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ABSTRACT 

The feasibility of monitoring open-channel water systems as an early warning of the 

accidental or intentional release of biological agents was investigated. Critical steps in 

this study included (i) evaluation of the quantity of pathogens that would be released into 

the sewer system, (ii) how these organisms would be distributed in an open-channel 

system (accounting for dilution and dispersion), and (iii) how well they could be 

predicted at downstream locations. We developed and examined prediction models using 

computational tools such as CFD (Computational Fluid Dynamics) and ANNs (Artificial 

Neural Networks) for water collection systems though analyses of the collected data. The 

models were designed (i) to forecast microbial dispersion patterns in each system, (ii) to 

estimate dispersion time, and (iii) to recommend detection methods, sampling frequencies, 

and sampling locations. Based on a series of field experiments, those computational 

models which proved effective were designed to provide us with an impetus to establish 

an optimization technique for real-world situations. Field experiments and numerical 

simulation data were essential to evaluate the validity of the developed model. The use of 

ANNs for spatial and temporal identification of biological agents was conducted based on 

the particular characteristics resulting from pH, turbidity, and conductivity data 

corresponding to E. coli concentration over time. Overall, the simulation results for the 

two specific purposes of using ANNs, parameter estimation and feature classification, 

were highly satisfied (R2 = 0.77-0.96). It was concluded that ANNs could effectively be 

used for multiple tasks, such as prediction of the dispersion patterns of E. coli using its 

surrogates. In addition, various characteristics of the time-series concentration of E. coli, 
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flow rate, inlet position, distance from an outlet, etc., were well considered in order to 

classify the release location and concentration. 
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INTRODUCTION 

1. Early warning systems for emerging waterborne pathogens 

Infectious water-related diseases have repeatedly altered the course of human history. 

Past studies have confirmed that water-related diseases not only remain a leading cause 

of morbidity and mortality worldwide, but that the spectrum of disease is expanding, and 

the incidence of many water-related microbial diseases is increasing (American Dietetic 

Association, 2003; Gajadhar and Allen, 2004; WHO, 2005). Since 1970, new species of 

microorganisms which spread via human and animal feces and various environmental 

sources, including water, have been confirmed as pathogens. Examples include 

Cryptosporidium, Legionella, Escherichia coli O157:H7 (E. coli O157:H7), rotavirus, 

hepatitis E virus and norovirus (formerly Norwalk virus) (Gerba and Rose, 2005). 

According to a recent report by the U.S. Centers for Disease Control and Prevention 

(CDC), parasitic protozoa are reported to cause the greatest percentage of disease 

outbreaks, followed by bacteria and viruses among waterborne pathogens (Figure 1). In 

addition, it is noteworthy that the causes of almost 40% of waterborne disease outbreaks 

are undetermined (Water Quality and Health, 2003).  

Public concern about the safety of water facilities has continuously grown due not 

only to contaminants introduced accidentally or as the result of natural occurrences, but 

also as the result of intentional contamination acts. Therefore, the establishment of an 

early warning detection system for the prevention of infectious disease transmission 

remains a major task (Ostfeld, 2004). The goal of an early warning monitoring system is 
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to reliably identify low-probability, high-impact contamination events (chemical, 

microbial, and radioactive) in source water or distribution systems in time to allow for an 

effective local response that reduces or avoids entirely the adverse impacts that may 

result from such events (ILSI, 1999).  

Biological agents causing health-related risks range from naturally-occurring to 

human-oriented contaminants, which behave in a variety of ways as they migrate into 

water systems. In the case of urine and feces, pathogens can be released several times 

during a 24-hour period. These pathogens are almost always detected at some level in 

sewage for several reasons: i) long duration of release from the host during infection, ii) 

large concentrations released from the host, and iii) large numbers of asymptomatic 

infections (Gerba and Smith, 2005). In addition, sources of pathogens vary, from waste 

disposal processes and even indoor/outdoor sanitary activities (Mark et al., 1998; Choi et 

al., 2003). Therefore, this study proposes that a sewer network system can play a useful 

role in monitoring contaminants from various sources.  

Sewage surveillance systems have been used by several nations to determine the 

occurrence of wild-type (virulent) poliovirus in communities in order to assess the need 

for vaccination (Deshpande et al., 2003; Hovi et al., 2001; Pöyry et al., 1988). These 

surveillance programs have demonstrated greater sensitivity for detecting early stages of 

outbreaks than can be obtained through clinical disease detection in communities, and 

they have been used to monitor the spread of poliovirus from community to community 

(Choi et al., 2003). In addition, the Centers for Disease Control list of Category A, B, and 

C agents indictaed that all of them are released in urine, feces, or saliva during infection 
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in quantities that would be detectable by existing technologies (CDC, 2002). Moreover, a 

study by Hoglund et al. (1998) showed that 108 infectious viruses released from one 

infected person could be detected over a four-day period, indicating the feasibility of 

sewers as monitoring systems.  

Improved methods of surveillance, recent epidemiological studies, and the 

continuous development of more advanced methods of diagnosis have allowed detection 

of new pathogenic species of microorganisms and association of a known microorganism 

with a new or atypical sets of disease symptoms (WHO, 2003). However, there are many 

potential catastrophic threats to water systems, including natural and recurring events, 

anthropogenic-related events, and even intentional acts of sabotage (ILSI, 1999). 

Therefore, the development and implementation of early warning systems can be costly 

and labor-intensive. Additionally, early warning systems for some contamination events 

and types may not be readily available. Because of the costs involved in the 

implementation of monitoring systems, the use of validated models for predicting the fate 

and transport of contaminants has become significant.  

2. Microbial sewer water quality modeling: MOUSE  

While microbial water quality models have become widely used for water 

distribution systems, relatively little research has been undertaken on the modeling of 

wastewater (sanitary flow) discharge from domestic (residential, commercial, and 

industrial) sites. The reason is that wastewater conveyance in sewers involves multiple 

aspects such as, solids suspended in water, water, biofilms, sewer sediments, and sewer 

atmosphere, and sewer walls. There is a continuing exchange of relevant substances 
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among these aspects (Hvitved-Jacobsen, 2002). Clemens (2001) defined the processes 

which need to be taken into account in order to properly describe the dynamic 

quantitative and qualitative interactions between the sewer system and the wastewater 

treatment plant (Table 1). Thus, it is not easy to deal with all of these aspects, and the fact 

that the majority of data available has been collected only at the inlet and outlet of 

wastewater treatment plants makes it more difficult to develop accurate and advanced 

models (Butler et al., 1995).  

Ongoing researches to develop mathematical models typically have two 

components: a hydraulic model that predicts the hydraulic driving forces, e.g., flow, 

velocity, and stage; and a water quality model that, given the hydraulic driving forces, 

predicts the movement and fate of contaminants in the system (Grayman, 1999). A 

number of models have been presented during the past decades, for examples, Flupol®, 

SEWSIM®, HYPOCRAS®, SIMBA-SEWER®, HORUS®, SWMM®, Thalia®, Mosquito®, 

Hydroworks-QM®, and MOUSE TRAP® (Bertrand-Krajewski, 1992; Bujon et al., 1992; 

Risholt et al., 1998; Ruan and Wiggers, 1998; Zug et al., 1998a). 

With careful investigation through a preliminary study (validation against 

experimental data), MOUSE (Modeling Of Urban SEwers) was chosen for the present 

study. MOUSE is an advanced, powerful, and comprehensive surface runoff, open 

channel flow, pipe flow, water quality and sediment transport modeling package for 

urban drainage systems, storm water sewers and sanitary sewers. The MOUSE system is 

organized in several modules: MOUSE runoff, hydrodynamic network model (HD), 

advanced hydrological model (RDI), advanced reactive RTC capabilities (RTC), long-
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term hydraulic simulation (LTS), transport of pollutants (TRAP) with sub-modules, such 

as pollutants build-up and transport on catchments surfaces (SRQ), pollutants advection-

dispersion (AD), water quality processes (WQ), and sediment transport (ST) in drainage 

networks. This study applied the AD sub-module in TRAP module incorporated with HD 

module because sodium chloride (tracer study) and E. coli (microbial transport study) 

were considered as dissolved pollutants, which can be accomplished by AD and HD.  

The MOUSE Hydrodynamic Pipe Flow Model (HD) is a computational tool for 

simulations of unsteady flow in pipe networks with alternative free surface and 

pressurized flow conditions. The computation is based on an implicit, finite difference 

numerical solution of an 1-D, free surface flow, Saint Venant’s equation (Equation 1). 

The HD module has been designed to handle any type of pipe network systems with 

alternating free surface and pressurized flows as well as open channel networks. The 

equation determines the flow conditions (variation in water depth and flow rate) in a pipe 

or channel when they are solved with respect to proper initial and boundary conditions.  

( )fIIgA
x
ygA

x
A

Q

A
Q

−=
∂
∂

+
∂

⎟⎟
⎠

⎞
⎜⎜
⎝

⎛
∂

+
∂
∂

0

2

α
                                      (1) 

where  

Q  = discharge [m3 s-1],  

A  = flow area [m2],  

y  = flow depth [m],  

g  = acceleration of gravity [m s-2],  

x  = distance in the flow direction [m],  
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t  = time [s],  

α  = velocity distribution coefficient,  

0I  = bottom slope, and  

fI  = friction slope. 

The transport of dissolved substances is traditionally described by the advection-

dispersion equation. This equation describes the one-dimensional mass-conservative 

transport of dissolved material. The one-dimensional, vertically-integrated equation for 

the conservation of mass of a substance in solution is given as Equation (2). The 

advection-dispersion (AD) equation needs input data from a hydrodynamic model in 

terms of water levels and discharges (Schlütter, 1999).  

 

( ) qCCKA
x
T

t
AC

s ⋅+⋅⋅−=
∂
∂

+
∂

∂                                          (2) 

where 

C  = the concentration [arbitrary unit],  

A  = the area of the cross-section [m2],  

T  = the transport,  

K  = the linear decay coefficient [s-1],  

sC  = the source/sink concentration,  

q  = the lateral inflow [m2 s-1],  

x  = the space coordinate [m], and  

t  = the time coordinate [s]. 
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3. Identification of the contaminant source location 

A carefully calibrated numerical tool can generate necessary data, such as spatial 

and temporal dispersion of a contaminant throughout the systems. This information can 

then be inversely used to obtain other information, such as the contaminant’s release 

location and time-release history. If source locations and release time at a site are 

identified, reconstruction of the spread of contaminant spills can be evaluated and the 

remediation system design and risk assessment studies can be completed within a short 

period of time (Atmadja and Bagtzoglou, 2001). 

There has been growing interest in techniques aimed at identifying sources of 

environmental contaminants over the past few years. The ability to conclusively identify 

the source of observed contamination cannot only help in the remediation process, but 

can be critical to the identification of responsible parties. One of the methods currently 

available for contaminant source identification is the inverse method, which is based on 

analyzing the contamination distribution. This method uses modeling and statistical tools 

to determine either the prior location of observed contamination or the release history 

from a known source (Hensel, 1991; Ala and Domenico, 1992; Liu and Ball, 1999; 

Mahar and Datta, 2000).  

Numerous studies related to identification of the pollutant source have been 

conducted for groundwater systems. For example, nonlinear maximum likelihood 

estimation, least squares regression and linear programming techniques, statistical pattern 

recognition, and the response matrix approach were used to identify a pollution source 

term and aquifer parameters (Gorelick et al., 1983; Wagner, 1992; Aral and Guan, 1996). 
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The identification of a contaminant source has not always been successful because there 

are uncertainties in contaminant concentration estimates, release history, and release 

location due to the natural complexity and nonlinearity of water systems.  

4. Application of Artificial Neural Networks 

To date, there have been numerous articles that extolled the virtues of Artificial 

Neural Networks as computational tools as compared to conventional techniques 

(Basheer and Hajmeer, 2000; Water Science and Technology Library, 2000). The 

implementation of ANNs has proved useful in many areas of science and technology 

such as engineering, microbiology, biology, and cognitive sciences (Caudill and Butler, 

1990; Maier and Dandy, 2000). The attractiveness of ANNs comes from the remarkable 

information processing characteristics of the biological system, such as nonlinearity, high 

parallelism, robustness, fault and failure tolerance, learning, ability to handle imprecise 

and fuzzy information, and their capability to generalize (Jain et al., 1996). Particularly, 

the applications of ANNs in studies of microbiology have been extensive (Hajmeer et al., 

1997; Brion and Lingireddy. 2003; Neelakantan et al., 2001; Jeyamkonda et al., 2001; 

Brion et al., 2004). Figure 2 describes the main steps in ANNs computation. 

4.1. Parameter (function) estimation 

Parameter estimation involves training ANNs on input-output data so as to 

approximate the underlying rules relating the input variables to the output variables. 

Multilayer ANNs are considered universal approximators that can approximate any 

arbitrary function to a chosen degree of accuracy (Hecht-Nielsen, 1990), and thus are 
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normally used in this application. Function estimation is applied to problems (i) where no 

theoretical model is available, i.e., data obtained from experiments or observations are 

utilized, or (ii) as a substitute for theoretical models that are hard to compute analytically 

by utilizing data obtained from such model. Examples from this category are numerous in 

microbiology, e.g., predicting microbial growth (Geeraerd et al., 1998; Hajmeer et al., 

1996). Multiple interrelated water quality and quantity parameters (turbidity, pH, etc.) 

were used to estimate target microorganisms, e.g., Cryptosporidium oocysts (Brion et al., 

2001) 

4.2. Pattern recognition 

Pattern classification deals with assigning an unknown input pattern, using 

supervised learning, to one of several pre-specified classes based on one or more 

properties that characterize a given class, as shown in Figure 3. Classification 

applications in microbiology include classification of commodities based on their 

microbiological characteristics (Jonsson et al., 1997), and characterization of 

microorganisms using pyrolysis-mass spectrometry data (Chun et al., 1993b). Unlike 

discriminant analysis in statistics, ANNs do not require the linearity assumption and can 

be applied to nonlinearly-separable classes (Garth et al., 1996). 

4.3. Backpropagation (BP) 

This algorithm is the most widely used type of network in ANNs. A 

backpropagation (BP) network is a multi-layer perceptron consisting of: (i) an input layer 

with nodes representing input variables to the problem, (ii) an output layer with nodes 
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representing the dependent variables (i.e., what is being modeled), and (iii) one or more 

hidden layers containing nodes to help capture non-linearity in the data. Using supervised 

learning (instructed by given output), these networks can “learn” and apply the mapping 

from one data space to another using examples.  

Backpropagation is based on searching an error surface (an error as a function of 

ANN weights) using a gradient descent for points with a minimum error. The term 

“backpropagation” refers to the way the error computed at the output side is propagated 

backward from the output layer. In its most common configuration, the backpropagation 

network has three layers: an input layer, a hidden layer, and an output layer (Figure 4).  

The first (input) layer consists of n1 nodes, each of which receives one of the input 

variables. The intermediate (hidden) layer consists of nH nodes, each of which computes a 

non-linear transformation, as described below (Equation 3 and 4). The third (output) layer 

consists of no nodes, each of which computes a desired output. The mathematical form of 

each layer is given by: 

( )⎟⎟
⎠
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⎝
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kjk tywftz

0
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where xi(t) is the input to node i of the input layer, yj(t) is the quantity computed by 

node j of the hidden layer, and zk(t) is the output computed by node k of the output layer. 

The model has two sets of adjustable “weights”: wh
ji controls the strength of the 

connection between input node i and hidden node j, and wo
kj controls the strength of the 
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connection between hidden node j and output node k. The activation function, f, is usually 

selected to be a continuous and bounded nonlinear transfer function; the sigmoid 

(logistic) and hyperbolic tangent functions are most commonly used: 

Sigmoid function:            ( )
jSj

e
sf

−+
=

1
1                                      (5) 

Hyperbolic tangent function:   ( ) ( )
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j
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e
essf 2

2

1
1tanh

−

−

+

−
==                       (6) 

where sj  [∈ - , ]. Note that ∝ ∝ f(sj) is bounded by (0, 1) for the sigmoidal function 

and on (-1, 1) for hyperbolic tangent function (Maier and Dandy, 2000).  

4.4. Generalized Regression Neural Network (GRNN) 

The Generalized Regression Neural Network (GRNN) was originally proposed and 

developed by Specht (1991). A GRNN computes its output using a variation of the 

“nearest-neighbor” approach. The forecast for an input vector X is the weighted average 

of the outputs in the training sample. The closer an input vector in the training sample is 

to X, the larger the weight of its corresponding output vector (Marquez and Hill, 1993). 

Equation (7) summarizes the GRNN logic in an equivalent nonlinear regression formula: 

[ ]
( )

( )∫
∫

∞

∞−

∞

∞−=
dyyXf

dyyXyf
XyE

,

,
|                                                (7) 

where y is the output predicted by GRNN, X the input vector (x1, x2, …, xn) which 

consists of n predictor variables, E[y|X] is the expected value of the output y given an 

input vector X, and f(X, y) is the joint probability density function of X and y. 
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The GRNN consists of four layers, including the input, pattern, summation, and 

output layers (Figure 5). Each input unit in the input layer corresponds to an individual 

process parameter. The input layer is fully connected to the second pattern layer, where 

each unit represents a training pattern and its output is a measure of the distance of the 

input from the stored patterns. Each pattern layer is connected to the two neurons in the 

summation layer: Sj (numerator) and Sd (denominator) (Tsoukalas and Uhrig, 1997). 

A typical pattern neuron, i, obtains the data from the input neurons and computes an 

output, θi, using the transfer function of the multivariate Gaussian function (Equation 8); 

( ) ( ){ }22'exp σθ iii UXUX −−−=                                         (8) 

where X is the input vector of predictor variables to GRNN, Ui is the specific 

training vector represented by pattern neuron i, and σ is the smoothing parameters. The 

outputs of the pattern neurons are then forwarded to the third layer of processing units, 

summation neurons, where the outputs from all pattern neurons are augmented. 

Technically, there are two types of summations, simple arithmetic summations and 

weighted summations, performed in the summation neurons. In GRNN topology, these 

are separate processing units which carry out the simple arithmetic summations and the 

weighted summations shown in Equation (9).  

∑=
i

idS θ  and ∑=
i

iijj wS θ                                            (9) 

After that, the sums calculated by the summation neurons are subsequently sent to 

the fourth layer of the processing unit, the output neuron. The output neuron then 

performs the following division to obtain the GRNN regression output y: 
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PRESENT STUDY 

Waterborne disease outbreaks have continuously increased public concern and 

federal/private health officials (agencies) have contributed tremendous time, effort, and 

funding towards protecting water infrastructures against any type of hazardous 

contaminants for many years (D'Antonio et al., 1985; Lisle and Rose, 1995; Smith et al., 

1989; Richardson et al., 1991; Roefer et al., 1995). Nevertheless, the National Research 

Council has reported on the key vulnerabilities of water systems and has given 

recommendations for urgent research and development projects (GAO, 2004).  

After the tragedy of 9/11, there is certainly an impetus to establish an early warning 

system for detecting contaminants in the environment (air, water and soil) and develop 

sensors. Its role includes: (1) integrating such a system, (2) deploying the monitoring 

technology, (3) analyzing/interpreting the results, and (4) utilizing them to make 

decisions that protect public health (Hasan et al., 2004). The key elements of an effective 

early warning system are to monitor/detect potential contaminants in real-time, to 

accurately predict the movement of contaminants throughout the system, and to 

efficiently identify the source location and release time of contaminants to effectively 

minimize contamination risks. Reports from the Milwaukee case noted that the water was 

contaminated for at least two weeks before oocysts were identified in stool samples. 

Treatment of this contaminated water was delayed because the vast majority of ill people 

(with symptoms of diarrhea) did not seek health care. In addition, the lack of advanced 
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technology for rapid detection and the insensitivity of testing devices caused delays and 

thus increased public health risks (MacKenzie et al., 1994).  

The reliable detection of contaminants in water systems and the design of efficient 

and effective techniques to mitigate these problems require the capability to predict the 

behavior of contaminants in water systems. This is, however, a challenging task due to 

the complex nature of contaminants, environmental media (air, water, and soil) and the 

limitation of current detection technologies. 

If properly designed and calibrated, a mathematical model can help estimate spatial 

and temporal distribution of contaminants, predict the time of arrival of a given 

contaminant spill at a given location, as well as give an estimate of the concentration to 

be expected at a specific location throughout the system. This information can then be 

used as a benchmark to determine any unexpected concentration events and also identify 

the contaminant source location. If source locations and release histories at a site are 

determined, isolation of contaminated area to prevent further contamination may be 

possible within a short period of time. In addition, public health risks can be assessed and 

minimized. The present study proposes a sewer system as a potential monitoring system 

because biological agents causing illness often find their way into sewage systems during 

the process of waste elimination (toilet flushing) and indoor cleaning (bathing, hand 

washing, etc.) (Decker, 1990; Choi et al., 2003). 

Therefore, the main objective of this study was to develop a decision-support model 

in the event of significant microbial disturbance in sewer systems. A scale model of a 
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water system was constructed and a series of transport experiments were conducted to 

meet the study need. The specific objectives of the present study are as follows: 

1. To assess numerical approaches to predict microbial transport patterns via 

experimental verification, and discover their potentials as design and decision-support 

tools. 

2. To characterize transport patterns and classify them so as to recognize their spatial 

variations.   

3. To apply these classified patterns inversely to a certain concentration profile with 

unknown source information and identify its release time and location. 

4. To apply and evaluate the potential usefulness of the proposed methodology in a 

real sewer system and consider its application to future research. 

 



 

 

29

REFERENCES 

Ala, N. K., and P. A. Domenico. 1992. Inverse analytical techniques applied to 
coincident contaminant distributions at Otis Air Force Base, Massachusetts. 
Ground Water. 32: 212-218. 

American Dietetic Association. 2003. Position of the American Dietetic Association: 
Food and water safety. Journal of the American Dietetic Association. 103(9): 
1203-1218.  

Aral, M. M., and J. Guan, 1996. Genetic algorithms in search of groundwater pollution 
sources, advances in groundwater pollution control and remediation. ed. M. M. 
Aral. Vol. 9. Dordrecht, The Netherlands: Kluwer. 

Atmadja, J., and A. C. Bagtzoglou. 2001. State of the Art Report on Mathematical 
Methods for Groundwater Pollution Source Identification. Environmental 
Forensics. 2(3): 205-214. 

Basheer, I. A., and M. Hajmeer. 2000. Artificial neural networks: fundamentals, 
computing, design, and application. Journal of Microbiological Methods. 43: 3-31. 

Bertrand-Krajewski, J. L. 1992. A model for solid production and transport for small 
urban catchments: Preliminary results. Water Science and Technology. 25(8): 29-
35. 

Brion, G. M., T. R. Neelakantan, and S. Lingireddy. 2001. Using neural networks to 
predict peak Cryptosporidium concentrations. Journal of AWWA. 93(1): 99-105.  

Brion, G., and S. Lingeriddy. 2003. Artificial neural network modeling: a summary of 
successful applications relative to microbial water quality. Water Science and 
Technology. 47(3): 235-240. 

Brion, G., S. Lingeriddy, T. R. Neelakantan, M. Wang, R. Girones, D. Lees, A. Allard, 
and A. Vantarakis. 2004. Probing Norwalk-like virus presence in shellfish, using 
artificial neural networks. Water Science and Technology. 50(1): 125-129. 

Bujon, G., L. Herremans, and L. Phan. 1992. Flupol: A forecasting model for flow and 
pollutant discharge from sewage systems during rainfall events. Water Science 
and Technology. 25(8): 207-215. 

Butler, D., E. Friedler, and K. Gatt. 1995. Characterizing the quantity and quality of 
domestic wastewater inflows. Water Science and Technology. 31(7): 13-24. 

Caudill, M., and C. Butler. 1990. Naturally Intelligent Systems. Cambridge: MIT Press. 



 

 

30

Centers for Disease Control and Prevention (CDC). 2002. Draft framework for evaluating 
syndromic surveillance systems for bioterrorism preparedness. Available at: URL: 
http:// www.cdc.gov/epo/dphsi/phs/syndromic.htm. Accessed 01 June 2005. 

Choi, C. Y., C. P. Gerba, and M. Riley. 2003. Environmental Dispersion of Biological 
Agents in Sewer Systems. DARPA Project No. 806345617. 

Chun, J., E. Atalan, A. C. Ward, M. Goodfellow. 1993b. Artificial neural network 
analysis of pyrolysis mass spectrometric data in the identification of Streptomyces 
strains. FEMs Microbiology Letters. 107: 321-325. 

Clemens, F. H. L. R. 2001. Hydrodynamic models in urban drainage: application and 
calibration. PhD. diss. Delft University of Technology, Delft. 

D'Antonio, R. G., R. E. Winn, J. P. Taylor, T. L. Gustafson, W. L. Current, M. M. 
Rhodes, G. W. Gary Jr., and R. A. Zajac. 1985. A waterborne outbreak of 
cryptosporidiosis in normal hosts. Annals Internal Medicine. 103: 886-888.  

Decker, R. G. 1990. Sewer line collapse at Prince and Oracle or how not to spend Labor 
Day weekend, PE; Pima County Wastewater Management Department. 

Deshpande, J. M., S. J. Shetty, and Z. A. Siddiqui. 2003. Environmental Surveillance 
System to Track Wild Poliovirus Transmission. Applied and Environmental 
Microbiology. 69(5): 2919-2927. 

Gajadhar, A. A., and J. R. Allen. 2004. Factors contributing to the public health and 
economic importance of waterborne zoonotic parasites, Veterinary Parasitology, 
126(1-2): 3-14. 

Garth, A. D. N., D. K. Rollins, J. Zhu, and V. C. P. Chen. 1996. Evaluation of model 
discrimination techniques in artificial neural networks with application to grain 
drying. In: Dagli C. H. et al. (Eds.). Artificial Neural Networks in Engineering, 
ANNIE, Vol. 6, pp. 939-950. 

Geeraerd, A. H., C. H. Herremans, C. Cenens, J. F. Van Impe. 1998. Application of 
artificial neural networks as a nonlinear modular modeling technique to describe 
bacterial growth in chilled food products. International Journal of Food 
Microbiology. 44: 49-68. 

Gerba, C. P., and J. E. Smith, Jr. 2005. Sources of Pathogenic Microorganisms and Their 
Fate during Land Application of Wastes. Journal of Environmental Quality. 34: 
42-48. 

Gerba, C. P., and J. B. Rose. 2005. International guidelines for water recycling: 
microbiological considerations. Water Science and Technology. 3(4): 311-316. 



 

 

31

Gorelick, S. M., B. Evans, and I. Remson. 1983. Identifying sources of groundwater 
pollution: An optimization approach. Water Resources Research. 19(3): 779-790. 

Grayman, W. M. 1999. The Role of Modeling in Early Warning Systems. Workshop on 
Early Warning Monitoring to Detect Hazardous Events in Water Supplies. Reston, 
Virginia. 

Hajmeer, M. N., I. A., Basheer, Y. M.  Najjar. 1996. The growth of Escherichia coli 
O157:H7 – a backpropagation neural network approach. In: Dagli, C. H. et al. 
(Eds.). Proc. of ANNIE’96 – Intelligent Engineering Systems Through Artificial 
Neural Networks. ASME Press. Pp. 635-640. 

Hajmeer, M. N., I. A. Basheer, and Y. M. Najjar. 1997. Computational neural networks 
for predictive microbiology. II. Application to microbial growth. International 
Journal of Food Microbiology. 34: 51-66.  

Hasan, J., S. States, and R. Deininger. 2004. Safeguarding the security of public water 
supplies using early warning systems: a brief review. Journal of contemporary 
water research and education. 129: 27-33 

Hecht-Nielsen, R. 1990. Neurocomputing. Addison-Wesley, Reading, MA. 

Hensel, E. 1991. Inverse theory and application for engineers. Englewood Cliffs, New 
Jersey, Prentice-Hall. 

Hoglund, C., T. A. Stenstrom, J. Jonsson, and A. Sundin. 1998. Evaluation of Faecal 
contamination and microbial die-off in urine separating sewage systems. Water 
Science and Technology. 38(6): 17-25. 

Hovi, T., M. Stenvik, H. Partanen, and A. Kangas. 2001. Poliovirus surveillance by 
examining sewage specimens. Quantitative recovery of virus after introduction 
into sewage at remote upstream location. Epidemiology Infection. 127:101-106. 

Hvitved-Jacobsen, T. 2002. Sewer processes: microbial and chemical process 
engineering of sewer network. CRC Press. 

International Life Sciences Institute (ILSI). 1999. Early Warning Monitoring to Detect 
Hazardous Events in Water Supplies. ed. Thomas M. Brosnan. An ILSI Risk 
Science Institute Workshop Report. 

Jain, A. K., J. Mao, and K. M. Mohiuddin. 1996. Artificial neural networks: a tutorial. 
Institute of Electrical and Electronics Engineers. 31-44. 



 

 

32

Jeyamkonda, S., D. S. Jaya, and R. A. Holle. 2001. Microbial growth modeling with 
artificial neural networks. International Journal of Food Microbiology. 64(3): 
343-354. 

Jonsson, A., F. Winquist, J. Schunrer, J. Sundgren, and I. Lundston. 1997. Electronic 
nose for microbial classification of grains. International Journal of Food 
Microbiology. 35: 187-193. 

Lisle, J. T., and J. B. Rose. 1995. Cryptosporidium contamination of water in the USA 
and UK: a mini-review. Journal of Water Supply: Research & Technology - 
AQUA. 44(3): 103-117.  

Liu, C., and W. P. Ball. 1999. Application of inverse methods to contaminant source 
identification from aquitard diffusion profiles at Dover AFB, Delaware. Water 
Resources Research. 35(7): 1975-1985. 

MacKenzie, W. R., N. J. Hoxie, M. E. Proctor, M. S. Gradus, K. A. Blair, D. E. Peterson, 
J. J. Kazmierczak, D. G. Addiss, K. R. Fox, J. B. Rose, and J. P. Davis. 1994. A 
massive outbreak in Milwaukee of Cryptosporidium infection transmitted through 
the public water supply. The New England Journal of Medicine. 331: 161-167. 

Mahar, P. S., and B. Datta. 2000. Identification of pollution sources in transient 
groundwater systems. Water Research Management. 14(3): 209-227. 

Maier, H. R., and G. C. Dandy. 2000. Neural networks for the prediction and forecasting 
of water resources variables: a review of modeling issues and applications. 
Environmental Modeling & Software. 15:101-124. 

Mark, O., T. VanKalken, F. Rabbi, and B. Albinsson. 1998. Risk analyses for sewer 
system based on numerical modeling and GIS. Safety science. 30: 99-106. 

Marquez, L., and T. Hill. 1993. Function approximation using backpropagation and 
general regression neural network. Proc. of the Twenty-Sixth Annual Hawaii 
International conference on System Science. 4: 607-615. 

Neelakantan, T. R., G. Brion, and S. Lingireddy. 2001. Neural network modeling of 
Cryptosporidium and Giardia concentrations in the Delaware River, USA. Water 
Science Technology. 43(12): 125-132. 

Ostfeld, A. 2004. Optimal Layout of Early Warning Detection Stations for Water 
Distribution Systems Security. Journal of Water Resources Planning and 
Management. 130(5): 377-385. 



 

 

33

Pöyry, T., M. Stenvik, and T. Hovi. 1988. Viruses in sewage waters during and after 
poliomyelitis outbreak and subsequent nationwide oral poliovirus vaccination 
campaign in Finland. Applied Environmental Microbiology. 30:212-222. 

Richardson, A. J., R. A. Frankenberg, A. C. Buck, J. B. Selkon, J. S. Colborne, J. W. 
Parsons, and R. T. Mayon-White. 1991. An outbreak of cryptosporidiosis in 
Swindon and Oxfordshire. Epidemiologic Infection. 107: 485-495. 

Risholt, L. P., W. Schilling, and J. Alex. 1998. Open modeling system for integrated 
simulation of sewage and treatment processes. 3rd International conference of On 
Innovative Technologies in Urban Storm Drainage. pp. 147-154. 
NOVATECH’98, Lyon, France. 

Roefer, P., J. Monscvitz, and D. J. Rexing. 1995. The Las Vegas Cryptosporidium 
experience. Proc. of AWWA Water Quality Technology Conference. pp. 2243-
2262. 

Ruan, M. and J. B. M. Wiggers. 1998. A conceptual CSO emission model: Sewsim. 
Water Science and Technology. 37(1): 259-267. 

Schlütter, F. 1999. Numerical Modeling of Sediment Transport in Combined Sewer 
Systems. PhD. diss. Hydraulics & Coastal Engineering Group. Department of 
Civil Engineering. Aalborg University. 

Smith, H. V., W. J. Patterson, R. Hardie, L. A. Greene, C. Benton, W. Tulloch, R. A. 
Gilmour, R. W. A. Girdwood, J. C. M. Sharp, and G. I. Forbes. 1989. An outbreak 
of waterborne cryptosporidiosis caused by post-treatment contamination. 
Epidemiologic Infection. 103: 703-715.  

Specht, D. F. 1991. A generalized regression neural network. IEEE Transactions on 
Neural Networks. 2(6): 568-576. 

Tsoukalas, L. H., and R. E. Uhrig. 1997. Fuzzy and Neural Approaches in Engineering. 
John Wiley & Sons, Inc., New York, NY. 

United States General Accounting Office (GAO). 2004. Critical Infrastructure 
Protection. Challenges and Efforts to Secure Control Systems. Information 
Security Issues.  

Wagner, B. J. 1992. Simultaneous parameter estimation and contaminant source 
characterization for coupled groundwater flow and contaminant transport 
modeling. Journal of Hydrology. 135: 275-303. 



 

 

34

Water Quality and Health. 2003. U. S. Waterborne Disease Statistics 1991 – 2000. 
Available at: http://www.waterandhealth.org/newsletter/new/spring_2003/ 
waterborne.html. Accessed May 1, 2005. 

Water Science and Technology Library. 2000. Artificial Neural Networks in Hydrology. 
eds. R.S. Govindaraju and A. Ramachandra Rao. Dordrecht, The Netherlands: 
Kluwer Academic Publishers. 

World Health Organization (WHO). 2003. Global defense against the infectious disease 
threat, ed. Kindhauser, M. K. Geneva. 

World Health Organization (WHO). 2005. Regional office for the Western pacific, Water, 
sanitation and hygiene. Available at: http://www.wpro.who.int/health_ topics/ 
water_sanitation_ and_hygiene/general_info.htm. Accessed 15 June 2005. 

Zug, M., D. Bellefleur, L. Phan, and O. Scrivener. 1998a. Sediment transport model in 
sewer networks – a new utilization of the Velikanov model. Water Science and 
Technology. 37(1): 187-196. 

 



 

 

35

Table 1. Sewer processes and their role in interactions between sewers and wastewater 

treatment plants (Clemens, 2001). 

 

Process Parameter affected 
(indicative fraction size) 

Necessary to 
consider 

Hydrodynamics Flow Yes 

Mixing All fractions Yes 

Advection-dispersion Soluble fractions/ suspended 
fractions (<63µm) Yes 

Biotransformation (biofilm) Biodegradable fractions Only in special 
cases 

Sedimentation/resuspension Suspended/settleable 
fractions (63 µm – 100 µm) Probably 

Sediment transport (includes 
erosion, deposition & 
composition) 

Sediment fraction (> 100 µm) No 
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Figure 1. Causes of Waterborne Disease Outbreaks in the U.S. (1991-2000) (Water 

Quality and Health, 2003).  
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Figure 2. Main computation steps of Artificial Neural Networks (ANNs).  

Selection of input and output variables

Collecting and preprocessing data 

Designing an ANN 

Training and cross-training 

Model validation 
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Figure 3. Pattern recognition problem solved by ANNs. There are five classifiers and 

each symbol belong to its classifier; for example, open triangles are classified as class III. 
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Figure 4. Multilayer perceptron, Backpropagation, showing input, hidden, and output 

layers and processing elements (PEs; circles) with feedforward computations. 
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Figure 5. A neural network of Generalized Regresion Neural Network (GRNN) with four 

layers: input, pattern, summation, and output layers.  
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ABSTRACT 

Two approaches, a physically-based model (Modeling Of Urban SEwers, MOUSE) 

and a data-driven model (based on an Artificial Neural Network, or ANN) were 

examined to predict the microbial fate and transport of pathogens in open channel 

systems. A series of experiments were conducted at the laboratory scale using a piping 

system to produce reliable data for evaluating both models. Escherichia colis15597 (E. 

coli 15597), a fecal coliform bacterium, was used as an indicator of the microbial quality 

of water. Morphological (pipe size, link length, slope, etc.) and hydraulic (flow rate) 

conditions and water quality parameters (conductivity, pH and turbidity) were used as 

input variables for the MOUSE and ANN systems, respectively. The differences in the 

between the experimental and model data for time-variable concentrations of E. coli at a 

defined location downstream of the injection site were compared. It was concluded that 

the performance of the MOUSE and ANN systems were not significantly different, with 

the exception of one case at low flow rate. The results indicated that these two different 

modeling approaches could be utilized complementarily to produce a decision-making 

package (ANN) with the aid of a channel flow modeling tool (MOUSE). 
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1. INTRODUCTION 

In recent years, several studies have attempted to establish a system that can monitor 

for and control against the accidental or intentional release of biological agents (Brosnan, 

1999; Hasan et al., 2004; Ostfeld and Salomons, 2004). Reliable assessment of hazards or 

risks from the contamination of water systems and the design of efficient and effective 

techniques to mitigate these problems requires the capability to predict the behavior and 

survival of microbial contaminants in flowing water.  

Predictive water quality models are generally divided into two categories, those 

which are physically-based and those which are data-driven. The traditional flow 

modeling approach is often termed “physically-based modeling” (or “knowledge-driven 

modeling”) because these models aim to explain the underlying processes behind water 

quality and flow. In contrast, data-driven models are based on a limited knowledge of the 

modeling process and rely on data to describe input and output characteristics 

(Solomatine, 2002). 

MOUSE, one example of a physically-based model, is a comprehensive surface 

runoff, open channel flow, pipe flow, water quality and sediment transport modeling 

package for urban drainage systems, storm water sewers, and sanitary sewers (Garsdal et 

al., 1995; Roysted et al., 1999). MOUSE combines complex hydrology, hydraulics, water 

quality, and sediment transport in a complete, user-friendly graphical interface. MOUSE 

logically systematizes input data into a number of groups that reflect their character, such 

as configuration data (nodes, links, etc.) and operation data. Data files include the 

drainage system network, which incorporates configuration data (nodes, links, weirs, 
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pumps, orifices, cross-sections, etc.) and operational data related to the real time control 

(RTC) of weirs, gates and pumps, and hydraulic data. As part of the input for the 

computation, these parameters describe (DHI, 2003): 

 (i) flow rate and hydraulic head (Q-H) relations in outlets, 

 (ii) Manning numbers for pipes, 

 (iii) node outlet head losses, 

 (iv) flow regulation, etc. 

Although physically-based models are more widely applicable, all underlying 

physical processes need to be known in order to develop useful models (Bhattacharya and 

Solomatine, 2000). The application of these models, however, is impeded by the large 

amount of specific data required, which are not readily available (Arnell, 1996; Kite et al., 

1996). In addition, physically-based models often can only approximate complicated real-

world situations. In many instances, physically-based models are calibrated based on 

collected data sets; the calibration processes are both time-consuming and costly. In 

addition, complete data sets are required for physically-based models to achieve the most 

desirable and accurate results (Gümrah et al., 2000).  

Some of the factors that have driven researchers to consider data-driven models 

include the nonlinear nature of the relationship between input variables and output results, 

availability of long historical records, and complexity of physically-based models. In 

contrast to physically-based models, data-driven models are able to make abstractions 

and generalizations regarding a process and often complement physically-based models 

(Hecht-Nielsen, 1991; Haykin, 1994). Data-driven modeling borrows methods from 
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various areas related to computational intelligence such as machine learning, data mining, 

oft computing, etc. (Solomatine, 2002). During the last decade, such models became 

popular due to the availability of data; specifically, Artificial Neural Networks (ANNs) 

appear to be the most popular modeling method.  

ANNs are information processing systems composed of many nonlinear, densely 

interconnected processing elements or neurons that are arranged in groups called layers. 

The basic structure of ANNs usually consists of three layers: the input layer, where the 

data are introduced to the network; the hidden layer(s), where the data are processed; and 

the output layer, where the results of given and processed input are produced. The 

interconnection between neurons is accomplished by using known inputs and outputs; 

ANNs are trained by presenting these inputs and outputs to them in an ordered manner. 

The strength of these interconnections is adjusted using an error convergence technique 

in such a manner that a desired output will be produced for a known pattern. The main 

advantage of the ANN approach over traditional methods is that it does not require 

complete information about the complex nature of an underlying process to be 

understood before the process can be explicitly described in mathematical forms 

(Sudheer et al., 2002). 

The objectives of the present study include:  

1) to investigate the selection of appropriate input and output parameters in MOUSE 

and ANN models,  

2) to evaluate their capabilities to predict microbial water quality, and  

3) to discover their potential usages for designing and decision-making tools. 
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A series of experiments were conducted to produce reliable data to evaluate the 

performance of these two models and to compare their capabilities in simulating 

microbial transport in open channel systems.  

2. MATERIALS AND METHODS 

2.1. Laboratory Field Study  

A scale model of a water system was constructed at the Agricultural Research 

Center of the University of Arizona in Tucson, AZ. This system was designed to generate 

experimental data sets that could then be used to validate the computational results. The 

connected main and sub-main (10.16 cm) were constructed from circular PVC pipes. A 

water-feeding pipe (5.08 cm and 1.27 cm) made from the same material was installed in 

the ground and connected to each inlet point. The overall slope of the system was 

uniformly set to 0.7% to create gravity-driven flow. The layout and geometry of a pipe 

system is described in Figure 1. The network includes five inlet nodes (four connecting 

nodes and one outlet). 

A full-featured software program, LoggerNet (Campbell Scientific Inc., Logan, 

Utah), was used to facilitate programming, communications, and data retrieval between 

the datalogger and a personal computer. Solenoid valves, controlled by a datalogger, 

generated steady-state flow patterns (= 31.56, 63.10, and 94.65 [cm3/s]) over time. Prior 

to the microbial transport study, a tracer test using sodium chloride (NaCl) was conducted 

to characterize the hydraulic and transport properties. Once the NaCl solution was 

injected into each inlet point, water samples were collected at the outlet at five-second 
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intervals and the NaCl concentration was measured with a CS547A-L conductivity (EC) 

probe (San Diego, CA). 

E. coli ATCC 15597 (Environmental Microbiology Laboratory, University of 

Arizona) was used as a fecal indicator bacterium in each experiment. To produce a higher 

concentration of E. coli, one loop out of TSA plate containing E. coli was inoculated into 

TSB and incubated over night. A total of 500mL of the E. coli suspension with a 

predefined concentration (≈ 108 [cfu/mL]) was individually injected into each inlet point 

(from inlet 1 through inlet 5). Continuous water sampling at the outlet was conducted 

over time, and samples were diluted and cultured onto plates of Eosin Methylene Blue 

Agar, Levin (EMB) using the spread plate method (American Public Health Association, 

1989). After an incubation period (overnight) at 35oC, each plate was counted to 

enumerate E. coli over time. Same water samples were used for pH and turbidity readings 

using a Corning 445 pH meter and HACH 2100AN turbidimeter (San Diego, CA), 

respectively. 

2.2. Physically-based model: MOUSE 

The MOUSE Hydrodynamic Pipe Flow Model (HD) is a computational tool for 

simulations of unsteady flow in pipe networks with alternative free surface and 

pressurized flow conditions. The computation is based on an implicit, finite difference 

numerical solution of 1-D, free surface flow, Saint Venant’s equation. Network data 

(nodes, links and outlet), hydraulic data (Manning numbers for pipes, node outlet head 

losses, flow regulation, etc.) and boundary conditions (time series of inlet flow rate) are 

part of the input parameters for the computation in an HD module. The physical 
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dimensions of each component, such as pipe diameter, length, slope, etc., which are 

required for the simulation were measured in the field and imported into MOUSE. 

The transport of dissolved substances is traditionally described by the advection-

dispersion (AD) equation. This equation describes the one-dimensional mass-

conservative transport of dissolved material.  

Temporal and spatial distributions of computed pipe flow discharges, water levels, 

and cross-sectional flow areas by MOUSE HD module provide the data to MOUSE AD 

sub-module in MOUSE TRAP. The advection-dispersion model needs boundary 

conditions at all external boundaries, which are initial E. coli and NaCl concentrations 

and flow rate conditions at each inlet point.  

The MOUSE TRAP Pipe Water Quality (WQ) Module works in conjunction with 

the Advection-Dispersion module, thereby providing many options for describing the 

reaction processes of a multi-compound system, including the survival of bacteria in 

water. Usually, the mortality rate of coliform organisms due to bacterial inactivation at 20 

oC in fresh water and darkness is estimated to be 0.8/day (Tomičić et al., 2001). However, 

the short length of our experimental setup (the longest length is 48.77 m) causes E. coli to 

travel rapidly (in less than three minutes) through the system. Therefore, any die-off due 

to environmental variations over time was excluded, and the transport of E. coli was 

computed only by the AD module, without considering the WQ module.  

Manning’s number was originally set as a default value (0.0125) for PVC pipes, and 

this value was adjusted to represent the pipe conditions (which were very smooth and 

clean). The number of computational nodes and the dispersion coefficient were 
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experimentally determined by matching simulated and measured E. coli concentration 

curves.  

On the output side, MOUSE utilizes a fully-featured presentation tool, MIKE View; 

this is a graphical user interface for complex hydrologic and hydraulic analyses. Water 

level, discharge, and water velocity through branches and time-series concentration of 

substances (E. coli and NaCl) were displayed through MIKE View.  

2.3. Data-driven Model: Artificial Neural Networks (ANNs) 

Parameter (function) estimation involves training ANNs on input-output data so as 

to approximate the underlying rules relating the inputs to the outputs. Multi-layer ANNs 

are considered “universal approximators” that can approximate any arbitrary function to 

any desired degree of accuracy, and thus were adopted in the present application. 

Function approximation is applied to problems (i) where no theoretical model is available, 

i.e., the data obtained from experiments or observations are utilized, or (ii) to substitute 

theoretical models that are difficult to compute analytically by utilizing data obtained 

from such models (Marquez and Hill, 1993).  

This study compares the performance of two types of neural networks in 

approximating functions. The first neural network model uses backpropagation (BP) to 

obtain its estimates, while the second uses a “nearest-neighbor” approach (Generalized 

Regression Neural Network; GRNN) to estimate its parameters. The unique approaches 

of these two models have been used in many applications, such as function estimation, 

pattern recognition, clustering, forecasting, optimization, association and control (Garth 
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et al., 1996; Goodacre et al., 1994; Geeraerd et al., 1998; Hajmeer et al., 2001; Pham, 

1994; Fu, 1995; Jain et al., 1996) 

The development of ANNs requires partitioning the parent database into two 

subsets: training and test. The training subset should include all the data belonging to the 

problem domain and is used in the training phase to update the weights of the network. 

The test subset is used during the learning processes to check the network response to 

untrained data (Basheer and Hajmeer, 2000). 

Each model, BP and GRNN, was created with NeuralWorks Professional II/PLUS 

(Carnegie, Pennsylvania) software, version 5.22, and the Neural Network Toolbox for 

MATLAB (Natick, Massachusetts) software, respectively. These packages allow users to 

develop their own models by providing different networks and control parameters. 

2.3.1. Backpropagation  

Backpropagation is based on searching an error surface (an error as a function of 

ANN weights) using a gradient descent for points with a minimum error, E (Equation 1). 
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E                                                 (1)                

where ( )ixy  and ( )ixŷ  represent the actual and the predicted values, respectively. The 

term “backpropagation” refers to the way the error computed at the output side is 

propagated backward from the output layer. In its most common configuration, the 

backpropagation network has three layers: an input layer, a hidden layer, and an output 

layer. Time series data for pH, turbidity and conductivity were fed into an input layer, 
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and corresponding E. coli concentrations were provided in an output layer  (Figure 2). 

The processing elements or neurons in each layer are either fully or partially 

interconnected. A weight is assigned to each connection between the neurons. Zero 

weight means there is no connection while a negative weight indicates that there is an 

inhibitory relationship between the neurons. A positive weight indicates that there is a 

relationship between the neurons; this weight will be adjusted to an optimum value after 

different iterations. 

When the neural group (i.e., a group of processing elements) is provided with data, 

the neurons in the first layer propagate the data through the network. Data to each neuron 

is then weighted, transmitted through the hidden layers, and processed as output. The 

output from the network is compared with the observed values and the weights are 

adjusted to make better predictions in a process called “learning”. This process enables 

the network to determine a set of weights that will make the best prediction (Lippmann, 

1987). 

Input (pH, turbidity and conductivity readings) – output data (E. coli concentration) 

within a uniform range (0 – 1) was normalized to prevent larger numbers from overriding 

smaller ones, and to prevent premature saturation of hidden nodes, which impedes the 

learning process. Because time-variant E. coli concentrations have exceptionally large 

range compared to pH, turbidity and conductivity values, the logarithm of data was taken 

prior to normalization. In initialized ANNs, the forward BP involves presenting the 

network with one training example. This starts at the input layer, where each input node 

(normalized conductivity, pH, and turbidity) transmits the value received forward to each 
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hidden node in the hidden layer. The collective effect on each of the hidden nodes is 

summed up by performing the dot product of all values of input nodes and their 

corresponding interconnection weights. Once the net effect at one hidden node is 

determined, the activation at that node is calculated using a transfer function (e.g., 

sigmoidal function) to yield an output. The amount of activation obtained represents the 

new signal that is to be transferred forward to the subsequent layer (e.g., either the hidden 

or the output layer).  

The same procedure for calculating the net effect is repeated for each hidden node. 

The net effects calculated at the output nodes are consequently transformed into 

activations using a transfer function. The activations calculated only at the output nodes 

represent the ANN solution of the input parameters fed into the system, which may 

deviate considerably from the target solution due to the arbitrarily selected 

interconnection weights. This procedure is performed repeatedly until the BP solution 

agrees with the target value (normalized logarithmic E. coli concentration values) within 

a pre-specified tolerance.  

Several factors are evaluated to achieve the best architectural performance for the 

neural network; these include the effects of a number of iterations; a number of hidden 

PEs (Processing Elements); a threshold function (linear, TanH, sigmoid, DNNA [Digital 

Neural Network Architecture], sine); and an update rule (Delta-rule, Normalize 

cumulative delta, Extended Delta-Bar-Delta, Quickpro, Maxpro, and Delta-bar-delta).  

Table 1 summarized the effects of each factor on the ANNs performance, and 

detailed information about each parameter (definition, function, range, etc.) is provided in 
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Basheer and Hajmeer (2000). The numbers of input and output PEs are usually fixed by 

the particular application by users, but the number of hidden PEs must be specified. 

Network performance can be considered a quadratic function of the number of hidden 

PEs; thus, a decrease in the number of PEs could result in increased performance, just as 

an increase could (Lapedes and Farber, 1988; German et al., 1992). “Learning” describes 

the way in which connecting the weights are updated to generate a desired effect. The 

learning (update) rule is the mathematical equation that determines the increment or 

decrement by which weights of PEs change during the learning phase. In addition, a 

transfer function is typically a non-linear function that transforms the weighted sum of 

the effective inputs to a potential output value. When designing a network, the initial 

transfer function applies to each layer of the network. The cycle of applying an input, 

calculating an output, computing an error and changing the weights constitutes one 

iteration of the network. German et al. (1992) showed a training time which is too long 

with excessive iterations will have a large bias component of the error. The network will 

fit noise into the data, leading to poor simulation results. Therefore, the above governing 

factors were carefully examined to achieve the best performance of BP architecture by a 

trial-and-error method. 

2.3.2. Generalized Regression Neural Network (GRNN) 

The Generalized Regression Neural Network (GRNN) was originally proposed and 

developed by Specht (1991). A GRNN computes its output using a variation of the 

“nearest-neighbor” approach. The forecast for an input vector X is the weighted average 

of the outputs in the training sample. The closer an input vector in the training sample is 
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to X, the larger the weight of its corresponding output vector (Marquez and Hill, 1993). 

Equation (2) summarizes the GRNN logic in an equivalent nonlinear regression formula: 

[ ]
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where y is the output predicted by GRNN, X the input vector (x1, x2, …, xn) which 

consists of n predictor variables, E[y|X] is the expected value of the output y given an 

input vector X, and f(X, y) is the joint probability density function of X and y (Tsoukalas 

and Uhrig, 1997). 

The GRNN consists of four layers, including the input, pattern, summation, and 

output layers. Each input unit (pH, turbidity, and conductivity readings) in the input layer 

corresponds to an individual process parameter. The input layer is fully connected to the 

second pattern layer, where each unit represents a training pattern and its output is a 

measure of the distance of the input from the stored patterns. Each pattern layer is 

connected to the two neurons in the summation layer: Sj (numerator) and Sd 

(denominator), resulting in the simulated E. coli concentrations through an output layer 

which is then compared to the measured E. coli concentrations (Figure 3).  

The data provided to the GRNN as well as to the BP were obtained from MOUSE. 

The pre-processing of input variables is prepared by normalizing all values against the 

maximum value. Unlike NeuralWare, which already has a function to normalize input 

variables, MATLAB requires an additional program to compute the normalized values. 

Since GRNN is a supervised training process, the network ”learns” by examining the 
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relationship between each pair of the input vector X (pH, turbidity and conductivity) and 

the observed corresponding output y (E. coli concentrations) during the training step.  

The smoothing factor, σ , is the most important computing parameter for the 

GRNN’s performance. Theoretically, it is not possible to determine the true σ  because 

the underlying parent distribution is not known. However, the optimum σ  for a GRNN 

built from a training data set can be automatically approximated using the trial-and-error 

method. Therefore, once the input and output variables are normalized and a network is 

set, an estimated σ  is used in further computations. Any mean square error (MSE) 

obtained can be used to choose the next estimated σ ; this process is repeated until a 

target MSE is achieved.  

3. RESULTS AND DISCUSSION 

Table 2 shows the ranges of pH and turbidity changes based on their spatial (where 

to be injected) and temporal (when to be measured) variations. While pH values due to 

metabolic acids produced by E. coli and TSB media used to grow E. coli did not 

significantly change over time, turbidity values varied. This indicates that turbidity has a 

higher correlation with E. coli concentrations.  

To obtain the best match between the computational and experimental data, 

Manning’s number in MOUSE was gradually changed, beginning with the default value 

(0.0125). With various flow conditions, a range from 0.0100 to 0.0125 was used to 

describe the inner pipe conditions. In addition, the number of computational nodes ranged 

from 10 to 32 in each branch, depending on the geometric conditions of the given span.  
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The standard criteria for governing factors of model performance were controlled by 

several parameters, including the shape of the breakthrough curve, a peak concentration 

point, travel time, and dispersion pattern. Figure 4 presents an example of the simulation 

results of MOUSE in comparison with experimental data under a flow condition of q = 

63.10 [cm3/sec]. Overall, the computational values are in good agreement with the 

experimental data. However, one weakness of MOUSE is its limited capability to predict 

the tailing of microbial concentration due to the interaction between the microorganisms 

with the pipe wall surface, which depends upon hydraulic conditions. Once a certain 

number of microorganisms were injected into the water system, small portions usually 

attach to the pipe surface and are released slowly over time (Strauss, 2004). Because 

MOUSE only tracks die-off due to temperature changes, it was not capable of simulating 

this microbial tailing. In addition, MOUSE produced negative values with sudden 

increases or decreases in E. coli concentrations likely caused by a numerical wiggle, and 

this phenomenon is common in mathematical software. Nevertheless, MOUSE showed 

its superior capability to simulate the amount and duration of peak concentrations of E. 

coli and the commencement time of detected E. coli concentrations. 

Among the various parameters which govern the performance of BP, the effect of 

the transfer rule, as one of the examples, was shown in Figure 5. For a given flow 

condition (q = 63.10 [cm3/sec]), all other factors (number of hidden layers, number of 

hidden PEs, learning rate, etc.) were fixed to see how the transfer rule affected model 

performance. Five transfer rules were compared; it was concluded that the hyperbolic 

tangent (TanH) rule was superior to others.  
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Figure 6 showed the effect of smoothing factors (σ), which is the most significant 

parameter in a GRNN in estimating the concentration curve, depending upon the given 

conditions for the GRNN. The significance of the smoothing factor is that, as the value of 

this parameter becomes smaller (or larger), the regression performed by the GRNN 

becomes more local (or global). Hence, the magnitude of σ  needs to be chosen 

judiciously, as the value significantly affects the accuracy of GRNN predictions. As 

indicated earlier, large and small values of smoothing factors are considered significant to 

represent the generality and specificity of the transport pattern. A range of values from 

0.005 and 0.03 showed large fluctuations in correlation coefficients, but values higher 

than 0.03 did not improve the model performance. In addition, after σ  = 1.0, correlation 

coefficients stayed the same. The best GRNN performance was recorded with smoothing 

factors of 0.030 (q = 31.56 [cm3/sec]), 0.010 (q = 63.10 [cm3/sec]) and 0.010 (q = 94.56 

[cm3/sec]), respectively. 

Figure 7 (a), (b) and (c) demonstrates how well MOUSE, GRNN, and BP performed 

in matching the experimental curve. Except for one case with a very low flow rate (q = 

31.56 [cm3/sec]) and a tailing zone, the overall pattern of each breakthrough curve is in 

excellent agreement with the experimental data. In a normal Y-axis, the three models, 

MOUSE, BP and GRNN, performed fairly well to simulate microbial spatial and 

temporal distribution. Logarithmic depicts were added to explain the tailing phenomena, 

which is a unique characteristics for microorganisms. While BP and GRNN performed 

the simulation effectively, MOUSE was not able to demonstrate the tailing phenomena. 
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In summary, Table 3 shows the final correlation coefficients which resulting from each 

model.  

4. CONCLUSION 

The capability of physically-based and data-driven models, i.e., MOUSE and ANNs, 

are applied and compared to predict microbial transport through open channel systems. 

The physically-based model, MOUSE, requires network data, hydraulic data, and 

boundary conditions as part of the input variables. It is capable of accurately predicting 

microbial concentration patterns throughout the channel network. However, MOUSE is 

limited in its ability to simulate microbial tailing due to the attachment and detachment of 

bacteria to the pipe surface and is less accurate at low flow rates. In contrast, for ANNs, a 

data-driven model, three water quality parameters (pH, turbidity, and conductivity) are 

used to predict E. coli concentrations under various hydraulic conditions. Generally, the 

results are in excellent agreement with the experimental data in representing microbial 

spatial and temporal distribution, including tailing zones. ANNs, however, require a 

series of data sets, either from a series of field experiments or physically-based models.  

Overall, these physically-based and data-driven methods can be used in complement 

with each other to predict microbial dispersion in open channel systems. If tailing 

phenomena is not a significant factor, existing physically-based models can produce 

sufficient data sets for data-driven methods for the given geometric conditions under 

various boundary conditions without laborious and time-consuming field experiments. 

Further research and development is needed to integrate tailing phenomena into 

physically-based models. For example, a field study in Finland in which poliovirus was 
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flushed down a toilet and into the sewer demonstrated that viruses are greatly retarded in 

sewer systems, thus allowing detection up to several days after a one-time release event 

(Hovi et al., 2001; Ranta et al. 2001). Understanding tailing phenomena using physically-

based models may significantly improve the ability of a model to predict the release 

location and time of contaminants. If proven via field studies, these models can generate 

computational results for data-driven models. 

A hybrid model which integrates these two approaches may produce a cost-effective 

“what-if” environmental impact analysis and also allow researchers to simulate realistic 

situations. Possible applications include simulation of intentional intrusion or 

unintentional release of pathogens in water distribution/collection systems, such as 

drinking water, sewer networks, and irrigation systems. Development and validation of 

an accurate simulation model is a significant step toward logical sampling frequency and 

methods, deployment of biosensors, assessment of public health risks, emergency 

evacuation or vaccination plans, and cleanup efforts. 
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Table 1. Effect of extreme values of ANNs’ design parameters on training convergence 

and network generalization (Basheer and Hajmeer, 2000). 
 

Design parameter Too high or too large Too low or too small 

Number of hidden 
nodes 

Over-fitting ANN (no 
generalization) 

Under-fitting (ANN unable 
to obtain the underlying 
rules embedded in the data)

Learning rate Unstable ANN (weights) that 
oscillates about the optimal 
solution 

Slow training 

Momentum coefficient Reduces risk of local minima. 
Speeds up training. Increased 
risk of overshooting the solution 
(instability) 

Suppresses effect of 
momentum leading to 
increased risk of potential 
entrapment in local 
minima. Slows training 

Number of training 
cycles 

Good recall from ANN (i.e., 
ANN memorization of data) and 
bad generalization to untrained 
data 

Produces an ANN that is 
incapable of representing 
the data 

Size of training subset ANN with good recall and 
generalization 

ANN unable to fully 
explain the problem. ANN 
with limited or bad 
generalization 

Size of test subset Ability to confirm ANN 
generalization capability 

Inadequate confirmation of 
ANN generalization 
capability 
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Table 2. Range of pH and turbidity readings of water samples at the outlet.  
 

pH Turbidity Injecting 
point Minimum Maximum Minimum Maximum 

Inlet 1 7.000 8.385 0.136 8.920 

Inlet 2 7.095 8.350 0.139 11.555 

Inlet 3 6.955 8.395 0.132 11.925 

Inlet 4 6.960 8.390 0.124 7.635 

Inlet 5 6.850 8.315 0.121 9.510 
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Table 3. Compared performance of MOUSE, BP and GRNN models. Overall 

performances between BP and GRNN under various flow conditions were not 

significantly different. MOUSE revealed its limitation for a low flow rate (31.56 

[cm3/sec]), causing a significant error to predict E. coli concentration profiles, but it 

behaved fairly well under higher flow conditions.  
 

 MOUSE BP GRNN 

q [cm3/s] 31.56 63.10 94.65 31.56 63.10 94.65 31.56 63.10 94.65
Correlation 
coefficient -0.509 0.977 0.914 0.980 0.949 0.963 0.964 0.967 0.971
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Figure 1. (a) Actual field picture, (b) Schematic of experimental setup. It consists of five 

inlets (In1 – In5) for feeding water and injecting the sodium chloride and E. coli solution 

and one outlet for collecting water samples. Solenoid valves are installed at each inlet to 

control flow rates. An solid arrow indicates the direction of water flow. 

(a) 

(b) 
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Figure 2. Backpropagation (BP) learning algorithm with input and output variables. BP 

was trained and tested to predict E. coli concentration profiles (output variable) as a 

function of corresponding pH, turbidity, and conductivity involved in the computation. 
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Figure 3. Construction of a GRNN diagram showing each input variable and their 

corresponding output variables. Pattern and summation layers enhanced the 

computational capability to predict E. coli concentration using its surrogates (pH, 

turbidity, and conductivity). 
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Figure 4. Prediction of E. coli concentrations by MOUSE (q = 63.10 [cm3/sec]). A 

suddern change (increase and decrease) of E. coli at t = 0 and 40 [sec] caused the 

numerical instability producing negative computational results. A logarithmatically 

plotted Y-axis does not show any negative values from MOUSE as indicated from two 

disconnected curves (around 40 and 100 [sec]). The source (the injected E. coli 

suspension) started out more like an upright rectangle. 



 

 

70

 

0.90 0.92 0.94 0.96 0.98 1.00

Linear

Sigmoid

TanH

Sine

DNNA

Correlation Coefficient
 

Figure 5. Effect of transfer rules on correlation coefficient to predict E. coli 

concentrations (q = 63.10 [cm3/sec]). One of the governing factors in BP is the transfer 

rules; they are DNNA, Sine, TanH, Sigmoid and Linear. A total of five rules were applied 

and compared and the best performance of BP was achieved using the TanH transfer rule.  
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Figure 6. Response of correlation coefficients to a change in smoothing factor (σ ) in the 

GRNN. As the value of the smoothing factor becomes smaller, the regression performed 

by the GRNN becomes better. Hence, the the magnitude of σ  needs to be chosen by a 

trial-and-error method. Correlation coefficients were recorded as smoothing factor 

increased from 0 to 1.0.  
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Figure 7 (a), (b) and (c). Comparison of MOUSE, BP, and GRNN models to predict E. 

coli concentration under various flow conditions. Simulation results under relatively high 

flow conditions (63.10 and 94.65 [cm3/sec]) showed good agreement with the 

experimental data; this was not true for the case with the low flow rate (31.56 [cm3/sec]).  

(a) 
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ABSTRACT 

Artificial Neural Network (ANN) models were examined to estimate the 

spatiotemporal distribution of the indicator microorganism, Escherichia coli ATCC 

15597 (E. coli 15597), within the water distribution system.  Water quality parameters, 

pH, turbidity, and conductivity were also measured. ANN was employed to identify the 

location where E. coli was introduced into the system, by inversely interpreting transport 

patterns of E. coli and reconstructing the unknown location of E. coli introduction. A 

scale model of an open water system was designed and constructed to produce reliable 

data to validate the model’s feasibility. A suspension of a predefined concentration of E. 

coli was injected into the system via each inlet. A series of water samples were collected 

at the outlet to obtain time-dependent E. coli concentration profiles as well as 

corresponding water quality parameters. The spatiotemporal dispersion patterns of E. coli 

were well-estimated by ANNs using water quality parameters, indicating they were 

positively correlated with E. coli concentrations (R = 0.950 – 0.979). The pre-

programmed relationships between inputs (E. coli transport patterns) and outputs 

(injection locations) were back-propagated on new bacterial dispersion patterns with 

unknown source information to locate the position and time of injection. ANNs produced 

75% classification accuracy for the system. The results demonstrated the potential for 

ANNs to identify the source location of contaminants introduced into water systems by 

providing more comprehensive and adequate representations of inputs.  
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1. INTRODUCTION 

The spread of disease by pathogenic microorganisms through water systems has 

been well-documented; pathogens that have been studied include cholera, Hepatitis A 

Virus (HAV), Giardia, Cryptosporidium, E. coli, and others. Waterborne diseases are 

transmitted by several routes: fecal-oral, human-human, or animal-human transfers. Past 

studies have recognized drinking water as a potential disease source because it is directly 

linked to public health (Maier et al., 2000; D'Antonio et al., 1985; Geldreich, 1996; 

MacKenzie et al., 1994). In particular, the events of September 11, 2001 have raised 

concerns over the security of the U.S.’s critical infrastructures, including its potable water 

and wastewater systems. In addition, potential contamination of these systems has been 

the subject of many studies (Burrows and Renner, 1998; AWWA, 2001; Clark and 

Deininger, 2001).  

Sources for biological agents causing health-related risks range from naturally-

occurring contaminants to those dispersed by humans, whether accidentally or 

intentionally. There are many potential entry points, including waste disposal processes 

(toilet flushing), cleaning (bathing, hand washing), and even indoor/outdoor sanitary 

activities (floor washing, kitchen sink use, auto washing, driveway cleaning, storm water 

collection, irrigation with reclaimed water) (Decker, 1990; Mark et al., 1998; Choi et al., 

2003).  

The intrusion of biological agents into water systems can pose serious public health 

risks because these agents cannot be easily detected and remain virtually unknown until 

the situation becomes a crisis. Most cases with known causes have resulted in 
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considerable delay by authorities to perceive the risk and respond to the situation. For 

instance, the Milwaukee incident, the largest waterborne outbreak in the U.S., resulted in 

massive illness among 403,000 people. Ford and MacKenzie (2000) noted that the water 

was contaminated for at least 2 weeks before oocysts were identified in stool samples and 

water contamination was suspected. In instances like this, it is difficult to manage the 

contamination situation rapidly and efficiently as well as to minimize further health 

impacts without knowing the source location where the pathogenic microorganisms were 

introduced. If source locations and release histories at a site are identified, however, 

reconstruction of the spread of microbial contaminant plumes can be evaluated. In 

addition, remediation plans can be implemented and risk assessment studies may be 

completed within a short period of time. Therefore, it is necessary to develop a general 

and practical surveillance system to prevent and respond to an unexpected pathogen 

intrusion with the ability to identify potential source locations in a water system 

beforehand.  

Most source identification studies have focused on groundwater contaminants. 

Nonlinear maximum likelihood estimation, least squares regression, statistical pattern 

recognition, and response matrix approach patterns have been used to identify 

contaminant sources and aquifer parameters (Gorelick et al., 1983; Wagner, 1992; and 

Aral and Guan, 1996). Despite these previous studies devoted to groundwater 

contamination, few have tracked source contamination in water systems (McKenna et al., 

2005).  
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Identification of contaminant sources is not an easy task. Many of the origins of 

contamination are non-point-source in nature and it is difficult to determine the type of 

contaminant(s) due to their diffuse and intermittent nature. In addition, there are few 

effective measures for detecting these agents within a system.  The available technologies, 

such as DNA chip technology, DNA micro-array techniques, integrated real-time PCR, 

are still in their infancy and are relatively expensive for most utilities. Therefore, a new 

surveillance tool needs to be developed for decision-making at minimal cost of control 

and management by identifying the location of any problematic contaminant. In addition, 

this tool should be able to deal with the non-linear nature of contaminants. Properly 

applied predictive models can help define the source and time of release. In this study, 

Artificial Neural Networks (ANNs) were proposed as a decision-making tool, along with 

a computational flow model supported by experimental data. 

ANNs are massively-paralleled distribution processors which store experimental 

knowledge and make it available for use (Haykin, 1994). The literature on the 

applications of ANNs is extensive, ranging from grading potatoes to matching 

fingerprints to solving classification problems (Chtioui et al., 1999, Michaelides et al., 

2001; Kulkarni et al., 2004). ANNs can effectively function as models of real-world 

systems and are used to predict their behavior (Hajda, 1997).  

For the present study, experimental data from each specific contaminant release 

curve, and established topographical and hydraulic information documented by the local 

jurisdiction can be used to predict the unique transport patterns of a contaminant. For 

example, the plume of a contaminant introduced from a distance far from the monitoring 



 

 

80

site would have a longer travel time, greater contaminant plume spread, and a lower peak 

concentration than a plume introduced from a short distance from the site. These unique 

transport patterns provide valuable information regarding the time and distance of the 

release; interpreting the patterns are critical factors for developing a reliable model that 

can be used to map the location where the contaminant was introduced into the water 

system.  

This study is based on the hypothetical scenario of a microbial release. The major 

objectives include: 1) estimation of time series of E. coli concentration data using the 

water quality parameters, pH, turbidity, and conductivity; 2) pattern extraction from E. 

coli breakthrough curves; 3) training ANNs to recognize the uniqueness of each pattern 

depending upon its injection point; 4) comparison of pre-recognized patterns with 

unidentified transport patterns; and 5) determination of contaminant release source 

locations.  

2. MATERIALS AND METHODS 

2.1. Description of field study and hydraulic monitoring 

A scale model of an open water system was designed and built at the Agricultural 

Research Center at the University of Arizona in Tucson, AZ, as shown in Figure  1. The 

experimental setup was carefully pre-examined by MOUSE® (Modeling Of Urban 

Sewers, DHI Inc., Portland, Oregon) to achieve the best performance prior to the actual 

construction of the system. When performing gross level design optimizations, the use of 

a model to gauge the relative effectiveness of changes and optional arrangements are 
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often necessary first steps (Rogers et al., 2000). MOUSE allows for quick analysis of a 

variety of design options without actually modifying the experimental setup. Additionally, 

significant data can be generated to interpret the results. Important design criteria include 

pipe diameter, pipe slope, pipe material, flow rates, numbers of inlets, and network 

geometry; these parameters were configured to meet the study’s needs. A preliminary 

study (Chapter 2) proved the accuracy of MOUSE by comparison with tracer test results 

using sodium chloride (NaCl). The computed results were in excellent agreement with 

the experimental data as shown in Figure 2.  

After a series of runs using MOUSE, the final design for the experimental setup was 

chosen. The main and sub-main components of the water system were constructed from 

interconnected circular PVC pipes, 10.16 cm in diameter. Water-feeding pipes of 5.08 cm 

and 1.27 cm in diameter were also made from the same material and connected to each 

inlet point. Fittings, such as T-class, reducer bushings, and 90° elbows and sockets, were 

used to make necessary connections. Aluminum support panels were placed under the 

pipes to give them the strength to bear the weight of flowing water and prevent sagging 

due to high ambient air temperatures which make pipe material more ductile during the 

summer. The slope of the system was uniformly set to 0.7 % to create gravity-driven flow 

based on the Arizona Administrative Code (2003); gravity sanitary sewers should have a 

minimum slope of 0.44 % (0.0044 ft/ft) in order to facilitate cleaning and maintenance 

using standard equipment. However, in practice, most sewers are constructed at fairly 

shallow gradients from 0.20 % to 1.00 % (Pima County Wastewater Management 

Department, 2005).   
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The flow of water from each inlet point on the water system was regulated by 

solenoid valves. The valves, in turn, were controlled by a CR10X datalogger (Campbell 

Scientific Incorporation, Logan, UT). The datalogger was programmed using LoggerNet 

(Campbell Scientific, 2002) and used as a data-storage device for pressure transducer 

readings as well as a controller for the solenoid valves. Steady state flow conditions (q = 

31.56, 63.10, 94.65 and 126.20 [cm3/s]) were generated by solenoid valves installed at 

each inlet point. A calibrated pressure transducer at the outlet point monitored flow rate. 

Time-dependent changes of water depth (cm) were read by pressure transducers as 

voltage excitations (mV/V) and stored in the datalogger. Each pressure transducer was 

calibrated to determine the multipliers needed to convert the measured responses from 

mV/V to cm.  

2.2. Transport phenomena of microorganisms  

Prior to the microbial transport study using E. coli 15597, a conservative tracer test 

was conducted to characterize the hydraulic and transport properties of the system. A 

predefined concentration of sodium chloride (NaCl), the tracer, was injected into the PVC 

pipe using a micro-pump (Ryan Herco Products Co., Tempe, AZ).  A stir plate was used 

to maintain a uniform concentration of NaCl as it was introduced into the water system. 

Sterilized 50mL plastic bottles were utilized for collecting water samples. Time-

dependent samples were taken manually every five (5) seconds and read using a 

CS547A-L conductivity (EC) probe (San Diego, CA). The EC probe was washed out 

with de-ionzed water between samples to prevent cross-contamination. EC [mS/cm] 

readings were multiplied by 500 to convert to units of TDS [ppm, mg/L]. Conductivity 
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readings require adjusting by approximately 2.0 % per degree Celsius above the standard 

temperature of  25°C (Walker, 2005). However, the temperature variations were 

negligible throughout the experiment and there was no need to readjust the readings.  

After the tracer test, the bacterium, E. coli 15597, was used as a fecal coliform 

indicator because it is associated with enteric pathogens. A background test was 

conducted prior to the release of the E. coli solution in order to confirm the absence of 

any naturally-occurring microorganisms.  

A 500 mL E. coli suspension (~ 108 [cfu/mL]) over about 40 seconds was 

introduced into inlet 1 (In1), and 30 mL water samples were collected in pre-sterilized 50 

mL plastic centrifuge tubes at the outlet. This procedure was then repeated for the 

remaining inlet points (In2, 3, 4, and 5). All samples were stored in an ice chest and 

delivered to the environmental microbiology laboratory of the University of Arizona for 

rapid processing. All experiments under different flow rates and injection points were 

repeated twice. All samples of E. coli were diluted and cultured onto plates of eosin 

methylene blue (EMB) agar using the spread plate method (American Public Health 

Association, 1991) under aseptic conditions. A 0.1-mL aliquot of selected dilutions of the 

sample were uniformly spread on top of the EMB agar with the aid of a sterile glass rod. 

After plating, the samples were incubated overnight at 35oC, allowing the bacteria to 

multiply into macroscopic, isolated colonies known as colony-forming units (CFUs) 

(Maier et al., 2000). In addition, pH and turbidity readings were measured within 24 

hours on the same water samples, using a Corning 445 pH meter and a HATCH 2100AN 

turbidimeter (San Diego, CA), respectively. 



 

 

84

2.3. Applications of ANNs 

ANNs were used to perform two tasks: 1) to estimate E. coli concentrations with the 

aid of its surrogates (conductivity, pH, and turbidity); and 2) to classify the transport 

patterns of E. coli concentration profiles in order to identify the source location. Two 

well-known algorithms in ANNs, Backpropagation (BP) and Generalized Regression 

Neural Network (GRNN), were applied and compared.  

2.3.1 Parameter Estimation  

ANNs estimate an output vector, Y, for a given input vector X, such as Y = g(X) for a 

given function g(•). A neural network can provide an approximation to any function of 

the input vector X (Gallant and White, 1988; Irie and Miyake, 1988; White, 1989a). 

Consequently, ANNs are input-dependent processes and highly-linked to surrogate 

parameters. Increasing the number of parameters increases the accuracy of the model.  

However, each epidemic scenario is unique in terms of the number of sources 

contributing to the contamination, thereby, it may be difficult to build a single indicator 

which can be generalized for all cases. The input parameters that were successful in 

predicting enhanced concentrations in one study case may not be successful in other 

cases (Yabunaka et al., 1997; Maier et al., 1998). Three water quality parameters, 

conductivity, pH and turbidity, were chosen as surrogates for E. coli concentrations in 

this study. In addition, the performances of two algorithms, BP and GRNN, were 

compared for approximating functions.  
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These two algorithms have different network structures, BP (Input – Hidden – 

Output layer) and GRNN (Input – Pattern – Summation – Output layer), as shown in 

Figure 3. A network design is considered an essential component of a successful neural 

network application. In addition, the way in which the input and output data are pre- and 

post-processed and the method for selecting the training data are very critical in 

determining the success or failure of a neural network’s application. Every network 

requires one basic pre-processing step, normalization (scaling) within a uniform range. 

The original values of the input pattern may differ considerably in magnitude depending 

on what measurement they are representing. Each variable, conductivity (76 – 350), pH 

(7.095 – 8.350), turbidity (0.139 – 11.555) and E. coli concentrations (100 – 108), has 

very different values because each is measuring a different phenomena. Without rescaling, 

the network might be more sensitive to the processing element (PE) with the larger value, 

even though its magnitude is related to its unit of measurement, not its relative 

importance.  

Selecting the most appropriate input-output datasets is another important 

consideration for optimal trainability and generalization ability in both algorithms. 

Approximately 90% of the time and effort involved in computation is devoted to this step 

(Warner and Misra, 1996). The number of PEs in the input and output layers are usually 

determined by the users. Data to be used for training should be sufficiently large to cover 

the possible known variations in the problem domain. Therefore, 80% and 20% of the 

total data points were used for the training and test sets, respectively (Swingler, 1996). A 
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moving window of fixed size of PEs in the input layer traced the most appropriate 

generality during the training.  

While GRNN uses a “nearest-neighbor” approach, BP uses a steepest descent or 

gradient descent-based approach to minimize the global error between computed and 

target output. Therefore, the governing factors of these networks are different.   

There are numerous factors used to achieve the best model performance for BP in 

comparison with GRNN. They are the number of hidden layers, the number of hidden 

processing elements (PEs), the transfer function (sigmoid, tan-sigmoid, etc.), learning 

algorithms (Delta, extended DBD, etc.), and learning parameters (learning rate, 

momentum factor, and initial weights). Detailed information about each parameter 

(definition, function, range, etc.) is provided in Basheer and Hajmeer (2000) and Maier 

and Dandy (2000).  

Depending on the problem being solved, the success of training varies with the 

selected factors, and a trial-and-error procedure is normally preferred. The RMS (Root 

Mean of Square) error and the classification ratio (correlation coefficient, R) provided by 

NeuralWorks assessed the fitness of each performance. The definition of RMS is as 

follows: 

( )∑ −=
j

jj NYTRMS /2                                                 (1) 

where jT = the desired output values, jY = the predicted value by BP, and N = the 

number of output nodes. One example in the BP algorithm showed the best performance 

with a feed-forward connection type and 3 – 1 – 0 – 1 (number of input layer – the first 
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hidden layer – the second hidden layer – output layer) architecture. Learning rate and 

momentum were experimentally determined as 0.3 and 0.4, respectively. The range of 

initial weights was between – 0.1 and 0.1, and the stopping criterion was conducted by 

the trial-and-error method.  

While the BP algorithm was first proposed by Paul Werbos in the 1970's and widely 

used by Rumelhart and McClelland since 1986, the General Regression Neural Network 

(GRNN) was originally proposed and developed by Specht (1991). This network 

paradigm has the distinctive features of being able to learn swiftly, work with simple and 

straightforward training algorithms, and being able to discriminate against infrequent 

outliers and erroneous observations. As its name implies, GRNN is capable of 

approximating any arbitrary function from historical data. The foundation of the GRNN 

operation is essentially based on the theory of nonlinear (kernel) regression. 

Equation (2) summarizes the GRNN yielding the predicted value to an unknown 

input vector x as 
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where n is the number of training patterns and  p is the number of elements of an input 

vector. In addition, xj and xji represent the jth element of x and xi, respectively.  

The smoothing factor, σ , is the most important computing parameter for the 

GRNN’s performance. Theoretically, it is not possible to determine the true σ  because 
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the underlying parent distribution is not known. However, the optimum σ  for a GRNN 

built from a training data set can be automatically approximated using the “holdout 

method” (Specht, 1991). This approach starts from a guessed σ  and builds the network 

with all but one example from the training data set. The network is then tested by the 

remaining example. Each training example in the data set is held once for testing with a 

certain σ  and a mean square error (MSE) is obtained after one round of holding. The 

process is repeated with another σ  value. After using a series of trialσ  values, the one 

which is associated with the least error is used as the optimum σ  for the training set. 

Finally, all of the examples in the data set are used to build the final GRNN (Chtioui et al., 

1999). In this study, σ  value began at 0.005 with a certain interval, and the final σ  value 

was determined by trial and error method.  

2.3.2. Pattern Recognition  

The simulation of the output state of a model based on known input variables is 

referred to as the forward problem. By contrast, inverse technique in this study attempts 

to find the unknown input variables that give rise to a partially known output state (Liu 

and Williams, 1999). In the source identification of a contaminant, the injection locations 

are unknown. In order to represent data more efficiently, the most important features in 

the data set must be extracted from an entire dataset. The crucial task is feature extraction, 

which uses characteristic features to find unknown regularities, meaningful 

categorizations, and patterns in the presented input data. Classification is often treated as 

finding classes of data points {ai} ∈ Rn. Classes must be such that points in a single class 
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are close to each other in some sense, and points from different classes are far from each 

other (Jonsson et al., 1997) 

While many different types of neural networks have been developed, a back-

propagation (BP) design was chosen because of its demonstrated effectiveness at 

classifying nonlinear data sets. The BP model was created in the NeuralWorks 

environment. Concentration profiles of E. coli introduced from different release points 

(In1, 2, 3, 4, and 5) were measured at the outlet. These profiles were then characterized 

and categorized based on a total of 13 carefully-inspected parameters (Table 1). They are: 

hydraulic factor (flow rate), geometric parameter (length from outlet and inlet position), 

and microbial quality data (total amount of E. coli introduced, time variable 

concentrations at time = 120, 140, 160, 210, 240, 360, 600, 1800, 3600, and 7200 [sec]) 

under three different flow conditions.  

3. RESULTS AND DISCUSSION 

The accurate prediction of conductivity in the water system by MOUSE proved its 

suitability as a design tool. The overall curve shape, commencement time, peak 

concentration, and peak duration were used as features to determine the model’s 

performance. In most cases, MOUSE overestimated the peak concentration of E. coli. 

Contrary to the low and medium flow rates, 63.10 and 94.56 [cm3/sec], the high flow rate 

(126.20 [cm3/sec]) resulted in a certain degree of lag (delay), possibly caused by 

measurement errors. This phenomenon showed the difference between E. coli and NaCl. 

For the prediction of the microbial transport of E. coli, a lower flow rate created more 

error, which contradicts the results in tracer study. 
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 An E. coli suspension was injected into inlet 1, which is the farthest inlet point from 

the outlet. Time-dependent water samples were used to quantify E. coli concentrations, 

pH and turbidity levels over time. Shortly after the injection event, significant changes 

were observed from the baseline values of pH and turbidity depending upon the flow 

conditions (q = 31.56, 63.10, 94.65 and 126.20 [cm3/s]) as shown in Figure 4. 

Measurements errors were observed at the flow condition, 63.10 [cm3/sec], and the E. 

coli concentration curve was commenced about 15 [sec] earlier. All values of pH and 

turbidity were normalized for better description. The pH and turbidity readings were 

measured within 24 hours. When using TSB broth (a growth medium for E. coli), 

metabolic acids produced by bacteria and microbial activities influenced the change in 

pH and turbidity to a certain degree over time. The use of turbidity as an indicator of the 

presence of pathogenic microorganisms in water distribution systems was investigated in 

previous studies (Schwartz et al., 2000; Egorov et al., 2003) 

Figures 5 (a) and (b) display the different behaviors of conservative (NaCl) and non-

conservative (E. coli) substances along the water system plotted using normal and 

logarithmic y – scales. Step function profiles of NaCl and E. coli with predefined 

concentrations were introduced into each inlet location, and time-dependent water 

samples were collected at the outlet. A dotted box clearly shows the difference in 

behavior between E. coli and NaCl. Tailing, a detachment process over time, indicates 

that portions of the bacterial cells introduced were reversibly attached to the walls. 

Tailing of the conservative tracer was noticeably minimized compared to the extended 

tailing of bacteria after 300 seconds. Such tailing is attributed to adhesive cell surface 
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characteristics of E. coli cells to a solid surface, an inner pipe in this case, and has been 

observed as extended tailing in breakthrough curves. This is similar to previous studies 

(Strauss, 2004; Zhang et al., 2001).  

Figure 6 shows time-dependent E. coli concentration curves at the outlet. A pre-

defined concentration of E. coli was individually injected from each inlet point (In1, 2, 3, 

4 and 5) where In1 was the farthest inlet point, followed by In2, In3, In4 and In5. A 

longer distance between inlet and outlet point allowed for greater E. coli dispersion and 

longer travel times, which resulted in later detection times, lower peak concentrations, 

and greater plume spreading. Spatially-varied transport trends are shown in the small 

figure at the top-right hand corner in Figure 6. Bacterial breakthrough curves were plotted 

on a semi-logarithmic scale. E. coli tailing due to the cell surface characteristic was 

consistently observed even under different hydraulic conditions (Assanta et al., 2002; 

Faille et al., 2002).   

Two algorithms, BP and GRNN, were applied and compared to estimate E. coli 

concentrations using the three water quality parameters. Time-series concentrations of E. 

coli  (input variables) and its water quality parameters (output variables), pH, turbidity 

and conductivity, were provided into BP and GRNN. Simulation results are plotted in 

Figure 7 using experimental measurements from the three different flow conditions. 

Several data points were excluded from the curves because pH and turbidity readings 

were not sensitive enough to recognize the changes in E. coli concentrations, creating 

more errors. Partial data sets significantly improved the model performance: R = 0.78 – 

0.96 (BP) and 0.77 – 0.95 (GRNN) based on the entire data sets and R = 0.96 – 0.98 (BP) 
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and 0.95 – 0.96 (GRNN) based on the partial data sets. As shown here, the overall model 

resulted in a predicted quantity of E. coli that consistently matched the actual values 

fairly well. This indicates that the selection of input parameters, conductivity, pH, and 

turbidity readings, are positively correlated with E. coli concentrations. 

The accuracy of the model is affected not only by the combination of parameters 

analyzed but also by the number of hidden PEs and iterations.  Figures 8 (a) and (b) show 

how an ANN model response to the change in the number of hidden PEs and iterations. 

In Figure 8 (a), more than one hidden PEs superiorly improved the model’s performances 

(R = 0.883 with 1 hidden PE and 0.961 with 2 hidden PEs). However, using more than 7 

hidden PEs did not affect model performance. The effect of the number of iterations was 

also investigated. Figure 8 (b) shows that increased iterations can reduce the RMS errors 

in the training stage. However, it should be noted that too many iterations cause an over-

fitting problem, which results in simply copying input to output values during the training, 

instead of defining their relationship. Thus, this causes the poor prediction results.  

In the source identification problem, the biggest challenge is the feature extraction 

of concentration profiles. Useful parts of each curve were travel time, time of peak 

concentration, amount of peak concentration, and variation of concentration over time. In 

contrast to the first and prominent peak of curve used as the feature extraction, it was 

difficult to separate pattern features from the rest of the curve. For this experiment, 

unique transport patterns of E. coli injected from different inlets (Inlet 1, 2, 3, 4, and 5) 

under three different flow conditions (31.56, 63.10, and 94.65 [cm3/sec]) were 

categorized based on the inlet location. A total of fifteen variables were used for training 
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and testing purposes to classify the transport characteristics. The best model performance 

was achieved using BP algorithm with the architecture of 15 – 1 – 0 – 1 (number of each 

layer), Delta learning rule, TanH transfer function, seven processing elements (PEs) in a 

hidden layer, and 50,000 iterations by a trial-and-error method. Table 2 shows the 

classification results from the best-performing architecture of BP with the above 

parameters. The classification results were reasonably good. In the training process, only 

two out of eleven variables failed to classify into the correct class (82% accuracy). When 

four input variables were used to test the network architecture, only one case failed (75 % 

accuracy). These undesirable results can be explained by a lack of data used to recognize 

the transport patterns, depending upon the injecting locations. However, introducing 

MOUSE here can solve this problem because MOUSE can generate a comprehensive and 

sufficient representation of each inlet. It enables one to introduce various hydraulic and 

physical variations to the experimental setup and produce accurately measurable E. coli 

concentration data. If reliable and representative data is provided, the model performance 

is expected to improve and produce better classification results.  

4. CONCLUSION 

Managing a contamination event for a water system is a challenging task. 

Nevertheless, it is highly desirable for water utilities to be able to efficiently identify the 

contamination source, accurately predict the contaminant’s movement throughout the 

system, and effectively minimize the contamination risk. To effectively manage 

incidences of contamination, the source location must be identified and the polluted area 

needs to be isolated.  
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A scale model of an open water system designed by MOUSE was constructed to 

produce the necessary experimental data. Pre-defined concentrations of NaCl and E. coli 

solutions were introduced into each inlet, and the continuous collection of water samples 

over time was conducted at the outlet. Water quality parameters, pH, conductivity, and 

turbidity, were measured to assess their feasibility as relevant parameters of E. coli 

concentrations. Two algorithms in ANNs, BP and GRNN, were compared to evaluate 

their potential capabilities as universal approximating and design-support tools.  

A positive correlation between E. coli concentration and the three selected water 

quality parameters was demonstrated, indicating that ANNs successfully estimated E. coli 

concentrations as a function of pH, turbidity, and conductivity. For source identification 

of a contaminant, unique characteristics from E. coli concentration profiles were 

extracted and classified into each classifier (inlet location). The classification results were 

relatively good, but more interdisciplinary research and larger databases are needed to 

ascertain which combinations of parameters can be applied more universally, but the 

approach used in this study proved promising. 

The greatest assumption made in this study was the availability of biosensors to 

enable microbial qualification and quantification within water systems. To date, real-time 

monitoring systems are available to monitor water quality parameters (e.g., turbidity, pH, 

residual chlorine or chloramines, dissolved oxygen, conductivity, temperature) and 

physical parameters (e.g., flow rate, pressure, flow speed). These parameters can serve as 

indirect indicators of biological contaminant intrusion in relatively clean water systems. 

Current developments in biological and chemical sensing technologies indicate that low-
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cost and easy-to-use environmental sensors will be available soon (Sobsey et al., 1993). 

Therefore, the present approach should be able to serve as a monitoring and decision 

making tool for microbial release in water systems due to intentional, accidental and 

naturally-occurring cases. Furthermore, this method can be applied in an attempt to 

determine the most probable source of observed contamination or the individual 

contributions of multiple potential sources.  

Source locations and release histories at water system sites can be identified and 

reconstructed, as shown in this study. Thus, the spread of contaminant plumes can be 

evaluated, allowing remediation system design and risk assessment studies to be 

completed within a shorter period of time. This proposed methodology using ANNs can 

be applied to any type of water distribution system (drinking water and irrigation 

systems) and even water collection systems (sewer systems). In addition, standard water 

quality models (e.g., MOUSE) can be integrated with GIS for accurate spatial analysis, 

enabling the model to better utilize the open database model along with hydraulic and 

water quality simulation results.  

Therefore, this study model is expected to benefit water system programs in 

identifying many types and sources of contaminants (chemical, radioactive, and even 

microbial contaminants) introduced into water systems. For example, water utility 

managers can conduct standard risk assessments for any type of accidents in their 

systems and gain a general sense of how vulnerable their water facilities are. The 

assessment of vulnerabilities can then be used to develop human health protection 
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strategies, such as increasing the number of monitoring sites for better efficiency and 

establishing an alarm system at vulnerable areas.  
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Table 1. Input variables of curve characteristics for classification problem. Spatially-varied transport patterns from each inlet 1 

location were trained and tested to recognize their own pattern and this valuable information was used to identify the unknown 2 

source location. 3 

 4 

In1 …. In5 
Parameter 

Flow 1 Flow 2 Flow 3  Flow 1 Flow 2 Flow 3 

Flow [cm3/s] 31.56 63.10 94.65  31.56 63.10 94.65 

Length from outlet [ft] 164.0 164.0 164.0  51.4 51.4 51.4 

Area under curve [cfu] 5332.381 3963.398 1795.642 …. 3832.019 2226.836 3112.766

Log C @ t=120 [cfu/mL] 1.041 4.342 4.082  6.730 5.899 5.211 

Log C @ t=240 [cfu/mL] 6.656 5.146 4.370  5.343 4.215 3.778 

Log C @ t=600 [cfu/mL] 3.808 3.366 1.942 …. 3.757 3.111 2.296 

Log C @ t=3600 [cfu/mL] 2.528 1.602 1.021  1.692 2.525 0.845 

Log C @ t=7200 [cfu/mL] 1.708 1.176 0.989  1.394 2.778 0.574 

…. …. …. ….  …. …. …. 

Classified Output 1 1 1 …. 5 5 5 
5 
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Table 2. Classification results for source identification. Two out of eleven cases failed to 

classify inversely in the training set (83 % accuracy), and only one case in the testing set 

failed to identify the source location (75 % accuracy). 
 

Classifier Training set 

Target  1 1 1 2 2 3 3 4 4 5 5 

Computed  2 1 1 1 2 3 3 4 4 5 5 

 

Classifier Testing set 

Target 2 3 4 5 

Computed  1 3 4 5 
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Figure 1. Plan view of the experimental layout. The mainline connecting the Inlet 1  (In1) 

to the outlet was set to 0.7 % of slope. The same slope setting was prepared for a branch 

between each inlet (closed circle) and connecting point (blank circle). 
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Figure 2. Simulated NaCl conductivity data by MOUSE (solid line) compared with 

experimental data (closed circle).  
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Figure 3 (a) and (b). Architecture of each algorithm (a: BP, b: GRNN).  
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Figure 4 (a) and (b). Plots of time-series water quality parameters (a: pH and b: turbidity) 

of E. coli, which was introduced from inlet #1, the farthest inlet location from an outlet. 

Measurement errors were observed at a flow condition of 63.10 [cm3/sec] and the E. coli 

concentration curve was commenced about 15 [sec] earlier. 
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Figure 5 (a) and (b). The tailing (lag) in E. coli breakthrough curve compared with NaCl’s 

(a: arithmetic Y-axis and b: logarithmic Y-axis). Tailing indicates that portioins of the 

bacterial cells retained were not irreversibly attached.  
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Figure 6. Plots of time-series E. coli concentration curves from In1, the furthest inlet 

location from an outlet. The first four hours (shown in dotted box) after injection have 

been enlarged in the small figure at the top-hand corner. 
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Figure 7 (a), (b) and (c). Parameter estimation of E. coli concentration with the aid of its 

surrogates, pH, turbidity, and conductivity data.  
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Figure 8 (a) and (b). Response of model performance corresponding to number of hidden 

PEs and iterations.  
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ABSTRACT 

Assuming a scenario of a hypothetical pathogenic outbreak, this study was aimed at 

developing a decision-support model to identify the location of the pathogenic intrusion 

for rapid detection and efficient containment. This model was then applied to a real sewer 

system (the Campbell wash basin in Tucson, AZ) in order to validate its feasibility. The 

basin being investigated was divided into 14 sub-basins. The geometric information 

associated with the sewer network was digitized using GIS (Geological Information 

System) and imported into MOUSE (Model Of Urban SEwers) to generate microbial 

breakthrough curves at the outlet. A pre-defined amount of E. coli (Escherichia coli), an 

indicator of fecal coliform bacteria, was hypothetically introduced into 56 manholes (four 

randomly chosen manholes in each sub-basin), and a total of 56 breakthrough curves of E. 

coli were generated using MOUSE at the outlet. Transport patterns were classified 

depending upon the location of the injection site (manhole) using various known 

characteristics (peak concentration and time, pipe length, travel time, etc.) extracted from 

each E. coli breakthrough curve and the layout of sewer network. This information was 

used to back-predict the injection location using Artificial Neural Networks (ANNs) 

when E. coli was detected at a monitoring site. The results showed that ANNs identified 

the location of the injection sites with 57% accuracy; the ANNs correctly recognized 

eight out of fourteen expressions with a single detection sensor. Increasing the available 

sensors within the basin significantly improved the simulation results from 57% to 100% 

accuracy.   
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1. INTRODUCTION 

In recent years, the US Environmental Protection Agency has acted to improve the 

security of drinking water and wastewater infrastructures. Water facilities are in the 

process of providing vulnerability assessments and emergency operating plans to EPA in 

order to protect these critical infrastructures (USEPA, 2003b). The National Research 

Council has also emphasized the importance of water-related security measures and has 

reported on the key vulnerabilities of water systems, including the need for an early 

warning system for water distribution systems. This system would need to include the 

detection of contaminants in the environment (air, water and soil), integration of 

monitoring technologies, interpretation of the data, and utilization of the results to make 

decisions that prevent public health risks (Kansas Department of Health and Environment, 

2003; Hasan et al., 2004). In particular, there have been concerted efforts to develop new 

and advanced surveillance systems to improve the analytical monitoring and detection of 

intentional or accidental environmental contamination (Ford and MacKenzie, 2000; 

Ostfeld, 2004).  

Although the security of water distribution systems is a national priority, it also 

remains a local responsibility. Presently, this issue is critical because the numbers and 

types of emerging and re-emerging pathogens are continuously increasing through 

diverse means of dispersion, such as air, soil and food (not simply through water) (WHO, 

2003). Therefore, a comprehensive, coordinated and integrated disease surveillance 

system is necessary to rapidly detect, report, and respond to emerging diseases; a sewer 
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network represents an environment that can benefit from a monitoring system that detects 

many possible contaminants.  

For more than forty years, researchers have recognized the direct relationship 

between the occurrence of enteroviruses in sewage and clinical incidents of disease in a 

community. In addition, several nations have used surveillance programs for poliovirus in 

sewage systems to evaluate the success of vaccination programs and to identify the 

potential need for vaccinations to prevent outbreaks (Decker, 1990; Ashley and 

Dabrowski, 1995; Höglund et al., 1998; Malik and Ahmad, 2002; Bassioni, et al., 2003).  

Disease-causing pathogens can be found in waste in sewer systems. According to 

the Centers for Disease Control and prevention (CDC), the agents most likely to be used 

by terrorists are commonly released in urine, feces, or saliva during infection in quantities 

that would be detectable by existing technologies (CDC, 2002), thus proving the potential 

usefulness of establishing an early warning detection system in a sewer network.  

Monitoring microbial water quality in sewer systems may involve additional 

unforeseen factors. For example, the environment may require protection from untreated 

sewage disposal and overflow due to wastewater treatment failures, sewer pipe 

explosions, and/or excessive quantities of sewage during heavy rains (Schulz et al., 1994; 

Singh et al., 2004). Moreover, indirect contamination of water distribution systems due to 

sewer leakages can be prevented beforehand (Crabtree et al., 1995). 

Because one cannot predict such contamination events, an assessment of the 

vulnerability of water systems to intentional and/or unintentional contamination must 

consider a number of possible threat scenarios. This type of scenario analysis can 
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describe plausible, alternative circumstances supported by data, intuition, and experience, 

and offer a powerful methodology for analyzing choices (Murray, 2004). Network 

hydraulic models coupled with water quality models can be used to understand the spatial 

and temporal distribution of contaminants within water systems, and thus can aid 

decision-making in terms of both the operation of the system and in the response to 

contamination incidents.  

Decision-making tools require large data sets in order to enable to model these 

hypothetical scenarios, and this study relied on the premise that that a real-time sensor 

will be available to detect the target contaminants within a sewer system. In recent years, 

the need for research to link the power of information technology and decision-making 

with the complexity of environmental problems is compelling in its logic and motivation, 

but quite challenging in its demand for interdisciplinary skills and knowledge (Ailamaki 

et al., 2003). Sensor deployment is a critical issue since it reflects the cost and detection 

capabilities of a sensor network; it is necessary to develop a distribution protocol for 

these sensors, such as sensor location and sampling frequency, to supply sufficient and 

accurate data to an integrated model to interpret and assist in decision-making. Thus, this 

study was designed to evaluate and optimize sensor deployment and sampling frequency.  

The previous chapters (Chapters 2 and 3) investigated the establishment of a 

detection and monitoring system for biological agents through open channels based on a 

series of field experiments. Two numerical approaches, a physically-based model 

(MOUSE) and a data-driven model (ANNs), were applied and evaluated for their 

feasibility to predict the spatiotemporal distribution of microorganisms in water systems 
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and identify their source location. Previous chapters proved that a proposed methodology 

using MOUSE and ANNs functioned effectively to estimate microbial concentrations 

using its water quality parameters (R = 0.950 – 0.979) and discover the location of 

microbial release by interpreting the microbial transport curves detected at the outlet 

(75% correct classification).   

The challenge of the present study is to apply this proposed method to a real-world 

situation. This study presumed that geometric (pipe length, pipe diameter, pipe slope, 

etc.), hydraulic (daily and/or seasonal flow rate, flow speed), and transport information 

(dispersion, travel time, peak concentration, etc.) can reflect the location where a 

contaminant was introduced. For example, when comparing two microbial release events, 

the contaminant released from a distance would have a longer travel time, greater spread, 

and lower peak concentration than the contaminant released closer to the monitoring site. 

Key factors involve the definition of transport behavior of target microorganisms 

(experimentally or numerically) and the characterization of those particular properties 

under various conditions. This information can play an essential role in locating the 

release location of a contaminant and thus allowing for rapid management of the impact, 

which coincides with a fundamental goal of an early warning system.   

Machine learning and neural-network techniques have been successfully used to 

learn classification models, or concepts, from real-world data. These methods explore a 

given set of input variables, or features, assumed to represent the classification problem; 

those which are deemed irrelevant to the classification problem are discarded, as these 

input variables can seriously hurt the generalization ability of the induced concepts. The 
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intensive applications of ANNs to the classification problem include face, vision, and 

speech recognition (Murthy et al., 1994; Breidbach et al., 1998). 

To solve the classification problem, the supervised learning technique employing a 

multi-layer perceptron (MLP) for pattern recognition has been adopted. The general idea 

is to feed-forward the neural network with one or more intermediate layers which are 

fully connected to an output layer, where each output neuron represents one predefined 

target output. The system is allowed to self-organize the appropriate weights between the 

input and hidden layer, and the hidden and output layer, by minimizing the error at the 

clamped output units. This is usually achieved by the powerful backpropagation of an 

error algorithm, which gradually decreases the overall error for all known input to output 

combinations by adjusting the intermediate weights of the network. The output units can 

represent each individual for pattern recognition (Intractor et al., 1996). 

Therefore, the present study attempted the following tasks: 1) applying the proposed 

methodologies to a real-world situation, 2) asking “what-if” scenarios, 3) generating large 

“pseudo-datasets” to hypothesize possible scenarios (e.g., the intentional introduction of 

pathogens into the systems), and 4) evaluating the feasibility of the methodology.  

2. MATERIALS AND METHODS 

2.1. Description of the Study Area 

The Campbell wash basin, which relies on a gravity sewer system, was used for the 

modeling effort. The basin is located in the northeast part of Tucson, AZ (Figure 1). 

Wastewater from the Campbell wash area is transported to the Ina Road Water Pollution 
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Control Facility. The main pipeline is a one-string system with a number of branches. 

The residents generate much of the wastewater in the Campbell wash basin; there is no 

significant pollution from nearby business or industrial districts. Furthermore, this 

sanitary sewer system does not allow for any other wastewater discharge or infiltration. 

The study area has 514 manholes distributed throughout the basin, and only one 

monitoring station with a flow sensor is located at the outlet (Sensor I). This area was 

divided into a total of 14 sub-basins for pattern recognition of a microbial release event. 

Graphical interpretation helped to delineate each sub-basin, indicating that all manholes 

above a given point on a waterway contribute water to the flow at that point.   

The sewer system consists of various pipe materials, including vitrified clay pipe 

(VCP), polyvinyl chloride (PVC), asbestos cement pipe (ACP), and aluminum drill pipes 

(ADP) with a diameter of 8 inches. The average slope range of the sewer is 0.04 – 0.07 %. 

The physical setup with a longitudinal profile generated in MOUSE is shown in 

Appendix 1. 

2.2. Network Data Process using ArcView 

In recent years, more than 80% of all the information used by water and wastewater 

utilities has been geographically referenced using Geological Information Systems (GIS) 

(Shamsi, 2002). A geometric database of the Campbell wash basin has already been 

established using GIS; and this information was obtained from Pima County Wastewater 

Management. ArcView 3.1, a full-featured GIS software program (ERSI, Redlands, CA), 

was used to visualize, manage, create and analyze geographic data. The data included 
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physical information such as manhole location, pipe diameter, length, and slope as well 

as type of pipe material.  

2.3. Generation of Water Quantity and Quality Data using MOUSE 

One prerequisite to understanding the physical, chemical, and biological processes 

within a sewer system is detailed knowledge of the key inflows. The conventional 

approach for estimating the quantity of domestic wastewater assumes a daily flow per 

capita to give average dry weather flow rates; multipliers are then used to estimate the 

peak and low flow rates or diurnal variations (Butler et al., 1995). One problem facing 

this study is the lack of information detailing how many houses use the city sewer system 

versus their own septic tanks, which indicates that the conventional approach cannot be 

used in this study. Thus, this study unavoidably assumed that all houses belonging to the 

Campbell wash basin used the city sewer system. Figure 2 shows a typical weekly sewer 

flow as monitored from an outlet (Sensor I) where a water meter is installed. It collects 

all wastewater from the Campbell wash basin. A time-series of accumulated sewer flow 

was obtained from the Supervisory Control & Data Acquisition System (SCADA). A 

daily pattern with two peaks (pointed out by arrows) in the morning and evening was 

nearly the same, indicating meal preparation, showers, and so on (Yalcin, 2002; Pima 

Wastewater Treatment Management, personnel information). The differences between 

the daily curves can be explained by the different lifestyles in the area. The morning peak 

was about 1.25 times higher than the one in the evening peak (Figure 2). Appendix 

Figure 2 shows part of the Campbell wash area; each parcel (polygon-shaped) represents 

one house. Appendix Table 1 lists the number of houses and the number of manholes in 
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each sub-basin. The ratio was calculated by dividing the number of houses in each sub-

basin by the total number of houses in the entire basin. This ratio was then multiplied into 

a time-series of accumulated sewer flow to calculate the individual inflow of each 

manhole. Three consecutive days of accumulated sewer flow data (March 10 – 12, 2005) 

were calculated as inflow data using the above method and were subsequently used as a 

boundary condition in MOUSE.  

A standard water quality model allows a user to analyze one constituent from 

multiple source locations (i.e., source nodes) with different source injection patterns over 

time. A constituent simulation predicts the concentration at a node from each time step 

over an extended period of time. Sewer flow reflecting geometric configuration and 

population density was assigned to each sub-basin to generate flows along the systems, 

and a time-variant flow pattern was calculated in the MOUSE hydrodynamic (HD) 

module. A pre-defined concentration of E. coli, another boundary condition in MOUSE, 

was introduced into four randomly-chosen manholes in each sub-basin. Appendix Table 2 

lists all manholes where a hypothetical E. coli solution was injected. Then, the MOUSE 

Advection-Dispersion (AD) model computes the time-series breakthrough curves of E. 

coli at an outlet. In a previous chapter (Chapter 3), it was discussed how sudden large 

variations in E. coli injections caused numerical instability problems and created errors 

(negative concentration values). To suppress numerical wiggles, a triangle-shaped (linear 

increase and decrease) E. coli solution was injected into each inlet point. Linear increase 

and decrease patterns of injection continued for one hour. The injection was carried out at 
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9 a.m. when the highest sewer flow occurs, which is a simulation of the worst-case 

scenario, as shown in Figure 3.  

2.4. Pattern Recognition by Backpropagation (BP) 

Feature extraction is an essential problem in pattern classification. The success of a 

pattern classifier depends greatly on the effectiveness of the features representing the 

patterns of different classes (Murphy and Luo, 2002). In multiple-pattern classes, it is 

important to find features that can be used to discriminate each class from each other; this 

process involves mapping the original features (measurements) into fewer features, which 

includes the main information of the data structure. A large variety of feature extraction 

methods based on statistical pattern recognition or on artificial neural networks appears in 

the literature (Fukunaga, 1990; Lerner et al., 1996).  

Patterns are recognized based on some features from E. coli breakthrough curves 

simulated by MOUSE. A supervised pattern recognition technique, backpropagation, was 

adapted for the experiment, as proposed by Huang and Lippmann (1987). They compared 

BP with conventional classifiers (k-nearest neighbor and Gaussian) and found it powerful 

in useful for creating decision regions for non-Gaussian distributions and for distributions 

containing outliers. Successful application of BP and similar algorithms include speech 

recognition (Sejnowski and Rosenberg, 1987), sonar target recognition (Gorman and 

Sejnowski, 1988) and machine tool wear identification (Rangwala, 1988). In a supervised 

learning environment, the system is taught and then builds the necessary knowledge to 

recognize patterns by means of various adaptive schemes.  
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BP uses a gradient descent approach to minimize output error in a feed-forward 

network. The algorithm involves presenting an input vector, comparing the network 

output to the desired output for that vector, and updating each weight by an amount 

corresponding to the derivative of the error with respect to that weight times a learning 

rate, adjusted by a “momentum” factor (Huang and Lippmann, 1987). The BP model was 

created with NeuralWorks Professional II/PLUS version 5.22 (Carnegie, Pennsylvania). 

The input features (characteristics of E. coli transport pattern) govern the 

effectiveness of a target output classifier (release location of E. coli), and the selection of 

input and output variables is problem-dependent. The appropriate input variables allow 

the network to successfully map to the desired output and avoid the loss of important 

information. A total of five characteristics (c’s) from the breakthrough curves were used 

to train the BP algorithm: distance from an outlet (c1), time of peak concentration (c2), 

peak concentration (c3), travel time (c4) and order of travel time (c5).    For the output 

variables (target classifier), a total of fourteen locations were used, where substantial 

amounts of E. coli were introduced into sub-basins one though fourteen. The procedures 

of BP training and testing with the given input and output variables are well-described in 

Appendix Figures 3 and 4. BP attempts to experimentally model a process of the 

combination of input variables, and a graphical description of each combination with 

different components is shown in Table 1.  

Combination of 1 input variable       {(c1n), (c2n), …, (c5n)},  

Combination of 2 input variables      {(c1n, c2n), (c2n, c3n), …, (c5n, c1n)}, 

Combination of 3 input variables      {(c1n, c2n, c3n), (c2n, c3n, c4n), …, (c5n, c1n, c2n)},  



 

 

128

Combination of 4 input variables     {(c1n, c2n, c3n, c4n), (c2n, c3n, c4n, c5n), …, (c5n, c1n, 

c2n, c3n)}  

Combination of 5 input variables      {(c1n, c2n, c3n, c4n, c5n)},  

where n represents a total of four randomly chosen manholes (n = 1, 2, 3, and 4).  

Governing factors in BP, such as the number of hidden layers, the number of hidden 

processing elements (PEs), the transfer function (sigmoid, tan-sigmoid, etc.), learning 

algorithms (Delta, extended DBD, etc.), and learning parameters (learning rate, 

momentum factor, and initial weights) were evaluated to achieve the best performance 

model. Detailed information about each parameter (definition, function, range, etc.) is 

provided in Basheer and Hajmeer (2000) and Maier and Dandy (2000). 

Convergence is usually based on the error function, ρ, exhibiting deviation of the 

predictions from the corresponding target output values such as the sum of squares of 

deviations. Training proceeds until ρ is reduced to a desired minimum. The most 

commonly used stopping criterion in neural network training is the sum-of-squared-errors 

(SSE), calculated for the training or test subsets as 
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where piO  and pit  are, respectively, the actual and target solution of the ith output 

node on the pth example, N is the number of training examples, and M is the number of 

output nodes (Basheer and Hajmeer, 2000).  
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2.5. Sensor Deployment to Improve the Model Performance 

One problem facing this study was the natural and artificial variations of sewer flow 

which resulted in erratic E. coli transport patterns. This variability was due to the fact that 

the detection sensor (sensor I) was located at the outlet of the Campbell wash basin, and 

the accumulated sewer flow from fourteen sub-basins converged at this single point. An 

adequate sensor deployment can reduce the accumulated sewer flow and improve the 

model’s capability to determine the microbial release location. Even if cheap and easy 

employment of sensors is available soon, it is impractical and inefficient to install sensors 

at every single manhole. Therefore, this study suggested the installation of a new sensor 

at the outlet where covers three sub-basins (117 manholes) instead of individual 

installations at each manhole (i.e., 117 sensors versus one sensor), and evaluate its 

feasibility to improve the model performance. Therefore, a new sensor (sensor II) was 

hypothetically installed at a new outlet located in a position where sub-basins 1, 2, and 3 

were combined, and this sensor recorded only for these three sub-basins. Figure 4 

describes these three sub-basins, which were separated from the entire Campbell wash 

basin. In the same manner, four randomly-chosen manholes from the three sub-basins 

were used to inject an E. coli solution, and time-series of E. coli breakthrough curves 

were computed by MOUSE. Five characteristics extracted from each breakthrough curve 

were then imported into ANNs for training and testing purposes. 

Figure 5 shows the multiple dimensions of each input variables to find the best 

performance level for training and testing. Probable combinations using five 

characteristics (distance from an outlet (c1), time of peak concentration (c2), peak 
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concentration (c3), travel time (c4) and order of travel time (c5)) are: 1 input variable (ci; 

20 cases), 2 input variables (ci, ci+1; 20 cases), 3 input variables (ci, ci+1, ci+2; 20 cases), 4 

input variables (ci, ci+1, ci+2, ci+3; 20 cases) and 5 input variables (ci, ci+1, ci+2, ci+3, ci+4; 4 

cases), where i = 1, 2, 3, 4, and 5. The BP network was trained for convergence with 

selected input and output variables.  

3. RESULTS AND DISCUSSION 

Figure 6 shows one of the examples representing E. coli concentration at an outlet 

simulated by MOUSE. E. coli was hypothetically injected into one of the manholes in 

sub-basin 1. The breakthrough curve of E. coli introduced a long distance from an outlet 

(Set 1: 5388-11) was detected later (longer travel time), spread more widely, and showed 

a lower peak concentration than the one introduced a shorter distance from the same 

outlet (Set 4: 5388-07). These unique transport patterns provided valuable information 

with regards to time and distance, and this was inversely used to back-predict the source 

location of the introduced E. coli by interpreting the distinctive transport patterns. 

It was, however, difficult to separate characteristics based upon the spatiotemporal 

distribution of E. coli because some of the concentration curves’ behavior was erratic. 

This was caused by the presence of very small existing pipe slopes in some of the sewer 

branches (0.06%), which resulted in inadequate levels of forward flow. This backflow 

was a computational difficulty which produced the irregular shape concentration profiles. 

In addition, highly varied slopes (ranging from a minimum and maximum slope of 0.06% 

and 19.50%, respectively) were quite challenging to analyze in this study. This 

influenced the classification results.   
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The simulated pattern recognition results are shown in Table 2. Four randomly-

chosen manholes in each sub-basin were injected with an E. coli solution (a total of 56 

breakthrough curves and 280 transport characteristics extracted from each breakthrough 

curve). Among them, a total of 210 characteristics from 42 E. coli breakthrough curves in 

sub-basins 1 through 14 were used to train the BP neural network, and a successfully 

trained network was tested with 70 characteristics extracted from 14 E. coli breakthrough 

curves in the same basins. Supervised learning, in which a user provides an answer based 

on characteristics belonging to specific classes, was achieved through a training stage. 

Then, a trained BP network was tested to investigate the efficiency and accuracy at which 

this network can categorize given characteristics into the correct classes. The simulated 

results showed 57% accurate classification, which corresponded to the correct 

recognition of eight out of fourteen expressions. Calculated values were rounded off to 

obtain the final target classifier. However, the predicted classifier can be useful to 

estimate the location of an unknown contaminant source. For example, ANNs 

misclassified the sub-basin 5 (target classifier) as sub-basin 4; however, these basins are 

located next to each other. This information is potentially significant in allowing us to 

narrow our attention to those two sub-basins instead of the entire Campbell wash basin. 

A new sensor (sensor II) was installed at a new outlet which covered only three sub-

basins instead of fourteen sub-basins in order to evaluate how sensor deployment can 

play an important role in improving the model’s performance. Training and testing the 

BP neural network resulted in the achievement of 100% accurate classification, meaning 

that this proposed model was able to pinpoint the location of microbial release by 
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interpreting the breakthrough curves at the outlet. Figure 7 graphically shows two 

examples of correct and incorrect classifications. A different combination of input 

parameters was used; i.e., for one component (order of travel time), two components 

(distance and peak time), three components (distance, peak time, and peak concentration), 

four components (distance, peak time, peak concentration, and travel time) and five 

components (distance, peak time, peak concentration, travel time, and order of travel 

time). All combinations of input parameters obtained 100% accurate classification, 

emphasizing that even only one input parameter (order of travel time) was able to 

perfectly locate the source of microbial release.  This shows that optimal sensor 

deployment is beneficial to increase sensor accuracy, improve the model performance, 

and reduce all expenses related to the sensor. A new sensor location for the Campbell 

wash basin clearly showed distinguishable breakthrough curves, and enhanced the 

extraction of curve characteristics, therefore improving pattern recognition. This 

demonstrates that an optimally-located of sensor can reduce the error which occurs due to 

the intrinsic complexity of sewer water. By reducing fourteen sub-basins to three sub-

basins, errors due to natural sewer flow were reduced, creating clearer and more 

distinguishable patterns for each concentration curve from each sub-basin. This also 

increases the accuracy of identification of the source location of a contaminant from 57% 

to 100%. 

The sampling frequency is problem-dependent on variables such as the event of 

contamination, geometric and hydraulic conditions, and so on. This study suggested at 
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least one-hour sampling frequency is necessary to produce sufficiently enough data for a 

given system.  

4. CONCLUSION 

This study proposed a model-based methodology to develop a decision-making tool 

to identify the source location of a contaminant in sewer systems and provide useful 

information regarding sensor deployment and sampling frequency. This attempt was 

made using a physically-based model (MOUSE) and a data-driven model (ANNs). 

MOUSE was used to generate necessary data such as discharge at each manhole and 

branch (MOUSE HD module) with the diurnal pattern of daily input flow. These results 

were used to compute the time-series concentration of E. coli in the MOUSE AD module.  

Data obtained from MOUSE was imported to the ANNs. Based on visual 

investigation, each concentration curve was characterized, and these characteristics were 

used to recognize a certain pattern; i.e., characteristics of each sub-basin. Input data 

(characteristics of curves) was fed into a backpropagation algorithm to train the network 

along with corresponding parameter values (location of microbial release). A sufficiently-

trained ANN model was then tested using synthetic data to validate its feasibility and 

robustness. Even if ANNs produced reasonably accurate estimates in the presence of 

uncertain and scarce of input variables, it was difficult to accurately identify the source 

location of microbial intrusion. Therefore, it was suggested that the sensor should 

monitor only three sub-basins instead of an entire basin for the present case; thus 

classification results were improved from 57% to 100% accuracy.  
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The greatest assumption made in this study was the availability of real-time sensors 

which enable quantification of microbial behavior in sewer water. Real-time contaminant 

monitoring, when combined with network modeling, can play an important role in 

tracking and containing the spread of contaminants throughout water systems. Current 

technologies to detect and identify pathogens in the environment are laborious, time-

consuming, and not always successful. However, the pace of development in biological 

and chemical sensing technologies indicates that low-cost and easy-to-use environmental 

sensors will be available soon. DNA chip technologies, DNA microarray techniques, SPR, 

ATP/AK bioluminescence, integrated real-time PCR, DNA-gene chip technology, and 

ECL reporter immunoassay are currently under development (DeRisi et al., 1997; Clark, 

2004). In addition, the World Health Organization and past studies recommended that the 

HACCP (Hazard Analysis Critical Control Point) model, a risk assessment tool, can be 

used for risk assessment of both drinking water and wastewater systems (Bryan 1993; 

Sobsey et al., 1993; Havelaar, 1994; Deere and Davison, 1999).  

Since the terrorist attacks of September 11th, 2001, and the increased emphasis on 

homeland security, a paradigm shifted in national security and vulnerability awareness 

has emerged. Many of the measures necessary to safeguard water facilities are under 

development as a consequence of addressing intentional and unintentional acts of 

contamination. Therefore, adequate surveillance must be ongoing or continuous with 

timely dissemination of results to allow an appropriate and adequate response by 

stakeholders. The development and operation of a coordinated water quality monitoring, 

detection, and data-sharing program should be established. Once in place, this can 
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minimize potential confusion and shorten the required time for restoration to normal 

systems operations. This study can serve as a model for the development of water quality 

monitoring initiatives needed for the safeguarding of public health. Moreover, this study 

while based on a hypothetical investigation, demonstrates specific credible results and 

methodologies, such as optimal sampling locations, frequency of sampling, and threshold 

ratio of sub-basins to sensors necessary to produce acceptable results. Thus, the proposed 

methodology in the present study combined with information technology strategies can 

be of benefit to federal agencies, and enhance their ability to respond to public health 

emergencies. 
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Table 1. Input selections to feed into the backpropagation network (a: training, b: testing) 

and characteristics of concentration profiles used to recognize each pattern. 
 

 

Distance from
an outlet [m]

Time of
peak con.

Con. Of
peak con.

Travel
time

Order of
travel time

Target
Classfier

5915.0 1462 0.25623 922 13 1
5040.0 935 2.62000 395 11 1
4850.0 892 2.89060 352 11 1
5660.6 1171 0.37483 631 11 2
5172.0 1030 1.89584 490 12 2

1438.5 613 29.94976 73 1 13
4308.0 846 3.67681 306 7 14
3976.0 766 5.45274 226 8 14
3848.0 739 6.88346 199 7 14  

 

 

Distance from
an outlet [m]

Time of
peak

Con. Of
peak

Travel
time

Order of
travel time

Target
Classfier

5335.0 1010 2.03100 470 11 1
5310.0 1102 1.16800 562 12 2
4215.0 802 5.63300 262 9 3
4900.0 1121 1.48000 581 13 4
4995.0 1435 0.65700 895 14 5
5215.0 844 14.59500 304 10 6

2240.0 640 38.40772 100 2 12
784.8 592 30.36540 52 1 13
4116.0 800 4.51047 260 8 14  

 

 

C1 C2 C3 C4 C5 

C1 C2 C3 C4 C5 

(a) 

(b) 
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Table 2. Fraction in each predicted class for the source identification using a 

backpropagation neural network (57% correct classification).  
 

Predicted classifier Predicted classifier Target 
Classifier Computed Round-off 

Target 
Classifier Computed Round-off 

1 3.23 3 8 7.72 8 

2 3.28 3 9 8.77 9 

3 7.32 7 10 10.46 10 

4 4.45 4 11 10.88 11 

5 4.13 4 12 12.33 12 

6 3.51 4 13 12.79 13 

7 6.81 7 14 7.77 8 
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Figure 1. Description of 14 Sub-divisions in the Campbell wash basin. Sensor I shows the 

location of the monitoring site in the Campbell wash basin. 

 

Sensor I 
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Figure 2. A weekly pattern of sewer flows (March 7 – 13, 2005). Peaks (indicated by 

arrows) of sewage flow were observed twice, one in the morning and the other in the 

evening, indicating consistent daily patterns.  
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Figure 3. A triangle shaped-injection pattern of E. coli into each designated manhole. 
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Figure 4. The deployment of a new sensor (sensor II) at an outlet of sub-basin 1, 2, and 3.  

Sensor II

Sensor I
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Figure 5. Feature grouping technique for deciding input parameters. Five characteristics 

from E. coli breakthrough curves were compared separately and/or together to find the 

best combination of input variables to represent each sub-basin. 
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Figure 6. An example of a concentration profile which varies depending upon the 

injection location (E. coli suspension was injected from sub-basin 3). Manhole 5388-07 is 

located closer to the outlet than manhole 5388-11, which is indicated by the narrower 

spread of the concentration curve and early detection time. 
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Figure 7. Graphical description of pattern classification results (a: incorrect, and b: 

correct classification). Three sub-basins, sub-1, sub-2, and sub-3, were trained and tested.  
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APPENDIX 

Table 1. Parcel data of each sub-basin, which represents the numbers of houses in each 

sub-basin, and number of manholes assigned in each-basin. The ratio was calculated 

using the number of houses (parcels) in each basin divided by the total number of houses 

in an entire basin. 
 

Sub-basin Number of 
Parcels 

Number of 
Manholes Ratio 

1 93 50 8.6 
2 76 33 7.0 
3 92 34 8.5 
4 41 25 3.8 
5 31 15 2.9 
6 202 59 18.6 

7 163 47 15.0 

8 78 17 7.2 
9 33 3 3.0 

10 70 10 6.4 
11 88 9 8.1 
12 60 15 5.5 
13 51 17 4.7 

14 8 8 0.7 
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Table 2. Four randomly-chosen manholes per sub-basin where a substantial amount of E. 

coli was injected.  
 

 Set 1 Set 2 Set 3 Set 4 

Sub 1 8015-01 8015-22 5387-34 5387-37 
Sub 2 5387-26 5376-12 5387-44 5387-31 
Sub 3 5388-11 5388-13 5388-09 5388-07 
Sub 4 5389-22 6377-04 8076-20A 8076-19A 
Sub 5 5389-14 5394-75 8076-12A 8076-10A 
Sub 6 5390-46 5390-56 5390-30 5390-24 
Sub 7 8076-16 8076-10 8076-20 8076-18 
Sub 8 5380-08 5380-13 5380-08 5380-01 
Sub 9 4044-16 4044-17 4044-15 5516-19 
Sub 10 5516-07 5516-05 5388-02A 5516-06 
Sub 11 5516-13 5516-17 5516-11 5516-15 
Sub 12 5412-05 5412-10 5412-02 5412-12 
Sub 13 8809-20 5411-04 8809-18 5411-06 
Sub 14 5389-03 5389-05 5389-02 5389-01 
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Table 3. An example of test results using one of the combination methods. A total of 

twenty possible cases were tested; one with 100% correct classification was obtained 

from 3(1C5-3), which is the order of the travel time.  
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Figure 1. Full scale of the network (a) and a longitudinal description of the highlighted 

branch of a full scale of the network (b). The x- and y-axes show the distance of each 

branch.  
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(b) 



 

 

153

(a) 

(b) 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2. A full description of land use in the Campbell wash basin (a). Each polygon 

represents a house. The number of polygons from each sub-basin was used to achieve dry 

weather flow data per sub-basin. An enlarged description of land use (b). 
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Figure 3. A training procedure of pattern recognition using backpropagation.  
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Figure 4. A test procedure using a successfully-trained backpropagation algorithm.  

 


