification in scikit-learn is conducted by converting the target values of 

classification (e.g., 0, and 1) into the values of -1 and +1, and treating a classification problem as 

a regression. The sign of predicted value determines the predicted class (Varoquaux et al., 2015). 

LR and RC are both linear models that cannot capture non-linearities, yet the inclusion of 

non-linear kernels such as polynomial kernels can provide a non-linear fit to the data set and 

enables a linear model to identify non-linear relationships between the target and explanatory 

variables (Cawley and Talbot, 2008; Kleinbaum and Klein, 2002; Kuhn abd Johnson, 2019). 

Linear models like LR, and MLR have shown well response to the polynomial kernels and were 

used previously in non-linear classification problems (Brownlee, 2020; Chen et al., 2019; Tien Bui 
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et al., 2016; Zhu and Hastie, 2005). In this study, the second order polynomial kernel was 

implemented for LR and RC using PolynomialFeatures package in scikit-learn library in Python 

(Varoquaux et al., 2015; Van Rossum and Drake, 2009). In a simple word, applying the second 

order polynomial kernel means raising each feature into the second power as well as considering 

interaction between these features. The LR and RC coupled with the polynomial kernel were 

named as kernel logistic regression (KLR), and kernel ridge classifier (KRC), respectively. 

SVM is a well-known linear ML model based on the statistical learning theory, and can be 

used for both regression and classification (Boser et al., 1992). It has been applied in many fields 

as well as for FIB modeling problems (Abimbola et al., 2020; Ballabio and Sterlacchini, 2012; 

Palazón et al., 2017). Utilizing different kernel functions including linear, polynomial, sigmoid, 

and radial basis function (RBF), has boosted SVM capability for classifying both linear and non-

linear problems (Palazón et al., 2017; Tien Bui et al., 2016). SVM seeks for the best separating 

hyperplane (decision surface) that maximizes the distance between negative and the positive 

classes in the data domain (Gandomi et al., 2013). RBF kernel is one of the most used kernels that 

enables SVM for classifying non-linear problems (Tien Bui et al., 2016). The performance of SVM 

with RBF kernel is dependent on the kernel width (γ) that determines the radius of influence for a 

single data sample, and the regularization parameter (C), and both will be determined in 

hyperparameter calibration process (Tien Bui et al., 2016; Varoquaux et al., 2015). Further details 

of the mathematics of SVM can be found in (Gandomi et al., 2013). 
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3.4 Cross validation, metric, and hyper parameter tuning 

To develop classifiers and tune hyperparameters, 5-fold stratified cross validation (CV) was 

implemented (Abimbola et al., 2020). CV is a resampling procedure, that evaluates ML models’s 

performances on unseen data, and it is particularly useful for limited data sets. CV is also used for 

model selection and hyper parameters calibration (Brownlee, 2020). CV is particularly useful in 

this study not only due to limited available data, but also as it helps to evaluate the impact of 

including sediment features on ML models performance for classification of E. coli in irrigation 

water. The 5-fold stratified CV randomly divides data set into 5 folds, training the model using 

four folds and validating it using the remaining fold. The process is repeated five time (five splits) 

to sweep over the entire data sets. The stratified CV helps to have a class distribution almost the 

same as the class distribution of the total data sets for both training and validation. The stratified 

version of CV is particularly useful for the imbalance data sets to make sure training and testing 

over the minority class is implemented properly. The overall performance of the model is the 

average of the model’s performances over the 5 splits (Abimbola et al., 2020; Brownlee, 2020; 

James et al., 2013). 

 All the features were scaled using Minmax scaler method before feeding them into ML 

process (Smith et al., 2020). The models’ classification results were evaluated using the true 

positive rate (TPR), true negative rate (TNR), false negative rate (FPR), and false negative (FNR). 

TPR is also known as recall and sensitivity, while TNR is called as specificity (He and Ma, 2013). 

 Hyperparameter tuning was implemented using a widely used method of grid search (Tien 

Bui et al., 2016) through looking over the models’ validation score in CV. If the feature’s weight 
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is equal to 1, it’s selected as the majority class. The adjusted weight of the minority class (w′) was 

also tuned as a hyperparameter in LR and RC (Brownlee, 2020). For the SVM, the class imbalance 

was adjusted using a heuristic class weighting option available in scikit-learn library in Python 

(Varoquaux et al., 2015). The heuristic weight is calculated as follows: 

j

j

n
w

kn
=       (3) 

where wj is the heuristic adjusted weight of the class j, nj is the number of samples in class j, n is 

the total number of data samples, and k is the number of classes for the binary classification, in 

this study, it’s equal to 2. In the binary classification, the heuristic weight (Eq. 3) is also equivalent 

to the class weighting that can be obtained by inversing the ratio of class distribution in the data 

set. In this way, the heuristic weight of the majority class is set as 1, and the heuristic class weight 

of minority class is the inversion of class ratio distribution as follows: 

'
mj

h

mn

n
w

n
=       (4) 

where w′h is the heurist class weight of the minority class, and nmj and nmn are the number of 

samples in the majority and minority classes, respectively. It is worth mentioning that the heuristic 

weight is just the best initial practice that can be used, and is not guaranteed to be the optimal one. 

Thus, it is possible that models perform better using other class weights not from the heuristic 

practice (Brownlee, 2020). In this regard, for LR and RC, w′ was tuned as a hyperparameter by 

considering an interval from 1 to 3 times of w′h in the grid search. 
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3.5 Features’ distribution 

After the features were selected based on their correlations to the target variable, the E Coli count 

in water, through the filter method described in section 2.2.1.  the final FIS and FES models for 

both targets were developed. To further evaluate the importance of these selected features, the 

empirical cumulative distribution functions (eCDF) of all the features were divided into the 

violated (above the standard levels), and non-violated (below the standard levels) classes over the 

entire data set. Two-tailed sample Kolmogorov-Smirnov (K-S) test at the significant level of 0.05 

was implemented over the violated and non-violated eCDFs of each feature to test for a statistical 

difference in the eCDFs (Motamarri and Boccelli, 2012). Features having statistically different 

eCDFs were chosen as important features as they provide different information for two classes. 

4 Results and discussion 

4.1 Selected feature sets  

Figure 1 shows the correlations of all the features for two targets: WE. coli_L1, and WE. 

coli_L126. As it was anticipated, three groups of (multi)colinear features are identified (׀r0.7< ׀). 

Salinity, conductivity, and TDS are one group, Wtemp and Atemp as another group, and finally V 

and *  as the third group. Moreover, some features with respect to the target were considered 

irrelevant (׀r 0.1> ׀). For the target of WE. coli_L1, salinity, conductivity, TDS, and h are irrelevant 

features. And for WE. coli_L126 target, * , d50, and RH are irrelevant features. Excluding the 

irrelevant and (multi)colinear features (as described in section 2.2.1), the final feature sets for both 

targets were identified (Table 2). 
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Features in the data sets were ranked according to the values of absolute correlation. The highest 

correlation values for WE. coli_L1 and WE. coli_L126, are RH and conductivity, respectively. 

Five features were chosen for WE. coli_L1 target, and six features for WE. coli_126. The number 

of features for FIS and FES models for the same target is kept the same for a fair comparison 

between two feature sets.  Table 1 shows fewer initial features (i.e., 10 features) available for the 

FESs, therefore the number of selected features for each target was controlled by FESs. The final 

selected features are consistent with the previous studies that have highlighted the impact of 

temperature, turbidity, conductivity, pH, bed shear stress, sediment, flow depth, and flow rate on 

E. coli level in surface water  (Abimbola et al., 2020; Hassard et al., 2016; He and He, 2008; 

Pandey et al., 2015; Wang et al., 2018; Zhou et al., 2017). The higher temperature contributes to 

the higher survival rate and persistent growth of E. coli as most of the FIBs are mesophiles having 

optimum growth between 20 to 45°C (McCarthy et al., 2012). Turbid water provides nutrients 

needed for E. coli survival and growth, also reduces exposure of the bacteria to the sunlight (Paule-

Mercado et al., 2016). Conductivity and pH have negative correlation with E. coli level because 

E. coli die off rate is higher in the water with higher conductivity (Easton et al., 1962; He and He, 

2008) Flow rate and/or velocity and bed shear stress have a positive correlation with E. coli level 

in the water (He and He, 2008). High flow velocity and bed shear stress contribute to the 

resuspensions of E. coli from bed sediment Zhou et al. (2017). Sediment is considered as a dormant 

source of E. coli that can be triggered by any disturbance (e.g., high flow, cattle crossing) and 

increases E. coli level in water (Nagels et al., 2002; Rehmann and Soupir, 2009).  It’s obvious in 

Figure 1 that SE. coli has positive correlation with E. coli level at both standards. Table 2 reveals 

that the inclusion of sediment features increases the overall correlation of a feature set to E. coli 
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level from 1.45 to 1.8, and 1.48 to 1.58 for WE. coli_L1, and WE. coli_L126, respectively. It is 

worth mentioning the negative correlation of d50 to SE. coli. This result has been reported 

frequently in the previous studies as E. coli has higher presence and concentration in finer sediment 

(Bitton et al., 1979; Gerba and Schaiberger, 1975; Black et al., 2002; Quanrud et al., 2013; Kunkel 

et al., 2013; Zhou et al., 2017). 

4.2 PCA 

PCA analysis is to identify the principal components of the data set, comprised of combination of 

all the variables. The first two principal components, accounting for 29.9 and 18.9% of the data 

variation, respectively, are shown in the PCA-biplot, Figure 2. Nearly 50% of data variation among 

13 features can be approximated with only 2 principal dimensions. In other words, Figure 2 is the 

best plot showing maximum the data variation of all features in two dimensions (Singh et al., 

2017). TDS and salinity have the highest contributions to the first principal component (Dim 1), 

while RH and Atemp are the most contributed features to the second principal component (Dim 

2). Data scatteredness for each E. coli standard  in Figure 2 is also vividly visible. Water samples 

having more than 126 E. coli/100 ml are closer to each other, clustered in an area in the 2nd and 3rd 

quadrant. Whereas water samples having zero E. coli are much more scattered, mainly in the 3rd 

and 4th quadrant. Finally,  the PCA plot (Figure 2) identified only two principal dimensions, yet 

one can expect the classification of WE. coli_L126 would be easier than that of WE. coli_L1. That 

is because the closeness of water sample having more than 126 E. coli /100 ml makes drawing the 

decision boundary easier to discriminate positive and negative classes while it is not the case for 

WE. coli_L1. At this end, although PCA enables the direct visualization of high dimensional date 
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sets by dimensionality reduction to 3D or less, the principal components (i.e., Dim1, and 2) do not 

have a certain physical meaning and were not interpretable (Abimbola et al., 2020). 

 

4.3 Models performance 

The hyperparameters in all models, including C, γ, α, and w′h were tuned using the grid search 

method through CV as described in section 2.2.4. Table 3 shows models’ performance of FISs and 

FESs in the training and validation phases for both targets: WE. coli_L1, and WE. coli_L126. The 

training scores were provided as an supplemental information, while the performance of models 

and feature sets were judged by the validation scores. The overall performance of all the models 

regardless of the feature sets, are higher for WE. coli_L126, compared to WE. coli_L1. For 

instance, TPR and FNR of all models for both FIS and FES are 100%, and 0% respectively, for 

WE. coli_L126 target, which is not the case for WE. coli_L1. The training scores of all the models 

has the same trend, as the training scores are less for WE. coli_L1 than the WE. coli_L126. In 

other words, models were not able to learn at WE. coli_L1 as much as they could at, WE. 

coli_L126 in the training phase, and consequently, yielded inferior results in the validation phase. 

This fact can also be inferred from the PCA plot (Figure 2) as data for WE. coli_L1 were more 

scattered than WE. coli_L126 in which almost all the violated samples were located close to each 

other. There might be a chance that more training data could improve modeling performance at 

WE. coli_L1 to capture more of the underlying patterns.  

In general, implementing the 2nd order polynomial kernel at WE. coli_L1 has improved the 

performance of LR and RC. For instance, TPR and TNR for FIS were improved from 76.4 to 

91.4% and 73.3 to 83.3%, respectively once the polynomial kernel was used in RC (i.e., RC_FIS, 
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LRC_FIS). For LR, utilizing the polynomial kernel (i.e., LR_FIS, KLR_FIS) increases the model’s 

performance for both FIS and FES except in TNR (decreases from 78.3 to 73.3%) and FPR 

(increase from 21.7 to 26.7%). The results showed the best model for both FIS and FES at WE. 

coli_L1 is SVM, which can benefit from the RBF kernel and performs well for the non-linear 

problems (Brownlee, 2020). Previous studies have shown non-linear models perform better in 

capturing the existing relationships between features and E. coli level in water (He and He, 2008; 

Motamarri and Boccelli, 2012; Piorkowski et al., 2013). The better performance of the SVM model 

can be perceived as the utilization of non-linear kernels (i.e., RBF). 

Similarly, SVM outperformed other models for WE. coli_L126 as well. Although all the 

models yielded 0 and 100% for FNR, and TPR, respectively for both FIS and FES, SVM has a 

better performance in TNR, and FPR. Results signified the fact, highlighted by previous studies as 

direct classifiers (e.g., SVM) perform better comparted to the regression-based classifiers (e.g., 

LR, RC) in FIB classification problems (Motamarri and Boccelli, 2012; Tufail et al., 2008). 

The inclusion of sediment features in WE. coli_L126 improved SVM and RC models’ 

performance, while made no difference for LR model. Nearly the same for WE. coli_L1, as 

SVM_FIS and KCR_FIS had better performance over SVM_FES, and KCR_FES for all four 

metrics, while KRL exhibited mixed performances. KRL_FES has better TNR, and FPR compared 

to KRL_FIS, while both models performed almost the same in TPR, and FNR. Figure 3 showed 

SVM is the best model for FIS and FES models for both targets of WE. coli_L1 and WE. 

coli_L126. Moreover, it also indicated that the performance of SVM increases by incorporating 

sediment features as input to the model. For WE. coli_L1, TPR and TNR increases from 91.5 to 
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93%, and 83.3 to 88.3%, respectively. FNR and FPR, reduces from 8.5 to 7%, and 16.7 to 11.7%, 

respectively. It worth to mention that FNR is an important metric from the public health 

perspective as the false information especially at a high rate can poses major hazard to human life 

(Motamarri and Boccelli, 2012). For WE. coli_L126, incorporating sediment features, increases 

TNR from 90 to 95.7% and reduces FPR from 10 to 4.3%. Overall, the highest performance score, 

in terms of all four metrics for both WE. coli_L1, and WE. coli_L126 targets, belongs to the SVM 

model including sediment features into the model (i.e., SVM_FIS). The results of these ML 

models, and the higher sum of absolute correlation (SAC) of FIS compared to FES, confirm the 

role of sediment on assessing FIB concentration in the surface water, and the advantage of 

incorporating sediment information for prediction FIB level in surface water, which has also 

shown by Jamieson et al (2005) who applied one-dimension model to the field observations in 

Canada. 

4.4 K-S test and features’ distribution 

The eCDF of all the features grouped by violated and non-violated ones were testes using the K-S 

test at 0.05 significant level for both standards. Based on K-S test, at WE. coli_L1, all the features 

except conductivity, salinity, TDS, and h have statistically significant (α=0.05) different 

distributions for the violated and non-violated samples. The features in FIS and FES for WE. 

coli_L1 (Table 2) have shown that all the selected features for both sets are considered statistically 

different that support their selections. Figure 4 showed all the features in FIE and FES for WE. 

coli_L1 as well as TDS which was also included in the features sets. Figure 4 indicated E. coli 

(violated samples of WE. coli_L1) are likely to present in the water of higher turbidity, velocity, 

and bed shear stress. Also, the higher concentration of E. coli in the sediment highly correlates to 
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the high E. coli in water. Moreover, warmer air with less RH are other contributing factors for E. 

coli presence in water. Features without distinct eCFDs based on K-S test (i.e., conductivity, 

salinity, TDS, h) exhibited almost similar eCDFs. The eCDFs plot of TDS is shown in Figure 4 as 

an example. The eCFD for the rest features for WE. coli_L1 were provided in the appendix.   
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K-S test for WE. coli_L126 as a standard found that only six features, Atemp, Wtemp, 

conductivity, TDS, salinity, and turbidity, have statistically different eCDFs for violated and non-

violated samples. Whereas four other features, SE. coli, V, pH, and h, in FIS and/or FES were 

incorporated in the modeling. Figure 5 indicates all the features in FIS and FES as well as the RH 

for WE. coli_L126. Violated samples had warmer water of high turbidity and E. coli concentration 

in the sediment, lower pH, depth, and velocity, and almost constant conductivity. Although SE. 

coli, V, pH, and h did not have statistically distinct eCDFs, different values of these features were 

found for violated and non-violated samples (Figure 5). This maybe the case that due to limited 

data of eCDFs for violated samples, the distinction of two eCDFs could not be captured by K-S 

test. To demonstrate the importance of SE. coli, V, pH, and h, these features were removed from 

the best of FIS and FES models. Removing SE. coli, h, and pH from the SVM_FIS model, did not 

change the values of TPR, and FNR, but lowered the model’s performance in TNR, and FPR. TNR 

has reduced from 95.7 to 94.2, 80, and 92.8%, and FPR increased from 4.3 to 5.7, 19.9, and 7.1%, 

by removing, SE. coli, h, and pH, respectively. Also removing velocity (V) from SVM_FES model 

did not change TPR, and FNR, but also lowered TNR from 90 to 88.5%, and increased FPR from 

10 to 11.4%. It is important to highlight that p-value of SE. coli is 0.065, and it is very close to the 

selected significance level α=0.05 in K-S test.  

5 Conclusion 

Field sampling was conducted from irrigation canals in the Southwest U.S., obtaining 13 

explanatory variables (features) including three sediment features of concentration of E. coli in the 

sediment, sediment median size, and non-dimensional bed shear stress. Water samples were 
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classified based on E. coli concentration exceeding two standard level of 1 (WE. coli_L1), and 126 

(WE. coli_L126) E. coli per100 ml of irrigation water. PCA analysis was implemented to visualize 

data in 2D and understand underlying patterns. It reveled samples violating WE. coli_L126 are 

closer to each other compared to WE. coli_L1, that can make the classification easier in higher 

dimensional domain. Filter method features selection was implemented using Spearman rank 

correlation and two features sets including (FIS) and excluding (FES) sediment features were 

considered for both targets of WE. coli_L1, and WE. coli_L126. Correlation analysis revealed 

FISs have higher correlation with targets compared to FESs. Three machine learning methods of 

support vector machine (SVM), logistic regression (LR), and Ridge classifier (RC) were used. The 

polynomial kernel was utilized to add non-linearity property to LR and RC. Models’ 

hyperparameters were tuned through 5-fold cross validation using grid search method. Results 

revealed kernel-based models perform better as they can capture non-linear interaction between E. 

coli in the water and explanatory variables. Incorporating sediment features into models improved 

models’ performance and the best model for both targets was SVM incorporated with sediment 

features (SVM_FIS). TPR, and TNR of SVM_FIS for WE. coli_L1 was 93 and 88.3%, 

respectively. For the same metrics, SVM_FIS yielded 100, and 95.7%, respectively at WE. 

coli_L126. Results also confirmed the fact, highlighted by previous studies as direct classifiers 

(e.g., SVM) perform better comparted to the regression-based classifiers (e.g., LR, RC) in FIB 

classification problems. In the end due to high variability of E. coli in the water and sediment as 

well as explanatory variables and involved uncertainties, analysis are usually site specific. It is 

recommended to conduct further research on evaluating the impact of incorporating sediment 

features on performance of the FIB predictive models (either regression or classification). 
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Table 1. Descriptive statistics of all features 

 

 

 

 

 

 

 

 

 

 

Variable 

Notation

/Acrony

m 

Unit Min Max Mean 

Standard 

deviatio

n 

Water temperature Wtemp C 
10.

0 36.9 21.4 6.8 

Air temperature Atemp C 8.1 47 26.1 10 

Relative humidity RH % 8 77.1 29 16.4 

pH -  8 9.7 8.6 0.3 

Salinity - ppm 341 691 573.4 54.3 

Conductivity - µS/cm 485 1416 1151.3 133.9 

Total dissolved solid TDS ppm 512 1000 821.2 78.7 

Turbidity - NTU 0.8 25.5 5.1 5.1 

Sediment median size d50 mm 0 2.3 0.4 0.6 

Non-dimensional bed shear stress *  - 0 0.7 0.1 0.1 

Flow velocity V m/s 0 0.7 0.3 0.2 

Flow depth h m 0.1 3.3 1.3 0.7 

E. coli in sediment SE. coli 
E. coli/100 g 

total dry solid 1.7 

176623.

9 4827.9 20688.2 
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Table 2. Final feature sets used in ML process 

*The number insider the bracket is the sum of the absolute correlations (SAC) of all the features in a set to the target 

 

 

 

 

 

 

 

 

 

 

 

Target FIS FES 

WE. coli_L1 
RH, Atemp, turbidity, * , SE. coli 

{1.8} * 

RH, Atemp, turbidity, V, pH 

{1.45} 

WE. coli_L126 

Conductivity, Wtemp, turbidity, SE. coli, h, 

pH 

{1.58} 

Conductivity, Wtemp, turbidity, h, pH, V 

{1.48} 
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Table 3. Models’ performance for WE. coli_L1 and WE. coli_L126 

*-FIS denotes that model was trained with FIS. **-FES denotes that model was trained with FES 

 

 

WE. coli_L1 

  Training score  Validation score 

Model 
Tunned hyper 

parameters 
TPR TNR FNR FPR 

 
TPR TNR FNR FPR 

SVM_FIS*
 C=3.3, γ=50 0.940 1.000 0.060 0.000  0.930 0.883 0.070 0.117 

SVM_FES*

*
 C=40, γ=3.3 

0.965 1.000 0.035 0.000  0.915 0.833 0.085 0.167 

LR_FIS C=49.1, w′h=1.8 0.870 0.804 0.130 0.196  0.814 0.783 0.186 0.217 

LR_FES C=77.5, w′h=2.2 0.892 0.736 0.108 0.264  0.829 0.733 0.171 0.267 

KLR_FIS C=84, w′h=1.7 0.888 0.804 0.112 0.196  0.880 0.733 0.120 0.267 

KRL_FES C=49.1, w′h=1.7 0.909 0.804 0.091 0.196  0.879 0.783 0.121 0.217 

RC_FIS α=4, w′h=2.6 0.827 0.803 0.173 0.197  0.764 0.733 0.236 0.267 

RC_FES α=0.8, w′h=2.5 0.849 0.831 0.151 0.169  0.794 0.733 0.206 0.267 

KRC_FIS α=4, w′h=2.6 0.927 0.860 0.073 0.140   0.914 0.833 0.086 0.167 

KRC_FES 
α=0.001, 

w′h=1.5 0.892 1.000 0.108 0.000   0.829 0.783 0.171 0.217 

WE. coli_L126 

SVM_FIS C=0.6, γ=5.3 1.000 0.957 0.000 0.043  1.000 0.957 0.000 0.043 

SVM_FES C=0.3, γ=5.5 1.000 0.925 0.000 0.075  1.000 0.900 0.000 0.100 

LR_FIS 
C=11.3, 

w′h=15.7 1.000 0.871 0.000 0.129 

 

1.000 0.857 0.000 0.143 

LR_FES C=1, w′h=15.3 1.000 0.857 0.000 0.143  1.000 0.857 0.000 0.143 

RC_FIS α=0.5, w′h=12.7 1.000 0.868 0.000 0.132  1.000 0.857 0.000 0.143 

RC_FES α=6.9, w′h=15.5 1.000 0.843 0.000 0.157  1.000 0.843 0.000 0.157 
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Figure 1 Correlation plot of all features and two targets of WE. coli_L1, and WE. coli_L126 
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Figure 2 PCA-biplot of all the features. Dim 1 and Dim 2 are along x and y axis, respectively  
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Figure 3 Best models for both targets of WE. coli_L1, and WE. coli_L126 
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Figure 4 eCFDs of all the features in FIS and FES plus TDS for WE. coli_L1 
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Figure 5 eCFDs of all the features in FIS and FES plus RH for WE. coli_L126 
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Appendix A. Supplementary material 

Figure S_1 eCFDs of salinity, conductivity, d50, Wtemp, and h separated by of violated and non-violated 

samples for WE. coli_L1 
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Figure S_2 eCFDs of Salinity, TDS, d50, Atemp, and *  separated by of violated and non-violated 

samples for WE. coli_L126 

 

 

 

 

 

 

 




