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ABSTRACT 

The introduction of water quality monitoring systems (WQMSs) into the city wastewater 

discharging and recycling system has been considered as an effective practice to address 

the potential risks to wastewater plants as well as public concerns associated with 

pollution source localization. Under such background, a WQMS was developed and 

deployed in a large Australia Research Council (ARC) Linkage project entitled “A New 

Management System for Effective Wastewater Source Control” to meet the requirements 

of several major Australian water utilities.  

 

A WQMS was developed for this ARC Linkage project, which aims to monitor the 

wastewater quality in city wastewater pipelines to safeguard purified recycled water 

(PRW) system in water treatment companies. The developed WQMS contains both well-

designed hardware and reliable software and implements primary functions including 

data collection, data processing, event detection, alarming, a central server and web-based 

user interface (UI). 

 

To explore the potentials of existing event detection methods using in wastewater 

application environment, six widely used event detection methods in drinking and natural 

water area are evaluated, including Cumulative Sum (CUSUM), Linear Prediction, 

Moving Median, Exponentially Weighted Moving Average (EWMA), Autoregressive 

Integrated Moving Average (ARIMA) and Artificial Neural Networks (ANNs). The 

evaluation is performed on real datasets collected from 10 different pump stations with 

WQMS deployed. 
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Referring to the results of the performance evaluation on some existing event detection 

methods, we designed and developed two methods according to the requirements of the 

practical application. The first modified Bayesian analysis method achieves good 

performance in testing, and it has been applied in deployed WQMSs and trialed for over 

four years without any significant issues. The second one is an ANN-based method with 

multiple classifiers integrated. It achieves excellent overall performance among ten 

testing sites although the high computational cost limits its practical value.   
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 INTRODUCTION  
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In this chapter we provide an introduction of our research. In the first section, the 

background and motivation of our work are introduced. A brief overview of current water 

quality monitoring systems (WQMSs) and some event detection methods which are 

widely used in WQMSs is presented in the next two sections. Based on the status of 

current WQMSs and the specific requirements demonstrated in the overview, the 

objectives of our research are listed in the next section. The structure of the rest of this 

thesis is outlined in the final section. 

 

1.1. BACKGROUND 

An ever-increasing demand for clean water and deteriorating water pollution inevitably 

make freshwater resources scarcer and precious, leading to global fresh water shortage. 

To address the problem of global freshwater shortage, purified recycled water (PRW), a 

product regenerated from wastewater has been considered as an alternative water source 

and widely used in many application areas, such as cleaning, irrigation and electricity 

generation (Radcliffe, 2015). Therefore, significant investments have been made in PRW 

infrastructures worldwide (Fielding & Roiko, 2014). Suffered from the Millennium 

drought occurred from 1997 to 2010, Australia government realized the severity of the 

issue and invested substantial resources in water infrastructure, aiming to maximize the 

water supply capacity by utilizing alternative water sources. 

 

Traditionally, wastewater was discharged after treatment if it meets related environment 

discharge requirements. While now it has been considered as an important source of PRW, 

being introduced into the PRW scheme. Under this circumstance, the quality control and 

management of introduced wastewater becomes crucial to PRW treatment and supplies. 

Due to both natural and human factors, such as heavy rainfall and illegal chemical 
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dumping, the quality of wastewater with contaminants may not meet related treatment 

requirements. If it was fed into the PRW system without proper measures, produced PRW 

may not meet related industry requirements due to the limited treatment capacity of the 

system, or in some extreme case, recycling infrastructure can be damaged. Either of these 

can cause immeasurable losses to lives and properties (Onyango, Quinn, Tng, Wood, & 

Leslie, 2015).  

 

Consequently, to mitigate potential risks at the earliest stage, water quality monitoring 

systems (WQMS) were put in the spotlight and have been widely established. Integrated 

with real-time wastewater quality monitoring and abnormal wastewater contaminant 

event detection methods, which can identify abnormal water quality behaviors from 

normal ones, these systems can ensure the risk to public health is minimized by detecting 

potential contaminant events and raising alarms beforehand. 

 

1.2. WATER QUALITY MONITORING SYSTEMS 

1.2.1. Current WQMSs and Limitations 

Due to the importance of WQMSs, these systems have already been widely developed 

and there have been many related commercial products being used in water resource 

control and management area. These commercial WQMSs can be divided into two 

categories based on their functional independence. Systems contained in the first category 

are designed specifically for water resource management and capable of operating 

independently, such as the related products of Unidata and Suez. While those in the other 

category are designed as generic function modules of other systems. These modules can 

also perform as WQMSs and serve the required purpose when operating with other 

integrated modules. For example, the supervisory control and data acquisition (SCADA) 
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system is a complex control system that is widely used in industry for high-level process 

supervisory management. When it is deployed in water treatment plants, its built-in 

modules can accomplish the targets of a WQMS.   

 

Although all these systems can perform well in their designed application environment, 

there are still some limitations when it comes to wastewater monitoring: 

 

1) Low hardware reliability  

WQMS hardware deployed in a wastewater environment need to withstand more 

extreme conditions than in natural and drinking water environments, such as physical 

abrasion, chemical corrosion and biological contamination. This increases the 

frequency of hardware failures, leading to low system reliability and high 

maintenance costs. For example, a USA Water Environment Research Foundation 

study tested over 50 commercially available online sensors in wastewater 

environment and found out that most of them cannot meet specified wastewater 

quality monitoring criteria because of contamination and biofouling (Rakesh Bahadur 

and Samuels, 2009) 

 

2) Low system robustness  

Many existing WQMSs are designed for natural and drinking water operational 

environment, where water quality parameter perturbation is relatively small and the 

variation of uncertainty factor is relatively slight. The system robustness requirements 

for these systems are not top priorities. While when facing opposite conditions in 

wastewater, they can hardly achieve acceptable performance due to their limited 

robustness. 
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3) High deployment costs  

In practice, to ensure that PRW treatment plants have enough reaction time for 

reported target events, WQMSs need to be deployed in some pump stations which are 

usually remote from treatment plants. The site facilities in these stations are 

inadequate compared with that in treatment plants. This sometimes causes increased 

deployment costs, especially when using WQMSs in the second category since there 

are more problems to be addressed, such as communication and integration with other 

system modules. 

 
4) High customizing costs  

Considering the different designed operating environment of some commercial 

WQMSs and the highly differentiated conditions among deploying sites in practice, 

many efforts need to be made for customizing these WQMSs. For example, if the 

original sensor set solution of a WQMS is not satisfactory in our case, we need to 

develop our own sensor set, along with customized water quality event detection 

methods, and integrate them into this WQMS. During this process, compatibility with 

the original system need to be ensured and verified, which can increase human and 

financial resource costs. 

 

1.2.2. WQMS for Australian Water Utilities 

A world largest PRW system was built by the Queensland Government to secure the water 

supply as a part of the Southeast Queensland Water Grid. An Urban Water Security 

Research Alliance (UWSRA, 2012) was established to ensure the integrity of the PRW 

system and serve the needs of water utilities, regulatory bodies and governmental 

agencies. To control the potential water quality risks from possible contaminants in PRW 
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to safeguard PRW infrastructure, water product, and ultimately public health, Australian 

water utilities urgently needed an effective real-time management system capable of 

acquiring critically important wastewater quality data, determining anomalous 

wastewater quality events and predicting adverse impact of events on wastewater 

operations and wastewater reuse. A large Australia Research Council Linkage project 

entitled "A New Management System for Effective Wastewater Source Control" was 

therefore established to address such critical issues with the support of Australian largest 

water utilities (Sydney Water, Melbourne Water, Water Corporation of Western Australia 

and Gold Coast Water). As involved in this project, after taking consideration of the 

limitations of existing commercial WQMSs in our case, we finally decided to develop a 

new WQMS to meet our practical requirements with the support of Australia Research 

Council and major Australian water utilities. By now this developed WQMS has been 

evaluated over a 3-year trial period at different wastewater pump stations in Australian 

states of New South Wales, Victoria, Queensland and Western Australia. The results 

show that it overcomes the limitations of many existing commercial WQMSs and can 

reliably and continuously operate over a period of 6-24 months without the need for 

calibration and maintenance (Li et al., 2017). 

 

1.3. EVENT DETECTION METHODS 

As one of the most important indicators to evaluate a WQMS, the performance of 

abnormal wastewater contaminant event detection methods applied has a direct impact 

on the performance of such a system. Thus, it is essential to develop an effective and 

reliable system for abnormal event detection of wastewater quality.  
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In the past decades, numerous abnormal event detection methods have been proposed. 

These methods can be briefly divided into two categories: traditional statistical methods 

and machine learning methods. Traditional statistics originated in 17th centuries when 

computing power was not an option. As a result, traditional statistical methods are usually 

used to deal with a relatively small amount of data with fewer attributes and as such, there 

is a good chance over-fitting will occur. Statistical modeling requires the modeler to 

understand the relationship between variables and the implementation they have on an 

equation, in an effort to optimize the output to a specific error. Explicit programming and 

prior knowledge are also necessary to fulfill this. While given a massive amount of data, 

complex and unclear relation between variables, limited prior knowledge on real-world 

occasion, developing a traditional statistic based abnormal event detection method with 

high performance can be difficult. There are some conventional statistics based abnormal 

event detection methods applied in the water management area have been proposed, such 

as Pearson correlation Euclidean distance (PE), Multivariate Euclidean distance method 

(MED), Linear Prediction method and cumulative sum (CUSUM) (Bakker et al., 2014; 

Che, Liu, & Smith, 2015; S. Liu, Che, Smith, Lei, & Li, 2015).  

 

Compared with traditional statistical methods, machine learning methods seem to be 

more suitable for solving complex problems such as water quality abnormal event 

detection. The concept of machine learning was introduced on the 1960s. With the 

improvement of computing power, machine learning related techniques have been 

developing rapidly in the last 20 years. Some machine learning methods were proposed 

or refined, such as artificial neural networks (ANNs), support vector machines (SVMs), 

long short-term memory (LSTM) decision trees, etc. In our research, ANNs are mainly 

focused on. 
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Different from traditional statistical methods, benefitting from strong computing 

capability of computers, ANN methods can deal with a massive amount of data with more 

attributes. Furthermore, the more complex structure provides ANN methods stronger 

ability in expression and capturing features, making it possible to model with less 

assumption and prior knowledge. With these advantages, ANN methods have been used 

in various complex real-world applications, such as image recognition, speech 

recognition, anomaly detection, text classification, etc. In many of these areas, ANN 

methods achieved a high performance, which is even better than the human being's in 

some cases. When it comes to the problem of wastewater quality abnormal event 

detection, ANN methods also show their potentials. Generally, to configure traditional 

statistical methods for water quality abnormal event detection, related prior knowledge is 

necessary to describe the underlying relations between the variables used. While this is 

usually difficult or even impossible when the problem is more complicated and the dataset 

has more dimensions, for example, when dealing with water quality data with more than 

ten water quality parameters, it is difficult to modify varies events and configure statistical 

methods with a formalization of relations between variables. In contrast, given 

determined target and sufficient data, ANN methods can learn from data and obtain 

reasonably good results relying on little prior knowledge and rule-based programming. 

As a result, ANN methods have been widely discussed in the research area of water 

resource management and utilized in some related applications. 

 

Although there has been a considerable amount of research about abnormal water quality 

event detection methods in the water management area, developing an event detection 

method in wastewater scenarios still poses many challenges. Firstly, most of such 

research focuses on laboratory, natural water and drinking water environment. While 
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unlike in laboratory and drinking water environment, constituents of contaminants in 

wastewater can be very complicated. This means that a contaminant event need more 

variables to express and the relations between these variables can be complicated. 

 

Secondly, the generalization ability of methods applied in the wastewater environment is 

considered more critical, especially in our targeting project case. This is because sampling 

units of our wastewater WQMS are usually distributed across various regions (e.g., 

industrial and residential regions) over the pump networks. Wastewater quality behaviors 

in different areas can vary dramatically, making it more difficult to achieve acceptable 

detection performance among all these sites. While in the natural water environment, 

since sampling units are usually deployed in the same continuous water body such as 

lakes and rivers, water quality changes captured by different units can embody more 

similarity. This reduces the requirement to generalization ability of methods applied. 

 

Another challenge comes when utilizing machine learning models such as ANNs 

regarding the data required for training which we want to address. Usually, these models 

need to be trained on training datasets using a supervised learning method (e.g., gradient 

descent or stochastic gradient descent). In this process, parameters in these models are 

fitted and tuned continually to make the prediction results closer to the targets and obtain 

optimized models finally. Therefore, it is believed that the quality of training data directly 

impacts the performance of the final models obtained. While in many works, the training 

data used in their experiments is either purely artificial data, which is artificially generated 

by some method, or combined data containing artificial data and natural data. This means 

their training data characteristics are quite different from those in a real application 
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environment, which can result in a large gap between their proposed method performance 

and the correlating one in the real environment. 

 

1.4. OBJECTIVES 

The overarching aim of this work is to develop and verify the WQMS which is the 

primary target of the ARC Linkage project and establish a reliable wastewater quality 

abnormal event detection platform for it. More specifically, the main contributions of the 

thesis are as follows: 

1) Develop and verify the WQMS, making it overcome the limitations of existing similar 

commercial products and achieve the objectives of the ARC project. 

 

2) Collect a sufficient amount of natural data and label all abnormal events. Taking part 

in the project makes us eligible to access a massive amount of wastewater quality data 

spanning five years from nearly twenty sites distributed in four cities. Furthermore, 

with professional knowledge and experience from Griffith University Environment 

School and water companies, accurate data labelling becomes possible. 

 
3) Evaluate the performance of existing abnormal water quality event detection methods 

over wastewater quality data. To get reliable method evaluation results, existing event 

detection methods are selected from similar research. Then these methods are tested 

over well-prepared datasets from different sites with various characteristics and 

parameters used in these methods are optimized using Genetic Algorithms (GAs). 

Performance criteria are also carefully designed considering industry requirement and 

method development. 
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4) Establish a reliable wastewater quality abnormal event detection platform for 

wastewater WQMSs. The platform should achieve good event detection results and 

have generalization ability to processing data on different sites with various 

characteristics and behaviors. We use a feed-forward neural network integrated with 

multiple classifiers as the structure of the event detection platform. Considering the 

various data characteristics and behaviors, a single classifier can hardly perform well 

in all different sites. Thus integrating different methods and allocating them 

confidence with NNs becomes an option, which can achieve better overall results 

among sites with stronger generalization ability and optimize the trade-off between 

the advantages of integrated methods. When selecting integrated methods, our scope 

is not confined to machine learning methods only, since some statistical methods (e.g., 

PE, MED, Linear Prediction method and CUSUM) also shine when being used for 

some relatively simple abnormal events in which the relations between variables are 

easy to programme. 

 
5) Test designed platform on deployed WQMSs in a real environment and evaluating its 

performance. We test our developed platform on historical data that has not been used 

in the development process. The test terms include total accuracy, positive alarm rate, 

false alarm rate, model training time and receiver operating characteristic (ROC) area. 

 

1.5. SCOPE OF RESEARCH 

The remainder of this thesis is organized as follows. In the following chapter, we will 

review those widely-used techniques in water quality abnormal event detection. The main 

contributions are presented in Chapters 3 to 5. 

 



  12 

In Chapter 3, we present the overview of our developed WQMS by introducing its 

hardware architecture design, software implement and system deployment. In the 

hardware architecture design part, we introduce related system requirements, the 

designed hardware components of this system, challenges to the hardware and how we 

address them. In the software implement part, details about the system software 

development and implement are presented, which include the system requirements, 

software architecture and the implement of important system functional modules. In 

system deployment, we show how the system is deployed, what problems we have met 

and how they are solved. My contributions to this project, which are also my Ph.D. 

research works mainly involved: 

a. Hardware calibration, testing and deploying. 

b. Software system design and development. 

c. Event detection method development and optimization. 

In the rest of this chapter, we will introduce the WQMS from both hardware architecture 

and software design aspects. 

 

In Chapter 4, we evaluate the performance of some popular event detection methods in 

the water management area. To understand the advantages and disadvantages of some 

existing widely-used water quality event detection methods when being applied in 

wastewater scenarios, some experiments are designed and performed to evaluate their 

performance on wastewater datasets. 

 

In Chapter 5, based on the results illustrated in Chapter 4, we design and implement some 

event detection methods for our WQMS. In this chapter, we will introduce these methods 

and provide a discussion according to their performance. Three categories of methods are 
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introduced, including statistical methods, data-driven methods and an integrated method.  

Finally, the results of the thesis and an outlook to future works are summarised in Chapter 

6. 
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In this chapter, some major approaches utilized in event detection method development 

process for water quality event detection are reviewed and discussed. The approaches 

investigated include the selection of performance criteria, data and event detection 

methods. 

 

In the first section, we review some performance criteria used in water quality event 

detection, which are essential to determine before method design. Then in the second 

section, contents about water quality data are reviewed, including data sources, data 

division and data pre-processing. In the next two sections, we provide a review on some 

methods used in the water quality event detection area and several existing WQMS. Their 

advantages and disadvantages are also discussed. Finally in the last section, a summary 

of this chapter is given. 

 

2.1 PERFORMANCE CRITERIA 

At the beginning of the method development process, defining proper performance 

criteria is important. The performance of an event detection method can be described as 

the capability of accurately distinguishing events from a mix of events and normal 

background. There are quite a number of indicators used to evaluate the performance of 

an event detection method such as accuracy, true alarm rate and false alarm rate, in which 

the receiver operating characteristic (ROC) curve is one of the most widely used one 

(Hanley & McNeil, 1982; Liu, Li, Smith, & Che, 2016; Liu, Smith, & Che, 2015). We 

used receiver operating characteristic (ROC) curve to evaluate the method performance. 

A ROC curve denotes the true positive rate (TPR) corresponding to the false positive rate 

(FPR), both of which can be calculated during each iteration of event detection test 

process using the following formulas. 
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𝑇𝑃𝑅 = %&
%&'()

                                                                                                                   (1) 

𝐹𝑃𝑅 = (&
(&'%)

                                                                                                                   (2) 

in which TP, FN, TN and FP are true positive, false negative, true negative and false 

positive respectively. They represent four classes of observations: true positive - the 

observations classified as events during true events, false negative - the observations 

classified as normal background during events, true negative - the observations classified 

as normal during normal background, and false positive - the observations classified as 

events during normal background. Then the evaluation of an event detection method can 

be denoted by the area under its ROC curve. The larger its ROC area is, the better its 

performance. 

 

For event detection applications applying ANNs, besides the detection accuracy, training 

speed and the time delay between observation inputs and prediction outputs are also 

important performance criteria. There can be several factors influencing the training time, 

which can mainly include the training method selected and its internal parameter settings. 

The time delay can be influenced by the type of neuron connections in the network and 

the number of their weights given a particular platform. It is believed that lower time 

delay can be achieved by keeping the network connections and their weights fewer and 

simpler. 

 

The criteria to justify the performance of an event detection method are usually 

determined clearly in most related studies. In most cases, prediction accuracy was the 

primary performance criterion and was measured using a variety of metrics (TP, TN, FP 

and FN) since it can provide a more straightforward result. While practically applications 

may need more specific performance indicators to meet their different requirements. For 
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example, in some applications high true positive rate is valued more since event detection 

rate is the highest priority, while in other applications low false positive rate is the most 

important since too many false alarms cannot be tolerated. This is the reason the ROC 

curves, which are constructed by TPR and FPR, were also mentioned in some papers. 

Since prediction accuracy can be seen as a trade-off between TPR and FPR, ones can 

optimize the models according to their specific requirements by using ROC curves and 

maintain the same level of prediction accuracy. 

 

Time consumed in training and testing process was also used as performance criteria in 

some researches. Shukla et al., (1996) and Yang, Prasher, and Lacroix (1996) used 

processing speed during testing as the primary performance criterion, as ANN models 

were used as alternatives to time-consuming procedural models for real-time applications. 

Short training times were also mentioned as being desirable in many papers but were only 

assessed explicitly in papers in which the performance of many training algorithms was 

compared. The relationships between the various performance criteria and network 

architecture and the optimization algorithm used were generally not considered.  

 

2.2 ABOUT THE DATA  

Data, as the operating object and design basis of an event detection method, plays an 

important role in the method development process. Thus, it is usually well discussed in 

the corresponding researches as event detection methods are proposed. Questions such as 

where the data comes from, how many water quality parameters it should contain and 

how it should be pre-processed and organized were raised and answered to guarantee the 

performance of designed methods. In this section, approaches used dealing with data in 

water event detection related researches will be reviewed, which include data sources 
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selection, data division and data pre-processing. To make it more clear, the major features 

of data investigated in these researches are extracted and summarised in Table 1 in 

appendices, including the location of application, model time step, forecast length, data 

type, normalization range, number of training samples, number of testing samples. 

 

2.2.1 Data Sources 

To design methods with high accuracy and efficiency for event detection and impact 

prediction, sufficient water quality data is usually indispensable, especially in the cases 

that some complex machine learning models are utilized. Since some data-driven 

machine learning models, such as Artificial Neural Networks (ANNs), need an abundant 

supply of data to be trained, the quality of data will significantly impact the accuracy of 

designed models. Considering data sources and the way they are constructed, the methods 

of data collection fall into three categories.  

 

From the view of data sources, there are mainly three categories of water quality data, 

which are natural data, artificial data and combined data. Each of them is widely used in 

water research area for a different purpose and on different occasions. 

 

Natural data 

Natural data is the data collected directly from the environment where target methods 

designed would be applied. For example, when we plan to develop a contaminant event 

detection method for the system deployed in a pump station, the data used for the method 

is natural data if it is collected from this pump station directly. Natural data represents a 

distinct advantage when abundant and more accurate data information is required. Since 

the real-world scene information can be complicated, natural data collected directly from 
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the real environment can maintain more data characteristics, which are rather crucial for 

method design especially for most machine learning methods those need data for training 

and validation. Though natural data has its distinct advantages, it still has some 

disadvantages.  Firstly, sometimes it is not practical to collect natural data considering 

the potentially high cost for the solution to it. Secondly, it usually takes a long time to 

collect an abundant supply of natural data being limited by data sampling intervals. 

Finally, although natural data contains more data characteristics, it may also contain more 

noises that are irrelevant to observed events. Thus an extra noise reduction method needs 

to be integrated and the complexity of the whole system increases as a result. 

 

There are two typical methods to collect natural data in practice. One is a traditional way 

based on manual sampling and laboratory analysis loops. The other is to collect data using 

an automatic water quality monitoring and sampling system which can acquire water 

information in real time. Though the traditional method had been used for a long time 

because of its reliability, recently it has been less used considering its apparent 

disadvantages. In a word, it is too slow for the requirements of modern water management. 

Manual sampling needs more reaction time when contaminant events occur and this will 

result in failing to collect target data when contaminant events are short. Also, traditional 

data collection method usually takes longer in every step: sampling, transmitting and 

analyzing data. This makes intervals of data collection too long to prepare enough natural 

data to design event detection methods. While the other method using automatic WQMS 

makes up for these shortcomings with electrical and sensor technology. With high-speed 

network integrated, a large distributed WQMS has the capability of continually collecting 

real-time water quality data from hundreds or more sampling units deployed and 

transmitting it in time to a back-end server to store for further analysis. Using automatic 
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WQMS to collect natural data is a more advanced and widely-used solution in most water 

environment management related applications if the relatively high cost for WQMS 

deploying and maintaining can be accepted. 

 

Artificial data 

Artificial data literally means a set of data that is generated by applying artificial methods 

rather than sampling from the environment where the target method to be designed with 

this data is actually utilized. The advantage of artificial data is that it is much easier and 

faster to obtain than natural data. Instead of deploying expensive automatic water quality 

sampling system in the real environment or performing time-consuming laboratory 

analysis after manual sampling, an abundant supply of simulated data can be efficiently 

generated under relatively more uncomplicated conditions. While its disadvantage is 

obvious. As we all have known, behaviors of water quality usually embody a high level 

of complexity in the natural environment. Therefore, artificial data can hardly perform 

precisely the same as natural data. Then, as a result, the reliability of designed methods 

using artificial data can be affected negatively because the quality of data has a direct 

impact on methods designed with it (Liu et al., 2016).  

 

Although using artificial data can come with some limitations, it is still a useful solution 

in some cases. For example, when collecting natural data is not practical or natural data 

collected is not sufficient, using artificial data for method design or validation can be an 

acceptable option. Typically there are two typical ways to obtain artificial data. One is 

directly generating data using mathematical methods. Actually, a lot of mathematical 

methods have designed for generating water quality data and been used widely Mckenna, 

Wilson, and Klise (2008). It is a fast way to get appropriate data and its result can serve 



  21 

in part some research purpose with well-chosen mathematical methods and fine-tuned 

parameters. However, when a higher similarity to natural data is required, it is difficult 

for mathematical methods to meet the requirements. Even it is possible, it will not be 

efficient at all. Under this circumstance, another way to obtain artificial data is always 

applied, which is a laboratory experiment simulation. Designing an experiment to 

simulate the conditions in the natural environment and sampling data when target event 

(such as contaminant events) occurs is supposed to maximize the data similarity to its 

corresponding performance in natural environment, and furthermore, to ensure higher 

reliability of designed methods as outcomes. For example, in an experiment performed to 

design and test event detection methods used in the natural water area,  Liu, Che, Smith, 

and Chen (2014) designed a pilot-scale contaminant injection and monitoring system. 

This system can simulate contaminant events those occur in natural water area by 

injecting target contaminant into its recirculating system simulator that has a total 

capacity of 300 L and collect data with eight conventional water quality sensors 

developed by Hach Homeland Security Technologies. 

 

Combined data 

In some scenarios, data used for method design can be a combination of both natural data 

and artificial data. For example, to construct enough data for training a neural network, 

one can inject event segments from natural data into artificial background data or vice 

versa. Combined data is usually an ideal solution, especially when considering the trade-

off between the requirements for data amount and characteristics. Many water 

environment management applications are utilizing combined data for method design and 

many studies discussing the approaches to generate combined data. 
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It can be seen from Table 1 that real data was used in most cases, while data were 

generated artificially in the others. It should be noted that in some cases (Karunanithi et 

al., 1994; Thirumalaiah & Deo, 2008), real data were used in some of the validation sets. 

 

2.2.2 Data Division 

Data used for ANN modelling is usually divided into two subsets: a validation set and a 

training set. Since ANNs cannot extrapolate outside the range of training sets, when 

validation sets contain the data that is not included in training sets, it can result in poor 

performance. That is why it is important that both the sets should be representative of the 

same population. The holdout method can be used to maximize utilization of the available 

data when the data amount is limited. It withhold a small subset of the data for validating 

and use the rest for training. When the training process is finished, another subset of data 

is then withhold as a validation set and the above process continues until all available data 

is utilized.  

 

Another widely-used method for ANN modeling is cross-validation. In cross-validation, 

the available data is divided into three sets: a training set, a validation set and a testing 

set. The testing set is used to evaluate the model performance during training process as 

an independent dataset since the validation set should not be utilized in training process 

In most of the reviewed papers, data division was not performed correctly. At least two 

datasets were utilized in all but one paper (Crespo & Mora, 1993). In many papers, 

validation data sets were utilized in training process incorrectly. Only two papers (Golob 

et al., 2000; Raman & Sunilkumar, 1995) used an independent testing set used besides 

the training and validation sets. The methods they divided training and validation sets 

differs a lot (Mashford et al., 2012; Whitehead et al., 2012). Furthermore, the maximized 

utilization of the available data and the statistical properties of data was not considered 
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carefully in all these papers The holdout method, which can overcome the above problems, 

was only applied on a few cases (Fernando & Jayawardena, 2008; Jayawardena & 

Fernando, 2011). It should also be noted that in some of these cases, the number of data 

samples used in training, validating and testing is relatively small, even in some cases 

using artificial data. This can cause the problem that the models are not trained enough 

and influence their performance negatively. It also should be noted that the time step 

length used in most cases are longer than 6 hours. In some cases, the time step was chosen 

even as long as a year. Though it is understandable that gathering sufficient real data with 

short duration can be difficult due to the limitations of the application environment, long 

duration data do cast doubt on the model performance when dealing with both short-term 

and long-term events. 

 

2.2.3 Data Pre-processing 

Proper data pre-processing is important in any method development process,. Event 

detection methods are no exception, and data pre-processing can have a significant effect 

on method performance. Since the ranges of different variables vary greatly, to ensure 

that all variables receive equal attention during the event detection process, they should 

be normalized. In addition, noise reduction is a necessary process since raw data usually 

contains noise. This noise comes from various sources, such as sensor signal variation, 

transmission errors, etc. It can impact the performance of event detection models 

negatively without being reduced.    

 

Data normalization Water quality data normalization essential because different water 

quality parameters are usually measured in different units, which can lead to a biased 

detection result. One data normalization method is subtracting the mean from the original 
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data and then dividing the results by its standard deviation. Another method is subtracting 

the minimum value from the original data and then dividing the results by the gap between 

the minimum and maximum values.  

 

Noise reduction Noise reduction is another necessary process. In order to reduce the 

impact of noise on abnormal event detection, data de-noising is required. Moving 

averaging is a popular de-noising methods. However, it can cause detection delay which 

would defeat any gain from the de-noising process (Yang, Haught, & Goodrich, 2009). 

Other widely-used de-noising methods are the LOWESS method (Murray, Ghazali, & 

McBean, 2012), Holt-Winter’s smoothing method (Kumar et al., 2012), and the cosine 

transform method. In this study, Kalman filtering (Julier & Uhlmann, 1997) is used for 

de-noising. Kalman filtering is a widely-used noise reduction method on time series that 

contains statistical noise. It can be formulated as the process 

𝑥, = 𝐴𝑥,./ + 𝐵𝑢, + 𝑤,./                                                                                            (3) 

with measurement z ∈ 𝑅6 given by 

𝑧, = 𝐻𝑥, + 𝑣,                                                                                                                (4) 

The random independent variables 𝑤, and 𝑣,  are the process and measurement noise 

respectively 

𝑝(𝑤)	~	𝑁(0,𝑄), 𝑝(𝑣)	~	𝑁(0, 𝑅) 

 

The state 𝑥, represents the water parameter values estimated by the Kalman filter given 

the last state 𝑥,./, and the measurement 𝑧,	represents the sensor readings in time step k. 

𝑢, is an input control vector which can be ignored in our case. 
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There are two groups of equations used in the Kalman filtering process, for time update 

and measurement update. The first group of equations are used to estimate the 

measurement at the next time step given the current state and the error covariance 

estimates. The other group of equations are responsible to refine new estimates by 

comparing new measurements with their corresponding estimates obtained from the first 

group of equations. 

 

The equations for the time updates are shown as follows 

𝑥C,|,./ = 𝐴𝑥C,./|,./ + 𝐵𝑢,./                                                                                         (5) 

𝑃,|,./ = 𝐴𝑃,./|,./𝐴% + 𝑄                                                                                            (6) 

in which 𝑥C,|,./ is the state estimate at time k given measurement up to and including at 

time k-1. And 𝑃,|,./	is an error covariance matrix measured between 𝑥,	and 𝑥C,|,./. The 

equations for the measurement updates are shown as follows 

𝐾, = 𝑃,|,./𝐻%F𝐻𝑃,|,./𝐻% + 𝑅G
./

                                                                              (7) 

𝑥C,|, = 𝑥C,|,./ + 𝐾,(𝑧, − 𝐻𝑥C,|,./)                                                                                (8) 

𝑃,|, = (𝐼 − 𝐾,𝐻)𝑃,|,./                                                                                                 (9) 

where 𝐾,  is the Kalman gain used to weight the current state and the measurement 

estimates. 

 

The time updates and the measurement updates alternate with the prediction advancing the 

state. In this way, data with less noise is obtained for the abnormal event detection process.  

 

2.3 EVENT DETECTION METHODS 

Event detection, as the core process of a WQMS, can distinguish normal background and 

target abnormal data behaviors. A typical water quality event detection process can be 
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described as follows: Firstly, new sampled observations are compared with pre-

determined normal data patterns. Secondly, an anomaly score is calculated based on the 

comparison results obtained in the first step. Finally, the computed anomaly score is 

compared with a pre-set threshold. The new observations are declared as an event once 

the anomaly score exceeds this threshold. There can be some challenges in this process, 

such as how to ensure the reliability of these outliers and how to maintain the performance 

among different deploying environment. Several water quality event detection methods 

have been proposed (Murray et al., 2010), mainly including the statistical methods and 

data-driven machine learning methods. 

 

2.3.1 Statistical Methods 

Several methods based on statistics have been proposed for applications in water quality 

event detection. Considering the fact that water contaminant events are usually complex 

and represented by the variation of multiple water quality parameters, a real-world water 

quality event detection method should be capable of identifying events by analyzing the 

relations between parameters. In the experiment carried out by Hall et al. (2007), it is 

shown that multiple sensors can respond to a single contaminant event. This result 

inspires researchers to consider multiple sensor's responds when designing a water quality 

event detection method. A real-time event adaptive detection, identification and warning 

(READiw) method used in a drinking water pipe was developed by Yang et al. (2009).  

This method applies observations of three water parameters as input, including pH, total 

chlorine and oxidation-reduction potential. It can perform event detection by reducing the 

normal background in observations. Total chlorine is shown to be an important water 

quality parameter for event detection in the drinking water area. Another water quality 

event detection method named the Hach HST was developed by Kroll (2007). Five water 
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parameters are involved in this method, including conductivity, pH, turbidity, total 

chlorine and total organic carbon.  All the readings from the five sensors are processed as 

multivariant data and an anomaly score is generated. Potential events can be declared by 

comparing the anomaly score and a pre-set threshold. However, multivariant data from 

five sensor readings are applied in his study, the internal relationship between them is not 

explored. 

 

The following are some statistical event detection methods that need more introduction. 

The first one is the cumulative sum control chart (CUSUM). It is a widely used method 

in water management area including water quality event detection (Bakker et al., 2014; 

Cluis, 1983; Shams, Budman, & Duever, 2011; Srirangarajan et al., 2013).  

 
CUSUM 

The CUSUM chart is used to monitor the mean of the measurements sampled from the 

process at specific given times. Subgroups are then constructed by these measurements 

at the given times. In this study, we let each subgroup contain just one individual 

observation and select the standard two-sided CUSUM. Let 𝑥J be the 𝑖th observation of 

the dataset in a window of size 𝑊MNONP . The mean and variance of the distribution are 

denoted by 𝜇R and 𝜎T respectively. Then the standardized value of 𝑥J	is 

𝑋(𝑖) = VW.XY
Z

                                                                                                                                  (10) 

 

The standardized two-sided CUSUM can be calculated as follows: 

𝑈J = max	[0, 𝑋J − 𝑘 + 𝑈J./]                                                                                           (11) 

𝐿J = 𝑚𝑎𝑥[0,−𝑋J − 𝑘 + 𝐿J./]                                                                                       (12) 
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where 𝑈R and 𝐿R are initialised to 0, and k is set to 𝜇V. We initialize the decision interval 

value h to be 5𝜎. Once 𝑈J or 𝐿J exceeds h, an alarm will be raised. The value for h should 

be chosen wisely according to the requirements of particular cases. With smaller h, this 

method can classify potential events faster. But at the same time, the false alarm rate can 

be high since normal water quality behaviors can be classified as abnormal when the 

decision interval h is small. When h is set larger, the detection accurate of this method 

will increase since only significant abnormal behaviors are classified as events. But it can 

also lead to high missing rate when some less significant abnormal behaviors are 

considered as targets events. Here we choose 5𝜎 as the value of h according to the results 

of our trial and error experiments on our collected data. The decision interval h along with 

the window size 𝑊MNONP need to be optimized in an optimization process to maximize 

the method’s performance. 

 

LINEAR PREDICTION 

Linear Prediction method, which is also known as linear predictive coding (LPC), has 

been widely used in different applications, such as speech recognition, data forecasting, 

abnormal event detection, etc. The objective of Linear Prediction method is to estimate 

the forthcoming values of discrete-time samples 𝑋e(𝑛)  given previous samples by 

constructing a model of a linear time-invariant system and calculating a set of coefficients 

in it. The most common representation is 

𝑋e(𝑛) = −∑ 𝑎J𝑋(𝑛 − 𝑖)
&hi
Jj/                                                                                              (13) 

where 𝑋e(𝑛) is the predicted value at time n based on the previous 𝑃k&  estimates and 

𝑋(𝑛 − 𝑖) are the previous values according to which the prediction is performed. 𝑎J are 

called the predictor coefficients. The predictor error is defined as the difference between 

the actual output and the prediction: 
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𝑒(𝑛) = 𝑋(𝑛) − 𝑋e(𝑛)                                                                                                       (14) 

in which 𝑒(𝑛) is the predictor error and 𝑋(𝑛) is the true observation value. Hence the 

detection threshold is defined as follows: 

𝐸k& =
/
n
∑ 𝑎𝑏𝑠q𝑒r(𝑛)sn
rj/                                                                                                   (15) 

in which 𝐸k&  is the average predictor for the entire system. It is calculated by averaging the 

sum of the absolute values of all predictor errors for 𝑠 number of water quality parameters. 

An alarm will be triggered when 𝐸k&  exceeds a pre-set detection threshold 𝐷k&.  

 

MOVING MEDIAN 

Moving median is another statistical method that can be used in time series abnormal 

outlier detection. For some given samples, their median is the one in the middle of their 

ascending sequence. Compared to the mean of these samples, median is believed to 

estimate their typical value better, especially when large outliers exist.  

Let ν be the median of sample z[i], it can be defined as follows: 

𝑣 = 𝑚𝑒𝑑𝑖𝑎𝑛(𝑧[1], 𝑧[2],… , 𝑧[𝑛]) 

= y
𝑍 {|'/

T
}			(𝑛	𝑖𝑠	𝑜𝑑𝑑)

�{��}'�[
���
� ]

T
			 (𝑛	𝑖𝑠	𝑒𝑣𝑒𝑛)

                                                                                               (16) 

where Z[i] is the ascending sequence of z[i]. 

For time series that can be represented by the sequence: 

x[k], k = 0, 1, 2, …, N-1.   
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Its trend can be estimated by continuously updating its median in a M size sliding window. 

The trend y[k] can be calculated as follows: 

𝑦[𝑘] = 𝑚𝑒𝑑𝑖𝑎𝑛(𝑥[𝑘], 𝑥[𝑘 + 1],… , 𝑥[𝑘 +𝑀 − 1])                                                           (17) 

where k = 0, 1, … , N - M.   

 

To determine the lower and upper thresholds, the {l, u} confidence interval of the baseline 

estimated previously is used respectively, in which l and u should be in the range of 0 < l 

< u < 1. Outliers are determined by taking the mean of the previous p data points and 

comparing it to the modified confidence interval, based on the following rules, where w 

is the window width of the moving median. 

𝑦J.�:/|� < 𝑚𝑒𝑎𝑛F𝑦J.�, 𝑦J.�'/, … , 𝑦JG or                                                                          (18) 

𝑦J.�:/|� > 𝑚𝑒𝑎𝑛F𝑦J.�, 𝑦J.�'/, … , 𝑦JG 

Here 𝑦J.�:/|�  and 𝑦J.�:/|�  are regarded as the positive threshold and negative threshold 

respectively. Parameters used in this procedure (w, p, l, u) are generated and optimized 

by the genetic algorithm. 

 

EWMA 

The exponentially weighted moving average chart (EWMA chart) is a type of control 

chart which is widely used in time series quality control, such as monitoring the changes 

of water quality variables. It differs from other control chart methods in that the EWMA 

chart apply exponentially-weighted moving average on all subgroups of observations, 

instead of treating them independently. The weights are assigned to observation samples 

by EWMA according to their order. More recent observations are assigned higher weights.  
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There are two parameters in the EWMA chart method. One is λ, which is the weight 

assigned to the most recent observation mean in the sliding window. λ should be in the 

range of (0,1) and in practice it is usually set between 0.05 to 0.3. The other parameter is 

L, which is the standard deviation multiple of observations within the sliding window and 

is usually set to 3.  

 

The successive observations z[𝑖] is calculated using the following formula: 

𝑧J = 𝜆�̅�J + (1 − 𝜆)𝑧J./                                                                                                       (19) 

where �̅�J is the average of the observations in the sliding window.  

The control limits are calculated as follows: 

𝑇 ± 𝐿 O%
√|
� �
T.�

[1 − (1 − 𝜆)TJ]                                                                                      (20) 

in which T is the long term mean of the observations, S is the standard deviation and n is 

the number of observations in the sliding window. Observations that exceed these limits 

can be determined as outliers or abnormal events after being confirmed. 

 

ARIMA 

An autoregressive integrated moving average (ARIMA) is a statistical analysis model that 

is used to predict the future trends of time series data. It estimates how one dependent 

variable is relative to other using regression analysis. An ARIMA model can be denoted 

by ARIMA(p,d,q). The three parameters p, d and q are involved in three components 

which are contained in this model and can be described as follows: 

 

AR (Autoregression): A model that describes how a dependent variable depends linearly 

on its lagged values. In the following formula, p is the number of lagged observations 

taken into account 
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𝑋� = 𝑐 + ∑ 𝜑J𝑋�.J
�
Jj/ + 𝜀�                                                                                           (21) 

 

I (Integrated): A model that applies differencing on the raw observations to make the 

time series stationary. It removes the dependency on the observation time, eliminating 

trend and data seasonality. Parameter d is the degree of differencing. For d = 2, i.e. second 

order differencing, we have 

𝑦�∗ = 𝑦�� − 𝑦�./�                                                                                                                  (22) 

						= (𝑦� − 𝑦�./) − (𝑦�./−𝑦�.T) 

						= 𝑦�−2𝑦�./ + 𝑦�.T						 

 

MA (Moving Average): A model that shows how variables depend on residual errors 

from a moving average model.  

𝑋� = 𝜇 + 𝑥� + 𝜃/𝑥�./ + ⋯+ 𝜃�𝜀�.�                                                                            (23) 

The optimal parameters p, d and q can be found automatically using tools such as 

auto.arima in the statistical package R. The other parameter h determines how many time 

steps this ARIMA model should predict, which can affect the model’s performance, it 

needs to be tuned during the optimization process. 

 

There are some other statistical methods used for water quality event detection, such as 

the multivariate Euclidean distance (MED) method (Klise & McKenna, 2006) and 

Pearson correlation Euclidean distance-based method (PE) (Liu et al., 2015). However, 

most of them have a common drawback that the threshold level is site dependent. Field 

calibration is necessary when the method applied to a different site from the one for which 

the method is once developed and tuned. In other words, their method generalization 
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ability is relatively low, which makes them not that applicable when there are many sites 

where the water quality behavior varies obviously. 

 

2.3.2 ANN Methods 

The artificial neural network (ANN) modeling methods have been widely used by 

practitioners in water quality event detection areas, since they can overcome some of the 

difficulties associated with traditional statistical methods. The main reasons for this is 

that ANN methods require much less human intervention than traditional statistical 

methods to generate decision rules and achieve acceptable results. Because of this reason, 

users can treat the ANN models as black boxes which gets data as input and outputs its 

predictions. Not much human intervention is needed during its development and 

operation. As a contrast, statistical methods usually need much prior knowledge to 

establish their governing rules, which makes it difficult to implement in practical 

applications.  

 

In this section, approaches utilized in the ANN modeling process in water event detection 

researches will be reviewed. To make it more clear, the major features of the models 

investigated in these papers are extracted and summarised in Table 2 in appendix.  

ANNs are models inspired by the biological neural networks in animal brains. They can 

be trained using an amount of training data to solve many complicated problems such as 

image recognition, intelligent controlling, weather forecasting, etc. ANNs are constructed 

by some units called artificial neurons. The function of these neurons is relatively simple. 

They take a number as input, apply it in a function called activation function (or transfer 

function) and output the result. There are a few kinds of activation functions, such as the 

logistic function and hyperbolic tangent function, among which the logistic function is 
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the most widely used one. These neurons connect with each other in a specific type of 

connection, such as feed-forward and recurrent, to construct layers and then networks. 

Input and output layers locate in the two sides of the network where the input vector is 

taken and the output result is computed respectively. Several optional hidden layers can 

be in between input and output layers. Each connection between neurons is allocated with 

a numeric weight. The input of neurons that are not in input layers is calculated by 

computing the weighted sum of the output of successor neurons with their connection 

weights. ANNs can be trained by training methods such as the back-propagation and 

Levenberg–Marquardt (LM) algorithm. The optimal result of the training process is a set 

of weights minimizing the residuals between the network output and target values given 

a specific network architecture and data divisions. 

 

In this section, some studies on the steps in the development of ANN models are reviewed. 

The available options at each step are introduced and discussed. 

 

Determination of network architecture 

The network architecture of an ANN model determines the number of neurons contained 

in the network, how they are connected and how information is transmitted and processed 

through the network. It is an important and challenging step in the model development 

process. 

 

Type of connection There are mainly two types of connection in ANN models used 

widely in water quality event detection areas. The first one is named feed-forward 

networks, in which the neurons in one layer are only connected to the ones in the next 

layer. The other type is recurrent networks. Different from feed-forward networks, 
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neurons in a recurrent networks can be connected to the ones in the next layer, the 

previous layer, the same layer and even themselves. This type of ANNs has been 

considered as a alternative in some practical applications. However, some limitations of 

this type have been also reported. For example, it is difficult to capture long-term 

dependencies using recurrent networks.  

 

Another parameter named the degree of connectivity should be considered and optimized 

for better model performance. The degree of connectivity denotes how the neurons in a 

network are connected (i.e. fully or partially). It has an impact on the number of 

connection weights that need to be optimized. In most water resource event detection 

instances, fully connected networks are utilized. The number of studies using partial 

connectivity is relatively small. 

 

Network geometry The number of neurons, the number of their connections and how 

they are arranged is determined by network geometry. Since for a typical ANN, the 

structure of its input and output layers is fixed according to input and output requirements, 

the network geometry of the ANN is done by determining the structure of its hidden layer, 

which usually means fixing the number of hidden layers and the number of neurons in 

them. ANNs with simpler network geometry can achieve acceptable results during the 

training and testing process with good generalization ability. Furthermore, requiring 

fewer physical resources makes it easier and more economical to be implemented on 

hardware. On the other hand, training such networks is more complicated since it can be 

more challenging to achieve the global optimum. As a contrast,  ANNs with more 

complicated network geometry have their advantages that they can achieve the global 

optimum in fewer training cycles because of its more complex structure and decision 
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regions formed. But at the same time, a massive amount of training data and higher 

computational costs are required to obtain acceptable generalization ability. 

 

The number of hidden layers is a crucial factor to improve the performance of ANN 

models. ANN model with one hidden layer is believed to be capable of approximating 

any function as long as a massive amount of neurons and connections are provided. 

However, considering the computational costs and the difficulty to implement, this 

solution of applying one hidden layer with a prohibitive number of neurons is not practical. 

Under this scenario, using two or more hidden layers with fewer neurons and connection 

in each of them becomes an option. Many applications suggest that applying ANNs with 

two hidden layers is reasonable in most cases of water quality event detection (Maier, 

Dandy, & Burch, 2010; Minns & Hall, 1996; Xiao & Chandrasekar, 2001). However, the 

optimal network geometry for an ANN is still highly problem dependent. 

 

After determining the number of hidden layers, the number of neurons in each layer also 

needs to be fixed. Usually, the number of neurons in the input layers is determined 

according to the input. For example, when the model input is a vector with length N, the 

number of neurons in input layer should be set to N as well. Similarly, the number of 

neurons in the output layer should be set according to the model output requirements. 

Then the challenging part comes to how to choose the proper number of neurons in each 

hidden layers. On one hand, a sufficient amount of neurons are necessary to achieve good 

generalization ability; on the other hand, a massive number of neurons in hidden layers 

can lead to the problem of overtraining. A propriate way to do this is considering both of 

these aspects and finding the balance between them. Here we need to explain overtraining 

a bit more. During the training process, ANN models optimize themselves for better 
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performance by keeping reducing the cost function output in training cycles. However, 

when it is reduced to a certain point, continuous training can result in overtraining.  An 

overtrained ANN has learned too much from the training data and been overfitted to it, 

which means the model can only achieve good performance on the training dataset but 

not on others because of its low generalization ability caused by overtraining. Aiming for 

acceptable model generalization ability,  researchers proposed some methods on how to 

determine the number of neurons in hidden layers. Some suggest that the connection with 

neurons should not be more than the number of training samples (Rogers & Dowla, 1994). 

Some others suggest that the ratio of the number of training data to the number of 

connections should be 2 to 1 (Masters, 1993) or 10 to 1 (Weigend, Huberman, & 

Rumelhart, 1990). Amari et al., (1997) suggest that when the number of training samples 

is 30 times that of connection weights at least, over-fitting will not occur. However, 

determining the network geometry of ANN models is highly problem dependent. In fact, 

the optimal network geometry still cannot be ensured when we perform according to these 

suggestions.  In practical, the method of trial and error is still the most commonly-used 

one in many applications. 

 

It can be seen from Table 1 in appendices that feed-forward networks are the most widely-

used used in these papers about water quality event detection and monitoring, except 

some cases with recurrent architecture used (Chow & Cho, 1997; Hsu et al., 1997). In 

many of these papers, lagged input with dynamic information is incorporated into their 

models. Processing speed is considered as a key performance indicator in two papers in 

which feed-forward architecture is applied (Mashford et al., 2012; Thirumalaiah & Deo, 

2007). Though the fact is that fully connected networks are utilized in all the papers, few 

researchers discuss network connectivity in their papers.  
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Most authors demonstrate the detailed settings of the network geometry they applied in 

papers. ANNs with one hidden layer are used in most of these studies. There are also 

some instances of applying network geometry with two and three hidden layers. No 

matter what network geometry is used, the detailed reason why they choose it is not 

introduced in most of these studies. Trial and error method is still the most commonly-

used way to determine the proper number of neurons in hidden layers. Furthermore, in 

many cases, the number of neurons in hidden layers is much larger than what is obtained 

according to the guidelines introduced above, which can result in overtraining problem. 

This raises some doubt about their final performance demonstrated in their papers. Fixed 

ANN network geometry is shown in nine of these reviewed paper, though the rules being 

accorded are not provided in any of them. Overtraining can occur in these researches 

since a proper method to determine the number of neurons in hidden layers based on 

training datasets is ignored.  Cross-validation is used as stopping criteria in two papers 

(Maier et al., 2010; Xiao & Chandrasekar, 2001) to prevent overtraining. Specific 

methods for network geometry optimization are demonstrated in six papers (Hsu et al., 

1997; Kuligowski & Barros, 2010; Muttiah et al., 1997; Thirumalaiah & Deo, 2007, 2008; 

Yabunaka et al., 2007). 

 

Training 

Training is the process of optimizing the connection weights to find a globally optimal 

solution. In this process, connection weights are kept updated to make the output of the 

cost function as small as possible. The weight update equation can be described generally 

in the following form: 

𝑤|'/ = 𝑤| + 𝛾𝑑|                                                                                                          (24) 
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where 𝑤|  is the weights of connections,	𝛾  is the learning rate, 𝑑|  is the direction of 

descent. 

 

Back-propagation, which is based on steepest descent, is the most widely-used algorithm 

to train a feed-forward ANN model. During the training process, a learning rate denoted 

by γ is used. Since the learning rate can significantly impact the performance of trained 

models, it needs to be optimized to achieve better performance. Although the learning 

rate is usually believed to be in the range between 0 and 1, finding its optimal value in a 

given case can be challenging since it is highly problem dependent.  If it is set too small, 

the training process can be slow and it is more possible for the trained network to be 

trapped in a local optimum instead of the global one, which means the results of the 

training process cannot be the best. While if the learning rate is set too large, the global 

optimum can be skipped making it difficult to achieve the optimal training results. 

Therefore, it is essential to find a trade-off between higher training speed and lower 

possibility of being trapped in local optimum by determining the learning rate wisely. 

Unfortunately, a universal rule for this does not exist. Thus the trial-and-error method is 

still the most widely-used one in learning rate optimization. 

 

Besides learning rate, some internal network parameters also have a significant impact on 

the performance of the trained model, such as the cost function, gradient, gain of the 

activation function, etc. Therefore, the performance of the training process can be 

optimized by selecting these parameters reasonably. 

 

The standard back-propagation algorithm is utilized in most of these reviewed papers to 

optimize the weights of connections. Some comparison was performed on the 
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performance of the back-propagation algorithm and some other training methods. The 

performance comparison between the back-propagation, Quickprop algorithms, and the 

conjugate gradient was performed by Thirumalaiah and Deo (2008). Fernando and 

Jayawardena (2008) performed an experiment to compare the performance of back-

propagation and that of ordinary least squares (OLS) method. A similar experiment was 

performed by Hsu et al. (1997) who combined a linear least-squares procedure and the 

multi-start simplex algorithm for higher training speed. Universal rules for training 

process optimization are not proposed in these papers.   

 

It is not demonstrated in these reviewed papers why the back-propagation method is 

selected as the training method. Since that high prediction accuracy is the primary 

requirement of their experiments or applications instead of training speed, choosing the 

back-propagation method can be reasonable considering its main disadvantage is low 

training speed. At the same time, details about the settings of the back-propagation 

method including internal parameters are not proposed in any of these papers. In most of 

these papers, the trial-and-error method is used to find the optimal settings for internal 

parameters. In most of these studies, the model training process is stopped by a pre-set 

number of iterations instead of other stopping criteria about model performance such as 

prediction accuracy, which can raise some doubt on whether they had achieved the global 

optimal results. The Quickprop algorithm is used in some papers to optimize the internal 

parameters utilized in the back-propagation method automatically. It indeed achieves 

acceptable results with hyperparameters involved. But these pre-set parameters also need 

to be optimized which makes the training process more complicated. 
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Initial weights Generally, the weights are initialized to zero-mean random values in a 

range {- α, α}. It is important to choose bound α carefully as it has a significant impact 

on the performance of the model. Some studies indicate that the optimum value of α does 

not exist. In some applications the initial weights of node i are set as a value of order 1/fi, 

where fi is the number of inputs for node i. While in some other applications the bound α 

is directly set as a small constant number.  

 

Activation function The most widely-used activation functions for feed-forward ANNs 

are sigmoidal-type functions such as the logistic and hyperbolic tangent functions. 

However, other activation functions have been widely used in some other neural network 

models. For example, the Rectified Linear Unit (ReLU) activation function is the most 

commonly used in convolutional neural networks (CNNs) which are popular in image 

recognition area. 

𝐿𝑜𝑔𝑖𝑠𝑡𝑖𝑐: 𝑓(𝑥) = /
/' ¡¢

                                                                                                  (25) 

𝑇𝑎𝑛𝐻: 𝑓(𝑥) = /. ¡�¢

/' ¡�¢
                                                                                                    (26) 

𝑅𝑒𝐿𝑈: 𝑓(𝑥) = £ 0		𝑓𝑜𝑟	𝑥 < 0
	𝑥		𝑓𝑜𝑟	𝑥	 ≥ 0                                                                                       (27) 

Typically, only one activation function is applied in an ANN model. However, in some 

cases with particular requirements, multiple activation functions can be used in a model 

as well. For example, when extrapolating beyond the range of the training data is 

necessary, applying the logistic activation function in hidden layers and linear activation 

function in output layers becomes an option. 

 

Cost function The cost function is the function used during the training process to 

measure how close the results to the optimal ones. The most widely-used cost functions 
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in feed-forward ANN models are mean squared error (MSE) function and quadratic cost 

function.  

 

Validation 

The validation process needs to be performed to validate the performance of the trained 

model when the training process is completed. Independent datasets are used in this 

process as validation sets, which should not be contained in training sets in any capacity. 

The performance of the trained model on validation sets can be different from that on 

training sets. This can be caused by different characteristics between training and 

validation sets and over-fitting problem. Some other reasons can also lead to bad 

validation results, such as an insufficient amount of training data, improper network 

geometry, inadequate data pre-processing, etc.  

 

Independent datasets are used as validation sets in the validation process in most of the 

reviewed papers. However, in the majority of these studies these validation sets are 

applied not only in the validation process but also for some purpose, such as internal 

parameter optimization and network architecture determination. This means the 

validation sets are used in the training process to some extent, which can reduce the 

reliability of their obtained results. 

 
2.4 APPLICATIONS IN WATER QUALITY DETECTION 

A number of applications have been developed and applied in water quality event 

detection area. Some of these are introduced and reviewed in this subsection. Water 

quality monitoring systems have been increasingly used in water management for the past 

decade. Such systems play a crucial role in detecting water quality anomalies for the 

safety of people, economic and infrastructure protection and serve to encourage good 
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practice and careful reporting on the part of dischargers (Gullick et al., 2003; Balis et al., 

2011; Grasso, 2011). Typically a Water Quality Monitoring System will consist of several 

components: 

1) The real-time data acquisition system composing of real-time sensor data streams  

 

2) the analysis of data  

 

3) the communications and management of data across multiple sites and  

 

4) a user interface for visualization and communication to an end user and decision maker 

(Koch, 2011; Grasso, 2011; USEPA, 2005a).  

 

Although Water quality monitoring systems have been relatively established in drinking 

water, the complex pollutant matrix, lack of reliable cost-effective sensors and generally 

hostile environment of wastewater have limited the development and advancement into 

this area (Qin, et al., 2012). For this reason, in the rest of this section, we will mostly 

discuss the developments in drinking water and their limitations in adaption to wastewater 

early warning systems. 

 

An important component of any Water Quality Monitoring System is the event detection 

and alarming. An event can be thought of in its simplest form as a change from normal 

behavior, though some change can be insignificant and for the purpose of reducing false 

alarms and building trust in a warning system focus needs to be on alerting those changes 

that are significant enough to cause an impact on people and operations of infrastructure, 

such as flooding events, or spillage of chemicals into the wastewater.  In the past decade, 
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many methods for dealing with event detection in drinking water have been studied and 

suggested (Storey, Gaag, & Burns, 2011). While only a small few have addressed 

wastewater quality monitoring. (Qin et al., 2012) used a small scale study of event 

detection in the wastewater of a restaurant, using a multivariate improved boosting 

method, Boosting-Iterative Predictor Weighting-Partial Least Squares and sensor fusion 

to detect events.  Although WQMS for drinking water can capture events with differing 

levels of success, the different nature of wastewater (i.e. highly volatile and noisy data) 

makes adapting the algorithms to usage in this domain difficult and often unsuccessful 

with small spikes triggering false alarms. Another shortfall of current methods is the fact 

they are trailed offline using a single site case study and/or simulated events, due mostly 

to the lack of not only real datasets, but those that contain validated events. Such offline 

training is not necessarily converted to a real-world application where issues such as 

biofouling, drift, and sensor instability are common (Horsburgh et al., 2015). Another 

known source of false positive alarms is in operation specific characteristics of a given 

site, i.e., pumps coming on and off, regularly scheduled customer discharges, changes to 

operational conditions based on management decisions. Such water quality patterns can 

be variable, occurring at different times of day and with slightly different expressions. 

Capturing such site-specific behaviors that are unusual is a difficult challenge. Kroll, 

(Kroll & King, 2010) suggested that such behaviors are still important to capture and give 

dual-use value, showing both alarms and interesting characteristics of the water 

distribution, giving extra value add for an operator. 

 

Adopting a Water Quality Monitoring System can be a considerable burden in IT 

infrastructure overhead. (Grasso, 2011). Traditional physical IT infrastructure has many 

challenges including cost, maintenance, the housing of equipment and accessibility for 
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example. An alternative to such systems is utilizing new Cloud Technologies for hosting 

the server, central database and user interface.  This has shown to be easy to access from 

anywhere and any browser, quick and straightforward to implement with small cost and 

also easy to move to another server if required based on different end user needs.  This is 

in high contrast to traditional process and control systems such as SCADA. Such systems 

require physical architecture and a high knowledge of the operation. Also, adding to such 

a system can be costly, time-consuming and difficult to adapt. 

 

Further, obtaining an accurate and reliable data stream is the most fundamental and 

crucial step in any water monitoring system. It is also the most challenging process in 

wastewater monitoring. It is already the bottleneck of most on-line monitoring and 

intelligent sensing technologies (Qin et al., 2012; Rao et al., 2013). 

 

To design a reliable contaminant event detection method for water distribution system 

(WDS) with sensor network established, Perelman et al., (2012) proposed a method using 

ANNs in their study. The multivariate time series water quality data used for method 

design was sampled by a supervisory control and data acquisition (SCADA) system 

deployed in a water distribution system. The collected data was applied to train ANN 

models and set thresholds. This natural data contains water quality measurements with a 

length of ~35000 time steps and a time interval of five minutes between every time step.  

Seven water quality parameters are involved including pH, electrical conductivity,  

temperature, total chlorine, turbidity and total organic carbon. In their study, 

corresponding to these six water quality parameters, six feed-forward ANN models with 

tan-sigmoid activation function (Dorofki et al., 2012) applied were created and trained to 

estimate the target water quality parameters and the relationships between them. Each of 
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these ANN models contains one input layer, one hidden layer and one output layer. Back-

propagation method was used for training the models. To estimate the target water quality 

parameter, a vector containing time series measured of lagged target water quality 

parameter and all other parameters at the same time was used as input to the input layer. 

These models were trained with historical data and the residuals were calculated as the 

total error. According to the assumption that the majority of the residuals (between 96% 

and 99%) should be normal and accepted, the normal residual range for each water quality 

parameter was determined. Then following with some statistical methods (Bayesian 

analysis, receiver operating characteristic (ROC) curves, STD and R2 statistics), a 

decision-making function was implemented. 

 

This event detection method achieved a true positive rate (TPR) of 90% when a single 

indicator was used (an alarm is triggered when any water quality parameter is detected as 

abnormal) and a TPR from 40% to 90% when multiple indicators were used (an alarm is 

triggered when at least two water quality parameters are detected as abnormal). The TPR 

decreased when more water quality parameters are considered as indicators. Though this 

method shows ANNs as a powerful tool for contaminant event detection, it still has some 

drawbacks. Although natural data was used in Perelman's study, it was only used to 

construct the normal background of water quality data. The data used for model training 

and testing was combined data since all the contaminant event segments injected were 

simulated. Also, the thresholds (residuals) for outlier classification were fixed base on the 

training result. This makes it inflexible when the behavior pattern of water quality 

changes. Furthermore, only ten simulated events were used in the algorithm testing 

process makes the result less convincing. 

 



  47 

To improve the study of Perelman et al. (2012), Arad et al. (2013) proposed a method 

with dynamic thresholds introduced into Perelman's method. Two dynamic thresholds, 

including a positive threshold and a negative one, are generated and updated in real time 

based on the observations within a sliding window, using their error standard deviation.  

These dynamic thresholds are used as filters to classify potential outliers in observations. 

Since new parameters (sliding window size, positive and negative dynamic thresholds, 

positive and negative filters) are introduced, finding the optimal values for them becomes 

very important. Therefore, the genetic algorithm (GA) (Goldberg & Holland, 1988) is 

utilized to optimize these parameters.  

 

Though Arad optimized Perelman's work and make the ANNs method more flexible by 

applying dynamic thresholds and GA to optimize hyperparameters, his method still has a 

significant drawback. In Arad's work, all the water quality events used for training and 

testing are still artificially generated using McKenna's method. The event strength and 

span were fixed. While this is not enough for a method to be applied in the real world 

where there are nearly various event characteristics corresponding to the different 

location, weather, contaminant or even pipeline structure. 

 

According to the approaches utilized in related researches and their application results, 

the challenges to establish a wastewater abnormal event detection platform include the 

following aspects: 

1. Data preparing. To optimize event detection methods, especially ANN methods, 

a sufficient amount of data with good quality and professional labeling is 

necessary. 
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2. Performance evaluation on existing methods Since multiple event detection 

methods should be integrated into the platform, their performance in a different 

application environment, advantages and disadvantages need to be explored. 

3. Platform design and test. The event detection platform should be designed 

according to the pre-determined requirements. Targeting performance criteria 

need to be tested to ensure the performance of the designed platform. 

 

2.5 SUMMARY 

In this chapter, we first give a review on an important aspect that need to be carefully 

considered before method design: performance criteria for water quality event detection. 

Besides some widely-used performance indicators such as total accuracy, missing rate, 

true alarm rate and false alarm rate, the ROC curve was found to be a good tool for method 

optimization and performance evaluation. Then we discuss about the data in three aspects: 

data source, data division, and data pre-processing. In the aspect of data source, it is found 

that better method performance can be achieved when more natural data are used in the 

method design process, though they are difficult to obtain; For data division, it is shown 

that independent testing sets, training sets and validation sets are necessary for data-

driven method design and should be divided wisely according to specific requirements. 

Cross-validation method is also important to enhance the generalization ability of the 

designed method and to prevent over-fitting; In data pre-processing, data normalization 

and noise reduction are considered to be important processes before data are being used 

in method design. In the next section, we review some widely-used event detection 

methods in water quality monitoring. Statistical methods, such as Cumulative Sum 

(CUSUM), Linear Prediction, Moving Median and Autoregressive Integrated Moving 

Average (ARIMA), are capable of achieving acceptable performance when the 
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requirements in the specific application environment are easy to formulated and prior 

knowledge is available and sufficient. It should be noted that when the application 

environment is complex and prior knowledge is limited, developing a statistical method 

with high performance can be difficult. Furthermore, the parameters used in these 

methods such as threshold levels are site dependent. Field calibration is necessary when 

the method is applied to a different site from the one for which the method is developed 

and tuned. Data-driven machine learning methods such as ANNs are believed to be good 

solutions when the application environment is complex, and prior knowledge and human 

efforts are limited. To achieve acceptable results using such methods, a sufficient amount 

of good quality data is necessary and the training time and cost need to be taken into 

consideration. These sometime can be the limitations of these methods. In Section 2.4, 

we review a few existing WQMSs and discuss their advantages and limitations. It can be 

seen that these systems all have disadvantages to be used in our target application 

environment, such as the need to have good knowledge of the operation, high deployment 

costs, and low robustness.  

 

Knowing the requirements of our target WQMS and the pros and cons of current existing 

WQMSs and the event detection methods used in them, we start to design our WQMS. 

In the next Chapter, we will provide an overview of our designed WQMS. 
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In this chapter, we provide an overview of our designed WQMS. First, we will introduce 

the project background to demonstrate the related requirements and achievements. Then 

the WQMS functionality will be overviewed in the next section to introduce important 

components involved in the system and their primary functions. In the next two sections, 

some system design and development details will be shown from both the hardware and 

software perspectives. In the last section, we give a summary on the contents of this 

chapter. 

 

3.1 PROJECT BACKGROUND 

The WQMS we designed in this study is one of the major targets of an ARC-Linkage 

project entitled "A New Management Tool for Effective Wastewater Source Control," 

which was officially commenced on 1st July 2012 and completed on 31st July 2017. By 

now all project goals have been achieved: 

 

Goal 1: Developing a Holistic Wastewater Quality Monitoring System (WQMS) 

A reliable and robust real-time wastewater quality monitoring system has been developed 

for this project. The latest version of this system employed a vectored high flow 

hydrodynamic self-cleaning approach and a dual-sensor self-diagnostic concept to 

effectively encounter vital sensor failure issues caused by contamination and biofouling 

and ensure the integrity of sensing data. A number of water events have been detected 

and analyzed by WQMS. Nine systems have been installed and deployed in the 

cooperative water utilities. Three systems have been installed in three sites in Sydney 

Water. After troubleshooting period, all of them work stably in the field sites to date. Two 

systems have been installed in Melbourne Water. There have been two systems installed 

in each Water Corporation and Gold Coast Water.  
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Goal 2: Improving the performance of event detection function module  

The framework of an informative WQMS has been established. Multiple functional 

modules within the framework have been developed, including data collecting, data 

processing, event detection, impact prediction and database function. To ensure the 

stability and improve the performance of the system, separate and integrate testing has 

been performed for all the functional modules. For some core modules, such as event 

detection, a number of different optional widely-used methods were evaluated to 

determine the optimum one.  

 

By now the informative Event Impact Prediction System has possessed the ability of 

wastewater contaminant event detection and event impact prediction and achieved an 

acceptable accuracy. To improve the system adaptation, multiple event detection methods 

were integrated, e.g., a modified univariant detection method based on Moving Median 

and an ANN-based detection method integrated with multiple identifiers. The system can 

be configured to apply a specific method based on the on-site environment to ensure the 

best performance.  

 

Goal 3: Developing and implementing an effective end-user adoption plan to ensure 

Australian water utilities directly benefit from the developed technology. 

A web-based User Interface (UI) has been developed and implemented. Registered Users 

can log in the website using most web browsers (Internet Explorer, Chrome, Firefox etc.) 

on either PCs or mobile phone to access most of the system functions, including real-

time/history data observation, alarms checking, impact prediction checking, site runtime 

information checking and data downloading. 
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A remote access solution based on remote desktop function has been provided to make it 

possible for users to access deployed field sampling units remotely, with which they can 

easily control the units by configuring the sensor parameters, updating the system 

framework or fixing system problems. 

 

3.2 WQMS FUNCTIONALITY OVERVIEW 

To meet the requirements of this project, our designed WQMS contains two main 

functional components: a sampling unit and a central server. In the rest of this section, 

we will provide an overview of these components and their functionality 

 

Fig. 3.1 shows the two system components and their relations. The sampling unit and 

central server are located on the left and right respectively in this figure and framed with 

dotted lines. It can be seen that a sampling unit contains three parts: sensors, sensor nodes 

and computers. Sensors are incorporated into sensor nodes and keep generating digital 

signals as data readings in the environment. Then these readings are sent to computers 

Figure 3.1 Water Quality Monitoring System(WQMS) architecture diagram. 
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for further processing and analysis. The main functions of a sampling unit are data 

collection, data calibration, data processing, event detection and alarming. Usually at least 

one sampling unit need to be deployed in each sampling location, such a pump station. 

Each of these sampling units can operate indecently, though there can be a number of 

sampling units operating at the same time in the WQMS when multiple sampling 

locations are monitored. 

 

A central server is designed for centralized management of deployed sampling units and 

implementing more complicated system functions. Every sampling unit can communicate 

with the central server via the Internet and transmit data to it. This data can include sensor 

readings, event detection results, sampling unit system status information and etc. The 

primary functions of this central server are data storage, more complicated data analysis 

and web server function. With integrated Postgres database, the central server can store, 

query and manage all the data transmitted from sampling units. System users can easily 

access the WQMS to obtain the information they need via the web-based UI provided by 

the web server hosted.  More detailed introduction about these two system components 

and their functionality will be provided in the rest of this chapter. 

 

3.3 SYSTEM HARDWARE ARCHITECTURE 

Since in this project we used NeCTAR Cloud to host our central server, most system 

hardware of our WQMS is contained in the sampling unit. Fig. 3.2 (Li et al., 2017) 

demonstrates three hardware parts in a sampling unit which include sample supply unit, 

sensing unit, and data processing and communication unit. Considering that the sample 

supply unit, which is usually a water pump, is provided by water industries when 

deploying, we will focus on the latter two parts in this study. 
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3.3.1 Sensing Unit 

The compositions of wastewaters are highly diversified, which represent one of the most 

complex and hostile sample matrixes. This makes the vast majority of well-performing 

sensors unsatisfactory for wastewater monitoring applications (Rakesh Bahadur 2009). A 

suitable sensor for WQMS needs to meet basic criteria: (i) must be able to physically 

tolerate the hostile wastewater conditions for a prolonged period; (ii) can rapidly and 

continuously respond to one or more physical/chemical wastewater parameters; (iii) 

should possess a configuration favourable for minimizing blockage, surface 

contamination and biofouling. Ideally, a sensor should also have a self-contained 

embodiment, consume no reagent and require no on-going calibration. Though 

employing compound specific sensors to confirmatively determine targeted analytes are 

highly desirable, it is challenging to find any such sensor that could meet the above 

criteria (Liu et al. 2014). This is because that all compound specific sensors are almost 

exclusively designed for laboratory-based analyses, requiring strictly-defined 

measurement conditions (Rakesh Bahadur 2009). They work well for laboratory analyses 

as sample manipulation is allowed, but become problematic for field-based online 

applications where circumstances do not allow for the sample to be artificially 

manipulated before assay. As such, the surrogate type of sensors becomes the only viable 

option for WQMS. 

Figure 3.2 WQMS hardware contained in sampling unit. 
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In our first generation system, six sensors: temperature (Temp) sensor, turbidity (TB) 

sensor, conductivity (EC) sensor, pH sensor, dissolved oxygen (DO) sensor and redox 

potential (ORP) sensor were used for the system. The first generation system was 

subjected to a year-long trial at selected wastewater treatment plants. With real-time data 

input from the six sensors, the event detection system developed by us detected 25 major 

abnormal events over the trial period. An investigation was then carried out to simplify 

the hardware system, further improving the reliability and durability. The data recorded 

from different sensors during the trial were artificially fed into the event detection system 

in different combinations to evaluate the effect of input data of different sensors on event 

detection. In short, our investigation revealed that when the input data from the four 

sensors (pH, Temp, EC and TB) without input data from DO and ORP, all the 25 

abnormal events detected by the event detection system were identical to those detected 

when the input data from the six surrogate sensors were used. This means that for event 

detection purpose, a system with the four sensors (pH, Temp, EC and TB) is as effective 

as that with the six sensors. Our investigations also suggested that ORP contributes little 

to event detection due to its insufficient sensitivity and DO is useful for overflow event 

Figure 3.3 Sensing unit with four duel-sensors incorporated into wall-jet and 

U-shaped flow cells. 
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detection but such type of events are also strongly associated with conductivity changes, 

which can be picked up by EC sensor. In addition, we found during the trial that the DO 

probe needs to be replaced every 3-6 months due to the failure of the gas permeable 

membrane under high flowrate conditions. On such bases, DO and ORP sensors were 

made redundant in the new generation system. Subsequent trials at different sites 

confirmed that for event detection purpose, the simplified system with the 4 sensors are 

as effective as the system with the six surrogate sensors but having additional advantages 

of the reduced cost and improved reliability. Therefore, our current system consists of 4 

pairs of sensors: temperature sensors, turbidity sensors, conductivity sensors and pH 

sensors, and dual sensors are adopted in this system in order to avoid false alarms. These 

duel sensors are installed in wall-jet and U-shaped flow cells as shown in Fig 3.3 (Li et 

al., 2017). A pair of temperature (Temp), conductivity (EC) and turbidity (TB) sensors 

were respectively incorporated into the wall-jet cell, and a pair of pH sensors were built 

into the specially designed U-shape cell. The following table summarizes The 

specifications of adopted sensors are summarized in Table 3.1. Based on the field test 

during the last three years, the working lifetime of pH electrode is 9-12 months. When it 

is close to its lifetime, the measured pH values usually go up to 11-12 or drops to 0-2, so 

it needs to be replaced with a new pH electrode. 

For the protective purpose, the sensing unit together with on-board computer and modem 

were onsite installed into a rain-proof and heat insulated enclosure with a cooling fan (Fig. 

3.4). The installed system was fixed above ground on a base or wall near the sampling 

well. Some modifications are done as follows, 

a. An exhaust fan (ϕ 10 cm) is installed at the back of the box in order to remove heat; 

b. Holes (ϕ 60 mm) are at the bottom (at left, middle and right) for power and sample 

connection as well discharge of leaked water (if any); 
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c. 42 holes (ϕ 10 mm) as shown at the bottom; 

Table 3.1 Specifications of four adopted sensors in sensing unit. 

Sensor Model Description Range 

Temp LM335A Thermocouple sensor -40 oC to +100 oC 

pH 660CD Gel-filled sensor purchased from Sensorex 0 to 14 

EC Homemade Four stainless-steel probes 0 to 40000 µs cm-1 

TB Homemade Consists of a high power infrared emitter 

(850nm) LED (Osram SFH 4550) light source 

and two photodiode detectors (Osram SFH 203 

FA) (one located at the opposite of the light input 

and the other at 90o to detect absorbed and 

scattered light) 

20 to 4000 NTU 

 

d. Fixing two wood boards (20 cm Í20 cm) at the bottom, which are used for placing the 

sensing system and computer. That can prevent them from contact with metal directly.  
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3.3.2 Data Processing and Communication Unit 

The data processing and communication unit of our WAMS consists of two parts: an on-

board computer and a modem. On-board black PC is a micro PC with Windows 7 system, 

32G hard disk, and 8 G RAM. Main components of the PC are sealed in a black iron box 

to prevent the damage from severe environment of the wastewater application 

environment. The PC configuration can be upgraded based on specific requirements. A 

modem (Intelimax MA-2015 modem) sourced from Maxon Australia is installed to hold 

SIM card to achieve remote communication via the Internet. A power port, relay port, 

and antenna port are designed for connecting PC power, auto-sampler, and antenna. All 

data processing and communication units are using Telstra 4G data plan for data 

transmission. 

Figure 3.4 A rain-proof and heat insulated enclosure with a cooling fan. 
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3.4 SYSTEM SOFTWARE DESIGN 

3.4.1 Sensor Calibration 

In order to calibrate sensors and ensure their accuracy, we developed an independent 

program running on the on-board computer. This program was written in Delphi. Its main 

functions are introduced as follows: 

 

In order to calibrate sensors and ensure their accuracy, we developed an independent 

program running on the on-board computer. This program was written in Delphi. Its main 

functions are introduced as follows: 

 

 

Figure 3.5 Data processing and communication unit containing an on-board 

computer (left) and an Intelimax MA-2015 modem (right). 
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a. Data acquisition 

Since our sensing unit uses USBXpress firmware (CP210x), this calibration program 

can communicate with the sensing unit and acquire its readings by applying the API 

provided by USBXpress. The detailed data flow can be seen in Fig. 3.6. 

 

b. Data visualization 

To implement data visualization to help users with their calibration, all the acquired 

water quality data is plotted in this program. Users can adjust their calibration strategy 

based on real-time sensor readings and data trend.  

 

c. Sampling time spanning adjustment 

In this program, users can adjust time spanning between every sampling operation, 

which can be set from 1second to 65535 seconds. 

 

d. Calibration 

This program can convert raw data acquired to calibrated data using given formulas. 

Users can simply input parameters (e.g. offset and gain) to control this process to 

make calibrated readings as close to actual ones as possible. 
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Fig. 3.7 shows two application examples of this calibration program. The upper one is for 

pH calibration and the lower one is for conductivity calibration. 

 

  

Figure 3.6 USBXpress data flow between our sensing unit and calibration program. 

Figure 3.7 User interface of our calibration program. The upper example is for pH 

calibration and the lower one is for conductivity calibration. 
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Table 3.2 Default parameter value settings in sensor calibration process.  

Parameter Names Offset Gain 

Ambient Temperature 0.0650 245.000 

Cell Temperature 0.0650 245.000 

Turbidity A 0.000 1000.000 

Turbidity S 0.02970 2100.00 

pH 1.0570 -12.275 

 

3.4.1.1 Offsite calibration 

Before being assembling into the flow cells, all sensors need to be calibrated via standard 

procedures in the laboratory environment. The assembled WQMS sensors were calibrated 

in the laboratory against a TPS multi-sensor unit (TPS Pty Ltd, Australia) using a 

sampling tank containing 0.5 m3 of synthetic wastewater. The calibration was conducted 

by circulating the synthetic wastewater through the WQMS sensing unit with a 

submersible pump (EHEIM compact+ 3000), while temperature, pH, EC and TB sensors 

of the TPS unit were immersed in the sampling tank. Suitable amounts of hot/cold tap 

water, acid/base, salt and milk were added into the sampling tank to impose the changes 

in temperature, pH, EC and TB. The obtained data by the WQMS sensors were compared 

with the data acquired by the corresponding TPS sensors to calibrate and confirm the 

WQMS sensors were correctly functioning. The detailed calibration method is 

demonstrated as follows: 

 

The offset and gain value for the following parameters are the general value, which could 

be a little different for individual systems. More accurate values can be obtained by 

calibrating individual systems. Dual sensors are adopted in this system and a small 
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difference between them is allowed as long as the signal change pattern of them is 

identical. The following default parameters can be considered for reference when 

performing calibration. 

 

Calibration of temperature sensors 

1) Place the cell in a constant temperature environment along with a reference 

thermometer and wait ~1/2 hour for cell temperature to equilibrate. Note the 

difference in temperature between the thermometer and the cell. Enter this difference 

into Offset and press Set Cal.  

 

2) This is a single point calibration. To achieve a more accurate calibration, 2 

temperatures need to be used and the straight line can be used to calculate Gain and 

Offset values. 

 

Calibration of turbidity sensors 

1) Absorbance: using clear water note the Transmission Raw Data value. Enter this value 

into Baseline Intensity and press Set Cal.  

 

2) Turbidity: using complete dirty water note the Transmission Raw Data value. Enter 

this value into Offset and press Set Cal. Enter 1 into Gain and press Set Cal. 

 

3) Measure a solution of known turbidity T. Note the NTU (N) reading. Calculate T/N 

and enter into Gain and press Set Cal.  
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Calibration of turbidity (scatter) sensors: 

1) Enter an arbitrary value into the Gain field and press Set Cal. Measure distilled water 

(NTU=0) and enter the Scatter Raw Data value observed into the Offset (O) field and 

press Set Cal. The NTU value should read zero. 

 

2) Measure a known Turbidity Standard of value N. Note the Scatter Raw Data value 

(S). Calculate the Gain (G) as N/(S-O). Enter this value G into the Gain field and 

press SetCal. The Turbidity reading should now read N. 

 

3) Turbidity measurement is susceptible to stray light so make sure the cell is in a dark 

environment. 

 

4) If the software is installed onto another PC, the calibration values will be lost. These 

values are stored in the Windows Registry and can be exported from there and 

imported into another PC to avoid repeating the calibration. Alternatively, all the gain 

and offset values could be recorded manually and re-entered into another PC. 

 

Calibration of pH sensors 

Measure a known pH Standard of value N1. Note the Raw Data value (R1). Write down 

the equation: N1=Gain (G) × (R1-O). Then measure another known pH standard of value 

N2, and note the Raw Data value(R2), then write down the equation: N2=Gain (G) × (R2-

O). Calculate the value G and value Offset. Enter value G into the Gain field and value 

offset to offset field and press Set Cal. 
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Calibration of conductivity sensors 

Calibrate to the approximate value close to 500.  Measure a known Conductivity Standard 

of value N. After conductivity (us/cm) field value keep stable, and then enter this value 

into Calibrate to field and press Set Drive&TC then press Calibrate to. The Conductivity 

reading should then read N. 

 

3.4.1.2 Onsite calibration 

Before real system operation onsite after deploying, the WQMS sensing unit needs to be 

calibrated using a similar procedure as that for offsite calibration to make sure that sensor 

readings are correct in the application environment. Larger sampling tank containing 2.5 

m3 of sewage from the site was used. After onsite calibration, the WQMS is connected to 

the sample delivery pump and ready for operation. 

 

3.4.2 Data Processing 

After sensor unit calibration, the WQMS running on our on-board computer can keep 

collecting water quality data from the calibration program through an established 

localhost TCP/IP connection to it. Data collected at this process is still raw data. It can 

affect the performance of other function modules if utilize it directly. Two main issues of 

this raw data are noise and data amount itself. Thus we developed the data processing 

module which consists of denoising and data compressing functions to solve those 

problems respectively. 

 

3.4.2.1 Denoising 

Noise existing in our data can be sourced from system hardware failures, such as sensor 

fault and sensing unit circuit fault, software errors and environmental disturbances. No 
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matter what source caused it, data denoising is considered to be necessary to guarantee 

reliable data analysis results.  

 

Many data denoising methods have been developed and applied to deal with the noise in 

time series data. The simplest and most widely-used one is moving average. It is easy to 

implemente and its results are relatively reliable. Therefore, considering the balance 

between denoising performance, system stability and computational cost, the moving 

average is used for denoising in most of our deployed units. 

 

Although the moving average method performs well at the most time, it still has its 

disadvantage. Since it needs to wait for enough observations in the moving window to 

calculate reliable average results, it can cause detection delay which would defeat any 

gain from the de-noising process. So in some cases when the requirements to data quality 

are stricter, we will apply more complicated denoising methods. For example, when we 

developed event detection methods for this WQMS, we used Kalman Filter as our 

denoising method to remove the impact of noise. More detailed introduction and results 

about Kalman Filter can be seen in the next chapter. 

 

3.4.2.2 Data compressing 

Another problem about data is the adverse effect on data analysis and transmission when 

its amount is significant. When the sampling interval is set short, 1 second for example, 

a massive amount of data can be generated in a short time. It will not only consume 

storage space fast but also cause trouble in data transmission and analysis. During this 

project period, when we communicated with technicians from water industries, we knew 

that they had collected a considerable amount of water quality data using their owned 
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commercial industry controlling and management system, such as SCADA. While the 

shocking fact is that they seldom use this valuable data but leave it in many hard drives. 

The reason is that they just stored the data as of how it was collected instead of proper 

data processing to further extract useful information in time. Then finally when the 

amount of data exploded, "no one wants to even touch it anymore". 

 

To solve this problem, we develop a data compression algorithm to compress data and 

keep its characteristics at the same time. The characteristics here mean more useful 

information to WQMS users. For example, compared with gentle water quality changes 

in a daily pattern, those outliers with rapid changes which may indicate target contaminant 

events are characteristics of this data.  

 

 Fig. 3.8 shows three results with different compression rate: 89.1%, 94.5% and 97.2% 

data are reduced respectively. Black line is original data with 1428 time steps and red line 

is compressed data. It can be seen that most the characteristics of the data are kept even 

near 90% of it is dumped. This method works well in practice. Besides setting a proper 

compression rate, users can also turn it on and off according to their requirements. 
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3.4.3 Event Detection and Alarming 

Event detection and alarming function are one of the most critical functions of this 

WQMS and one of the primary targets of the related ARC Linkage project. According to 

the requirements of water industries, this function module should have the capability of 

distinguishing and detecting potential abnormal events from the wastewater quality data 

transmitted and processed by data collection and processing modules and sending alarms 

Figure 3.8 Three examples of our data compression results under three different 

compression rate settings. Black lines are original data plotting; red ones are 

respective compression results.  

 

 

pH
 

Time 
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to WQMS users for their preparation. The detection results should be as reliable as 

possible, which means a higher detection rate and a lower false alarm rate in most cases. 

Although there has been a considerable amount of research about water quality abnormal 

event detection methods in the water management area, developing an event detection 

method applied in wastewater scenarios still poses many challenges. Firstly, since most 

of the proposed research is for drinking water or natural water application environment 

which is profoundly different from wastewater environment, the performance of these 

methods need to be evaluated before being considered to apply. Secondly, the trade-off 

between detection rate and false alarm rate need to be considered carefully because they 

are both essential performance criteria of our WQMS but somehow conflicting at the 

same time. Another challenge is to find a proper balance point between module 

performance and its computational cost. Although complicated methods can result in 

better performance, higher system resources cost can lead to lower system stability, 

especially for devices with limited performance such as our on-board computer.  

 

3.4.3.1 System failure event detection 

Abnormal events we are discussing in this study can be divided into two categories: 

system failure events and water contaminant events. In this subsection, we are introducing 

the definition of system failure events, those system failure events which our WQMS is 

designed to detect and the methods we applied.  

 

System failure events in our scenario are the events that affect the normal operation of 

WQMS negatively and are caused by other factors rather than wastewater quality itself. 

Three of the most important system failure events to detect by our WQMS are sensor 

failure and pump failure events.  
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Sensor failure events  

For water quality monitoring, sensor failure events can be caused by the occurrence of 

sensor contamination and biofilm formation, physical damage to sensors and other 

interferences. This is especially true for wastewater quality monitoring where the above-

mentioned interferences are much severer. Sensor failure can seriously compromise the 

accuracy and integrity of the acquired sensing signals, and even lead to total malfunction 

of sensors. As such, we need to develop a practically implementable method capable of 

real-time confirming the faith of the acquired sensing signals and detecting sensor failure 

events for our WQMS. 

 

Here in this study, we provided a solution to this issue by using a novel dual-sensor 

approach. This approach employs two identical sensors for each given water quality 

parameter. When both sensors are functioning normally, although the absolute signal 

values of the sensor pair may differ slightly from each other, the trend of sensing signal 

changes should be synchronized. The Minkowski Distance is used in real time to 

determine the similarity of the sensor readings from a dual-sensor pair. Considering the 

probability of both sensors fail at the same time and fail in the same manner is very slim, 

the determined deviation in the trend of the signal changes of the sensor pair can, therefore, 

be used to infer that at least one sensor of the pair is failing. The operator will be notified 

in real-time once such inconsistency is determined. The operator can then stop the system 

and offline calibrate the problematic sensors if it is deemed necessary. Fig. 3.9 shows the 

unsynchronized trend changes in sensing signals recorded from two different TB sensor 

pairs. One malfunctioned TB sensor was confirmed for both cases, one (left plotting) was 

due to the entrapped air bubbles in the vaseline layer used to fill the gap between the 



  72 

photodiode and optical window, and another (right plotting) was due to the wholly failed 

photodiode. 

 

Pump failure events 

Pump failure events are those caused by the pump in a sampling unit. Usually, pumps are 

provided by water industries and installed on pumping stations where sampling units are 

deployed. They are used to pump wastewater into the sensing unit for wastewater quality 

data collection. Since these pumps are directly exposed to wastewater with various 

contaminants, pumps failures can happen occasionally. The most common reason for 

pump failures is pump blocking. Since there are solid contaminants in wastewater such 

as stones, branch and condom, pumps can be blocked when inhaling them and stop 

working. Other possible reasons causing pump failures are power supply issues and being 

shut off in a station for station maintenance or construction purpose. No matter what the 

reasons are, pump failure can result in little or even no wastewater supplied for sensing 

unit to collect water quality data. 

 

Figure 3.9 Two examples of sensor failure events. Duel-sensor readings are 

demonstrated in red and blue lines. Events are marked in green boxes. 
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Based on our observation and the suggestions from experts from Griffith Environment 

School and water industries, the characteristics of pump failure events shown from sensor 

readings can be summarized as follows: 

a. High conductivity   

b. High turbidity 

c. Smooth temperature changes with high convergence with ambient temperature. 

Knowing the characteristics of pump failure events, it is simple to detect them with the 

introduced duel-sensors. Similar to the approach we used for sensor failure event 

detection, we apply Minkowski Distance to determine the similarity between the duel pH 

sensors and the ambient sensor incorporated in sensing unit and check conductivity and 

turbidity values at the same time. Once they exceed the pre-set threshold, it is believed to 

be a pump failure event. 

 

3.4.3.2 Water contaminant event detection 

Water contaminant events are the events that are of significant impact to a wastewater 

treatment plant and caused by wastewater quality itself. Detecting these events is one of 

the primary targets of this project. Before design and develop methods to detect these 

water contaminant events, we need to determine what kind of water contaminant events 

we want to capture and their characteristics. Unfortunately, this is not an easy task. Even 

the staff from water industries cannot provide direct guidance to us. Finally, we decided 

to figure it out by manually labeling potential water contaminant events on historical data 

we collected and consulting researchers and experts from Griffith Environment School 

and water industries repeatedly. With their help, we determined four classes of water 

contaminant events and specified their characteristics. Table. 3.2 shows the class names 

of determined water contaminant events and their characteristics. 
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Table 3.3 Determined classes of water contaminant events, number of detected and their 

characteristics 

Class Name  Number Characteristic 

Illegal dumping 471 Abnormally high/low pH and high conductivity 

Abnormal conductivity 75 Abnormally high/low conductivity 

Abnormal turbidity 42 Abnormally high/low  turbidity 

Heavy rainfall 29 Abnormally low temperature and pH 

 

Wastewater abnormal event detection methods are then designed and developed. The 

method takes the data processed by the data processing module as input and outputs 

detection results of whether the input data indicates a target event and if it does, what 

event class it belongs. Once the event detection module detects an event, it will fuse 

related information including detection results, site names, time stamps and system status 

and pass it to an alarming module to trigger alarms. 

 

Several existing event detection methods that are widely-used in drinking water and 

natural water area are evaluated in our wastewater application environment for method 

design purpose and multiple methods have been developed and applied in our WQMSs 

deployed. These details are demonstrated in Chapter 4 and 5. 

 

3.4.3.3 Alarming 

The alarming module is used to send fused alarm information to WQMS users once an 

event is detected. Users can choose emails or SMS as how they want to be informed. The 

API of Google email service is implemented to provide an alarming email service. SMS 

can be sent out the alarms to key persons by sending an email to the SMS service provider. 



  75 

Options to configure how often an alarm is sent is also available, as in the case an event 

is extended over several hours or days a constant minute alarm is unnecessary. 

 

3.4.4 Central Server 

It was identified in industry workshops that sharing of information with other water 

bodies would be of great benefit to help improve the understanding of wastewater 

networks and further that hosting of servers for sensor data collection and processing of 

high computation algorithms is impractical, creating points of failure and adding to cost. 

To address these needs we developed a cloud-based server integrating the monitoring 

systems into a single server and user interface. The cloud server for the project is hosted 

on Australia's NeCTAR Research Cloud. By using public cloud tasks such as data backup, 

security and many software applications and processes are already in place. Thus saving 

time in the setup and reducing the need for experts to maintain and implement these 

functions. 

 

The primary functions of the central server are data storage and web server service. It 

communicates with deployed sampling units via established TCP/IP connections on the 

Internet and collects wastewater quality data sent from them using SSH Secure Copy 

(SCP) function. Storage of all the data from the sampling units into the central database 

is done using PostgreSQL, an open source free and powerful SQL database. A web server 

is hosted in this central server to provide web-based UI to uses for system access remotely. 

 

3.4.5 User Interface (UI) 

The web-based user interface has been developed for WQMS users to access the system. 

The web server is hosted in the central server. WQMS users can access the system to 
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monitor the status of each running sampling unit using any devices with web browsers 

installed, such as Internet Explorer, Chrome and Opera. Main functions provided on the 

web-based UI includes the followings: 

 

Real-time data displaying 

The real-time data displaying page is shown in Fig. 3.10. WQMS users can see the real-

time sensor readings of selected sampling unit in the Observations page. All the sensor 

readings including (pH, Temperature, Conductivity, and Turbidity) are displayed in real 

time. Users can adjust the data spanning by choosing a specific option in the blue bar or 

zoom into a selected part by dragging. They also can smooth the data appearance by 

increasing the number in the left bottom corner of each graph. The larger that number is, 

the smoother the data appears. 

  

 

 

Figure 3.10 Real-time data displaying page of the web-based WQMS user interface. 
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Data downloading 

There are two ways to download the data sampled. The first one is clicking on the 

"Download Plots Data" button (shown in the red box in Fig. 3.10) in the blue bar in 

Observations page. In this way, one can easily download all the data that is displayed in 

the real-time graph. The other way is to use the data download interface (shown in the 

green box in Fig. 3.10) on the right-hand side in Observations page. One can download 

all the data of the selected sensor in a given time range. All the data downloaded is in .csv 

format. 

 

History data displaying 

The history data sampled of each sampling unit can be seen on the History page, shown 

in Fig. 3.11. One can set the time range by entering a start date and end date. Other 

operations such as zooming and smoothing are similar to those in the real-time data 

display page. 

 

Figure 3.11 History data displaying page of the web-based WQMS user interface. 
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Alarm inspection 

In the alarm inspection page shown in Fig. 3.12, users can see recent alarms information 

of the selected site. They can also download the wastewater quality data corresponding 

to their inspecting alarm using the Download button on the right side of the page. 

 

 

Impacts inspection 

Sometimes water industries can provide the impact information of some reported events 

to their treatment plants. This information is shown in the Impacts page along with its 

original alarm information. Users can see this impact information of selected site and 

download the wastewater quality data corresponding to their inspecting alarm in a similar 

way used in Alarm inspection page.  

 

3.5 Summary 

In this chapter, we provide a review of our designed WQMS. In the first two sections, we 

introduced its background and functionality. In Section 3.3, we demonstrate the hardware 

design of this WQMS, including details of sensing units, and data processing and 

Figure 3.12 Alarm inspection page of the web-based WQMS user interface. 
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communication units. Then in Section 3.4, we provide details of the design of the WQMS 

software. Some important function modules are introduced in this section including 

sensor calibration, data processing, event detection, central server, and user interface. 

Each function module was designed and developed according to the specific requirements 

of our project. After system design and development, the structure of our WQMS has 

been constructed. But the event detection method, which is one of the most important 

aspect that can impact the system performance significantly, has not been determined. To 

solve this problem, there are two solutions. One is applying some existing event detection 

method in the system and the other one is designing and customizing a new method. To 

assess which approach is more suitable, we decided to evaluate some existing event 

detection methods that are widely used in WQMSs. The detailed evaluation will be 

provided in the next chapter.  
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Abstract  

The introduction of water quality monitoring systems (WQMSs) into the city wastewater 

discharging and recycling system has been considered as an effective practice to address 

the potential risks to wastewater plants as well as public concerns associated with 

pollution source localization. Under such background, a WQMS was developed and 

deployed in a large Australia Research Council Linkage project entitled “A New 

Management System for Effective Wastewater Source Control” to meet the requirements 

of several major Australian water utilities. A key component of the WQMSs, namely, 

anomaly event detection, has been investigated by many researchers. Several abnormal 

event detection methods have been applied successfully in the drinking water and natural 

field water environments. But whether they can perform equally well in the wastewater 

environment is an important practical problem. Under this scenario, a performance 

evaluation of six widely-used abnormal event detection methods is carried out in this 

study. Real world data collected from several major Australia water utilities are used in 

the evaluation process. The results show that all the six methods (Cumulative Sum 

(CUSUM), Linear Prediction, Moving Median, Exponentially Weighted Moving 

Average (EWMA), Autoregressive Integrated Moving Average (ARIMA) and Artificial 

Neural Networks (ANNs)) perform poorly on the non-seasonal dataset. Artificial Neural 

Networks have better performance than the other methods on the seasonal datasets and 

have better overall performance at different water sampling sites. In some experiments, 

the Moving Median method achieves the highest overall accuracy and the lowest false 

alarm rate, indicating the power of statistical methods in less complex environments that 

have well-described targets. However, none of the six methods perform accurately 

enough under realistic condition in the wastewater environment, indicating that more 

work is needed in this area. 
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4.1 INTRODUCTION 

To control the water quality risks caused by potential contaminants in purified recycled 

water (PRW) and to safeguard PRW infrastructure, water product, and ultimately public 

health, Australian water utilities urgently needed an effective real-time water 

management system that is capable of acquiring critically important wastewater quality 

data, detecting anomalous wastewater quality events, and predicting the adverse impact 

of abnormal events on wastewater operations and wastewater reuse. A pilot study was 

performed for the four largest Australian water utilities (Sydney Water, Melbourne Water, 

Water Corporation of Western Australia, and Gold Cost Water) to evaluate the 

commercially available WQMS for their practical deployment in Australia [1]. The study 

found that existing commercial systems all have their limitation and failed to meet all the 

requirements for practical deployment in Australia. With the support of the Australia 

Research Council (ARC) and the four largest Australian water utilities, a large Australia 

Research Council Linkage Project entitled “A New Management System for Effective 

Wastewater Source Control” was established to develop a new WQMS for Australia. By 

now this WQMS has been running for over four years at different wastewater pump 

stations in four Australian states: New South Wales, Victoria, Queensland and Western 

Australia. The field results indicated that it can overcome the limitations of many existing 

commercial WQMSs and can reliably and continuously operate for six to twenty-four 

months without calibration or maintenance [2].  

 

A WQMS equipped with an effective abnormal event detection function can provide early 

warning to alert the operators about anomalous change in wastewater quality that could 

potentially affects downstream operations, advanced treatment facilities, and PRW 
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quality. The abnormal event detection function can also provide operators with a rapid 

response capability to control the risks caused by abnormal water quality behaviors, 

which can help operators to safeguard the PRW system. Therefore, the abnormal event 

detection function is one of the most important functions of WQMSs. 

 

With the development of WQMSs, many abnormal event detection methods have been 

designed in the past decades. Glasgow and Burkholder [3] analyzed five-years of water 

quality data from Neuse River with an autoregressive integrated moving average 

(ARIMA) model to calculate the trends of water contaminants. Byer [4] conducted 

abnormal event detection through comparing the measurement in real time to a predefined 

mean baseline level and defined anomalous values as those that exceed +/- 3 standard 

deviations from that baseline. Klise and McKenna [5] used multivariate Euclidean 

distance (MED) to detect abnormal water quality event. Cook [6] developed a case-based 

reasoning system (CBRS) as a classifier to identify the current state of the system. 

Patterns that cannot be classified into any existing groups are considered outliers. Allgeier 

[7] utilized artificial neural networks (ANNs) and support vector machines (SVM) with 

supervised learning to solve the water contamination event classification problem. 

Perelman and Ostfeld [8] combined ANN models and Bayesian sequential analysis to 

detect potential water quality threats in water distribution systems and estimate their 

likelihood. Arad and Housh [9] provided a framework that is constructed by a data driven 

estimation model and a recursive Bayes’ rule. The detection process is performed in steps 

over multivariate time series. Alarms will be raised when quality faults exceed certain 

thresholds. Bakker and Jung [10] applied cumulative sum control chart (CUSUM) to 

detect pipe bursts that lead to water losses in a drinking water distribution systems.  
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As water quality time series often contain both linearity and nonlinearity, using only 

statistical models cannot provide satisfactory results. Therefore, methods combining both 

statistical and machine learning have been supposed. In [11] [12], ARIMA and ANN 

models are combined to estimate the water quality time series. In [13], Imen and Chang 

[11] utilized ANNs and integrated data fusion and mining (IDFM) models to develop a 

system to monitor and forecast the daily trend of total suspended solids (TSS) 

concentrations. Generally these algorithms perform the contamination detection process 

in every time steps and the computed probability is compared with a pre-set threshold. 

An alarm will be raised if the probability exceeds the threshold. Performance evaluation 

of these algorithms has been carried out by many researchers. Hall and Zaffiro [12] tested 

his abnormal event detection algorithm by performing laboratory contamination injection 

experiments. Faruk [13] compared the performance of ARIMA methodology and neural 

network for water quality prediction. Arad and Housh [9] compared his dynamic 

threshold method to the fixed threshold method of Perelman, Arad [14] and the result 

shows that the method with dynamic thresholds achieves a higher true positive rate (TPR) 

while the one with fixed thresholds triggers less false alarms. Liu, and Li [15] evaluated 

three contamination detection methods, which are Pearson correlation Euclidean distance 

(PE), Multivariate Euclidean Distance (MED) and Linear Prediction Filter (LPF), using 

one dataset with real contamination events and two artificial datasets constructed by 

applying a widely-used water quality data construction method designed by McKenna 

and Hart [16]. 

Although there has been considerable research into abnormal water quality event 

detection, research on online abnormal event detection of chemical contaminants in 

wastewater is still very limited. A search using Google Scholar for the term 

“allintitle:(water OR wastewater OR sewage) (event OR "abnormal event" OR 
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abnormality OR contamination) (detection OR classification OR monitoring)” returned 

184 papers published in the last five years that discuss about online water quality 

abnormal event detection. But only four of these are targeting on wastewater environment 

[2, 17-19]. Moreover, none of these four papers provide any performance evaluation of 

abnormal event detection based on experiments done using real world data. In fact, 

developing an abnormal event detection method in wastewater management can pose 

many challenges. First, most of existing research focuses on laboratory, natural water, 

and drinking water environments. Unlike in laboratory and drinking water environments, 

constituents of contaminants in wastewater environment can be very complex. This 

means that a contamination event needs more variables to quantify and the relationship 

between these variables can be very complicated to model. Second, the generalization 

capability of methods for wastewater environment is very important, especially for our 

Linkage Project. This is because the sampling units of our wastewater WQMS are usually 

distributed across various regions (e.g., industrial and residential regions) over the pump 

networks. Wastewater quality characteristics in different regions can vary dramatically, 

making it more difficult to achieve acceptable detection performance among all these 

sites. In contrast, the sampling units in a natural water environment are usually deployed 

within the same continuous water body (such as lakes and rivers) and the water quality 

variation from different sampling units is relatively small.  

 

Perhaps the biggest challenge is the lack of real water quality training data for machine 

learning. In supervised learning, the quality of the training data directly impacts the 
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performance of the classifier. To develop a contamination event detection algorithm, 

good quality contamination datasets are essential. However, water quality datasets that 

contain enough characteristic information such as timing, location, and contaminant 

information rarely exist. So almost all the contamination datasets used to evaluate 

abnormal event detection algorithms over the past few decades are completely or partly 

artificial. Many attempts had been made to address this issue. For example, Hall and 

Zaffiro [12] performed  laboratory contamination injection experiments simulating the 

real world environment to generate artificial datasets. Another common way is to 

construct the datasets combining background data from real world sampled water quality 

data with simulated events inserted (Mckenna and Wilson [20]). These two methods both 

have their drawbacks. Since water quality variation in real world environment is usually 

much more complex than that in the laboratory contamination injection experiments, it is 

difficult to ensure that the algorithm obtained can achieve a high detection accuracy in 

Figure 4.1 Examples of sensor readings from a seasonal Dataset 1 (left) and a non-

seasonal Dataset 2 (right) 
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the real world, even if it performs perfectly in the experimental environment (Liu and Li 

[15]). The method that combines real background data and artificial abnormal event data 

overlooks that fact that real world contamination always contains duration and correlation. 

It can result in a low probability of detection when the algorithm is applied in the actual 

environment. Therefore, in this study we constructed several datasets (with seasonal and 

non-seasonal variations) using real world background and wastewater abnormal event 

data to evaluate six widely used contamination detection methods, namely CUSUM, 

Linear Prediction, Moving Median, EWMA, ARIMA and ANNs. 

 

4.2 MATERIALS AND METHODS 

In this section, the materials and methods utilized in this study are presented, including 

the datasets, the data pre-processing, the selected abnormal event detection methods, the 

performance indicators, and the parameter optimization method.  

 

A. Datasets 

The data used in this study was collected from the WQMS that was developed as part of 

the Australian Research Council (ARC) Linkage Research project, in which two 

Australian universities and several major Australian water utilities were involved, 

including Sydney Water, Melbourne Water, Water Cooperation of Western Australia, and 

Gold Coast Water. The target of this project was to fulfil the requirement that the quality 

of the wastewater introduced into a purifying system needs to satisfy some industrial 

standard so that the purifying equipment would not be damaged by extreme wastewater 

condition. The WQMS was developed to safeguard the PRW system operation and to 

prevent purifying equipment damage by monitoring wastewater quality in real-time and 

alerting operators when contamination events occur. The WQMS contains a number of 



  89 

sampling units, where each unit contains 8 dual-type conventional water quality sensors 

that measure the pH, conductivity (EC), temperature (T), and Turbidity (TB) in pairs, and 

a central server for collating and displaying the data. The sampling units were deployed 

in several water utilities across Australia to collect wastewater quality data in real time. 

During the trial period of three years, hundreds of contamination events were captured. 

In order to evaluate the performance of different abnormal event detection methods on 

Figure 4.2 The output of Kalman Filter. Red curve represents the data 
measured by sensors. Blue curve represents the data after filtering process 
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seasonal and non-seasonal data, two datasets are curated from two of the trialed pump 
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stations located in NSW, Australia. Dataset 1 with three months duration (approximately 

155000 time steps) is from a station that mainly treats wastewater from residential area 

where the inhabitant’s water-using habits are usually regular. Due to this, Dataset 1 

displays clear patterns over time. Dataset 2 with five months duration (approximately 

207000 time steps) was sampled from a station located in an industry area where 

industrial dumping happens irregularly. This results in irregular patterns in the water 

quality parameter. It can be seen in Fig. 4.1 that each of the water quality parameters in 

dataset 1 behaves regularly with a daily pattern while the parameters in Dataset 2 show a 

lot of random fluctuations. 

 

B. Data Pre-processing  

The sampled raw data cannot be used directly in our experiment without being properly 

pre-processed. This subsection describes the data pre-processing operations, including 

de-nosing, abnormal events labelling, data normalization, and data balancing. 

 

1) De-noising 

Noise can readily be observed in the two datasets shown in Fig. 4.1. In order to reduce 

the impact of noise on abnormal event detection, data de-noising is required. Moving 

averaging is a popular de-noising methods. However, it can cause detection delay which 

would defeat any gain from the de-noising process [21]. Other widely-used de-noising 

methods are the LOWESS method [22], Holt-Winter’s smoothing method [23], and the 

cosine transform method [24]. In this study, Kalman filtering (Julier and Uhlmann [25]) 

is used for de-noising. Kalman filtering is a widely-used noise reduction method on time 

series that contains statistical noise. It can be formulated as the process 

𝑥, = 𝐴𝑥,./ + 𝐵𝑢, + 𝑤,./                                                                                            (28) 
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with measurement z ∈ 𝑅6 given by 

𝑧, = 𝐻𝑥, + 𝑣,                                                                                                                (29) 

The random independent variables 𝑤, and 𝑣,  are the process and measurement noise 

respectively 

𝑝(𝑤)	~	𝑁(0,𝑄), 𝑝(𝑣)	~	𝑁(0, 𝑅)                                                                                  (30) 

The state 𝑥, represents the water parameter values estimated by the Kalman filter given 

the last state 𝑥,./, and the measurement 𝑧,	represents the sensor readings in time step k. 

𝑢, is an input control vector which can be ignored in our case. 

 

There are two groups of equations used in the Kalman filtering process, for time update 

and measurement update. The first group of equations are used to estimate the 

measurement at the next time step given the current state and the error covariance 

estimates. The other group of equations are responsible to refine new estimates by 

comparing new measurements with their corresponding estimates obtained from the first 

group of equations. 

 

The equations for the time updates are shown as follows 

𝑥C,|,./ = 𝐴𝑥C,./|,./ + 𝐵𝑢,./                                                                                        (31) 

𝑃,|,./ = 𝐴𝑃,./|,./𝐴% + 𝑄                                                                                            (32) 

in which 𝑥C,|,./ is the state estimate at time k given measurement up to and including at 

time k-1. And 𝑃,|,./	is an error covariance matrix measured between 𝑥,	and 𝑥C,|,./. The 

equations for the measurement updates are shown as follows 

𝐾, = 𝑃,|,./𝐻%F𝐻𝑃,|,./𝐻% + 𝑅G
./

                                                                                 (33) 

𝑥C,|, = 𝑥C,|,./ + 𝐾,(𝑧, − 𝐻𝑥C,|,./)                                                                                (34) 
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𝑃,|, = (𝐼 − 𝐾,𝐻)𝑃,|,./                                                                                                    (35) 

where 𝐾,  is the Kalman gain used to weight the current state and the measurement 

estimates. 

 

The time updates and the measurement updates alternate with the prediction advancing 

the state. In this way, data with less noise is obtained for the abnormal event detection 

process. It can be seen in Fig. 4.2 that noise in the data is significantly reduced after 

Kalman filtering. 

 

2) Abnormal Event labeling 

The labelling of the abnormal wastewater quality events in the datasets is a critical part 

of this study since it can directly impact the performance evaluation results of different 

abnormal event detection methods. Considering its importance and the abnormal event 

complexity, all the events are labeled manually by experienced researchers from the 

Griffith Environment School and experts from the Australian water industries. As a result, 

a total of 214 abnormal events are labelled, which are divided into two categories: heavy 

rainfall events and illegal dumping events. Fig. 4.3 shows four examples of the two 

categories of abnormal wastewater events, including one heavy rainfall event (a) and 

three illegal dumpling events (b, c, and d). Their influence periods are marked with 

colored boxes. It can be seen that different events have different characteristics. For 

example, heavy rainfall causes long-term temperature drop and a slight decrease in 

conductivity; while illegal dumping usually appears as significant pH, conductivity, and 

turbidity changes. The abnormal event characteristics in the same category can also 

change with different contaminants. For example, the pH drop and pH increase shown in 

events b and c can be caused by the industry dumping of contaminants containing acid 



  94 

and alkali respectively, while the dumping causing abnormal event c is neutral in pH but 

leads to turbidity change. 

 

3) Data normalization, balancing 

All data in the two datasets need to be normalized during data pre-processing to unify the 

value range of the different water quality parameters. Another problem that needs to be 

addressed is data imbalance. Since there are approximately 362000 time steps in the two 

datasets, in which all labelled events only account for around 8.5%, the data can be seen 

as highly imbalanced. This can impact the performance evaluation results of the abnormal 

event detection methods, especially for those that are sensitive to data imbalance. To 

solve this problem, the datasets are expanded by inserting new generated events into the 

original data to increase the proportion of events to about 50%. These new events are 

generated by sampling from the original labelled events according to their occurrence 

frequency.  

 

In some studies such as Mckenna and Wilson [20], the performance of abnormal event 

detection methods is evaluated with datasets constructed by injecting artificially 

generated contamination event data into normal background data gathered from natural 

water area. In their datasets, these artificial contamination events are represented by 

spikes that last for some specific time steps. Strength values are used to represent the 

impact levels of these artificial events, which are initialized to 1.0 to 3.5 times of the 

standard deviation of normal background data. Larger strength values indicate more 

significant abnormality of these events. It is worth noting that in their study, only one 

kind of contamination events represented by spikes with the same specific strength values 

are used for each dataset. Their results suggested that the strength values of these artificial 
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events directly affect the performance of the abnormal event detection methods. In our 

study, we construct the datasets by combining real contamination event data and normal 

background data. Therefore, all experimental data in our study was gathered from the real 

world. This ensures that the results of our experiments are closer to the real world.  

 

C. Detection Methods 

This subsection presents six abnormal event detection methods that are widely used in 

the water quality management field, consisting of CUSUM, Linear Prediction, Moving 

median, EWMA, ARIMA, and ANN.  

 

1) CUSUM 

The CUSUM chart is used to monitor the mean of the measurements sampled from the 

process at specific given times. Subgroups are then constructed by these measurements 

at the given times. In this study, we let each subgroup contain just one individual 

observation and select the standard two-sided CUSUM. Let 𝑥J be the 𝑖th observation of 

the dataset in a window of size 𝑊MNONP . The mean and variance of the distribution are 

denoted by 𝜇R and 𝜎T respectively. Then the standardized value of 𝑥J	is 

𝑋(𝑖) = VW.XY
Z

                                                                                                                       (36) 

The standardized two-sided CUSUM can be calculated as follows: 

𝑈J = max	[0, 𝑋J − 𝑘 + 𝑈J./]                                                                                           (37) 

𝐿J = 𝑚𝑎𝑥[0,−𝑋J − 𝑘 + 𝐿J./]                                                                                        (38) 

where 𝑈R and 𝐿R are initialised to 0, and k is set to 𝜇V. We initialize the decision interval 

value h to be 5𝜎. Once 𝑈J or 𝐿J exceeds h, an alarm will be raised. The decision interval 

h along with the window size 𝑊MNONP  need to be optimized in an optimization process to 

maximize the method’s performance. 
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2) Linear Prediction 

Linear Prediction method, which is also known as linear predictive coding (LPC), has 

been widely used in different applications, such as speech recognition, data forecasting, 

abnormal event detection, etc. The objective of Linear Prediction method is to estimate 

the forthcoming values of discrete-time samples 𝑋e(𝑛)  given previous samples by 

constructing a model of a linear time-invariant system and calculating a set of coefficients 

in it. The most common representation is 

𝑋e(𝑛) = −∑ 𝑎J𝑋(𝑛 − 𝑖)
&hi
Jj/                                                                                              (39) 

where 𝑋e(𝑛) is the predicted value at time n based on the previous 𝑃k&  estimates and 

𝑋(𝑛 − 𝑖) are the previous values according to which the prediction is performed. 𝑎J are 

called the predictor coefficients. The predictor error is defined as the difference between 

the actual output and the prediction: 

𝑒(𝑛) = 𝑋(𝑛) − 𝑋e(𝑛)                                                                                                      (40) 

in which 𝑒(𝑛) is the predictor error and 𝑋(𝑛) is the true observation value. Hence the 

detection threshold is defined as follows: 

𝐸k& =
/
n
∑ 𝑎𝑏𝑠q𝑒r(𝑛)sn
rj/                                                                                                (41) 

in which 𝐸k&  is the average predictor for the entire system. It is calculated by averaging 

the sum of the absolute values of all predictor errors for 𝑠  number of water quality 

parameters. An alarm will be triggered when 𝐸k&  exceeds a pre-set detection threshold 

𝐷k&. 

 

3) Moving Median 

Moving median is another statistical method that can be used in time series abnormal 

outlier detection. For some given samples, their median is the one in the middle of their 
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ascending sequence. Compared to the mean of these samples, median is believed to 

estimate their typical value better, especially when large outliers exist.  

Let ν be the median of sample z[i], it can be defined as follows: 

𝑣 = 𝑚𝑒𝑑𝑖𝑎𝑛(𝑧[1], 𝑧[2],… , 𝑧[𝑛])                                                                  (42) 

= y
𝑍 {|'/

T
}			(𝑛	𝑖𝑠	𝑜𝑑𝑑)

�{��}'�[
���
� ]

T
			 (𝑛	𝑖𝑠	𝑒𝑣𝑒𝑛)

                     

where Z[i] is the ascending sequence of z[i]. 

For time series that can be represented by the sequence: 

x[k], k = 0, 1, 2, …, N-1.   

 

Its trend can be estimated by continuously updating its median in a M size sliding window. 

The trend y[k] can be calculated as follows: 

𝑦[𝑘] = 𝑚𝑒𝑑𝑖𝑎𝑛(𝑥[𝑘], 𝑥[𝑘 + 1],… , 𝑥[𝑘 +𝑀 − 1])                                                                (43) 

where k = 0, 1, … , N - M.   

 

To determine the lower and upper thresholds, the {l, u} confidence interval of the baseline 

estimated previously is used respectively, in which l and u should be in the range of 0 < l 

< u < 1. Outliers are determined by taking the mean of the previous p data points and 

comparing it to the modified confidence interval, based on the following rules, where w 

is the window width of the moving median. 

𝑦J.�:/|� < 𝑚𝑒𝑎𝑛F𝑦J.�, 𝑦J.�'/, … , 𝑦JG or                                                                      (44) 

𝑦J.�:/|� > 𝑚𝑒𝑎𝑛F𝑦J.�, 𝑦J.�'/, … , 𝑦JG 

Here 𝑦J.�:/|�  and 𝑦J.�:/|�  are regarded as the positive threshold and negative threshold 

respectively. Parameters used in this procedure (w, p, l, u) are generated and optimized 

by the genetic algorithm. 
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4) EWMA 

The exponentially weighted moving average chart (EWMA chart) is a type of control 

chart which is widely used in time series quality control, such as monitoring the changes 

of water quality variables. It differs from other control chart methods in that the EWMA 

chart apply exponentially-weighted moving average on all subgroups of observations, 

instead of treating them independently. The weights are assigned to observation samples 

by EWMA according to their order. More recent observations are assigned higher weights. 

There are two parameters in the EWMA chart method. One is λ, which is the weight 

assigned to the most recent observation mean in the sliding window. λ should be in the 

range of (0,1) and in practice it is usually set between 0.05 to 0.3. The other parameter is 

L, which is the standard deviation multiple of observations within the sliding window and 

is usually set to 3.  

 

The successive observations z[𝑖] is calculated using the following formula: 

𝑧J = 𝜆�̅�J + (1 − 𝜆)𝑧J./                                                                                                            (45) 

where �̅�J is the average of the observations in the sliding window.  

The control limits are calculated as follows: 

𝑇 ± 𝐿 O%
√|
� �
T.�

[1 − (1 − 𝜆)TJ]                                                                                            (46) 

 

in which T is the long term mean of the observations, S is the standard deviation and n is 

the number of observations in the sliding window. Observations that exceed these limits 

can be determined as outliers or abnormal events after being confirmed. 

 

 

5) ARIMA 
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An autoregressive integrated moving average (ARIMA) is a statistical analysis model that 

is used to predict the future trends of time series data. It estimates how one dependent 

variable is relative to other using regression analysis. An ARIMA model can be denoted 

by ARIMA(p,d,q). The three parameters p, d and q are involved in three components 

which are contained in this model and can be described as follows: 

 

AR (Autoregression): A model that describes how a dependent variable depends linearly 

on its lagged values. In the following formula, p is the number of lagged observations 

taken into account 

𝑋� = 𝑐 + ∑ 𝜑J𝑋�.J
�
Jj/ + 𝜀�                                                                                            (47) 

 

I (Integrated): A model that applies differencing on the raw observations to make the 

time series stationary. It removes the dependency on the observation time, eliminating 

trend and data seasonality. Parameter d is the degree of differencing.For d = 2, i.e. second 

order differencing, we have 

𝑦�∗ = 𝑦�� − 𝑦�./�                                                                                                                  (48) 

= (𝑦� − 𝑦�./) − (𝑦�./−𝑦�.T) 

= 𝑦�−2𝑦�./ + 𝑦�.T						 

 

MA (Moving Average): A model that shows how variables depend on residual errors 

from a moving average model.  

𝑋� = 𝜇 + 𝑥� + 𝜃/𝑥�./ + ⋯+ 𝜃�𝜀�.�                                                                                   (49) 

The optimal parameters p, d and q can be found automatically using tools such as 

auto.arima in the statistical package R. The other parameter h determines how many time 
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steps this ARIMA model should predict, which can affect the model’s performance, it 

needs to be tuned during the optimization process. 

6) ANNs 

Artificial neural networks (ANNs) have found widespread application in many machine 

leaning problems. In this study an ANN was utilized to estimate the confidence levels for 

contamination event detection given the water quality parameters during normal 

operation. An obvious advantage of using ANN here is that it is able to model complicated 

nonlinear relationships between water quality parameters without the need to have 

detailed knowledge of the wastewater chemistry.  

 

A typical ANN contains an input layer, an output layer, and several optional hidden layers 

between them. Each of these layers contains a set of neurons (or nodes) and neurons in 

adjacent layers are connected. Every connection between two neurons is assigned a 

weight to indicate the strength of the connection. The architecture of an ANN refers to 

the network of neurons and their connections. For example, a three-layer ANN can be 

described as {M; N; O} in which M, N and O is the number of neurons in the input layer, 

a single hidden layer, and the output layer, respectively.  

 

In our experiments a three-layer ANN ({M; N; 1}) was used. M is determined by the 

window size of the input water quality time series and N is a number smaller than M 

which can be chosen according to the results of the optimization process. There is only 

one output which classifies whether the input contains an abnormal event or not. The 

logistic function is chosen to be the activation function. A sliding window of size 𝑊¦)) 

is utilized in both the training and the testing process. For each sliding window, the 
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measured time series of all water quality parameters inside the window are used as input 

to the ANN model to estimate the label for the window, as described as follows: 

 

𝑌e� = 𝑓(𝑋/, 𝑋T, … , 𝑋J, … , 𝑋|)                                                                                                 (50) 

where 𝑌e� is the estimated label for data in the window ends at time 𝑡 and 𝑋J is the 𝑖th 

water quality parameter vector with length 𝑊¦))  that is constructed by the parameter 

values in the window. 𝑛  is the number of parameter and 𝑓(∙)  is the function to be 

modelled by the ANN. As there is only one output in our ANN, the mean squared error 

function is selected as the cost function which is defined as 

𝐶 = /
T
∑ (𝑡r − 𝑦r)Tr                                                                                                              (51) 

in which 𝑡r and 𝑦r represent the 𝑗th target label and the estimated label respectively. 

The ANN is trained using backpropagation. The weight of the connection from node 𝑖 to 

node 𝑗 is updated during training according to the following equation 

𝑤Jr = 𝑤Jr − 𝛼
¬M
¬W®

                                                                                                               (52) 

in which 𝛼 is the learning rate which we set to 0.1. 

 

In our experiments, the first two thirds of each dataset is used as the training set. Therefore 

the training set for Dataset 1 contains approximately 104000 time steps and the training 

set for Dataset 2 contains about 138000 time steps. The remaining one third of each 

dataset are used as the test set to evaluate the performance of the trained ANN model. 

Data was split up into blocks with the same size as the sliding window’s width when 

being fed into the ANN. For each block, its label is taken to be 0 or 1, depending on 

whether the block contains mostly normal water quality parameters or abnormal 

parameters.  Since the logistic function is used as the activation function, the output (i.e. 
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estimated label) of the ANN is in the range of 0 and 1, and the closer the estimated label 

is to 1, the higher the probability for the observations inside the sliding window to be 

abnormal. During the testing process, the observations inside the sliding window will be 

classified as abnormal if their estimated label exceeds a pre-set detection threshold 𝐷¦)). 

Both the detection threshold 𝐷¦)) and the sliding window size 𝑊¦)) are optimized in 

our study for detection accuracy. 

 

D. Performance Evaluation Indicators 

The performance of an abnormal event detection method can be assessed as the ability to 

accurately distinguish abnormal events from a mix of abnormal events and normal 

background. A number of indicators can be used to evaluate the performance of an 

abnormal event detection method, such as accuracy, true alarm rate, and false alarm rate. 

In this study, we used the receiver operating characteristic (ROC) curves to evaluate the 

performance of the abnormal event detection methods. An ROC curve describes the 

relationship between the true positive rate (TPR) at the y-axis and the false positive rate 

(FPR) at the x-axis, both of which can be calculated during each iteration of the abnormal 

event detection test process using the following formulas 

𝑇𝑃𝑅 = %&
%&'()

                                                                                                                       (53) 

𝐹𝑃𝑅 = (&
(&'%)

                                                                                                                     (54) 

in which TP, FN, TN and FP are true positive, false negative, true negative, and false 

positive, respectively. The true positive is the number of true events correctly classified 

as events, the false negative is the number of true events incorrectly classified as normal 

background, the true negative is the number of true normal background correctly 

classified as normal background, and the false positive is the number of true normal 

background incorrectly classified as events. The area under the ROC curve can be used 
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to evaluate the performance of the abnormal event detection method. The larger the ROC 

area of an abnormal event detection method, which implies a higher TPR and lower FPR, 

the better is its performance. In this study, the FPR at the TPR of 0.95 is utilized as a 

performance indicator which denotes the false alarm rate when the probability of 

detection is 0.95. Lower FPR usually means higher detection accuracy and better 

performance. 

 

Table 4.1   The parameter values for the different abnormal event detection methods after 

optimization. 

Methods Parameters Optimal values 1 Optimal values 2 

CUSUM 𝑊MNONP 887 505 

ℎ 6.57 4.36 

Linear Prediction 𝑊k& 194 107 

𝑃k& 22 13 

𝐷k& 0.36 0.44 

ANN 𝐷¦)) 0.86 0.83 

𝑊¦)) 59 34 

Moving median w 256 332 

p 167 229 

l 0.07 0.09 

u 0.92 0.89 

EWMA l 0.23 0.15 

n 43 62 

ARIMA h 4 7 
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E. Optimisation Using Genetic Algorithms  

Genetic Algorithm (GA) is a kind of adaptive heuristic search algorithm inspired from 

the natural selection and biological evolution processes. It is widely used in optimization 

because of its capability to search for the individuals with the highest fitness among a 

population of candidate solutions. Here in this study, GA is used to optimize the 

parameters in the abnormal event detection methods to maximize their performance. The 

GA package in R (R 3.0.1) was used for optimization, with a setting of 50 generations 

and a population size of 100. The crossover value which represents mating between 

individuals is set to 0.8 and the mutation value which introduces random modifications is 

Figure 4.4  ROC curves of six abnormal event detection methods on two datasets under a 

10-fold cross validation. The one with the largest Area under Curve(AUC) is marked in 

red circles. 
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set to 0.1. The 14 parameters that need to be optimized are the window size 𝑊MNONP  and 

the decision interval ℎ for the CUSUM method; the window size 𝑊k& , the model order 

𝑃k& and the detection threshold 𝐷k& for the Linear Prediction method; the sliding window 

size w, the number of previous data points p, the lower threshold l, and the upper threshold 

u for the moving median method; the initial weight assigned to the most recent 

observation mean l and the window size n for the EWMA method; the prediction horizon 

h for the ARIMA method; and the detection threshold 𝐷¦)) and the sliding window size 

𝑊¦)) for the ANN method. The lower and upper boundaries (LB and UB) for the 14 

parameters were set to LB = [30, 0.5, 30, 5, 0.01, 30, 10, 0, 0, 0, 30, 1, 0.01, 30] and UB 

= [1440, 10, 1440, 30, 1, 1440, 240, 1, 1, 0.3, 240, 10, 1, 240] respectively. The selection 

function is crucial to the results of GA optimization. It computes the fitness of each 

individual, which in our case means the performance of an abnormal event detection 

method given a specific set of parameters. Then it allocates preference to those with 

higher fitness to allow their next generations to inherit their good genes (well-tuned 

parameters) to obtain the optimal individuals. Here in this study the fitness of each 

individual that depends on its goodness is defined as follows: 

𝐹𝑖𝑡𝑛𝑒𝑠𝑠 = T%&
T%&'(&'()

								𝐹𝑖𝑡𝑛𝑒𝑠𝑠 ∈ [0, 1]	                                                                    (55) 

 

4.3 RESULTS AND DISCUSSIONS 

Table 4.1 shows one group of optimized parameters which are generated in one GA 

optimization process. Here we need to explain the purpose of GA parameters and how 

we determined them. The cross-over rate is used to lead population to converge on one 

of potential good solutions. It makes sure that the method can finally reach an optimum, 

either local or global. The mutation rate provides the methods exploration ability avoid 

convergence and explore more areas, making it more possible to reach the global 
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optimum. Both of them should be set wisely. Too high mutation rate can prevent 

population to converge to any optimum solution and too little mutation rate can result in 

local optimum instead of the global one. As to the choice of population size and number 

of generations, here we use the default settings provided in the package. Although there 

is suggestion that the population size should be 1.5 to 2.5 times of the detention of the 

solution and the maximum size is 100. We still leave it to be the default considering the 

fact that the algorithm can be more easily get trapped in local optima with a small 

population size and our trial and error experiments with default settings returned 

acceptable results. To further validate the performance of methods with the optimized 

parameters, a 10-fold cross validation is performed in each evaluation process. In each 

round of cross validation, GA optimization is performed on the training samples to obtain 

the optimal parameters. Then these parameters are applied on the testing samples. The 

ROC curves shown in Fig. 4.4 are used to visualize the results more clearly. There are 10 

ROC curves in every subfigure, each of which indicates one testing result during the cross 

validation process and is plotted by adjusting the detection probability threshold. The 

ROC curves marked in red are considered to be the optimal one for each method since 

they have the largest Area under Curve(AUC). It can be seen from Table 4.2 that the 

method using ANN achieves the best performance among the six methods with the largest 

ROC of 0.85 for the seasonal dataset (dataset 1). For the non-seasonal dataset (dataset 2), 

Table 4.3 shows that the ROC of the ANN method decreases to 0.70, and EWMA 

performs slightly better than the other five but the difference is quite small. 

 

The ANN method achieved a FPR of 0.47 at a probability of detection of 0.95 on the 

seasonal dataset 1. This means that 47% of normal water quality are detected as 

contamination events incorrectly by the ANN method for a 95% detection of true events. 
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This is lower than the FPRs for the other five methods. In comparison, CUSUM, Linear 

Prediction, Moving Median, EWMA, and ARIMA methods detected incorrectly 87%, 

76%, 66%, 59%, and 54% of normal water quality as contamination events, respectively, 

to reach the same probability of true detection of 0.95. This result shows a better 

performance of ANN method on the seasonal dataset compared with that of the other five 

Figure 4.5 Performance boxplot of six abnormal event detection 

methods in the validation process on 10 different datasets from 

different sites.  
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methods. For the non-seasonal dataset, the ANN method has a FPR of 0.83, which is high 

but is still lower than the other five methods.  Abnormal event detection methods with 

high FPR can decrease the performance of the whole system since effort is needed to 

confirm whether the events detected are true or not.  

 

The experiment results suggest that the method using ANN has the best performance 

among the six abnormal event detection methods on both seasonal and non-seasonal 

datasets at the TPR of 0.95. Moreover, all the six abnormal event detection methods 

obtained poorer performance for the non-seasonal dataset at TPR of 0.95. Dataset 1 

contains an obvious daily pattern since it was sampled from the pump  

 

Table 4.2  The performance of the methods for dataset 1 

Methods ROC 

Area 

FPR at TPR of 0.95 

CUSUM 0.71 0.87 

Linear Prediction 0.70 0.76 

ANN 0.85 0.47 

Moving median 0.73 0.66 

EWMA 0.72 0.59 

ARIMA 0.79 0.54 
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Table 4.3  The performance of the methods for dataset 2 

Methods ROC 

Area 

FPR at TPR of 0.95 

CUSUM 0.69 0.89 

Linear Prediction 0.74 0.94 

ANN 0.70 0.83 

Moving median 0.69 0.87 

EWMA 0.75 0.84 

ARIMA 0.71 0.90 

 

station that is located in a residential area where the consumption of water is relatively 

regular. Dataset 2 is highly non-regular because it was sampled from a station in an 

industry area where chemical dumping can occur irregularly. Daily patterns cannot be 

extracted under this scenario or they do not even exist. Thus it is more difficult for an 

abnormal event detection method to distinguish between abnormal contamination events 

and normal background in dataset 2. Note that the six methods we compared only detect 

abnormal variations as outlier events and do not differentiate the nature of the events as 

either due to heavy rainfall or illegal dumping. The lack of enough training examples 

precludes the detection of different type of abnormal events. 

 

In order to gain a better understanding of the abnormal event detection performance of 

the selected methods on other pump station sites, we use the same approach to tuned the 

six abnormal event detection methods and apply them to ten different datasets from other 

sites. Three of these datasets are apparently seasonal since they are collected from sites 

that mainly treat wastewater from residential area; three other datasets are non-seasonal 
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since they are from sites which are located in industry area and treat more irregular 

industry dumping; another four datasets can be seen as combination of seasonal and non-

seasonal data because their sources are impacted by both domestic wastewater and 

industry dumping. The performance of these six methods is evaluated by computing the 

total detection accuracy and the false alarm rate and the results are presented as box plots 

in Fig. 4.5. It can be seen that since the water quality data characteristics on these sites 

vary widely, the method’s performance shows significant diversity. Linear Prediction, 

moving average and EWMA achieve high maximal total accuracy while their minimal 

and median values are relatively low. In contrast, ANN’s maximal total accuracy is 

slightly lower than the others, but its performance distribution is tighter with higher 

minimal and median values. It is similar when it comes to false alarm rate. Artificial 

Neural Networks have better overall performance on different sites with lower maximal 

false alarm rate and more concentrated distribution. Meanwhile, the other five methods 

achieve lower minimal false alarm rate although their performance is also less stable.  

 

4.4 CONCLUSION 

In our performance evaluation experiments on two selected datasets using ROC area, FPR, 

and TPR as performance indicators, all six abnormal event detection methods tend to have 

a worse performance when applied to the non-seasonal dataset compared with when 

applied to the seasonal one. Artificial Neural Network method performs significantly 

better than the other five methods in the seasonal dataset while its advantages are not 

obvious on the non-seasonal dataset. Moving Median method achieves the highest total 

accuracy and lowest false alarm rate in the experiments performed on ten datasets from 

other sites, showing the potentials of statistical methods in less complex environment and 

well-described targets. Artificial Neural Networks have a good overall performance in 
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our experiments due to their high generalization ability, although they do not achieve the 

best performance on any dataset. It can be concluded that ANN is an acceptable method 

for abnormal event detection in wastewater environment, especially when the application 

scenarios are complex and prior knowledge is limited. Considering the project 

requirements and the computation cost, the ANN structure in our case is fairly simple. It 

can be expected that a more sophisticated ANN structure with more hidden layers and 

nodes can have better performance, but this will require the availability of a large amount 

of labelled training data which is currently unavailable. Our experiments also indicated 

that despite the substantial amount of effort in the design of abnormal event detection 

methods for water quality monitoring in other environments, none of these methods can 

perform well enough for the highly complex wastewater management environment. The 

complex characteristics of wastewater quality data indicates that more work is still needed 

in the design of abnormal event detection method for the wastewater monitoring 

environment. 
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In this chapter, we introduce two abnormal wastewater quality event detection methods 

we designed and demonstrate their performances. The first one is a Bayesian analysis 

based method combing with dynamic thresholds and baselines generated by Moving 

Median method. From the performance evaluation results in Chapter 4 we see the 

potentiality of Moving Median method in wastewater quality event detection. Thus we 

develop a new method by combing it with Bayesian analysis. This method has been tested 

and applied in our deployed WQMS and achieved good performance on most of the 

sampling sites. Another method is a feed-forward ANN based event detection method 

with several existing event detection methods integrated.  

 

5.1 BAYESIAN ANALYSIS WITH DYNAMIC THRESHOLDS 

In this section, we are introducing an abnormal wastewater quality event detection 

method based on Bayesian analysis with dynamic thresholds and baselines generated by 

Moving Median method. With a new parameter involved for Bayesian sequential analysis 

process, it takes account of outliers' wandering amount in the event detection process and 

makes it more efficient. This method can be divided into two parts: the off-line training 

procedure and online event detection procedure. The off-line training procedure aims to 

improve system alarm accuracy by optimizing parameters involved in dynamic thresholds 

calculating and Bayesian sequential analysis process in online event detection procedure, 

using a GA method with historical event data collected as input. 
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Since the optimizing process is computationally exhausting, results from off-line training 

procedure can be only updated for the online part at set intervals, or when new events 

detected reach a certain amount. The online event detection procedure consists of two 

main modules:  

 

(1) Outlier identification — distinguish abnormal observations from normal ones using 

dynamic thresholds;  

 

Figure 5.1 Off-line training procedure and online event detection 

procedure of the modified Bayesian Analysis method with dynamic 

thresholds generated by Moving Median.  
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(2) Event identification — keep calculating event probability using Bayesian function to 

identify events from abnormal observations. The architecture of our event detection 

system is depicted in Fig. 5.1. We have also validated our methods using the same datasets 

used in the performance evaluation experiment demonstrated in Chapter 4.  

 

5.1.1  Method Design 

In this section, we describe technical details of our designed Bayesian Analysis method 

with dynamic thresholds generated by Moving Median. 

 

5.1.1.1 Outlier classification using moving median 

For event detection purpose, sampled wastewater quality observations are classified as 

"Normal" and "Outlier" with thresholds. Values bound within upper and lower thresholds, 

which make the majority of wastewater quality data, are considered as normal operating 

conditions. The other observations those bound outside the thresholds are classified as 

outliers. Then in the further step, the event detection process will determine whether these 

outliers are indeed events or not. To accurately distinguish the outliers in the time-series 

data of individual sensors, we propose a new dynamic thresholds approach that employs 

a running median. 

 

The median is the middle point of a sample sorted in ascending order. It is a better 

estimate of the typical value than the mean when there are significant outliers in the 

sample. 

 

The median ν of a sample z[i], i = 1, …, n can be defined as follows: 
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Let Z[i] be the sequence obtained by sorting z[i] in ascending order, and Z[1] < Z[2] < … 

Z[n].  

Then ν =median({z[1], z[2],…, z[n]})                                                                                  (56) 

      =Z[(n+1)/2] (when n is odd), (Z[n/2]+Z[n/2+1])/2 (when n is even)  

  

However, in our case the data collected are real-time series which can be represented by 

the sequence: 

x[k], k = 0, 1, 2, …, N-1.                                                                                                       (57) 

For such real-time sequences, a running median (the median of a window of M data points 

continuously updated as each new data point arrives) can be used to estimate the trend: 

y[k] = median({x[k], x[k + 1],…, x[k + M - 1] }),                                                                (58) 

k = 0, 1, … , N - M.    

 

An example of running median calculated using various window widths for pH data is 

shown in Fig. 5.2. It can be seen that the extent of noise rejection and smoothing increases 

as the window width M increases. The baseline computed using a 1h window width 

rejected noise spikes and followed the shape of the data closely, but was also significantly 

affected by events. The 12h window provided too much smoothing, and the resulting 

baseline showed a significant departure from the original data.  

 

Although the running median can eliminate short duration events (i.e., <2 hours), an 

additional strategy is required to produce a functional trend line in the presence of more 

extended events. Simply increasing M was not effective as it causes significant deviations 

for normal data (e.g. Fig. 5.2).  Consequently, an event bridging method is devised in 

which the baseline is not updated during large deviations (which are possible events) but 
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remains at its previous value. Updating is resumed once the underlying trend in the data 

is found to be returning to the pre-event median (e.g., Fig. 5.3). 

 

To determine lower and upper thresholds, the {l, u} confidence interval of the baseline 

estimated previously is used respectively, in which l and u should be in the range of 0 < l 

< u < 1. Then outliers are determined by taking the mean of the previous p data points, 

where p is a small number, and comparing this to the modified confidence interval, based 

on the following rules, where w is the window width of the running median. 

yi-w:i|u  < mean{yi-p, yi-p+1, … yi} or                                                                                      (59) 

yi-w:i|l  > mean{yi-p, yi-p+1, … yi} 

Here yi-w:i|u and yi-w:i|l are regarded as the positive dynamic threshold (PDT) and negative 

dynamic threshold (NDT) respectively. Parameters used in this procedure (w, p, l, u) are 

generated and optimized by genetic algorithm. 
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Figure 5.2 Moving Median pH data, window width (top to bottom) 1h, 5h, 12h.  

Figure 5.3 A detected catchment overflow event at a wastewater treatment plant, 

showing artifacts from the multi-step event bridging code. (black) raw data, 

(green) baseline, (orange) event alarm. 
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5.1.1.2 Event detection with Bayesian sequential analysis 

Bayesian sequential analysis is used to calculate the probability of a potential event based 

on the classified observations in the outlier identification procedure. Events can be 

identified by comparing the probability with a preset threshold value. The original Bayes' 

rule used can be described as follows. 

𝑃(𝐸�) = 𝑃(𝐸�|𝑂�)       if Observation t is Outlier                                                                 (60) 

𝑃(𝐸�) = 𝑃(𝐸�|𝑂±�) if Observation t is Normal                                                               (61) 

𝑇𝑃𝑅 = %&
%&'()

                                                                                                                        (62) 

𝐹𝑁𝑅 = ()
%&'()

                                                                                                                      (63) 

𝐹𝑃𝑅 = (&
(&'%)

                                                                                                                      (64) 

𝑇𝑁𝑅 = %)
(&'%)

                                                                                                                     (65) 

 

where TP, FN, TN and FP are true positive, false negative, true negative and false positive 

respectively. They represent four classes of observations: true positive - the observations 

classified as outliers during true events, false negative - the observations classified as 

normal during true events, true negative - the observations classified as normal during 

routine operations, and false positive - the observations classified as outliers during 

routine operations. TPR and FPR are true positive rate and false positive rate respectively. 

FNR and TNR are false negative rate and true negative rate respectively. It can be derived 

from the rules as the following description:  

TPR + FNR = 1 

TNR + FPR = 1 

P(𝐸�|𝑂�) =
%&³∗&( µ́¡�)

%&³∗&( µ́¡�)'(&³∗[/.&( µ́¡�)]
                                                                               (66) 
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P(𝐸�|𝑂±�) =
()³∗&( µ́¡�)

()³∗&( µ́¡�)'%)³∗[/.&( µ́¡�)]
                                                                              (67) 

P(Et) is the event probability at time t which is kept updated in real time during event 

detection procedure for every water quality parameter independently. Moreover, an event 

would be declared once the probability of the specified parameter exceeds its preset 

threshold.  

 

It can be seen that the amount outliers wander dynamic thresholds is not involved in the 

probability calculation process. The only influence factor is whether observations are 

classified as outliers. That means for events with the same number of outliers in a period, 

the detection time can be the same, even their outlier’s behaviors are obviously different. 

Thus, in order to take outliers' variety into account, we generalize to the original 

Bayesian's rules by introducing a new parameter θ in the rest of this subsection. 

 

Figure 5.4 Parameters shown in an event graph for θ construction.  
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Fig. 5.4 shows a part of observation in which black, blue and red line stands for real-time 

observations, an upper threshold and lower threshold respectively. We let a be the 

distance between two thresholds and c be the distance between observation point to its 

nearest threshold. Then we get another value b as the following description: 

b = a + c  if the current observation is an outlier (like point A).  

b = a – c  if the current observation is not an outlier (like point B).  

Then a new parameter θ is constructed as follows: 

θ = γ b/a  where γ ≥ 0.                                                                                                           (68) 

With θ involved, the original Bayesian's rules are reconstructed as follows: 

𝑃(𝐸�|𝑂�) =
¶∗%&³∗&( µ́¡�)

¶∗%&³∗&( µ́¡�)'(&³∗[/.&( µ́¡�)]
                                                                           (69) 

𝑃(𝐸�|𝑂±�) =
¶∗()³∗&( µ́¡�)

¶∗()³∗&( µ́¡�)'%)³∗[/.&( µ́¡�)]
                                                                         (70) 

Considering the example shown in Fig. 5.4, θ for all outliers like point A is larger than 

one. At the same time, θ is influenced by outliers’ performance. The more significantly 

outliers wander thresholds; the larger θ is getting, and vice versa. Consequently, event 

probability can reach the preset event threshold and declare an alarm as a response more 

quickly when an obvious event occurs. The same goes for normal observation cases. The 

γ involved in θ calculation process is designed to increase positive detection rate by 

rescaling θ. It is also one of the parameters needed to be optimized by GA. 

 

5.1.1.3 Optimisation process 

Genetic Algorithms (GAs) are adaptive heuristic search algorithm based on the 

evolutionary ideas of natural selection and genetics. As such they represent intelligent 

exploitation of a random search used to solve optimization problems. Here in this study, 

a GA optimization was used to find the optimal parameters of the dynamic thresholds and 

the Bayesian event detection to classify observations and improve detection accuracy 
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respectively. We use the GA package of R (R 3.0.1) for optimization with a population 

size of 100 and 50 generations. As to the choice of population size and number of 

generations, here we use the default settings provided in the package. Although there is 

suggestion that the population size should be 1.5 to 2.5 times of the detention of the 

solution and the maximum size is 100. We still leave it to be the default considering the 

fact that the algorithm can be more easily get trapped in local optima with a small 

population size and our trial and error experiments with default settings returned 

acceptable results. The crossover value which represents mating between individuals is 

set to 0.8 and the mutation value which introduces random modifications is set to 0.1. 

Five decision parameters that need to be optimized are window size, mean size, a lower 

threshold and upper threshold which are for generating dynamic thresholds, and γ which 

is involved in the Bayesian event detection process. The lower and upper boundaries (LB 

and UB) for the five parameters were set to LB = [30, 5, 0.05, 0.55, 0.5] and UB = [720, 

60, 0.45, 0.95, 2] respectively. 

 

The selection function which equates to the survival of the fittest is the key of the GA 

optimization process. It gives preference to better individuals, allowing them to pass on 

their genes to the next generation. The goodness of each depends on its fitness, which in 

this study is defined as the follows: 

𝐹𝑖𝑡𝑛𝑒𝑠𝑠 = T%&
T%&'(&'()

								𝐹𝑖𝑡𝑛𝑒𝑠𝑠 ∈ [0, 1]	                                                                      (71) 

 

5.1.2 Experiments and Results 

5.1.2.1 Data preparation 

A certain amount of wastewater quality data with known abnormal events marked is 

needed for off-line training of the event detection algorithm. The data used in this 
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experiment is as same as the datasets used in Chapter 4. Two datasets are curated from 

two of the trialed pump stations located in NSW, Australia. Dataset 1 contains 

approximately 155000 time steps and shows clear patterns over time. Dataset 2 contains 

approximately 207000 time steps with irregular patterns in the water quality parameter. 

Each of the water quality parameters in dataset 1 regularly behaves with a daily pattern 

while the parameters in Dataset 2 show a lot of random fluctuations. Same data pre-

processing is performed including denoising with Kalman Filter and standard 

normalization.  

 

5.1.2.2 GA results 

Event data simulated is used by the Genetic Algorithm (R 3.0.1) to determine the optimal 

parameters for the running median process and furthermore, the dynamic thresholds. Four 

parameters need to be optimized: w, p, l and u which present running window size, 

number of observations used in the mean calculation, lower and upper markers of the 

confidence interval respectively. The optimization process is performed with a population 

size of 100 and 50 generations. 

 

Table 5.1  Optimised Parameters after GA Process 

Parameters Window size  

(w, minutes) 

Mean size  

(p, minutes) 

Lower 

marker (l) 

Upper 

marker (u) 

γ 

Temperature (℃) 313 23 0.13 0.89 0.79 

pH (-) 167 19 0.09 0.88 0.95 

Conductivity 

(µs/cm) 

149 11 0.12 0.85 0.83 

Turbidity (NTU)  464 34 0.17 0.83 1.13 

 



  127 

Table 5.1 shows the optimized parameters generated from Genetic Algorithm process, 

which are extracted from the individual with highest fitness value. It can be seen that the 

window size and mean size vary within a wide range between different water quality 

parameters. 

 

Fig. 5.5 shows the fitness value’s changing through the whole GA process. The spots in 

green are individuals with highest fitness value in their generations. While the ones in 

blue present the mean fitness value in every generation. It can be seen that mean fitness 

value rises significantly and the best one also has a slight increase. After GA optimisation 

process, the fitness tends to be stable at about 0.68.  
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Fig. 5.6 shows an event detection case with the optimized parameters shown in Table 1 

in a pH time series which contains 1000 observations. It should be mentioned that the 

Genetic Algorithm optimization process for dynamic thresholds is a part of the off-line 

training module. Parameters of the thresholds are determined and updated at specified 

intervals, such as one month, rather than in real time. New events detected will be 

Figure 5.5 Fitness value changes in GA optimization process.  

Figure 5.6 Caught event shown with dynamic thresholds and sliding window. 
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integrated into the historical event database and used in the event simulation process for 

training purpose to ensure the adaptability of the system.   

 

5.1.2.3 Event detection performance results 

Experiments that use the same datasets used in Chapter 4 as test data have been carried 

out. All experiments are conducted on an OptiPlex 9020 workstation with Intel® Core™ 

i7-4790 Processor (Quad Core, 8MB, 3.60GHz) and 16 GB of main memory. The first 

experiment is a performance comparison between this modified event detection method 

based on Bayesian analysis and Moving Median with the performance of methods 

mentioned in Chapter 4. It can be seen from table 5.2 and 5.3 that the performance of this 

Bayesian analysis with Moving Median method increases compared with the original 

Moving Median method with higher ROC area and lower FPR.  

 

 

Figure 5.7 Event durations and waiting time of two Bayesian detection methods. 

WaitTime1 and WaitTime2 are waiting time for original and modified Bayesian 

detection methods respectively. 
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Table 5.2  The performance of seven event detection methods including Bayesian 

analysis with Moving Median method for dataset 1 

Methods ROC Area FPR at TPR of 0.95 

CUSUM 0.71 0.87 

Linear Prediction 0.70 0.76 

ANN 0.85 0.47 

Moving median 0.73 0.66 

EWMA 0.72 0.59 

ARIMA 0.79 0.54 

BMM 0.83 0.51 

 

Table 5.3  The performance of seven event detection methods including Bayesian 

analysis with Moving Median method for dataset 2 

Methods ROC Area FPR at TPR of 0.95 

CUSUM 0.69 0.89 

Linear Prediction 0.74 0.94 

ANN 0.70 0.83 

Moving median 0.69 0.87 

EWMA 0.75 0.84 

ARIMA 0.71 0.90 

BMM 0.75 0.85 

 

We also designed another experiment to compare the performance between the original 

and modified Bayesian detection functions with the same set of GA-optimized parameters. 

This experiment mainly focuses on comparing the waiting time from when an event 
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occurs to the alarm corresponds to it is raised. 27 events randomly selected from the 

datasets used in the previous experiment were used and the waiting time for every event 

was recorded in both event detection processes. Fig. 5.7 shows event durations and 

waiting time for both detection functions. It can be seen that for most cases, the waiting 

time of the modified Bayesian detection process is shorter than that of the original one. 

 

5.1.3 Benefits and Limitations 

One advantage of our event detection method is that it provides a more accurate approach 

to detect potential events in two steps. In the first step, outliers are distinguished by using 

dynamic thresholds generated with Moving Median method. Then modified Bayesian 

analysis method is used to determine real events from these outliers. From the 

performance evaluation results, it can be seen that the performance of this method is 

acceptable on both test datasets. The other advantage of this method is that behaviors of 

outliers are also considered in Bayesian analysis process to shorten the waiting time till 

raising an alarm. As an important target of our project, preventing wastewater treatment 

plants from potential contamination risk is directly impacted by the waiting time that 

upstream field monitoring units need to raise alarms. Considering wastewater treatment 

plants still need operation time to respond to events after receiving alarms, long waiting 

time can result in damage to treatment plants since they may not have enough time to 

react before event waves coming in. By adding a parameter representing the changing 

speed of outliers' trend in Bayesian analysis process, we make it faster to reach the pre-

set threshold to raise the alarm when severe events occur. It is worth to mention that 

shorter waiting time somehow also lead to a higher false alarm rate in most cases. In 

practical application scenarios, factors like the distance between pump stations and 

treatment plants, the processing capacity of treatment plants and relevant industry 
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standards should be considered in the optimizing process to get a better trade-off between 

event response speed and event detection performance. 

 

As with any framework or approach, the limitations of our method should be addressed 

and communicated. One of the limitations is the vast amount of calculation in the 

optimization process. Since the environment in every pump station differs, our 

optimization process based on GA needs to be operated for every field unit separately, 

using the data from itself. This operation should be done regularly to maintain dynamic 

thresholds' accuracy for every particular unit. While the GA process is computationally 

exhausting, when the number of deployed field units grows, it will be a challenge to keep 

them updated. 

 

5.2 MULTIPLE CLASSIFIERS INTEGRATED ANN METHOD 

It is shown in Chapter 4 that the optimal event detection method for different sites may 

be different. However, perform trial and error on every site to find it out is exhausting. 

Thus we designed an ANN method with multiple classifiers integrated for high 

generalization ability to obtain overall good results among all sites. Since the event 

detection platform needs to process the data collected from different sites where the water 

quality behaviors can vary significantly, generalization ability of designed platform 

which ensures overall performance among these sites is considered necessary. In this 

section, we are introducing our another even detection method we designed applying a 

feed-forward ANN model integrated with multiple independent event detection methods 

as classifiers. 
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5.2.1 Method Design 

Considering the complex application environment and the fact that each single abnormal 

event detection method has its pros and cons in a specific occasion, utilizing multiple 

methods as classifiers to achieve higher generalization ability by obtaining a better trade-

off between their results can be a reasonable option. These methods can be either 

statistical methods or machine learning ones and should be selected based on their 

performance evaluation results and well optimized separately (GAs). Each method as a 

classifier will output the probabilities of inputted observations belonging to respective 

target classes (e.g., normal and abnormal). Thus we designed a structure for the ANN 

model integrated with multiple classifiers shown in Fig. 5.8.  

 

Observation samples in this structure are wastewater quality observations. They are 

passed to selected classifiers after proper data pre-processing including denoising and 

normalization. Each classifier in the structure is an independent event detection method. 

These methods process input observation samples and generate their event detection 

results. Then the results are fed into an ANN model. Here the ANN model can be seen as 

a decision-making unit. With proper training, it should be capable of generating 

acceptable final detection results referring to all the input from former classifiers. 
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5.2.2 Experiment and Results 

To evaluate the performance of the designed event detection method, some experiments 

are performed. In this subsection, we are introducing our experiment settings and related 

results.  

 

5.2.2.1 Data preparation 

The same ten different datasets from 10 different sites used in the experiment 

demonstrated in Chapter 4 are used to evaluate the generalization ability of this designed 

method. Three of these datasets are apparently seasonal since they are collected from sites 

that mainly treat wastewater from residential area; three other datasets are non-seasonal 

since they are from sites which are located in the industrial area and treat more irregular 

industry dumping; another four datasets can be seen as a combination of seasonal and 

non-seasonal data because their sources are impacted by both domestic wastewater and 

industry dumping. Same data pre-processing is performed including denoising with 

Kalman Filter and standard normalization.  

 

5.2.2.2 Classifier selection and optimization 

The six event detection methods evaluated in Chapter 4 are selected as classifiers 

integrated into the ANN model. Each of them is tuned and optimized with GA using the 

Figure 5.8 Structure of designed multiple classifiers integrated ANN method. 
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Classifier 3

Classifier n

.

.
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same optimization methods described in Chapter 4. The output of these six methods is 

modified to be detection probability, which means with what probability the input 

observations can be an abnormal event.  

 

5.2.2.3 ANN model configuration 

The ANN model used in this experiment is set to be a feed-forward ANN with structure 

{6:10:1}, which means it contains six neurons in input layer, ten neurons in hidden layer 

and one neuron in output layer. We had the following considerations when choosing this 

ANN structure. Firstly we determined the number of neurons in the input layer. This is 

relatively easy since the number of input vectors is six. Then we need to determine the 

number of hidden layers and neurons in each of them. According to the features of ANNs, 

one hidden layer is usually enough to achieve relatively acceptable results in an 

application with the complexity similar to ours. And by trial and error experiments we 

found that applying 10 neurons in the hidden layer is a good solution since more neurons 

can significantly increase the time needed in the training process but the performance 

improvement is not obvious. Therefore we decided to use an ANN with structure {6:10:1}. 

The six detection probabilities generated by classifiers are the input of this ANN model. 

The output of the ANN model is the detection probability. The logistic activation function 

is selected and the learning rate of this ANN model is set to 0.1. 

 

Back-propagation (BP) method is used in the model training process. For each dataset 

used in this experiment, the first two-thirds are used as the training set.  The remaining 

one-third of each dataset is used as the test set to evaluate the performance of the trained 

ANN model. Since the logistic function is used as the activation function, the output of 

the ANN is in the range of 0 and 1, and the closer the estimated label is to 1, the higher 
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the probability for the observations to be abnormal. The training and testing process is 

performed on each of the ten datasets independently.  

 

5.2.2.4 Event detection performance results 

The experiment is carried out on the same platform used in the previous experiments on 

modified Bayesian method with Moving Median. The target of this experiment is to 

evaluate the generalization ability of designed ANN model with multiple classifiers 

integrated. The results are shown as follows in Fig. 5.9. It can be seen that compared with 

the six event detection methods using as classifiers, the designed ANN model with 

multiple classifiers integrated achieves better overall performance on the ten sites 

regarding total accuracy and false alarm rate as performance criteria. 
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5.2.3 Benefits and Limitations 

The advantages of the designed ANN model with multiple classifiers as event detection 

method is that it is not necessary to perform trial and error on every site to find out the 

most suitable event detection method anymore. Applying this model on any site and 

training it properly will achieve relatively acceptable performance. This can save human 

Figure 5.9 Performance boxplot of seven abnormal event detection 

methods on ten different datasets from different sites.    
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efforts during system deploying. Furthermore, better performance can be expected by 

integrating more independent event detection methods into the model as classifiers. It can 

be applied in multi-classification occasion as well to classify different event classes 

instead of distinguishing normal and abnormal.  

 

The limitation of the integrated ANN method is the high computational resource cost. 

Since there are multiple event detection methods utilized as classifiers, each of them 

needs to be tuned and optimized. This process can be resource exhausting. Besides 

optimizing classifiers, the ANN model needs to be trained as well. Even when running 

on deployed sampling units, since all the classifies integrated need to perform 

independently before sending detection output to ANN model for decision making, this 

method will cost much more computational resource than any of these event detection 

methods running single. Above all, this designed ANN based event detection method with 

multiple classifiers integrated can be considered as an alternative method when 

requirements to detection performance are higher and computational resource on 

deploying device is relatively rich in consideration of its high overall performance and 

resource cost.  
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CHAPTER 6  

 CONCLUSIONS AND FUTURE WORK  



  140 

6.1 GENERAL CONCLUSIONS 

 The results of this thesis can be summarized as: introducing a WQMS designed for an 

ARC Linkage project; evaluating the performance of several existing event detection 

methods in a wastewater application environment; designing, developing and testing two 

event detection methods for the WQMS.  

Specifically,  

i. A WQMS was developed for an ARC Linkage project, which aims to monitor 

the wastewater quality in city wastewater pipelines to safeguard purified 

recycled water (PRW) system in water treatment companies. The designed 

WQMS contains both reliable hardware and software and implements primary 

functions including data collection, data processing, event detection, alarming, 

a central server and web-based UI. 

ii. Six widely used event detection methods in drinking and natural water area 

are evaluated in a wastewater application environment, including Cumulative 

Sum (CUSUM), Linear Prediction, Moving Median, Exponentially Weighted 

Moving Average (EWMA), Autoregressive Integrated Moving Average 

(ARIMA) and Artificial Neural Networks (ANNs). The results show that the 

ANN method performs significantly better than the other five methods in the 

seasonal dataset while its advantages are not apparent on the non-seasonal 

dataset. Moving Median method achieves the highest total accuracy and 

lowest false alarm rate in the experiments performed on ten datasets from 

other sites, showing the potentials of statistical methods in a less complex 

environment and well-described targets. 

iii. Referring to the results of the performance evaluation on some existing event 

detection methods, we designed and developed two methods according to the 
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requirements of our case. The first modified Bayesian analysis method 

achieves good performance in testing and it has been applied in deployed 

WQMSs and trialed for over four years without any significant issue. The 

second one is an ANN-based method with multiple classifiers integrated. It 

achieves excellent overall performance among ten testing sites although the 

high computational cost limits its practical application.  

 

6.2 FUTURE WORK 

The WQMS demonstrated in this thesis was developed by a small group of researchers 

in 5 years. Though the primary targets of this project have been completed, there is still 

plenty of room to make it more sophisticated as an industry management system, such as 

optimizing data interaction, improving event detection performance and more user 

friendly UI. 

 

Secondly, this thesis provides some guidelines for performance evaluation of event 

detection methods in a wastewater application environment. Besides the six methods that 

were evaluated in our study, there are a lot of other existing event detection methods to 

be evaluated. This evaluation process can potentially provide us a better method used in 

practical application and inspiration in developing new methods.   

Finally, the event detection methods we developed can be further optimized for better 

performance. For example, for the ANN-based method with multiple classifiers 

integrated, more independent event detection methods can be integrated into the structure 

as classifiers to improve the performance. Another decision-making unit rather than ANN 

can be considered. Efforts can also be made to reduce the computational cost of this 

method to increase its practicability.   
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Appendices 
 
Table A1. Details of the paper reviewed (background information and data) 

Background information Data 

Author(s) 
and year Location(s) Time 

step 
Forecast 

length Data type 
Normalis

ation 
range 

No. 
train. 

samples 

No. test 
samples 

Whitehead, 
Howard, and 

Arulmani 
(2012) 

River Thames 
(England) W ? Simulated ? 125 31 

Recknagel 
(1997) 

Lakes in Japan 
and Finland, 

River Darling 
(Australia) 

D +1 Simulated ? 2191–
3653 730 

Yabunaka, 
Hosomi, and 
Murakami 

(2007) 

Lake 
Kasumigaura 

(Japan) 
D +7 Real ? 365 4015 

Recknagel, 
French, 

Harkonen, 
and Yabunaka 

(1997) 

Lake 
Kasumigaura 

(Japan) 
D +1 Simulated ? 2922 730 

Maier and 
Dandy (2000) 

River Murray 
(Australia) W +2 Real ? 468 52 

Maier and 
Dandy (1997) 

River Murray 
(Australia) W +4 Simulated ? 368 28 

Crespo and 
Mora (1993) 

Pisuena River 
(Spain) 10 D 0 Simulated −1–1 402, 201 0, 201 

Karunanithi, 
Grenney, 

Whitley, and 
Bovee (1994) 

Huron River 
(USA) D 0 Simulated 

/Real ÷ 100 4748 731 

K. l. Hsu, 
Gupta, and 
Sorooshian 

(1995) 

Leaf River 
(USA) D +1 Real 0.1–0.9 365 1826 

Lorrai and 
Sechi (2006) 

Araxisi River 
(Italy) M 0 Real ? 120 240 

Smith and Eli 
(1995) N/A ? 0 Simulated 0.1–0.9 250 250 

Smith and Eli 
(1995) N/A ? 0 Simulated 0.1–0.9 750 250 

Raman and 
Sunilkumar 

(1995) 

Reservoirs in 
India M +1 Real 0–1 10 2 
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Background information Data 

Author(s) 
and year Location(s) Time 

step 
Forecast 

length Data type 
Normalis

ation 
range 

No. 
train. 

samples 

No. test 
samples 

Minns and 
Hall (1996) N/A H 0 Simulated 0–1 764 794 

Poff, Tokar, 
and Johnson 

(1996) 

Little Patuxent 
and 

Independence 
Rivers (USA) 

D 0 Simulated ? 1096 1096 

Clair and 
Ehrman 
(1996) 

Canadian Rivers Y 0 Real ? 85% 15% 

Shamseldin 
(2009) 

Catchments in 
Nepal, China, 
Ireland, USA, 

Australia 

D 0 Simulated 0.1–0.85 1461–
2922 365–730 

Tawfik, 
Ibrahim, and 

Fahmy (1997) 
River Nile D 0 Real 0.05–0.95 70–144 70–144 

Muttiah, 
Srinivasan, 
and Allen 

(1997) 

US River 
Basins N/A N/A Real ? 75–1000 47–559 

Sureerattanan 
(1997) 

Mae Klong 
River 

(Thailand) 
D +1 Real 0.05–0.95 1095–

2190 365–1460 

Dawson and 
Wilby (1998) 

River Mole 
(UK) 15 Min +24 Real 0–1 9600 9600 

Dawson and 
Wilby (1998) 

River Amber 
(UK) 15 Min +24 Real 0–1 2761 1321 

Fernando and 
Jayawardena 

(2008) 

Kaminonsha 
(Japan) H +1 Real ? 146 588 

Fernando and 
Jayawardena 

(2008) 

Kaminonsha 
(Japan) H +1 Real ? 146 588 

Jayawardena 
and Fernando 

(2011) 

Kaminonsha 
(Japan) H +1 Real ? 146 588 

Jayawardena 
and Fernando 

(2011) 

Kaminonsha 
(Japan) H +1 Real ? 146 588 

Thirumalaiah 
and Deo 
(2007) 

Bhasta River 
(India) H +3 Real ? 560 162 

Thirumalaiah 
and Deo 
(2007) 

Bhasta River 
(India) H +3 Real ? 560 162 
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Background information Data 

Author(s) 
and year Location(s) Time 

step 
Forecast 

length Data type 
Normalis

ation 
range 

No. 
train. 

samples 

No. test 
samples 

Thirumalaiah 
and Deo 
(2008) 

Bhasta River 
(India) H +3 Real ? 560 162 

Golob, 
Štokelj, and 
Grgič (2000) 

Soca River 
(Slovenia) H +2 –+6 Real ? 3287 1700 

French, 
Krajewski, 

and 
Cuykendall 

(1992) 

N/A H +1 Simulated ? 1000 500 

Allen and Le 
Marshall 
(1994) 

Melbourne 
(Australia) D +1/2 Real 0–1 1997 665 

Goswami and 
Srividya 
(1996) 

India Y +2–+15 Real ? 50 15 

K.-l. Hsu, 
Gao, 

Sorooshian, 
and Gupta 

(1997) 

Japan, Florida 
(USA) H 0 Real 0–1 ? ? 

Venkatesan, 
Raskar, 
Tambe, 

Kulkarni, and 
Keshavamurty 

(1997) 

India Y 0 Real 0–1 49 7 

Xiao and 
Chandrasekar 

(2001) 

Central Florida 
(USA) Min 0 Real 0–1 ? ? 

Tsintikidis, 
Haferman, 

Anagnostou, 
Krajewski, 
and Smith 

(1997) 

Western Pacific N/A 0 Simulated 
/Real 0.1–0.9 ∼733 ∼240 

Chow and 
Cho (1997) Hong Kong H +1/2 Simulated ? 96 144 

Loke, 
Warnaars, 
Jacobsen, 

Nelen, and do 
Ceu Almeida 

(1997) 

Denmark Min N/A Simulated ? 1032 4560 
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Background information Data 

Author(s) 
and year Location(s) Time 

step 
Forecast 

length Data type 
Normalis

ation 
range 

No. 
train. 

samples 

No. test 
samples 

Loke et al. 
(1997) 

Catchments in 
Europe and 

America 
N/A N/A Real ? 35 7 

Kuligowski 
and Barros 

(2008) 

Mount Carmel 
(USA) 6 H +1 Real 0–1 11344 873 

Kuligowski 
and Barros 

(2009) 

Youghiogheny 
River and 

Swatare Creek 
basins (USA) 

6 H +1–+4 Real ? 649 162 

Kuligowski 
and Barros 

(2010) 

Mid-Atlantic 
Region (USA) 6 H N/A Real ? 3688 922 

DeSilet, 
Golden, 

Wang, and 
Kumar (1992) 

Chesapeake Bay 
(USA) N/A N/A Real 0–1 395–

2712 78–523 

DeSilet et al. 
(1992) 

Chesapeake Bay 
(USA) N/A N/A Real 0–1 3924–

36258 1171–7133 

Maier and 
Dandy (1996) 

River Murray 
(Australia) D +14 Real ? 1461 365 

Bastarache, 
El-Jabi, 

Turkkan, and 
Clair (1997) 

Moose Pit 
Brook (Canada) D 0 Real ? 285 32 

Bastarache et 
al. (1997) 

Pine Martin 
Brook (Canada) D 0 Real ? 356 39 

Bastarache et 
al. (1997) 

Moose Pit 
Brook (Canada) D 0 Real ? 285 32 

Bastarache et 
al. (1997) 

Pine Martin 
Brook (Canada) D 0 Real ? 356 39 

C.-C. Yang et 
al. (1996) N/A D +1 Simulated ? 2392 2392 

Shukla et al. 
(1996) N/A N/A N/A Simulated ? 26140 26140 

Thirumalaiah 
and Deo 
(2008) 

River Godavari 
(India) D +1,+2 Real −0.5–0.5 800 295 

Thirumalaiah 
and Deo 
(2008) 

River Godavari 
(India) D +1,+2 Real −0.5–0.5 800 295 

Thirumalaiah 
and Deo 
(2008) 

River Godavari 
(India) D +1,+2 Real −0.5–0.5 800 295 
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Table A2. Details of papers reviewed (network architecture and optimisation) 
 Training algorithm 

Author(s) and 
 year 

Connect. 
type 

Optimum 
I-H1-H2-
O 

Training 
method 

Param. 
method 

Activation 
function 

Learn. 
rate 

Initial 
weights 

Stopping 
criterion 

Whitehead et 
al. (2012) FF ? BP ? ? ? ? ? 

Recknagel 
(1997) FF ? BP TNE HT 0.1–

0.9 ? FI 

Yabunaka et al. 
(2007) FF 10-50-0-5 BP TNE ? 0.15–

0.4 ? CV 

Recknagel et 
al. (1997) FF ? BP ? HT ? ? ? 

Maier and 
Dandy (2000) FF 102-120-

40-1 BP ? HT ? ? CV 

Maier and 
Dandy (1997) FF 20-17-0-1 BP TNE HT 0.004 ? FI 

Crespo and 
Mora (1993) FF 3-3-2-1 BP ? HT ? ? ? 

Karunanithi et 
al. (1994) FF 15-0.34-

0-1 QP N/A Log N/A −1, 1 TE 

K. l. Hsu et al. 
(1995) FF 9-3-0-1 LLSSIM N/A Log N/A ? ? 

Lorrai and 
Sechi (2006) FF 25-15-0-1 BP F Log 0.5 −0.5, 

0.5 TE or FI 

Smith and Eli 
(1995) FF 25-50-0-

21 BP F Log 0.1 −0.5, 
0.5 TE or FI 

Smith and Eli 
(1995) FF 4-?-?-2 BP F Log 0.5 ? CV 

Raman and 
Sunilkumar 

(1995) 
FF 18-10-0-1 BP ? Log ? ? FI 

Minns and Hall 
(1996) FF ? BP ? HT ? ?  

Poff et al. 
(1996) FF ? BP ? ? ? ? TE 

Clair and 
Ehrman (1996) FF (1, 3, 5)-

2-0-1 CG N/A Log N/A ? TE 

Shamseldin 
(2009) FF 2-2-0-1 BP F Lin 0.95 ? TE 

Tawfik et al. 
(1997) FF ? QP N/A Log N/A ? TE 

Muttiah et al. 
(1997) FF 5-2-0-1 BP F Log 0.01 ? TE or FI 
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Sureerattanan 
(1997) FF 7-20-0-1 BP F Log 0.1 −0.29–

0.29 FI 

Dawson and 
Wilby (1998) FF 15-10-0-1 BP F Log 0.1 −0.13–

0.13 FI 

Dawson and 
Wilby (1998) FF 5-14-0-1 OLS N/A RBF N/A ? TE 

Fernando and 
Jayawardena 

(2008) 
FF 5-6-0-1 BP F ? 0.05 ? FI 

Fernando and 
Jayawardena 

(2008) 
FF 6-11-0-1 OLS N/A RBF N/A ? TE or FI 

Jayawardena 
and Fernando 

(2011) 
FF 6-6-0-1 BP ? ? ? ? TE or FI 

Jayawardena 
and Fernando 

(2011) 
FF 5-8-0-1 BP ? ? ? ? TE 

Thirumalaiah 
and Deo (2007) FF 5-8-0-1 CG N/A ? N/A −0.5, 

0.5 TE 

Thirumalaiah 
and Deo (2007) FF 5-13-0-1 QP ? ? N/A ? TE 

Thirumalaiah 
and Deo (2008) FF 14-40-0-3 BP V Log V ? CV 

Golob et al. 
(2000) FF 625-100-

0-625 BP F Log V −1, 1 FI 

French et al. 
(1992) FF 6-4-0-1 BP ? Log ? ? FI 

Allen and Le 
Marshall 
(1994) 

FF 5-5-0-1 BP ? HT ? ? ? 

Goswami and 
Srividya (1996) HYB 6-225-

225-1 MCP ? N/A N/A ? ? 

K.-l. Hsu et al. 
(1997) FF ? BP ? ? ? ? ? 

Venkatesan et 
al. (1997) FF 2-6-0-1 BP ? Log ? −1, 1 FI 

Xiao and 
Chandrasekar 

(2001) 
FF 39-47-21-

1 RLS N/A TL N/A ? CV 

Tsintikidis et 
al. (1997) FF 4-16-0-1 BP ? Log V −1, 1 ? 

Chow and Cho 
(1997) RC 31-21-3 Mod BP F HT 0.1 −0.5, 

0.5 FI 
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Loke et al. 
(1997) FF 50-10-0-1 Mod BP TNE ? ? ? ? 

Loke et al. 
(1997) FF 3-25-0-1 Mod BP TNE ? ? ? ? 

Kuligowski 
and Barros 

(2008) 
FF 20-10-0-1 BP F HT 0.01 −0.1, 

0.1 CV 

Kuligowski 
and Barros 

(2009) 
FF 25-11-0-1 BP F HT 0.05 ? CV 

Kuligowski 
and Barros 

(2010) 
FF 5-?-?-1 BP F HT 0.01 ? CV 

DeSilet et al. 
(1992) FF 6-1-0-1 to BP TNE Log 0.2–

0.8 ? TE or FI 

DeSilet et al. 
(1992) FF 6-3-0-1 BP TNE Log 0.2–

0.8 ? TE or FI 

Maier and 
Dandy (1996) FF 51-45-0-1 BP TNE HT 0.02 −0.1, 

0.1 FI 

Bastarache et 
al. (1997) FF 3-20-0-1 LM N/A HT N/A ? ? 

Bastarache et 
al. (1997) FF 3-15-0-1 LM N/A HT N/A ? ? 

Bastarache et 
al. (1997) FF 3-10-0-1 LM N/A HT N/A ? ? 

Bastarache et 
al. (1997) FF 3-20-0-1 LM N/A HT N/A ? ? 

C.-C. Yang et 
al. (1996) FF 9-6-0-1 BP ? HT ? ? FI 

Shukla et al. 
(1996) FF 5-6-6-2 BP F Log ? ? FI 

Thirumalaiah 
and Deo (2008) FF 1-3-0-2 BP TNE Log 0.1 −0.5, 

0.5 TE 

Thirumalaiah 
and Deo (2008) FF 1-3-0-2 CG N/A ? N/A −0.5, 

0.5 TE 

Thirumalaiah 
and Deo (2008) FF 1-2-0-2 QP ? ? N/A ? TE 

 

 

Table A1 shows the details of background and settings of some reviewed event detection 

methods, where ‘?’ represents ‘not specified’, ‘N/A’ represents ‘not applicable’, ‘H’ 

represents ‘hour’, ‘D’ represents ‘day’, ‘M’ represents ‘month’ and ‘Y’ represents ‘year’. 
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Table A2 shows the settings of some reviewed ANN methods, where ‘BP’ represents 

‘back-propagation’; ‘CG’ represents ‘conjugate gradient’; ‘CV’ represents ‘cross-

validation’; ‘CC’ represents ‘cascade correlation’; ‘F’ represents ‘fixed’; ‘FI’ represents 

‘fixed number of iterations’; ‘FF’ represents ‘feed-forward’; ‘HT’ represents ‘hyperbolic 

tangent’; ‘H1’ represents ‘number of nodes in hidden layer 1’; ‘H2’ represents ‘number 

of nodes in hidden layer 2’; ‘HYB’ represents ‘hybrid’; ‘I’ represents ‘number of nodes 

in input layer’; ‘Lin’ represents ‘linear’; ‘LLSSIM’ represents ‘linear least-squares 

simplex’; ‘LM’ represents ‘Levenberg–Marquardt’; ‘Log’ represents ‘logistic’; ‘MCP’ 

represents ‘modified counter-propagation’; ‘Mod BP’ represents ‘modified back-

propagation’; ‘Mod Log’ represents ‘modified logistic’; ‘N/A’ represents ‘not applicable’; 

‘O’ represents ‘number of nodes in output layer’; ‘OLS’ represents ‘orthogonal least 

squares’; ‘QP’ represents ‘quickprop’; ‘RBF’ represents ‘radial basis function’; ‘RC’ 

represents ‘recurrent’; ‘RLS’ represents ‘recursive least-squares’; ‘T&E’ represents ‘trial 

and error’; ‘TE’ represents ‘training error’; ‘TL’ represents ‘threshold logic’; ‘V’ 

represents ‘variable’. 
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