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Abstract 

 

    

Accurate, continuous, real-time water quality information is becoming of paramount 

importance to ensure safe supplies of potable water are available, as worldwide 

contamination of our freshwater resources increases and we diversify our reliance on 

alternative water resources.  Nevertheless, the acquisition of continuous reliable data for 

aqueous environments has proven difficult to achieve, as the majority of on-line 

monitoring technologies currently employed are based on direct adaptations of 

traditional wet laboratory methods, which were not originally designed for field or 

continuous monitoring applications.  Consequently, they have the inherent problem of 

requiring strictly controlled measurement conditions, which are rarely present in the 

natural environment and suffer from issues such as signal drift, reagent consumption, 

calibration and sample pre-treatment.  Seeing that consistent measurement conditions 

are rarely present in real world environments, direct sensor deployment often means the 

sensor is unavoidably exposed to a wide range of measurement conditions leading to 

measurement errors and invalidating the operating conditions required for reliable 

performance.   

 

In this thesis, a series of fundamental experiments were conducted in order to develop a 

new analytical approach that was specifically designed for continuous on-line 

monitoring in dynamic measurement environments. The research explored the use of 

sensor arrays, combined with pattern recognition classifiers, specifically Artificial 

Neural Networks (ANNs) to overcome the inherent problems associated with analytical 

measurements based on Gauss’s Theory of Least Squares. A number of new analytical 

protocols and methods were developed, hypothesises successfully proven and new 
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research findings have been produced, which can be used to advance the field of on-line 

water quality monitoring to a more preventative management approach. 

 

A new generic environmental configuration method was developed that is capable of 

converting commercially available wet-sensing probes into an autonomous sensor, so 

that they are capable of accurately responding in situ to their environments irrespective 

of measurement conditions.  The technique developed environmentally configures a 

selective sensor to a set of  specific matrix recognition sensors (MRSs) employing an 

ANN  and a global reference point (GRP) to teach it to ―intelligently‖ respond in situ to 

its environment.  This is because the results strongly demonstrated that a set of matrix 

recognition sensors could be employed to collectively characterise matrix deviations 

(denoted by δ) in the selective indicator sensor’s raw response when measurement were 

not controlled, which enabled quantitative relationships of selective sensors to be valid, 

as quantitative analytical measurements could be obtained for fluoride, ammonia, 

ammonium, pH in a wide range of non-ideal measurement conditions.  In addition, the 

results provided strong evidence that the use of in situ MRSs negated the need for 

sample pre-treatment, buffers, and the inherent need for fixed measurement 

backgrounds, as the environmentally configured ―intelligent‖ sensors were capable of 

dynamically responding in situ to the environment, irrespective of measurement 

conditions. The research also proved pure water could be used to replace all calibration 

standards to determine the daily GRP to realign all sensors to the environmentally 

configured software to account for signal drift.  This is because testing done over a 16 

month period found that the system could maintain its ―calibrated status‖ with  
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no maintenance other than system realignment, which was done by injecting pure water 

into the system once every 24 hours.  Consequently, as the approach consumes no 

reagents or creates no secondary pollution, it is environmentally benign and has the 

potential to be applied to a wide range of water quality parameters.   

 

The research findings further concluded that multiparameter sensing systems were more 

accurate for quantifying water quality changes than conventional single sensor systems 

(based on univariate regression), as multiparameter systems are relying on more than 

one sensor to indicate and characterise change in the sample matrix.  However, for long-

term deployment (greater than 4 months) the investigation strongly concluded that 

intelligent sensors based on an array of non-selective sensor inputs/information was not 

suitable in a variety of measurement conditions for continuous monitoring, as the 

monitoring system’s accuracy was significantly diminished by major and even minor 

matrix variation.  However, the research provided strong evidence to conclude that 

when employing a multiparameter approach, the sensor array data inputs required not 

only a degree of selectivity towards the target analyte of interest, but also towards key 

sensor matrix interferences, to enable it to operate reliably with limited maintenance 

(greater than 1 year) in a variety of measurement conditions. 
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1.0  Introduction 

 

Accurate, continuous, real-time water quality information is becoming of paramount 

importance to all communities, as worldwide contamination of our fresh water 

resources increases
1,2,3,4,5

.  Therefore continuous monitoring is crucial so that water 

quality problems can be detected rapidly and remediation processes implemented 

immediately to ensure safe, sustainable supplies of fresh water are available for our 

continued survival
1,2,3,4

. 

 

Although notable progress has been made in the area of on-line water quality 

monitoring, accurate and effective water quality monitoring of various parameters such 

as free chlorine and the presence of organic molecules has proven difficult to 

achieve
1,2,3,4,6

.  This arises as direct sensor deployment often means that on-line sensors 

are exposed to a wide range of environmental conditions, causing measurement errors. 

To date, the majority of published and commercially available on-line water quality 

monitoring technologies are based on direct adaptations of standard laboratory 

methods
1,2,3,4,5,7,8,9,10,11,12,13,14,15,16

 and as a consequence have the inherent flaw of 

requiring strictly defined measurement conditions to obtain analytically valid results. As 

ideal conditions are rarely present in the real world, this means that these monitoring 

technologies require frequent calibration, maintenance and reagents to try and maintain 

the reliability of the measurements
1,2,3,4,5,7,8,9,10,11,12,13,14,15,16

, as they were not originally 

designed to continuously operate in dynamically changing conditions. This has greatly 

reduced their accuracy and economic viability for large-scale water quality monitoring, 

as the standards and samples are often matrix incompatible, leading to errors.  Matrix 

effects are defined by International Union of Pure and Applied Chemistry (IUPAC) as 

the combined effect of all components of the sample other than the analyte on the 
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measurement of the quantity
17

.   These matrix errors may arise from the presence of 

major, minor or trace chemical quantities that are found in the sample that may cause 

no, limited or major interferences  variations in the selectivity of the analytical response, 

therefore leading to systematic measurement errors
18

.  To our knowledge, currently 

there are no suitable generic methods or protocols available for developing accurate, 

cost-effective on-line water quality monitoring technologies 
3,4,5,18,19

. 

 

The aim of this PhD project was to develop a new analytical method specially designed 

for continuous or field based on-line/in situ water quality monitoring applications.  The 

generic analytical method should enable commercially available wet-sensing probes to 

be simply extended for direct in situ applications by overcoming the inherent need to 

maintain strictly controlled measurement conditions. In addition, it is important that the 

new analytical method reduces the need for costly reagents and sample pre-treatment 

and must enable the sensor to maintain its calibrated status for prolonged periods of 

time. In essence the analytical method should enable sensors to dynamically respond in 

situ to their measurements, negating the need for costly sample pre-treatment and the 

inherent need to control measurement conditions.  

 

This project requires a multidisciplinary scientific approach; incorporating aspects of 

electrochemistry, analytical chemistry, statistical techniques, pattern recognition 

techniques (PRT) and intelligent computational techniques such as Artificial Neural 

Networks (ANNs).  This introductory chapter reviews the current on-line water quality 

monitoring practice, research developments in the field and defines the scope of the 

thesis. 
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1.1 Water Quality Monitoring 

 

Water quality monitoring  is essential for the preservation of water quality of marine 

and fresh water environments
20,21,22

.  To date, this has primarily been achieved through 

measurement of a number of water quality indicators which vary depending on the  

level of protection required for that water body, its intended use and general matrix 

composition
20,22

.   This implies that a water body intended for recreational use such as a 

river will have a different set of water quality guidelines compared to a storage dam or 

Advanced Water Treatment Plant (AWTP),  in which the contents are primarily 

intended for human consumption
20

.  Therefore water quality monitoring according to 

Strobl and Robilliard
23

 can be defined as ―efforts procuring quantitative information on 

the biological, physical and chemical characteristics of a water body over time and 

space by means of a representative sample taken from the water resource being 

monitored‖. This information provides quality assurance that a water body such as a 

river, dam, lake, or manmade water resource meets the appropriate water quality 

guidelines for its intended use.  The water quality information obtained can 

subsequently be employed to identify and remediate problems that may impair the water 

quality and render it not suitable for its intended use. 

 

Over the last decade, rapid population growth and world-wide industrialisation has 

intensified the number of water systems becoming contaminated, causing global fresh 

water shortages
24,25,26,27

.  This has made fresh water quality a growing concern to all 

countries, at all levels of development
28

.  Consequently, it is placing increasing pressure 

on governments to diversify their reliance on alternative fresh water resources and 

ensure that existing ones are not comprimised
25,27

. Figure 1.1 shows a schematic 

diagram of the number of fresh, marine and manmade waters currently being monitored 

globally according to prescribed water quality guidelines.  
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Figure 1.1 Shows a schematic diagram of water resources currently being monitored globally according to prescribed water quality guidelines.
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It highlights an important point that to ensure safe supplies of potable water from a 

number of existing and novel water resources, monitoring must now occur continuously 

over larger geographic locations in order to be able to detect water pollution events and 

meet government legislation. Feasibly this can only be achieved when large-scale water 

quality information can be easily, continuously and accurately measured
4,29

.  In addition 

it is also evident, that the analytical methods employed to continuously monitor the 

water quality must be robust enough to encompass a larger number of aqueous 

environments that are widely diversified in composition. 

 

According to the Australian Drinking Water Guidelines (ADWG) drinking water is 

defined as ―water intended primarily for human consumption, but has other domestic 

uses‖
22

.  It may be consumed directly from the tap or be used indirectly in food and 

beverage preparation, as well as personal hygiene
22

.  With the production of drinking 

water from more highly polluted water sources such as sewer catchments, mitigation 

measures must now be taken to prevent contamination of the raw water resource, 

through the water treatment or advanced water treatment process, through the 

distribution system to the consumers’ tap according to prescribed biological, physical 

and chemical parameters
22,30

. Biological parameters employed to monitor the microbial 

quality are usually the most important parameters measured
20,21,22

.  This is because the 

most common and widespread health risk associated with drinking water quality is the 

presence of pathogenic organisms that may cause disease
20,21,22

 .  These organisms are a 

group of bacteria known as thermotolerant coliforms such as E.Coli, which are mainly 

found in the faeces of warm-blooded animals
22

.  Thermotolerant coliforms should not 

be detected in any potable water sample
21,22,23

.  Parameters for effectively monitoring 

microbial quality of drinking water are obviously, presence of these organisms but also 
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disinfectant residuals, pH and turbidity as surrogate parameters to indicate potential 

contamination
22

. 

 

Physical qualities are also important to monitor, as they are known to affect the 

aesthetics of water (such as taste, odour and ―feel‖)
22

.  The aesthetic quality of drinking 

water is important, as it determines how the consumer evaluates the quality of water 

provided by the water utility
21,22

.  Parameters used to monitor the physical quality of 

water are true colour, turbidity, hardness, pH, total dissolved solids (TDS), temperature, 

dissolved oxygen, taste and odour
21,22

.  It should be noted that changes in physical 

quality are usually attributed to, or are a result of, the presence of microorganisms, 

and/or organic or inorganic compounds present in the water supply
22

.  Therefore 

physical qualities can be the first indication of other water quality problems, such as 

bacterial and/or chemical contamination. 

 

To ensure drinking supplies are safe from toxic chemicals, chemical quality is 

measured, by testing for different organic and inorganic chemicals present in the water 

supply.  This is essential to ensure that they are not above levels that the natural 

environment cannot assimilate.  Inorganic chemicals are usually present in the form of 

salts (such as carbonates), while organic chemicals (such as trihalomethanes) are usually 

present in much lower concentrations
21,22

.  The guideline limit for each chemical is 

based on present knowledge that it does not result in any significant risk to health over a 

lifetime of consumption
21,22

. 

 

 

In addition, although the raw water source used to produce drinking water may vary in 

quality (e.g. aquifer, dam or sewer catchment in some recycled water schemes), it is 

vitally important that the water quality after treatment and distribution process remain 
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as constant as possible, adhering with AWDG or agreed level of service contracts
22

.  

Consequently, water quality providers and their operators need to understand the normal 

baseline operating conditions/requirements for each section of the water treatment 

process
31,32

. In addition, they must also know and recognise all potential hazards that 

may pose potential risks to the water system and compromise the water quality (making 

it exceed its normal baseline operating conditions and limits), if the process is not 

appropriately managed
31,32

. 

 

The process of supplying drinking water for human consumption should therefore be a 

preventative management approach, based on risk management such as HACCP (which 

encompasses actions, activities and processes used to prevent hazards to an acceptable 

level), throughout all sections of the water treatment process from the catchment area to 

the consumer’s tap
31

.  A risk management approach must be adopted primarily because 

it is not economically or physically feasible to test for all water quality parameters 

equally and continuously in the water supply chain (e.g. if analytical methods are 

primarily laboratory-based or the distribution system occurs over a large geographic 

area)
31,32,33

.  Through a risk assessment based management approach water authorities 

are able to direct economic resource to the key water quality parameters and hazards 

(that if not managed appropriately) pose the greatest risk to end-product (potable water) 

and reduce the hazards to acceptable levels of risk
31,32,33

.  Consequently, a 

comprehensive lists of hazards such as microbial, physical, chemical, radiological, 

storm water events and equipment failure need to identified for each area of the water 

supply chain and a maximum risk (without preventative measures) and residual risk 

(with preventative measures) established
31

. 
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A multiple barrier approach, which commonly employs Critical Control Points (CCPs) 

for operational monitoring is used by a growing number of water treatment authorities, 

as a preventative measurement approach to monitor hazards with a high residual risk 

and/or a high likelihood of occurring
30,31,32,33

. A multiple barrier approach employing 

CCPs must be adopted in most Australian recycled water schemes, where the raw water 

source is more impaired
30,33

. This is primarily because CCPs are used to minimise the 

likelihood of key contaminants passing through the treatment process and used to detect 

if the treatment barrier may have been compromised to establish whether short term 

corrective action needs to be implemented to re-establish water quality to its target 

requirements
31,33

.  As CCPs employed in operational monitoring need to provide 

information in real-time, in order that water quality problems cans be detected before 

they reach the consumer’s tap, there is a preference for on-line or continuous monitoring 

being used whenever possible
30,31

.  However, as only few water quality parameters can 

be measured on-line and in a cost effective manner, any on-line water monitoring 

technology developments that can address the limitations associated with CCP 

monitoring would be of great benefit to the water industry. 
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It is evident from the literature that ensuring a water body is safe for its intended use, is 

a time consuming and expensive process that requires a number of water quality 

parameters to be monitored simultaneously and continuously over time. Some 

governments are now placing a preference in their  water quality guidelines for on-line 

monitoring compared to traditional laboratory methods to ensure real-time information 

can be captured
30

.  Hence, as fresh water resources become more scarce, the cost-

effective, accurate acquisition of large-scale water quality information pertaining to its 

biological, physical and chemical quality, is becoming of fundamental importance to 

ensure its consistent high quality and to detect impairment.  The acquisition of reliable, 

fast and cost-effective large-scale water quality information will become increasingly 

important as we continue produce safe, potable water from a diversified range of water 

supplies. 

 

1.2 Current Water Quality Monitoring Practice 

  

Current water quality monitoring practices have been primarily implemented to 

maintain the quality of a given water body in accordance with government 

legislation
20,22,34

.  As the water industry and government bodies shift to a preventative 

management approach (especially as we continue to produce potable water from more 

polluted water systems), water quality monitoring practices are now more than ever 

required to rapidly detect potential problems, in order that mitigation measures be 

implemented before the water reaches the consumers’ tap
20,21

. 

 

Current world-wide monitoring practices adopt a routine test approach to assess the 

quality of water, according to standard laboratory-based methods
21,22,34

.  Although 

portable field and on-line instruments have been developed to acquire real-time water 

quality information, they are problematic in acquiring continuous reliable information in 
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the field unattended
1,5,14,16,26,35

.  Therefore, the following section will discuss current 

water quality monitoring practices with regards to laboratory-based, portable field and 

on-line methods.  It will also highlight the practical difficulties associated with 

obtaining continuous real-time, accurate water quality information. 

 

1.2.1 Laboratory-Based Methods   

 

The majority of water quality monitoring parameters employed to ensure water quality, 

utilise prescribed laboratory methods, which are based on traditional analytical 

measurement principles
22,34,36

.  These methods employ a univariate measurement 

approach, based on Gauss’s theory of least-squares, which relies on one highly selective 

parameter to indicate change, according to a set of prescribed measurement 

conditions
34,36,37

.  For example, in Australia there are over 233 parameters that are 

required to be measured at least annually, with a few parameters such as pH, 

conductivity, turbidity and dissolved oxygen which are able to be measured directly by 

probes at the monitoring site of interest
34

. As a result, these laboratory-based methods 

require discrete grab, spot or bottle sampling at the testing site
34,38

.  They also require 

the samples to be preserved and transported back to the laboratory for sample pre-

treatment and subsequent analysis within a specified time-frame
29,34,38

.  This is 

necessary so that the results obtained can be held up in a court of law if required (as 

illustrated in Figure 1.2).  As a consequence, this routine test approach requires highly 

skilled personnel, as well as costly technical instruments
39

.  Table 1.1 shows water 

quality parameters that are required to be measured weekly, fortnightly and monthly in 

Australia and their corresponding analytical method
22

.  The parameters highlighted in 

blue indicate parameters that can be measured by sensors in the field.  The table shows 
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that the majority of water quality parameters measured are still carried out by 

employing conventional lab-based methods.   

 

 

 
Figure 1.2 Traditional measurement protocols associated with laboratory-based analytical 

methods. 

 

Due to the costs and time required to perform the specified analysis,  the frequency of 

monitoring a specific water quality parameter has been determined by evaluating its 

potential risk of contamination (that encompasses seasonal and diurnal variability) of 

the water quality system
1,22

.  The water quality parameters monitored (including 

frequency) may vary between different water authorities based on the quality of the raw 

water resource and its geographic location.  Consequently, there are some major 

drawbacks associated with laboratory-based methods that make them unsuitable for 

cost–effective, continuous, real-time, large-scale water quality monitoring purposes.  

Firstly, as the prescribed methods are laboratory-based, they require frequent sampling 
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from the monitoring sites of interest and transportation to the laboratory for the required 

analysis.   

 

Table 1.1 Shows water quality parameters measured monthly in Australia and   

  prescribe standard analytical procedure. 

 
Parameter 

 

 

Microbial 

(M), Physical 

(P) or 

Chemical (C) 

Quality 

Laboratory 

or Field 

Standard Method  

 

Frequency of Measurement 

Aluminium (Al) C (inorganic) Laboratory APHA Method 

3500-Al Part B 

APHA Method 

3500-Al Part E 

Weekly if aluminium salts are 

used in flocculation 

(Distribution System) 

Ammonia (NH3) C (inorganic) Laboratory APHA Method 

4500-NH3 Part F 

Monthly (Distributi- 

On System) 

Bromate (BrO3
-
) C (inorganic) Laboratory  Using Ion 

Chromatography and 

conductivity detection 

Weekly if ozonation is used 

as disinfectant (Supply to 

Consumer) 

Chlorine (free) (Cl2) C (inorganic) Laboratory APHA Method 

4500 – Cl – Part F  

Weekly if used as disinfectant 

(Supply to Consumer) 

Chlorine Dioxide  

(OClO) 

C (inorganic) Laboratory APHA Method 

4500-ClO2 Part D  

Weekly if used as disinfectant 

(Supply to Consumer) 

Chlorate (ClO3
-
) C (inorganic) Laboratory APHA Method 

4500-ClO2 Part D  

Weekly if chlorine dioxide is 

used as disinfectant (Supply 

to Consumer) 

Chlorite (ClO2
-
) C (inorganic) Laboratory APHA Method 

4500-ClO2 Part D  

Weekly if chlorine dioxide is 

used as disinfectant  

Copper (Cu) C (inorganic) Laboratory APHA Method 

3500-Cu Part C  

APHA Method 

3500-Cu Part B  

Monthly 

(Supply to Consumer) 

Dissolved Oxygen  

(O2) 

P Field APHA Method 4500-O 

Part G  

Monthly 

(Distribution System) 

Fluoride (F
-
) C Laboratory APHA Method 

4500-F- Part C  

If fluoridation occurs than 

weekly, if not then quarterly 

(Treated Waters) 

Hardness 

as CaCO3 

P Laboratory  APHA Method 2340C  Monthly (Treated Water) 

Hydrogen Sulfide 

(H2S) 

C Laboratory APHA Method  

4500- S
2-

  

Monthly (Distribution 

System) 

Iodine (I2) C Laboratory APHA Method 

4500-I Part B  

Weekly if used as disinfectant 

(Supply to Consumer) 

Lead (Pb) C (Inorganic) Laboratory APHA Method 

3500-Pb –Part B 

Monthly  

(Distribution System) 

Manganese (Mn) C (inorganic) Laboratory APHA Method 

3500-Mn Part B  

APHA Method  

3500 –Mn Part C  

Fortnightly 

(Distribution System) 

Nitrate (NO3
-
) C (inorganic) Laboratory APHA Method 

4110 Part B  

APHA Method  

4500 – NO3  

Monthly 

(Distribution System) 

Nitrite (NO2
-
) C (inorganic) Laboratory APHA Method 

4500- NO2  

Monthly 

(Distribution System) 

pH  M, P Field or APHA Method 4500 H
+ 

 Fortnightly  
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 Laboratory (Distribution System) 

Taste and Odour P Laboratory APHA Method 

2160C  

Annually or when there are 

complaints 

 

 

 

 

Parameter 

 

 

 

 

 

 

Microbial 

(M), Physical 

(P) or 

Chemical (C) 

Quality 

 

 

 

 

Laboratory 

or Field 

 

 

 

 

Standard Method  

 

 

 

 

 

Frequency of Measurement 

Temperature P Laboratory  

and Field 

APHA Method 2550B  Weekly 

(when microbial testing 

occurs) 

(Consumer’s Tap) 

Total Dissolved 

Solids (TDS) 

P Laboratory  

or Field 

APHA Method 2510A  

(F) 

APHA Method 

2540C  (L) 

Quarterly 

Thermotolerant 

Coliforms and 

Escherichia Coli 

M Laboratory APHA Method 

9260G  

APHA Method 

9223 (1998) 

At least Weekly (Supply to 

Consumer), depending on 

population size  

True Colour P Laboratory 

or 

 Field 

APHA Method  

2120 B  

APHA Method 

2120C  

BSI Method  

BS6068  

Monthly 

(Distribution System) 

Turbidity M,P Laboratory 

or 

 Field 

APHA Method 

2130B  

Monthly  

(Distribution System) 

Zinc (Zn) C (inorganic) Laboratory APHA Method 

3500-Zn Par B 

APHA Method 

3500-Zn Part C 

Monthly (Distribution 

System) 

(Source:  Australian Drinking Water Guidelines, 1996; American Public Health Association (APHA) , 

1992)
22

 

 

Restricted by the number of samples that can be analysed within a certain timeframe 

and economic costs associated with these methods, measurements are often limited to a 

few test sites over a large time scale.  This results in discrete rather than continuous 

monitoring occurring.  As a result discrete monitoring can only provide a ―snap shot‖ of 

the situation at the moment of sampling
4,23,38,40

.  Consequently, discrete monitoring 

results in episodic pollution events, temporal or spatial variation being undetected by 

the water authority or government agency. Therefore, water authorities still 

predominately rely on end-point testing (at the consumers’ tap) to detect any 
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problems
19,21,34

.  This is because current laboratory methods are generally unable to 

provide continuous, rapid feedback. 

 

1.2.2 Portable Instruments 

 

To improve current water quality monitoring practice, a number of portable monitoring 

systems have been development to enable some parameters to be measured directly at 

the test site of interest.  These instruments have been widely implemented for 

monitoring physicochemical parameters such as pH, temperature and conductivity
22,34

. 

Portable instruments have the advantage over traditional laboratory-based methods, as 

the analyses can be performed directly on-site, eliminating the need for transportation 

and associated sample preservation
38

.   

 

 

 
 
Figure 1.3 Shows portable field sensor for monitoring pH, temperature, conductivity, 

dissolved oxygen, oxidation reduction potential (Courtesy of the School of 

Environment, Griffith University). 

 

 

Information can also be acquired either discretely or in a continuous fashion, with most 

systems having the ability for the data to be recorded and stored in the instruments.  A 

typical portable water quality instruments is shown in Figure 1.3.  However, although 
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these portable systems have the ability to acquire continuous measurements in the field, 

they are still not able to effectively obtain accurate information.  This is because most 

portable instruments are still based on traditional analytical measurement principles, 

which require one selective sensor to respond to a change in analyte concentration 

according to a defined measurement environment
22,34,41

.   

 

Therefore the system requires at least daily, ex situ calibration in the field or the 

laboratory using a set of prescribed standards
15

, as the systems performance in the field 

is typically affected by signal drift and exposure to non-ideal measurement conditions 

(such as interferences from the sample matrix)
8,10,16,34,36,37

.  Consequently, measurement 

errors occur, as the information obtained from the system may be non-linear and semi-

quantitative in nature.  The issues pertaining to signal drift, matrix interferences, 

measurement errors and non-linearity will be further discussed in the following section. 

 

Therefore, although portable systems have the ability to acquire information on-site, 

they still are unable to obtain analytically valid water quality information in continual 

flow mode for prolonged periods of time, which is essential for effective water resource 

management. 

 

1.2.2 On-Line Monitoring Systems 

 

In recent years numerous on-line water quality technology has been developed with the 

specific purpose of providing accurate and continuous water quality information, for the 

preventative protection of water supplies. For example, there are already commercially 

available systems on the market for measuring fluoride
8
 (as shown in Figure 1.4 below), 

sodium
11

, pH
41

, conductivity
42

, redox
43

, ammonia
7
, ammonium

44
, chlorine

7,10
 and 
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nitrate
9
.  It should be noted that some methods are based on electrochemical detection 

principles
45

, with specific emphasis on Ion-Selective Electrodes (ISEs)
16,29,44,46

, such as 

fluoride
8
, pH

41
 and sodium

11
.  Whilst other on-line monitoring systems are based on 

optical detection techniques, with the majority employing colourimetric detection 

principles
3,38,47,48,49

 to obtain selectivity (e.g. Chemical Oxygen Demand (COD)
50

, 

ammonia
7
, chlorine

7,10
). 

 

 
Figure 1.4 Shows an automated on-line fluoride analyser based on traditional analytical 

measurement principles (http://www.fluke.co.kr/data/CA610-Open-RZ-57400-t-L.jpg 

, Date accessed 19 August 2007). 

 

 

On-line monitoring systems have the advantage over traditional laboratory-based and 

portable field methods in that they are capable of obtaining continuous measurement 

data autonomously for long periods of time (preferably greater than one year), at the 

monitoring site of interest, without skilled staff being required to perform the 

analyses
15,38

.  This is because sample collection and laboratory bench processes such as 

sample pre-treatment, reagent addition, calibration and sample analyses procedures have 
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all been automated
3,15,19,26,38

.  The water quality information is usually transmitted to the 

water authority through remote sensing technology such as Supervisor Control and Data 

Acquisition (SCADA) systems.  Thus, eliminating the need for transportation, sample 

preservation and collection and hence, reducing costs. 

 

However, despite the on-line monitoring systems’ ability to acquire continuous, real-

time data, their widespread application has been limited due to the difficulty in 

obtaining accurate, cost-effective water quality data
1,3,5,19,51,52,53

. To date, the majority of 

on-line monitoring technologies developed are direct adaptations of traditional, 

laboratory-based analytical methods
3,7,8,9,10,11,14,15,16,19,41,44,54,55,56

, which were not 

originally designed for field applications.  As a result, they have the inherent flaw of 

requiring strictly defined (ideal) measurement conditions to obtain accurate and 

reproducible results, which are rarely present in the natural environment. Therefore, 

most on-line sensors are exposed to extreme and variable measurement conditions that 

are far from ideal. Consequently, most of these methods consume large quantities of 

chemical reagents, require frequent calibration and maintenance to try and maintain 

their calibrated status in variable field conditions
5,16,36,38,57

. 

 

To evaluate their accuracy and reliability in the field, many water authorities are 

constantly validating their on-line results with standard method laboratory 

measurements
5
.  The need arises because the information obtained from these on-line 

instruments is not analytically valid for making critical management decisions, such as 

whether to implement remediation processes if a potential problem has been detected
5
.  

This casts doubt on the suitability of these instruments for adhering to current 

government guidelines and legislation requirements.  As on-line monitoring instruments 
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frequently require more maintenance than laboratory methods , this has greatly limited 

their wide spread application
5
. 

 

Although the typical cost of ownership for a standard on-line analyser such as fluoride 

Ion Selective Electrode (as shown in Figure 1.4 above) can range between $5000 - 

$15000, it is the on-going cost of maintenance pertaining to calibration and its 

reliability in the field that has greatly limited their widespread application
58

. For 

example, according to two Australian Water Utilities, the cost of maintaining one on-

line system such as a fluoride or a nutrient analyser that require ex-situ calibration and 

maintenance is: 

Vehicle Costs (< 3 hours travel time):  $15000 per annum
58

 

Employee Salary Costs:     $ 12480 per annum
58

 

Reagents for calibration/sample pre-treatment:  $1000-$2000 per annum
58

. 

 

Therefore, employing more reliable and simple to use on-line technology that negates 

the need for maintenance and standard reagents can produce cost savings for Australian 

conditions approximating $30000 per annum per analyser
58

. However, the greatest costs 

savings for these water utility would be having more reliable analysers for water quality 

compliance and process control.  For example, for fluoride dosing it can reduce the 

reagent consumption consumed for a 180 ML/day water treatment facility by $178000 

per annum, simply by improving dosing accuracy
58

.  In addition, there are also other 

costs benefits associated with improved reliability and accuracy for water and 

wastewater treatment facilities such as by reducing the possibility of a false negative or 

positive event
58

. 
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Therefore, it is evident from the literature and their practical performance in the field, 

that a new analytical method is required that is specifically designed for continuous 

monitoring and field applications in a dynamic range of measurement conditions.  The 

analytical method will need to overcome the inherent problems of conventional 

analytical measurement principles. 

 

1.3 Conventional Analytical Measurement Principles 

 

The primary reason the acquisition of reliable on-line water quality information is 

problematic, is that conventional analytical measurement principles are based on 18
th

 

century mathematical data processing principles.  In the 18
th

 century Gauss’s 

hypothesised that if some quantity is determined by several direct observations, made 

with equal care, under the same measurement conditions, then the arithmetic mean of all 

observed values will be determined by the most probable value
36,37

.  Hence, by 

determining the distributed errors of a given set of observations, a function could be 

determined if the arithmetic mean was considered to be the most probable in a 

situation
36,37

. 

 

The data shown in Figure 1.5 below can be used to demonstrate traditional analytical 

measurement principles based on Gauss’s theory of least squares and the inherent 

problems associated with this principle in non-ideal field conditions.  Firstly, to enable a 

selective sensor based on traditional measurements principles to function accurately, it 

requires the use of specific standard reagents to convert the analytical signal into an 

equivalent concentration, so called ―calibration function‖
36

.  These methods are based 

on a well-defined quantitative relationship existing between the analytical signals (y) 

and the analyte concentration (x), as they employ a univariate calibration model, based 
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on an empirical data set (as shown in Equation 1.1, where f is the calibration function 

and ey is the error in measurement y) 
36

. 

 

 
 

 

 
 

 
Figure 1.5 Illustration of how a traditional laboratory-based method responds to a change 

in analyte concentration in ideal and non-ideal conditions. 

 

Conventionally, these relationships are only valid under controlled physiochemical 

measurement conditions (ideal conditions), when linear vectors can be obtained
36

.  This 

ensures that the standards used and samples measured are matrix compatible, reducing 

systematic errors in the unknown measurements
36

. 

 

ey
xfy  )(     Equation 1.1 

 

As a result, sensors, based on this measurement principle (as shown in Figure 1.5) can 

be calibrated easily using a limited number of calibration points, as long as ideal 
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Under non- ideal measurement conditions 
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measurement conditions are maintained and measurements are made with equal care.  

Nevertheless, when the measurement conditions are not controlled or ―non-ideal‖ such 

as often in the real environment, the analytical relationship between the sensor response 

(y) and the concentration (x) is often deviated from this linear relationship.  These 

deviations are primarily caused by matrix interferences
59

.  However, it should be noted 

that deviations can also be influenced by signal drift over time, instrumental noise and 

temperature variations
34,36

.  Once this occurs, the conventional calibration method 

becomes insufficient and ineffective, leading to measurement errors.  Obviously 

analytical methods based on such a measurement principle are unsuitable for continuous 

real-time process control and environmental monitoring applications, where in situ, 

accurate measurements are essential. 

 

The cost associated with maintaining an instrument based on this measurement principle 

(such as reagent consumption and timely calibration) has also greatly limited their 

widespread application, especially in regards to large-scale remote water quality 

monitoring in regions like the European Union (EU)
1,2,3,28,51,60

.  For example the EU 

Water Frame Directive (WFD) is probably the most significant piece of water protection 

legislation to be introduced on an international scale for many years
1,4

.  The directive 

takes a broad view of water management and its key objective is the prevention of 

further deterioration of all EU water bodies.  The successful implementation of WFD 

will rely heavily on monitoring programmes, but it will only represent a powerful tool 

when monitoring data is reliable, accurate and cost effective
1,61

. 

 

Currently there is no monitoring technology able to obtain reliable, cost-effective water 

quality information under real world operating conditions, over a large geographic area 

1,2,3,4
, and consequently the WFD has not mandated any particular monitoring method.  
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It simply provides a framework listing of water parameters that should be monitored
1,61

.  

This problem regarding unsuitable on-line monitoring technology arises mainly because 

there is currently no consensus regarding international standards or methods that suit the 

purpose, i.e. that allow for large-scale, fast, reliable and cost-effective water quality 

information to be obtained, that is widely available for all countries to implement
1,4,61

. 

 

It is evident from the impediments listed above that a new measurement principle is 

required for continuous and field-based monitoring applications, such that existing 

sensors such as ISEs and optical sensors can be used effectively for in situ real-world 

monitoring purposes. 

 

1.4 Ion-Selective Electrodes 

 

ISEs have been employed for environmental and water quality monitoring as well as 

other scientific and industrial applications for many years, with the most commonly 

employed being the pH electrode
62

.  The main reasons for this is their speed, simplicity 

and portability, not to mention low purchase cost.  With careful use, frequent calibration 

and ideal measurement conditions being maintained, they can achieve accuracy and 

precision of the level of  2-3% 
16,34

.  Hence, in theory the configuration and 

embodiment of an ISE make them an ideal sensing probe for on-site, real-time 

monitoring applications. 

  

The foundation of the measurement principle of these devices  used to quantify the 

amount of analyte present in a sample is based on Nernst equation (Equation 1.2). The 

ISE employ a partially selective membrane to indicate the activity of the target ion 

(primary ion) in solution through potentiometric measurements
63,64,65

.  It is based on the 
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assumption that a linear relationship exists between the change in potential of primary 

ion activity, with respects to the negative log of the molar concentration of the target 

ion.  The potential difference is developed across an ion-sensitive membrane, which can 

be glass membrane (e.g. pH)
41

, solid state membrane (e.g. fluoride)
63

 or a liquid 

membrane (e.g. ammonium)
66

.  Therefore, at a constant temperature and fixed ionic 

strength background solution, the coefficient should be constant depending on the 

valency of the ion being measured and enabling quantitative analyses to be preformed
65

. 

 

LogA)
nF

RT
303.2(EoE    Equation 1.2 

E = total potential between indicating and reference electrode 

Eo = constant which is characteristic of reference electrode at stable temperature 

2.303 = conversion from natural to base 10 logarithm 

R = gas constant 

T = absolute temperature 

n = charge of ion with sign 

F = faraday constant 

Log A = log activity of measured ions 

 

In recent years a plethora of field based on-line monitoring instruments employing ISEs 

have been commercially developed for real-time monitoring purposes.  For example 

laboratory  processes have been automated for remotely monitoring fluoride
8
, 

ammonium
66

, sodium
11

 and calcium
5
.  However, in practice their widespread 

application, over large geographic areas has been limited because they are incapable of 

performing accurate measurements over prolonged periods of time
5
.  This is due to the 

fact that Nernst relationship (Equation 1.2) is only valid when the required 

physiochemical measurement conditions (such as pH, ionic strength and temperature) 

are constant 
16,65

.  Therefore, the data obtained from these on-line instruments, is usually 

semi-quantitative in nature, as the analytical signal of the ISE is known to be affected in 

the field by interference ions, sample ionic strength, drift, contamination, membrane 
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fouling, as well as temperature variations
16,65,67,68

.  These effects cause the ISE to 

respond to the target analyte in a non-linear fashion, leading to measurement errors. 

 

To improve their reliability in the field, by for example compensating for signal drift the 

instruments are frequently required to be ex situ calibrated with standard measurement 

solutions to equate the analytical signal to an equivalent concentration
5,16

.  However, 

this is often difficult to implement in the field due to the high economic costs associated 

with calibration, especially for those instruments that require ex situ calibration in 

remote areas by skilled personnel.  It should also be noted that, recalibrating the 

instrument does not still fundamentally address that most important problem; that the 

sensor responses are affected in field by matrix interferences.  This arises primarily 

because ideal physicochemical conditions are rarely present in the natural environment.  

Clearly a measurement principle that relies on partially selective sensor to indicate 

change is unsuitable for real-time water quality monitoring, where accurate 

measurements in ―real world‖ conditions are essential. 

 

1.4.1 Overcoming Matrix Interferences 

 

In an endeavour to overcome the inherent problems caused by matrix interferences, 

researchers and technologists have employed techniques such as major interference ion 

compensation to reduce measurement errors and sample pre-treatment
65,67,68

.  This has 

been achieved by employing the principles of the Nikolski-Eisenmen equation  

(Equation 1.3)
65,67,68

.  This equation is used to represent the electrochemical relationship 

between the ISE response, its primary ion and interference ions, with the selectivity 

coefficient (Kij) of the primary ion (i) varying with the concentration of interfering ions 
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(j).  The equation is employed to predict a linear dependence of the sensor response, Ej, 

on the logarithm of a function of the activity of the ions in solution
67,68

. 

 

The method has been successfully demonstrated on synthetic laboratory samples for 

nitrate
69

, ammonium
67,70,71,72

, potassium
67,70,71,72,73

, sodium
67,70,71,73

, chloride
68,73

, 

bromide
68

, hydroxide
68

 and fluoride
68

, with a commercial ammonium sensor entering 

the market in late 2006.  

 

Ei = A + RT/(ziF) ln [Ci + 
j

K ij(Cj)
ji Z/Z ]    Equation 1.3 

Ei = ISE potential versus the reference electrode 

 A = constant representing the standardisation potential 

R =  perfect gas constant  

T =  temperature  

F = Faraday constant 

Ci = concentration of primary ion 

zi  = charge of the primary ion 

Cj = concentration interference ion 

zj  = charge of the interfering ions  

Kij = coefficients of the j interfering ions on the i  ISE  

 

For example, Gallardo et al. in 2004 applied
69

 Artificial Neural Networks  (ANNs) to 

determine ammonium in the presence of sodium and potassium ions and vice versa, 

using an array of ISE’s.  In this example, ANNs were employed to simplify the method 

by eliminating the need to calculate the coefficients (Kij).  However, although this 

approach showed potential for overcoming cross-responses from major interference 

ions, the measurements were still required to made with care under strictly controlled 

physicochemical conditions, in order for analytically valid results to be obtained
69

. 

There are also a few literature examples demonstrating the methods ability to 

quantitatively analyse ―real‖ samples
59,67,68,69,74

.  Nevertheless, poor results were 

typically obtained, indicating the approach was not suitable for field-based sample 
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analysis.  Hence, it is evident from the literature that despite research efforts, it is still 

extremely difficult to enable an ISE to function accurately in the natural environment. 

 

Therefore, although ISE are, in theory desirable as sensors for on-line water quality 

monitoring applications, there are, to date, still no suitable methods that have been 

developed that permit an ISE to respond to dynamic matrix conditions and still obtain 

analytically valid results in the field. 

 

1.5 Non-Destructive Optical Sensor Arrays 

 

An alternative approach that is gaining popularity for acquiring real-time, autonomous 

water quality information has been the development of non-destructive optical sensor 

arrays
75,76,77,78,79,80,81

.  This interest arises mainly due to their speed of data acquisition, 

wide versatility and design simplicity.  These measurements are based on the interaction 

of light with the sample (e.g. UV-Vis and/or IR spectrophotometry). An example of a 

commercially available system based on these measurement principles is shown in 

Figure 1.6 below. They have been successfully applied to a wide range of water quality 

applications, due to the fact that a complex sample can be classified or quantified 

without entirely selective sensors, ideal measurement conditions or daily calibration 

being required
75,76,77,78,79,80,81

.  Applications have been developed for monitoring 

Chemical Oxygen Demand (COD)
75,78,79,80,81

, Biochemical Oxygen Demand (BOD) 

76,78,82
, Total Organic Carbon (TOC) 

77,79
, as well as nitrate ions

77,81
, pH

80
 and fluoride 

ions
77

. 
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Figure 1.6 i) Shows an image of a commercial available instruments based on this concept 

(http://www.s-can.at/index.php?id=17, Date accessed 19 August 2007) ii) 

Shows a typical example multiwavelength patterns obtained from non-

destructive optical sensors iii) Shows a schematic diagram of the 

instrumentation used: a) Emitted light beam from light source; b) Emitting 

optics; c) Measuring beam; d) Reference beam; e) Beam selector;) Collecting 

optics. 

 

 

These techniques have been successfully applied to real sample analyses because they 

diverge away from the conventional analytical approach (Beer’s law 
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on the peak absorbance of one selective wavelength (term, max) to quantify 

measurement change.   

 

Instead a novel multiwavelength approach is employed which utilises a combination of 

semi and non-selective wavelengths simultaneously to quantify the analyte 

concentration, which enables the sensing system to be low in selectivity, but high in 

cross sensitivity
65

.  This is because organic pollution present in effluent has a peak 

absorbance term, λmax.  As the wavelength suitable for correlation with a particular 

Oxygen Demand (OD) level can vary, depending on the matrix composition, a multiple 

wavelength approach is more suitable for characterising/representing the complexity 

and heterogeneous nature of water and wastewater as it relies on more than one 

wavelength measurement to indicate change. 

 

These systems are principally based on non-linear intricate patterns existing between the 

sensor array input responses and the desired water quality parameter of interest
78,83,84

 

and are calibrated by employing real examples of the problem in question, usually at a 

monitoring site of interest, using pattern recognition techniques (PRT)
75,78,82,83

.  The 

models are derived from the use of multivariate mathematical or statistical functions 

such as ANNs, Multiple Linear Regression (MLR) and Partial Least Squared (PLS) to 

identify, classify or quantify an object in a higher dimensional search space
83

.  Currently 

there a number of commercial instruments available for on-line water quality 

monitoring that employ these measurement principles, such as the S::Scan, STIP scan 

and InSpectra Analyser
76

.  These techniques are commonly referred to as Software 

Sensors, electronic tongues (E-tongues) or finger printing analysis techniques. 
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For example, Charef et al. in 2000 employed
75

 10 non-selective wavelengths and 3 

physicochemical sensors combined with ANNs to quantitatively determine COD in 

river water.   Where as, Dahlen et al. in 2000 used
77

 PLS and the wavelengths between 

200-300 nm to monitor ground water quality such as nitrate, chloride, sulphate, total 

carbon and inorganic carbon.  

 

 

Table 1.2 reviews examples of softwares sensors, based on optical sensor arrays and 

electronic tongues that have been employed for on-line, real-time water quality 

monitoring purposes.  It should be noted that in all examples for optical-based sensor 

arrays, quantitative measurements were obtained without reagent addition or daily 

calibration at the monitoring site of interest.  Hence, indicating that non-destructive 

sensor arrays based on this measurement principle have several advantages over ISE or 

E-tongues based on electrochemical sensors for on-line water quality monitoring 

purposes.  This is primarily due to their ability to acquire quantitative information from 

semi-quantitative and qualitative sensors, in most cases without ideal measurement 

conditions being required. 
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Table 1.2  Provides an overview of the literature to demonstrate the current uses of software sensor and electronic tongues for liquid analyses. 

  

Parameter Sensor Array Pattern 

Recognition 

Technique 

Reagent Addition or 

Calibration 

Reference 

Liquid Analysis 

 

Potentiometric PCA (Classify) 

ANN (Quantify) 

Neither Vlasov.Y et al.(2000) Sensors and Actuators B (65), 235-

236
85

 

Industrial Effluent 

(pH, COD, 

Conductivity) 

Voltammetric PCA (Classify) 

ANN (Quantify) 

Buffer and pH Gutes et al.(2006). Sensors and Actuators B (115) 390-395
86

 

Nitrate (Synthetic 

samples) 

Potentiometric 

(ISE) 

ANN (Quantify) Buffer and pH (talk) Gallardo et al. (2004). Sensors and Actuators B (101) 72-80
69

 

Open Air Streams and 

River Water (NH4
+
, 

Na
+
,K

+
, Cd

2+
, Cu

2+
, 

Pb
2+

, Zn
2+

) 

Potentiometric ANNs (Quantify) Buffer Mimendia. A.  et al. (2010). Environmental Modelling and 

Software, 25:1023-1030
53

 

Synthetic Samples 

(Cu
2+

, Pb
2+

) 

Potentiometric ANNs (Quantify) Buffer Turek. M. et al. (2009) Electrochimica Acta, 54:6082-6088
87

 

Sea Water 

(Cu
2+

, Zn
2+, 

Pb
2+

,Cd
2+

) 

Potentiometric 

Voltammetric 

PLS (Classify) 

ANN (Quantify) 

Buffer Rudnitskaya A. et al. (2008) Microchim Acta, 163:71-80
88

 

Fish Tank Quality 

(NO2
-
, NO3

-
, NH4

+
, pH) 

Potentiometric PCA (Classify) 

PLS (Quantify) 

Buffer 

Calibration 

Chang.C. et al. (2008) Sensors, 8:3665-3677
89

 

Tap and Bottled Water Potentiometric ANN (Classify) Neither Garcia-Breijo.E. et al.  (2011) Sensors and Actuators A (In 

Press)
90

 

Bottled Mineral Water 

(Na
+
, Cl

-
, K

+ 
) 

Potentiometric PLS 

(Classify/Quantify) 

Autocalibration Ipatov. A. et al. (2008)  Talanta, 77:581-586
91

 

Red Wine 

(Catechin, Epicatechin, 

Caffeic acid, Gallic 

Acids, Quercetin) 

 

Potentiometric PLS-DA (Classify) pH, Buffer Rudnitskaya. A. et al. (2010)Anal Bioanal Chem, 397 :3051-

3060
92
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Parameter Sensor Array Pattern 

Recognition 

Technique 

Reagent Addition or 

Calibration 

Reference 

Bottled Water 

(Ca
2+

, K
+, 

CO2
3-

 Na
+
,  

Cl
-) 

ISFET 

Voltammetry 

PCA (Classify) Buffer Codinachs. L. et al. (2008) IEEE SENSORS JOURNAL, 

8 :608-615
93

 

Wastewater Sludge 

(COD, VFA) 

Potentiometric PLS (Classify and 

Quantify) 

Not Specified Witkowska. E. et al. (2010) Bioelectrochemistry, 80 :87-93
94

 

Beverages Voltammetry PCA (Classify) 

PNN (Classify) 

Not Specified Panchariya. P.C. & Kiranmayee. A.H. (2010) Sensors & 

Transducers Journal, 112(1) :47-63
95

 

Synthetic Samples 

(Cd
2+

,Cu
2+

,Pb
2+

) 

Potentiometric ANN (Quantify) Buffer 

Calibration 

Mimendia. A. et al. (2010) Sensors and Actuators B, 146 : 

420-426
96

 

Beverages 

(Fructose and Glucose) 

Potentiometric PCA (Classify) 

MLR (Quantify) 

PLS (Quantify) 

Calibration 

Temperature control 

Dias.L.G. et al. (2011) Sensors and Actuators B, 154 :111-

118
97

 

Drinking Water 

(Cl
-
) 

Voltammetric  PCA (Classify) 

PLS (Quantify 

Neither Winquist. F. et al. (2011) Analytica Chimica Acta, 683 :192-

197
39

 

Water Samples Potentiometric PCA (Classify) 

PLS (Classify) 

Buffer Kundu. P. et al (2011) ISA Transactions, 50 :487-495
98

 

Beer 

(Physicochemical) 

Potentiometric PLS (Quantify) Temperature 

Controlled 

Polshin. E. et al. (2010) Talanta, 81 :88-94
99

 

Synthetic Samples 

(E-Coli) 

Voltammetry PLS (Quantify) Buffer 

Calibration 

Carpani. I. et al. (2008) Biosensors and Bioelectrics, 23 : 959-

964
100

 

Synthetic Samples 

(K
+
, NH4

+,
Cl

-
, NO3

-
) 

Potentiometric ANN (Quantify) Buffer Mimendia. A. (2010) Talanta, 82 : 931-938
101

 

Milk Potentiometric 

Voltammetric 

Conductivity 

PCA (Classify) 

ANN(Classify) 

Neither Winquist.F et al. (2000). Analytica Chimica Acta (406) 147-

157
102

 

Wastewater and 

Seawater (Heavy 

Metals) 

Potentiometric 

Voltammetric 

Not Specified Buffer and Calibration Men.H et al. (2005). Sensors and Actuators B (110) 350-

357
103

 

Natural Waters Potentiometric PCA (Classify) 

ANN (Classify) 

Reagent Martinex-Manez et al. (2005). Sensors and Actuators B (104) 

302-307
104
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Parameter Sensor Array Pattern 

Recognition 

Technique 

Reagent Addition or 

Calibration 

Reference 

Dairy Voltammetric PCA (Classify) Neither Winquist.F et al. (2005). Sensors and Actuators B (111-112) 

299-304
105

 

Water (Classify) 

OJ (Quantify) 

Potentiometric ANN 

PCA 

Buffer Ruil.A et al. (2003). Synthetic Metals, 132:109-116
106

 

Complex Liquid Media Potentiometric PCA 

ANN  

Neither Legin.A et al (2000). Sensors and Actuators B, 65:232-234
107

 

Minearal Waters 

(Conductivity, Dry 

Residual, SiO2) 

Potentiometric PCA (Classify) 

PLS (Quantify) 

Excess CO2 (g) 

removed 

Legin. A et al (1999). Electroanalysis, 11(10-11):814-820
108

 

Ca
2+

 and hardness 

(Natural Waters) 

Potentiometric PLS (Quantify) Buffer and pH Sarina et al (2002). Analytica Chimica Acta, 464: 89-98
109

 

Amino Acid in Feed 

Samples 

Voltammetric ANN (Quantify) Buffer Moreno-Baron et al (2006). Sensors and Actuators B, 113: 

487-499
110

 

Fruit Juice 

(Glucose and Ascorbic 

Acid) 

Voltammetric ANN (Quantify) Buffer Gutes.A et al. (2006). Electroanalysis, 18(1): 82-88
111

 

Blood 

(Mg
2+

,Ca
2+

,Na
+
, K

+
) 

Potentiometric 

(ISE) 

PLS (Quantify) Buffer and pH Otto.M and Thomas.J (1985) Anal.Chem.,57:2647-2651
112

 

Beverages Voltammetric PCA 

PLS 

PCR 

Buffer and pH Buratti.S et al.(2004). Analytica Chimica Acta, 525(1) : 133-

139
113

 

Wastewater Amperometric PCA (Classify) Buffer and pH Tonning et al.(2005) Biosensors and Bioelectronics, 

21(4):608-617
114

 

Water Samples 

(classify) 

OJ concentration 

(Quantify) 

Potentiometric PCA Buffer and pH Gallardo.J et al. (2005) Talanta, 66(5):1303-1309
115

 

Complex Synthetic 

Samples (Heavy 

Metals) 

Potentiometric ANN (Quantify) Buffers Mourzina.Y et al. (2001) Electochimica Acta, 47(1-2) :251-

258
116
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Parameter Sensor Array Pattern 

Recognition 

Technique 

Reagent Addition or 

Calibration 

Reference 

Synthetic Samples 

(Ca
2+

) 

Potentiometric ANN (Quantify) Buffers Duran.A et al. (2006) Sensors, 6 : 19-29
117

 

Wine Voltammetric 

Conductometric 

PCA (Quantify) Temperature 

controlled 

Parra.P et al. (2006) Sensors and Acutators B, 115 :54-61
118

 

Water Treatment 

Process Control 

Voltammetric PCA (Classify) Neither Krantz-Rulcker (2001) Analytica Chimica Acta, 426 :217-

226
73

 

Complex Beverages 

(Taste) 

Potentiometric PCA (Classify) Neither Toko.K(1998) Biosensors and Bioelectronics , 13:701-709
119

 

Orange Juice Potentiometric PCA (Classify) 

PLS-DA (Classify) 

ANN (Classify) 

Controlled 

Temperature 

Ciosek.P (2005) Talanta, 67:590-596
120

 

Complex Aqueous 

Samples 

Optical Not Specified Reagents Sohn.Y et al.(2005)Biosensors and Bioelectronics, 21:303-

312
121

 

Wine 

(Classify) 

Ampeometric CA  

CART 

PCA 

LDA 

Buffer Scampicchio.M et al. (2005). Electroanalysis, 17(13):1215-

1221
122

 

Liquid Analysis 

(Heavy Metals) 

Potentiometric Pattern Recognition Not Specified Vlasov.Y et al. (1997) Sensors and Biosensors B, 44:532-

537
64

 

Tea and Detergent Potentiometric 

Voltammetric 

PCA (Classify) Neither Ivarsson.P et al. (2001) Analytica Chimica Acta, 449:59-68
123

 

Vegetable Oils Voltammetric PCA (Classify) Temperature 

Controlled 

Apetrei.C et al. (2005). Sensors and Actuators B, 111-

112:403-409
124

 

Beverages Potentiometric PCA (Classify) 

ANN (Classify) 

Buffer Ciosek.Pet al. (2004). Sensors and Actuators B, 103:76-83
125

 

Complex Tastes Surface Acoustic 

Wave 

PCA (Classify) Temperature 

Controlled 

Sehra.G et al. (2004). Sensors and Actuators B, 103:223-

230
126

 

Detergents Voltammetric PCA (Classify) Temperature 

Controlled 

Holmin.S et al. (2002). Electronanalysis,14(12):839-847
127
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Parameter Sensor Array Pattern 

Recognition 

Technique 

Reagent Addition or 

Calibration 

Reference 

Apple Juice Voltammetric PCA (Classify) 

PLS (Classify) 

Buffer and pH Winquist.F et al.(2002). Analytica Chimica Acta, 471:159-

172
128

 

Complex Liquid 

Analysis (Taste) 

Voltammetric PCA (Classify) Neither Winquist.F et al (1999). Sensors and Actuators B, 58 :512-

517
129

 

Synthetic Samples (Na
+
, 

K
+
,NH4

+
, Ca

2+
, Pb

2+
, 

Cd
2+

) 
ascorbic acid, 4-aminophenol 

and 4-acetamidophenol 

Potentiometric 

Voltammetric 

ANN (Quantify) Buffer and pH 

(Potentiometric and 

Voltammetric) 

 

 

Gutes.A et al. (2005). Talanta, 66 : 1187-1196
74

 

Milk  Potentiometric K-NN 

PLS 

SIMCA 

ANN (Classify) 

Calibration Ciosek.P and Wroblewski .W (2006). Sensors and Actuators 

B, 114:85-93
130

 

Synthetic Ionic 

Surfactants 

Potentiometric Not Specified Neither Kulapina.E and Mikhaleva.N (2005). Sensors and Actuators 

B, 106: 271-277
131

 

Complex Aqueous 

Samples (Taste) 

Potentiometric PCA (Classify) Neither Toko.K (2000). Sensors and Actuators B, 64:205-215
132

 

Complex Aqueous 

Samples 

Voltammetric PCA (Classify) Buffer and pH Holmin.S et al. (2004). Analytica Chimica Acta,519 :39-46
133

 

Pharmaceutical 

Formulation (Taste) 

Potentiometric PCA (Classify) Neither Zheng.J and Keeney.M (2006), International Journal of 

Pharmaceutics, 310: 118-124
134

 

Surfactants (Synthetic 

Samples and Natural) 

Potentiometric ANN (Classify)  Kulapin.A et al.(2005). Sensors and Actuators B,106 :271-

277
131

 

Synthetic Samples 

(Inorganic Pollutants) 

Potentiometric ANN (Quantify) Neither Rudnitzkaya. A et al. (2001). Talanta, 55 :425-431
135

 

Wine (Age) Voltammetric PCA (Classify) 

SIMCA (Classify) 

Reagents and 

Controlled 

Temperature 

Parra.V et al. (2006). Analytica Chimica Acta, 563 : 229-

237
136

 

Synthetic and  Natural 

Water Samples  

Potentiometric ANN (Quantify) Buffer and pH Gallardo.J et al. (2005). Electroanalysis, 17 (14) :348-355
71
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(Na
+
, K

+
,NH4

+
) 

Parameter Sensor Array Pattern 

Recognition 

Technique 

Reagent Addition or 

Calibration 

Reference 

Fruit Juices Voltammetric 

Amperiometric 

ANN (Classify) Neither P.Wide et al. (1998). IEEE Transaction on Instruments and 

Measurement, 47 (5):1072-1077
137

 

Synthetic Samples (Cd 

and Pb) 

Potentiometric PCA (Classify) Buffer Legin.A et al. (1999). Sensors and Actuators B, 58: 464-468
138

 

Synthetic Samples 

(Na
+
, K

+
,NH4

+
, Ca

2+
) 

Potentiometric GA (Quantify) Buffer Harnett.M and Diamond.D (1997). Anal.Chem, 69: 1909-

1098
67

 

River Water Potentiometric NLLS 

PLS 

ANN 

 

 

 

Neither Di Natale et al. (1997). Sensors and Biosensors B, 44 :423-

428
139

 

Water Quality 

Monitoring 

Potentiometric ANN Temperature 

Controlled, sample 

pre-treatment 

Bourgeois et al. (2003). Sensors and Biosensors B, 91:109-

116
140

 

Synthetic Samples 

(Chlorinated Benzene) 

Voltammetry 

Spectrometry 

Data Analysis Tool 

Not Specified 

(Classify) 

Buffer Wu. L. et al. (2011) Biosensors and Bioelectronics, 26 : 4040-

4045
141

 

Red Wine Potentiometric 

Spectrometry 

 

PCA (Classify) 

SIMCA (Classify) 

PLS (Quantify) 

Calibration 

Buffer  

Gutierrez. M. et al. (2011) Sensors and Actuators B, 156 : 

695-702
142

 

Water Samples 

(pH) 

Spectrometry Cubic Polynomial 

Functions 

(Quantify) 

Reagents 

Calibration 

Martinez-Olmos. A. et al. (2011) Sensors and Actuators B, 

156 :840-848
143

 

Sea Water  

(Biological Organisms) 

Flurometry ANNs (Classify) Reagents Pereria. G.C. & Ebecken N.F.F (2011) Expert Systems with 

Applications,38 :9626-9632
144

 

Natural Waters  

(Na
+
, K

+
) 

Flurometry ANNs (Quantify) Calibration 

Reagents/Buffer 

Erenas M.M. et al. (2011) Sensors and Acutators B, 156 :976-

982
145

 

Synthetic Samples Flurometry ANNs (Quantify) Buffer/Reagents Moczko.E. et al.(2009) Anal.Chem, 81 :2311-2316
146
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(pH, Temperature, DO, 

Phosphate Buffer) 

Parameter Sensor Array Pattern 

Recognition 

Technique 

Reagent Addition or 

Calibration 

Reference 

BOD5, TSS, TOC Spectrometry Not Specified Neither Chevalier et al. (2002). Advances in Environmental Research, 

6(3) : 369-375
76

 

Nitrate, Chloride, 

Sulfate, Total Carbon, 

Inorganic Carbon 

(ground water) 

Spectrometry PLS (Quantify) Neither Dahlen et al. (2000). Chemosphere, 40 :71-77
77

 

COD (river water) Spectrometry, pH 

and Conductivity 

ANNs (Quantify) Neither Charef et al. (2000). Measurement, 28 :219-224
75

 

 Optical ANNs  Dowdeswell et al. (1996). Meas.Sci.Technol, 7:1212-1219
147

 

COD (Wastewater) Spectrometry ANN, MLR 

(Quantify) 

Neither Fogelman et al. (2006). Neural Computing and Applications, 

15: 197-203
148

 

BOD, COD 

(Wastewater) 

Spectrometry ANN (Quantify) Neither Fogelman et al. (2006),  Proceedings of the 1
st
 Australian 

Young Water Professionals Conference, February, Sydney, 

New South Wales, CD-ROM
149

. 

 

COD, TOC, TSS Spectrometry PLD (Quantify) Neither Khorassani et al.(1999). Wat.Sci.Tech, 39(10-11) :77-82
79

 

Fuel Spectrometry PCA (Classify) 

CA (Classify) 

Neither Loureco et al. (2006). Chemosphere 65: 786-791
150

 

COD, Fatty Acid, pH, 

Methane 

Flurometry PLS Neither Morel et al. (2004). Wat.Res, 38 (14-15) :3287-3296
80

 

COD, BOD, TSS, 

Nitrate 

Spectrometry Deconvolution Neither Thomas et al. (1996). Environmental Technology, 17 : 251-

261
81

 

Hydrogen Chloride, 

Mineral Water 

Spectrometry  Niether Higashi and Yukihiro (2004). Applied Spectroscopy, 58 :910-

916
151
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Although, optical sensor arrays based on this measurement principle show considerable 

promise in the field of autonomous, large-scale water quality monitoring applications, 

there is little information available concerning the reliability of the sensing systems over 

prolonged periods of time (e.g. a one year period).  This is because most successful 

monitoring systems for field analysis are based on ―real‖ examples of the problem in 

question.  As the quality of water and wastewater is known to change depending on its 

geographic location, diurnal and seasonal variations, their ability to function accurately, 

irrespective of matrix conditions is of high importance for their large-scale 

implementation over large geographic ranges.  Therefore it is necessary to undertake 

some fundamental studies to evaluate the predictive accuracy of software sensors based 

on semi-selective or non-selective sensor arrays. 

 

Firstly, although the multiwavelength approach is designed to be more robust, not much 

information is known about how the predictive accuracy of optical sensor arrays based 

on a multiwavelength approaches are affected by sample turbidity, sample pre-treatment 

and wavelengths below 200 nm.  For example, in previous research using the traditional 

linear approach, it is well-documented that samples are required to be filtered before 

analysis, otherwise good correlations cannot be obtained
81,152

.  Studies by Dobbs
152

 also 

found that turbidity of any given water sample must not exceed a certain limit if its 

correlation is to be useful for determining organic carbon content.  Since the 

multiwavelength techniques are based on optical measurements, this could still cause 

significant problems.  

 

 There is also minimal information available demonstrating the reliability of the 

technique over time, such as their ability to cope with matrix changes, as most 

monitoring systems are developed using non-selective sensor inputs based on using  
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―real‖ samples at the monitoring site of interest.  Therefore if the sensor inputs are not 

based on mathematical or scientific rigour the models have a tendency to be based on 

high correlations, under specialised conditions and therefore have the potential to be 

matrix dependent.  This is of particular importance considering that on-line, real-time 

water quality instruments are required to function in dynamic measurement conditions.  

Hence, if the method is too rigid, it may be unsuitable for large-scale water quality 

monitoring applications, given that each system sold may be required to be individually 

trained for a specific monitoring site.   

 

An inherently more difficult issue that must be addressed is how the non-destructive 

sensor arrays compensate for measurement errors attributed to the signal drifting with 

time
73,83

.  This has been a key problem that has made E-tongues and software sensors 

unsuitable for long-term water quality applications, because it cannot simply be 

addressed by employing standard calibration practices
83

, as the data is collectively 

measured and processed in a higher dimensional search space (as shown in Figure 1.7).  

Therefore it is necessary to ascertain if sensing system designed on this measurement 

principle can be truly matrix independent. 
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Figure 1.7 a) Shows development of pattern recognition model employing a sensor array; b) shows how drift in sensor array affects pattern recognition. 
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Hence, a primary aim of this project was to investigate the reliability and use of non-

selective optical sensors and pattern recognition techniques for the development of 

large-scale, cost-effective, real-time water quality monitoring systems.  As outlined 

above this need arises due to the fact that for an on-line monitoring system to function 

accurately in the field, they should be capable of understanding the complex linear and 

non-linear interactions that affect a target analyte’s analytical response in a dynamic 

environment.  Achieving this outcome, could enable an on-line monitoring system to 

function accurately over a variety of geographic locations, without being affected by 

matrix interferences.       

 

1.6 Artificial Neural Networks 

 

ANNs are an alternative modelling tool that, if employed correctly, could be capable of 

performing such functions as collectively modelling the complex linear and non-linear 

interactions of a target analyte in real world environments.  Over many decades, ANNs 

have attracted the attention of scientists and technologists from a range of 

disciplines
71,74,84,110,125,131,135,153,154,155,156,157,158,159,160,161,162

.  They have been successfully 

applied to medical applications
163

, stock market prediction
84

, cursive and printed hand 

written character recognition for applications such as automated postal address and bank 

cheque recognition
162

. They have also been applied in defence applications, such as 

improving the target accuracy of missiles
164

.  In the last decade, they have been also 

implemented into environmental monitoring
147,165

 and analytical chemistry 

applications
71,74,110,161

, as well as pattern recognition and prediction in countless other 

fields. 
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The main reason for their success is that they are a biologically inspired modelling tool 

and are particularly suited to non-linear modelling.  They also have the inherent ability 

to detect data ―outliers‖ and reduce noise from real world data.  This is primarily due to 

a combination of factors. Firstly, they contain a large number of simple processing 

elements that perform functions similar to real neurons in the human brain.  Therefore, 

they have the capability of processing information from one or more dependent 

variables (e.g. sensor data inputs) to determine one or more independent variables (e.g. 

quantitative water quality information). Secondly, they are able to determine intricate 

non-linear cause and effect relationships between the independent and dependant 

variable, as compared to other mathematical modelling functions such as linear and 

multiple linear regression.  This enables ANNs to ―learn‖ through experience, 

generalise from previous experiences and make ―seemingly intelligent‖ decisions about 

problems that they have not encountered previously.  However, it should be noted that 

the success of a neural network depends on the learning algorithm it employs and the 

quality of data that is applied to it.  Learning is accomplished by using a set of examples 

of the problem in question.  This is also known as ―training‖ because learning is 

accomplished by adjusting the ANNs connection weights iteratively and/or non-

iteratively, so that it can perform decision making and predictive tasks (such as 

quantitative analysis).  The process of training will be described below. 

 

As a new, generic field based measurement principle is required to perform quantitative 

measurements, irrespective of measurement conditions, it requires the multiple and 

complex computation of information from a number of sensors to be able to model how 

a target analyte response is affected by changing environmental conditions.  Hence, a 

data processing tool based on ANNs, which is derived and based on biological 

processing abilities, should enable a field-based water quality monitoring instrument to 
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intelligently adapt to changing environmental conditions, whilst still producing accurate 

measurements. 

 

1.6.1 General Principles Of Artificial Neural Networks 

 

1.6.1.1 Artificial Neuron 

 

An artificial neuron may be thought of as an attempt to model the behaviour of a 

biological neuron illustrated in Figure 1.8 (a) and currently is a very simplistic and 

rough approximation of the behaviour of a biological neuron and system.  However, 

groups of artificial neurons, known as an ANN attempt to mimic nature’s approach to 

solving certain complex problems that are difficult, if not impossible to solve with more 

traditional techniques such as Gauss’s theory of least squares.  An ANN is composed of 

a larger number of ―neurons‖ or simple processing units that may be represented in 

computer software (Figure 1.8 (b)).  To activate an artificial neuron, a set of inputs 

(such as sensor data information) must be applied from the external environment. In a 

biological neuron this information is received through dendrites.  Each input is 

multiplied by a corresponding weight analogous to synaptic strengths in biological 

neurons.  The weighted inputs are summed to determine the net output of the neuron.  

The net output is processed further by using a ―squashing‖ function to produce the 

neuron’s output signal. 
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Figure 1.8 Shows a microscopic image and schematic diagram of neurons. a) Shows an image of 

a biological cerebellar neuron and astrocytes  within a biological neural network 

(courtesy of National Adult Stem Cell Research Centre, Griffith University). b) 

Schematic diagram of an artificial neuron. 

 

This process is analogous to a biological neuron cell summating the membrane potentials 

provided by the dendrites, in order that excitation exceeds some threshold and results in the 

cell sending a signal down the axon to another neuron. 
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Figure 1.8 (b) shown above, can be expressed mathematically: 
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txwfty
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   Equation 1.4 

Where: 

y is the neuron’s output   

t is the time step    

n is the number of inputs 

xi is the i neuron’s input 

wi is the weight of input I 

f is the squashing function 

 

In an artificial neuron the ―squashing‖ function is sometimes known as the neuron’s 

activation function and may either be linear, non-linear or sigmoidal.  In the case of a non-

linear function, a step function could be used, where the activation value (output) can either 

be 0 or 1, depending on whether the sum is above or below a certain threshold.  However, if a 

sigmoidal function is applied to the sum of weighted inputs, a value between 0 and 1 may be 

expected. 

 

As shown in Equation 1.4 and illustrated in Figure 1.8 (b), a neuron computes the weighted 

sum of its n inputs, the result of which is then further processed to give an output y which is 

between 0 and 1.  The input patterns are presented to the neuron and are represented in terms 

of vectors of numbers x = (x1, x2 …. xn ).  Hence, y is the neuron output (between 0 and 1) and 

f is the squashing function, which gives an output to the external environment between 0 and 

1.   

 

Equation 1.4 is vital for the training and development of new field based measurement 

principles, as it determines how the individual artificial neurons interact with each other.  



71 

 

This is because the capacity for an on-line sensing system to intelligently respond to dynamic 

matrix conditions is stored in the artificial neurons connection weights.  Hence, if the system 

is trained correctly, it should enable the sensor to intelligently learn, i.e. to discover the real 

cause and effect relationships between its signal and these collective matrix interferences in 

uncontrolled measurement environments.  It should then allow us to derive general predictive 

environmental calibration models that are valid in dynamic ―real world‖ environments. 

 

1.6.1.2 Neural Network System 

 

As neural network systems are a set of interconnected artificial neurons (as illustrated in 

Figure 1.9).  They have high connectivity and this means that errors or inaccuracies in a few 

neurons would be inconsequential.  In fact each neuron can be treated as being a separate 

CPU (central processing unit) running its own simple program
166

.  In an ANN, a single 

neuron has the function of computing the weighted sum of inputs from other neurons and 

outputting a single value.  This output is then sent to other neurons which are performing the 

exact same task.  Therefore, it has the ability to generalise about a set of input data and 

eliminate the corresponding weights of potential erroroneous neurons (such as data outliers or 

noise); this is not the case with most mathematical modelling tools such as traditional linear, 

multiple linear regression or partial least-square regression
148,167,168

.   

 

In a neural network, these neurons are grouped into layers.  The three types of layers that can 

be present in a neural network are: input layer, hidden layer and output layers.  The input 

layer deals with receiving inputs from the external environment (as specified by x1-xn in 

Figure 1.8 (b) and Figure 1.9).  In between these layers there exist hidden layers.  There may 

be one or more hidden layers in a neural network.  The number of hidden layers can be 
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modified to improve the prediction efficiency of the network (refer to Figure 1.9 below).  The 

output layer gives a value based on the summations of weights from the activation (e.g. 

between 0-1 if a sigmoidal squashing function is used) to the external environment. 

  

 

 

Figure 1.9 Schematic view of a multilayer neural network with a single hidden layer. 

 

The neurons in the hidden layer interact with other hidden layers or the input and output 

layers through connection weights
166

.  The more hidden units there are within an ANN, the 

more rigid the network is defined
84,156,166,169

.  This is because the network has more rules to 

adhere to (in the form of weights), which make it more specialised towards learning the 

training data, rather than any new data presented to the ANN
84,156,169

.  Therefore, in some 

cases the addition of a large number of units to the hidden layer can reduce the neural 

network's ability to generalize and therefore predict.  As a result, an optimal neural network is 

required that combines a minimal number of hidden units to produce the most accurate output 

84,156,166,169
. 
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Given the above, the execution of a standard neural network can be simply explained.  An 

input pattern (e.g. response from a sensor array) about a given problem is fed into the input 

layer.  The neurons in the input layer ―fire‖ their output to the neuron in the next layer.  The 

next layer’s neurons (e.g. hidden layer), compute their outputs and fire them down to the next 

layer.  This interaction among layers continues until some condition (e.g. RMS (root mean 

square) error or the convergence of the ANN's outputs to their corresponding target values 

(true value)) is satisfied to produce an output to the external environment.  In this research, 

the ANN's output would be the quantitative water quality parameter (e.g. concentration of 

chemical oxygen demand or fluoride) and the target value would be the known corresponding 

water quality parameter value determined by the appropriate standard method. 

 

1.6.1.3 Types of Learning 

 

The process by which ANNs can be instructed to perform in a useful manner is called 

learning.  A particularly important issue in learning is how the connection weights are chosen 

for neural networks to perform a specific task.  Hertz et al. 
169

 describe that weights and 

inputs may be chosen by the user before the network is used.  However, it is necessary to 

―teach‖ the network to do specific computations by progressively altering its weights.  This 

may be done by either ―supervised learning‖ or ―unsupervised learning‖. 

 

Supervised learning occurs when the neural network learns by comparing its output to the 

correct predetermined solutions.  For example, comparing its output from learning the 

response of an electrode or UV-Vis spectroscopy (training inputs) to concentration values 

obtained using standard methods of analysis (training outputs).  These ―correct answers‖ or 

―target values‖, along with the corresponding inputs, are commonly referred to as training 
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data or training sets.  As learning progresses, the network compares its output with the target 

value.  It makes the necessary alterations to the weights to improve the outcome of these 

calculations.  

 

On the other hand unsupervised learning occurs where a convenient set of training data is not 

available.  The only available information is that which may be correlated from input data 

presented to the network.  In this case the neural network must attempt to create categories or 

clusters based on these correlations.  The outputs should therefore correspond with the inputs 

being received.  This type of learning is used for classifying information into groups that have 

similar characteristics. 

 

In this project, a supervised learning technique will be used for experimental quantitative 

analytical purposes.  As a neural network system has a number of highly desirable attributes 

(such as non-linear modelling) that makes it the most suited modelling tool to be applied to 

the new analytical method.  However, its ability to generalise is probably the most superior 

attribute.  Generalisation is the ability for a trained neural network to provide the correct 

matching output data to the set of the previously unseen input data.  For the new generic 

field-based measurement principle its ability to generalise, should enable it to determine how 

sensor responses are affected by collective matrix changes, despite not being previously 

trained with those specific conditions.  Therefore, it should be able to make seemingly 

―intelligent‖ decisions when correcting the curve of linearity of sensors to non-ideal 

conditions experienced in situ and hence, should enable the sensors to function accurately 

irrespective of sample matrix conditions. 
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1.6.1.4 Feature Extraction 

 

An important concept for successful neural network training is feature extraction.  Feature 

extraction is employed essentially to reduce the size of the data input vector, whist still 

retaining the most important features, in order to maximise the accuracy of an ANN in a 

lower dimensional mapped space.  In complex pattern recognition problems such as neural 

network applications, the classification or quantitative information gathered from the pattern 

is usually not obtained from the raw input data, but very often over several stages of pre-

processing
170

.  Feature extraction is a well-known intermediate level pre-processing 

technique.  It deals with extracting the most important features of a pattern, such as 

identifying key factors that influence a sensor response in non-ideal measurement conditions.  

The main objective of feature extraction is to reduce the data of the pattern by determining 

the features that distinguish it and represent the whole pattern, by creating a sub set vector
148

.  

The process will be essential for determining which matrix recognition sensors should be 

applied to the system to characterise matrix interferences in non-ideal measurement 

conditions, in order to make the on-line sensors capable of autonomously and accurately 

responding to their environments in situ. 

 

 1.6.2 Analytical Applications 

 

ANNs have gained considerable attention in the field of analytical chemistry in recent years.   

For example, they have been frequently used to determine Quantitative Structure Activity 

Relationships (QSAR)
171

, spectroscopic applications such as calibration
48,75,83,157

 and drift
158

, 

kinetic studies
159

, electrochemistry applications
53,71,74,131,135,172

, multivariate 

calibration
71,75,135,173

 and industrial process applications
82,160

.  They have also been employed 
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for signal control and data analysis
83,174

, environmental monitoring applications
139,161

, as well 

as being used to develop surrogate methods for on-line water quality monitoring 

23,71,75,135,148,149,175
.  

 

In the area of field-based water quality monitoring and industrial process control applications, 

ANNs have been used as a modelling tool for a number of indirect and direct measurement 

applications.  The essential aim of these applications has been to develop more reliable and 

accurate methods for acquiring real-time, water quality information.  The ANN-based 

analytical systems have been predominately developed by employing single or 

multiparameter sensor arrays for measurement detection, with most on-line monitoring 

systems being developed with ―software sensors‖.  A software sensor is characterised by 

having measurement signals, which  are obtained from fast, reliable sources such as UV-Vis 

spectrophotometers or electrochemical techniques
59,176

.  The most common applications using 

software sensors have been E-tongues, which have predominately employed ANNs for 

sample classification.  However, in recent years, there has been a shift towards quantitative 

measurement applications, which are highlighted in blue in Table 1.2, page 53. 

 

The most successful quantitative ANN-based analytical applications for field-based on-line 

water quality monitoring have been developed employing indirect measurement 

techniques
53,69,75,78,82,85,110

.  The most common measurement principle is based on developing 

indirect cause and effect relationships between the non-selective sensor arrays employed and 

the water quality parameter of interest.  The relationships are stored in the trained ANN and 

are developed through using real world samples of the problem in question.  This term is 

referred to in the thesis as ―real world calibration‖.  For example if fluoride is required to be 

monitored in a water treatment plant on the Gold Coast, the ANN will be trained with real 
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samples from that region.  The training set ―target outputs‖ used will usually be determined 

by the prescribed standard method.  Once successful training and optimisation have been 

completed, quantitative measurements can rapidly be obtained on-site, without sample pre-

treatment, daily calibration and strictly-defined measurement conditions being required.  For 

example Masmoudi in 1999 employed
82

 ANNs and a spectroscopic sensor array to determine 

BOD concentrations of wastewater without strictly defined measurement conditions or daily 

calibration being required.  Whilst, Valsov et al. in 2000 employed
85

 ANNs and a non-

selective sensor array to quantitatively determine the alcohol content of wine without daily 

calibration or fixed measurement conditions being required.  However, no long term 

reliability studies were completed to evaluate its accuracy over time or to evaluate if the 

relationships developed are based on direct cause and effect relationships and are hence, 

universally applicable to cope with matrix variation over time
83,177

. 

 

It should also be noted that the majority of ANN-based analytical systems (See Table 1.2, 

page 53 as highlighted in blue) employed for on-line analysis are based non-selective 

electrochemical sensors, which still required fixed measurement backgrounds to obtain 

quantitative measurements, compared to indirect spectroscopic techniques
71,74,115,116,117,135

.  

Gutes et al. in 2005 used
74

 a combination of potentiometric and voltametric sensors in 

conjunction with ANNs to quantify Na
+
, K

+
, NH4

+
, Ca

2+
, Pb

2+
 of synthetic samples, with 

buffer and pH additions being required.  However, although the system worked well at 

determining synthetic samples, their performance was not validated on real samples.  The 

latter is a typical problem with most electronic tongues employing ANNs and other PRTs
73,83

 

and it is very hard to ascertain if the methods developed are suitable for specialised 

applications and hence, matrix dependent
83,177

. 
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In terms of direct sample analysis, ANNs have been applied to improve measurement 

accuracy of ISE in the presence of major interference ions, as discussed previously in section 

1.4.  Gallardo et al. in 2004 employed
69

 ANNs to determine synthetic nitrate samples in the 

presence of chloride interferences, with buffers and strictly defined measurement conditions 

still being required.  Although, the measurements are based on the principles of the Nikolski-

Eisenmen equation, there has been limited experimentation to demonstrate these methods 

thoroughly on ―real‖ samples.  Thus, indicating that these methods may be unsuitable for 

characterising the complex interactions of a target analyte with its environment in varying 

conditions.  This is especially the case if the coefficient of change (Kij) is constantly changing 

with respect to the primary ion (i) and the interference ion (j) concentration. 

 

Overall, the most successful analysis of real world samples has occurred when indirect 

measurement techniques based on real world calibration have been employed. 

 

1.6.3 Limitations Of Current Analytical Systems 

 

There are a number of inherent problems that have greatly limited the large-scale deployment 

of ANN-based systems for on-line water quality monitoring
73,83,152,178

.  The majority of 

successful ANN systems employed for real world analysis utilise non-selective or semi-

selective sensor information, the trained neural network models developed are usually based 

on intricate cause and effective relationships, between sensors used, samples measured and 

desired water quality parameter ―target‖ output 

values
75,83,85,86,102,104,106,110,111,125,131,137,139,147,169

.  Therefore, if the sensors are not appropriately 

selected with significant mathematical and experimental rigour, the monitoring systems 

developed may be valid in only special (specific matrix) not universal measurement 
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conditions
73,83,84,169

.  Therefore, the technique may not be applicable to monitoring 

applications over large geographic locations where the sample matrix is constantly changing. 

 

Secondly, if the observation set used for training did not encompass all the variability in the 

system, then there is a possibility that it may not be adaptable to changing environmental 

conditions
59,83,84,169

.  This is particularly the case if the sample matrix changes over time, 

which is often the case in real world environments.  This is because the ANN did not 

effectively learn how to adapt to non-ideal measurement conditions through the alteration of 

its weighting configuration.  As a consequence, the trained ANN used for on-line water 

quality monitoring may no longer be valid, producing measurement errors.  This is currently 

a major problem affecting research and commercial applications such as the S::can which 

employ a non-selective sensor array
76,83

.  Currently, to overcome this inherent problem the 

system must be retrained with new examples of the problem in question or realigned to suit 

the new sample matrix conditions according to a stored database
84

.  However, measurement 

principles based on such an approach are unsuitable for large-scale water quality monitoring 

applications, where the quality of ground, surface and treated water varies depending on the 

temporal and geographic location
179

. 

 

Another inherent problem, which reduces the commercial potential of ANN applications is 

the labour intensiveness associated with the training process, especially if the models are 

based on large volumes of information
83,84,169

.  This is because obtaining this data can be time 

consuming, especially if a great number of standards or samples have to be prepared and 

analysed to train, validate and optimise the ANN.  Hence, this can significantly increase the 

economic costs associated with these methods and make it non-viable to implement for large-

scale instrument production, especially if each system sold is required to be individually 
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trained.  If a method can be developed that can significantly reduce the training costs 

associated with these techniques, it could increase the commercial viability of an ANN based 

measurement approach for on-line water quality monitoring purposes. 

 

Trained ANN models, like traditional analytical measurement systems are also significantly 

affected by signal drift, which can make the models invalid over time
178

.  This is especially a 

problem if the monitoring systems are required to be autonomous and non-destructive to the 

environment
59,73,83

.  Traditionally, signal drift in these systems has been a difficult process to 

overcome, because the pattern recognition classifier models developed are fixed in time and  

in a higher dimensional search space
83

 (please see Figure 1.7, page 60).  Hence, signal drift in 

all sensing elements, can mean the relationship between sensor array and desired water 

quality parameter may become invalid over time, leading to measurement errors.  In 

traditional analytical measurements, this can easily be addressed through calibration with 

standard reagents.  However, this cannot be as easily achieved in measurement systems based 

on non-selective or semi-selective senor arrays, especially if the matrix composition changes 

as well.  If an alternative method can be developed that diverges away from traditional 

calibration techniques then the applicability of ANN-based monitoring systems can be 

extended for in situ use. 

 

It also should be noted that most successful on-line water quality monitoring applications 

have been developed using indirect measurement principles and real world 

calibration
75,82,83,85,111,131,137,139

.  Hence, there is little information available on the robustness 

and reliability of ANN monitoring systems based on this measurement principle over time.  

For example, if they have the ability to cope with matrix variations such as turbidity and still 

produce quantitative measurements. Conversely, ANN-based water quality monitoring 
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systems that employ direct measurement approaches have only been validated with synthetic 

samples according to strictly defined measurement conditions
59,69,71,73,83,116

.  Therefore it is 

difficult to ascertain if the approaches developed are based on special (matrix specific) or 

universally applicable non-linear and linear relationships
83

. Secondly, quantitative 

measurement principles based on the inherent need to maintain fixed physicochemical 

environments are highly unsuitable for environmental monitoring applications.  Hence, the 

question remains how do we overcome the need for calibration and fixed measurement 

conditions to obtain quantitative measurements in the 21
st
 century? 

 

Clearly it is evident, that a new generic measurement principle for field based and continuous 

water quality monitoring applications is required to overcome a number of inherent problems 

and make existing, commercially available sensors such as ISE applicable for on-line 

monitoring purposes.  ANNs are an alternative mathematical data processing tool that could 

achieve this outcome, however issues such as drift, robustness and training intensity need to 

be addressed first in order to make them economically viable to implement for large-scale 

water quality monitoring. 

 

1.7 Accurate On-Line Monitoring – Challenges Faced                                                

 

Despite research and commercial efforts to improve current on-line water quality monitoring 

systems, there is still no reliable, accurate technology available that meets all the 

requirements of industry and government agencies
1,2,3,4,5,21,52

.  Although processes have been 

implemented to improve their economic viability in terms of reagent consumption
3,14,15,19,35

 

and stability
57

, maintenance
3,14,38

, calibration
68,75,86,180

 and reliability
4,5

, there is still a strong 
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trend to employ traditional measurement principles, despite not being originally developed 

for field applications. 

 

Ideally, industry and government agencies require on-line sensors that are capable of 

operating accurately and autonomously in the environment for at least one year
1,2,3,4,5,57

.  

They should be simple to use, economically viable to purchase and maintain, such as by 

consuming limited amounts of costly reagents
3,5,15,53,57

.  More importantly, they should be 

robust enough to function in extreme and variable environments, without ideal measurement 

conditions being required
4,26,38

.  This is essential, so that the data obtained is analytically 

sound for making rapid management decisions.  For example, such as deciding whether to 

implement remediation processes if on-line monitoring information indicates a water supply 

is contaminated.  However, to achieve this outcome some fundamental challenges must be 

faced and addressed in the field of on-line water quality monitoring. 

 

Firstly, one of the most important challenges to address in this field is the inherent need to 

require ideal measurement conditions to obtain analytically valid quantitative results.  This is 

because matrix interferences are one of the primary causes of measurement error when 

employing the traditional analytical measurement principles based on Gauss’s theory of least-

squares in uncontrolled measurement conditions.  Therefore, it is necessary to develop a new 

field based measurement principle for continuous monitoring in real world conditions.  

Ideally the generic method should enable a sensor or sensor array function autonomously and 

accurately in dynamic, non-ideal measurement conditions, without reagents, buffers or 

sample pre-treatment being required.  This could be potentially addressed by using a set of in 

situ Matrix Recognition Sensors (MRSs) to teach an ANN how a target ion measurement 

sensor responds collectively to a prescribed set of uncontrolled measurement conditions, to 
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negate the need for fixed measurement backgrounds, reagents, sample pre-treatment and 

calibration. 

 

Another inherent problem that must be overcome in developing autonomous on-line water 

quality instruments is sensor signal drift
3,5,16,59,140

.  This arises because most measurement 

techniques require the signal(s) to be converted to an equivalent concentration through 

calibration
5,181

.  Sensor drift over time can make the traditional calibration model or pattern 

recognition model (such as ANNs) invalid, leading to measurement errors
181

.  Hence, it is of 

critical importance that a method is developed that can enable a measurement model to be 

valid over long periods of time without requiring frequent, costly recalibration and reagents
5
. 

This is especially the case, given that pattern recognition models based on semi-

selective/non-selective sensor arrays are often very difficult to realign in the field compared 

to traditional analytical measurement techniques, as the models are represented in a higher 

dimensional search space. 

 

One of the key fundamental issues associated with obtaining quantitative, continuous 

measurement is ensuring that the calibrated status of the instrument can be maintained for 

prolonged time periods
3,5,16,19,38,83

.  Most on-line field-based instruments require ex situ or on-

line calibration with standard reagents to ensure their reliability in the field.  This is 

prohibitively expensive for large-scale on-line water technology in terms of reagent 

consumption, stability and maintenance
3,19,57

.  Therefore, it is necessary to investigate 

alternative approaches for overcoming the costly need for field calibration and accelerate the 

development of non-destructive on-line water quality monitoring technology that does not 

create secondary forms of pollution. Overcoming this inherent problem, should be addressed 

through developing matrix independent on-line water quality monitoring systems. 
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Clearly, as evidenced by the literature review a new measurement principle needs to be 

developed that can enable autonomous, accurate real-time water quality information to be 

obtained continuously in the field.  Ideally the new measurement approach should permit on-

line sensors to acquire quantitative valid results, independent of sample matrix conditions, 

without reagents or ideal measurement conditions being required. ANNs show promise as a 

mathematical tool for achieving this goal, as they have the ability to model non-linear 

relationships from a number of variables, detect outliers and generalise, compared to 

traditional measurement principles based on Gauss’s theory of least-squares which require 

consistent measurement conditions.  However, ANNs still have some inherent problems that 

need to be addressed such as the ability to cope with drift, variability and the labour intensive 

cost associated with the training process.  Hence, if a ―generically‖ trained ANN can be 

developed for each specific water quality parameter, that is able to dynamically respond to a 

given set of non-ideal matrix conditions, it will mean that new sensors can be installed with a 

simple realignment process, without the intensive training process being required. 

 

In summary, to date there is still no reliable, cost-effective on-line water quality monitoring 

technology available that can accurately function in dynamic, non-ideal measurement 

conditions for prolonged time periods. 

 

1.8   Scope of Thesis 

 

The primary aim of this thesis project was to develop a general measurement protocol 

specifically designed for continuous real-time water quality monitoring applications.  It is 

centred on enabling a laboratory-based and commercially available sensor to be converted 
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into an autonomous sensor capable of quantitative in situ measurements, without the inherent 

need for ideal measurement conditions, in addition to costly reagents, sample pre-treatment 

and time.  This new analytical measurement approach was designed to overcome the inherent 

problems associated with the quantitative performance of current on-line monitoring 

techniques that to date have made the acquisition of reliable and continuous water quality 

information difficult to achieve. 

 

The concept shifts away from conventional analytical methods that employ univariate 

measurement principles, when designing the method, to a new multi-sensor approach to 

characterise matrix changes to enable the monitoring system to be matrix independent.  This 

is primarily because conventional thinking maintains that in order to obtain analytically valid 

results from a sensor, it must be calibrated regularly with standard reagents, and 

measurements made with equal care, under well controlled physicochemical conditions, as 

the arithmetic mean of all observed standard values, should determine the most probably 

unknown value.  Quantitative continuous and field based monitoring applications based on 

this type of measurement approach have difficulty in characterising complex linear and non-

linear interactions that are occurring between the sensor, target analyte and its environment. 

Consequently, ANNs will be employed as a data processing tool in preference to 

conventional statistical methods to ―teach‖ the sensor, through complex non-linear mapping 

how to respond in non-ideal measurement conditions using collective sensor inputs.  As 

ANNs are a biologically inspired modelling tool with strength in non-linear modelling, they 

have an ability to characterise non-linear and linear interactions and detect data outliers in 

patterns in a similar way to the human brain.  As a result they should be able to generalise 

based on previous experiences and make seemingly ―intelligent‖ decisions about unknown 

samples for which they have not been previously trained. 
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In essence, the new generic method will not require an intensive training process at the 

monitoring site of interest, as seen in previous ANN-based analytical monitoring systems.  

This is because no calibration should be required.  The on-line monitoring system should be 

able to automatically correct the indicating response according to environmental conditions.  

This should mean that systems can be placed in any water system for which it has not been 

trained, and it should be able to determine quantitative concentrations of the desired water 

quality parameter, without calibration, sample pre-treatment or ideal measurement conditions 

being required.  It is hypothesised that the way in which a sensor responds collectively to a 

set of prescribed matrix conditions will occur in a known and reproducible fashion, fixed in 

time and space.  Hence, if a biomimetic approach such as ANNs can be applied, to 

collectively characterise these responses, it can instruct the sensor how to universally respond 

to a given set of matrix conditions through its weighting configuration, even though the 

training set does not cover all the variability in the system.  To achieve this it is necessary to 

ensure that the sensor inputs used are employed based on scientific and mathematical rigour. 

 

However, to achieve this goal it is necessary to investigate and address some inherent 

problems listed above that have made ANNs and on-line water quality monitoring technology 

ineffective and economically non-viable for acquiring large-scale, accurate water quality 

information over extended periods of time. 

 

Specific topics addressed in this thesis are: 

 

a) To understand how traditional analytical measurement systems based on ANNs 

respond to variability in the system when provided with information based on semi-
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selective and non-selective sensor arrays.  It is also necessary to investigate how 

multisensor inputs employing a chemometric approach can be determined so that the 

systems are valid universally, not just in special conditions. 

 

b) To demonstrate that collective matrix deviations () experienced by a selective sensor 

in non-ideal measurement can be characterised and corrected for by using matrix 

information provided by a set of carefully selected matrix recognition sensors 

(MRSs). 

 

c) To develop a new method to enable chemometric methods to cope with signal drift 

over time, so it can maintain its calibrated status in the field without traditional 

calibration being required. 

 

d) To develop a generic trained neural network model that is adaptable to changing non-

ideal measurement conditions. 

 

e) To develop a generic technique that is able to realign newly installed sensors to the 

system, without requiring an intensive and costly retraining process. 

 

f) To address the issues of reagent consumption and stability, which reduce the 

economic viability of large-scale water quality monitoring technology. 

 

Non-destructive optical-based ANN measurement systems have shown considerable promise 

in the area of on-line water quality monitoring over electrochemical sensors, due to their 

ability to acquire quantitative measurements rapidly and simply without sample pre-
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treatment, fixed measurement conditions or daily calibration.  However, there is limited 

knowledge available on the robustness of systems to cope with matrix variability.  Hence, a 

specific aim of Chapter 2 is to investigate the performance of on-line monitoring systems 

based on the traditional analytical ANN training technique, to establish how it responds to 

matrix variation, turbidity and functions without sample pre-treatment.  It is also necessary to 

investigate what type of sensor information is required to be applied to an ANN, as this is of 

paramount importance so that the on-line monitoring systems developed can function reliably 

in a diverse range of measurement conditions. 

 

Chapter 3 will be used to demonstrate the feasibility of using collective matrix information to 

improve a selective sensor response in situ in non-ideal measurement conditions. This is 

necessary to demonstrate if the inherent need to maintain strictly controlled measurement 

conditions can be overcome simply by environmentally configuring a sensor to its 

environment using a set of in situ MRSs sensors.  The information obtained in this chapter 

will be used to demonstrate the principles behind the new analytical approach of 

measurement discussed in subsequent chapters. 

 

Chapter 4 will introduce the ―new philosophy of measurement‖ used to convert a traditional 

laboratory-based sensor into a real world sensing probe, without the need for calibration, 

reagents or sample pre-treatment.  It will demonstrate how pure water can be used as the 

universal reference solution to realign all sensors to drift, to ensure its calibrated status in the 

field.  It will also demonstrate its ability to dynamically respond to sample matrix conditions 

evaluating its performance on real samples from around Australia. 
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Chapter 5 will investigate the application of the new measurement principle to other ISE such 

as ammonium, ammonia, and pH.  The adaptability of the environmentally calibrated system 

to new sensing probes is of major practical importance as all sensors need to be replaced once 

their physical lifetime limit has been reached. In addition, this chapter will investigate if a 

one-step realignment process can be implemented to overcome the intensive training process 

for ANN applications on a specific ANN configuration that has been determined for a water 

quality parameter. 

 

The overall conclusion of my thesis will be presented in Chapter 6, along with any future 

directions of the project. 
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2.0  Introduction 

 

To enable the accurate, cost-effective, large-scale acquisition of water quality information, it 

is of paramount importance that on-line monitoring systems function autonomously in a 

variety of sample matrix conditions, with the need for sample pre-treatment, calibration or 

fixed measurement backgrounds.  ANN-based optical software sensors employing indirect, 

multiwavelength spectroscopic techniques, (as shown in Table 1.2) show considerable 

promise in this area due to their success in real sample analysis
55,75,76,77,78,79,81,148,182

.  

Measurement systems have been successfully employed in the literature for monitoring 

Biochemical Oxygen Demand (BOD5)
182

, Chemical Oxygen Demand (COD)
75,79,81,148,182

, 

nitrate
77,81,183

, ammonia
183

 and chloride
77

  (as shown in Table 1.2, page 56), with COD being 

the most frequently employed method.  

 

The successful implementation of these systems has been based on establishing complex 

linear and non-linear relationships between the sensor data input (sensor array) and the 

desired water quality parameter interest (output)
148,149

.  This has been achieved through an 

iterative supervised training process based on real samples of the problem in 

question
75,76,148,149,183

.  As a result the system has the ability to predict quantitative data output 

from semi-quantitative/qualitative data input (non-selective sensor array), without the need 

for sample pre-treatment or daily calibration
75,148,149

.  These advantages make it a desirable 

tool for large-scale on-line water quality monitoring applications. 

 

Although multiparameter approaches such as the multiwavelength technique are designed to 

be more robust than the traditional single wavelength approach
75,76,79,148,149

, limited feasibility 

studies have been completed to ascertain the applicability of this method for large-scale 
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autonomous water quality monitoring applications.  This is especially the case in regards to 

how the predictive accuracy of the measurement principle is affected by sample pre-

treatment, wavelengths below 200 nm, matrix variations and signal drift.  The term 

―robustness‖ is used as a measurement to determine the capacity of an analytical principle to 

remain unaffected by small but deliberate introduced variations in method parameters
184

.  It 

also provides an indication of its reliability during normal usage
184

.  To stipulate the 

robustness of the proposed approach during normal usage, it was necessary to investigate the 

reliability of the system to establish its suitability for acquiring continuous, reliable real-time 

water quality information. 

 

In regards to sample pre-treatment, it has been well documented in previous research using 

the traditional linear approach that samples are required to be filtered before analysis, 

otherwise good correlations cannot be obtained
81,152

.  Studies by Dobbs
152

 also found that 

turbidity of any given water sample must not exceed a certain limit, if its correlation is to be 

useful for determining organic carbon content.  Since the multiwavelength technique used 

here is based on optical measurements, turbidity could still pose significant problems in this 

approach. 

 

Another important point that requires further investigation is the use of wavelengths below 

200 nm.  Despite the fact that many organic pollutants in wastewater absorb radiation with 

wavelengths below 200 nm
81

, it has been observed that the wavelength range from 200-350 

nm is commonly used in research and commercial instruments because of the general 

perception that strong absorption below 200 nm by water will conceal any useful 

information
75,76,149

.  Such a perception may be true for analytical methods that require 

quantitative signal input.  However, since most multiwavelength approaches use semi-
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quantitative/qualitative absorption patterns that deviate from Beer’s law and process the 

patterns with non-linear modelling techniques such as ANNs, it is hypothesised that this 

additional information should enhance the predictive accuracy of the method.  This is 

primarily because most analytical techniques are used for the purpose of determining 

unknown concentrations of analytes, which is directly related to the ratio of water to analyte 

in the sample.  Hence, it is believed that semi-quantitative/qualitative information regarding 

the absorption of water with various organics should be very useful in improving the 

predictive accuracy of the technique.  

 

Another issue under investigation concerns the robustness of the non-linear models that are 

based on real world calibrations and how they cope with matrix variations that the system has 

not been previously trained with.  As most current analytical ANN applications do not require 

the traditional method of analytical calibration, there is no need to determine a well-defined 

quantitative relationship between the analytical signal (such as spectral absorbance pattern) 

and the concentration
185

.  This arises because ANNs are a biologically inspired modelling 

tool and ―learn‖ by being given examples of the problems in question.  Previous research has 

indicated that pattern recognition models such as ANNs are developed through finding 

intricate cause and effect relationships between data input and desired target outputs (water 

quality parameter of interest).  Therefore, if the data inputs are not selected based on 

mathematical or experimental rigour, they have a tendency to be valid in specialised, not 

universal matrix conditions
83,177

.  As a consequence the iterative training process may find 

linear and non-linear relationships attributed to only the sample matrix and analyte, rather 

than determining universally applicable cause and effect relationships that are suitable for all 

measurement conditions.
83,177

  This is a particularly important point that needs to be 

emphasised, as large scale sensor networks for real-time environmental water quality 
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monitoring need to be robust enough to handle changes in the sample matrix, in a variety of 

geographic locations with limited maintenance and reagents.  

 

In this chapter, I will investigate the robustness and accuracy of sensor arrays based on non-

selective optical sensors employing real world calibration methods to assess their suitability 

for the project by; 

a) Investigation of the robustness of using a multiparameter approach. 

b) Investigation of the systems robustness using unfiltered samples. 

c) Investigation of the effect of turbidity on the sensor’s accuracy. 

d) To establish whether absorbance values below 200 nm improved the accuracy of  

on-line monitoring systems. 

e) Determine the robustness of the method to deal with matrix variations. 

f) Determining if matrix recognition sensors (MRSs) can improve their predictive 

accuracy, by characterising changes in sample matrix conditions. 

 

These variables were evaluated using Chemical Oxygen Demand (COD), as it has been the 

most frequently published method that employs this technique
75,76,81,186

.  Additionally, the 

results can be more easily acquired than the standard BOD5 method
34,55

.  COD is a measure 

of the amount of oxygen required to mineralise organic matter to water and carbon 

dioxide
34,55,76,186,187

.  It is the industry preferred method for quantifying oxygen demand 

levels, as the standard method results can be acquired in to 2-4 hours, as opposed to 5 days 

when using the standard BOD5
34,55

 approach.  The method was evaluated on wastewater, as it 

is known to strongly absorb in the UV-region
75,76,77,188,189,190,191

.  The backpropagation neural 

network was employed for the multicomponent analysis of spectral absorbance patterns, as 

they have been the most successfully applied technique for analytical chemistry applications 
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55,75,79,82,148
.  The results obtained from the proposed method will be compared to a traditional 

univariate approach, which employs a linear regression model to process the data.  As the 

sensor array employs UV-Vis spectroscopy and ANNs they will be termed intelligent 

sensors, and in this study will be referred to as the UV-ANN technique.  

 

2.2  Experimental 

 

2.2.1 Reagents 

 

All chemicals used in this study were analytical reagent grade and all synthetic solutions and 

dilutions were prepared using deionised (Milli-Q) water, unless otherwise stated. Potassium 

hydrogen phthalate standard COD solution was prepared according to the APHA standard 

methods
34

. 

 

2.2.2 Sample Collection And Preparation 

 

In this study the UV-ANN method was evaluated using 3 types of wastewater samples.  The 

first two types of independent wastewaters samples evaluated were (A) domestic grey water 

effluent and (B) raw sewage effluent collected from a household dwelling in the Gold Coast 

region (Queensland, Australia), where the property is not connected to a council water 

system.  The third type of wastewater (C) used was raw sewage influent collected from the 

Coombabah wastewater treatment plant (WWTP), where an independent sample was 

collected every 6 hours over a 15 day period.  It should be noted that all real samples were 

collected and preserved prior to analysis in accordance with the EPA standard method
192

.  

Prior to analysis, samples were required to reach room temperature (20
o
C). 
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Domestic grey water and sewage water samples 

 

Firstly, each sample was coarse filtered with a 63m sieve to remove any large particulate 

matter. Grey water samples were diluted to a 1/8 dilution, conversely, the raw sewage 

effluent was diluted to a 1/32 dilution.  The sample was then divided in two: one half was 

analysed directly, while the other half was filtered through a 0.45m cellulose acetate filter 

membrane prior to analysis. For the benefit of the following discussion, these sub-samples 

are termed as ―unfiltered‖ and ―filtered‖ respectively. 

 

Raw Sewage Influent from Coombabah wastewater treatment plant 

 

Each sample was first homogenised and then divided in two: one half was diluted to a 1/2 

dilution for standard method COD analysis, while the other half was diluted to a 1/10 dilution 

for direct spectroscopic analysis. 

 

2.2.3 Standard COD Analysis 

 

The COD values of all samples were determined using the EPA standard method
192

.  The acid 

digest was conducted in a Merck TR 320 Spectroquat for 2 hours at 148
o
C.  The analysis of 

COD used Merck Cell Test 25-1500 mg/L COD and used dichromate as the oxidant.  After 

the sample was cooled to room temperature, it was then measured for COD using Merck 

NOVA 30 Spectroquant. The measured COD values were used for ANN training and as the 

reference to evaluate the predicted COD values by ANN analysis. 
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2.2.4 Turbidity Measurements 

 

The turbidity of each sample was measured to determine if the suspended solids in significant 

amounts caused light scattering and interference during UV-absorbance determinations
189

, 

which could affect the accuracy of COD values to be determined.  It was measured using an 

HACH 2100P Turbidimeter. 

 

2.2.5 Matrix Recognition Sensors 

 

It is well known that the predictive accuracy of optical sensors directly employed in real 

world measurement conditions, can be affected by matrix interferences.  Therefore pH and 

conductivity sensors were employed as MRSs to characterise the complex sample matrix in 

non-ideal measurement conditions.  The information was subsequently used to determine if 

the use of additional matrix information could improve the predictive accuracy of UV-ANN 

determined COD, by characterising changes in the matrix in non-ideal measurement 

conditions.  Conductivity was measured using a TPS conductivity meter (Model LC84) and 

conductivity sensor (Part # 122226 
ATC

K
1

  ) and pH was measured by a LO80A TPS 

probe, according to APHA standard methods
34

. 

 

2.2.6 ANN System And Training Analysis 

 

For each sample (both filtered and unfiltered), the UV-Vis spectrum was recorded from 190-

700 nm using a Shimadzu UV 1691 spectrophotometer in10 mm quartz cells.  Nevertheless 

only the data between the ranges of 190-350 nm were used as input data for ANN training.  

The spectra were recorded with 1 nm wavelength resolution at a medium speed.  
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In this study, the ANN was used to process the multiple wavelengths obtained from  

(i) 190-350 nm, (ii) 190-350 nm plus additional turbidity information, (iii) matrix sensor 

information and 200 – 350 nm.  In terms of pre-processing, the entire data set was rescaled 

between the values of 0 and 1 and divided into training and test sets.  A general guideline was 

followed to facilitate adequate training and testing of the ANN, where the test set was 

compiled to contain representative inputs of at least 10% of the size of the training set.  This 

ensured that the network could be presented with a representative number of UV-absorbance 

patterns during training and could also be tested with a sufficient number of ―unknown‖ 

sample input patterns. 

 

A multilayer perceptron using a resilient backpropagation algorithm was used, with a 

sigmoidal squashing function
84,168

 and consequently, all data sets were pre-processed to 

values between 0 and 1.  The ANN parameters were all kept constant, except for the number 

of hidden units, which were varied experimentally between 1 and 25.  Variable settings of the 

ANN are shown in Table 2.1 below.  The first parameter in the table defines the number of 

neurons in the hidden layer.  There are no specific guidelines for selecting the number of 

hidden units, in general however an ANN tends to generalise better when the number of 

hidden units is kept low.  The criterion for termination was a root mean square (RMS) error 

cut-off of 0.0001 or a maximum of 1500 iterations. 

 
Table 2.1  ANN Variables for training. 

 

Parameters Value 

Number of hidden units ≤ 25 

Number of hidden layers 1 

Number of iterations 1500 

Learning rate 0.2 

Momentum 0.2 
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The first component of the training pair represented the data inputs from the software sensor 

for each independent sample.  For example the data inputs for (i) were the wavelengths 

between 190-350 nm.  This was referred to as an ―ANN data input‖.  The second component 

of the training pair was the output value, also called the ―target value/output‖ (refer to Figure 

2.1).  In these experiments, the value used was the COD value, as determined by the standard 

method.  This component informed the network of the COD value that corresponded to the 

given sample data input, e.g. absorbance values from 190-350 nm. 
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Figure 2.1  Schematic view of multilayer neural network with a single hidden layer. 

 

 

2.2.7 Statistical Analyses 

 

To determine if the neural network models were accurate, they were validated with a test set, 

where unknown sample data inputs were provided to the models such that corresponding 

COD values could be determined.  The output of the models were compared to the standard 

method COD using a correlation analysis to characterise the trend and association between 

the two methods.  The slope and y-intercept of the principle axis of the correlation of the 

ellipse were also calculated for the UV-ANN analysis to establish if the UV-ANN method 
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was determining the same COD values as the standard method
193

.  If the two methods 

determined exactly the same values for the test set data input, then a slope of one and a y-

intercept of zero should be obtained, indicating y = x.  This was done in preference to a 

regression analysis, since regression assumes the x-values are measured with no or negligible 

error and the y-values are the dependent, normally distributed variables
193

.  This was not the 

case for the correlation between the multiwavelength derived values and the standard method 

values, as the COD standard dichromate method used as a measure of the ―true‖ COD value 

for the x-axis has an error of  15%
34

. 

 

For this research, if a correlation of above 0.90, slope and y-intercept between the ranges of 

0.90 to 1.10 and ±10, respectively, were obtained then the two methods were said to be very 

close at determining similar COD values. 

 

2.3 Results And Discussion 

 

The UV-ANN technique was trained with three types of wastewater samples.  As the UV-

ANN technique derives its information from non-selective optical sensors, a number of 

uncertain variables existed relating to how the accuracy of the multiwavelength technique is 

affected for the purpose of continuous, real-time, large-scale environmental water quality 

monitoring.  Hence, the robustness of the method was evaluated on the effects of using a 

multiparameter approach to indicate change, sample pre-treatment, turbidity, use of 

wavelengths below 200 nm and how the system was affected by matrix variation and signal 

drift.  The use of MRSs was also investigated to determine if they can improve the predictive 

accuracy of the method, by more effectively characterising changes in the sample matrix 

conditions.  This was carried out to evaluate the feasibility of employing non-selective optical 
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sensors for the development of autonomous, reliable intelligent on-line water quality 

monitoring systems. 

 

2.3.1  Effect Of ANN-Based Multiwavelength  

 

It has been highlighted in the literature that employing a mutliwavelength sensor array  is 

more effective than a traditional single wavelength approach for complex sample analysis, as 

the wavelength (λmax) suitable for correlation with a given water quality parameter will vary, 

depending on the matrix composition of the sample
75,76,183,188,190,191

.  Therefore it has been 

hypothesised in the literature that the multiwavelength approach is more accurate for complex 

sample analysis, as it is able to better characterise changes in λmax through multivariate non-

linear mapping  techniques, as it is relying on more than one sensor to indicate change
148,149

.  

However, there have been few published studies that have clearly demonstrated this 

advantage.  To establish the validity of this hypothesis, results obtained from the 

multiwavelength UV-ANN system were compared to those obtained by the traditional 

univariate approach to ascertain if the proposed technique was more accurate at analysing 

complex samples in situ.  

 

Figure 2.2 illustrates the typical spectral absorbance values from 190-350 nm used as data 

input in the UV-ANN approach, compared to data inputs employed when the traditional 

single wavelength is used.  The data inputs for the traditional analytical method are based on 

previous scientific studies that utilised linear regression models and the wavelengths a) 280 

nm, b) 270 nm and c) 254 nm
188,190,191

.  As can be seen, the absorbance patterns do increase 

with increasing concentration, but not in a linear, continuous fashion, as traditionally required 

using Beer’s law. 



102 

 

0

0.2

0.4

190 230 270 310 350

Wavelength (nm)

A
b

s
o

rb
a
n

c
e

40 mg COD/L

104 mg COD/L

172 mg COD/L

226 mg COD/L

284 mg COD/L

598 mg COD/L

254 nm

280 nm

 

Figure 2.2 Typical UV-Vis multiwavelength pattern compared to various single wavelength 

approaches. 

 

The semi-quantitative UV-Vis spectral absorbance pattern from 190-350 nm were input into a 

neural network, previously trained using 20 hidden units and 1500 iterations to quantitatively 

determine COD values.  The two measurement techniques were compared using four varied 

wastewater matrices, namely unfiltered and filtered grey water and sewage samples.  The 

COD results obtained from each method were compared with COD standard method results 

using a correlation analysis to determine the trend of association with the standard COD 

method. 

 

Statistical correlation results shown in Table 2.2 below indicated that the COD values 

obtained by the multiparameter approach (190-350 nm) were more highly correlated to the 

standard COD method, as R was closer to 1 in all cases.   
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Table 2.2  Results indicating comparison between univariate and multivariate wavelength 

approach. 

 

   Pearson’s           Correlation (R)   

Type of 

Wastewater 280 nm 270 nm 254 nm 190-350 nm 

Grey Water 

Unfiltered 0.55 0.602 0.666 0.962 

Grey Water 

Filtered 0.529 0.578 0.638 0.900 

Raw Sewage 

Unfiltered 0.409 0.389 0.38 0.726 

Raw Sewage 

Filtered 0.494 0.575 0.664 0.940 
 

For unfiltered  and filtered grey water effluent, as well as filtered sewage effluent, statistically 

significant correlations of above 0.90 (p < 0.000) were obtained, indicating the method was 

extremely well correlated with the standard COD method.  These test set samples were 

collected over a 4 month period, demonstrating that the multiwavelength approach is more 

suitable at characterising oxygen demand changes in complex aqueous samples than the 

single wavelength approach.  The results obtained for the traditional single wavelength 

approach were consistent with the literature
79,188,191,194

, which indicate that the absorbance at 

254 nm had the highest correlation with the COD standard method for measuring oxygen 

demand values in all aqueous matrices.  The results highlighted that the wavelengths 190-350 

nm can be employed for all sample matrices, eliminating the need for detailed statistical 

analyses to determine max values for each sample matrix. 

 

In conclusion, it has clearly been demonstrated that using a multiparameter sensing systems 

such as the multiwavelength UV-ANN approach is a more effective method for quantifying 

water quality changes, than when a univariate linear regression technique is employed that 

relies on one sensor input to indicate change. 
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2.3.2 Effect Of Sample Pre-Treatment 

 

Previous reported traditional linear approach methods documented that samples were 

required to be filtered before analysis, otherwise good correlations could not be  

found
81,152

, however uncertainty exists as to whether this was still required for a 

multiwavelength approach.  For example, some newly-available commercial technology, 

using the multiwavlength approach, informs the user that they can place the sensor in situ, 

without the need for sample pre-processing (i.e. S::Scan and STIP scan and InSpectra 

Analyser)
76

.  However, in order to validate the robustness of the multiwavelength technique, 

it was decided to investigate the ability of the technique to handle unfiltered samples, by 

comparing their accuracy with the traditional pre-processing step of filtering.  This is an 

important factor that needs to be determined, as the use of unfiltered samples could reduce 

sample preparation time and make it a more desirable tool for on-line, real-time analysis for 

large sensor networks. 

 

The multiwavelength technique was evaluated using grey water and raw sewage effluent for 

both unfiltered and filtered samples to determine if the multiwavelength technique is robust 

enough to handle unfiltered samples.  The method comparison of the multiwavelength 

technique with the standard COD method for unfiltered and filtered grey water are shown 

respectively in Figure 2.3 and Figure 2.4 below. 
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Figure 2.3  Correlation between COD standard method and UV-ANN derived COD values for 

unfiltered grey water.  ANN inputs: whole spectrum 190-350 nm; Hidden units used 

20; Training set 25; Test set 15. The dotted line represents the theoretical 

comparison line y = x. 
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Figure 2.4  Correlation between COD standard method and UV-ANN derived COD values for 

filtered grey water sampling.  ANN inputs: whole spectrum 190-350 nm; Hidden units 

used 20; Training set 25; Test set 15. The dotted line represents the theoretical 

comparison line y = x. 
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The COD data obtained by the multiwavelength technique for both unfiltered and filtered 

samples were tightly distributed around the dashed y = x line, indicating they lie close to the 

standard method COD values.  A significant correlation analysis of r being 0.962 (p = 0.000, 

n = 15), slope of 1.05 and y-intercept of -5.23 indicated that the standard COD method was 

highly correlated to the multiwavelength method, when unfiltered grey water was used as an 

ANN data input.  Similar results were also achieved when the UV-ANN technique was 

provided with filtered grey water as an ANN data input. A significant correlation of R being 

0.90 (p = 0.000, n = 15), slope of 0.98 and y-intercept of 0.43, also demonstrated that the 

predicted COD values were highly correlated and very close to the standard COD values. 

 

For unfiltered grey water samples, the turbidity levels of the samples ranged between 10.5  – 

138 NTU, with one sample having a turbidity value of 276 NTU, which was used for ANN 

training.  Conversely for filtered grey water, the turbidity levels of the samples ranged 

between 0.36 NTU and 59.5 NTU.  Overall, for grey water, the results indicated that 

unfiltered samples could be used, without the predictive accuracy of the ANN being 

diminished by the effects of turbidity. 

 

The multiwavelength technique was then evaluated using a more complicated and heterogeneous 

matrix of raw sewage effluent. Figures 2.5 and 2.6 show the method comparison between the 

standard COD method and multiwavelength COD for unfiltered and filtered raw sewage effluent 

test sets respectively.  Observations from Figures 2.5 and 2.6 indicate that when the ANN is 

trained on filtered samples, it tends to determine COD values closer to the standard COD, than 

the unfiltered samples (the data points for the filtered sewage samples lay closer to the dashed, y 

= x line). 
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When unfiltered sewage is provided to the ANN as data input, there was a larger relative error 

between predicted COD values and standard COD values, than when filtered sewage effluent is 

used as an ANN input.  Although a relatively low correlation, of R being 0.72 (p = 0.013, n = 

11), slope of 0.99 and y-intercept of 56.51, was found between standard COD values and 

multiwavelength COD values for the unfiltered test set, it was still found to be a statistically 

significant correlation.  Contrary to unfiltered test set results, when the ANN was trained on 

filtered raw sewage effluent, the UV-ANN predicted COD values were more highly correlated 

and closer to the standard method, as the correlation was 0.94 (p = 0.000, n = 11), slope was 1.06 

and a y –intercept of -7.47 (as illustrated in Figure 2.6).  
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Figure 2.5  Correlation between COD standard method and UV-ANN derived COD values for 

unfiltered sewage effluent.  ANN inputs: whole spectrum 190-350 nm; Hidden units 

used: 25; Training set 20; Test set 11. The dotted line represents the theoretical 

comparison line y = x. 
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The lower correlation observed for unfiltered sewage samples is probably attributed to the 

higher levels of turbidity associated with unfiltered sewage samples, as raw sewage samples 

with high COD values tended to have high turbidity values.  The turbidity ranges for 

unfiltered sewage effluent were between the range of 36.4 NTU and 1000 NTU, with most 

samples having turbidity below 800 NTU.  This is in comparison to the filtered sewage 

samples possessing the turbidity values of the samples that ranged between 1 and 101 NTU.  

A correlation analysis between turbidity data and COD data for unfiltered sewage effluent 

indicated that there was a statistically significant and positive correlation between the two, as 

R was 0.705 (n = 31, p = 0.000). 
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Figure 2.6  Correlation between COD standard method and UV-ANN derived COD values for 

filtered sewage effluent.  ANN inputs: whole spectrum 190-350 nm; Hidden units used 

20; Training set 20; Test set 11. The dotted line represents the theoretical 

comparison line y = x. 

 

This is not surprising given that an appreciable amount of organic matter remains in turbid 

particulate samples.  This could pose problems for the indirect, spectroscopic method used 
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for on-line monitoring, as it is required to operate in extreme and variable conditions. 

Therefore, for raw sewage effluent, significant, positive correlations were found between the 

multiwavelength technique and the standard COD method for the unfiltered samples, the 

ANN trained with filtered samples was much better at predicting standard COD values, as its 

correlation, slope and y-intercept were closer to the ideal values of 1, 1, and zero.  The results 

provide evidence that the robustness of the UV-ANN method is affected by turbid samples 

above 150 NTU.  Therefore, it is recommended that filtered samples be used in the 

multiparameter approach to predict COD values, or unfiltered samples with a turbidity value 

less than 150 NTU, similar to those of the grey water sample.  If samples have turbidity 

values higher than 150 NTU, it is recommended that samples be diluted, filtered or 

centrifuged to reduce turbidity levels, ensuring that while the monitoring technique is rapid, it 

is still accurate. 

 

2.3.3 Effect Of Additional Turbidity Information On A Multiwavelength Approach  

 

As highly turbid unfiltered sewage samples were found to produce significant errors between 

multiparameter predicted COD values and the standard method, it was decided to investigate 

if the multiwavelength technique could be improved by the addition of matrix information 

such as turbidity.  This is because a significant, positive correlation was found between turbid 

samples and COD values for unfiltered sewage samples.  If turbidity information could 

improve the accuracy of the technique, it could mean that unfiltered samples could still be 

used, despite turbidity levels being high.  In order to evaluate whether the addition of 

turbidity information (190-350 nm + turbidity information) could improve the ANN’s 

predictive accuracy, results were compared to those obtained when the ANN was trained 

solely on spectral absorbance patterns (190-350 nm). 
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Table 2.3 illustrates the results when the ANN was trained with additional turbidity 

information (190 -350 nm + turbidity information) and when it was trained on only spectral 

absorbance patterns (190-350 nm), for grey water and raw sewage effluent samples.  The 

results from this experiment indicated that the addition of turbidity information did not 

improve the ANN’s ability to predict standard COD values.  From the results obtained in 

Table 2.3, for filtered grey water and filtered raw sewage effluent, the correlations, slope and 

y-intercepts were closer to the ideal values of 1, 1 and zero when additional turbidity 

information was not provided to the ANN.  For unfiltered grey water, the correlation and 

slope were closer to the ideal correlation of 1 and y-intercept zero, when additional turbidity 

information was also not provided to the ANN as a data input.  However, for unfiltered raw 

sewage, the correlation slightly improved from 0.72 to 0.75.  The y-intercept also improved 

from 56.62 to -36.73 respectively.  Unfortunately, overall the addition of turbidity 

information to the UV-ANN input data did not improve its ability to predict standard COD 

values; in fact in most cases it reduced its accuracy. 

 

Table 2.3  Results of UV-ANN technique for determining standard method COD values when 

turbidity is and is not included as an ANN data input. 

 

Sample Hidden Units Turbidity R Slope Y-Intercept 

Unfiltered Grey Water 20 No 0.96 1.05 -5.23 

Unfiltered Grey Water 20 Yes 0.94 0.97 24.30 

Filtered Grey Water 20 No 0.90 0.98 0.43 

Filtered Grey Water 20 Yes 0.86 1.04 -5.36 

Unfiltered Raw Sewage 

Effluent 25 No 0.72 0.99 56.62 

Unfiltered Raw Sewage 

Effluent 25 Yes 0.75 1.10 -36.73 

Filtered Raw Sewage 

Effluent 20 No 0.94 1.06 -7.47 

Filtered Raw Sewage 

Effluent 20 Yes 0.94 1.31 -92.06 
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2.3.4 Effect Of Wavelength Range 

 

Despite the fact that many organic pollutants in wastewater absorb radiation with 

wavelengths below 200 nm
81

, it has been observed that the wavelength range from 200-350 

nm is commonly used in research and commercial instruments because of the general 

perception that strong absorption below 200 nm by water will conceal any useful 

information
75,76

.  It was hypothesised, that this additional information should enhance the 

predictive accuracy of the method, as most analytical techniques are used for the purpose of 

determining unknown concentration of analytes, which is directly related to the ratio of water 

to analyte in the sample.  To determine if the incorporation of absorption spectra below 200 

nm may provide additional information to ANN models enabling better prediction of water 

quality parameters e.g. COD values, a comparison of the results obtained using the spectra of 

190 to 350 nm with those obtained using the spectra of 200 to 350 nm was carried out.  The 

same ANN training parameters were used to ensure consistency except with different spectral 

absorbance patterns; the original 190-350 nm and the modified pattern 200-350 nm. 

 

Results shown in Table 2.4 indicate that in all cases the UV-ANN technique determined COD 

values closer to the standard method when the wavelengths below 200 nm were incorporated 

into the spectral absorbance pattern
149

.  This is because the correlations were closer to the 

ideal value of one, than when only the wavelengths 200-350 nm was used
149

.  The slopes and 

y-intercepts were also closer to the ideal values of one and zero respectively.  This data 

suggests that for implementation of a relatively simple and accurate on-line monitoring tool 

based on optical sensor inputs, the wavelengths from 190-200 nm should be incorporated into 

the spectral absorbance pattern
149

. 
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Table 2.4 Results when adding spectral information between the ranges of 190-200 nm on the 

predictive accuracy of the model. 

 

Spectral Absorbance 

Pattern Range Type of Wastewater R Slope Y-Intercept 

190- 350 nm Grey Water Unfiltered 0.96 1.05 -5.45 

 Grey Water Filtered 0.90 0.997 0.43 

 Raw Sewage Unfiltered 0.72 0.998 56.5 

 Raw Sewage Filtered 0.94 1.06 -8.19 

200 -350 nm Grey Water Unfiltered 0.83 1.18 -7.62 

 Grey Water Filtered 0.85 0.81 26.3 

 Raw Sewage Unfiltered 0.71 1.17 -107.6 

  Raw Sewage Filtered 0.78 1.73 -167.12 

 

 

2.3.5 Effect Of Matrix Variation 

 

The indirect, multiparameter wavelength UV-ANN approach has been successfully 

implemented for real sample analysis, as it employs a neural-based supervised learning 

technique developed by employing real examples at the monitoring site of interest.  However, 

literature studies have indicated that if the data inputs are not selected based on mathematical 

rigour or valid experimental analysis, the trained neural network models may only be valid in 

specialised matrix conditions, as the models are not developed based on finding true cause 

and effect relationships, which are universally applicable to all measurement conditions
83,177

.  

Hence, there is a tendency for these on-line monitoring systems to be prone to measurement 

errors if the sample matrix composition differs greatly to the training set sample matrix it was 

developed with.  It was therefore necessary to investigate the reliability of the method in 

variable measurement conditions under normal usage, to ascertain if the predictive accuracy 

of the ANN analytical measurement systems based on non-selective data inputs, was affected 

by major and minor deliberately introduced matrix variation
184

.  To determine its robustness 

to cope with large changes in sample matrix composition, it was evaluated on a large scale 
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wastewater treatment plant, where the matrix variations occur diurnally and seasonally.  The 

system’s ability to analyse samples that have had their matrix slightly altered by employing 

the conventional sample pre-treatment step of filtering was also be evaluated. 

 

2.3.4.1 Large-scale Wastewater Treatment Facility 

 

A primary requirement of all on-line monitoring systems’ is that they must be capable of 

functioning accurately in variable measurement conditions, otherwise they will not be 

suitable for large-scale monitoring applications.  To ascertain the suitability of the 

multiparameter approach based on non-selective data inputs and real world calibration, it was 

decided to investigate how the method performed for monitoring the oxygen demand levels 

of raw sewage influent at a wastewater treatment facility where the sample matrix was 

consistently changing on a diurnal basis.  Coombabah WWTP is the largest of four 

wastewater treatment facilities located within the Gold Coast region of South East 

Queensland, Australia and processes over 33 mega litres of wastewater a day.  The 

wastewater was more complex than the previous wastewaters the UV-ANN systems were 

initially evaluated against, as it treats wastewater from a variety of domestic, commercial and 

industrial sources in a region with an hydraulic design capacity for approximately 127 000 

equivalent persons. 

 

Sixty wastewater influent samples were collected from CWWTP over a period of 15 day 

period to evaluate the UV-ANN predictive accuracy when the sample matrix was varied 

considerably.  The samples were not filtered but diluted by 1/10 dilution factor, prior to direct 

spectroscopic analysis, this is because the turbidity of some samples ranged above 150 

NTU
149

.   Results from Figure 2.7 show the correlation analysis between the standard COD 
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method and the UV-ANN method and Figure 2.8 show compares how it follows the standard 

method trends over a time scale.  Although, a positive and significant correlation of R being 

0.762 (p = 0.000, n = 29) was obtained, it is substantially lower than the correlation obtained 

for domestic grey water and sewage effluent from the household dwelling in the Gold Coast, 

despite the training and testing sets being of similar size.  The slope and y-intercept were 

close to the ideal values of 1 and zero being 1.24 and -119.78 respectively.   
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Figure 2.7  Correlation between COD standard method and UV-ANN derived COD values for 

Coombabah wastewater treatment influent.  ANN inputs: whole spectrum 190-350 

nm; Hidden units used 3; Training set 31; Test set 29. The dotted line represents the 

theoretical comparison line y = x. 
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Figure 2.8 Evaluation of multiwavelength UV-ANN approach on Coombabah Wastewater 

Treatment Facility.  ANN inputs 190-350 nm; Hidden units 3; Training set 30; Test 

set 30. 

 

As this wastewater treatment facility is dealing with a variety wastewaters, the wavelengths 

suitable for correlation will be consistently varying.  This is evidenced by the relative 

standard error ranging between -28.5% and 26.5 % with 22 of them having a standard error 

between -14 % and 14%.  The lower correlation of 0.72 and y-intercept of -119.78 indicated 

that the method was not robust enough for real-time water quality monitoring, in extremely 

variable conditions, where accurate information is essential.  It should be noted that the error 

range of ± 14% is consistent to the APHA Standard method of  15%.  However, the 

advantage of the UV-ANN technique is that the results are acquired in a couple of minutes as 

opposed to 2-4 hours.  It is recommended in future studies that if this technique is employed 

for large-scale analysis, the training and test set should be sufficiently increased. 
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2.3.4.2 Minor and Major Deliberately Introduced Matrix Variation 

 

To appraise the robustness of the UV-ANN system to analyse samples that have had their 

matrix slightly modified by the conventional pre-treatment step of filtration, it was evaluated 

on two different wastewaters, namely grey water and raw sewage effluent.  Filtration of the 

samples will deliberately alter the sample matrix composition by changing the turbidity levels 

and particle size composition of the samples.  To evaluate its ability to cope with major 

deliberately introduced matrix variation, the trained UV-ANN method was evaluated on a 

sample matrix from a different monitoring site of interest.  It should be noted that all 

variables were kept consistent, apart from those parameters being investigated in order that 

the results could be compared.  The wavelengths from 190-350 nm were used as data inputs.  

 

Figure 2.9 shows the results obtained when filtered grey water was analysed by four different 

methods to determine COD values: the standard COD method (); a UV-ANN trained with 

filtered grey water samples (); a UV-ANN trained with unfiltered grey water samples () 

and a UV-ANN trained with filtered sewage samples (◊).  It was evident from the results that 

when the filtered grey water samples were analysed with a multivariate UV-ANN system that 

had been specifically trained with only unfiltered grey water samples (), the system was 

affected by minor variations such as turbidity.  This arises as the COD values obtained from 

the system were considerably lower than the standard method COD values (), despite its 

ability to follow the trend of the standard method.  Statistical analyses between the two 

methods further confirmed this observation, as a correlation of 0.82 (p<0.000, n = 15), slope 

of 0.71 and y-intercept of 13.76 was obtained, with the standard error ranging from 19.3% to 

-57.9%.   
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Figure 2.9 Shows the COD of filtered grey water samples determined by 4 different methods. 

 

When the system was evaluated with major matrix variation, filtered grey water samples were 

analysed with a UV-ANN system specifically trained for measuring filtered sewage effluent 

(◊). The COD values obtained from this system were considerably higher than the standard 

COD values (), as a statistically significant correlation of 0.562 (p = 0.028, n = 15), slope 

of 2.97 and y-intercept of -259.24 was obtained between the two methods. Once again, 

although the UV-ANN method could still follow the trend of the standard method, the 

analytical results indicated that the system had no capacity to adapt to new measurement 

environments that it had not been previously trained with, as the standard error ranged from -

50.5% to 233%.  Analytically valid results were only obtained when the UV-ANN system 

was trained with real examples of the problem in question (filtered grey water) (), as the 

UV-ANN derived COD values obtained were very closely correlated to the standard COD 

values (R was 0.900 (p < 0.000, n = 15), slope of 0.971 and y-intercept of 0.432, indicating y 

= x).  This shows that the UV-ANN technique has little ability to cope with major (or even 

minor) introduced matrix variation, unless the system was developed with them. 
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To further verify this observation, another study was conducted on filtered sewage samples. 

Initially, filtered raw sewage samples were analysed with a UV-ANN system specifically 

trained for unfiltered sewage samples (□) to ascertain its ability to handle minor matrix 

variations, as shown in Figure 2.10.  The derived COD values obtained were significantly 

higher than standard COD values (O), indicating there was a large relative error in UV-ANN 

based measurements.  A correlation of 0.332 (p = 0.319, n = 11), slope of 9.27 and y-

intercept of -2387 indicated the derived COD values were not significantly or highly 

correlated with the standard COD method.  This concluded once again that the proposed 

measurement system was affected by minor, deliberate matrix variations. 

 

 

Figure 2.10 Shows the COD values for filtered sewage effluent determined by four different 

methods. 

 

 

To ascertain the systems performance with respect to deliberate major introduced matrix 

variation, filtered sewage samples were subsequently analysed with a UV-ANN system that 

was trained with only filtered grey water samples (□).  It was evident from the results shown 
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in Figure 2.10 that the UV-ANN system once again had no ability to accurately predict the 

equivalent COD concentrations for filtered sewage samples, as the COD values obtained by 

the system were significantly lower than the standard method COD values (O).   

 

A statistically insignificant correlation of 0.404 (p = 0.218, n = 11), slope of 0.196 and y-

intercept of 65.9 further confirmed this observation, that the results derived from the UV-

ANN system were not similar to the standard COD values.  It should be noted when the UV-

ANN system was trained specifically with filtered sewage samples (), it was able to 

determine filtered sewage samples accurately, as a correlation of 0.940 (p < 0.000, n = 11), 

slope of 1.06 and y-intercept of -27.87 were similar to the standard COD values.  The results 

further demonstrated that the multiparameter system based on non-selective data inputs and 

real world calibration was only able to accurately predict COD values if it was trained with 

real examples at the monitoring site of interest. 

 

It was evident from this study, that an on-line monitoring system based on non-selective 

sensor data inputs and real world calibration do not function reliably in new measurement 

environments, with which the system had not been previously trained. The predictive 

accuracy of system was diminished significantly when minor and major deliberate changes 

were introduced to the sample matrix.  This demonstrates a lack of robustness in the method 

to manage matrix variation and arises, as the data inputs employed were not based on specific 

selectivity towards a target water quality parameter of interest.  Therefore, the intricate non-

linear and linear relationships developed were based on similarities in the sample matrix, and 

were only valid in specialised measurement conditions.  Overall, this data suggests that the 

multiparameter approach based on non-selective data inputs such as the UV-ANN approach 
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were not sufficiently robust to adapt to changing sample matrix conditions, as the analytical 

method has the inherent problem of being matrix dependent. 

 

Clearly, as emphasised by the results, this is an unsuitable method to implement for large-

scale water quality monitoring applications, where the aqueous environments are constantly 

changing in composition.  To overcome this inherent problem, it is recommended in future 

that a sensor is employed that has a degree of selectivity towards the target water quality 

parameter of interest, so that the intelligent software sensors have the potential to be 

universally applicable to all measurement conditions. 

 

2.3.6 Effects Of Additional Matrix Recognition Sensor Information 

 

To establish whether the UV-ANN technique could be made more accurate when operating in 

dynamic environmental conditions, it was hypothesised that MRSs could be added as 

additional hardware to the intelligent sensing system, in an attempt to better characterise 

changes in the sample matrix.  This is because it is well documented that matrix interferences 

can cause measurement errors in in situ analytical measurements due to the standards 

measured and samples analysed not being matrix compatible
36,37,59,71

.  The hypothesis was 

evaluated on a complex matrix of raw sewage effluent, as poor correlations were found 

between standard method COD values and those obtained by the UV-ANN technique in 

Figure 2.5.  It was hypothesised that if MRSs could be used to provide generic matrix 

information to help characterise how the non-selective sensors are affected by changes in the 

sample matrix composition, then the accuracy of the intelligent software sensor could be 

significantly improved for real sample analysis.  In this study, pH and conductivity sensors 
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were employed as MRSs to characterise the pH and ionic strength of raw sewage samples, as 

shown in Figure 2.11 below. 

 

 

 

 

 

 

 

 

 

 

 

 
Figure 2.11 Shows a schematic diagram of the proposed system that incorporates the matrix 

recognition sensor, as additional sensor inputs to the UV-ANN method. 

 

 

 

Figure 2.12    Shows the accuracy of the raw sewage effluent algorithm when it was provided with 

additional matrix information to characterise it e.g. pH and conductivity. 

 

The correlation analysis between the standard COD method and UV-ANN method when 

additional matrix information was provided to the ANN as data input, compared to when only 
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the spectral absorbance pattern is used is shown in Figure 2.12.  It was found that the addition 

of matrix information such as pH and conductivity did improve the correlation, slope and y-

intercept for unfiltered sewage effluent from 0.725 (p = 0.011, n = 11), 0.998, 56.51 to 0.85 

(p = 0.000, n = 11), 1.07 and 34.14 respectively.  It also was evident from Figure 2.12 that 

most of the data points employing the additional matrix information (○) lay closer to the y = 

x line than when only the spectral absorbance pattern was employed as data inputs.  The 

results indicated that the use of matrix recognition system is extremely important in 

developing on-line monitoring sensors, as they are able to characterise matrix deviations.  

Therefore the use of a generic matrix recognition system shows promise in being able to 

improve relative errors in in situ measurements by being able to characterise how non-

selective responses are affected in situ by matrix changes. 

 

2.4 Conclusions 

 

An investigation was conducted to determine the robustness and accuracy of using a 

multiparameter approach based on non-selective data and semi quantitative data inputs for 

developing more reliable and cost-effective on-line water quality monitoring sensors.  This 

was essential to determine if a multiparameter approach was more suitable for characterising 

and measuring concentration changes in real world environments, by relying on more than 

one sensor to indicate change.  The study also evaluated how the multiparameter approach 

based on non-selective data inputs is affected by sample pre-treatment, turbidity information, 

wavelengths below 200 nm and sample matrix variation.   

 

The investigation revealed the multiparameter UV-ANN method was found to operate 

accurately at determining COD in non-ideal measurement conditions without sample pre-
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treatment, as long as the turbidity levels of the samples were below 150 NTU.  If the turbidity 

levels were found to exceed that limit, it is recommended that the samples are filtered, diluted 

or centrifuged to ensure analytically valid results can be obtained.  The results also highlight 

that the multiparameter wavelength approach eliminates the need for detailed statistical 

analyses to determine max for each sample matrix, as the UV-ANN derived COD values in 

all cases were more highly correlated with the standard method. 

 

Although, sample turbidity was an issue that affected the accuracy and reliability of the 

method in non-ideal measurement conditions, it was also found in the study that the addition 

of turbidity information to the ANN input vector did not improve its accuracy; in fact its 

accuracy was diminished.  It was, however established in the study that the incorporation of 

wavelengths below 200 nm did significantly improve the UV-ANNs accuracy in determining 

COD values in a variety of measurement conditions.  This insight suggests that the 

wavelengths between 190-200 nm should be incorporated, when developing on-line water 

monitoring systems based on optical sensor arrays. 

 

In regards to the robustness and applicability of the measurement principle for large-scale on-

line water monitoring applications, studies concluded that the UV-ANN method was 

extremely sensitive to matrix variations.  This is because large relative errors were found 

between the standard COD method and UV-ANN when the matrix was modified slightly by 

filtering or when the sample matrix was variable like at Coombabah wastewater treatment 

plant or when the monitoring site of interest was changed.  As a consequence the trained UV-

ANN models based on non-selective sensor arrays and real world calibration were only valid 

in specialised matrix conditions, otherwise analytically valid measurements could not be 

obtained.  This is mainly attributed to the fact that the information provided to the ANN has 
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no degree of selectivity and hence, the models are developed through establishing special 

intricate cause and effect relationships between the data input information, water matrix 

composition and desired water quality parameter of interest.  Therefore it is very difficult to 

develop a generic model that is suitable in a wide range of measurement conditions, unless 

the sensor array employed has a degree of selectivity towards the target analyte.  In essence 

this makes the UV-ANN method extremely unsuitable for quantitative real-time, water 

quality monitoring purposes, where the environment is constantly changing.  However, it 

does show that this is an excellent tool for on-line process control, where only qualitative 

information is required. 

 

Interestingly, it was determined that the addition of MRSs did improve the intelligent 

sensor’s ability to determine unknown concentrations in non-ideal measurement conditions of 

complex sewage samples.  This is a very positive outcome, as it shows the ability of MRSs 

sensors to be used to characterise complex sample matrix conditions, without sample pre-

treatment being required.  However, since the UV-ANN method is based on indirect 

relationships, with no degree of specific selectivity, the intelligent sensors based on this type 

of information will always be matrix independent and not suitable for large-scale water 

quality monitoring purposes.  This type of method would suit monitoring applications where 

the sample matrix is fairly consistent, such as an industrial process application. 

 

In conclusion, intelligent sensors based on non-selective sensor information and real world 

calibration are not economically viable for the long-term deployment in a variety of 

geographic locations, as its accuracy is strongly affected by variation in the composition of 

the matrix.  This problem arises because there is a lack of specificity in the data inputs, which 

makes the technique highly matrix dependent and only valid for specific geographic locations 
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that the system has been trained with.  An alternative approach to overcome the matrix 

dependency issues is to apply the concept of MRSs concept to a selective sensor, as they are 

known to respond to a specific target analytes under ideal measurement conditions. 

 

Clearly, as evidenced by this study, a new measurement principle is required for field based 

in situ measurements.  This principle must be adaptable to environmental conditions, 

irrespective of its matrix composition.  Therefore, it is suggested that the application of a 

multiparameter approach that encompasses matrix recognition sensors in conjunction with a 

selective sensor may be required to develop an on-line monitoring system and method that is 

universally applicable in all measurement environments to overcome the inherent flaw of 

requiring strictly defined measurement environments. 
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Chapter 3 

 

Application of Matrix Recognition System to 

Selective Sensors For Real-time, Environmental 

Monitoring  
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3.1 Introduction 

 

As demonstrated in Chapter 2, the addition of Matrix Recognition Sensors (MRSs) did 

improve the performance of the intelligent software sensors in that they were able to 

determine unknown COD sample concentrations, in non-ideal measurement conditions 

without conventional sample pre-treatment or ideal measurement conditions being required.  

However, the investigation concluded that multiparameter on-line monitoring systems based 

on non-selective inputs and real world calibration were not suitable for continuous 

monitoring applications in a wide variety of measurement environments, due to their limited 

selectivity towards the target analyte of interest.  Therefore it was decided to investigate 

whether a set of in situ MRSs sensors could be combined with other sensing systems e.g. 

sensors, possessing a high degree of selectivity such as Ion-Selective electrodes (ISEs).  It 

was hypothesised that this modification would improve the sensor capabilities to acquire 

continuous accurate, on-line and in situ measurements in uncontrolled measurement 

conditions. 

 

Sensors that are inherently selective to their target analytes offer numerous advantages over 

non-selective sensor inputs.  They are capable of providing quantitative information about a 

target analyte of interest, in most water matrices, as long as the measurements are made with 

equal care, in the laboratory, under well controlled physicochemical conditions
3,5,19,36

.  There 

have been a number of on-line monitoring instruments based on selective sensors developed 

for water quality monitoring purposes in recent 

years
9,11,13,41,195

,
3,5,7,8,9,10,11,19,23,29,38,41,54,61,196,197

; some examples being on-line monitoring 

systems for fluoride ions
8,197

, sodium ions
11

, hydrogen ions (pH)
41

, ammonia
44

 and 

ammonium
7
 with these analyers being based on ISE technology.  Other on-line sensors have 
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been based on optical detection principles such as systems for the detection of nitrate ions
9
 

and ammonia
7
 and free chlorine

10
 which employ colourimetric techniques or specific 

wavelength selective analysis. 

 

However, despite their ability to acquire continuous, real-time data, the widespread 

application of these systems in the field has been limited, mainly due to their inability to 

reliably obtain accurate, cost-effective water quality data
1,2,3,5,19,61

.  This problem arises as the 

majority of these selective sensor systems are simply direct adaptations of traditional, 

laboratory-based analytical methods
5,7,8,10,11,13,16,36,41

, that were not originally designed for 

continuous environmental monitoring applications.  As a consequence, the analytical 

responses are often affected by cross-responses from interferences in the sample matrix, as 

the operating environment is no longer strictly controlled. It has been well documented in the 

literature that there are significant economic and logistics costs associated with maintaining 

this equipment
1,3,5,19,38,61

.  It often suffers from more problems than laboratory-based methods 

due to the extreme and variable nature of the measurement environment.  This is due to the 

fact that it requires frequent calibration with standard reagents, regular maintenance and 

consumes large quantities of chemical reagents such as buffers to try and maintain its 

calibrated status and obtain reliable measurements
3,5,19,57,198

.  These problems alone make 

them unreliable for real-time water quality and control, where rapid, accurate information is 

essential. 

 

These problems are illustrated below (Figure 3.1).  Under ideal measurement conditions, the 

analytical signal of the selective sensor responds to the change in analyte concentration in a 

linear and reproducible fashion.  Therefore, the method can be calibrated easily using a 

limited number of calibration points.  However, when the measurement conditions are 
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different from ideal (e.g. the pH or temperature is not controlled), like in the natural 

environment, the analytical relationship between the selective sensor response and 

concentration often deviates from a linear relationship.  Once this occurs, the conventional 

method of calibration becomes insufficient and ineffective.  As a result, the analytical method 

becomes invalid for field based monitoring, unless the method is calibrated with an infinite 

number of calibration points, which is practically impossible. 

 
 

 

 

 

 

Figure 3.1 Illustration of how a traditional laboratory-based method responds to a change in 

concentration in ideal and non-ideal conditions. 

 

 

Despite these drawbacks, if an alternative method can be developed that is capable of 

enabling a selective sensor to function in non-ideal measurement conditions, then the 

applicability of most conventional sensing systems could potentially be extended for in situ 

use.  In this chapter, I investigate if a selective sensor could be made to function accurately in 

situ without the inherent need to maintain strictly controlled measurement conditions by 

A
n

a
ly

ti
ca

l 
R

es
p
o

n
se

 

Target Analyte Concentration (ppm) 

 

 

 

Deviations caused primarily 

by matrix changes 

Under ideal measurement conditions 

Under non- ideal measurement conditions 



130 

 

employing a set of in situ matrix recognition sensors.  It was hypothesised that if a set of in 

situ MRSs sensors could employed to characterise the sample matrix deviations (), it could 

enable analytical measurements valid to be obtained non-ideal measurement conditions, by 

enabling the selective ion sensor to intelligently ―correct‖ its response to changing sample 

matrix conditions. 

 

The proposed method will be demonstrated on an ISE, as in theory, they are ideal sensing 

probes for on-site, in situ monitoring applications
199

.  As the sensors have a partially selective 

membrane, the activity of the target (primary) ion in solution can be determined utilising 

Nernst equation 3.1
63,64,85,200

.  Providing the required physicochemical measurement 

conditions are maintained (such as pH and ionic strength), these sensors are generally capable 

of obtaining an accuracy of  2-3%. 

 

LogA
nF

RT
EE 








 303.20   Nernst Equation  Equation 3.1 

E = Cell Potential (V) 

0E = Reference Electrode (half cell) 

R = Gas constant 

T = Absolute Temperature (K) 

n = charge of ion with sign 

F = Faraday Constant 

LogA= Activity of measured ions 

 

Unfortunately, in practice their widespread application is limited for on-line analysis.  Direct 

deployment in real-world environments means that such sensors are unavoidably exposed to a 

wide range of measurement conditions.  Consequently, the sensor’s accuracy can be affected 

by the following: 

 Major interference ions.  
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 Ionic strength of the solution, which can reduce the measured activity relative to the 

true concentration. 

 Temperature. 

 

These factors can cause non-Nerstian responses that may lead to measurement errors
200

.  

Although the Nikolski – Eiseman Equation can be employed to improve the accuracy of the 

sensors, it has been well documented that the equation is not applicable when the primary and 

interfering ions significantly contribute to the analytical response
200

.  This is because as the 

sample matrix becomes more complicated, the selectivity coefficient (Kij) of the primary ion 

(i) will vary with the concentration of interfering ions (j) present in the sample matrix.  It will 

then require more complex equations to characterise the mixture of major and minor 

interference ions in the sample matrix.  This makes it impractical to identify and measure for 

all the ions present in an unknown sample matrix and hence, determine the true selectivity 

coefficient, as the interferences will change the response slope (RT/(ziF)) with respect to the 

primary ion depending on the sample matrix composition. 

 

Due to low purchases costs, component embodiment, as well as relatively rapid response and 

degree of selectivity, it would be desirable to overcome the inherent problems associated to 

make the sensors such as ISE’s, to make the sensors more suitable for continuous real-time 

water quality monitoring applications. 

 

The aims of this chapter can be summarised thus; 

a) Describe the characterisation of ISE based systems in non-ideal measurement 

conditions. 
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b) Demonstrate that it is possible to remove matrix interferences from the selective 

response in situ using a set of MRSs to obtain a net analytical response. 

c) Determine if the net analytical response obtained in non-ideal measurement 

conditions can be quantified to an equivalent concentration. 

d) Ascertain if quantitative measurements can be acquired without the inherent need to 

maintain strictly controlled measurement conditions. 

e) Determine if the proposed technique is capable of responding to dynamic non-ideal 

measurement conditions. 

 

Initial studies were demonstrated on a fluoride ion ISE as it is the one of the most stable 

electrodes currently available.  The fluoride ion electrode is affected by interference from 

hydroxide (OH
-
) ions.  This causes positive measurement errors if pH is > 5.5.  In addition if 

the pH is < 4, the analytical response can again be altered due to complex ion formation and a 

variable ionic strength.  Outlined below is the multiparameter approach using a set of MRSs 

that will be used to collect information regarding the sample matrix composition in non-ideal 

measurement conditions.  A backpropagation neural network will be used to intelligently 

teach the selective sensor, how to correct its response to non-ideal measurement conditions, 

based on the information obtained for the MRSs array. 

 

3.2 Experimental 

 

3.2.1 Reagents 

 

All chemicals used in this study were analytical reagent grade and all synthetic solutions and 

dilutions were prepared using deionised (Milli-Q) water, unless otherwise stated.  Sodium 
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fluoride (NaF) oven dried (at 105
o
C for 2 hours) and cooled in a desiccators prior to use was 

used to prepare fluoride standards.  Other reagents used without further pre-treatment were 

sodium chloride (99%, Chem-Supply), acetic acid (99.7%, Biolab (Aust) Ltd) and sodium 

citrate (99%, Sigma-Aldrich). 

 

3.2.2 Sample Preparation And Experimental Design 

 

In this study two types of sample matrices were used to evaluate the proposed hypothesis, 

namely Milli-Q water and potable tap water from Griffith University, Gold Coast Campus, 

Australia.  The potable tap water used was obtained from the Molendinar water treatment 

facility located on the Gold Coast.  For each type of matrix five samples were measured each 

day with the following concentrations of fluoride, 1 ppm , 10 ppm , 20 ppm , 40 ppm,  

100 ppm in both ideal and non-ideal measurement conditions, with four replicate analysis 

being performed.  The ideal measurement conditions refer to when the measurements were 

conducted according to APHA 4500 –F (C) standard method
34

.  This method involved adding 

total ionic strength adjustment buffer (TISAB) at a ratio of 1:1 with the sample
34

, ensuring 

that the pH of samples ranged between 5 to 5.5 to maintain fluoride in its free ion form.  In 

addition the ionic strength buffer was used to ensure there was a constant ionic background in 

each sample, in order that the rate of change (RT/(ziF)) would be consistently linear in 

fashion
34

.  Non-ideal conditions refer to when no TISAB was added to the samples, meaning 

that the pH and ionic strength of the samples could vary changing the slope RT/(ziF).  The 

temperature remained constant at 25
o
C for all measurements performed in both non-ideal and 

ideal conditions, to removing the thermodynamic effects that affect the reference electrode 

and slope (RT/nF)
16,34,200

.  Samples were measured in ideal and non-ideal conditions over a 
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period of 4 days to obtain appropriate replication to ascertain if the observe variation in the 

fluoride response was solely attributed to sample matrix variations. 

 

3.2.3 Selective Sensor  

 

The selective ISE employed for this experiment was a fluoride electrode from Orion (Model 

94-09,96-09) attached to a NICO 2000 LTP 18 channel monitor.  Measurements conducted in 

ideal conditions, were implemented according to APHA standard fluoride method 4500 F- 

(c)
34

, at 25
o
C.  Measurements in non-ideal conditions were measured without pH adjustment 

and TISAB. 

 

3.2.4  Matrix Recognition Sensors 

 

The MRSs were employed to determine if a set of in situ MRSs could be used to eliminate 

matrix interferences from the selective sensor response, negating the need for sample pre-

treatment and strictly controlled measurement conditions. The MRSs used were pH and 

conductivity.  These matrix sensor inputs were selected as the fluoride ISE is affected by both 

pH and ionic strength in non-ideal measurement conditions
34

.  A Sentek pH sensor attached 

to a NICO 2000 LTP 18 channel monitor was used to measure pH.  A TPS Conductivity cell 

(Part 122226 
ATC

k
1

 ) and a TPS (Model LC84) meter were used to record matrix 

information in relation to the ionic strength of the sample.   

 

3.2.5 Sample Measurement And Data Acquisition 
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Prior to sample analysis a blank measurement was recorded at the commencement of each 

day.  This was preformed to normalise samples measured on different days for subsequent 

ANN analysis, as the selective sensor response over time typically changes due to 

instrumental variation and signal drift.  The pH and conductivity were calibrated each day 

according to APHA standard methods
34

.  The pH and conductivity was measured for each 

sample in both non-ideal and ideal conditions, prior to being measured with the fluoride ISE.  

All measurements were recorded when the signals obtained on the meter had been stable for 

2 minutes to ensure that equilibrium had been established at the membrane surface. 

 

3.2.6 ANN Architecture And Training Method Employed 

 

3.2.6.1 Eliminating Matrix Interferences From Selective Sensor Response  

 

In these experiments, a backpropagation neural network employing a supervised learning 

technique was implemented, to determine if a set of in situ MRSs could be used to teach the 

selective sensor to intelligently eliminate matrix interferences from its raw response, when 

the measurement conditions are not controlled.  This was achieved by providing the ANN 

with additional matrix information, obtained from MRSs to characterise a changing sample 

matrix (denoted by symbol δ), that effect the selective sensor response in non-ideal 

measurement environments.  Once trained, the neural network should be able to characterise 

deviations and remove matrix interferences from the selective sensor raw response in ―real‖ 

non-ideal conditions, and so produce an analytical response equivalent to when 100% of the 

cations or anions are free in solution.  This will be referred to as the ―net analytical response‖ 

which is defined as the equivalent response when only the target analyte and Milli-Q water 
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are present in the sample. Figure 3.2 below, shows a schematic diagram of the proposed 

method described. 
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Figure 3.2 Schematic diagram illustrating the proposed ANN method employed in this chapter. 

 

The MRS information (pH and conductivity measurements), in conjunction with the fluoride 

ISE and blank measurement in non-ideal conditions were used as input data to the ANN.  The 

selective sensor response obtained in ideal measurement conditions were used as the output 

data or ―target values‖ for training and evaluation purposes.  A sigmoidal squashing function 

was used to train the multilayer perceptron using the backpropogation algorithm with one 

hidden layer
168

.  As a sigmoidal squashing function was employed, all data inputs and outputs 

were pre-processed by rescaling the data inputs between the values of zero and one.  The data 

set was subsequently divided into training and testing sets.  The data set was divided in such a 

way that the test set consisted of at least 20% of the entire data set.  This ensured that the 

network could be presented with a representative number of training data pairs and evaluated 
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with a sufficient number of ―unknown‖ sample inputs.  For the Milli-Q matrix, a training set 

of 13 and test set of 5 was employed as two of the 20 samples measured were contaminated.  

For the tap water matrix a training set of 12 samples and test set of 5 samples was employed.  

The learning rate and momentum were kept constant at value of 0.2 respectively to reduce the 

chances of obtaining a local minimum within the search space.  The hidden units and 

iterations were modified during the training process to find the optimum neural network 

configuration.  The criterion for termination was a root mean square (RMS) error cut-off of 

0.001 or a maximum of 1500 iterations.  The variable settings for the ANN are shown in 

Table 3.1. 

Table 3.1  ANN training parameters used in these experiments. 

 

Parameters Value 

Number of hidden units  25

Number of hidden layers 1 

Number of iterations 250-1500 

Learning rate 0.2 

Momentum  0.2 

Criterion for termination 
RSM error 0.0001 or 1500 

iterations 

 

To determine whether the ANN was able to eliminate matrix interferences from the selective 

sensor response, the method was validated with a test set.  In the validation process only test 

set data inputs (MRSs, selective sensor information and blank measurement) were provided 

to the trained neural network.  A schematic diagram of the ANN configuration and data 

inputs employed to undertake this experiment is shown in Figure 3.3 below. From these 

inputs, it ideally should output the equivalent net analytical response (selective response in 

ideal measurement conditions). 



138 

 

 

 

 

 

Figure 3.3 Schematic diagram of neural network employed for matrix elimination using 3 hidden 

units. 

 

The outputs of the trained neural networks were then compared to the ideal target outputs 

(obtained according to the standard methods
34

), using a correlation analysis to characterise 

the trend of association between the two methods
201

.  The slope and y-intercept of the 

principal axis of the correlation ellipse was calculated to determine if y = x
193

.  If the two 

methods determined similar values, then ideally the correlation, slope and y-intercept should 

be one, one and zero respectively. 

 

3.2.6.2  Quantification of Net Analytical Response 

 

A second neural network was used to quantify the net analytical response into an equivalent 

concentration, as shown in Figure 3.4.  In this experiment a backpropagation neural network, 

employing both a supervised learning technique and a sigmoidal squashing function was also 

used.  The input data for both training and testing sets was the net analytical response (output 

from trained neural network shown in Figure 3.3) and blank for the day.  The ―target output 

values‖ used for ANN training and test set evaluation were the theoretical fluoride ion 

concentrations.  The same ANN training parameters used in Table 3.2 were employed to find 

the optimum neural network configuration for the specific computational task.  To determine 
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the most appropriate neural network configuration, the trained neural networks were 

evaluated using training and test set output data.  The output data obtained was statistically 

compared to the theoretical fluoride concentration for each sample, using a correlation 

analysis and slope and y-intercept of the principal axis of the correlation of the ellipse was 

calculated to establish if y = x.  If the proposed method produced a correlation, slope and y-

intercept close to the ideal values of one, one and zero respectively, the method was deemed 

capable of producing quantitative measurements in non-ideal measurement conditions.  

 

 

 

 

 

Figure 3.4 Schematic diagram of neural network employed for quantification of net analytical 

response measured in non-ideal measurement conditions using 3 hidden units. 

 

 

3.3 Results And Discussion 

 

It was hypothesised that a selective sensor could be made to function accurately in non-ideal 

measurement conditions by simply employing a set of matrix recognition sensors to 

characterise the sample matrix deviations ().  The method was demonstrated on a fluoride 

ISE using three types of matrices; Milli-Q, potable tap water and a combination (Milli-Q and 

potable tap water).  This chapter examines the effects of non-ideal conditions on a fluoride 
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ISE.  It will also ascertain if a set of in situ MRSs can be used to eliminate matrix 

interferences from the selective sensor response in non-ideal measurement conditions to 

obtain the net analytical response.  The investigation will also estipulate if it possible to 

quantify the net analytical response to an equivalent concentration, negating the need for 

sample pre-treatment and strictly controlled measurement conditions.  The robustness of the 

proposed technique will also be investigated by evaluating its ability to function in variable 

sample matrix conditions. 

 

3.3.1 Effects Of Non-Ideal Conditions Of A Fluoride ISE 

 

In order to investigate the effects of matrix interferences on a selective sensor response, in 

non-ideal measurement conditions, a fluoride ion ISE was measured in Milli-Q water and 

potable tap water in both ideal (with TISAB) and non-ideal (without TISAB) measurement 

conditions.  TISAB was added at 1:1 ratio for standard method analysis
34

 (ideal conditions) to 

ensure the ionic strength of both the samples and standards were identically matrix 

compatible, so that the ions move at a constant rate across the crystalline membrane of the 

sensor to obtain reproducible and analytically valid measurements.  This also ensured that the 

pH of the samples was adjusted to between 5 and 5.5 to ensure no interferences from 

hydrogen fluoride (HF) or hydroxide ion (OH
-
) formation

34
. 

 

The results from the fluoride ISE when it is measured in both ideal and non-ideal 

measurement conditions in both potable tap water and Milli-Q water, at varying fluoride ion 

concentrations is shown below in Figure 3.5.  The data indicates that in ideal measurement 

conditions, the fluoride response is consistent and reproducible for each concentration, even 

though the sample matrices are different.  However, when the fluoride ion electrode is 
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measured in non-ideal conditions, the selective sensor response varies considerably between 

the tap water samples and Milli-Q water samples with the same concentration.  This result 

illustrates how variations in the sample composition, can alter the selectivity coefficient and 

hence, sensor response- especially when measurement conditions are not controlled. 
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Figure 3.5 Shows the raw response of the fluoride ISE under varying matrix conditions in ideal 

and non-ideal measurement conditions.(  ) Tap water non-ideal;()  Tap water ideal; 

(  )Milli-Q ideal; (  ) Milli-Q non-ideal. 

 

 

The characteristics of the two matrix types, with respect to pH and conductivity are illustrated 

in Table 3.2.  When changes in pH occur, it alters the presence and percentage of HF or OH
-
 

interferences within the sample matrix
34

.  Conductivity on the other hand is used to represent 

the variation in ionic strength of the sample and where changes in conductivity occur, it alters 

the rate at which ions migrate across the crystalline membrane surface of the sensor, affecting 

the potential voltage measurements and slope. 
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Table 3.2 Comparison of matrix characteristics for a fluoride ISE measured in ideal an 

  non-ideal measurement conditions over a varying concentration range. 
 

   Ideal Conditions Non-ideal Conditions 

Water Matrice 
F- Concentration 

(ppm) pH Conductivity (mS) pH 

Conductivity 

(S) 

Milli-Q 0 5.08 522 5.49 0 

Milli-Q 1 5.08 523 5.57 0.64 

Milli-Q 10 5.07 527 6.16 0.68 

Milli-Q 20 5.08 526 5.9 13.1 

Milli-Q 40 5.10 525 6.08 22.8 

Milli-Q 100 5.28 526 4.84 62.7 

Tap Water 0 5.31 522 7.8 1880 

Tap Water 1 5.31 524 7.87 1820 

Tap Water 10 5.31 524 7.94 1840 

Tap Water 20 5.31 524 7.89 1880 

Tap Water 40 5.31 523 7.87 1900 

Tap Water 100 5.31 524 7.92 2120 

 

 

3.3.2 Application Of MRSs To Fluoride ISE In Non-Ideal Conditions  

 

It was previously observed in Section 3.3.1 that matrix variations can significantly alter the 

fluoride ISE response in non-ideal conditions.  It was therefore decided to investigate if a set 

MRSs could be employed to enable a selective sensor to function accurately in non-ideal 

measurement conditions, negating the need for sample pre-treatment such as buffers and 

strictly controlled measurement conditions.  It was hypothesised, that if changes in the 

sample matrix composition that caused deviations from the traditional linear response could 

be characterised by using a set of MRSs in conjunction with ANNs, then a selective sensor 

could be potentially be deployed in the field for continuous in situ monitoring applications.  

Essentially, the selective sensor should be able to intelligently respond to its environment, by 
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eliminating matrix effects () that cause deviation from the raw analytical response to obtain 

the net analytical response (equivalent to when measurements are preformed in ideal 

conditions), as previously illustrated in Figure 3.2. 

 

The method was once again evaluated on two different matrices namely; Milli-Q water and 

potable tap water. All measurements were conducted at 25
o
C according to remove the 

thermodynamic effects. 

 

3.3.2.1   Milli-Q Matrix 

 

The method was first evaluated on a simple matrix of sodium fluoride (NF) and Milli-Q 

water.  Figure 3.6 illustrates the first set of results obtained.  It demonstrates that the ANN 

had the capability of learning how to eliminate matrix deviations from the selective sensor 

raw response using in situ MRSs to produce the net analytical response.  This is because the 

training outputs were tightly distributed around the y = x axis.  Statistical analyses further 

evidence this, as a significant correlation of 0.998 (p = 0.000, n = 13), slope of 1.00, y-

intercept of -0.570 were obtained. 
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Figure 3.6 Correlation between ideal fluoride response and matrix correction derived fluoride 

response for Milli-Q matrix training data. ANN inputs: 4; Hidden Units 10; Training 

set 13; Iterations 400.  The dotted line represents the theoretical comparison line y = 

x. 
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Figure 3.7  Correlation between ideal fluoride response and matrix corrected derived fluoride 

response for Milli-Q matrix test set data. ANN inputs: 4; Hidden Units 15; Training 

set 13;Test set 5; Iterations 400.  The dotted line represents the theoretical 

comparison line y = x. 
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The optimal trained neural network configuration was obtained when 15 hidden units and 400 

iterations were used.  The trained neural network was further validated with a test set to 

determine if was capable of correcting the selective sensor raw response of unknown samples 

to matrix interferences that it was not previously trained with, as illustrated in Figure 3.7. 

 

Figure 3.7 shows the correlation analysis between the matrix corrected responses measured in 

non-ideal conditions and the response of the fluoride electrode measured in ideal conditions.  

The results indicated the method worked well at correcting matrix deviations from the 

selective sensor responses in non-ideal conditions, as a slope of 0.916 and correlation of 

0.985 (p = 0.000, n = 5) was obtained, which was very close to the ideal values (of one and 

one respectively). 

 

However, the y-intercept was higher than zero, being 12.13, indicating there is some error in 

the measurements.  Overall this experiment did demonstrate the feasibility of employing a set 

of in situ MRSs to correct deviations in the selective sensor response in non-ideal conditions. 

 

3.3.2.2  Tap Water Matrix 

 

The proposed technique was further investigated on a more complex sample matrix, namely 

tap water.  Tap water has a higher and more variable ionic strength compared to Milli-Q 

water, in addition to having a more basic pH.  The results illustrated in Figure 3.8 also 

indicated that it was capable to teach ANN effectively to eliminate matrix interference from 

the raw sensor fluoride ion response in non-ideal measurement conditions, by using a set of 

MRSs.  A high and significant correlation of 0.998 (p = 0.000, n = 12), slope of 0.996 and y –

intercept of 0.487 was obtained between training output and training ―target‖ output values.  
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The optimal neural network configuration was obtained when 10 hidden units and 500 

iterations was employed.   

 

0

25

50

75

100

125

150

175

200

225

0 25 50 75 100 125 150 175 200 225

Ideal Measurement Response (mV)

M
a

tr
ix

 C
o

rr
e

c
ti

o
n

 R
e

s
p

o
n

s
e

 (
m

V
)

R = 0.998 (p = 0.000, n = 12)

Slope = 0.996

Y-intercept = 0.487

 

Figure 3.8 Correlation between ideal fluoride response and matrix correction derived fluoride 

response for tap water matrix training data. ANN inputs: 4; Hidden units 10; 

Training set 12; Iterations 500.  The dotted line represents the theoretical 

comparison line y = x. 

 

To evaluate the trained ANN’s ability to generalise and determine the net analytical response 

of unknown samples, a test set was employed.  Figure 3.9 below shows the results obtained 

for the test set.  A significant and high correlation of 0.949 (p = 0.014, n = 5), slope of 1.11 

and y-intercept of -7.72 was obtained, with most of the data tightly distributed around the y = 

x-axis.  Data point (135, 172) did deviate from the ideal response.  This outlier could be 

attributed to the fact that the training set was very limited and was not able to provide the 

ANN with sufficient examples of the problem in question.  When this data point was 

removed the slope and correlation both improved to one and the y-intercept was lowered to -

1.15, indicating the two methods were almost in unity.  Once again, these results indicated 
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the proposed method worked well at eliminating matrix interferences from the fluoride ion 

ISE raw response in uncontrolled conditions, negating the need for sample pre-treatment or 

strictly controlled physiochemical conditions. 
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Figure 3.9  Correlation between ideal fluoride response and matrix corrected derived  

fluoride response for tap water  matrix training data. ANN inputs: 4; Hidden units 

10; Training set 12; Test set 5; Iterations 500.  The dotted line represents the 

theoretical comparison line y = x. 

 

3.3.3  Quantification Of Net Analytical Response 

 

The results outlined above in Section 3.3.2 indicated it was possible to correct matrix 

deviation from selective sensor response in non-ideal measurement conditions to produce a 

net analytical response by employing a set of MRSs.  However, for an on-line water 

monitoring system to serve it purpose, it should be capable of acquiring analytical valid 

responses in non-ideal measurement conditions.  Hence, in this section it was necessary to 

investigate whether the net analytical responses are capable of being quantified to an 
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equivalent concentration for real-time in situ water quality monitoring applications.  This 

involved using a hierarchical neural network configuration, where the net analytical response 

output from the trained neural networks in Section 3.3.2, were used as data input for another 

neural network (as shown in Figure 3.4).  This should enable us to teach the ANN how to 

convert the net analytical response back to an equivalent fluoride ion concentration.  The 

variables used as data inputs for ANN training and testing were the net analytical response 

and the day it was measured.  This was done to normalise the analytical responses of data 

measured on different days. 

 

3.3.2.1 Milli-Q Matrix 

 

Figures 3.10 and 3.11 illustrate the results of the second trained ANN used to quantify the 

matrix corrected (net analytical response) fluoride ion sensor response to an equivalent 

concentration.  These results were obtained using a neural network configuration consisting 

of 750 iterations and 5 hidden units.  Results from Figure 3.10 revealed that the ANN was 

trained adequately, as a positive correlation of 0.993 (p = 0.000, n = 13), slope of 0.986 and 

y-intercept of 1.06 was acquired, indicating the output of the trained ANN was comparable to 

the theoretical concentrations employed as target value outputs for ANN training. 

 

To further validate its ability to generalise, a test set was applied to the same trained neural 

network to evaluate if the proposed technique was capable of quantitative measurements.  

The results of this investigation are shown in Figure 3.11.  The output values obtained by the 

proposed method were distributed near the y = x, with some deviating away from it. 

However, statistical analyses indicated a positive, significant correlation of 0.994 (p = 0.000, 

n = 5), slope of 1.12 and y-intercept of -4.34 was obtained validating y = x.   
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Figure 3.10  Correlation between theoretical fluoride concentration and ANN derived 

concentration for Milli- Q water training data. ANN inputs: 2; Hidden units 5; 

Training set 13; Iterations 750.  The dotted line represents the theoretical 

comparison line y = x. 
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Figure 3.11  Correlation between theoretical fluoride concentration and ANN derived 

concentration for Milli- Q water test set data. ANN inputs: 2; Hidden units 5; 

Training set 13; Test set 5; Iterations 750.  The dotted line represents the theoretical 

comparison line y = x. 
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Overall the results demonstrated that it was possible to obtain quantitative analytical 

measurement, in uncontrolled measurement conditions employing the proposed technique. 

 

3.3.3.2  Potable Tap Water Matrix 

 

The proposed technique outlined in Section 3.2.6.2, was subsequently applied to the potable 

tap water matrix to further validate if it was possible to quantify the net analytical response to 

an equivalent concentration, in non-ideal measurement conditions.  Figures 3.12 and 3.13 

show the evaluations of training and test set data when a neural network configuration of 10 

hidden units and 500 iteration was employed.   
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Figure 3.12  Correlation between theoretical fluoride concentration and ANN derived 

concentration for tap water training data. ANN inputs: 2; Hidden units 10; Training 

set 12; Iterations 500.  The dotted line represents the theoretical comparison line y = 

x. 
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A positive, significant correlation of 0.996 (p = 0.000, n = 12), slope of 1.00 and y-intercept 

of -0.454 was achieved when the training set was evaluated, indicating that it was capable of 

learning how to quantify the net analytical response.  It was evident that for similar 

concentrations measured on different days (e.g. 100 ppm) there seemed to be some variation 

around the y = x line, indicating potential sources of error in the measurements.  However, 

the general trend of the results indicated that the trained ANN could be taught to quantify the 

net analytical response obtained from fluoride ion ISE in potable tap water, when the 

measurement conditions were not controlled. 
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Figure 3.13  Correlation between theoretical fluoride concentration and ANN derived 

concentration for tap water training data. ANN inputs: 2; Hidden units 10; Training 

set 12; Test set 5; Iterations 500.  The dotted line represents the theoretical 

comparison line y = x. 

 

When the same trained neural network was evaluated with the test set data (as shown in 

Figure 3.13), it was evident that the method did not perform as accurately at quantifying the 

net analytical response.  The output values for the unknown samples seemed to vary 

considerably around the y = x line, despite a significant correlation of 0.975 (p = 0.004, n = 



152 

 

5), slope 1.05 and y-intercept of -0.860.  This may have been attributed to the limited number 

of training pairs used for training.  However, it should be noted that the net analytical 

response did increase with increasing fluoride concentration for the potable tap water, despite 

being measured in non-ideal conditions. 

 

Overall, the results did indicate that it was feasible to obtain quantitative analytical 

measurements in uncontrolled conditions, by employing a set of MRSs.  

  

3.3.4 Effects Of Dynamic Matrix Conditions 

 

As evidenced by the literature review, for on-line monitoring systems to serve their purpose, 

they must be sufficiently robust to cope in a variety of measurement conditions, whilst still 

being capable of quantitative measurements.  Therefore, it was necessary to ascertain the 

proposed techniques robustness, by demonstrating if was feasible to instruct a neural network 

to eliminate matrix interferences from the selective sensor response, when the sample matrix 

conditions were consistently changing.  This hypothesis was demonstrated once again on a 

fluoride ion ISE.  In this experiment the ANN was trained with both Milli-Q water and 

potable tap water together.  The training and test set now increased to 25 and 10 respectively 

and the results of the experiments are shown in Figures 3.14 and 3.15. 

 

Figure 3.14 illustrates the results of the training set evaluation, which were achieved when a 

neural network configuration of 3 hidden units, 500 iterations was employed.  From 

observation, the data points were tightly distributed along the y = x line indicating it was 

possible to intelligently teach the fluoride ion ISE how to respond in situ to dynamic 

measurement conditions.  The statistical analyses further validated this observation, as it 
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indicated the ANN was capable of learning how to remove matrix interferences from its raw 

analytical response in dynamic, uncontrolled measurement environments, as a high, 

significant correlation of 0.994 (p = 0.000, n = 25), slope of 0.995 and y-intercept of 0.681 

was obtained. 
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Figure 3.14  Correlation between ideal fluoride response and matrix correction derived fluoride      

response for mixture of tap water and Milli- Q water training data. ANN inputs: 4; 

Hidden units 3; Training set 25;Test set 10; Iterations 500.  The dotted line 

represents the theoretical comparison line y = x. 

 

To further validate the method, it was evaluated on test set data shown in Figure 3.15.  A very 

high and significant correlation of 0.998 (p = 0.000, n = 10), slope of 0.975 and y-intercept of 

3.42 was obtained indicating the two methods were producing the similar mV response.  

However, the values on the y-axis were obtained in non-ideal measurement conditions, whilst 

the values on the x-axis were obtained when the measurement conditions were strictly 

controlled.  Surprisingly the data point that was an outlier in Figure 3.9 was distributed 

closely to y = x line, when inputted into a trained neural networked developed with both 

Milli-Q water and tap water. 
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Figure 3.15  Correlation between ideal fluoride response and matrix correction derived fluoride 

  response for mixture of tap water and Milli- Q water training data. ANN inputs:4;  

Hidden units 3; Training set 25; Iterations 500.  The dotted line represents the 

theoretical comparison line y = x. 

 

This suggested that for the data shown in Figure 3.9, the ANN was trained with a limited 

number of training pairs and on increasing the training set from 12 to 25 pairs improved the 

ANN’s ability to generalise and correct the matrix deviations from the raw response.  

Therefore, these results highlight the feasibility of the proposed method to remove matrix 

interferences from the raw response in situ, irrespective of non-ideal sample matrix 

conditions. 

 

Although the method did not perform accurately at converting the net analytical response to 

an equivalent concentration for potable tap water, it was decided to investigate the ability of 

the system to quantify concentrations in changing sample matrix conditions, by combining 

potable tap water and Milli-Q data samples together.  It was hypothesised that increasing the 
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training set of the ANN, will improve its ability to quantify the net analytical response of 

potable tap water samples. 
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Figure 3.16  Correlation between theoretical fluoride concentration and ANN derived 

concentration for a mixture of potable tap water and Milli-Q water training data. 

ANN inputs: 2; Hidden units 20; Training set 25; Test set 10; Iterations 500.  The 

dotted line represents the theoretical comparison line y = x. 

 

Results from the training set data shown in Figure 3.16, indicate that the ANN was capable of 

being trained to quantifying fluoride ion concentrations from the net analytical responses 

obtained in Figure 3.14, as a significant correlation of 0.993 (p = 0.000, n = 25), slope of 

0.991 and y-intercept of 0.268.  This indicated there was a strong association between the two 

methods.  These results were achieved employing a neural network configuration of 20 

hidden units and 500 iterations.  However, the data points of similar concentrations, measured 

on different days did display some variance around the y = x line, indicating some error in the 

measurement.  This could be attributed to signal drift, instrumental variation, the training 

technique employed and/or the training set being quite limited in size. 
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Figure 3.17  Correlation between theoretical fluoride concentration and ANN derived 

concentration for a mixture of potable tap water and Milli-Q water test data. ANN 

inputs: 2; Hidden units 20; Training set 25; Test set 10; Iterations 500.  The dotted 

line represents the theoretical comparison line y = x. 

 

The method was further validated with a test set to investigate its robustness at quantifying 

the net analytical response when the sample matrix was dynamic.  Figure 3.17 shows the 

same neural network configuration evaluated with the test set data.  The data points obtained 

for the test set data were closer to the y = x line, than when the system was only developed 

with Milli-Q or tap water.  This highlighted the methods robustness, as it was capable of 

quantifying the net analytical response measured in non-ideal conditions, irrespective of 

sample matrix conditions.  This was further evidenced by a correlation of 0.981 (p = 0.000, n 

= 10), slope of 0.887 and y-intercept of 0.791.  There was considerable error in the response 

for one sample of 100 ppm fluoride, coordinates (100, 76).  However, the results suggested 

that the trained ANN had enough flexibility in the weighting configurations to quantify the 

concentrations of unknown fluoride samples, measured in non-ideal conditions with a 

reasonable degree of accuracy, for which it was not previously trained.  This is because seven 
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out of the 10 samples analysed had a relative standard error between -21.7 and 13.4%.  These 

encouraging results indicated that the proposed technique may actually have the ability to 

learn true cause and effect relationships between the analyte, sensor response and 

environment and that these responses may be generically applicable to all measurement 

conditions. 

 

This preliminary study has indicated that the proposed method was capable of quantifying the 

net analytical response of measurements in a dynamic range of measurement conditions, 

without the inherent need for strictly controlled measurement conditions or conventional 

sample pre-treatment.  More interesting was the ability to obtain quantitative measurements 

without conventional daily calibration, suggesting that potentially selective sensors can be 

used in non-ideal conditions without the inherent need to ensure its calibrated status with 

conventional standard reagents. This will be further investigated in Chapter 4. 

 

3.4 Conclusion 

 

The results from Chapter 3 demonstrated that the selective sensor response will vary 

considerably if measurements are preformed under non-ideal conditions.  Research evidence 

has shown that it is has been extremely difficult to develop one highly selective sensor, that 

function accurately and reliably in all measurement conditions.  Interestingly, the outcomes 

from this research study suggest sensor selectivity in non-ideal measurements environments 

can be improved.  This can be achieved by removing the cross-responses caused by matrix 

interferences from the raw response mathematically, by employing a set of in situ MRSs.  

These results clearly concluded that matrix interferences (denoted by δ) could be 

characterised and corrected from the selective sensor raw response caused by non-ideal 
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measurement conditions by simply employing a set of MRSs. Employment a set of in situ 

MRSs, negated the need for costly and timely sample pre-treatment.  The net analytical 

response in most cases was found to be equivalent to the analytical response obtained when 

ideal measurement were maintained. 

 

The results also highlighted that it was possible to quantify the net analytical response 

obtained in non-ideal measurement conditions, to an equivalent concentration despite the 

measurement conditions varying in composition (between tap water and Milli-Q water).  

These findings contradict conventional thinking, which maintains analytical measurements 

must be made with equal care under strictly controlled measurement conditions.  It was also 

of great interest to note, from the results obtained that proposed method was able to quantify 

the analytical response into an equivalent concentration without conventional calibration or 

standard reagents being required.  Instead pure water was measured once a day to realign the 

selective sensor to characterise for signal drift.  The results further suggest that a 

multiparameter sensing system employing a set of MRSs in conjunction with a global 

reference point and ANN could be used to environmentally configure selective sensors, so 

that they are capable of continuously responding to their environments in situ negating the 

need for sample pre-treatment, conventional calibration and the inherent need to maintain 

strictly controlled measurement conditions.  Ideally for this to occur, systems should be 

developed with synthetic samples rather than using real samples to avoid the system 

developed becoming matrix specific.  This would allow the system to intelligently learn how 

the selective sensor responses are affected by collective matrix interferences.  This will be 

required in order that the system developed can be generically applicable in all measurement 

conditions.  This concept will be explored in Chapter 4. 
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Chapter 4  

 

A New Analytical Method For Continuous  

On-line Water Quality Monitoring in 

Uncontrolled Measurement Environments  
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4.1 Introduction 

 

To enable sensors (including on-line systems) to function with greater simplicity, accuracy 

and sensitivity in complex sample matrices, scientists have gone to great efforts over two 

decades to develop and synthesise more selective membranes
109,111,115

 and overcome the 

inherent problems associated with on-line sensor performance, such as simplifying 

calibration
5,38

, reducing sample pre-treatment
65,67,69

, or improving reagent stability
57

 and 

consumption
3,15,19

.  So far this has mainly been achieved through the miniaturisation and 

automation of traditional bench processes.  However, although these methods are 

advantageous in terms of reagent consumption, it has been difficult to develop one entirely 

selective sensor that can operate reliably in a diversified range of uncontrolled measurement 

conditions in situ
4,5,19,109

.  

 

 Interestingly, in Chapter 3 it was demonstrated that it was possible to increase the sensitivity 

of a selective sensor in non-ideal measurement conditions, by simply employing a set of in 

situ MRSs and processing the data obtained with an ANN.  Even more exciting was the 

ability to determine quantitative measurements from a selective sensor without the inherent 

need for to maintain strictly controlled measurement conditions and the traditional calibration 

step with standard reagents.  The results suggested that we may not need to develop more 

selective sensors to obtain functional, in situ systems, instead we should change the method 

in which we calibrate the sensors for continuous on-line measurements, in order that they are 

applicable for monitoring in non-ideal real-world environments.  This arises as the majority 

of quantitative on-line water quality monitoring techniques currently employed, are based on 

traditional analytical laboratory methods.  Consequently, they require the use of specific 

standard reagents to convert the measured analytical signals to equivalent concentrations, so 
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called ―calibration function‖.  The methods are based on well-defined quantitative 

relationships existing between the analytical signal and the analyte concentration, as they 

employ a univariate calibration function, based on empirical data
36,37

.  Conventionally these 

relationships are only valid under consistently controlled physicochemical measurement 

conditions, when linear vectors can be obtained.  Consequently, in natural environments, 

quantitative analytical methods based on this measurement principle have had difficulty in 

characterising complex linear and non-linear interactions between the selective sensor, 

analyte and its measurement environment when measurement conditions are not well 

controlled.  This is primarily because these methods were not originally designed for field 

based or continuous monitoring applications.  Hence, it would be of great technological 

advancement and practical benefit if the applicability of existing selective sensing probes 

could be extended for direct in situ measurement in a wide range of measurement conditions, 

without the inherent need for strictly controlled measurement environments, reagents or 

sample pre-treatment. 

 

In this Chapter a new analytical method was designed specifically for the purpose of 

continuous monitoring in non-ideal measurement conditions, such as the natural environment. 

The proposed method aims to environmentally configure a traditional laboratory-based sensor 

so that it is capable of acquiring autonomous, in situ quantitative measurements in dynamic, 

uncontrolled real-world conditions. The foundation of the proposed measurement principle 

(shown in Figure 4.1), is based on two main hypotheses. Firstly, that matrix interferences are 

primarily responsible for the differences between the non-ideal responses of the selective 

sensor in uncontrolled real world measurement conditions and its ideal response when 

measurements are made with equal care under controlled physiochemical conditions, termed 

the extent of deviation () (when the measurement is fixed in time).  Secondly, that a 
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selective sensor should respond to a set of prescribed non-ideal measurement conditions in a 

known and reproducible fashion, as long as the analytical response is fixed in time.  

Therefore it is proposed that if the extent of deviation () can be characterised and corrected 

for by i) a set of in situ Matrix Recognition Sensors (MRSs) and ii) the rate of signal drift 

with respect to time for all selective sensors and MRSs can be characterised by a global 

reference solution of deionised water, it should make the quantitative relationship of the 

selective sensors valid in non-ideal measurement conditions over time.  Hence, eliminating 

the need for strictly controlled measurement environments, sample pre-treatment, reagents or 

continuous calibration, as the sensors should be capable of autonomously and intelligently 

responding to their environments in situ. 

 

To characterise the complex non-linear and linear interactions () between the selective 

sensor and its measurement environment and to overcome signal drift, it is hypothesised that 

an Artificial Neural Network (ANN) could be successfully used to collectively process the 

information obtained from the matrix recognition and selective sensor information.  This 

technology provides scientists with the opportunity to monitor more complex linear and non-

linear observations between the target analyte and its environment, which has, to date, been 

limited by 18
th

 century mathematical processing techniques
83,202

.  The appeal of ANNs are 

that they have the ability to model both complex linear and non-linear relationships from a 

number of variables, detect outliers and generalise from previous experiences.  Therefore, if  

they can be used as a data processing tool in conjunction with the MRSs, they should enable 

the selective sensor to intelligently learn, i.e. to discover the real cause and effect 

relationships between the chemoselective sensor signal and these collective matrix 

interferences in uncontrolled measurement environments. This combination should then 
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allow us to derive general predictive environmental calibration models that are valid in 

dynamic ―real-world‖ environments.   

Selective sensors

response

(uncontrolled conditions)

Matrix recognition sensors

response

(uncontrolled conditions)

Global reference 

standard

Raw signal 

collection and data 

processing

Matrix deviation 

correction

Global reference  

point

Quantitative

measures in 

uncontrolled conditions

Concentration



Ideal response in 

controlled conditions

Non-ideal response in 

uncontrolled conditions

Matrix 

deviations



A
n

a
ly

ti
ca

l 
re

sp
o
n

se

 

Figure 4.1.   Schematic diagram illustrates the proposed measurement principle. A selective 

sensor is defined as a sensor that is capable of selectively responding to a change in 

target analyte concentration under ideal conditions. Matrix Recognition Sensors 

(MRSs) are defined as sensors that are capable of acquiring physicochemical matrix 

information, consisting of primary sensors and secondary sensors. Primary sensors 

are insensitive to chemical environmental change (e.g. temperature sensors), and are 

capable of providing information required for environmentally configuring the 

secondary and selective sensors. Secondary sensors are in situ sensors, capable of 

representing other matrix characteristics, and can be simultaneously  

calibrated/configured in situ using the data obtained from primary sensors and other 

secondary sensors, without human intervention (e.g. conductivity, pH, redox 

potential, turbidity and in situ spectroscopic probes). Global reference solution refers 

to deionised water, which is used to set up the global reference measurement point 

for all sensors, compensating for signal drift. Ideal conditions refer to the strictly 

defined measurement conditions required by a selective sensor and all other 

measurement conditions are referred to as non-ideal conditions. 
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An analytical system configured in such a fashion, should be naturally adaptive to 

uncontrolled environmental conditions and require no calibration standards, reagents, sample 

pre-treatment. 

 

To enable the in situ sensing system to autonomously adapt to environmental conditions for 

prolonged periods of time it is of paramount importance that the inherent problems associated 

with signal drift be surmounted. Traditionally, signal drift in chemometric models has been a 

difficult process to overcome, especially if the predictive models are based on collective 

sensor inputs, which are fixed in time and space in a higher dimensional search space
83

.  As 

signal drift can be equated to the movement of a point along an axis with respect to time, it is 

hypothesised that a global reference solution of deionised water could be used to enable the 

environmental calibration model to still be valid over time.  Deionised water is proposed as a 

global reference solution, as it is the essential base to all aqueous environments and should be 

a suitable stable solution for long term deployment to characterise the signal drift and obtain 

the global reference point to realign all MRSs and selective sensors to the environmentally 

calibrated software. 

 

A multiparameter sensing approach as shown in Figure 4.1 will be employed that combines 

two types of sensors, namely a selective sensor and MRSs.  A selective sensor is defined as a 

sensor that is capable of selectively responding to the target analyte.  They are capable of 

providing quantitative or semi-quantitative information with a certain degree of selectivity, 

provided strictly controlled measurement conditions are maintained.  Matrix recognition 

sensors (MRSs) are defined as sensors that are capable of acquiring physicochemical 

information pertaining to the sample matrix, consisting of primary and secondary sensors.  

Primary sensors are defined as sensors that are insensitive to the chemical environmental 
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change (i.e. temperature sensors) and are already capable of performing quantitative, in situ 

measurements.  These sensors are very stable and have a very low drift when used in the 

environment.  They are capable of providing information to environmentally configure 

secondary and selective sensors.  Secondary sensors are defined as sensors that are capable of 

representing the characteristics of the matrix and can be simultaneously operated in situ using 

the data obtained from primary sensors and other secondary sensors through environmental 

calibration/configuration, without human intervention (i.e. conductivity, pH, and in situ 

spectroscopic probes).  The analytical signal obtained from these primary and secondary 

sensors can be processed using an ANN to give primary information on the physical and 

chemical characteristics of the sample matrix.  For example, using a pH sensor will enable 

the on-line sensor to determine what form of the ion is present in the solution.  It should be 

noted that MRSs can also include optical sensors and other physicochemical sensors such as 

oxidation/reduction potential, dissolved oxygen and turbidity sensing systems.  However, the 

selection of appropriate MRSs will depend on the selectivity and known interferences of the 

selective sensor employed. 

 

The aims of this chapter are to demonstrate the proposed new analytical method using ion-

selective electrodes (ISE).  Three fluoride ISE are measured on-line, in real-time, using flow 

cells and a sample delivery system.  The selective sensors will be environmentally configured 

in the laboratory using a set of synthetic samples that replicate Australian freshwater 

conditions.  The method is subsequently validated on synthetic, as well as real samples.  The 

results section cover the following areas: 

a) Optimization of flow cells conditions. 

b) Validation of proposed method on synthetic samples. 

c) Validation of proposed method on real samples. 
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d) Ability of system to maintain its calibrated status for prolonged time period. 

e) Validation of global reference point. 

f) Validation of Matrix Recognition Sensors. 

 

4.2 Experimental 

 

4.2.1 Reagents 

 

All chemicals used in this study were analytical reagent grade and all synthetic solutions and 

dilutions were prepared using deionised (Milli-Q) water, unless otherwise stated.  Sodium 

fluoride (NaF) (99%, Chem-Supply) was prepared for synthetic fluoride samples that was 

previously dried in the oven at 105
o
C for 2 hours and subsequently cooled in a desiccator.  

Other reagents used in this experiment without further pre-treatment were sodium chloride 

(99%, Chem-Supply), acetic acid (99.7%, Biolab (Aust) Ltd), sodium citrate (99%, Sigma-

Aldrich), calcium chloride (93%, Chem-Supply), magnesium sulfate (99%, Chem-Supply), 

sodium hydroxide (99%, Chem-Supply), nitric acid (69.0-70.0%, J.T Backer). 

 

4.2.2 Selective Sensor 

 

To demonstrate the environmental calibration method three fluoride selective sensors were 

used.  One fluoride was from Orion (Model 94-09,96-09) and the other two fluoride 

electrodes were from Jiangsu Electroanalytical Company (pF 401).  The electrodes were 

connected to an on-line electrochemical unit, which was a NICO 2000 LTP 18 Channel 

Monitor (ELIT). 
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4.2.3 Matrix Recognition Sensors 

 

To environmentally configure the fluoride ISE for direct in situ analysis, they were coupled 

to MRSs that monitored temperature, pH sensor, conductivity sensor in real-time.  As Nernst 

Equation
203

 equation is well known to be affected by thermodynamic conditions, temperature 

correction was necessary as it directly affects the slope of both fluoride ion and pH sensing 

responses, as well as influencing the conductivity sensing response.  Conductivity and pH 

sensors were selected as MRSs to collectively characterise matrix effects of a sample, such as 

ionic strength and characterising interference ions/complexes such as HF
 
and OH

-34
 .  This is 

needed as the majority of significant matrix significant species effecting the fluoride ISE are 

inorganic ions
34,65,203

.  A Sentek pH sensor attached to a NICO 2000 LTP 18 Channel 

Monitor was used to measure pH.  A TPS conductivity cell (Part 122226 
ATC

k
1

 ) and a 

TPS (Model LC84) Meter were used to collect matrix information in relation to the ionic 

strength of the sample.  A stainless steel thermistor connected to a NICO 2000 LTP 18 

channel monitor was used to record the temperature of the samples. 

 

4.2.4 Development Of Synthetic Matrix For Environmental Calibration/Configuration 

 

To configure a selective sensor so that it is capable of autonomously and accurately 

responding in situ to non-ideal sample matrix conditions, a calibration set of synthetic 

―environmental like‖ samples were used to teach the fluoride ion ISE how its response is 

affected by changing sample matrix conditions, when measurement conditions are not 

controlled. 
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An environmental calibration set of 50 synthetic samples that collectively encompassed 

Australian surface water conditions pertaining to ionic strength, pH and temperature was 

employed to develop a suitable training and testing set.  For each synthetic sample, the ionic 

strength, pH, temperature and fluoride level was determined by a randomised experimental 

design.  This was done to enable the sensor to ―intelligently learn‖, i.e to discover the real 

non-linear and linear cause and effect relationships between the chemoselective sensor signal 

and these collective matrix interferences (δ) to a given set of uncontrolled measurement 

conditions.  

 

To vary the ionic strength of the synthetic samples, which will in turn affect the conductivity 

measurement, a number of ions (cations and anions) that are found typically in natural 

aquatic environments were added to test solutions (using recorded minimum and maximum 

ranges).  The selection of synthetic chemicals used will depend on the type of aqueous 

environments the user will require the selective sensor to function in situ in e.g. surface 

water, ground water or sea water.  The ions used to replicate conductivity were NaCl (Na
+
 0-

180 mg/L), MgSO4 (Mg
2+

 0-150 mg/L) and CaCl2 (Ca
2+

 0-500 mg/L).  The synthetic samples 

also contained interference ions of the selective sensors, in a range of concentrations that are 

found in aqueous environments, as well as the target analyte of interest.  As the fluoride ion 

ISE suffers from hydroxide interferences above pH 5.5 and hydrogen fluoride complexes 

below pH 4, these interferences will be accounted for by adjusting the pH between various 

ranges of 4 to 10 
34

.  The flow rate of the test solution over the sensor was optimised, such 

that the pH of the samples could be adjusted simply by the addition of 0.01 M NaOH and 

0.01 M HNO3 using a peristaltic pump.  The temperature of each sample was adjusted by 

using a Thermoline Water Bath between the range of 5
o
C and 45

o
C and measurements were 

not taken until the samples had reached thermal equilibrium.  This ensured that the selective 
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sensor response in non-ideal measurement conditions could be monitored and recorded for 

subsequent environmental configuration.  As the sensors were being measured in non-ideal 

measurement conditions, a non-equilibrium based measurement approach was employed 

using a specified time period.  Three replicate samples of each synthetic matrix sample were 

analysed. 

 

4.2.5 Collection Of Real Samples 

 

To validate that the proposed analytical method was capable of acquiring quantitative 

measurements in situ in uncontrolled measurement environments, a total of 35 samples from 

various geographic regions of Australia were collected and analysed.  Table 4.1 shows the 

geographic sample location and type of sample obtained. A mixture of raw surface, river, 

treated and bore water was analysed.  To determine the fluoride concentration for each 

unknown sample collected, it was measured three times by both the proposed method and the 

―Standard Fluoride‖ method
34

. 

 

4.2.6 Standard Fluoride Analysis 

 

The APHA Standard Fluoride Method 4500 F- (c)
34

 was used to measure the real samples to 

validate the ECS (Environmentally Configured System) method against a internationally 

employed standard method.  Three replicate measurements were obtained for each sample 

measured, with the average value being used as the ―true value‖ for statistical method 

comparisons.  A Jiangsu fluoride electrode was employed that was connected to an on-line, 

electrochemical unit (a NICO 2000 LTP 18 channel monitor), which was connected to a PC 

using an RS232 capable to obtain the measurements using customised in-house software.  
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Each measurement was only recorded once the electrode response had been stable for two 

minutes, indicating that equilibrium had been established. 

 

Table 4.1 Shows the geographic location of real samples used for method validation. 

 
Sample 
Number State 

Location  
(number of Samples) Type of Water 

1 VIC  Chadstone  Treated Tap 

2 VIC Bentely East  Treated Tap 

3 VIC  St Kilda East  Treated Tap 

4 VIC Melbourne CBD  Treated Tap 

5 VIC St Kilda West  Treated Tap 

6 NT Timber Creek  Treated Tap 

7 NT Timber Creek Fogarty's  Treated Tap 

8 NT Timber Creek Tank Outlet  Treated Tap 

9 NT Peko Rd Treated Tap 

10 NT Haddock St Treated Tap 

11 NT Collect Tank Treated Tap 

12 WA Curtin University  Treated Tap 

13 WA Bore 300 (BDT) Bore Water 

14 WA Jandakot  (BDT) Treated Water before clarification 

15 WA  Jandakot (BDT) Raw Water 

16 WA Cunningham Dam (BDT) Raw Water 

17 WA Bore P145  Bore Water 

18 WA Victoria Dam  Raw Water 

19 WA Cunningham Dam (BDT) Raw Water 

20 WA Bore P145  Bore Water 

21 WA Victoria Dam  Raw Water 

22 QLD Hinze Dam (BDT) (5) Raw Water 

23 QLD Southport (BDT) Treated Tap 

24 NSW Murwillimbah (BDT) River 

25 NSW Kingscliff Treated Tap 

26 NSW Tweed Heads (2) Treated Tap 

27 NSW Eastwood Sydney Treated Tap 

28 NSW Carlton Sydney Treated Tap 

29 NSW Menai Reservoir Treated Tap 

30 NSW Bondi Sydney Treated Tap 
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4.2.7 Environmental Configuration System Design And Instrumentation Set-Up 

 

All sample analysis pertaining to the development and validation of the environmentally 

calibrated/configured fluoride ISE were conducted on the customised system set up (designed 

and built in-house at Griffith University) illustrated in Figure 4.2 below.  The system consists 

of 5 main components:  The sample delivery system consisted of a sample inlet (a, Figure 

4.2) and peristaltic pump (b, Figure 4.2) connect by PTFE tubing (1.10 mm internal diameter) 

(h, Figure 4.2).  Measurement cells were specifically designed for the system for sample 

analysis.  Each MRS and selective sensor was measured in an individual cell (c, Figure 4.2).  

A multichannel control unit was used to acquire all raw signals from the in situ selective and 

MRSs (d, Figure 4.2).  The data was transferred from the multichannel control unit to a 

laptop computer system using a RS232 cable (j, Figure 4.2) to a lap top computer (e, Figure 

4.2).  After sample analysis, the sample was then emptied via the sample outlet (f, Figure 4.2) 

and waste container (g, Figure 4.2) and the sample chamber was rinsed with Milli-Q water. 
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Figure 4.2 Schematic diagram of the on-line monitoring system developed for this project: a) 

Sample inlet; b) Peristaltic pump; c) Environmentally calibrated sensors located in 

individual flow-cells; d) Multichannel monitor and data acquisition system; e) Data 

processed in real-time by trained neural network models and displayed using the 

computer interface; f) Sample outlet; g) Waste collection container; h) PFTE tubing; 

i) Electrode connections; j) RS232 data transfer cable. 

 

Selective sensors and MRSs were placed in individual sample chambers, so that there would 

be minimal interference in the signals obtained from other sensors.  The measurement cells 

were specially designed and custom built for the measurement system in-house at Griffith 

University, and are shown in Figure 4.3.  The MRSs and selective sensors are partially 

exposed in the measurement cell and secured with ―O‖-rings and screws to prevent leakages.  

This was done to ensure that the reference junction and sensing surface were adequately 

exposed to the sample.  A Nico2000 mutlichannel system was used to acquire all raw signals 

from the matrix sensors and selective that recorded and stored data in ascii format.  The data 

was pre-processed and used for subsequent ANN training, testing, validation and sample 

analysis.   

a 
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Figure 4.3  a) Schematic diagram of an individual measurement cell employed b) shows a picture 

of the real cell.  
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4.2.8 Analytical Procedure For Environmentally Configuring A Conventional Sensor 

 

The fluoride ion ISEs were environmentally configured in the laboratory to a set of in situ 

MRSs to instruct the sensor how to intelligently respond to its environment in uncontrolled 

measurement conditions.  An environmental calibration set of synthetic samples that 

collectively encompassed Australian surface water conditions pertaining to ionic strength, pH 

and temperature was employed and measured in non-ideal conditions in order to develop a 

suitable training and testing set.  For each synthetic sample three replicate measurements 

were performed.  The replicate samples were excluded for training or testing, if an error was 

made in the analysis.  As a supervised learning technique was employed, the training set 

input and output pairs were used to instruct the selective fluoride ISE how the matrix 

interferences () for a given set of prescribed non-ideal measurements affected raw signal 

response, with the non-linear and linear relationships being stored in the connection weights 

of the trained neural network. 

 

As the sensors were being measured in real world non-ideal measurement conditions, a non-

equilibrium based measurement approach was employed using a specified time period, as 

outlined below.  Prior to daily sample analysis the global reference solution of Milli-Q water 

was pumped through the sample chamber cells using Flow Injection Analysis (FIA) and was 

recirculated for a defined measurement time of 10 minutes.  The last 2 minutes of the data 

was recorded, pre-processed and averaged and used as the global reference point for each 

sensor for the day.  The sample chamber was emptied and cleaned for subsequent sample 

analysis using a peristaltic pump and Milli-Q water.  The samples were then pumped through 

the sample chamber and the response monitored for a defined period of 10 minutes.   

 



176 

 

The last two minutes of data was recorded, pre-processed and averaged from all matrix 

recognition and selective sensors.  Between each sample analysis the flow cells were rinsed 

using Milli-Q water.  The MRSs, selective sensor and global reference point data for each 

sample measured was then pre-processed between 0 and 1 and subsequently used for neural 

network training, testing, validation and real sample analysis. 

 

A backpropogation neural network
168

, employing a supervised learning technique and 

sigmoidal squashing function, was subsequently employed to environmentally configure the 

selective sensors to a set of in situ MRSs to teach them how to collectively respond and 

characterise to matrix interference (), in non-ideal measurement conditions.  The global 

reference point data was used to teach the system to realign the matrix recognition and 

selective sensor to instrumental variation and drift.  Therefore, this process eliminated the 

need for continual traditional calibration using standard reagents and ensuring its calibrated 

status was maintained.  The data set for each fluoride electrode was subsequently divided into 

training and testing sets.  The data set was divided in such a way so that the test set consisted 

of at least 20% of the entire data set.  This ensured that the network could be presented with a 

representative number of training data pairs and evaluated with a sufficient number of 

―unknown‖ sample inputs.  The input data used for ANN training and sample analysis was 

the global reference point, matrix recognition data and selective sensor data all measured in 

uncontrolled measurement conditions.  The target values or outputs used for neural network 

training were based on the actual concentrations of fluoride ions added to the synthetic 

sample matrix.  

 

To determine the most appropriate weighting configuration, the neural network was trained 

by adjusting the number of hidden units and iteration parameters.  The learning rate and 
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momentum were kept constant (and low) at 0.2 respectively to reduce the chances of finding 

a local minimum within the search space.  The criterion for termination was a RMS error cut-

off of 0.001 or a maximum of 1500 iterations.  The variable settings for ANN training are 

shown in Table 4.2. 

 

Table 4.2  ANN Training Parameters. 

 

Parameters Value 

Number of hidden units  25

Number of hidden layers 1 

Number of iterations 250-1500 

Learning rate 0.2 

Momentum  0.2 

Criteria for termination 
RSM error 0.0001 or  Max 

iterations 

 

The trained neural networks were subsequently evaluated with the test set data (these were 

synthetic samples that the trained neural network had not previously ―seen‖.  Real samples 

were used to further validate the system by evaluating its ability to function accurately, 

irrespective of sample matrix conditions.  Validation on real world samples involved 

measuring the real samples with the environmentally configured selective sensor system in 

non-ideal measurement conditions, in addition to measuring according to the prescribed 

APHA standard fluoride method.  The APHA standard method involved ex situ calibration 

using a set of standard solutions, which meant that all calibration and measurements were 

being performed with equal care under strictly controlled laboratory conditions
34

. 

 

For evaluating the robustness of the proposed analytical method to analyse real samples 

continuously in uncontrolled conditions, the standard method values were used as ―true‖ 

values to determine if the trained ANN was capable of precisely quantifying the non-Nerstian 



178 

 

response to equivalent concentrations.  If the determined values were outside of ±10% of the 

―true‖ values then relative standard error (RSE) distribution, correlation and regression 

analyses combined with Principal Component Analysis (PCA) were employed to analyse the 

data and determine an appropriate weighting configuration and training process.  These 

processes were repeated until the satisfactory analytical performance was achieved.  Once the 

selective sensor had been environmentally configured, it was used directly for on-line or  

in situ water quality monitoring.  

 

4.2.9 Statistical Analysis 

 

In this set of experiments, Principal Component Analysis (PCA) was also employed to 

examine the variation in both the synthetic data sets and real sample sets.  PCA is a linear 

data analysis tool that is able to break a data set up into latent variables that are capable of 

explaining the maximum amount of variation in a new dimensional space occupied by the 

principle components.  In these experiments it was used to explain variation in non-ideal 

response attributed to each matrix interference and to statistically validate the use of specific 

MRSs used to environmentally configure the fluoride ion sensor for measurements in non-

ideal conditions
73

. 

 

In order to evaluate the accuracy and robustness of the proposed analytical method, a 

correlation analysis was used for real sample, synthetic sample and recovery experiments.  A 

Pearson’s correlation (R) was used to measure the intensity of association between the results 

obtained by the proposed method to the ―true‖ theoretical and standard method results
34

. 

When R = 1 the intensity of association is said to be very strong and the two methods highly 

correlated.  Alternatively if R = zero, there is said to be no intensity of association, and the 
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two methods are not correlated.  For evaluating its performance on real samples, the slope 

and y-intercept of the principle axis of the correlation of the ellipse were also calculated to 

establish if the proposed method was determining the same fluoride concentrations as the 

standard method
149

.  This was employed instead of standard regression, as the standard 

fluoride method contains error and conventional regression analysis assumes no measurement 

error in the x-axis.  For evaluating its performance on synthetic samples, a regression analysis 

was used to compare the slope and y-intercepts obtained from the experiments to the 

theoretical fluoride concentrations, as a regression analysis assumes no error in the x-axis, 

which is the case for theoretical values 
148

.  If the two methods determined exactly the same 

values for the test set data and real sample data, then a slope of one and a y-intercept of zero 

should be obtained, indicating y = x. 

 

To evaluate the hypothesis that Milli-Q water could be used as an alternative to characterise 

signal drift and instrumental variations in the chemometric model to make them valid over 

time negating the need for conventional calibration, a paired t-test was used. 24 different 

trained neural network configurations were evaluated to determine if the results obtained 

were attributed to global reference point data employed and not a result of the treatment 

utilised (the neural network classifier and configuration used).  If p was < 0.05, the 

correlation, slope and y-intercepts would be found to be significantly different to when the 

global reference point was not included in the proposed analytical method.  However, if p 

was > 0.05, the correlation, slope and y-intercepts then there was found not to be statistically 

significant difference if the global reference point was employed. 
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4.3 Results And Discussion 

 

4.3.1 Optimization Of Flow Cell Conditions 

 

To ensure stable and reproducible measurements for both MRSs and the selective sensor 

were obtained, it was necessary to optimize the flow cell conditions to elucidate the most 

appropriate sample flow rate within the flow cell.  The sample flow rate was an essential 

variable that needed to be optimised for two primary reasons: a) to ensure the electrodes 

response did not vibrate erratically due to the force of the water and sinusoidal action of the 

peristaltic pump b) to maintain a stable pH within the flow cell.  The latter is of particular 

importance because the selective sensors are environmentally configured to correct for pH 

deviations (δ) in the samples, in non-ideal measurement conditions using a set of in situ 

MRSs.  Therefore the data captured for ANN training, needed to be achieved by dosing the 

synthetic samples with 0.01 M NaOH or 0.1 M HNO3 in the absence of buffer, as this would 

significantly alter the ionic strength of the samples.  Synthetic, unbuffered samples are 

extremely susceptible to absorbing CO2 (g) from the atmosphere of the flow cells when dosing 

the samples above pH 7, making it very difficult to obtain stable, basic pH readings between 

7 and 9.5.  This arises as absorbed CO2 (g)  forms carbonic acid in synthetic samples as shown 

in Equation 4.1 below, as it tries to establish equilibrium in the flow cell. 

 

COHOHCO aqlg )(32)(2)(2
    Equation 4.1 

 

 

At a given temperature, the component of carbonic acid is completely determined by the 

partial pressure (PCO2) of carbon dioxide above the solution.  At normal atmospheric 

conditions (PCO2 = 3.5 x 10
-4

 atm), water is normally a slightly acidic solution with a pH of 
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5.7, with the equilibrium favouring the formation of CO2 (g).  However, at higher pressures the 

[OH
-
]

 
ions become negligible, so that the equilibrium favours the formation of carbonic acid 

and the pH drops.  This makes it very difficult to maintain stable pH signals for more than 

two minutes, in non- buffered samples, especially when the temperature of the samples was 

being varied at the same time.  Therefore, it was of paramount importance that the 

appropriate flow rate was determined in the flow cells, such that the PCO2 above the solution 

favoured the formation of CO2 (g) (hence increase OH
- 

ion formation), such that it was 

possible to dose samples above a pH 7 in non-ideal measurement conditions. 

 

 4.3.1.1 Optimised Flow Rate For Fluoride Electrodes 

 

To determine the most appropriate flow rate for stable fluoride ion responses in non-ideal 

conditions, the three fluoride electrodes were positioned two centimetres above the sample 

flow inlet of the cells and then measured at a range of flow rates shown in Table 4.3.  A 

synthetic fluoride sample of 40 ppm was used to determine the most appropriate flow rate for 

the fluoride and pH sensor. 

 

Figure 4.5 shows the response of the fluoride electrode (a) at various flow rates.  From the 

figure, it is evident that a flow rate between 4.1 and 6.7 mL/min produced the most stable 

fluoride ion measurements.  Figure 4.6 shows the results of fluoride electrode (b) response at 

various flow rates.  The results are the most stable at a flow rate above 5 mL/min, which is 

consistent with the results from fluoride electrode (b).  However, for fluoride electrode (c) (as 

shown in Figure 4.7) the results from the optimisation experiment are more variable.  Firstly, 

the replicate 1 is lower than replicate 2 and 3.  Replicate 1 and 3 indicated a flow rate 

between 5 to 9.7 mL/min is stable.  As evidenced by the results obtained for the three 
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different fluoride electrodes, a flow rate from 4.1 to 6.7 mL/min produced reproducible, 

stable measurements for the sample replicate sample in non-ideal measurement conditions.   

 

Table 4.3   Shows the peristaltic pump flow rate settings used and its equivalent flow rate. 

 

Pump 
Setting Flow Rate (mL/min) 

0 

1 

2 

3                                                             

4 

0 

1.2 

2.2 

2.9 

4.1 

5 5 

6 5.5 

7 6.1 

8 6.7 

9 7.5 

10 8 

11 8.6 

12 9.7 

 

The range was also investigated for optimising pH dosing.  Interestingly, it should also be 

noted that for each fluoride electrode and its subsequent replicate analyses, the electrode 

response varied its position along the y-axis, despite the response pattern (x-axis) being 

similar.  This further highlighted the need for signal drift and instrumental variation to be 

accounted for in the analytical measurements to ensure the environmental configuration 

software was valid over extended periods of time, as indicated by the variation in sensor 

response of replicate sample analyses in Figures 4.5. 4.6 and 4.7. 
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Figure 4.5 Optimization of Jiangsu fluoride electrode (a) using 40 ppm Fluoride Standard. 

Replicate 1( ); Replicate 2 ( ); Replicate 3( ). 

 

 

 

 

Figure 4.6 Optimization of Orion F-  electrode (b) using 40 ppm Fluoride Standard. Replicate 

1( ); Replicate 2 ( ); Replicate 3( ). 
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Figure 4.7 Optimization of Jiangsu fluoride electrode (c) using 40 ppm Fluoride Standard. 

Replicate 1( ); Replicate 2 ( ); Replicate 3( ). 

 

4.3.1.2  Optimised Flow Rate For pH Adjustment 

 

As it was found that the flow rate between 4.1 and 6.7 mL/min obtained the most 

reproducible fluoride measurements, this range was used to determine the optimum flow rate 

required for pH dosing of samples with a varying ionic strength and hence, buffering 

capacity.  Figure 4.8 illustrates how the pH of a sample was affected by CO2 (g) interferences 

if the flow rate is not optimised in non-ideal measurement conditions.  A synthetic sample 

was circulated at a flow rate of 6.7 mL/min.  For its non-ideal sample matrix characteristics, 

it had a temperature of 32 
o
C, fluoride ion concentration of 0.4 ppm, and a conductivity of 

1622 µS.  As a non-equilibrium based measurement approach was being used, a 10-minute 

sample analysis time was employed.  The sample analysed in non-ideal conditions was 

required to be dosed to a pH of 9, but as evidenced by the results the pH of the solution was 

becoming more acidic overtime, as it absorbed carbon dioxide from the atmosphere.  In turn 

152.6 

152.8 

153.0 

153.2 

153.4 

153.6 

153.8 

154.0 

154.2 

0 2 4 6 8 10 

Flow Rate (ml/min) 

E
le

c
tr

o
d

e
 R

e
s
p

o
n

s
e
 (

m
V

) 

 

   



185 

 

this altered the fluoride ion response in the same direction, as the OH
-
 concentration was 

decreasing, as OH
-
 ions are positive interferences for the fluoride ion electrode

34
. 

 

However, Figure 4.9 reveals that the optimum results were achieved when a flow rate of 5 

mL/min was used for the same synthetic sample shown in Figure 4.8.  It was evident from the 

graph that both the fluoride ion electrode and pH responses were stabilised and was 

reproducible during the analysis period.  The sinusoidal variation in the fluoride ion response 

is due to the peristaltic pumps ―pulsing‖ action.  However, as the signal is averaged for all the 

measurements, this becomes negligible.  The pH response on the other hand was very stable 

after 250s, as the partial pressure of PCO2 was at equilibrium in the flow cell.  This flow rate 

was also tested on another synthetic sample, with a different set of non-ideal sample matrix 

conditions to determine if the partial pressure of PCO2 was still at equilibrium, favouring the 

formation of CO2(g) in the flow cell at this specified flow rate.  

 
 

 

 

 

 

 

Figure 4.8 Shows the response of the pH electrode (-) and Jiangsu (a) fluoride electrode (--) 

when trying to dose to pH at of 9 at a flow rate of 6.7 ml/min.  Temperature 32 
o
c; 

Conductivity 1622 S; Fluoride 0.4 ppm. 

-130 

-120 

-110 

-100 

-90 

-80 

 0 100 200 300 400 500 

Time (Seconds) 

p
H

 R
e

s
p

o
n

s
e

 (
m

V
) 

200 

210 

220 

230 

240 

250 

F
lu

o
ri

d
e

 R
e

s
p

o
n

s
e

 



186 

 

 

 

 

 

 

 

 

Figure 4.9 Shows the response of the pH electrode (-) and Jiangsu (a) fluoride electrode (--) 

when trying to dose to pH at of 9 at a flow rate of 5 ml/min.  Temperature 32 
o
C; 

Conductivity 1622 S; Fluoride 0.4 ppm. 

 

 
Figure 4.10       Shows the response of the pH electrode (-) and Jiangsu (a) fluoride electrode (--) 

when trying to dose to pH at of 8 at a flow rate of 5 ml/min.  Temperature 7 
o
C; 

Conductivity 540 S; Fluoride 0.8 ppm. 
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Figure 4.10 shows the response obtained for a synthetic sample with non-ideal matrix 

characteristics at temperature of 7 
o
C, conductivity of 540 S and a fluoride ion concentration 

of 0.8 ppm.  The pH was required to be 8.00.  The results indicate the pH response for the last 

2 minutes of sample analysis held constant at 58 mV, indicating that a flow rate of 5.0 

mL/min was optimum for pH dosing in non-buffered samples under various non-ideal 

measurement conditions.  

 

The temperature and conductivity sensors also obtained stable readings at this flow rate.   

Hence, all measurements preformed to develop, test and validate the environmentally 

configured fluoride system were conducted at a flow rate of 5.0 ml/min. 

 

4.3.2  Evaluation On Synthetic Samples 

 

To evaluate if a selective sensor could be taught to intelligently learn the real cause and effect 

relationships between a chemoselective sensor and its environment in uncontrolled 

measurement conditions, the method was evaluated with three different fluoride sensors.  The 

fluoride ISE were first environmentally configured in the laboratory to a set of in situ MRSs 

by using a set of synthetic samples measurement and a global reference solution of Milli-Q 

water.  All synthetic samples analysed to environmentally configure the systems were 

conducted in non-ideal conditions.  The fluoride sensors were environmentally configured to 

the MRSs using an environmental calibration set of 50 synthetic samples with three replicates 

of each sample being measured.  Replicate analyses were performed to minimise the error 

caused by the fact that it is very difficult to dose the exact same pH every time in non-

buffered.  In addition, it was necessary to prove the hypothesis that a selective sensor was 

capable of responding to a set of prescribed non-ideal measurement conditions in a known 
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and reproducible fashion, as long as the analytical response was fixed in time.  Each replicate 

sample was applied to the ANN as individual samples for ANN training.  This also enabled 

the ANN to be trained with some flexibility in the weighting configuration.  

 

The environmental calibration set was then divided into subsequent training and testing sets.  

The configuration used for ANN training is shown in Figure 4.11.  A single neural network 

classifier was used, where the raw signals obtained from the fluoride ISE, MRSs and global 

reference solution were pre-processed and used as data inputs for the ANN.  The MRSs 

inputs were conductivity, pH and temperature.  The fluoride sensors were environmentally 

configured between the range of 0.4 ppm to 14 ppm of fluoride ions.  The output obtained 

from the ANN was the concentration of fluoride ions in ppm.  The ANN configuration 

employed was simplified to a single neural network to reduce processing time compared to 

the hierarchical ANN configured structure used in Chapter 3.  In addition, it was 

hypothesised that the sensitivity of the system could be further improved if the ANN was 

trained to convert the non-ideal response and matrix information directly into an equivalent 

concentration, thus reducing the potential for error as the system is relying on the collective 

responses of the sensor inputs to indicate change. 

 

To investigate the ability of the conventional fluoride sensors to obtain analytically valid 

information in uncontrolled physicochemical environments, the environmentally configured 

sensors were subsequently verified with a new set of synthetic samples.  They represented a 

wide range of non-ideal measurement conditions with which the trained ANN had not been 

previously presented with.  The ionic strength (represented by conductivity), pH and 

temperature in non-ideal measurement conditions ranged from 310 µS/cm to 2520 µS/cm, 

4.17 to 9.49 and 8
o
C to 37

o
C respectively.  The ECS determined the unknown concentrations 
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of fluoride ions, using only the global reference point, fluoride ISE and in situ MRSs data.  A 

Jiangsu (a) fluoride electrode was first used to demonstrate the proposed concept, as shown in 

Figure 4.11.  A training set of 88 synthetic samples was used and the trained ANN was 

evaluated with a test set of 47.   

 

 

 

 

Figure 4.11   Shows the schematic diagram of the neural network configuration employed to 

environmentally configure a conventional fluoride ISE. 

 

The results shown in Figure 4.12 indicated that the ECS system was able to determine 

quantitative measurements in uncontrolled conditions, as the data points between the output 

data and theoretical fluoride ion concentrations were distributed very close to the y = x line.  

This was further evidenced by a highly significant correlation of 0.992 (p = 0.000, n = 47), 

slope of 1.01 and y-intercept of 0.020 indicating y = x.  These results were achieved when a 

neural network architecture of 750 iterations and 5 hidden units was used.  These results were 

very pleasing, given that they were all measured in uncontrolled conditions, without 

conventional calibration or sample pre-treatment. 
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Figure 4.12 Correlation analysis between environmentally configured Jiangsu (b) fluoride 

electrode results and theoretical fluoride concentration. Training set 88; Test set 47; 

Hidden units 5; Iterations 750. Dotted line represents y = x. 

 

The method was further validated on another fluoride ISE from a different manufacturer 

(Orion).  For this particular electrode a training set of 87 and test set of 44 was used for 

validation.  Figure 4.13 shows the correlation analysis between the EC Orion fluoride ISE 

and the theoretical fluoride ion concentrations.  The results indicate once again that the ECS 

was able to determine quantitative measurements in uncontrolled conditions, as a highly 

significant correlation of 0.993 (p = 0.000, n = 44), slope of 1.06 and y-intercept of 0.0106 

was obtained.  For the Orion ISE the optimal analytical results were achieved when a neural 

network configuration of 15 hidden units and 1500 iterations was employed.  The results are 

very interesting given that it was previously hypothesised that ISE required a strong linear 

relationship between the sensor and target analyte under strictly controlled measurement 

conditions to obtain accurate, quantitative measurements. 
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Figure 4.13 Correlation analysis between environmentally calibrated Orion fluoride electrode 

results and theoretical fluoride concentration. Training set 87; Test set 44; Hidden 

units 15; Iterations 1500. Dotted line represents y =x. 
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Figure 4.14  Correlation analysis between environmentally configured Jiangsu (b) fluoride 

electrode results and theoretical fluoride concentration. Training set 88; Test set 47; 

Hidden units 1; Iterations 1500. Dotted line represents y = x. 
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To further prove reproducibility i.e.  the method was able to overcome the inherent problem 

of requiring fixed measurement backgrounds, it was validated on another fluoride ion 

electrode from Jiangsu termed Jiangsu (b), as shown in Figure 4.14.  For this example, a 

training set of 88 and test set of 47 was employed.  Once again, as the data points lay very 

close to the y = x line, it further demonstrated the ECS using a Jiangsu (b) ISE produced 

results very close to the theoretical fluoride concentrations.  The statistical results further 

validated this observation, as a highly significant correlation of 0.993 (p = 0.000, n = 47), 

slope of 1.06 and y-intercept of -0.19 was obtained. 

 

Overall, the results demonstrate that it was possible to convert three independent, 

conventional fluoride ion ISE’s into a direct on-line sensor capable of quantitative in situ 

sensor, by employing the proposed analytical method.  More importantly the results were 

achieved without any calibration, buffers or sample pre-treatment.  It proved experimentally 

that the selectivity of a sensor could be significantly improved in non-ideal conditions, by 

accounting for deviations in non-ideal fluoride ions response by using a set of in situ MRSs 

and using pure water to realign all the sensor to ensure their calibrated status.  This negated 

the need for sample pre-treatment or for each sensor to be calibrated individually with 

standard reagents.  This method, when applied for synthetic sample analysis, enabled 

continuous on-line monitoring to occur for a period of three months without conventional 

calibration being required, in non-ideal measurement conditions.   

 

4.3.3 Validation On Real Samples 

 

To further demonstrate the validity of the proposed method, it was necessary to evaluate it 

using a wide range of freshwater samples obtained from across Australia.  This was necessary 
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to verify the hypothesis that a) an ANN- based analytical system was capable of 

characterising the complex linear and non-linear interactions between the selective sensor and 

its environment in non-ideal measurement conditions by collectively processing the MRSs 

information, in conjunction with the selective fluoride ISE response and b) that MRSs 

information could be used to instruct a selective sensor (e.g. fluoride) to discover the real 

cause and effect relationships between the chemoselective sensor signal and the collective 

matrix interferences when the measurement conditions are no longer controlled.  This would 

prove that this generic analytical method is valid for continuous and field monitoring 

applications when exposed to the dynamic range of real world conditions.  

 

As, it is well known that surface water and ground water samples can vary in chemical 

(matrix) composition depending on seasonal variation, its geographic location, variations in 

drinking water production and guideline requirements, a total of  35 samples were collected 

from 25 sampling sites across Australia and analysed over an 11-month period.  The locations 

included highly urbanised areas, remote desert locations to pristine water catchments and 

rivers.  For real samples, the fluoride ion concentrations were determined by the APHA 

standard method
34

 and used as ―true‖ values to evaluate if the trained ANN was capable of 

precisely determining the  value for a given matrix to correct the non-ideal responses of the 

fluoride sensor to its ideal response to acquire quantitative in situ measurements.  If the 

determined values were outside the range of %10 of the ―true‖ values, then the Relative 

Standard Error (RSE) distribution, correlation and regression analysis combined with PCA 

were employed to analyse the data and determine a more accurate weighting configuration 

and training conditions to optimise the environmental calibration software.  These processes 

were repeated until satisfactory analytical performance was achieved. 
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The EC fluoride ion sensor was initially validated with 15 real surface water samples from 15 

locations around Australia.  However, only 11 were used, as four samples had fluoride ion 

concentrations below 0.4 ppm (the working range of the selective sensors).  The samples 

were pumped into the flow cell shown in Figure 4.2 and measured in uncontrolled conditions 

without calibration or sample pre-treatment.  Results in this study were initially demonstrated 

on the Orion fluoride electrode, as it was discovered during the course of the experiments that 

some fluoride electrodes were not suitable for long term in situ water quality monitoring.  

This is because they ceased to function after the environmental configuration process.  

Hence, in future research the selection of appropriate, robust sensors is essential to ensure 

reliable performance. 

 

Table 4.4 shows the ―real‖ samples and their respective geographic locations and water type 

that were initially employed to validate the new analytical method for real sample analysis.  

The samples varied from bore water, raw surface water and treated water from various 

regions around Australia.  A plot of in situ measured data against the data obtained by the 

standard method is shown in Figure 4.15.  

 

Interestingly, although an extremely significant correlation of 0.830 (p = 0.002, n = 11), a 

slope of 0.939 was obtained, the y-intercept was -0.265 and the explained variance was only 

68.9%.  These results were achieved employing a neural network architecture with 15 hidden 

units, trained for 1500 iterations.  They indicated that although the ECS was increasing, as the 

standard method values increased,  the proposed analytical method was continually under 

predicting the standard method response, as the RSE ranged between -70% to 17 %, with all 

samples having a negative error.  This is evidenced by the explained variance statistics which 

was 68.3% and the y-intercept of -0.265.  The results were promising considering that the 
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ECS was developed using synthetic samples and could determine quantitative concentrations 

of real world samples.  In addition, the results were achieved without conventional calibration 

or ideal measurement conditions with a degree of accuracy, which has to our knowledge not 

been previously demonstrated.  Nonetheless, the results did indicate that the quantitative 

analytical performance was impaired. 

 

Table 4.4 Real samples used to initially validate the proposed analytical method. 

Sample 
Number State 

Location (number of 
replicate measurements) Type of Water 

1 VIC  Chadstone (1) Treated Tap 

2 VIC Bentely East (3) Treated Tap 

3 VIC  St Kilda East (3) Treated Tap 

4 VIC Melbourne CBD (3) Treated Tap 

5 VIC St Kilda West (2) Treated Tap 

6 NT Timber Creek (2) Treated Tap 

7 NT Timber Creek Fogarty's (3) Treated Tap 

8 NT Timber Creek Tank Outlet (3) Treated Tap 

9 WA Curtin University (2) Treated Tap 

10 WA Bore 300 (BDT) Bore Water 

11 WA Jandakot  (BDT) Treated Water before clarification 

12 WA  Jandakot (3) Raw Water 

13 WA Cunningham Dam (BDT) Raw Water 

14 WA Bore P145 (3) Bore Water 

15 WA Victoria Dam (3) Raw Water 

 

This error could arise because the trained neural network did not have the flexibility in the 

weighting configuration to determine real samples accurately.  This could be primarily due to 

the fact that the system was not trained on enough samples in the lower concentration region, 

as the ANN training range was broad, between the values of 0.4 ppm to 14 ppm and the real 

sample analysed ranged between 0 to 1.5 ppm.  
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Figure 4.15  Illustration of the correlation analysis between ECS response using an Orion 

fluoride sensor and standard fluoride method for determining the fluoride 

concentration of real samples. A training set of  87 synthetic samples.  Iterations 

1500; Hidden units 15; Black line represents slope. 

 

It was decided to investigate this hypothesis further employing PCA to establish whether the 

variation in the data set was similar between the synthetic data set and real samples in the 

lower regions.  If the PCA results were similar between the two sample types, it was 

hypothesised that the proposed method should be able to analyse real samples, as the 

selective sensors respond in a similar fashion irrespective of being real or synthetic.  This is 

an important point that needs to be established because traditionally, neural network-based 

analytical applications are usually trained using real world calibration of the problem in 

question
84

 and have the inherent problem of being matrix dependent, as the sensors employed 

are not based on experimental rigour.  This would make them economically unfeasible to 

implement in areas where sample matrix conditions are constantly changing
73,204

. 
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4.3.3.1  PCA Analysis 

 

To ascertain if a selective sensor could be environmentally configured for real sample 

analysis using synthetic samples and a set of in situ MRSs, the synthetic data set was 

compared to real samples in the lower concentration region using PCA to determine if the 

responses were similar in uncontrolled conditions.  It was hypothesised that if the PCA 

results were similar, it would mean that the fluoride electrode should be able to be 

environmentally configured in the laboratory using synthetic samples and then be capable of 

real sample analysis in non-ideal measurement, as the MRSs were sufficiently capable of 

characterising the response mechanism of the selective sensors to a prescribed set of in non-

ideal measurement conditions.  If the hypothesis was proven correct, this would indicate that 

the training range may need to be reduced to increase the number of training set data in the 

lower region.  If the hypothesis is proven incorrect and the two PCA data matrix sets are 

different, the proposed method will not work on real samples as the selective sensor responds 

and interact in different ways in synthetic and real samples.  This might mean that the 

synthetic data matrix may have to be modified or an alternative solution devised. 

Table 4.5 Illustration of the principal components of the synthetic training set and real samples 

for the selective sensor and subsequent MRSs as indicated by PCA components for 

the Orion electrode. 

 
Principal Component 

Analysis 
Synthetic Training 

Set (%) 
Real Samples 

(%) 

1 36.75 55.50 

2 23.9 35.40 

3 16.25 5.06 

4 15.23 3.65 

5 7.86 0.42 

 

The results shown in Table 4.5 show the percentage of variation of each principal component 

for the synthetic training set used to convert the selective sensor into a direct, in situ sensor 
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and the real sample data matrix variation used to evaluate the proposed method.  

Interestingly, the results show that there are both 5 components of variation in each data 

matrix, however the variation attributed to each principal component is different.  This 

perhaps could be attributed to the fact that the synthetic training set range was between 0.1 

and 14 ppm, the pH range was 4-10, conductivity range was 310S and 2470S and 

temperature range was from 5 to 45
o
C.  On the other hand, for the real sample the 

temperature range was from 21 to 25
o
C, fluoride concentration between 0.2 to 1.45 ppm, 

conductivity ranged from 60 to 972S and pH from 6.76 to 8.43.  As the temperature range 

was very limited for the real samples it was decided to remove temperature data from both 

data matrices. 

 

The results in Table 4.6 show the PC of variation for the synthetic training set and real 

samples when a number of variables were modified to determine if it was possible to 

environmentally configure a sensor for in situ water quality monitoring.  Experiment one 

shows the PC results when temperature was removed as a variable.  It seemed that although 

PC latent variables were reduced to 4, there were significant differences between the PC of 

variation between the two sample types.  Experiment 2 reveals the results of PC for the 

synthetic training set, when the range of pH was reduced to 6 and 9 to be more comparable 

with the variables of the real samples data matrix, indicating that the breakdown of variation 

between individual PC components became closer. 

 

In experiment 3, the fluoride ion concentration of the synthetic training set range was  

reduced to 0.4 to 2.0 ppm, and conductivity range to 310 – 900 S.  The outcome of this  

experiment was the PC of variations between the two data sets started to converge. 
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Table 4.6 Illustrates the principal components of the synthetic training set and real samples 

shown when variables are modified closer to real samples. 
 

  Experiment 1 Experiment 2 Experiment 3 

Data Set 
Variables 

Real Sample 
Data Set 

Synthetic Data 
Set 

Synthetic Data 
Set 

Synthetic Data 
Set 

Temperature (oC)     

pH 6.76-8.43 4-9.5 6-9 6-9 

Conductivity (S) 60-972 310 – 2470 310 – 2470 310-900 

Fluoride (ppm) 0.4 -1.45 0.4 -14 0.4 -14 0.4 – 2 

Principal 
Components 

    

1 56.3% 41.6% 47.5% 48.95% 

2 37.2% 24.2% 40.4% 38.63% 

3 6.00% 20.3% 8.27% 11.54% 

4 0.57% 13.9% 3.84% 0.8730% 

 

The PC results indicate that when the conductivity, temperature, pH and fluoride ranges of 

synthetic samples were consistent with the real samples, as the PC were very similar in 

variation.  For example for PC 1, for the synthetic samples it was 48.95 and for the real 

samples it was 56.3.  PC 2 was nearly identical being 38.63 for synthetic training set and 37.2 

for the real sample set.  PC 3 was slightly more variable with 11.54 being obtained for the 

synthetic training set data, while 6.00 was obtained for real sample set and PC 4 was very 

close being 0.873 and 0.57 for training set and real samples respectively.  Possible sources of 

variation in PC1 could be attributed to the global reference point. 

 

Overall, the results indicated that synthetic and real samples responded in a similar fashion to 

non-ideal measurement conditions.  Therefore, it should be possible to environmentally 

configure selective sensors using synthetic samples by employing a set of in situ MRSs.  All 

that was needed was to discover an appropriate training technique that could facilitate this 

learning process.  Hence, it was decided to investigate if reducing the training range between 

0.5 and 6 ppm could improve its analytical performance. 
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4.3.4.2 Reducing training range 

 

In order to ascertain if the ECS ability to analyse real sample concentrations was affected by 

the size of the training range, it was decided to reduce the synthetic training set data from a 

range of 0.4 to 14 ppm to 0.4 to 6 ppm.  This was done to ensure the fluoride ion sensor was 

trained effectively in the lower concentration range, as most fluoride ion concentration in 

drinking water were found below 1.5 ppm.  The training set used to environmentally 

configure the in situ MRSs to the selective sensor was reduced from 87 synthetic samples to 

62 synthetic samples.  A test set of 22 synthetic samples was used to validate the trained 

neural network. 
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Figure 4.16 Illustration of the correlation analysis between theoretical fluoride concentration and 

results obtained from the new ANN training configuration for the synthetic test set. 

750 Iterations; 2 Hidden units. Training set 62; Test set 22. Dotted line represents 

when y = x. 

 

Figure 4.16 shows the correlation analysis between theoretical fluoride concentrations and the 

results obtained when ECS training set was reduced to 0.4 to 6 ppm.  An extremely 
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significant and positive correlation of 0.995 (p = 0.000, n = 22) was obtained indicating the 

ECS results were highly correlated with the theoretical fluoride concentrations.  A slope of 

0.943 and y-intercept of 0.127 confirmed that the ECS method was determining fluoride 

concentrations equivalent to the theoretical concentrations, as y = x.  These results were 

achieved when a neural network was trained for 750 iterations and was configured with 2 

hidden units.  
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Figure 4.17 Illustration of the correlation analysis between standard fluoride method and ECS 

results for real samples obtained using a trained neural network configuration in 

Figure 4.16. 750 Iterations; 2 Hidden units. Synthetic Training set 62; Test set 25. 

Black line represents slope. 

 

To evaluate its ability for real sample analysis, the system was further validated with real 

samples. The same set of real samples shown in Table 4.4 were applied to the same trained 

neural network used in Figure 4.16.  Figure 4.17 shows the correlation and regression 

analysis between the ECS results and the standard fluoride results for 25 samples from 

around Australia.  As can be seen an extremely significant correlation of 0.957 (p = 0.000, n 

= 25) indicated the results obtained by the proposed analytical method were highly correlated 
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with the standard method.  The slope (0.87) and y-intercept (-0.032) of the principle axis of 

the correlation ellipse was obtained, indicating that the results determined by the ECS system 

were equivalent to the standard method, indicating y = x.  The explained variance was also 

very high, indicating that most of variation between the two methods was caused by change 

in concentration, further indicating y = x.  The RSE ranged between – 29.5 and – 4.6%, with 

the majority between the ranges of -15 to -4.6%.  This range was much smaller compared to  

when the larger training range was employed. 

 

The proposed method was further validated on another set of real samples from different 

regions of Australia, to further determine the robustness of the analytical method for 

continuous or field applications.  Table 4.7 shows the samples, geographic location and water 

type for the 9 samples analysed.  Figure 4.18, displays the correlation analysis between 

results obtained from ECS system and standard method when real samples were analysed 

from Northern Territory, New South Wales and Western Australia.  Once again a highly 

significant correlation of 0.930 (p = 0.000, n = 9) was obtained, indicating the two methods 

were extremely well correlated.   

 

Table 4.7 Shows the samples used to further validate the environmental calibration principle. 

 
Sample 
Number State 

Location (number of 
replicate measurements) Type of Water 

1 NSW Eastwood Sydney Treated Tap 

2 NSW Carlton Sydney Treated Tap 

3 NSW Menai Reservoir Treated Tap 

4 NSW Bondi Sydney Treated Tap 

5 NT Timber Creek Tank Outlet  Treated Tap 

6 NT Peko Rd Treated Tap 

7 NT Haddock St Treated Tap 

8 NT Collect Tank Treated Tap 

9 WA Curtin University  Treated Tap 
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Figure 4.18 Correlation analysis between standard fluoride method and ECS results for real 

samples obtained using a trained neural network configuration in Figure 4.16. 750 

Iterations; 2 Hidden units. Synthetic Training set 62; Test set 9. Black line represents 

slope. 

 

A slope of 1.14 and y –intercept of -0.304 of the principle axis of the correlation ellipse 

indicated the two methods were determining equivalent concentrations, as y = x.  The 

explained variation was equivalent to Figure 4.17 being 89.7% and the RSE was between the 

ranges of -22.9% to -3.2% with the majority having between -13 to -3.2%.  These results 

were very pleasing, given that measurements were conducted in uncontrolled measurement 

conditions, without conventional daily calibration, reagents or sample pre-treatment.  These 

results obtained are very different to the more ―conventional thinking‖ that stipulates that for 

analytically valid measurements to be acquired a sensor must be regularly calibrated with 

standard reagents, and measurements made with equal care under well-controlled 

physicochemical measurement environments.  Overall, the ECS systems was capable of 

quantitative in situ measurements, in dynamic measurement environments. 
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Even more interesting, was that the system could be environmentally configured in the 

laboratory using a set of synthetic samples and in situ MRSs to teach a selective sensor how 

to dynamically respond in uncontrolled measurement conditions and once trained it could be 

directly used for real sample analysis negating the need to be trained with samples at the local 

monitoring site of interest.  In terms of chemometric/neural network-based analytical 

systems, to our knowledge this has not been previously demonstrated in the literature.  This is 

because traditionally in chemometric methods, to ensure reliable field performance they have 

required calibration at the targeted monitoring site with real samples of the problem in 

question
83,178

.  Consequently, it usually produced analytical tools that were only valid in 

specialised measurement conditions.  However, in this research we have demonstrated that it 

is possible for an ANN to learn direct cause and effect relationships between the selective 

sensor and measurement environment through the use of selective MRSs information and 

produce calibration models that are valid in a wide range of non-ideal measurement 

conditions.  To our knowledge this has never been described before in the literature. 

 

4.3.4 Recovery Experiments 

 

To determine how the proposed method performed compared to the standard reference 

method, two recovery experiments were performed.  This was carried out to determine how 

much of the added fluoride ions were detected by the proposed method
205

.  Recovery 

analyses were carried out using two types of water matrices, a) treated tap water from 

Murwullimbah in northern New South Wales, where the water is dosed with fluoride and b) 

raw dam water from Hinze Dam, in southern Queensland. Both sets of samples were spiked 
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with a known amount of fluoride and measured to determine how much of the added fluoride 

was detected. 

 

Table 4.8 shows the recovery results obtained using ECS method for the treated tap water and 

Table 4.9 shows the recovery results obtained for the same samples using the standard 

method.  It was evident from the results of both recovery experiments that concentration of 

fluoride was increasing linearly as the concentration of fluoride ions increases.  However, for 

the ECS method the recovery measurements were producing a positive measurement error, 

whilst the standard method was producing a negative error, with the error in both 

measurements decreasing with increasing concentration.  The RSE was slightly higher 

(23.4% to 10.98%) in the ECS method compared to the standard method (-12.3% to -5.4%).  

The Relative Standard Deviations (RSD%) for both methods were below 9% indicating the 

precision of the two methods was high, as it ranged from 8.95% to 2.70% for the ECS 

method and 4.32% to 0.89% for the standard method.  However, one method was done in 

strictly controlled measurement conditions with conventional calibration and sample pre-

treatment, whilst the other was performed without the inherent need to maintain controlled 

measurement conditions.  Additionally, the ECS method negated the need for conventional 

calibration with standard and sample pre-treatment. 

Table 4.8 Shows the recovery experiment for ECS system using treated tap water from 

Murwullimbah. 

 

Concentration F- 
Added (ppm) 

Replicate 

1 

Replicate 

2 

Replicate 

3 Mean RSE% S.D RSD% 

1 1.11 1.28 1.32 1.23 23.45 0.11 8.95 

2 2.37 2.47 2.60 2.48 24.08 0.12 4.74 

3 3.62 3.43  3.52 17.46 0.14 3.85 

4 4.52 4.35   4.44 10.98 0.12 2.70 
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Table 4.9 Shows the recovery experiment for the standard F
-
 method using treated tap water 

from Murwullimbah. 

 

Concentration F- 
Added (ppm) 

Replicate 

1 

Replicate 

2 

Replicate 

3 Mean RSE% S.D RSD% 

1 0.92 0.85 0.86 0.88 -12.33 0.04 4.32 

2 1.87 1.86 1.79 1.84 -8.00 0.04 2.37 

3 2.86 2.81 2.83 2.83 -5.56 0.03 0.89 

4 3.87 3.75 3.73 3.78 -5.42 0.08 2.00 

 

Table 4.10  Shows the recovery experiment for the ECS method using raw water from Hinze 

Dam. 

 

Concentration F- 
Added (ppm) 

Replicate 

1 

Replicate 

2 

Replicate 

3 Mean RSE% S.D RSD% 

1 1.12 1.04 1.12 1.09 9.33 0.05 0.49 

2 2.17 2.18 2.17 2.17 8.67 0.01 0.07 

3 3.31 3.30 3.29 3.30 10.00 0.01 0.10 

4 4.42 4.41 4.30 4.38 9.42 0.07 0.71 

5 5.58 5.54 5.52 5.55 10.93 0.03 0.28 

 

 

Table 4.11 Shows the recovery experiment for the standard F
-
 method using raw water from 

Hinze Dam. 

 

Concentration F- 
Added (ppm) 

Replicate 

1 

Replicate 

2 

Replicate 

3 Mean RSE% S.D RSD% 

1        

2 2.08 2.08 2.09 2.08 4.17 0.01 0.28 

3 3.19 3.18 3.1 3.16 5.22 0.05 1.56 

4 4.26 4.21 4.19 4.22 5.50 0.04 0.85 

5 5.29 4.94 5.13 5.12 2.40 0.18 3.42 

 

When the recovery method was carried out on raw dam water the results obtained by the ECS 

was closer to the standard method (Table 4.10 and 4.11).  The RSE for the ECS method 

(Table 4.10) was between 10.93% and 8.67%, whilst the RSD was between 0.71% and 0.07% 

indicating the method has very good precision.  Conversely for the standard method (Table 
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4.11) the RSE was between 2.40% and 5.50%, whilst the RSD was 0.38 to 3.42%.  Hence, 

for the second recovery experiment our method was found to be more precise, than the 

standard method.  Figure 4.19 shows the correlation analysis between the standard F- method 

and ECS system.  A highly significant and positive correlation of 0.996 (p = 0.000, n = 9), 

slope of 1.09 and y –intercept of 0.011, indicating y = x and the two methods are determining 

similar values.  Overall, the apparent recovery obtained was 113%, which was comparable 

with the standard method recovery results of 98% are comparable for the same sample set.  

These results are very encouraging. 
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Figure 4.19 Shows the correlation analysis for recovery experiments between the 

standard method under ideal measurement conditions and ECS  under non-ideal 

measurement conditions. 

 

4.3.5 Long Term Stability Of The System 

 

The ability of an on-line or in situ sensor to acquire accurate, continuous information for 

prolonged periods of time, whilst still maintaining its calibrated status is one of the greatest 
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challenges that is required to be overcome in the area of on-line water and environmental 

water quality monitoring
2,3,19

.  Ideally, research scientists, industry and government 

organisations would like autonomous sensors that have the ability to acquire information 

reliably for over a year without any maintenance
3,19,61,83,178

.  This has been extremely 

problematic for chemometric models, especially for those predictive models based on 

collective sensor inputs, which are fixed in time and space and function in a higher 

dimensional search space.  However, the problem of how to capture reliable data in variable 

environmental conditions has been a difficult challenge to address, as on-line and in situ 

sensors must encounter unavoidable extreme and variable deployment conditions that vary 

with time. 

 

In this research, it was demonstrated that the proposed method could obtain accurate data 

reliably for over 1 year.  Testing was conducted over a 16 month period with no maintenance 

other than system realignment, which was done automatically by injecting pure water into the 

system once every 24 hours.  This was done to allow the ECS to reset its global reference 

point to characterise the fluoride and MRS sensing response to signal drift and instrumental 

variation overtime to the environmental configuration software.  The results are shown in 

Figure 4.20 (a) and (b). 

 

The results shown in Figure 4.20 (a) were obtained by 139 synthetic and real samples 

analysed by three different fluoride electrodes.  A highly significant correlation of 0.982 (p < 

0.0000, n = 139), slope of 1.07 and y-intercept of -0.12 was obtained, indicating the 

analytical performance was unchanged over the 16 month test period and so demonstrating 

the proposed method’s long-term reliability and stability for continuous measurements.  
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a) 

    

b) 

 
 

Figure 4.20.   Reliability and long-term stability test results.  (a) Electrode 1#: the original fluoride 

sensor used for environmental calibration; Electrodes 2# and 3#: installed using the realignment 

method. Numbers represent measurement period in days. (b) Shows the three way method comparison 

between the new method and standard method when measured in uncontrolled conditions, referenced 

against the standard method when measured in controlled laboratory conditions. Uncontrolled 

conditions refer to when measurements are preformed without sample pre-treatment, calibration or 

fixed backgrounds. The dashed line represents the method comparison line when y = x. 
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Figure 4.20 (b) compares the analytical performance of the proposed method against a 

fluoride ion sensor calibrated using traditional analytical principles, using the same fluoride 

electrode to make the results comparable.  All samples measured for the y-axis of the scatter 

plot were preformed in uncontrolled measurement conditions and each method was not 

calibrated for a period of over 12 months from the time of the initial calibration. 

 

The performance of both calibration techniques were referenced against the APHA fluoride 

standard method on the x-axis, to determine the validity of the data obtained.  The results 

from the data indicated that when the measurement background was not fixed, the fluoride 

electrode employing conventional analytical measurement principles (  ), in most cases had a 

large, positive measurement error.  Statistical analyses further validated this observation. 

Despite a positive and significant correlation of R = 0.938 (p < 0.000, n = 50), a slope of 2.09 

and y-intercept of 0.519 were obtained, indicating that in most cases the sensor obtained 

measurements that were considerably larger than the standard method values, reducing the 

validity of the data.  However, when the new method was employed (  ), the data was tightly 

distributed along the y = x line.  The statistical analyses with the standard method validated 

this observation, as a positive and highly significant correlation of 0.990 (p < 0.0000), slope = 

1.03 and y-intercept of -0.0817, indicated the two methods were essentially determining the 

same values.  However, the new method obtained the data in uncontrolled measurement 

environments without sample pre-treatment, buffers or conventional calibration. 

 

These results are very encouraging to prove the applicability of the method to overcome the 

inherent problems associated with signal drift, as the system could maintain its calibrated 

status for a prolonged period of time without conventional recalibration being required.  The 
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results provide strong evidence that the proposed method has the potential to function 

autonomously in the field for over a one year period, without any maintenance. 

 

4.3.6 Effect Of Global Reference Point Data On Accuracy 

 

To determine if the proposed method worked better with the incorporation of GRP than just 

the stand-alone matrix recognition system and selective sensor, the ECS system was 

environmentally configured with and without the GRP.  The data inputs used to 

environmentally configure the system for method a) comprised of only the selective sensors 

and MRSs as data inputs whilst for method b) employed the GRP, in combination with the 

MRSs and selective sensors.  Each method was trained with 24 different neural network 

configurations to determine that the accuracy was a result of the method employed and not 

the optimised neural network configuration used.  The ECS system was trained with synthetic 

samples and validated with real samples. 

 

Table 4.12 shows the results when the GRP data was not used to realign the selective and 

MRSs to the ECS to compensate for signal drift and instrumental variation.  In these 

experiments the neural network was trained only with matrix recognition and selective sensor 

information.  Although a highly significant and positive correlation between 0.86 and 0.98 

was obtained between the theoretical fluoride ion concentration and the ECS determined 

fluoride concentration, the slope varied between 0.64 and 2.42.  This indicated the 

environmentally configured system was affected by signal drift.  Only three neural network 

configurations obtained a slope between 0.90 and 1.10. 
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Table   4.12 Shows the neural computing experimental results for the proposed method when the  

global reference point data was not used to realign all sensors to ECS to ensure its 

calibrated status. 

 

 

Test Iterations 
Hidden 
Units R Slope Y-intercept 

1 750 1 0.97 0.67 -0.15 

2 750 2 0.97 0.72 -0.05 

3 750 3 0.98 0.85 -0.17 

4 750 5 0.96 0.76 0.07 

5 750 10 0.92 1.02 1.23 

6 750 15 0.97 0.71 -0.15 

7 750 20 0.96 1.79 0.60 

8 750 25 0.97 1.32 0.07 

9 1500 1 0.97 0.64 0.01 

10 1500 2 0.98 0.88 -0.07 

11 1500 3 0.97 0.68 -0.34 

12 1500 5 0.97 0.80 -0.12 

13 1500 10 0.97 0.75 -0.34 

14 1500 15 0.96 0.95 -0.04 

15 1500 20 0.97 0.93 -0.12 

16 1500 25 0.86 2.54 2.67 

17 2500 1 0.97 0.68 -0.02 

18 2500 2 0.97 0.71 -0.07 

19 2500 3 0.97 0.78 -0.13 

20 2500 5 0.98 1.18 -0.28 

21 2500 10 0.96 0.67 0.02 

22 2500 15 0.90 2.42 0.55 

23 2500 20 0.98 0.81 0.05 

24 2500 25 0.97 0.83 0.59 

 

However, when the GRP data was used to realign all sensors to the environmental 

configuration software, as shown in Table 4.13, the slopes were closer to the ideal value of 

one.  This is because they ranged between 0.82 and 1.54, with 11 falling between the ideal 

values of 0.90 to 1.10.  The correlation was found to be extremely significant, ranging 
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between 0.96 to 0.98, which was less variable compared to when the global reference point 

data was not included. 

 
Table   4.13     Illustration of the neural computing experimental results for the proposed method  

where pure water was used as the  GRP to realign all sensors to ECS to ensure its 

calibrated status. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

A paired t-test was used to statistically verify and evaluate which method performed better on 

averaged, based on all the results obtained in Table 4.12 and 4.13. This was carried out in 

Test Iterations 
Hidden 
Units R Slope 

Y-
intercept 

1 750 1 0.97 1.03 -0.25 

2 750 2 0.97 1.09 -0.06 

3 750 3 0.97 0.90 0.00 

4 750 5 0.96 1.04 0.30 

5 750 10 0.97 1.12 0.03 

6 750 15 0.97 0.83 -0.14 

7 750 20 0.96 0.82 0.16 

8 750 25 0.98 1.14 -0.35 

9 1500 1 0.97 0.95 -0.24 

10 1500 2 0.97 1.06 -0.46 

11 1500 3 0.98 1.20 -0.18 

12 1500 5 0.96 0.89 0.38 

13 1500 10 0.96 1.04 0.06 

14 1500 15 0.97 0.99 0.00 

15 1500 20 0.97 0.88 1.11 

16 1500 25 0.97 1.54 0.24 

17 2500 1 0.97 0.84 -0.17 

18 2500 2 0.96 0.81 0.31 

19 2500 3 0.97 0.98 0.02 

20 2500 5 0.97 1.19 0.28 

21 2500 10 0.97 1.01 -0.37 

22 2500 15 0.97 0.86 -0.22 

23 2500 20 0.97 1.08 -0.28 

24 2500 25 0.97 0.83 0.14 
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preference to an independent t-test, to determine if the results obtained were attributed to 

global reference point data employed and not a result of the treatment utilised (the neural 

network classifier and configuration used). The results shown in Table 4.12 and 4.13 were 

obtained from an Orion Fluoride Sensor over a 15 month period.  It was hypothesized that if 

there was no significant difference between the results obtained by the two techniques, then p 

> 0.05.  However, if there was a significant difference in the correlation, slopes and y-

intercepts obtained by the two techniques, then p < 0.05. 

 

The results obtained from the paired t-test found that there was a significant difference in the 

slopes obtained by the two techniques, as p < 0.05, being 0.000 (n=24), irrespective of the 

treatment employed.  A box plot shown in Figure 4.21, was used to show which technique 

performed better.  As can be seen, the GRP method had a median slope of 1.00 for all 24 

experiments, compared to the non-GRP technique, which had a median slope of 0.80.  There 

was a large amount of variation in the slopes obtained when no GRP point was employed, 

especially between the middle quartile (median 0.80), third quartile (0.95) and maximum 

value (2.54), with three values being extreme outliers (as shown in Figure 4.22).  However, 

when the GRP data was used the slopes lay closer to each other, with the majority (11) of 

slopes lying between the ideal range of 0.90 and 1.10. 

 

Similar results were obtained for the y-intercepts and correlations, as p < 0.05 being 0.000  

(n = 24) for both, indicating there was a significant difference between the results produced 

by the two methods.  This indicated in both cases the correlations and y-intercepts employing 

the GRP point lay closer to the ideal values of 1 and zero respectively, as shown in Figure 

4.21 and Figure 4.23.  However, when the GRP data was not employed, the correlation varied 

considerably. 
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Figure 4.21 A box plot comparing the correlations when the global reference point is used and 

not used as data input to the ECS to ensure its calibrated status. 
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Figure 4.22 A box plot comparing the slopes when the global reference point is used and not used 

as data input to the ECS to ensure its calibrated status.
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Figure 4.23 A box plot comparing the y-intercepts when the global reference point is used and not 

used as data input to ECS to ensure the its calibrated status. 

 

Overall, it was found that the ECS system was more accurate over time when the GRP data 

was used as additional data input, as the results were significantly closer to the standard 

method, then when the GRP data was not incorporated data input in the system.  This proved 

that pure water could be used to replace all calibration standards for all sensors to ensure the 

systems calibrated status and realign all the sensors to the environmentally configured 

software to account for drift and instrumental variation overtime.  This is because the trained 

neural network model was more stable and robust when the global reference information was 

included as data input. 

 

4.3.7 Effect Of Matrix Recognition Sensors On System 

 

As most sensors such as fluoride ion ISEs are not entirely selective for one specific analyte, 

they can suffer from cross responses from the sample matrix when the measurement 

conditions are not strictly controlled
34,203

.  Hence, they have the inherent flaw of requiring 
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strictly controlled physicochemical environments in order to obtain analytically valid results.  

Since ideal measurement conditions are rarely present in the environment, this invalidates the 

operating conditions required for reliable performance.  To overcome the inherent problem of 

selectivity of sensors such as ISE in the presence of interference ions or matrix interferences, 

many scientists have tried to overcome the issue by making the membranes of the sensors 

more selective
64,109,111,115

.  More recently, researchers have employed E-tongues based on 

non-selective sensor array and real world calibration to develop methods capable of 

functioning in complex real world conditions
64,71,85,86,103,104,108,111,112,114,115,117,119,125,128

 mostly 

for qualitative analysis
64,104,108,117,125

 and few for quantitative analysis
67,71,103,108,109,199

.  Others 

such as Hartnett and Diamond
67

 use a theoretical approach and sensor arrays to model 

potentiometric responses of analytes in the presence of major interferences ions such as the 

Nikolskii-Eisenman equation
109

.  However, these methods have still not adequately resolved 

the problem, as the interference ions will vary depending on the sample matrix. 

 

The concepts proposed in this thesis aims to expand this research area.  Instead of using non-

selective sensors, it aimed to resolve the problem by using a set of specific physiochemical 

sensors to characterise the sample matrix, so that the information can be collectively used to 

correct the selective sensor response in non-ideal measurement conditions by characterising 

and correcting for .  To prove the hypothesis that specific in situ MRSs can be used to 

increase the sensitivity of a selective sensor in non-ideal measurement conditions, the MRS’s 

were sequentially removed from the ECS system to determine its capabilities at determining 

the quantitative concentrations in uncontrolled and variable measurement conditions. 

 

Firstly, PCA was employed to determine how each fluoride ISE responded in non-ideal 

measurement conditions to the collective matrix interferences.  The results in Table 4.14 
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indicated that each electrode responded in a known and reproducible fashion to changes in 

analyte concentration and sample matrix conditions.  This is evidenced from the PC being 

around similar percentages in variation for each different fluoride ion electrode, when the 

same samples were analysed.  A subsequent analysis of the PC components using tagging and 

PC plots indicated the following results.  For all three electrodes PCA 1 was found to 

represent variation attributed to inherent characteristics of the fluoride electrode responding 

to a sample in non-ideal conditions.  It is strongly affected by the GRP. PC 2 was found to 

explain variation attributed to ionic strength of samples, characterised by conductivity.  PC 3 

indicated the variation was attributed to fluctuations in temperature, whilst PC 4 was found to 

indicate variation attributed to pH changes.  Lastly PC 5 indicated variations attributed to 

GRP shifting.  It should be noted that when the GRP data is not included in the ANN’s input, 

the RSE increases from less than 10% to greater than 65%, indicating the GRP has a 

synergistic effect with PC 1. 

 
Table 4.14   Principal Component Analysis for three different fluoride electrodes, using synthetic  

  environmental calibration training data. 

 

Fluoride Electrode PCA 1 (%) PCA 2 (%) PCA 3 (%) PCA 4 (%) PCA 5 (%) 

1# 32.3 25.4 20.7 11.8 9.6 

2# 35.5 24.1 20.9 15.4 4.0 

3# 33.2 24.6 21.1 14.5 6.5 

 

It was hypothesised that a set of in situ MRSs could be used to account for deviations in the 

non-ideal response of the selective sensor when measurement conditions are not controlled, 

therefore making the quantitative relationship valid in non-ideal conditions without the 

inherent need for sample pre-treatment or strictly controlled measurement environments.  The 

system was subsequently trained with the various combination of MRSs, as shown in Table 

4.15 below employing the same synthetic training set.  



219 

 

Table 4.15 Shows the synthetic test set results when the ANN was trained with different matrix recognition sensors and its effects on the 

Fluoride ISE. 

 

Experiment Global 
Reference 

Point 

Temperature pH Conductivity Fluoride 
Response 

R Slope Y-
intercept 

Explained 

Variance 
(%) 

Average 

RSE% 

1 Yes Yes Yes Yes Yes 0.995 

(p=0.000, n=22) 

0.938 0.139 99.0 -10 to 15% 

2 No Yes Yes Yes Yes 0.985 

(p =0.000, n=22) 

0.966 0.097 97.0 -15 to 27% 

3 No No Yes Yes Yes 0.985 

(p =0.000, n=22) 

1.00 0.032 97.0 -17 to 35% 

4 No No No Yes Yes 0.985 

(p =0.000, n=22) 

0.95 0.135 97.0 -21 to 32% 

5 No No No No Yes 0.988 

(p =0.000, n=22) 

1.00 0.07 95.7 -21 to 24% 

6 No Yes Yes Yes No 0.113 

(p =0.617, n=22) 

0.0448 0.240 1.3 -51 to 
493% 
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a) all data inputs (Experiment 1)   b)no GRP (Experiment 2)   c) no GRP or temperature 

 

 

 

d) only, pH and F-    e) only  F-     f) only Matrix Recognition Sensors   

 
Figure 4.24 Shows the ECS response when different MRSs are removed against the standard method response for real samples.
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The results were validated with a test set of synthetic samples and further validated with real 

samples to ascertain if the MRSs where capable of characterising and correcting for δ. 

 

Table 4.15 shows the synthetic test results obtained when each of the matrix recognition 

sensors is removed from the ECS method as a data input for neural network training.  The 

results from experiment 1 indicate that when all data inputs are used including the GRP, the 

correlation (0.995), slope (0.934) and y-intercept (0.139) are close to ideal values, indicating 

y = x.  The relative standard error (RSE) was between -10 to 15 % for the synthetic test set.  

However, when the MRSs are slowly removed, although the correlations, slope and y-

intercepts are all close to ideal values, the RSE of the synthetic test set starts to increase.  

When only the fluoride ISE is employed as a data input, the RSE was -21 to 24 % for the 

synthetic test set.  Interestingly when the selective fluoride ISE was not employed in the ECS 

and only the MRSs were used, there was a very poor correlation of 0.113 (p = 0.617, n = 22), 

slope of 0.044.  These results indicated that without the information provided by the selective 

sensor, the ANN cannot determine synthetic samples in non-ideal measurement conditions.  

The results indicated that the MRSs had a synergistic effect on the selective sensor in non-

ideal measurement conditions, as its accuracy in non-ideal conditions was significantly 

improved when they were incorporated into the measurement system. 

 

The trained neural network specific to each experiment shown in Table 4.15 was then further 

validated using real samples from northern NSW and south east Queensland.  The results are 

shown in Figure 4.24.  Interestingly, it was found that when the GRP and subsequent MRSs 

were removed for the ECS system as data inputs, the slopes of the principal axis of the 

correlation ellipse which were used to characterise matrix deviations (δ) decreased in values, 

despite the correlation and y-intercepts being close to ideal values and data patterns being 
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similar.  For example when GRP was removed, the slope decrease to 0.84.  When the sensor 

that characterised temperature was removed as a data input, the slope (representing δ) 

decreased further to 0.65.  When conductivity was removed the slope remained at 0.65 and 

when pH was removed the slope (characterising δ) changed to 0.64. However, when the 

selective sensor was removed and only the MRSs were employed as data input to indicate 

changes in fluoride concentration, the slope was 0.03 indicating the system could not 

determine an increase in fluoride ion concentration. 

 

These results highlight two important points regarding the use of this method employing 

ANNs.  Firstly, the results strongly indicate that the MRSs do improve the selective sensors’ 

ability to perform in non-ideal measurement conditions, by characterising the collective  

value.  This is because the slope increased from 0.64 to 0.84 when all the MRSs are 

employed collectively and to 1.02 when the GRP is employed.  The RSE also improved when 

the MRSs were included in the method.  This results highlight that rather than scientists 

developing more highly selective sensing surfaces for in situ analytical measurements, the 

selectivity could simply be improved by incorporating a set of in situ MRSs  

 

The second point that is of extreme importance in the development of neural network-based 

analytical applications is that synthetic samples can be used to develop autonomous sensors 

for real-world applications negating the need to perform localised calibration at the 

monitoring site of interest, as long as the sensors are employed to perform a certain, selective 

function.  As can be seen from the results in Table 4.15 an ANN can learn any type of pattern 

and determine real cause and effect relationships between the data inputs and desired output 

if the sensors employed represent a certain function.  This is because highly significant 

correlations above 0.98 (p = 0.000, n = 24) were obtained, with slope and y-intercepts being 
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close to ideal values, indicating y = x.  However, when the trained neural networks were 

tested with real samples, instead of synthetic samples, the slopes began to decrease away 

from ideal values.  Hence, it is envisaged, that in future neural network-based analytical 

methods, require sufficient validation on real samples to determine if there is in fact proof 

that the method/theory is valid and not a results of the ANN finding non-linear patterns in the 

data. 

 

4.4 Conclusions 

 

A new generic environmental configuration method was developed that is capable of 

converting of commercially available wet-sensing probes into an autonomous sensor that is 

capable of accurately responding in situ to their environments irrespective of measurement 

conditions.  The technique developed environmentally configures a selective indicative 

sensor to a set of  specific matrix recognition sensors (MRSs) employing an ANN  and a 

global reference point (GRP) to teach it to ―intelligently‖ respond in situ to its environment, 

negating the need for sample pre-treatment, conventional calibration and the inherent need to 

maintain strictly controlled measurement conditions.      

 

The results demonstrated that it was possible to convert a traditional laboratory-based sensor 

into a direct in situ sensor for accurate, real-time water quality monitoring irrespective sample 

matrix conditions.  The proposed method was demonstrated on three independent electrodes 

and was found to work very well at determining the fluoride ion concentrations of real and 

synthetic samples in non-ideal measurement conditions, without reagents, buffers or 

calibration.  Highly significant, positive correlations of above 0.97, and slopes between 0.9 

and 1.10 were obtained with the theoretical fluoride concentrations and standard method, 
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whilst the y-intercepts were close to the ideal value of zero.  These results were achieved 

when a single neural network architecture was employed. 

 

Recovery experiments indicated that the results obtained by the ECS were comparable to 

standard method experiments, however the standard method measurement were achieved in 

ideal conditions, whilst the ECS was achieved in situ and directly without any reagents, 

buffers or calibration.  These results are extremely promising for the field of on-line water 

quality monitoring, as it has been demonstrated that the selectivity of a commercially 

available probe can be converted into a direct in situ sensor and its sensitivity improved, 

without modifying or developing a new membrane. 

 

The results strongly concluded that by simply employing a set of in situ MRSs, combined 

with a global reference point and processing the information with an ANN a selective 

indicating sensor could be environmentally configured for continuous on-line monitoring in 

non-ideal conditions.  This is because the results strongly demonstrated that a set of MRSs 

could be employed to collectively characterise matrix deviations (denoted by δ) in the 

selective indicator sensor’s raw response when measurement were not controlled, which 

enabled quantitative relationships of selective sensors to be valid for fluoride in a wide range 

of non-ideal measurement conditions.  In addition, the use of in situ MRSs negated the need 

for sample pre-treatment, buffers, and the inherent need for fixed measurement backgrounds, 

as the environmentally configured ―intelligent‖ sensors are capable of dynamically 

responding in situ to the environment, irrespective of measurement conditions.  This is 

because all slopes increased from 0.64 to 0.84 when all MRSs were employed collectively 

and to 1:02 when the GRP was included.  These findings contradict conventional thinking, 



225 

 

which maintains analytical measurements must be made with equal care under strictly 

controlled measurement conditions.  

 

The results further demonstrated and up held the hypothesis that when a selective sensor 

responds to a set of prescribed non-ideal measurement conditions, it occurs in a known and 

reproducible fashion as evidenced by PCA and other statistical analyses.  The research 

strongly concluded than an ANN can be employed as an alternative data analysis technique to 

collectively characterise and process the complex linear and non-linear interactions and 

information (denoted by δ) between the selective indicating sensor and its environment 

(represented by matrix recognition sensors) and to overcome signal drift, when measurement 

conditions are not controlled.  This technology provides scientist with the opportunity to 

monitor more complex linear and non-linear observations between the target analyte and its 

environment, which to date has been limited by 18
th

 Century mathematical processing 

techniques.   In addition, from a chemomemtric/ANN perspective the  experiment results also 

illustrated that on-line monitoring system could be environmentally configured  in the 

laboratory using a set of synthetic samples to teach the selective sensor so that it was capable 

of intelligently learning i.e. to discover the real cause and effect relationships between the 

chemoselective sensor signal and collective matrix interferences in uncontrolled 

environments with a limited training set (less than 60 pairs).  Even more interesting was the 

system could be environmentally configured to a set of MRSs using a set of synthetic 

samples and once trained could be used directly for real sample analysis, negating the need to 

be further trained with real samples at the monitoring site of interest.  In terms of 

chemometric/ANN based analytical systems this has not been previously demonstrated in the 

literature.   
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With regards to overcoming the problems associated with signal drifting, it was hypothesised 

and experimentally proven that pure water could be used to obtain the global reference point 

to realign all MRSs and selective sensors to the environmentally configured/calibrated 

software to ensure the systems long-term calibrated status.  Testing was done over 16 month 

period and it was found no maintenance other than system realignment which was done by 

injecting pure water into the system once every 24 hours.  The results strongly concluded that 

the monitoring systems operated more accurately when the GRP data was employed as data 

input to the ANN.  In the area of water quality monitoring, this has been one of the greatest 

challenges to overcome, as a sensor must endure extreme and variable field deployment 

conditions that vary with time.  In addition it also proved pure water could be used to replace 

all calibration standards.  It suggests and highlights that we may not need to develop more 

stable reagents or miniaturise devices to use less reagents as some scientists have suggested, 

we could alternatively use a more natural and environmental benign solution and changing 

the way we calibrate sensors for field applications (that are designed to work within 

framework of natural, dynamic environments), develop on-line monitoring systems that do 

not create any secondary forms of pollution.  To our knowledge this has never been achieved 

before in the field of electrochemistry.  
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5.1 Introduction 

 

The results in Chapter 4 demonstrated that it was possible to develop a new analytical 

method specifically designed for continuous on-line monitoring in non-ideal 

measurement conditions by simply employing a set of specific MRSs, a global reference 

solution of Milli-Q water and processing the data with trained neural network.  This 

analytical approach demonstrated robustness in overcoming matrix interferences and 

variability overtime, a reduced signal drift and required minimal sample pre-treatment 

conditions.  Additionally, the technique did not require strictly controlled measurement 

conditions.  However, as the approach was based on chemometrics, there were still a 

few challenges that needed to be addressed to improve its widespread application to 

field monitoring, in addition to its economic viability.  These drawbacks are primarily 

associated with the labour intensiveness of training/calibration
83,178

 and the suitability of 

the method to be applied to other water quality parameters
83,178

.  Therefore in Chapter 5 

a systematic study was conducted in which two important factors were investigated.  

 

Firstly, the proposed analytical approach described previously in Chapter 4 (see Section 

4.1), hypothesized that reagents, calibration and the need to maintain strictly controlled 

physicochemical conditions could be overcome, simply by employing a set of in situ 

MRSs and a global reference solution of Milli-Q water.  It was consequently, necessary 

to validate the applicability of the method against other important water quality 

parameters to ascertain its suitability for large-scale water monitoring applications. 

  

Secondly, it was important that the adaptability of the environmentally configured 

system to the incorporation of new sensing probes was determined, as the sensors need 

to be replaced once their physical lifetime limit has been reached.  As this configuration 
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and calibration procedure is considerably more time-intensive than traditional univariate 

analytical calibration, ideally a simple one-step realignment process is required to install 

new electrodes to the system, to improve its long term and economic viability.  This 

would be a desirable attribute such that the environmentally configured trained neural 

network models developed for specific water quality parameters could be applied to 

new electrodes, even from different manufacturing companies, as long as they follow 

the same measurement principal.  This would ensure that method is economically viable 

to implement for large scale, remote sensing applications by negating the need to repeat 

the training process over and over again. 

 

Interestingly in Chapter 4, PCA analysis indicated that for the crystalline fluoride ISE 

from different companies, the systems responded in a reproducible fashion to a specific 

set of non-ideal measurement conditions, as the principal components of variation were 

similar.  These results suggested that each ISE should respond to changes in matrix 

conditions in a similar fashion, as long as the sensor is based on similar measurement 

principles.  Therefore, it was hypothesized that the trained neural networks models 

could be transferred to new electrodes by simply applying a correction factor, as long as 

the instrumental variation and reference electrode for each individual sensor was taken 

into account. 

 

This chapter, the research will focus on investigating the adaptability of the new method 

by assessing the following: 

a) Applicability of the method to other water quality parameters such as pH, 

ammonia and ammonium. 

 

b)  The applicability of the environmentally configured software to newly installed 

electrodes. 
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5.2 Methods 

 

5.2.1  Reagents 

 

All chemicals used in this study were analytical reagent grade and all synthetic solutions 

and dilutions were prepared using deionised (Milli-Q) water, unless otherwise stated.  

Ammonium chloride (NH4Cl) (99%, Chem-Supply) was prepared for ammonia and 

ammonium samples standards and spiking of real samples. Other reagents used in this 

experiment without further pre-treatment were sodium chloride (99%, Chem-Supply), 

sodium hydroxide (mini-pearls LR-Chem-Supply), calcium chloride (93%, Chem-

Supply), magnesium sulfate (99%, Chem-Supply), sodium hydroxide (99%, Chem-

Supply), nitric acid (69.0-70.0%, J.T Backer), ammonium ISAB Solution (121824, 

TPS), potassium chloride (99%-Chem-Supply), pH buffer 4 (TPS), pH buffer 7 

(TPS)and pH buffer 9.18 (TPS).  Sodium fluoride (99%, Chem-Supply) was also used 

for the realignment method using real and synthetic samples. 

 

5.2.2  Selective Sensor 

 

5.2.2.1 Ammonium 

 

To evaluate the method applicability to water quality parameters using PVC 

membranes
71,203

, a TPS ammonium electrode (part number 121520) was used. The 

electrode was connected to an on-line electrochemical unit, (NICO 2000 LTP 18 

Channel Monitor) using a BNC connector. 
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5.2.2.2 Ammonia 

 

To evaluate the method applicability to gas permeable ISE membranes
203

, a TPS 

ammonium electrode (part number 121700) was used.  The electrode was connected to 

an on-line electrochemical unit, (NICO 2000 LTP 18 Channel Monitor) using a BNC 

connector. 

 

5.2.2.3 pH 

 

To evaluate the method on glass sensitive ISE membranes
203

, a Jiangsu pH electrode 

was used to evaluate the applicability of the method for continuously monitoring pH in 

non-ideal measurement conditions.  The electrode was connected to an on-line 

electrochemical unit, (NICO 2000 LTP 18 Channel Monitor) using a BNC connector. 

 

5.2.3 Matrix Recognition Sensors 

 

5.2.3.1 pH MRSs 

 

For the pH sensor, temperature was employed as the only MRSs, as Nernst Equation
34

  

is well known to be affected by thermodynamic conditions.  Therefore, additional 

temperature sensor information was required as data input, as it directly affects the slope 

of both the pH sensing response in non-ideal measurement conditions. 
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5.2.3.2 Ammonia MRSs 

 

The MRSs employed in an attempt to negate the need for controlled measurement 

conditions were pH, temperature and conductivity, which was verified by PCA analysis 

that indicated 97.7 % of the data was explained by the selective and MRSs (please refer 

to Table 5.1, page 243).  A pH sensor was employed to monitor the pH of the sample, as 

conventionally, under strictly-controlled measurement conditions, the measurements 

must occur above a pH 10, to ensure over 85% of the NH3 is present in its un-ionised 

form
34

, as shown in Figure 5.1.  A Jiangsu pH electrode was connected to a 

electrochemical unit (NICO 2000 LTP 18 channel monitor) and was used to record the 

pH of the samples when measurement conditions were uncontrolled.  

 

Figure 5.1 Shows how the ratio of Ammonia to Ammonium varies with respect to the pH.  

 

A TPS conductivity cell (Part 122226 
ATC

k
1

 ) and a TPS (Model LC84) meter was 

used to collect matrix information in relation to the ionic strength of the samples.  This 

is primarily because the ionic strength of the sample varies with changing pH and the 

matrix composition of the sample. A temperature sensor was also employed as a MRSs, 

as it is well documented that pH, NH3 and conductivity sensor measurements are 
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affected by temperature
34

. A stainless steel thermistor was connected to a NICO 2000 

LTP 18 channel monitor was used to record the temperature of the samples in non-ideal 

conditions. 

 

5.2.3.3 Ammonium MRSs 

 

For the environmentally configured ammonium ISE, to overcome the inherent need for 

sample pre-treatment and controlled measurement conditions such as buffers (i.e. 

ISAB), potassium ion interference
16,67

 and temperature effects, the MRSs employed 

were pH, temperature, conductivity and potassium sensors, which are highlighted by the 

conventional analytical approach.  A Jiangsu pH sensor, a TPS potassium ion sensor 

and a stainless steel thermistor were connected to NICO 2000 LTP 18 channel monitor 

and used to record the temperature, potassium ion concentration, and pH of the samples.  

A TPS conductivity cell (Part 122226 
ATC

k
1

 ) and a TPS (Model LC84) meter were 

used to collect matrix information in relation to the ionic strength of the samples. 

 

5.2.4 Development Of Synthetic Matrix For Environmental Configuration 

 

5.2.4.1 pH Environmental Configuration 

 

To environmentally configure a pH sensor, so that it is capable of autonomously and 

accurately responding in situ, without the inherent need to maintain strictly controlled 

measurement conditions or calibration, a set of pH buffer standards were employed and 

measured at different temperatures between 5
o
C and 45

o
C using a randomized 

experimental design.  This was preformed to enable the sensor to ―intelligently learn‖, 
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i.e. to discover the real non-linear and linear cause and affect relationships between the 

chemoselective sensor signal and these collective matrix interferences (δ) to a given set 

of uncontrolled measurement conditions. 

 

5.2.4.2 Ammonia and Ammonium Environmental Configuration 

 

To environmentally configure the selective ammonia and ammonium sensors such that 

they were capable of autonomously and accurately responding in situ to non-ideal 

matrix conditions, a calibration set of synthetic ―environmental like‖ samples were used 

to teach the selective ISEs how their responses are affected by changing sample matrix 

conditions, when measurement conditions are not controlled. 

 

An environmental calibration set of 60 synthetic samples that collectively encompassed 

Australian surface water conditions pertaining to ionic strength, pH and temperature 

were employed to develop a suitable training and testing set. For each synthetic sample, 

the ionic strength, pH, temperature, potassium ion, ammonia ion and ammonium ion 

level were determined by a randomised experimental design.  This was carried out to 

enable the sensor to ―intelligently learn‖, i.e to discover the real non-linear and linear 

cause and effect relationships between the chemoselective sensor signal and these 

collective matrix interferences (δ) to a given set of uncontrolled measurement 

conditions. To vary the ionic strength of the synthetic samples, which will in turn affect 

the conductivity measurement, a number of ions (cations and anions) that are found 

typically in natural aquatic environments were added to test solutions (using recorded 

minimum and maximum ranges).  These ions were the same as those used in Chapter 4 

including NaCl (Na
+
 0-180 mg/L), MgSO4 (Mg

2+
 0-150 mg/L) and CaCl2 (Ca

2+
 0-500 

mg/L).  The synthetic samples may also contain interference ions of the selective 
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sensors, in a range of concentrations that are found in aqueous environments, as well as 

the target analyte of interest. For example as the ammonium and ammonia ISE sensing 

responses were affected by pH
34

 these interferences were accounted for by adjusting the 

pH at various points between the  6.5 to 10.  

 

 The flow rate of the test solution over the sensor was optimised, such that the pH of the 

samples could be adjusted simply by the addition of 0.01 M NaOH and 0.01 M HNO3 

using a peristaltic pump.  As the ammonium electrode was significantly influenced by 

potassium ions, this interference was accounted by spiking the system with potassium 

ions to a similar concentration to that found in natural drinking water systems in 

Australia (typically between 0 and 10 mg/L).  The temperature of each sample was 

adjusted by using a Thermoline water bath (between range 5
o
C and 45

o
C) and 

measurements were not taken until the samples had reached thermal equilibrium.  This 

ensured that the selective sensor response in non-ideal measurement conditions could be 

monitored and recorded for subsequent environmental configuration. As the sensors 

were being measured in non-ideal measurement conditions, a non-equilibrium based 

measurement approach was employed using a specified time period.  Three replicate 

samples of each synthetic matrix sample were analysed. 

 

5.2.5 Standard Ammonia Analysis 

 

The 4500-NH3 D APHA Standard Method
34

 was used to validate the ECS ammonia 

results against a internationally employed standard method.  Three replicate 

measurements were obtained for each sample measured, with the average value being 

used as the ―true value‖ for statistical method comparisons.  A TPS ammonia electrode 

was employed that was connected to an on-line, electrochemical unit (a NICO 2000 
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LTP 18 channel monitor), which was connected to a PC using an RS232 capable to 

obtain the measurements. 

 

5.2.6  Standard Ammonium Analysis 

 

The Conventional TPS Ammonium ISE Method was used to validate the ECS method 

against internationally employed conventional method.  Three replicate measurements 

were obtained for each sample measured, with the average value being used as the ―true 

value‖ for statistical method comparisons.  A TPS ammonium electrode was employed 

that was connected to an on-line, electrochemical unit (a NICO 2000 LTP 18 channel 

monitor), which was connected to a PC using an RS232 capable to obtain the 

measurement. 

 

5.2.7  Standard pH Analysis 

 

The 4500-H
+
 B APHA standard method

34
 was used to validate the ECS pH values 

against a internationally employed standard method.  Three replicate measurements 

were obtained for each sample measured, with the average value being used as the ―true 

value‖ for statistical method comparisons.  A Jiangsu pH electrode was employed that 

was connected to an on-line, electrochemical unit (a NICO 2000 LTP 18 channel 

monitor), which was connected to a PC using an RS232 capable to obtain the 

measurements. 
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5.2.8  Environmental Configuration System Design And Instrumentation Set-Up 

 

Please refer to Chapter 4, Section 4. 2.7 for the experimental set-up employed. 

5.2.9  Analytical Procedure For Environmentally Configuring A Water Quality 

Sensor 

 
Please refer to Chapter 4, Section 4.2.8 for the analytical procedure employed. 

 
 

5.2.10  One Step Realignment Process For New Electrodes 

 

5.2.10.1 Ideal Measurement Conditions 

 

This method was developed to condition the environmentally configured trained neural 

network model to a newly installed electrode and hence, negate the need to undergo an 

intensive training process again.  In the following equations ET is the ISE used to 

develop the trained neural network model and EN is the new ISE electrode that needs to 

be installed.  In this experiment, three different electrodes were used to validate the 

method.  One fluoride ISE was obtained from Orion (Model 94-09,96-09) and the other 

two fluoride ISE’s were sourced from Jiangsu Electroanalytical Company (pF 401).  

The electrodes were connected to an on-line electrochemical unit, (NICO 2000 LTP 18 

Channel Monitor).  The method shown below was developed, after several trials. 

 

Step 1:  A traditional analytical calibration curve is constructed for both ET and EN 

using ideal measurement conditions.  

 

Which is for ET electrode: 

 

ET = E
o
T + KT  pFT   Equation 5.1 

 

ET = Response of electrode used for environmental configuration 

E
o
T = Reference electrode (Y-intercept) in ideal conditions of electrode used for configuration 
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KT = Slope in ideal conditions of electrode used for environmental configuration 

pFT = -log [F-] for the electrode used for environmental configuration 
 

 

 

Which is for EN ISE: 

 

EN = Eo
N + KN  pFN   Equation 5.2 

 
 EN = Response of new electrode used for realignment process 

 E
o
N = Reference electrode (Y-intercept) in ideal conditions of  new electrode used for realignment 

process 

 KN = Slope in ideal conditions of new electrode used for realignment process 

pFN = -log [F-] for the new electrode used for realignment process. 

 

 

Step 2: Difference between the two slopes is then calculated (δK)  

 

KN - KT = δK   Equation 5.3 

 

Step 3: The realignment factor (RS) of the slope for the new electrode is then 

determined  

 

Rs = 1+(δK/ KN)   Equation 5.4 

 

Step 4: The realigned slope (KAS) variable is then determined 

 

KAS = (KN  pFN) x RS   Equation 5.5 

 

Step 5:  Reference electrode realignment (Ry) 

 

Ry = E
o
N - E

o
T      Equation 5.6 
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Step 6:   The realignment raw input signal (RRI) is then used as input to environmentally 

configured software. 

 

RRI = Ry +EN      Equation 5.7 

 

 

5.2.10.2 Non-Ideal Measurement Conditions 

 

As all sensors need to be replaced when their physical lifetime limits have been 

exceeded an alternative realignment method was developed.  This method realigns the 

newly installed electrode by determining the realignment gap (RG) between the new 

electrode (EN) output and the environmentally configured software by measuring the 

response of newly installed electrode in non-ideal measurement conditions.  Ten real 

sample matrices were used to develop the method steps below.  The method was 

subsequently evaluated with a new set of ten real samples using two new fluoride 

electrodes from the Jiangsu Electroanalytical Company (pF 401).  The electrodes were 

connected to an on-line electrochemical unit, (NICO 2000 LTP 18 Channel Monitor).  

 

Step 1.  Ten real samples spiked with a range of analyte concentrations in non-ideal 

measurement conditions to ascertain the realignment gap for each newly installed 

electrode.  

 

Step 2: To determine the realignment gap (RG) measure the relative standard error 

(RSE) for the ten samples needs to be determined by comparing the output from the 

ECS to the APHA standard fluoride method. 

 

RG = 


x RSE    Equation 5.8 
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Step 3:  Next determine the realignment factor (RF)  

 

RF  = 1/RG    Equation 5.9 

 

Step 4: Multiply the output of the post- processed trained neural network with the 

realignment factor 

 

                  ppm = output (ANN) x RF                   Equation 5.10 

 

5.2.11 Statistical Analysis 

 

In order to evaluate the accuracy and robustness of the proposed analytical approach to 

other water quality parameters, a correlation analysis was used to validate for real and 

synthetic sample, compared to the well-known standard methods.  A Pearson’s 

correlation (R) was used to measure the intensity of association between the results 

obtained by the proposed method to the ―true‖ theoretical and standard method 

results
201

.  When R = 1 the intensity of association is said to be very strong and the two 

methods highly correlated.  Alternatively, if R = 0, there is said to be no intensity of 

association, and the two methods are not correlated.  For evaluating its performance on 

real samples, the slope and y-intercept of the principle axis of the correlation of the 

ellipse were also calculated to establish if the proposed method was determining the 

same fluoride concentrations as the standard method
149

.  This was employed instead of 

standard regression, as the standard fluoride method contains error and conventional 

regression analysis assumes no measurement error in the x-axis
201

.  For evaluating its 

performance on synthetic samples, a regression analysis was used to compare the slope 

and y-intercepts obtained from the proposed methods to the theoretical fluoride 
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concentrations, as a regression analysis assumes no error in the x-axis, which is the case 

for theoretical values 
148

.  If the two methods determined exactly the same values for the 

test set data and real sample data, then a slope of one and a y-intercept of zero should be 

obtained, indicating y = x. 

 

In this set of experiments PCA was also employed to examine the variation in both the 

synthetic data sets and real sample sets, as PCA is a linear data analysis tool that is able 

to break a data set up into latent variables that are capable of explaining the maximum 

amount of variation in a new dimensional space occupied by the principle 

components
83,206

.  In these experiments it will be used to explain variation in non-ideal 

response attributed to each matrix interference and to statistically validate the use of 

specific MRSs used to environmentally configure the water quality parameters for 

continuous on-line monitoring in non-ideal conditions
73

.  

 

5.3 Results 

 

The following results section will ascertain the robustness and adaptability of the 

method to other water quality parameters and the generic applicability of the software to 

newly installed electrodes. 

 

5.3.1 Environmentally Configured pH Sensor 

 

To evaluate the generic applicability of the proposed measurement approach to other 

water quality parameters for continuous monitoring applications, it was applied to 

commercial pH sensor to demonstrate is adaptability to other ISE based on glass 

sensitive membranes.  pH sensors are the most common electrochemical method 
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employed from the ISE range for water, wastewater and recycled water quality 

monitoring purposes
5,16,32,33

.  For the pH sensor, temperature was employed as the only 

MRSs, as it is well known that temperature affects the pH response in non-ideal 

measurement conditions, as it is based on Nernst Equation
34

.  The pH sensor was 

environmentally configured with a training set of 60 synthetic samples measured at 

different temperatures employing a randomized experimental design.  Each day prior to 

sample analysis, the pH sensor was measured in Milli-Q water to obtain the global 

reference point for the day.  The global reference point, recorded temperature value of 

the sample and raw pH value were used as data inputs for neural network training, 

testing and real sample analysis, as shown below in Figure 5.2. 

 

 

 

 

 

 
Figure 5.2  Shows a schematic diagram of neural network configuration used for 

environmentally configuring a pH sensor when three hidden units are 

employed. 

 

The optimized neural network configuration was determined by using the ANN training 

parameters shown in Table 4.2, page 172.  Figure 5.3 illustrates the typical pH sensor 

response when measured in Milli-Q water.  This was needed to obtain the global 

reference point which is required to realign the raw signal to the environmental 

configured software to compensate for signal drift.  It is interesting to note, the global 
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reference point changes on a daily basis, indicating that the electrode response 

(reference electrode (E
o
), reflected by y-intercept) is affected by signal drift and 

instrumental variation on daily basis, which can cause measurement errors using 

traditional measurements, if the system is not calibrated on a regular basis
3,16,59,181

.  

These results further emphasize the need for a new analytical method specifically 

designed for continuous on-line monitoring to ensure its calibrated status can be 

maintained over long periods of time. 
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Figure 5.3   Demonstrates how Milli-Q water can be used to characterise global reference 

point fluctuations on a daily basis for a typical pH electrode. 

 

 

The environmentally configured pH sensor was first validated using a set of synthetic 

pH samples at various temperatures to which the system had not been previously 

developed with (Figure 5.4).  Twenty-four synthetic samples were tested under non-

ideal measurement conditions between the temperature ranges of 6
o
C to 40

o
C.  A 

correlation and regression analysis was used to compare the environmentally configured 

pH sensor results to the known theoretical responses.  A significant and positive 

correlation of R = 0.99 (p = 0.000, n = 24), slope of 0.98 and y-intercept of 0.14 was 
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obtained, indicating the environmentally configured pH sensor was determining similar 

pH values to the theoretical samples without the inherent need for calibration or strictly 

controlled measurement conditions.  The time required for a single measurement was 

until equilibrium was established in non-ideal measurement conditions, which was 

approximately 5 minutes.  The detection limit was pH 2 and maximum detection limit 

of the system was found to be pH 10. 

 
Figure 5.4      Evaluation of environmentally configured pH sensor using a synthetic test set.    

Training set 60; Test set 24; Hidden units 10; Iterations 1500; Dotted line 

indicating y = x;% RSE between -1.8 and 1.57. 
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Figure 5.5 Validation of environmentally configured pH sensor on real samples using a 

correlation analysis.  Synthetic Training set = 60; Test set = 23; Hidden units 

10; Iterations 1500.  Dotted Line indicates y = x.  %RSE -4.94 to 2. 

 

 

The environmentally configured pH sensor was further validated with a set of seven 

different types of real samples that ranged from surface water, treated potable water, 

bottled water, apple juice and other commercially made beverages, as shown in Figure 

5.5.  Each sample was measured three times over the course of one week; with Mt 

Franklin being measured an additional two times.  For each sample, the pH was initially 

measured by the ECS in non-ideal measurement conditions and then subsequently by 

the APHA 4500-H
+
 B pH standard method

34
, which required ideal measurement 

conditions being employed. 

 

Once again a correlation analysis and the principal axis of the correlation ellipse was 

used to evaluate how the EC pH sensor preformed at measuring real samples in non-

ideal measurement conditions.  A correlation of 0.995 (p = 0.000, n = 23) was obtained, 

indicating the two methods were highly and significantly correlated, as the two methods 
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were determining similar values as indicated by the statistical analyses and visual 

observation.  This was furthered evidenced by the slope of 0.972 and y-intercept 0.01 

indicating y = x.  The results demonstrated that the method is adaptable to other ISE 

based on glass sensitive membranes. This further validated that calibration and ideal 

measurement conditions could be negated for continuous monitoring purposes, by 

employing the proposed method for pH measurements. 

 

5.3.2 Environmentally Configured Ammonia Sensor 

 

Ammonia is another important parameter that is frequently measured to ensure water 

quality of potable and recycled water treatment applications
22,30

.  As stated in section 

5.2.2 ammonia can be present in its unionized (NH3) and ionized (NH4
+
) form and 

usually when present dissolves rapidly to form an equilibrium mixture between the 

two
207

.  The speciation is known to be affected by the pH, temperature and ionic 

strength of the aqueous sample matrix
34,208,209

.  In addition, it is commonly combined 

with chlorine to form a monochloramine - a disinfectant for potable water supplies
34,209

 

or alternatively is measured to detect the presence of unionized ammonia that can 

indicate the presence of sewage or microbial contamination e.g. recycled water 

treatment schemes
33

.  Most laboratory methods can only measure the combined total 

ammonia and ammonium present in a sample, as it is very difficult to directly measure 

the activity of aqueous free ammonia (NH3 (aq)). 

 

One of the most common methods to measure ammonia is by using an ISE based on a 

gas permeable membrane
34

.  Conventionally, in order to obtain analytical valid results, 

it requires raising the pH of the sample above 10 with a strong base (typical 10 M 

NaOH), to ensure NH4
+

 is converted to available NH3(aq) which then diffuses through the 

membrane as ammonia.  In addition, the temperature should remain constant at 25
o
C to 
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ensure a consistent rate of change, with re-calibration required every two hours to 

compensate for signal drift. 

 

Hence, it was decided to evaluate the adaptability of the method to determine ammonia 

employing an ISE based on gas permeable membranes.  The method was validated on 

two independent ammonia electrodes from TPS.  The selective NH3 sensors were 

environmentally configured to set of in situ MRSs in the laboratory, using a set of 45 

synthetic samples for neural network training.  The system was subsequently evaluated 

with a test of unknown samples with which the system had not previously been 

developed.  For the commercially available ammonia sensor, the results suggested that 

the method can respond in situ without calibration or the conventional need for 

temperature control and pH adjustment above ten
34

.  The MRSs employed to negate the 

need for controlled measurement conditions were pH, conductivity and temperature.  

PCA analysis verified this selection that indicated 97.7 % of the data was explained by 

the selective and MRSs (as shown in Table 5.1) 

 

Table 5.1 PCA Analysis two Ammonia Electrodes. 

 

Ammonia 

Electrode 

PCA1 

% 

PCA2 

% 

PCA3 

% 

PCA4 

% 

PCA5 

% 

PCA6 

% 

#1 43.7 21.1 18.1 13.2 2.5 1.3 

#2 45.7 23.6 16.0 10.6 2.7 1.4 

 

Figure 5.6 shows a schematic of the neural network configuration used for training and 

evaluation of the proposed method, incorporating the MRSs, NH3 sensor and GRP as 

input data to the system.  Ammonia electrode #1 was first environmentally configured 

for continuous monitoring purposes using a training set of forty-five samples.  The 

system was subsequently tested with twelve ammonia samples to which the system had 

not been previously developed with.  Figure 5.7 show the test set results for evaluating 
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the applicability of the method for measuring ammonia.  A statistically significant 

correlation of 0.988 (p = 0.000, n = 12) showed the ECS data and standard ammonia 

measurements were highly correlated.  A slope of 1.03 and y-intercept of -0.03 

indicated the two methods were determining similar values as y = x.  Similar results 

were obtained when ammonia electrode #2 was environmentally configured as shown in 

Figure 5.8 below. 

 

 

 

 

 
Figure 5.6  Shows a schematic diagram of neural network configuration used for  

environmentally configuring an ammonia sensor when three hidden units are 

employed. 
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Figure 5.7 Validation of environmentally configured Ammonia TPS sensor (#1) on samples 

using a correlation analysis.  Training set = 45; Test set = 12; Hidden units 20; 

Iterations 750.  Dotted line indicates y = x. %RSE -28.05 to 29.95 with 9 

samples between -9.28 and 13.38. 

 

 

However, the results obtained by the EC ammonia ISE were done on-line/in situ 

without ex situ calibration, reagents, or sample pre-treatment, whereas the standard 

ammonia measurements still required strictly controlled measurement conditions and 

frequent calibration.  It was also worthy of note to mention the data points were tightly 

distributed around the y = x, indicating the environmentally configured ammonia ISEs’ 

were able to respond to changing sample matrix conditions accurately without pH being 

maintained above 10 or temperature at 25
o
 C, as usually required.  

Using this system, the detection limit for ammonia was found to be 0.3 ppm with a 

linear range up to 6 ppm.  However, this can depend on selective senor employed and 

how the sensor was environmentally configured.  The system was found to operate in a 

pH range between 6 and 10 and temperature 5- 45 
o
C. 
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Figure 5.8 Validation of environmentally configured TPS (#2) ammonia sensor on 

synthetic samples using a correlation analysis.  Training set = 45; Test set = 

12; Hidden units 10 and 750 Iterations. %RSE -35.8 to 29.5% with 9 samples 

having between -17 and 17%. 

 

Overall, the results demonstrated in principle that the method could be applied to ISE 

based on gas permeable membranes for continuous on-line water quality monitoring in 

non-ideal measurement conditions. 

 

5.3.3 Environmentally Configured Ammonium Sensor 

 

To further validate the adaptability of the proposed method to other water quality 

parameters, it was decided to investigate its applicability to ISE based on PVC-based 

membranes. An ammonium ISE was selected as ammonium concentrations are a 

common water quality parameter measured in recycled water treatment schemes
30,32,33

.  

In order for these sensors to acquire accurate measurements they require ideal 

conditions such as controlled temperature (25
o
C), pH (6.5-8.5), and the addition of an 

ionic strength adjustment buffer (ISAB)
16,70

.  In addition, the measurement response is 
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also strongly affected by any potassium interference ions
70

.  Hence, it was decided two 

evaluate the robustness of the method on two ammonium ISE’s under non-ideal 

measurement conditions. 

 

When the two ammonium ISE’s were environmentally configured the results 

demonstrated that sample pre-treatment and controlled measurement conditions such as 

buffers (i.e. ISAB), potassium ion interference, temperature and pH effects, in addition 

to conventional calibration could be negated.  MRSs for the environmentally configured 

ammonium sensor system comprised of pH, temperature, conductivity and potassium 

sensors (as shown in Figure 5.9), which are documented in the literature and were 

verified with PCA analysis as shown in Table 5.2, page 248. 

 

 

 

 

 
Figure 5.9   Shows a schematic diagram of neural network configuration and system  

used for environmentally configuring a ammonium sensor when three hidden 

units are employed. 
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Table 5.2  Shows the PCA analysis results obtained for two ammonium ISE’s. 

  

Ammonium 

Electrode 

PCA1 

% 

PCA2 

% 

PCA3 

% 

PCA4 

% 

PCA5 

% 

PCA6 

% 

#1 30.9 28.8 19.0 13.3 5.27 2.60 

#2 29.62 22.05 18.22 14.4 12.1 3.12 

 

A schematic diagram of the configuration of the system is shown in Figure 5.9.  These 

MRSs in conjunction with the global reference solution, made the conventional method 

valid in uncontrolled measurement conditions, as a statistically significant correlation of 

R = 0.937 (P <0.000, n = 17), Slope of 1.19 and Y-intercept of -0.129 was obtained for 

NH4
+
 electrode #1. This indicates that the method was determining equivalent 

ammonium concentrations to the traditional method as y = x.  The non-ideal 

measurement conditions ranged from: ionic strength 281-2660 µS/cm; temperature 5-

60
o
C; pH 4-10 and potassium ion concentration from 0-10 mg/L. 

 

 
 

Figure 5.10 Validation of environmentally configured TPS (#1) ammonium, sensor using a 

correlation analysis.  Training set = 47; Test set = 17; Hidden units 10; 750 

Iterations. %RSE 27 to 78% with 13 samples having between 16 and -18%. 
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A second ammonium sensor (#2) was configured employing the same technique as 

above, employing a training set of sixty-seven and test set of twenty-seven.  

Interestingly, the ECS produced similar research findings.  The correlation analysis 

reveals that the EC response was highly and significantly correlated to the traditional 

approach as R = 0.965 (p = 0.000, n = 27).  For both NH4
+ 

electrodes, the slopes tended 

to be higher than ± 10% of one, indicating some potential error in the measurements 

obtained, compared to those obtained by crystalline, glass or gas permeable membranes.  

Hence, it is evident that this type of sensor may be less than ideal for continuous 

monitoring in non-ideal conditions, based on its physically limitations such as need for 

internal filling solutions. 

 

 

Figure 5.11 Validation of environmentally calibrated TPS (#2) ammonium sensor on 

synthetic samples using a correlation analysis.  Training set = 67; Test set = 

27; Hidden units 3 and 2500 Iterations.  % RSE 27 to 78% with 13 samples 

having between 16 and -18%. 
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Overall from the results obtained, it was evident that the EC ammonium ISE was able to 

dynamically respond to changing sample matrix conditions and still produce 

quantitative measurements with a reasonable degree of accuracy.  The detection limit 

was found to be 0.4 ppm with a linear range up to 6 ppm.  The system can operate in a 

pH range between 4 to 10 and temperature 5- 45
o
C.  The results demonstrate in 

principle that this approach was applicable to water quality parameters based on liquid 

membranes. 

 

5.3.4 Environmentally Configured Ammonia Sensing System 

 

As stated above, it has been documented in the literature, conventional analytical 

methods used to measure ammonia concentrations, tend to measure the combined total 

of unionised and ionised ammonia in a water sample
70,210,211

.  Therefore, it is very 

difficult to determine the activity of unionised aqueous NH3, which is the form that can 

be toxic to aquatic organisms and to humans at very high levels. 

 

As neural networks have the ability to process a number of data inputs and determine 

one or more output values, it was decided to investigate if an ammonia sensor could be 

environmentally configured to determine ionised and unionised ammonia 

concentrations.  The ammonia ISE was selected as it does not require to be buffered 

with ISAB, and in addition it is the preferred standard method for monitoring NH3 

levels
34

.  The method was demonstrated using a TPS ammonia sensing electrode, 

combined with a set of MRSs as shown in Figure 5.12.  As the speciation of ammonia in 

aquatics systems affected by pH, temperature and ionic strength, the MRSs included a 

temperature, pH and conductivity sensors to characterise the dynamic non-ideal 

measurement conditions.  The ammonia sensing system was environmentally 
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configured to the set of MRSs in the laboratory using a set of synthetic samples.  The 

system was subsequently trained using a supervised learning technique 

(backpropogation algorithm) to teach it how to determine the total NH3-N, as well as 

free NH3 and free NH4
+
. 

 

 

 
 
 

 

 

Figure 5.12 Shows the schematic diagram of the neural network configuration employed to 

environmentally calibrate the ammonia ISE to determine total NH3, free NH4+ 

and free NH3. 

 

 

Interestingly, the results obtained indicated the technique showed promise.  Figure 5.10 

(a), (b), and (c) revealed that the correlation and regression analyses between the results 

obtained from the ECS compared to various ammonia concentrations.  There seemed to 

be a significant and high correlation between the ECS results and standard ammonia 

concentrations as R >0.945 were obtained for all forms of ammonia-nitrogen. The 

slopes and Y-intercepts for the regression analyses were also ± 10% from the ideal 

values of one and zero respectively, indicating the approach could determine the 
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equilibrium concentration of unionised NH3 and the ionised NH4
+
 cations present in the 

water sample under various non-ideal conditions.   

a) 

 
b) 
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c) 
 

 
 

Figure 5.13 Validation of environmentally configure TPS ammonia sensing system for 

determining a) total NH3,(b) free NH3, c)  free NH4+.  Training set = 45; Test 

set = 12; Hidden units 15, Iterations 750. 

 

 

However, it should be noted that although the slope was close to ideal values for all 

forms of nitrogen-ammonia, there seemed to be scatter around the y = x axis in all 

regression analyses, indicating there was some error in the measurement approach that 

is required to be further optimised.  The system was found to operate in a range of non-

ideal conditions that ranged from pH 6-10, temperature 5.5
o
C to 42

o
C and ionic strength 

reflected by conductivity between 706 and 2480 µS/cm. 

 

 

Overall the results obtained were very promising and showed the technique has 

demonstrated the ability to differentiate between unionised and ionised ammonia 

concentrations when the system is in equilibrium under varying non-ideal measurement 

conditions a simple manner and with little effort required.  Once again it should be 

noted that the measurements were obtained without the need for calibration, reagents or 
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strictly controlled measurement environments.  The results also highlight the advantages 

of employing ANNs over traditional linear data processing techniques, as they have the 

ability to solve complex data processing issues such as detecting the toxic presence of 

NH3. 

 

5.3.5 One Step Realignment Process 

 

The adaptability of the environmentally configured system to new sensing probes is of 

major practical importance as all sensors need to be replaced once their physical 

lifetime limit has been reached.  Therefore an important issue that is required to be 

resolved for the proposed method to reducing the intensiveness of neural network 

training to improve the economic viability of the method
73,84

.  Hence, it was decided to 

investigate if a one-step realignment process can be implemented to overcome the 

intensive training process for ANN applications so that the method is applicable to 

large-scale monitoring applications by simply installing new sensing probes. 

 

5.3.5.1 Ideal Method 

 

The PCA results in Chapter 4 indicated all three fluoride sensors responded to a set  

of prescribed non-ideal measurement conditions in a known and reproducible fashion, 

as the principle component for each variable were very similar for each sensor. 

 

As the results suggested that each fluoride ISE responds to changes in matrix conditions 

in a similar fashion, it is hypothesized that the environmentally configured software 

should be applicable to different newly installed electrodes as long as i) the 

measurement principle is similar and ii) the instrumental variation characterized by the 
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slope (K) and reference electrode (E
o
) for each electrode is taken into account. Hence, 

the EC software was evaluated with two new fluoride electrodes (electrodes 1# and 3#). 

Table 5.3  Principal Component Analysis for three different fluoride electrodes. 

Electrodes PCA 1 (%) PCA 2 (%) PCA 3 (%) PCA 4 (%) PCA 5 (%) 

1# 32.3 25.4 20.7 11.8 9.6 

2# 35.5 24.1 20.9 15.4 4.0 

3# 33.2 24.6 21.1 14.5 6.5 

PCA 1 represents variation attributed to inherent characteristics of the fluoride electrode 

responding to a sample in non-ideal conditions that is strongly affected by the reference point; 

PCA 2 explains variation attributed to ionic strength of samples, characterised by conductivity; 

PCA 3 reveals variations attributed to fluctuations in temperature; PCA 4 shows variations 

attributed to pH changes; PCA 5 indicates variations attributed to reference point shifting. It 

should be noted that when the global reference point data is not included as data input, the RSE 

increases from less than 10% to greater than 65%, indicating the global reference point has a 

synergistic effect with PCA 1. 

 

To validate this hypothesis, three fluoride electrodes were measured in a 1, 10 and 100 

ppm fluoride stock solution under ideal measurement conditions to determine E
o
 and K, 

according to Equation 5.1.  As the reference electrode (E
o
) and slope (K), as shown in 

Table 5.4, was different for each electrode, the raw signal from each electrode obtained 

would have to be corrected by a one-step realignment factor prior to being applied to the 

EC software. 

 

Table 5.4   Table showing electrode characteristics required for realignment in ideal 

conditions. 

 

Electrodes E
o
(mV) K (mV) 

1# 187.1 60.8 

2# 149.1 62.0 

3# 183.9 56.2 

 

The realignment process for installing new electrodes was first evaluated on installing a 

new fluoride electrode (EN), from Jiangsu Electrode Company.  The ECS software had 

been originally developed with an Orion fluoride electrode (ET).  Therefore, to realign 

the new electrode to the software, both ISEs’ were measured in three fluoride standards 
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under ideal measurement conditions and the values were substituted into Equation 5.1 

and 5.2 above to determine the following: 

 

ET = 61.99KT + 149.1 E
o
 (Orion Electrode #2, employing Equation 5.1)  

 

EN = 60.754KN +187.1 E
o
(Jiangsu #1, employing Equation 5.2)  

 

 

 

Figure 5.14     Shows results when output from electrode #1 was applied to the ECS software  

using the realignment method.  The ECS software was developed with a 

fluoride electrode #2. ET = 61.99KT + 149.1 Eo (Orion Electrode #2). EN = 

60.754KN +187.1 Eo(Jiangsu Electrode #1). 

 

 

Once the method was established, the raw data input was realigned such that it could be 

applied to the trained neural network according to equations 5.3-5.8.  The realignment 

method was verified with a test set of samples.  The output obtained from the ECS 

software using the newly installed electrode is shown in Figure 5.14.  The results 

indicated that the realignment process worked well, as a significant correlation of 0.923 

(p = 0.000, n = 30), slope of 1.06 and y-intercept of 0.112 indicated the newly installed 
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electrode was determining the same theoretical concentration of fluoride, without 

having to go through the intensive process of being environmentally calibrated again. 

 

 
Figure 5.15     Shows results when output from electrode #3 was applied to the ECS software  

using the realignment method.  The ECS software was developed with fluoride 

Electrode #2. ET = 61.99KT + 149.1 Eo(Orion Electrode #2). EN = 56.2KN 

+183.2 Eo(Jiangsu #3). 

 

It was found that the environmentally configured system could adapt the newly installed 

electrode via a simple one step realignment process without the need for repeating the 

entire configuration procedure. The raw signals were simply corrected and realigned to 

the EC software using equations 5.1 to 5.8. The results revealed that the analytical 

performance of the new electrodes were comparable to the original one, as the 

correlation, slopes and Y-intercepts were close to the ideal values of one, one and zero.  

The superior adaptability of the system to new electrodes is due to the fact that all key 

matrix parameters such as temperature, pH and conductivity affect the responses of 

different fluoride electrodes in a very similar fashion and extent as PCA revealed (see 

Table 5.3). 
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The realignment method was further validated this time using the ECS software 

developed using fluoride electrode (#3) and installing fluoride electrode (#2) as a new 

electrode to evaluate the method.  Once again equations 5.1 and 5.2 below were used 

according to using equations 5.3 -5.8 in section 5.3. 

 

Interestingly, the results shown in Figure 5.16 indicated the output data obtained from 

employing the realignment method was more closely distributed around the y = x axis, 

compared to the two previous electrodes.  This could be primarily due to the fact the 

electrode (#3) was a newer electrode compared to electrode (#2).   

 

 
  

Figure 5.16       Shows results when output from electrode #2 was applied to the EC software  

using the realignment method.  The ECS software was developed with fluoride 

Electrode #3. ET = 56.231KT + 183.8 (Jiangsu #3). EN = 62.0 KN +149.1 

(Orion #2). 

 
 

The correlation was 0.981 (p = 0.000, n = 33), indicating the results obtained from the 

realignment method were highly correlated with the standard fluoride concentration.  
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The slope (0.957) and y-intercept (-0.084) were also close to the ideal values of one and 

zero respectively validating y = x. 

 

Overall, the results obtained, demonstrated that the newly installed electrodes were 

capable of determining the same fluoride concentrations by using the one-step 

realignment method, without having to go through the intensive process of being 

environmentally configured again.  Therefore, the results have indicated that the 

economic viability of the analytical approach can be further improved by employing this 

technique for large-scale water quality monitoring applications. 

 

5.3.5.2 Non-ideal method 

 

The results in Chapter 4 highlighted that all sensors need to be replaced once their 

physical lifetime limit has been reached.  This can also occur to selective electrode (ET) 

used to develop the environmentally configured trained neural network model.  As was 

demonstrated above, it is possible to realign the newly installed electrode to the trained 

neural network model using the ideal method technique.  However, the question arose 

what would happen if the ET electrode’s life expectancy was reached?  Hence, it was 

decided to investigate if a second realignment method could be developed if the ISE 

used for developing the environmental configured system is no longer available. 

 

It was hypothesized that the method could be developed by determining the realignment 

gap (RG) between the newly installed electrode and the response obtained by the ECS 

by measuring the response of a newly installed electrode in non-ideal measurement 

conditions. 
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Figure 5.17      Shows results when output from electrode #4 was applied to the ECS  

software using the realignment gap method.  The ECS software was developed 

with fluoride electrode #3. 

 

 

Hence, the ECS software was evaluated with two new fluoride electrodes (#4 and #5) 

purchased from different companies.  It was found that the environmentally configured 

system could adapt the newly installed electrode via a simple one step realignment 

process without the need for repeating the entire configuration procedure. This was 

accomplished by measuring a set of real samples, spiked with known fluoride 

concentrations in non-ideal measurement conditions, according to section 5.4.  A set of 

correction factors based on the differences between the output values and ―true‖ values, 

were used to realign the system to the new electrode.  The results revealed that the 

analytical performance of the new electrodes were comparable to the original one (see 

Figure 5.17).  The superior adaptability of the system to new electrodes is due to the 

fact that all key matrix parameters such as temperature, pH and conductivity affect the 

responses of different fluoride electrodes in a very similar fashion and extent as PCA 

revealed (see Table 5.3). 
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The real samples varied in ionic strength, pH and temperature and were spiked with 

fluoride, as fluoridation does not occur in the region.  The results indicated that the 

realignment process worked well as a significant correlation of 0.976 (p = 0.000, n = 

10), slope of 1.00 and y-intercept of -0.243 indicated the newly installed electrode were 

determining the same theoretical concentration of fluoride, without having to go 

through the intensive process of being environmentally configured again. 

 

Overall, the non-ideal method demonstrated that newly installed electrodes could be 

realigned to the EC software in a more, simpler fashion compared to the ideal technique.  

The method also significantly reduced data analysis and processing time and shows the 

method has potential for use in large-scale applications. 

 

5.4 Conclusions 

 

Overall the results in Chapter 5 were very promising and demonstrated novel research 

findings.  Firstly, it was evident from the results that the proposed method is applicable 

for use with other water quality parameters such as pH, ammonia and ammonium.  The 

results demonstrated for all ISE electrodes that they were able to respond in a known 

and reproducible fashion to a set of prescribed non-ideal measurement conditions, as 

highlighted by the quantitative analytical response in conjunction with PCA analysis.  

The method seemed to work well on ISE based on glass and gas permeable membranes, 

without the inherent need for strictly controlled measurement conditions or 

conventional calibration with standard reagents.  However, for both the ammonium 

ISEs the slopes tended to be higher than ± 10% indicating potential error in the 

measurements compared to crystalline, gas and glass membranes.  Hence, it is evident 

that this type of sensor maybe more fragile for continuous monitoring applications, 
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attributed to some of the physical limitations associated with the sensor. Therefore, this 

will be required to be further investigated in future studies, in order to assess its long 

term performance and reliability. 

 

Although in previous research endeavours, it has been difficult to develop an analytical 

technique that detects the presence of unionised NH3 from ionised NH4
+
, it was evident 

from the research findings that the proposed method did have the ability to differentiate 

between unionised and ionised ammonia in the sample.  This is primarily due to the fact 

that the neural network data processing techniques have the ability to process complex 

non-linear interactions from a number of sensor inputs and determine one or more 

outputs.  Hence, the results highlight the advantages of employing ANNs over 

conventional linear data processing techniques in analytical chemistry applications, as 

they have the ability to solve complex data processing issues such as detecting the 

presence of toxic NH3. 

 

With regards to ascertaining if the EC method is applicable to newly installed 

electrodes, the results indicated that a simple one-step realignment process could be 

employed, without having to go through the whole intensive training process again.  

The method was found to be applicable, as long as the measurement principle was 

consistent for both the ideal and non-ideal methods.  However, for the ideal method, it 

was imperative that the instrumental variations between electrodes, characterised by 

slopes (K) and reference electrodes (E
o
), were taken into account.  However, for the 

non-ideal method, it could more easily be installed by ascertaining the realignment gap, 

which could be obtained in a more simple fashion.  However, based on the results 

obtained thus far, it is highly advised that good quality, robust sensors be employed to 

try and overcome the physical limitations of the sensors, which can impair their 
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analytical performance, as the system must operate in extreme and variable non-ideal 

measurement conditions. 
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Chapter 6 

 

General Conclusions 
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6.1 General Conclusions 

 

It was evident from the literature, prior to undertaking this PhD research project, that a 

new generic measurement principle for field and continuous water quality monitoring 

applications was required to overcome the inherent problems associated with traditional 

analytical calibration principles, in order to make existing commercially available 

sensors such as ISE more applicable  for continuous on-line monitoring purposes. 

However, the question remained...-―how do we overcome the need for calibration, fixed 

measurement backgrounds, sample pre-treatment and signal drift to obtain quantitative 

measurements in the 21
st
 Century so that sensors are able to dynamically respond in 

situ to their environments irrespective of field conditions?”  Therefore, the primary aim 

of this thesis was to develop a generic measurement protocol specifically designed for 

continuous or field based on-line/ in situ to overcome the inherent problems associated 

with current on-line water quality monitoring technology, that has greatly limited their 

accuracy and reliability in the field due to issues such as signal drift, the ability to 

respond accurately irrespective of sample matrix conditions, sample pre-treatment and 

calibration.  Hence, in this chapter I review the conclusions of this PhD research project 

and discuss their implications to the field of on-line water quality monitoring. 
 

A number of experiments were conducted that explored the use of sensor arrays, 

combined with pattern recognition classifiers, specifically ANNs, as a method to 

overcome the inherent problems associated with traditional analytical measurement 

conditions based on Gauss’s theory of least squares.  A number of new analytical 

protocols and methods were developed, hypotheses successfully proven and new 

significant research findings have been produced from this thesis, which can be used to 

help advance the field of on-line water quality monitoring to a more preventative 
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management approach.  These research findings also have applications to other fields 

beyond on the scope of this thesis, including the medical, industrial process and food 

industry. 

The most notable contribution to the field was the development of a novel generic 

measurement protocol specifically designed to acquire continuous, reliable water quality 

information irrespective of sample matrix conditions.  The method is able to convert a 

commercially available laboratory-based sensor into a direct, in situ sensor capable of 

acquiring analytically valid results in non-ideal monitoring environments (real world 

conditions).  The method is matrix independent and has been demonstrated for fluoride, 

ammonia, ammonium and pH analysis without continual calibration, reagents or sample 

pre-treatment being required in a non-ideal measurement environments. Consequently, 

as the technique does not require reagents for sample pre-treatment or calibration it is 

non-destructive and an environmentally benign analytical technique. 

 

The proposed method comprised of the following techniques/measurement protocols 

developed in this thesis; 

 

a) Use of a single universal reference solution, pure water to realign all sensors 

(matrix and selective sensors) to the environmental configuration software to 

ensure its calibrated field status.  It was used to realign all sensors to the 

environmental configured model which is caused by signal drift and 

instrumental variation overtime.  Deionised water was used to replace all 

standard reagents used to traditionally calibrate all of the sensors for water 

quality monitoring purposes, so that it never requires conventional calibration 

with standard reagents again. 
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b) A group of matrix recognition sensors are used to acquire information for 

collectively characterising and correcting matrix effects, affecting the selective 

sensor response in non-ideal measurement conditions.  The use of in situ MRSs 

replaced the need for sample pre-treatment, reagents and the inherent need to 

maintain ideal measurement conditions in order to obtain analytically valid 

measurements. 

 

c) Development of a laboratory-based method for environmentally configuring a 

commercially available laboratory-based selective sensor to a set of in situ 

MRSs using a set of synthetic ―environmental like‖ samples, so that sensor is 

capable of discovering the real cause and effect relationships between a 

chemoselective sensor signal, MRSs and collective matrix interferences when 

the measurement conditions are no long controlled.  This includes developing a 

technique to obtain stable pH readings between 7 and 9.6 in unbuffered synthetic 

samples.  

 

d) Development of a generic environmental configuration software and training 

technique to ―instruct‖ the on-line monitoring system to learn and discover the 

real cause and effect relationships between a chemoselective sensor signal, 

MRSs and collective matrix interferences when the measurement conditions are 

no long controlled by using a multivariate pattern recognition classifier; namely 

an ANN.  The software enables the selective sensor to intelligently correct its 

non-ideal response to sample matrix interferences in situ irrespective of 

measurement conditions.  The data obtained from the global reference solution, 

selective and matrix information is applied to this software for quantitative 

signal conversion. 
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e) A sample measurement system comprising a measurement cell that contains 

matrix recognition and selective sensors, sample delivery system, a control unit, 

customised environmentally configured software and a data acquisition system. 

 

f) A technique for measuring pure (deionised) water at least once a day in the 

system to obtain a global reference point data for all matrix recognition and 

selective sensors prior to sample analysis. 

 

g) A technique for measuring samples in cell and recording all sensor responses of 

all selective sensors and matrix recognition sensors in non-ideal measurement 

conditions. 

h) Development of a one-step realignment process to install new selective 

electrodes to the system, without requiring an intensive environmental 

configuration, calibration or training process again. 

 

The following section discusses and addresses the novel research findings produced 

from this research thesis. 

 

i) In the literature, most ANN based-chemometric analytical measurement systems 

that have been successfully applied to field-based analysis, have been developed 

using real samples at the monitoring site of interest.  Therefore one of the 

advantages has been that there is no need to determine a well-defined 

quantitative relationship between the analytical signal from non-selective and 

semi-selective sensor arrays (such as spectral absorbance patterns) and target 

analyte concentration.  However, there was little information available in the 
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literature concerning the reliability of the sensing systems over prolonged 

periods of time (e.g. one year period).  This is a particularly important point that 

needed to be established as the quality of water and wastewater is known to 

change depending on its geographic locations, in addition to diurnal and 

seasonal variation.  Secondly, if the observation set used for training/calibration 

did not encompass all the variability in the system, then there is a possibility that 

the multiparameter monitoring system may not be adaptable to changing matrix 

conditions over time, producing unreliable measurement information, as the 

ANN did not effectively learn how to adapt to non-ideal measurement 

conditions through the alteration of its weighting configuration.  Therefore, it 

was necessary to investigate how mulitsensor inputs employing a chemometric 

approach can be configured/trained, so that the systems are universally valid in 

all measurement conditions. 

 

The research findings from this thesis concluded that intelligent sensors based 

on a multiparameter sensor approach were more accurate than a single sensor 

input over shorter periods of time when the sample matrix remained reasonably 

consistent, as they are relying on more than one sensor input to indicate change.    

However, for long-term deployment, it was found that intelligent sensors based 

on an array of non-selective sensor information and real world calibration, were 

not suitable for long term deployment in a variety of measurement conditions, as 

its accuracy was affected by major (and even minor) deliberately introduced 

matrix variations, as evidenced in Chapter 2.  This is primarily due to their 

limited selectivity towards the target analyte of interest.  Although the method 

had the ability to follow the trend of the APHA standard COD method in all 

cases, the analytical results indicated that the system had no capacity to adapt to 
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new measurement conditions that it had not been previously trained with, as the 

standard error range was from -50.5% to 233%.  Analytically valid results could 

only be obtained when the UV-ANN systems were trained with real samples at 

the monitoring site of interest.  Therefore, it was concluded that a 

multiparameter approach based on non-selective sensors is unsuitable for large-

scale water quality monitoring applications, as the matrix composition of real 

samples is continuously changing due to seasonal, diurnal and geographic 

locations.  

 

However, results in Chapters 3, 4 and 5 concluded that when employing a 

multiparameter approach, the sensor inputs required not only a degree of 

selectivity towards the target analyte of interest, but also towards key matrix 

interferences, so that the on-line monitoring systems are able to characterise true 

cause and effect relationships between the selective sensor, target analyte and 

sample matrix when measurement conditions are non-ideal, in order for the 

systems to be universally applicable in all measurement environments 

irrespective of geographic, seasonal and diurnal variations in the sample matrix.  

To our knowledge this has not been previously demonstrated in the literature. 

 

ii)  Conventional thinking maintains that in order to obtain analytically valid results 

from a sensor, it must be calibrated regularly with standard reagents, and 

measurements made with equal care, under well controlled physicochemical 

measurement conditions termed ―ideal‖, as most sensors are not entirely 

selective and can suffer cross responses from the sample matrix
3,19

.  This ensures 

the standard used for calibration and samples measured are matrix compatible, 

minimising errors in unknown samples, as the arithmetic mean of all observed 



 276 

standard values will determine the most probable unknown value
36,37

.  However, 

seeing that consistent measurement conditions are rarely present in real world 

environments, direct deployment often means that such sensors are unavoidably 

exposed to a wide range of measurement conditions, leading to measurement 

errors and invalidating the operating conditions required for reliable 

performance.  As matrix interferences demonstrated in this thesis (termed the 

extent of deviation δ) are the primary responsible for the differences between the 

non-ideal responses of the selective sensor in uncontrolled conditions and its 

ideal response when measurements are made with equal care under controlled 

physicochemical conditions, it was hypothesised that a set of specific in situ 

MRSs could be collectively employed to characterise and correct for δ in non-

ideal conditions, to enable  analytically valid measurements to be obtained 

without inherent need for consistent measurement backgrounds, reagents and 

sample pre-treatment by enabling the selective sensor to intelligently respond to 

changing sample matrix conditions.  This hypothesis would only be upheld if the 

way in which a selective sensor responded to a set of prescribed non-ideal 

conditions, occurred in a known and reproducible fashion, as long as the signals 

are fixed in time and space. 

 

Overall, the experimental results obtained in Chapters 3, 4 and 5 of this thesis 

demonstrated the feasibility of employing a set of in situ MRSs to correct 

deviations in the selective sensor response when measurement conditions are not 

controlled both on synthetic and real sample samples.  It proved experimentally 

that the selectivity of a sensor could be significantly improved in non-ideal 

conditions by accounting for deviations in non-ideal response of the selective 

sensor by employing a set of specific in situ MRSs, as quantitative analytical 



 277 

measurements could be obtained for a fluoride, ammonia, ammonium and pH 

ISE in a wide range of non-ideal measurement conditions. The use of specific in 

situ MRSs also negated the need for strictly controlled measurement conditions, 

buffers and sample pre-treatment, which to our knowledge has not been 

previously achieved in the literature.  This offers an alternative and significant 

advantages over employing the Nikolski-Eisemann equation for ISE, as there is 

no need to determine the selectivity coefficient for each individual sample, in 

addition to the need for buffers and conventional calibration.   

 

The results further demonstrated and upheld the hypothesis that when a selective 

sensor responds to a set of prescribed non-ideal measurement conditions, it 

occurs in a known and reproducible fashion, as proven by PCA and other 

statistical analyses.  In addition, the experimental and statistical results 

confirmed a selective sensor could be environmentally configured to a set in situ 

MRSs in the laboratory using the proposed technique and had the ability to 

discover the real cause and effect relationships between a selective sensor signal, 

target analyte and collective sample matrix conditions, to develop a monitoring 

system that is universally applicable in all measurement conditions. 

 

The matrix interferences were found to affect the slope of response when 

measurement conditions were not controlled and could be accounted and 

corrected for by simply employing a set of specific MRSs.  This is because 

firstly, a) the results illustrated that even slight variations in the sample matrix 

composition can alter the selectivity coefficient which affects the slope used for 

calibration and cause measurement errors, when the measurement conditions are 

not controlled compared to when they are controlled and b) as each MRSs was 
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removed from the ECS, the slope and analytical performance significantly 

diminished when compared to the standard APHA methods.   This is very 

different from research shown in the literature and concludes instead of using 

non-selective sensors, as seen in previous research, the problem was resolved by 

employing a set of specific physiochemical MRSs that were selected and 

experimentally proven to characterise key sample matrix interferences, so that 

the information can be collectively used to correct the selective sensor response 

in non-ideal conditions by characterising and correcting for δ.   

 

 In conclusion, the results obtained contradict conventional thinking, which 

stipulates analytical measurements need to be made with equal care under 

strictly controlled measurement conditions. 

 

iii) The ability of on-line or in situ sensors to acquire accurate, continuous 

information for prolonged periods of time, whilst maintaining its calibrated 

status is one of the greatest challenges that is required to be overcome in the area 

of on-line water and environmental water quality monitoring. Multiparameter 

chemometric methods, like traditional analytical measurement systems are also 

known to be significantly affected by signal drift.  However, it has been well 

documented in the literature signal drift in chemometric analytical systems has 

been a more difficult process to overcome, especially if the predictive models 

are based on collective sensor inputs, which are fixed in time and space in a 

higher dimensional search space.  Hence, signal drift in all sensing elements, can 

mean the relationship between the sensor array and desired water quality 

parameter usually become invalid overtime, leading to measurement errors.  

However, the problem of how to capture reliable data in variable environmental 
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conditions has been a very difficult challenge to address, as an on-line and in 

situ must encounter unavoidable extreme and variable field conditions that vary 

with time. 

 

It was hypothesised in this PhD research project that signal drift can be equated 

to the movement of a point along an axis with respect to time.  Therefore it was 

proposed the rate of signal drift with respect to time for all selective and MRSs 

could be characterised by a global solution of deionised water, it should make 

the quantitative relationships between the selective sensor and MRSs valid in 

non-ideal conditions overtime (e.g. great than one year).   Deionised water was 

proposed as the global reference solution, as it is the essential base to all 

aqueous environments and should be a suitable stable solution for long term 

deployment to characterise signal drift and obtain the global reference point to 

realign all MRSs and selective sensors to the environmentally configured 

software.  

 

To evaluate this hypothesis that Milli-Q water was used as an alternative 

technique to characterise signal drift and instrumental variation in chemometric 

models. In this PhD research the proposed hypothesis was validated and showed 

that accurate, reliable data could be obtained over a 1 year period with a variety 

of real samples from a variety of geographic regions across Australia and 

synthetic samples that were all measurement in uncontrolled conditions.  Testing 

was conducted over a 16 month period with no maintenance other than system 

realignment, which was done by injecting pure water into the system every 24 

hours.  This was done to allow the ECS to reset its global reference point to 

characterise the selective sensor and MRSs response to signal drift and 
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instrumental over time to the environmental configuration software.  When GRP 

was used as data input, the ECS system was found to be more accurate overtime, 

as the correlations, slopes and y-intercepts were much closer to the ideal values 

of 1, 1 and zero, than when the GRP point was not incorporated into the neural 

network classifier model as data input.  For example, for the fluoride electrodes 

when the systems was not realigned a correlation of R = 0.938 ( p < 0.000), n = 

50), a slope of 2.09 and y-intercept of 0.519 was obtained, however when the 

proposed method was employed R = 0.990 ( p < 0.000, n = 50), slope of 1.03 

and y-intercept of -0.081 was obtained.  It was found the GRP had a synergistic 

affect with selective sensor response and significantly improved its accuracy 

when employed. The results showed and highlighted that the inherent problems 

associated with signal drift could be overcome without the need for each sensor 

in the sensor array to be individually recalibrated with standard reagents, as the 

systems could maintain their calibrated status for prolonged periods of time.  In 

addition as water is stable, it can be used in the field for long-term deployment 

and does not require hazardous disposal or create secondary forms of pollution.   

 

The results provided strong evidence that the proposed method has the potential 

to function autonomously in the field for over one year with little maintenance 

or chemicals being required.  This proved that pure water could be used to 

replace all calibration standards for all sensors to ensure the systems’ calibrated 

field status and realign all sensors to EC software to account for signal drift and 

instrumental variations.  It suggests and highlights that we may not need to 

develop more stable reagents as some scientists have suggested, we could use an 

alternative more natural approach that is environmentally benign and does not 
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create any secondary forms of pollution.  To our knowledge this has never been 

previously demonstrated in the literature. 

 

iv)  One of the greatest challenges for chemometric analytical monitoring systems, is 

developing generic measurement systems that are applicable in all measurement 

environments, as literature studies have indicated that if the data inputs selected 

are not based on mathematical rigour or valid experimental analysis, the models 

may only be valid in specialised measurement conditions.  To characterise the 

complex non-linear and linear interactions (δ)  between a selective sensor and its 

measurement environment and to overcome signal drift, it was hypothesised that 

an ANN could be successfully used to collectively process the information 

obtained from the matrix recognition and selective sensor information.  This 

technology would provide scientists with the opportunity to monitor more 

complex linear and non-linear observations between the target analyte and its 

environment that to date have been limited by 18
th

 century mathematically 

processing techniques. 

 

Experimental results obtained from this thesis found that an ANN could be used 

to environmentally configure a selective sensor to a set of in situ MRSs so that it 

was capable of intelligently learning i.e. to discover the real cause and effect 

relationships between the chemoselective sensor signal and collective matrix 

interferences in uncontrolled measurement environments.  Results proved the 

hypothesis, as the system was evaluated on 35 samples from different 

geographic regions from across Australia that the system had not been 

previously developed with and quantitative measurements that were analytically 

valid were obtained.  Even more interesting was that the system could be 
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environmentally configured to a set of in situ MRSs in the laboratory to using a 

set of synthetic samples and once trained could be used directly for real sample 

analysis, negating the need to be further trained with real samples at the 

monitoring site of interest.  In terms of chemometric and ANN-based analytical 

systems, this has not been previously demonstrated in the literature.  This is 

because traditionally to ensure reliable field performance in chemometric 

systems, they are locally calibrated with real samples at the monitoring site of 

interest. The results proved experimentally in Chapters 3, 4 and 5 demonstrated 

that a generic method could be developed that overcome the inherent need for an 

intensive training process at the monitoring site of interest, which has not been 

previously documented in the literature.  The on-line monitoring system once 

configured, is capable of being placed in any water system for which it has not 

been trained and has the potential to determine quantitative measurements 

irrespective of measurement conditions. 

 

v)  It has been well documented that the inherent problem, which has reduced the 

commercial potential of ANN applications, is the labour intensiveness 

associated with the training process, especially if the models require that the 

training set is based on large volumes of information.  This is because obtaining 

the data can be a time consuming process, especially if a great number of 

samples or standards have to be prepared and analysed to train, test, validate and 

optimise the ANN model.  Hence, this can significantly increase the economic 

costs associated with employing this method, compared to conventional 

analytical calibration procedures and make it unviable for large scale instrument 

production, especially if each system sold is required to be individually trained.   
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The adaptability of the environmental configured system to new sensing probes 

is also of major practical importance, as all sensors need to be replaced once 

their physical lifetime limit has been reached.  Ideally it would be desirable if a 

one-step realignment process was developed to install new electrodes to improve 

the economic viability of the method.  

 

Interestingly, results obtained in this thesis in Chapters 4 and 5 found that 

individual ISE respond in a similar fashion to matrix conditions, i) as long as the 

measurement principle is similar in both ideal and non-ideal conditions and ii) 

the instrumental variation characterised by its slope (K) and reference electrode 

(E
o
) for each electrode is taken into account.  It was found that the 

environmentally configured system could adapt to the newly installed electrode 

via a one-step realignment process, without the need to repeat the entire 

configuration procedure.  The raw signals were simply corrected and realigned 

to EC software using equations 5.1 to 5.7 for the ideal technique and equations 

5.8 to 5.10 for the non-ideal method, with the analytical performance of the new 

electrodes being comparable to the original one, as the correlation, slopes and y-

intercepts were close to the ideal values of one, one and zero.  The superior 

adaptability of the system to new electrodes is due to the fact that all key matrix 

parameters affect the selective sensor response e.g. fluoride ISE in a very similar 

fashion and extent as PCA revealed.  To our knowledge this has not been 

previously demonstrated in the literature. 

 

vi)   As most commercially available on-line monitoring systems are based on 

traditional analytical measurement principles, consequently, they require more 

maintenance than laboratory-based methods.  It has been well documented in the 
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literature that the issues of reagent consumption and stability associated with 

maintenance and sample pre-treatment has greatly reduced the economic 

viability for large-scale water quality monitoring applications, especially in 

places like the EU.  Therefore, it was necessary to find an alternative approach 

to overcoming the need costly and unstable reagents to accelerate the 

development of non-destructive water quality monitoring technology, so that is 

economically viable to implement and that it does not create secondary forms of 

pollution.  To reduce reagent consumption, a significant portion of research has 

centred on the miniaturisation of analytical devices
3,14,15,19,46,198,212

.  These 

devices are commonly referred to as ―lab-on-chips‖
15,19

, that operate on micro 

and nanometer scales.  They enable complex bench processes such as sampling, 

reagent addition, calibration, temperature control and analysis to be incorporated 

into a compact, low powered devices, with fixed internal environments
19,213

.  

However, although they are beneficial in terms of reagent consumption, they are 

still prone to blockages.  Whilst to combat the stability issues, some researchers 

have focused on improving reagent stability, through developing more stable 

reagents or disposable sample cells.  However, the experimental research in this 

thesis in Chapters 3, 4 and 5 provided strong evidence, that reagent consumption 

for calibration and sample pre-treatment could be negated for by simply 

employing a set of in situ MRSs and a global reference solution of pure water.  

In addition, as pure water is stable, it can be used in the field for long-term 

deployment and does not require hazardous disposal.  It provided strong 

evidence and research findings to support that we do not need to develop more 

stable reagents for calibration and sample pre-treatment, as some scientists’ have 

suggested or develop miniaturised devices that combine lab process on the size 

of a chip. Instead it provides strong evidence to support that by developing a 
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new  calibration method  that is designed  to work within the framework of 

natural dynamic real world environments, we can develop analytical 

measurement systems using current commercially available technology that can 

autonomously adapt and function reliably in non-ideal and variable 

measurement conditions without the inherent need for reagents for sample pre-

treatment and calibration to maintain consistent measurement conditions.   To 

our knowledge this has not been previously shown in the literature. 

 

Recommendation 1:  For sensor arrays to be made to be universally applicable to all 

measurement environments for on-line water quality monitoring,  it is recommended 

that the sensor hardware employed incorporate a selective sensor targeted towards the 

analyte of interest and combination of specific MRSs that are capable of characterising 

key sample matrix interferences (denoted by δ).  Information indicating the type of 

MRSs that maybe required can be found in the manufacturers’ guidelines/specification 

sheet or APHA standard method, if the sensor is commercially purchased and a well 

established measurement technique.  It should also be noted that a selective sensor 

needs to be employed otherwise the method is not capable of quantitative measurements 

in non-ideal sample matrix conditions, if only the MRSs information is provided. 

 

Recommendation 2:   The flow cells need to be optimised prior to environmentally 

configuring the selective sensor to a set of specific in situ MRSs to ensure that the PCO2 

favoured the formation of CO2 (g) (hence increase OH
-
) formation, so that it is possible 

to dose samples above pH 7 to 9.5.  This is necessary to teach the system how to 

respond and character (δ) in non-ideal conditions, using a set of synthetic 

―environmental‖ like samples without the need for buffer which would pose as an 

interference in the method. 
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Recommendation 3:  The training set used to environmentally configure the selective 

sensor to a set of specific in situ MRSs needs a sufficient number of training pairs so 

that the ANN has a sufficient number of examples to teach the selective sensor how its 

response is affected by the collective sum of matrix interferences when the 

measurement conditions are variable and uncontrolled.  This will improve the ANN’s 

ability to generalise and autonomously adapt to new non-ideal measurement 

environments that the system has not been developed with.  It is also important to 

ensure if the on-line monitoring system is required for low level measurements less than 

6 ppm, that the ANN has been trained with more examples in the lower region of 

detection. 

 

Recommendation 4: The synthetic environmental calibration set used to develop a 

suitable training and test set database for the environmental configuration process must 

collectively encompass all known, significant sample matrix interferences that affect the 

selective sensor response in non-ideal measurement conditions, in addition to the key 

target analyte of interest.  The combinations of analytes and interferences must be 

determined based on a randomised experimental design to enable the sensor to 

―intelligently learn‖ i.e. to discover the real non-linear and linear cause and effect 

relationships between the chemoselective sensor signal and the collective matrix 

interferences (δ) to a given set of uncontrolled measurement conditions. 

 

Recommendation 5:  Employ a single neural network classifier to reduce processing 

time and to improve the accuracy and sensitivity of the system when environmentally 

configuring the selective sensor to a set of specific MRSs. 
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Recommendation 6:  It was discovered during the project some sensors ceased to 

function after the environmental configuration training process.  Hence, in future 

applications of this method, it is recommended that the selections of appropriate, robust 

sensors are essential to ensure the long-term reliable analytical performance, as the 

sensor must endure extreme and variable field conditions.  Hence, in this method the 

sensor hardware employed will be a limiting physical factor to the success of the 

method.   

 

Recommendation 7: For multiparameter chemometric analytical systems, it is 

recommended that a global reference point, in conjunction with a specific set of MRSs 

and selective sensor be incorporated as data input into the neural network classifier or 

equivalent pattern recognition classifier model, so that the system can maintain its 

calibrated status for prolonged periods of time (e.g. greater than one year), as the 

patterns are represented in a higher dimensional search space.  This is necessary to 

realign all sensors to pattern recognition classifier model overtime, as the patterns are 

affected by instrumental variations and signal drift overtime. 

 

Recommendation 8:  The pattern classifier employed to environmentally configure the 

selective sensor to a set of in situ MRSs needs a three-tier validation process. 

 

Future Studies 

In future studies we would like to apply and validate this method on a wider range of 

water quality parameters and measurement techniques in other fields. 

 

 

 

 



 288 



 289 

 

 

 

 

 

Chapter 7 

 

 References 



 290 

7.1 References 

 

1 
Allan I, Mills G, Vrana B, Knutsson J, Holmberg A, Guigues N, Laschi S, 

Fouillac A & Greenwood R. Strategic monitoring for the European Water 

Framework Directive. Trends in Analytical Chemistry 25, 704-715 (2006). 

2
 Butler D. 2020 computing: Everything, everywhere. Nature 440, 402-405 

(2006). 

3
 Byrne R & Diamond D. Chemo/bio-sensor networks. Nature Materials 5, 421-

424 (2006). 

4
 Dworak T, Gonzalez C, Laaser C & Interwies E. The need for new monitoring 

tools to implement the WFD. Environmental Science & Policy 8, 301-306 

(2005). 

5
 Frey  M & Sullivan  L. Practical Application of Online Monitoring. Report No. 

80235-3098, (Awwa Research Foundation, Denver, 2004). 
 

6 
Storey M. van der Gaag B & Burns B. Advances in on-line drinking water 

quality monitoring and early warning systems. Water Research 45, 741-747 

(2011).  

7 
Hach. APA 6000 Ammonia/Monochloramine and Low Range Ammonia Process 

Analyser Manual. (USA, 1999). 

8
 Hach. CA610 Fluoride Analyser Instrument Manual. (USA, 2002). 

9
 Hach. Nitratax Sc Operation Manual. (USA,2004). 

10
 Hach. Cl17 Chlorine Analyser Specification Sheet. (USA, 2005). 

11
 Hach Ultra. 9245 Single Channel Sodium Analyser Operation Manual. (Europe, 

2006). 

12
 Hach-Lange. Short Operating Guide for the LDO HQ10 and HQ20 Dissolved 

Oxygen 

Meters,<http://shop.hachlange.com/shop/action_q/documents_list/no_docs/TRUE/lkz/II/spkz/e

n/TOKEN/C6b5L3Km-kStYMmue8frIZmkl4A/M/rLtj-w> (2007). 

13
 Hach-Lange. Product Information Process Analysis Ion-Selective Electrode 

Nh4d Sc, 

<http://www.hachlange.co.uk/shop/action_q/download%3Bdocument/DOK_ID/14782120/type/pdf/lkz/GB

/spkz/en/TOKEN/13reK5C2PYJnYbQZ9N5wdXbBJog/M/gY2B-w> (2007). 

14
 Thilmany J. Think small: Lab-on-a-chip technology shrinks the biological 

laboratory to the micro scale and expands the potential for future applications. 

EMBO reports 6 (10), 913-916 (2005). 

15
 Wang J. Portable Electrochemical Systems. Trends in Analytical Chemistry 21 

(4), 226-232 (2002). 

http://www.hachlange.co.uk/shop/action_q/download%3Bdocument/DOK_ID/14782120/type/pdf/lkz/GB/spkz/en/TOKEN/13reK5C2PYJnYbQZ9N5wdXbBJog/M/gY2B-w
http://www.hachlange.co.uk/shop/action_q/download%3Bdocument/DOK_ID/14782120/type/pdf/lkz/GB/spkz/en/TOKEN/13reK5C2PYJnYbQZ9N5wdXbBJog/M/gY2B-w


 291 

16
 Winkler S, Rieger L, Saracevic E, Pressl A & Gruber G. Application of ion-

sensitive sensors in water quality monitoring. Water Science and Technology 50, 

105-114 (2004). 

17
 Guilbault G & Hjelm M. Nomenclature for automated and mechanised analysis. 

Pure & Applied Chemistry 61, 1657-1664 (1989). 

18
 Cuadros-Rodriguez L, Gamiz-Gracia L, Almansa-Lopez E & Bosque-Sendra J. 

Calibration in chemical measurement processes.II. A methodological approach. 

Trends in Analytical Chemistry 20, 620-635 (2001). 

19
 Diamond D. Internet-scale sensing. Analytical Chemistry 279 A, 279-286 

(2004). 

20
 ANZECC. Australian water quality guidelines for fresh and marine waters.  

(Australian and New Zealand Environment and Conservation Council, Canberra, 

1992). 

21
 World Health Organisation. WHO's Guidelines For Drinking Water Quality, 

(World Health Organisation, Geneva, 1997). 

22
 NHMRC/ & ARMCANZ. Australian Drinking Water Guidelines Summary. 

Report No. 0 642 24462 6, (Commonwealth Government of Australia, 

Canberra,1996). 

23
 Strobl R & Robillard P. Artificial Intelligence Technologies in Surface Water 

Quality Monitoring. Water International 31, 198-209 (2006). 

24
 Yeston J, Coontz R, Smith J & Ash C. A Thirsty World. Science 313, 1067 

(2006). 

 25
 Serageldin I. Water resource management: a new policy for a sustainable future. 

Water International 20, 15-21 (1995). 

26
 Schwarzenbach R, Escher B, Fenner K, Hofstetter T, Johnson C, Gunten U & 

Wehrli B. The Challenge of Micropollutants in Aquatic Systems. Science 313, 

1072-1077 (2006). 

27
 Kallis G & Butler D. The EU water framework directive: measures and 

implications. Water Policy 3, 125-142 (2001). 

28
 The World Bank. Water Resource Sector Strategy: Strategic Directions For 

World Bank Engagement. (International Bank for Reconstruction and 

Development/The World Bank, Washington DC, 2004). 

29
 Glasgow H.B, Burkholder J.M, Reed R.E, Lewitus A.J & Kleinman J.E. Real-

time remote monitoring of water quality: a review of current applications, and 

advancements in sensor, telemetry, and computing technologies. Journal of 

Experimental Marine Biology and Ecology 300, 409-448 (2004). 

30
 The State of Queensland Environmental Protection Agency.   Queensland Water 

Recycling Guidelines, (Queensland Government Environmental Protection 

Agency, 2005). 



 292 

31 
NHMRC. Australian Drinking Water Guidelines, (NHMRC,2004) 

32 
Fogelman. S, O’Halloran R, & Zhao. H. Review of current on-line monitoring 

methods and their suitability for the Western Corridor Purified Recycled Water 

Scheme. (Urban Water Security Research Alliance, Brisbane, 2008). 

33
 Roux A, Pirrone M, Bowen B & Walker T. The Western Corridor Recycled 

Water Project – Overview, Risk Management Approach And Water Quality 

Monitoring, Proceedings of Enviro 2008, Melbourne, (2008). 

 
34 

Clesceri L.S, Eaton A.D, Greenberg A.E, Franson M.H & American Public 

Health Association . Standard Methods For the Examination of Water and 

Wastewater. 19 edn,  (American Public Health Association, Washington DC, 

1995). 

35
 Yager P. Microfluidic diagnostic technologies for global public health. Nature 

442, 412-418 (2006). 

36
 Danszer K & Currie L. Guidelines for calibration in analytical chemistry. Pure 

and Applied Chemistry 70, 993-1014 (1998). 

37
 Waterhouse W. Gauss's first argument for least squares. Archive for History of 

Eact Sciences 41, 41-52 (1990). 

38
 Bonastre A, Ors R, Capella J, Fabra M & Peris M. In-line chemical analysis of 

wastewater: present and future trends. Trends in Analytical Chemistry 24, 128-

137 (2005). 
 

39
 Winquist F, Olsson J & Eriksson M. Multicomponent analysis of drinking water 

by a voltammetric electronic tongue. Analytica Chimica Acta 683, 192-197. 

40
 Mart´ınez-Máñez R, Soto J, Garcia-Breijo E, Gil L, Ibanez A & Gadea E. A 

multisensor in thick-film technology for water quality control. Sensors and 

Actuators A 120, 585-589 (2005). 

41
 Thermo Electron Corporation. AquaPro pH Specification Sheet. (USA, 2005). 

42
 Thermo Electron Corporation. Orion 2002SS Stainless Steel 2-Cell Instruction 

Sheet. (USA, 2006). 

43
 Strandberg Engineering Laboratories Inc. pH/ORP Monitor-Indicating 

controller, model 7766, <http://www.strandberg.com/pH%20ORP/7766%20pH-

ORP%20monitor.pdf> (2007). 

44
 Chow C, Davey D & Mulcahy D. An intelligent sensor system for the 

determination of ammonia using flow injection analysis. Laboratory automation 

and information management 33, 17-27 (1997). 

45
 Chow C, Thomas S, Davey D, Mulcahy D & Drikas M. Development of an on-

line electrochemical analyser for trace level aluminium. Trends in Analytical 

Chemistry 499, 173-181 (2003). 

http://www.strandberg.com/pH%20ORP/7766%20pH-ORP%20monitor.pdf
http://www.strandberg.com/pH%20ORP/7766%20pH-ORP%20monitor.pdf


 293 

46
 Jang A, Lee J, Bhadri P, Kumar S, Timmons W, Beyette F, Papautsky I & 

Bishop P. Miniaturized Redox Potential Probe for In Situ Environmental 

Monitoring. Environmental Science &Technology 39, 6191-6197 (2005). 

47
 Bennett L & Drikas M. The Evaluation of Colour in Natural Waters. Water 

Research 27, 1209-1218 (1993). 

48
 Ham F.M, Cohen G.M & Byoungho C. Neural Network Based Real-time 

Detection of Glucose Using A Non-chemical Optical Sensor Approach.  

Proceedings of the Twelfth Annual International Conference of the IEEE 

Engineering in Medicine and Biological Society, 2, 480-482 (1990). 

49
 Rogers K & Poziomek E. Fiber optic sensors for environmental monitoring. 

Chemosphere 33, 1151-1174 (1996). 

50
 LAR Process Analysers. Quick COD Series, <http://www.larllc.com/pdf/br-

quickcod_en.pdf> (2007). 

 
51

 Directive 200/60/EC of the European Parliament and of the Council of 23 

October 2000 for establishing a framework for Community action in the field of 

water policy. Public Law VolL327/1, < http://eur-

lex.europa.eu/LexUriServ/LexUriServ.do?uri=OJ:L:2000:327:0001:0072:EN:PDF> (2002). 
52

 Domange N & Gregoire C. Quality of in situ data about pollutant concentration. 

Trends in Analytical Chemistry 25, 179-189 (2006). 

 
53

 Mimendia A,Guitaerrez J, Leija L, Hernajndez P, Favari L, Muaoz R & del 

Valle M. A review of the use of the potentiometric electronic tongue in the 

monitoring of environmental systems. Environmental Modelling and Software 

25, 1023-1030 (2010). 

 
54

 Andrew K, Worsfold P & Comber M. On-line flow injection monitoring of 

ammonia in industrial liquid effluents. Analytica Chimica Acta 314, 33-43 

(1995). 

 
55

 Bourgeois W, Burgess J. E, Stuetz R. M. On-line monitoring of wastewater 

quality: A review. Journal of Chemcial Technology and Biotechnology 76, 337-

348 (2001). 

 
56

 Lane R, Chow C, Davey D, Mulcahy D & McLeod S. An integrated 

microdistillation flow injection system for ammonia measurement. Analytical 

Letters 32, 1847-1865 (1999). 

 
57

 Sequeira M & Diamond D. Progress in the realisation of an autonomous 

environmental monitoring device for ammonia. Trends in Analytical Chemistry 

21, 816-827 (2002). 

 
58  

Fogelman S, Blumenstein M & Zhao H .Development of a new analytical 

method for continuous on-line and in situ monitoring in real world non-ideal 

environments. Proceedings of 10
th

 IWA conference on Instrumentation, Control 

and Automation, June 14
th

-17th, Cairns, Australia (2009). 

 
59

 Pravdova V, Pravda M & Guilbault G. Role of chemometrics for 

electrochemical sensors. Analytical Letters 35, 2389-2419 (2002). 

http://www.larllc.com/pdf/br-quickcod_en.pdf
http://www.larllc.com/pdf/br-quickcod_en.pdf
http://eur-lex.europa.eu/LexUriServ/LexUriServ.do?uri=OJ:L:2000:327:0001:0072:EN:PDF
http://eur-lex.europa.eu/LexUriServ/LexUriServ.do?uri=OJ:L:2000:327:0001:0072:EN:PDF


 294 

 

60 
Mesquita R & Rangel A. A review on sequential methods for water analysis. 

Analytica Chimica Acta 648, 7-22 (2009).
 

 

 
61

 Allan I.J, Mills G, Vrana B, Knutsson J, Holmberg A, Guigues N, Laschi S, 

Fouillac A & Greenwood R. A "toolbox" for biological and chemical monitoring 

requirements for the European Union's Water Framework Directive. Talanta 69, 

302-322 (2006). 

 
62

 Hanrahan G, Patil D.G & Wang J. Electrochemical sensors for environmental 

monitoring: design, development and applications. Journal of Environmental 

Monitoring 6, 657-664 (2004). 

63
 Frant M & Ross J. Electrode for Sensing Fluoride Ion Activity in Solution. 

Science 154, 1553-1555 (1966). 

64
 Vlasov Y, Legin A & Rudnitskaya A. Cross-sensitivity evaluation of chemical 

sensors for electronic tongue: determination of heavy metal ions. Sensors and 

Actuators B 44, 532-537 (1997). 

65
 Vlasov Y, Legin A, Rudnitskaya A, Di Natale C & D’Amico A. Nonspecific 

sensor arrays ("electronic tongue") for chemical analysis of liquids (IUPAC 

Technical Report) Pure And Applied Chemistry 77, 1965-1983 (2005). 

66
 Kelma. On-line Ammonium Analyser, 

<http://www.kelma.com/downloads/ammonium.pdf> (2007). 

67
 Hartnett M & Diamond D. Potentiometric Nonlinear Multivariate Calibration 

with Genetic Algorithm and Simplex Optimization. Analytical Chemistry 69, 

1909-1918 (1997). 

68
 Baret M, Massart D, Fabry P, Menardo C & Conesa F. Halide ion-selective 

electrode array calibration. Talanta 50, 541-558 (1999). 

69
 Gallardo. J, Alegret. S & del Ville. M. A flow-injection electonic tongue based 

on potentiometric sensors for the determination of nitrate in the presence of 

chloride. Sensors and Actuators B 101, 72-80 (2004). 

70
 Gallardo J, Munoz R, De-Roman M, Leija L, Hernandez P & del Ville M. An 

electronic tongue using potentiometric all-solid-state PVC-membrane sensors 

for the simultaneous quantification of ammonium and potassium ions in water. 

Analytical and Bioanalytical Chemistry (2003). 

71
 Gallardo J, Alegret A, Munoz R, Leija L, Hernandez R & del Valle M. Use of an 

Electronic Tongue Based on All-Solid-State Potentiometric Sensors for the 

Quantitation of Alkaline Ions. Electroanalysis 17, 348-345 (2005). 

72
 Correia D, Magalhaes J & Machado A. Array of potentiometric sensors for 

simultaneous analysis of urea and potassium. Talanta 67, 773-782 (2005). 

73
 Krantz-Rulcker C, Stenberg M, Winquist F & Lundstrom I. Electronic tongues 

for environmental monitoring based on sensor arrays and pattern recognition: a 

review. Analytica Chimica Acta 426, 217-226 (2001). 

http://www.kelma.com/downloads/ammonium.pdf


 295 

74
 Gutés A, Céspedes F, Alegret S & del Valle M. Sequential injection system with 

higher dimensional electrochemical sensor signals. Talanta 66, 1187-1196 

(2005). 

 
75

 Charef A, Ghauch A, Baussand P & Martin-Bouyer M. Water qaulity 

monitoring using smart sensing system. Measurement 28, 219-224 (2000). 
 

76
 Chevalier L, Irwin C & Craddock J. Evaluation of InSpectra UV Analyzer for 

measuring conventional water and wastewater parameters. Advances in 

Environmental Research 6, 369-375 (2002). 

 
76

 Dahlen J, Karlsson S, Backstorm M, Hagberg J & Pettersson H. Determination 

of nitrate and other water quality parameters in groundwater from UV-Vis 

spectra employing partial least squared regression. Chemosphere 40, 71-77 

(2000). 

 
77

 Fogelman S. Towards the development of a rapid, real-time indirect method for 

determining oxygen demand of waters and wastewaters. Honours Dissertation 

(Griffith University, Gold Coast, Queensland, 2003). 

 
78

 Khorassani H, Trebuchon P, Bitar H & Thomas O. A simple UV 

spectrophotometric procedure for the survey of industrial sewage system. Water 

Science & Technology 39, 77-82 (1999). 

 
79

 Morel E, Santamaria K, Perrier M, Guiot S & Tartakovsky B. Application of 

multi-wavelength fluorometry for on-line monitoring of an anaerobic digestion 

process. Water Research 38, 3287-3296 (2004). 

 
80

 Thomas O, Theraulaz F, Agnel C & Suryani S. Advanced UV examination of 

wastewater. Environmental Technology 17, 251-261 (1996). 

 
81

 Masmoudi R. Rapid prediction of effluent biochemical oxygen demand for 

improved environmental control. TAPPI Journal 82, 111-119 (1999). 
 

82
 Lavine B & Workman J. Chemometrics. Analytical Chemistry 78, 4137-4145 

(2006). 

 
83

 Tarassenko T. A guide to neural computing applications.  (John Wiley and Sons 

Inc, 1998). 

 
84 

Vlasov Y, Legin A, Rudnitskaya A, D’Amico A & Di Natale C. «Electronic 

tongue» — new analytical tool for liquid analysis on the basis of non-specific 

sensors and methods of pattern recognition. Sensors and Actuators B 65, 235-

236 (2000). 

. 
85

 Gutes A, Cespedes F, del Valle M, Louthander D, Krantz-Rulcker C & Winquist 

F. A flow injection voltammetric electronic tongue applied to paper mill 

industrial waters. Sensors and Actuators B 115, 390-395 (2006). 

 
86

 Turek M, Heiden W, Reisen A, Chhabda T, Schubert J, Zander W, Kruger P, 

Keusgen M & Schoning M. Artificial intelligence/fuzzy logic method for 



 296 

analysis of combined signals from heavy metal chemical sensors. 

Electrochimica Acta 54, 6082-6088 (2009). 
 

87 
Rudnitskaya A, Legin A, Seleznev B, Kirsanov D & Vlasov Y. Detection of 

ultra-low activities of heavy metal ions by an array of potentiometric chemical 

sensors. Microchim Acta 163, 71-80 (2008). 
 

89
 Chang C, Saad B, Surif M, Ahmad M & Shakaff A. Disposable E-Tongue for 

the Assessment of Water Quality in Fish Tanks. Sensors 8, 3665-3677 (2008). 

 
90

 Garcia-Breijo E, Atkinson J, Gil-Sanchez L, Masot R, Ibanez J, Garrigues J, 

Glanc M, Laguarda-Miro N & Olguin C. A comparison study of pattern 

recognition algorithms implemented on a microcontroller for use in an electronic 

tongue for monitoring drinking waters. Sensors and Actuators A (2011 in press). 

 
91

 Ipatov A, Abramova N & Bratov A. Autocalibration technique based on SIA 

and integrated multisensor chip. Talanta 77, 581-586 (2008). 
 

92
 Rudnitskaya A, Nieuwoudt H, Muller N, Legin A, du Toit M & Bauer F. 

Instrumental measurement of bitter taste in red wine using an electronic tongue. 

Analytical and Bioanalytical Chemistry 397, 3051-3060 (2010). 

 
93

 Codinachs L, Baldi A, Merlos A, Abramova N, Ipatov A, Jimenez-Jorquera C & 

Bratov A. Integrated Multisensor for FIA-Based Electronic Tongue 

Applications. IEEE SENSORS JOURNAL 8, 608-615 (2008). 

 
94

 Witkowska E, Buczkowska A, Zamojska A, Szewczyk K & Ciosek P. 

Monitoring of periodic anaerobic digestion with flow-through array of 

miniaturized ion-selective electrodes. Bioelectrochemistry 80, 87-93 (2010). 

 
95

 Panchariya P & Kiranmayee A. Statistical Feature Extraction and Recognition of 

Beverages Using Electronic Tongue. Sensors & Transducers Journal 112, 47-63 

(2010). 

 
96

 Mimendia A, Legin A, Merkoci, A & del Valle M. Use of Sequential Injection 

Analysis to construct a potentiometric electronic tongue: Application to the 

multidetermination of heavy metals. Sensors and Actuators B: Chemical 146, 

420-426 (2010). 

 
97

 Dias L. G, Peres A. M, Barcelos T. P, Sa Morais J & Machado A. A. S. C. Semi-

quantitative and quantitative analysis of soft drinks using an electronic tongue. 

Sensors and Actuators B: Chemical 154, 111-118 (2011). 
 

98
 Kundu P. K, Panchariya P. C, & Kundu M. Classification and authentication of 

unknown water samples using machine learning algorithms. ISA Transactions 

50, 487-495 (2011). 

 
99

 Polshin E, Kirsanov D, Legin A, Saison D, Delvaux F, Delvaux F, Nicola B & 

Lammertyn J. Electronic tongue as a screening tool for rapid analysis of beer. 

Talanta 81, 88-94 (2010). 
 



 297 

100
 Carpani I, Conti P, Lanteri S, Legnani P, Leoni E & Tonelli D. Direct 

quantification of test bacteria in synthetic water-polluted samples by square 

wave voltammetry and chemometric methods. Biosensors and Bioelectronics 

23, 959-964 (2008). 

 
101

 Mimendia A, Gutierrez J, Opalski L, Ciosek P, Wroblewski W & del Valle M. 

SIA system employing the transient response from a potentiometric sensor 

array—Correction of a saline matrix effect. Talanta 82, 931-938 (2010). 

102
 Winquist F, Holmin S, Krantz-Rülcker C, Wide P & Lundström L. Hybrid 

electronic tongue. Analytica Chimica Acta 406, 147-157 (2000). 

103
 Mena H, Zou S, Li Y, Wang Y, Ye X & Wang P. A novel electronic tongue 

combined MLAPS with stripping voltammetry for environmental detection. 

Sensors and Actuators B 110, 350-357 (2005). 

104
 Mart´ınez-Máñez R, Soto J, Garcia-Breijo E, Gil L, Ibanez J & Liobet E. An 

―electronic tongue‖ design for the qualitative analysis of natural waters. Sensors 

and Actuators B 104, 302-307 (2005). 

105
 Winquist F, Bjorklund R, Krantz-Rulcker C, Lundstrom I, Ostergren K & 

Skoglund T. An electronic tongue in the dairy industry Sensors and Actuators B 

111-112, 299-304 (2005). 

106
 Riul A, Gallardo-Sotob A, Melloc S, Boneb S, Taylorb D & Mattoso L. An 

electronic  tongue using polypyrrole and polyaniline Synthetic Metals 132, 109-

116 (2003). 

107
 Legin A, Rudnitskaya A, Vlasov Y, Di Natale C, Mazzone E & D’Amico A. 

Application of electronic tongue for qualitative and quantitative analysis of 

complex liquid media. Sensors and Actuators B 65, 232-234 (2000). 

108
 Legin A, Rudnitskaya A, Vlasov Y, Di Natale N, Mazzone E & D’Amico A . 

Application of Electronic Tongue for Quantitative Analysis of Mineral Water 

and Wine. Electroanalysis 11, 814-820 (1999). 

109
 Saurina J, Lopez-Aviles E, Le Moal A & Hernandez-Cassou S. Determination of 

calcium and total hardness in natural waters using a potentiometric sensor array. 

Analytica Chimica Acta 464, 89-98 (2002). 

110
 Moreno-Baróna L, Cartasa R, Merkocia A, Alegreta S, del Valle M, Leijab L, 

Hernandez P & Munozb R. Application of the wavelet transform coupled with 

artificial neural networks for quantification purposes in a voltammetric 

electronic tongue. Sensors and Actuators B 113, 487-499 (2006). 

111
 Gute´s A, Ibanez A, del Valle M & Cespedes F. Automated SIA e-Tongue 

Employing a Voltammetric Biosensor Array for the Simultaneous Determination 

of Glucose and Ascorbic Acid. Electroanalysis 18, 82-88 (2006). 

112
 Otto M & Thomas R. Model Studies on Multiple Channel Analysis of Free 

Magnesium, Calcium, Sodium, and Potassium at Physiological Concentration 

Levels with Ion-Selective Electrodes. Analytical Chemistry 57, 2647-2651 

(1985). 



 298 

113
 Burattia S, Benedettia S, Scampicchioa M & Pangerod E. Characterization and 

classification of Italian Barbera wines by using an electronic nose and an 

amperometric electronic tongue. Analytica Chimica Acta 525, 133-139 (2004). 

114
 Tønning E, Sapelnikova S, Christensen J, Carlsson C, Winther-Neilsen M, 

Dockf E, Solna R, Skladal P, Norgaard L, Ruzgas T & Emneus J. Chemometric 

exploration of an amperometric biosensor array for fast determination of 

wastewater quality. Biosensors and Bioelectronics 21, 608-617 (2005). 

115
 Gallardo J, Alegret S & del Valle M. Application of a potentiometric electronic 

tongue as a classification tool in food analysis. Talanta 66, 1303-1309 (2005). 

116
 Mourzina Y, Schubert J, Zander W, Legin A,Vlasov Y, Luth H & Schoning M. 

Development of multisensor systems based on chalcogenide thin film chemical 

sensors for the simultaneous multicomponent analysis of metal ions in complex 

solutions. Electrochimica Acta 47, 251-258 (2001). 

117
 Durán A, Cortina M, Velasco L, Rodriguez J, Alegret S & de Valle M. Virtual 

Instrument for an Automated Potentiometric e-Tongue Employing the SIA 

Technique. Sensors 6, 19-29 (2006). 

118
 Parra V, Arriet A, Fernandez-Escudero J, Garcia H, Apetreia C, Rodriguez-

Mendez M & de Saja J. E-tongue based on a hybrid array of voltammetric 

sensors based on phthalocyanines, perylene derivatives and conducting 

polymers: Discrimination capability towards red wines elaborated with different 

varieties of grapes. Sensors and Actuators B 115, 54-61 (2006). 

119
 Toko K. Electronic tongue. Biosensors & Bioelectronics 13, 701-709 (1998). 

120
 Ciosek P, Brzozka Z, Wroblewski W, Martinelli E, Di Natale C & D’Amico A . 

Direct and two-stage data analysis procedures based on PCA, PLS-DA and 

ANN for ISE-based electronic tongue—Effect of supervised feature extraction. 

Talanta 67, 590-596 (2001). 

121
 Sohna Y, Goodey A, Anslyn E, McDevitt, Shear J & Neikirka D. A microbead 

array chemical sensor using capillary-based sample introduction: toward the 

development of an ―electronic tongue‖. Biosensors and Bioelectronics 21, 303-

312 (2005). 

122
 Scampicchio M, Mannino S, Zima J & Wang J. Chemometrics on Microchips: 

Towards the Classification of Wines. Electroanalysis 17, 1215-1221 (2005). 

123
 Ivarsson P, Kikkawa Y, Winquista F, Krantz-Rulcker C, Hojerb N, Hayashi K, 

Toko K & Lundstrom I. Comparison of a voltammetric electronic tongue and a 

lipid membrane taste sensor Analytica Chimica Acta 449, 59-68 (2001). 

124
 Apetreia C, Rodríguez-Méndeza M & de Saja J. Modified carbon paste 

electrodes for discrimination of vegetable oils. Sensors and Actuators B 111-

112, 403-409 (2005). 

125
 Ciosek P, Brzózka Z & Wróblewski W. Classification of beverages using a 

reduced sensor array. Sensors and Actuators B 103, 76-83 (2004). 



 299 

126
 Sehra G, Cole M & Gardner J. Miniature taste sensing system based on dual SH-

SAW sensor device: an electronic tongue. Sensors and Actuators B 103, 233-

239 (2004). 

127
 Holmin S, Björefors F, Eriksson M, Krantz-Rülcker C & Winquist F. 

Investigation of Electrode Materials as Sensors in a Voltammetric Electronic 

Tongue. Electroanalysis 14, 839-847 (2002). 

128
 Winquist F, Rydberg E, Holmin S, Krantz-Rülcker C & Lundström I. Flow 

injection analysis applied to a voltammetric electronic tongue. Analytica 

Chimica Acta 471, 159-172 (2002). 

129
 Winquist F, Lundström I & Wide P. The combination of an electronic tongue 

and an electronic nose. Sensors and Actuators B 58, 512-517 (1999). 

130
 Ciosek P & Wróblewski W. The analysis of sensor array data with various 

pattern recognition techniques. Sensors and Actuators B 114, 85-93 (2006). 

131
 Kulapina E & Mikhaleva N. The analysis of multicomponent solutions 

containing homologous ionic surfactant with sensor arrays. Sensors and 

Actuators B 106, 271-277 (2005). 

132
 Toko K. Taste sensor. Sensors and Actuators B 64, 205-215 (2000). 

133
 Holmin S , Krantz-Rülcker C & Winquist F. Multivariate optimisation of 

electrochemically pre-treated electrodes used in a voltammetric electronic 

tongue Analytica Chimica Acta 563, 39-46 (2004). 

134
 Zheng J & Keeney M. Taste masking analysis in pharmaceutical formulation 

development using an electronic tongue. International Journal of Pharmaceutics  

310, 118-124 (2006). 

135
 Rudnitskaya A, Ehlert A, Legin A, Vlasov Y & Bu¨ttgenbach S. Multisensor 

system on the basis of an array of non-specific chemical sensors and artificial 

neural networks for determination of inorganic pollutants in a model 

groundwater. Talanta 55 (2001). 

136
 Parra V, Arrieta A, Fernandez-Escudero J, Iniguezc M, de Sajad J & Rodriguez-

Mendez M. Monitoring of the ageing of red wines in oak barrels by means of an 

hybrid electronic tongue. Analytica Chimica Act 563, 229-237 (2006). 

137
 Wide P, Winquist F, Bergsten P & Petriu E. The human-based multisensor 

fusion method for artificial nose and tongue sensor data. IEEE Transaction on 

Instruments and Measurement 45, 1072-1077 (1998). 

138
 LeginA, Rudnitskaya A, Vlasov Y, Di Natale C & D’Amico A. The features of 

the electronic tongue in comparison with the characteristics of the discrete ion-

selective sensors. Sensors and Actuators B 58, 464-468 (1999). 

139
 Di Natale C, Macagnano A, Davide F, D’Amico A, Legin A, Vlasov Y, 

Rudnitskaya A & Selezeny B. Multicomponent analysis on polluted waters by 

means of an electronic tongue. Sensors and Actuators B 44, 423-428 (1997). 



 300 

140
 Bourgeois W, Gardey G, Servieres M & Stuetz R. A chemical sensor array 

based system for protecting wastewater treatment plants. Sensors and 

Biosensors B 91, 109-116 (2003). 

 
141

 Wu L, Lu X, Jin J, Zhang H & Chen J. Electrochemical DNA biosensor for 

screening of chlorinated benzene pollutants. Biosensors and Bioelectronics 26, 

4040-4045 (2011). 
 

142
 Gutierrez M, Domingo C, Vila-Planas J, Ipatov A, Capdevila F, Demming S, 

Battgenbach S, Llobera A & Jimanez-Jorquera C . Hybrid electronic tongue for 

the characterization and quantification of grape variety in red wines. Sensors and 

Actuators 156, 695-702 (2011). 

 
143

 Martinez-Olmos A, Capel-Cuevas S, Lapez-Ruiz N, Palma A, de Orbe I & 

Capitajn-Vallvey L. Sensor array-based optical portable instrument for 

determination of pH. Sensors and Actuators B: Chemical 156, 840-848 (2011). 

 
144

 Pereira G & Ebecken N. Combining in situ flow cytometry and artificial neural 

networks for aquatic systems monitoring. Expert Systems with Applications 38, 

9626-9632 (2011). 

 
145

 Erenas M, Pegalajar M, Cuellar M, de Orbe-Payaj I & Capitajn-Vallvey L. 

Disposable optical tongue for alkaline ion analysis. Sensors and Actuators B: 

Chemical 156, 976-982 (2011). 

 
146

 Moczko E, Meglinski I, Bessant C & Piletsky S. Dyes Assay for Measuring 

Physicochemical Parameters. Analytical Chemistry 81, 2311-2318 (2009). 

147
 Dowdeswell R, Carr-Brion K & Boyle W. Pollution breakthrough monitoring 

using optical sensing and an artificial neural network decision system. 

Measurement Science & Technology 7, 1212-1219 (1996). 

148
 Fogelman S, Blumenstein M & Zhao H. Estimation of chemical oxygen demand 

by ultraviolet spectroscopic profiling and artificial neural networks. Neural 

Computing and Applications 15, 197-203 (2006). 

149
 Fogelman S, Zhao H & Blumenstein M. A rapid analytical method for 

predicting the oxygen demand of wastewater. Analytical and Bioanalytical 

Chemistry 386, 1773-1779 (2006). 

150
 Lourenço N, Chaves C, Novais J, Menezes J, Pinhero H & Diniz D. UV spectra 

analysis for water quality monitoring in a fuel park wastewater treatment plant. 

Chemosphere 65, 786-791 (2006). 

151
 Higashi N & Ozaki Y. Potential of Far-Ultraviolet Absorption Spectroscopy as a 

Highly Sensitive Quantitative and Qualitative Analysis Method for Aqueous 

Solutions, Part I: Determination of Hydrogen Chloride in Aqueous Solutions. 

Applied Spectroscopy 58, 910-916 (2004).  

152
 Dobbs R. A, Wise R. H & Dean R. B. The use of ultra-violet absorbance for 

monitoring the total organic carbon content of water and wastewater. Water 

Research 6, 1173-1180 (1972). 



 301 

153
 Brodnjak-Voncina D, Dobcnik D, Novic M & Zupan J. Determination of 

concentrations at hydrolytic potentiometric  titrations with models made by 

artificial neural networks. Chemometrics and Intelligent Laboratory Systems 47, 

79-88 (1999). 

154
 Liu J, Savenije H, Xu J. Forecast of water demand in Weinan City in China 

using WDF-ANN model. Physics and Chemistry of the earth 28 (4-5), 219-224 

(2003). 

155
 Wei B, Sugiura N, Maekawa.T. Use of Artificial Neural Networks in the 

Prediction of Algal Blooms. Water Research 38, 2022-2028 (2001). 

156
 Khotanzad A and Lui J. Shape and Texture Recognition by a Neural Network-

Artifical Neural Networks and Statistical Pattern Recognition Old and New 

(Elsevier Science Publishers, Amsterdam,1991) 

157
 Long J, Gregoriou V & Gemperline P. Spectroscopic calibration and 

quantitation using artificial neural networks. Analytical Chemistry 62, 1791-

1797 (1990). 

158
 Goodacre R & Kell D. Correction of Mass Spectral Drift Using Artificial Neural 

Networks. Analytical Chemistry 68, 271-280 (1996). 

159
 Ventura S, Silva M, Perez-Bendito D & Hervas C. Multicomponent Kinetic 

Determinations Using Artificial Neural Networks. Analytical Chemistry 67, 

4458-4461 (1995). 

160
 Boukadi F & Al-Alawi S. Analysis and Prediction of Oil Recovery Efficiency in 

Limestone Cores Using Artificial Neural Networks. Energy & Fuels 11, 1056-

1060 (1997). 

161
 Calvo D , Grossl M, Cortina M & del Valle M. Automated SIA system using an 

array of potentiometric sensors for determining alkaline-earth ions in water. 

Electroanalysis 19, 644-651 (2007). 

162
 Blumenstein M, Verma B & Basli H. A novel feature extraction technique for 

the recognition of segmented handwritten characters. Proceedings of the Seventh 

International Conference on Document Analysis and Recognition. Scotland. 

137-141. (2003). 

163
 Hughes V, Melvin D, Alexander G & Trull A. K. Clinical Validation of an 

Artificial Neural Network Trained to Identify Acute Allograft Rejection in Liver 

Transplant Recipients. Liver Transplantation 7, 496-503 (2001). 

164
 Lee H, Lee Y, Song E, Sun B & Tahk M. Missile Guidance Using Neural 

Networks. Control Engineering Practice 5, 753-762 (1997). 

165
 Luk K, Ball J & Sharma A. A study of optimal model lag and spatial inputs to 

artificial neural network for rainfall forecasting. Journal of Hydrology 227, 56-

65 (2000). 

166
 Zahedi F. Intelligent Systems for business, expert system with neural networks.  

(Wadsworth, Boston,1993). 



 302 

167
 Jurs P. Pattern Recognition Used to Investigate Multivariate Data in Analytical 

Chemistry. Science 232, 1219-1224 (1986). 

168
 Rumelhart D. E, Hinton G & Williams R. Learning internal representations by 

error propagation, in parallel distributed processing: explorations in the 

microstructures of cognition.  (MIT Press, Cambridge, 1986). 

169
 Hertz J, Krogh A & Palmer R. Introduction to the theory of neural 

computations.  (Addison-Wesley Publishing, Redwood City, 1991). 

170
 Antognetti P & Milutinovic V. Neural Network: Concepts, Applications, and 

Implementations. Vol. 1 (Prentice-Hall Inc, New Jersey, 1991). 

171
 Bienfait B. Applications of High-Resolution Self-Organizing Maps to 

Retrosynthetic and QSAR Analysis. Journal of Chemical Information and 

Modeling 34, 890-898 (1994). 

172
 Baret M, Massart D, Fabry P, Conesa F, Eichner C & Menardo C. Application 

of neural network calibrations to an halide ISE array. Talanta 51, 863-877 

(2000). 

173
 Gemperline P. J, Long J. R & Gregoriou V.G. Nonlinear Multivaruate 

Calibration Using Principal Components Regression and Artificial  Neural 

Networks. Analytical Chemistry 63, 2313-2323 (1991). 

174
 Fu C, Petrich L, Daley P & Burnham A. Intelligent Signal Processing for 

Detection System Optimization. Analytical Chemistry 77, 4051-4057 (2005). 

175
 Maier H.R & Dandy G.C. Neural networks for the prediction and forecasting of 

water resources variables: a review of modelling issues and applications. 

Environmental Modelling and Software 15, 101-124 (2000). 

176
 Masson M. H, Canu S & Grandvaket Y. Software sensor design based on 

empirical data. Ecological Modelling 120 (1999). 

177
 Lavine B & Workman J. Fundamental Review of Chemometrics. Analytical 

Chemistry 76, 3365-3372 (2004). 

178
 Lavine, B. & Workman, J. Chemometrics. Analytical Chemistry 80, 4519-4531 

(2008). 

179
 Brown G. How minerals react with water, Science 294, 67 (2001). 

180
 Advance Sensor Technologies Inc. Case Study #13 - Flouride Ion Monitoring, 

<http://www.astisensor.com/Case_Study_13.pdf> (2004). 

181
 Danzer K & Currie L A. Guidelines For Calibration in Analytical Chemistry. 

Pure and Applied Chemistry 70, 993-1014 (1998). 

182
 Filho H, Galvao R, Araujo M. C, da Silva E. D, Saldanha T. C, Jose G. E, 

Pasquini C, Milton R & Rohwedder J.J R. A strategy for selecting calibration 

samples for multivariate modelling. Chemometrics and Intelligent Laboratory 

Systems 72, 83-91 (2004). 

http://www.astisensor.com/Case_Study_13.pdf


 303 

183
 Benjathapanun N, Boyle O & Grattan V. Binary encoded 2nd differenitial 

spectrometry using UV-Vis spectral data and neural networks in the estimation 

of species type and concentration. IEE Proceedings Science Measurement & 

Technology 144 (2), (1997) 

184
 Cuadros-Rodriguez L, Romero R & Bosque-Sendra J. The role of the 

Robustness/Ruggedness and Inertia Studies in Research and Development of 

Analytical Process. Critical Reviews in Analytical Chemistry 35, 57-69 (2005). 

185
 Koscielniak P & Kozak J. Review of Univariate Standard Addition Calibration 

Procedures in Flow Analysis. Critical Reviews in Analytical Chemistry 36, 27-

40 (2006). 

186
 Balconi M. L, Borgarello M, Ferraroli R & Realini F. Chemical oxygen demand 

determination in well and river waters by flow injection analysis using 

microwave oven during the oxidation step. Analytica Chimica Acta 261, 295-

283 (1992). 

187
 Zhao H, Jiang D, Zhang S, Catterall K & John R. Development of a direct 

photoelectrochemical method for determination of chemical oxygen demand. 

Analytical Chemistry 76, 155-160 (2004). 

188
 Brookman S. Estimation of biochemical oxygen demand in slurry and effluents 

using ultra-violet spectrometry. Water Research 32, 372-374 (1997). 

189
 Edwards C. A & Cresser M. S. Relationship between ultraviolet absorbance and 

total organic carbon in two upland catchments. Water Research 21, 49-56 

(1987). 

190
 Markva M. Use of ultraviolet spectrophotometry in the determination of organic 

impurities in sewage. Wasserwirt.-Wassertech 21, 280-284 (1971). 

191
 Markva M. Evaluation of correlation between absorbance at 254 nm and COD in 

river water. Water Research 17 (1983). 

192
 O'Dell J.W.    The determination of chemical oxygen demand by semi-automated 

colorimetry, method 410.4 (Environmental Monitoring Systems Laboratory U.S. 

Environmental Protection Agency, Cincinnati,1993). 

193
 Sokal R & Rohlf  F. Biometry: the principles and practice of statistics in 

biological research.  (Freeman and Co, San Francisco, 1969). 

194
 Edzwald J. K, Becker W.C, Wattier K. L. Surrogate Parameters for Monitoring 

Organic Matter and THM Precursors. Journal of the American Water Works 

Association 77, 122-132 (1985). 

195
 Hach. NITRATAX sc. (2007). 

196
 Pocurull E, Aguilar C, Borrull F & Marce R. On-line coupling of solid-phase 

extraction to gas chromatography with mass spectrometric detection to 

determine pesticides in water. Journal of Chromatography A 818, 85-93 (1998). 

 



 304 

197
 van Staden J & Stefan R. Simultaneous flow injection determination of calcium 

and fluoride in natrual and borehole water with conventional ion-selective 

electrodes in series. Talanta 49, 1017-1022 (1999). 

 
198

 Janasek D, Franzke J & Manz A. Scaling and the design of miniaturized 

chemical-analysis systems. Nature 442, 374-380 (2006). 

 
199

 Vojinovic V, Cabral J & Fonseca L. Real-time bioprocess monitoring Part I: In 

situ sensors. Sensors & Actuators B-Chemical 114, 1083-1091 (2006). 

 
200

 Bakker E, Buhlmann P & Pretsch E. Polymer Membrane Ion-Selective 

Electrodes - What are their limits? Electroanalysis 11, 915-933 (1999). 

 
201

 Zarr J. Biostatistical Analysis. 4th edn,  (Prentice Hall, Upper Saddle River, 

1999). 

 
202

 Foster I. 2020 Computing: A two-way street to science's future. Nature 440, 

419-419 (2006). 

 
203

 Umezawa Y, Umezawa K, Buhlmann P, Hamada N, Aoki H, Nakanishi J, Sato 

M, Xiao K.P & Nishimura Y. Potentiometric selectivity coefficients of ion-

selective electrodes Part II. Inorganic anions - (IUPAC technical report) Pure 

And Applied Chemistry 74, 923-994 (2002). 

 
204

 Deisingh A, Stone D & Thompson M. Applications of electronic noses and 

tongues in food analysis. International Journal of Food Science and Technology 

39, 587-604 (2004). 

 
205

 Thornburn Burns D, Danszer K & Townshend A. Use Of The Terms 

―Recovery‖ And ―Apparent Recovery‖ In Analytical Procedures. Pure & 

Applied Chemistry 74, 2201-2205 (2002). 

 
206

 Foulk S. What's Happening in Chemometrics? American Laboratory 37, 16-18 

(2005). 

 
207

 Ruffier P .J, Boyle W. C & Kleinschmidt J. Short-Term Acute Bioassays to 

Evaluate Ammonia Toxicity and Effluent Standards. Journal Water Pollution 

Control Federation  53, 367-377 (1981). 

 
208

 WaterShedds. Water Quality and Treatment Educational Unit-Ammonia, 
<http://www.water.ncsu.edu/watershedss/info/nh3.html>  

 
209

 Pintar K & Slawson R. Effect of temperature and disinfection strategies on 

ammonia-oxidizing bacteria in a bench-scale drinking water distribution system. 

Water Research 37, 1805-1817 (2003). 

210
 Hales J & Drewes D. Solubility of ammonia in water at low concentrations. 

Atmospheric Environment  13, 1133-1147 (1979). 

211
 United States Environmental Protection Agency. Methods for Measuring the 

Acute Toxicity of Effluents and Receiving Waters to Freshwater and Marine 

Organisms. (US Environmental Protection Agency, Washington DC, 2002). 

http://www.water.ncsu.edu/watershedss/info/nh3.html


 305 

212
 Mahfuz M & Ahmed K. A review of micro-nano-scale wireless sensor networks 

for environmental protection: Prospects and challenges. Science and Technology 

of Advanced Materials 6, 302-306 (2005). 

213
 Richardson S & Ternes T. Water Analysis: Emerging Contaminants and Current 

Issues. Analytical Chemistry 77, 3807-3838 (2005). 

 


