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Welcome to the November monthly update of Water Industry Process Automation & 
Control 
 
WIPAC was six months old yesterday,  the group has grown and grown and continues to grow in strength with each 
member who joins. In order to celebrate the six month mark this special edition of the monthly update has been produced 
with the subject of advanced process control. Several members have worked hard in order to produce articles for this 
month’s special and my thank goes to them all. 
 
Bruno Peeters has produced a follow on case study to the concepts that I mentioned around STOWA’s study looking into 
the factory concept fro out wastewater treatment works. Bruno’s case study looks at a treatment works that was used for 
water reuse and the protocols that were put in place to ensure a good product. The concept that was recently floated by 
STOWA was delivered in 2002. You could arguably say that it was way ahead of its time, or is it that ideas in the industry 
like the water from the plant are recycling! 
 
John Cook has give us a brace of articles this month, the first looking at Potable Water and Virtual Sensors to predict and 
control disinfection by-products, the second looking at the development of inferential sensors Using Principal Component 
Analysis for Real-time Quality Control of Water-level Data in the Everglades in Florida.  
 
Olivier Hartel & Martijn Bakker have provided an article on the benefits of using model predictive flow control in the water 
supply systems in the Netherlands. Something that different water companies in the UK and Europe seemed to have  
Developed separately over the years, seemingly in isolation. I am not sure how similar this is to the system that is being 
developed in a nearby water company to me but it looks like to be doing a similar function. 
 
The final article of the special edition has been provided by Simon Mazier and was originally penned in partnership by a 
colleague of his, Marie O’Brien. This was the paper that formed the basis of the presentation that Simon gave at EWWM 
this year and looks at advanced process control for wastewater treatment. The article looks at instrumentation monitoring 
and principal component modelling for process control.  
 
The spotlight is on ZAPS technology and their LiquIDTM monitoring station. 
 
Overall, this special edition has only been made special by the members that have sent me their articles, my thanks go to 
them all for without them this special edition couldn’t have been put together. 

 
 
 

If you are not a current member of Water Industry Process Automation & Control then please feel free to come and join 
the group on LinkedIn. The group regularly discusses issues around Water Industry Process Automation and Control and 
is open to everyone to join. You can get to the group by clicking here 
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Group Count 

862 

Members 

+176 

Members 

Group News & Announcements 
 
 
 

Oliver 

700…..750…..800..…850….. 
 
WIPAC continues to grow and grow and grow. Last month saw us just shy of the 700 members mark, since then we 
have passed 750 members, 800 and the 850 members mark. If the current trend keeps up the group will pass the 
1000 members mark just before Christmas. 
 
To celebrate the six month mark of WIPAC this special edition of the monthly update has been produced  
investigating advanced process control. This would not be possible if it wasn’t for the size of the group that this 
group has developed into and the support of the members. Thank You to all of the members for the continued  
support and discussions that the members have brought to the wider group. 

 
 
Editorial 
 

Contents 

IWA Specialist Group on Instrumentation, Control & Automation 
 
This month there have been discussions between members of the group and the International Water Association 
specialist group on Instrumentation, Control & Automation. This has resulted in me providing some input into their 
most recent newsletter. In a similar fashion to WIPAC the specialist group is constantly on the lookout for articles for 
their membership. 
 
If any of the members which to contribute anything to this specialist group then please get in touch with Leiv Rieger 
or myself and we will put you in touch with the right people to talk to. 

Other Water Groups on LinkedIn you might be interested in 
 
This month a new group on LinkedIn has been started by Peter E.Peterson. The group is managed by Peter  
Peterson who hails from the Greater Milwaukee area in the United States, Peter is profiled on page 9. The group, 
Wastewater/Water Treatment Operations & Maintenance, is dedicated to establish a network of wastewater/water 
professionals, to develop an open communication in exchanging information, troubleshooting tips, and ideas on all 
aspects of the operations and maintenance of the treatment plants. This group asks the difficult questions, like  
WIPAC and sparks a very good debate. A group that is well worth visiting 
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Group Questions 
Questions of the Week 

Combined Questions of the Week 
 
The general theme around the four questions of the week this month were to discuss the balance between instrumentation, automation and the 
“hands on” approach to water and wastewater treatment. The four questions that were asked were 
 
Week 1  -   What is the balance between automation & control of a treatment works and hands on operation of a treatment works 
Week 2  -   What are the skill sets of the engineers/operators going to need to be in the future considering the developments in the industry 
Week 3  -  What place does instrumentation and automation of systems have within the asset management or E&M cycle of water and   
  wastewater treatment works 
Week 4  -   Instruments, Instruments, Instruments! 
 
The first question revealed what was generally expected insofar as there is a balance between the operator and the tools that he has in the form of 
the instrumentation, control and automation. The “site walkaround” is absolutely essential and cannot be replaced by any sort of instrumentation and 
automation. However as a treatment works gets more and more complicated then the operation gets more complicated and as the number of  
operators increase then so the communication breaks down and the operation of the treatment works suffers and optimisation of the treatment works 
starts to fail. In the future the water and wastewater treatment works will get more complicated (certainly if they co-join) or water recycling gets more 
and more popular. The criticality of the product and carbon targets will drive towards more automation but the operator is central to this, as will the 
support engineers in instrumentation, mechanics and electrics. 
 
This led onto the subject of the second question of the week, which broached the subject of what education will our future operators and engineers 
require. The answer….. A little of everything! There are the basic skill sets that you would expect of operators nowadays but there seemed to be a 
need for a “super operator” who would need to cover most of the disciplines at a high level with specialisation in others. Instrumentation and control, 
SCADA and in summary process control being the key. The “Super Operator” would need the support of his peers to cover the areas that he/she 
could not cover themselves. This discussion raised the subject of asset management, which led the question of the week that was asked the  
following week. 
 
Asset Management led by the instrumentation on the treatment works…..for large plants perfectly possible, so why is it not done. The first thing being 
is the sheer wealth of data that is available and of course not used, why, in general it is not understood what data there is and what data that we can 
gather from our treatment works and our instrumentation, whether this is derived or direct from the instrument itself. Add to this the complications of 
the treatment works and the systems that are available you get a blinkered approach and a cry of “lets make things simple!” In short data overload. 
Should we have a works that when a pump, blower or a thickener reach its run hours it generates a request for a work order, yes, does this need a 
human element to act as the brains (i.e. a planner), of course. Even in that respect you always need the human touch. 
 
The last question of the week was open ended and just asked about what experience that the members of the group have had with the instruments 
that they have bought. I myself from the operational and experiential point of view lauded the ability of certain types of Hach instrumentation, other 
E&H, S::cann, ATI, InSitu, The main problems faced cleaning and probe design.  The discussion of wet analysers versus ISE’s versus “soft” versus 
optical sensors wasn’t particularly mentioned, maybe a discussion for another time. 
 
What this group has mentioned all the way through the last six month’s of discussions though still rings through. All of this be it operation,  
Instrumentation, automation and any further advances needs a champion to step forward and lead the industry. Any volunteers? 

Other Questions within the group 

Questions posed within the group to the group as a whole 

 

 
   

Bill Decker -  asked the question: Anyone care to relate your experience with ammonia probes/analysers 
Everyone weighed in with different analysers, however Leiv Rieger and Robert Lagrange came up with the technical responses. ISEs 
don’t have a linear response and location, accuracy and calibration are key. Thomas Erikson came up with the practical real life  
Experience from his treatment works in Denmark, where regulation has made ammonia control essential 

 

 

 
Daniel Theobald  - asked the question: Wastewater Clarification, which is the most reliable of these three processes? 
Basically this question is a case of the right settlement technique for the right situation is  “horses for courses” There are decent  
traditional settlement process, physical separation techniques and flotation techniques too 

 

 

 
Douglas Fagerstrom-asked the question:Has anyone implemented audio and video surveillance as part of their process control? 
There is certain surveillance monitoring systems including condition based monitoring out there and CCTV is good for security, as is its 
common use at the moment. Its commonly used in networks for CCTV surveys but the lack of bandwith may well limit the use of audio 
and video surveillance 

This month a series of combined questions of the week have been asked of WIPAC with the general theme of people and the management of waste-
water treatment works.  
 
This can be done but there is a balance between manual and automate operation. Different countries have different balances but what is essential is 
that there is the correct number of manual operators, with the right training and the right amount of “tools” in the form of instrumentation and  
automation. After all it is only through the operational staff that a control and automation system  will work correctly 



If you are not a current member of Water Industry Process Automation & Control 
then please feel free to come and join the group on LinkedIn. The group regularly discusses issues around Water Indus-
try Process Automation and Control and is open to everyone to join. You can get to the group clicking here 
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Industry News 

 

 

 

 

 

 

 
 

 
 
 
 
 

Yorkshire Water have installed the first of Aerzen’s Delta Hybrid Energy efficienct 
blowers at their wastewater treatment works at Upper Brighouse near Huddersfield 
in the United Kingdom. This installation is the first of its in kind in the UK. A total of 
five of the blowers will be installed at the wastewater treatment works as part of a 
£1.7 million treatment plant scheme 
 
The blowers that are being installed as part of the scheme are controlled by the 
Aertronic AS300 controller provides a 4.3” touch screen interface for the blower unit  
provides a greater control of the blower or blower system offering various menus of 
operator data all with password protection allowing access at different levels. 
 
The controller offers two analogue inputs for pressure monitoring (4-20mA), one 
analogue input (0-5mA) for monitoring of the oil level and five digital inputs and a 
relay output. Thee are various expansion modules to provide increased functionality. 
 
The controller can be linked to Profibus or Modbus networks. 
 
The scheme at Upper Brighouse which includes replacement of the aeration system 
should be complete by mid 2012. 

 
Yorkshire Water installs the first Aerzen Delta Hybrid Blowers in the UK 

 

 

 

News in Brief 
 
From the RSS Feed and online 
 
WEF adopts a position statement on generating 
renewable energy from wastewater. WEF believes 
that energy neutrality lies in a holistic approach to 
energy management. 

 
www.wateronline.com 

 
WaterAid celebrated 30 years of bringing clean 
water, sanitation and water hygiene education to 
the world this month. To celebrate the occasion 
WaterAid have launched a new film showing the 
development of the organisation 
 
http://www.web4water.com 

  
Emerson Process Management have been 
awarded the contract to replace the HMI systems 
at the second largest wastewater treatment works 
in the US. The treatment  works at Deer Island in 
Boston is to receive Ovation© technology as a 
$3.8 billion project to protect Boston Harbour from 
pollution. 
 
www.wateronline.com 
 
 
ITT Flygt launched their new range of Flygt  
ExperiorTM pumps at WEFTEC this year.  
 
The pumps are claimed to provide up to 50%  
energy savings when compared to traditional 
wastewater pumping. This has been done by ex-
tending the range of Adaptive N-Technology, im-
proved premium efficiency motors and a new Easy 
to use SmartRunTM control system which is adver-
tised as a simple variable  
frequency drive system. 
 
www.flygt.com 

Companies to stop June Returns 
 
Water and Wastewater operators in England and Wales are to stop submitting “ their  
Annual account to the water regulator OFWAT subject to a review of the process by 
the regulator. 
 
The system touted to replace the June Return would include tables of the standard  
regulatory outputs and a risk and compliance statement. 
 
It was realised that the return statement had got to onerous for most water treatment  
operators when the guidance notes issued by OFWAT into how to complete the return 
had increased from 70 pages in 1991, the first year of the return statements to a 
weighty 900 pages this year 
 

Real Tech Inc launched their new Real Spectrum  
Analyzer at WEFTEC this year. 
 
The online spectrum analyzer provides real-time process 
monitoring for the online rapid detection of many common 
and emerging contaminants across the whole UV and/or 
visible spectrum in clean or wastewaters, 
 
The company produce an online continuous monitor and a 
portable version for field testing 

Real Tech Launch Real Spectrum Analyzer 

Schneider Electric, the global energy management company have recently introduced its 
StruxureWareTM energy management technology , which is the software component of its 
EcoStruxureTM   energy management system. From a single point of access, it provides  
intelligent monitoring, automation, planning and reporting on critical facility management  
systems from across the organization. 
 
StruxureWareTM is designed to simplify integration time, improve reliability, enhance visibility 
to energy information and optimize operational efficiency, providing a fully integrated system 
designed to best fit the needs of building, data centre, and industrial customers. As the soft-
ware platform of EcoStruxureTM, it connects five domains of business expertise – power, data 
centres, process and machines, building control, and physical security – within an open and 
flexible technology architecture, delivering up to 30 percent savings in capital and operational 
expenditures, including energy.  
 
Web: http://www2.schneider-electric.com/sites/corporate/en/solutions/ecostruxure/
ecostruxure.page 

Schneider Electric announces StruxureWare
TM
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Technically Speaking   

 

Sustainable water reuse – a case study by Bruno Peeters  © Bruno Peeters 2011 
In developed countries, there is a huge installed base of activated sludge (AS) based municipal sewage and industrial wastewater treatment plants dis-
charging treated effluent into surface waters. 

The AS systems used in these treatment plants range from basic conventional AS in older plants up to full biological nutrient removal (BNR) in newer or 
upgraded plants. Aside from the usual continuous flow systems with aeration basins and clarifiers, there are also AS implementations in cyclic batch 
flow (SBR) or with membranes replacing clarifiers (MBR). 

All these AS systems are designed and operated to directly bio-oxidize mainly ‘fast food’ i.e. soluble and readily biodegradable compounds  

(BOD, NH4, …). 

Unfortunately municipal sewage and many industrial wastewaters contain up to 80% of ‘slow food’ i.e. slowly biodegradable compounds mainly as  
suspended solids (SS) and colloids (turbidity). As a result of the limiting hydraulic residence time (HRT) in suspended growth (AS) as well as in biofilm 
(MBBR/IFAS) systems, this ‘slow food’ is not (entirely) biodegraded and bulks up in the aeration basins with spill over to the effluent via clarifiers over-
flow or SBR decanters. The spill of residual solids and colloids to the effluent can only be blocked by ultra-filtration (UF) membranes such as in MBR’s 
and in effluent filtration units. Aside from the solids and colloids which foul the UF membranes also residual soluble compounds in the UF permeate 
(represented by SDI) will induce irreversible fouling over time of the downstream and more delicate NF/RO membranes needed for high grade water 
reuse. Hence this load of residual ‘slow food’ results in reduced overall water recovery and higher operating costs (energy, CIP, membrane  
replacement). 
 
Hence a strategy towards sustainable water reuse shall have to deal with this residual ‘slow food’ along with residual nutrients (nitrogen and  
phosphorus) in the upstream sewage treatment as to minimize downstream membrane fouling and achieve the highest water quality at sustained high 
recovery rates and low operating costs. 
 
Such integrated strategy has been implemented successfully in an indirect potable water reuse case at the Belgian coast. The local drinking water util-
ity was faced with increasing fresh water demand mainly by non-residents during the summer season resulting in a year-by-year depletion of the 
ground water levels and intrusion of seawater threatening the drinking water quality (salinity, …) along with the quantity. In addition also the local dune 
eco-system providing natural ground water recharge by the slow sand filtration of rain water got stressed by the depletion of the ground water. Hence it 
was decided to boost the natural ground water recharge by recovering clean water from treated sewage. 

 
As a first step, the local existing sewage treatment plant was upgraded to achieve full BNR along with the enhanced biodegradation of suspended  
solids, colloids and other recalcitrant (high MW) compounds. This was achieved by increasing enzymatic hydrolysis within the upgraded AS system.  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

 

 

 

In parallel, pilot plant trials based on membrane filtration (UF + RO) were started up along with studies on the ecological treatment of the UF + RO con-
centrates.  

This resulted in a full scale water recovery plant (WRP) started up in 2002 producing potable water via ground water recharge in the natural dune pond. 
The treatment is shown in figure 2. 

In addition to the classic UF + RO cascade configuration with intermediate UF permeate buffer and related cleaning-in-place (CIP) provisions as 
shown, a controlled partial by-pass over the RO unit was included as to adjust the mineral balance if/as needed as well as the treatment of the reject 
water (UF backwash + RO concentrates) through a field of willow trees and salt-loving grasses removing residual nutrients and minerals prior to dis-
charging in the canal which ultimately discharges in the sea in Northern France. 

 

From the Editor 
 
This months technically speaking has been provided by one of group members, Bruno Peeters, and is a follow up case study I to last month’s article 
that I wrote around the use of HACCP at wastewater treatment facilities and there need in the future. Little did I know that it was something that Bruno 
had already implemented in a full scale water recovery plant back in 2002. The following Case Study was kindly provided by Bruno and demonstrates 
the use of HACCP up in what STOWA would now, in 2011, call a “Water Factory” 

 

Figure 1: Aerial view of the treatment works  Figure 2: Water recovery plant treatment process  
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The following table shows the average water quality results from WRP influent (STP effluent) to final WRP effluent (RO filtrate) for the different parame-
ter groups (organics, nutrients, minerals, microbiological): 

 Table 1: Water quality results from the Water Recovery Plant 

 
 

As to ensure the quality of the produced water, hazard analysis and critical control points (HACCP) monitoring has been implemented which includes 
on-line sensors and analyzers along with scheduled sampling and off-line microbial and chemical analysis. The main CCP’s are obviously the UF and 
RO permeate which are continuously monitored for turbidity + ORP (UF permeate) and for conductivity + UV absorbance (RO permeate).  

As a result of the integrated strategy starting with upgrading the sewage treatment plant (STP), the water recovery plant (WRP) is still operating with 
the original UF + first stage RO membranes (i.e. almost 10 years lifetime so far) and achieved 71% overall recovery at 0.72 kWh/m³ energy  
consumption and 0.25 EUR/m³  (basis 2008) total operating cost (both figures are per m³ water produced).  
 
About the Author 

 
Bruno Peeters is the managing director of Model Engineering a company that specialises in R&D, consulting, modeling, technology, 
design, engineering, project services for advanced wastewater treatment for renewable energy production and/or water reuse,  
sustainable water/wastewater management incl. recovery and process control & automation. Bruno is a Consulting engineer 
(Dipl.Ing., M.Sc.) with more than 33 years worldwide expertise in R&D, modelling, audit, (re)design, (re)engineering and project  
services in the field of sustainable sewage and industrial wastewater treatment and water management as well as process control 
and automation.  

parameter STP effluent UF filtrate RO filtrate 

COD [mg/l] 33 15 < 0.5 

BOD [mg/l] 3 < 1 0 

TSS [mg/l] 3 0 0 

Turb. [NTU] 1 < 0.1 0.0 

TN [mg/l] 6 6 < 2.5 

TP [mg/l] 0.6 0.6 < 0.1 

C [µS/cm] 1200 1160 22 

TDS [mg/l] 920 890 17 

TPC/100 ml   0 0 

HPC 22°C   8 < 1 

Jobs 
 
Job:   Various Positions  
Location:  Doha, Qatar 
Description 
 
DEADLINE: 25th November  
 
Imperium Consulting are looking for a number of Engineers including process 
engineers for the Public Works Department of the Qatari Government. The 
roles are based in Doha, Qatar and are working for the public works depart-
ment working as the client engineer working with international engineering  
consultancy firms. 
 
If you are interested in this role contact  
Richard Shaw at Imperium Consulting  
Telephone: 0044 207 822 1175 
Email:  richard@imperium-consulting.com  
 
 
Job:   Advanced Process Control Engineer 
Company: Perceptive Engineering 
Location:  Warrington, United Kingdom 
 
Description 
 
We are looking for a number of Advanced Process Control engineers to be 
based in the North West of England with part of their time spent working at our 
clients locations throughout the U.K. and worldwide.The applicant will be part 
of a dedicated team of APC engineers who specify, develop and commission 
advanced control solutions.  The role includes: 
Delivery of detailed site audits/feasibility studies 

• Commissioning of Model Predictive Control, Real Time Optimisation and 
Process Monitoring Systems using software developed by Perceptive Engi-
neering.Full training in the use of this software will be provided. 

• Providing application and sales support. 

• Working directly with engineers, managers and operational staff at client's 
sites. 

 
An attractive and competitive renumeration package, according to experience 
and qualifications, will be provided to the successful candidate. 

Members Area—Jobs 
 
 
Job:   Process & Project Engineer   
Location:  France or Spain 
Description 

 
This Process and Project Management Engineer role will be  
responsible for providing technical support to our Integrated Water 
Management (IWM) EAME team. The successful candidate will be able 
to assist with the conceptual design, costing (CAPEX and Spares, big 
consumables), development, installation and construction of water 
treatment systems (river to river) for our customers essentially based in 
Spain with occasional missions outside of Spain according to  
requirement of his Management 
  
Essential Duties and Responsibilities:  
 
• Support the IWM Business Development Team during the pre-sale 
(auditing on site getting the full picture, understanding of the stakes - 
technical situation, problematic, drivers, improvement track identifica-
tion) & sale processes (reliable costing, technical proposal, operating 
conditions and related costs, auditing at customer site). 
• Supervise and/or follow up of trial on site, analyze and report the  
outcome of the trial. 
• Management of the EPC phase (Engineering, Procurement, Con-
struction), working with internal and external partners to design and de-
liver an effective customized solution. 
• Supervision of Pre-Commissioning, Commissioning & Start-up phases 
and then stewardship of the Operation and Maintenance programme 
immediately after installation (included the definition of spare parts for 
continuous operation and those defined critical). 
• Analysis of physical and chemical properties of the systems to be 
treated and recommendation of most appropriate treatment  

methods. 
• Leadership (Management) of site survey, HAZOP analyses, project 
design/detailing and budget creation process. 
• Coordination with external partners to ensure timely and on-budget 
delivery of project. 
• Good knowledge of the different technologies + good network among 
equipment’s fabricant.  

 

Contact: Apply on website, http://jobs.nalco.com 
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Advanced Process Control Special— 
Potable Water and Virtual Sensors 

 
Using Virtual Sensors to Predict and Control Disinfection By-Products 
 

 

Introduction 
 
The USEPA is placing stricter limits on the control of disinfection byproducts (DBPs) in water 
treatment and distribution facilities. The new limits pose a serious challenge to plant operators 
because these limits are both reduced and provide less opportunity for system-wide averaging. 
One of the regulated DBPs is total trihalomethanes (THMs), carcinogens that form when organics 
in source water are oxidized by chlorination. Facilities in low lying coastal areas and those in 
warmer climates are particularly susceptible to THM formation because of high concentrations of 
source water organics whose species composition can also vary seasonally. THMs are measured 
by laboratory instruments that are expensive to buy and operate, therefore, most facilities send 
water samples to outside labs for analysis. This means that process operators generally do not 
know THM levels until weeks later, a condition that can lead to unrecoverable exceedances. 
 
 
 

Methods 
 
 
The authors worked with a large municipal system to develop “virtual sensors” that predict THMs 
in real-time. In this case, the virtual sensor used a type of artificial intelligence, namely artificial 
neural networks (ANNs), to predict values of the output variables that are difficult or expensive to 
monitor, by correlating the output to other process variables that are more easily measured. Any 
such model must accurately describe the input/output behaviors of the process it represents, and 
it must execute in real-time to accommodate constantly changing input data. The model can also 
be used to do “what ifs”, that is, estimate the consequence of taking a control action to change 
the course of a process and the resulting DBP level. 
 
 
 

Conclusion 
 
 
The figure at the top of the page plots actual THM measurements versus raw water color and 
the relative ratio of influent from the plant’s two different source waters. Also shown is a 
“response surface” fitted to the data by a virtual sensor that predicts THMs as a function of 
color, source ratio, and seven (7) other inputs. It should be noted that the source ratio is a 
controlled input variable, while color is dependent on source ratio and seasonally- changing 
organics composition; and all of the inputs are measured in real-time, so that THMs can be 
predicted in real-time. The response surface is calculated by ranging the virtual sensor’s  
inputs, and will generally be seen to run through the middle of the data. Plotting the data and 
surface together reveals details such as excursions from normal behaviors and how process 
variables interact. In this example, the relationships between color, source ratio, and THMs 
are shown to be non-linear. The figure above shows that the virtual sensor’s predictions dur-
ing a seven month trial match lab measurements quite well, with a R2 = 0.82, as the virtual 
sensor (blue line) closely matches lab data (gray line). The authors are presently working to 
provide operational professionals with a supervisory control system that provides a unique, 
integrated, multivariate view of the process, which uses advanced visualization technology. 
This system automatically adapts to process changes by regenerating its models as new 
data is collected. 
 

 

3D plot of ANN-based virtual sensor response 
surface fitted to measured THM data. 

 

About the Authors 
 

John Cook is the CEO of Advanced Data Mining International, a Leading-edge environmental engineering company that solves  
complex process problems through building computer models of natural systems using AI, chaos theory, data mining, etc. Advanced 
research for the Water Research Foundation, Water Environment Research Foundation, USGS, and water utilities. Areas of applied 
research and engineering include expansive area groundwater models, salinity intrusion modelling, distribution system monitoring and 
modeling, plant process optimization and optimizing oil and gas production, among many others.  
 
 Edwin Roehl is the CTO of Advanced Data Mining International and specializes in Artificial Intelligence, data mining, modelling,  
prediction, forecasting, multivariate analysis, process control, real-time systems, expert / decision support systems, decision support 
systems, environmental, oil & gas, manufacturing  
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Development of Inferential Sensors Using Principal Component 

Analysis for Real-time Quality Control of Water-level Data  

 

    

 

 

 

 

 

Figure 1.   Location of the inferential sensor within the data network stream.   

ABSTRACT 
 
The Everglades Depth Estimation Network (EDEN) is an integrated network of real-time water-level gauging stations, ground-elevation models, and 
water-surface models designed to provide scientists, engineers, and water-resource managers with current (2000-present) water-depth information for 
the entire freshwater portion of the greater Everglades. The generation water-level surfaces is derived from real-time data. Real-time data are automati-
cally checked for outliers using minimum, maximum, and rate-of-change thresholds for each station. Smaller errors in the real-time data, such as grad-
ual drift of malfunctioning pressure transducers, are more difficult to immediately identify with visual inspection of time-series plots and may only be 
identified during on-site inspections of the gages. Correcting smaller errors in the data often is time consuming and water-level data may not be final-
ized for several months. To provide water-level surfaces on a daily basis, an automated process to identify errors in water-level data and to provide es-
timates for missing or erroneous water-level data was needed. 
    A technology often used for many industrial applications is the “inferential sensor.” Rather than installing a redundant sensor to measure a process, 
such as an additional water-level gage, an inferential sensor, or virtual sensor, is developed that estimates the processes measured by the physical 
sensor.  The advantage of an inferential sensor is that it provides a redundant signal to the sensor in the field but without exposure to environmental 
threats, along with maintenance and calibration. In the event that a gage does malfunction, the inferential sensor provides an estimate for the period of 
missing data.  The inferential sensor also can be used in the quality assurance and quality control of the data. The inferential sensors are automated so 
that the real-time water level data will continuously be compared to the inferential sensor signal and digital reports of the status of the real-time data will 
be sent periodically to the appropriate support personnel. The development and application of inferential sensors is easily transferable to other real-time 
monitoring networks. 

 
INTRODUCTION 
 
The Everglades Depth Estimation Network (EDEN) is an integrated network of approximately 260 real-time water-level gaging stations, ground-
elevation models, and water-surface models designed to provide scientists, engineers, and water-resource managers with current (2000-present) wa-
ter-depth information for the entire freshwater portion of the greater Everglades (Telis, 2006). The U.S. Geological Survey Greater Everglades  
Priority Ecosystems Science program provides support for EDEN with the goal of providing quality-assured hydrologic data for the Comprehensive  
Everglades Restoration Plan (“Restoration Plan”) (U.S. Army Corps of Engineers, 1999).   Presented on a 400-square-meter grid spacing, the EDEN 
offers a consistent and documented data set that can be used by scientists and operations to: (1) guide large-scale field operations, (2) integrate hydro-
logic and ecological responses, and (3) support biological and ecological assessments that measure ecosystem responses to the Restoration Plan.  
These data establish a large data set of baseline conditions prior to the implementation of the Restoration Plan that offers investigators a single  
repository for historic hourly water-level data. 
    While EDEN data are of great importance to many scientific and resource management activities, some of the massive amounts of data being  
collected by the network are inaccurate for reasons such as sensor malfunction, data communication errors, and other types of hardware issues.   
Detecting these issues can be time consuming and problematic, especially when they are not obvious by inspection, such as detecting drift.  It can be 

time consuming to correct these types of problems because of the remoteness 
of the monitoring sites and the expense of having qualified  sensor. Rather than installing a redundant sensor to measure a  

process, such as an additional water-level sensor, an inferential, or 
virtual sensor, is developed that estimates the processes measured by 
the physical sensor.  The inferential sensor typically is an empirical or 
mechanistic model using inputs from one or more proximal gages. The 
advantage of using an inferential sensor is that it provides a redundant 
signal to the sensor in the field but without exposure to the  
environmental threats (floods or hurricanes, for example). In the event 
that a physical sensor does malfunction, the inferential sensor provides 
an estimate for the period of missing or erroneous data.  The inferen-
tial sensor also can be used in the quality assurance and quality con-
trol of the data.  The virtual signal can be compared to the real-time 
data and if the difference between the two signals exceeds a certain 
tolerance, corrective action can be taken. The inferential sensors 
(Figure 1) are automated so that the real-time EDEN data will  
continuously be compared to the inferential sensor signal and digital 
reports of the status of the real-time data will be sent periodically to the  
appropriate decision-maker.  

METHODS 
 

The inferential sensor sequences two algorithms to automatically analyze the real-time data. The first layer implements a Statistical Process Control 
(SPC) series of 14 univariate filters (Table 1) (Cook et. al., 2008).  Univariate filters provide information about the quality and behavior of the data for 
each parameter and combined with post-processing of the filter outputs with logic integrates information for multiple sensors to validate measurements 
and generate intelligent notifications for system managers.  For example, if only one EDEN sensor were to exhibit odd behavior, but neighboring sen-
sors do not, then a physical sensor issue is likely the problem.  If multiple sensors exhibit odd behavior, then systematic network issues or network 
maintenance may be occurring. 
    The second algorithm addresses synthesizing measurements to augment actual measurements determined to be erroneous or unreliable.  As it is not 
known at any given date and time what sites will have reliable data available, it is necessary that empirical models be created “on the fly”. A matrix of 
Pearson coefficients is calculated using the most recent filtered data and candidate gaging stations to be used as inputs to an empirical model for a 
given site are selected based on degree of correlation. Filtered data are used to remove the influence of any outliers on the calculated Pearson  
coefficients.  The quantity of data to be used in the data matrix is configurable and in this case was set to a minimum of 90 days. The selected signals 
must then be automatically decorrelated from each other before applying multivariate linear regression.  A statistical technique known as Principal  
Component Analysis (PCA; Joliffe, 2002), which has been widely used in data analysis and compression, was selected for this application. 
    “The central idea of principal component analysis is to reduce the dimensionality of a data set consisting of a large number of interrelated variables, 
while retaining as much as possible of the variation present in the data set.  This is achieved by transforming to a new set of variables, the principal 
components (PCs), which are uncorrelated, and which are ordered so that the first few retain most of the variation present in all of the original  
variables.” (Joliffe, 2002).  In simple terms, PCA is performed by calculating the eigenvalues and eigenvectors of the covariance matrix of the assembled 
data set.  Each eigenvector has an associated eigenvalue.  When sorted by eigenvalue (highest to lowest), the first eigenvector (PC) explains most of 
the variance in the original variables.   As all eigenvectors of a symmetric matrix (in this case the covariance matrix) are orthogonal to each other, each 
PC is decorrelated from any other PC. 
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UNIVARIATE 

FILTER CHECK DESCRIPTION PRECEDENCE
WATER LEVEL 

LIMIT (ft.)

LOST_SIGNAL no signal 1 NA

GT_RNG_UL x(t) > signal range Upper Range Limit 2 15.19
LT_RNG_LL x(t) < signal range Upper Range Limit 3 6.99
GT_UCL x(t) > signal  Upper Control Limit 4 14.73

LT_LCL x(t) < signal  Upper Control Limit 5 8.56
Sn_LT_L flatlined: x'(t) = x(t)=x(t-1); SUM[(|x'(t)|,…,|x'(t-n+1)|] < Limit 6 0.00

D1_GT_L_1 vfast vlarge increase: x(t)-x(t-1) > Limit 7 1.92
D1_LT_L_1 vfast vlarge decrease: x(t)-x(t-1) < Limit 8 -2.34

D1Sn_GT_L_1 fast vlarge increase: x'(t)=x(t)-x(t-1); Sum[x'(t),…x'(t-n+1)] > Limit 9 1.98

D1Sn_LT_L_1 fast vlarge decrease: x'(t)=x(t)-x(t-1); Sum[x'(t),…x'(t-n+1)] < Limit 10 -2.52
D1_GT_L_2 vfast large increase:  x(t) - x(t-1) > Limit 11 1.69

D1_LT_L_2 vfast large decrease:  x(t) - x(t-1)< Limit 12 -0.25
D1Sn_GT_L_2 fast large increase: x'(t)=x(t)-x(t-1); Sum[x'(t),…x'(t-n+1)] > Limit 13 1.98

D1Sn_LT_L_2 fast large decrease: x'(t)=x(t)-x(t-1); Sum[x'(t),…x'(t-n+1)] < Limit 14 -0.27

Table 1.  Univariate filter descriptions.  Filters are applied in order of precedence.  Limit values shown are for illustration only.  The limits are 
uniquely set for each gaging station and each parameter in the gaging network. 

 RESULTS 
 
Twelve sites were selected to test the use of PCA coupled with multivariate linear regression to predict water levels (WL).   The sites were  
selected to represent the different types of locations (marsh, canal, marsh structure and canal structure) as well as those with highly correlated 
candidates and those with few or no highly correlated candidates.  The data set included hourly data from 4/2009 – 12/2009.   The real-time  
water-level data were first run through the univariate filters.   Water levels at each of the 12 sites were predicted over the data set time period  
using PCA and multivariate linear regression.  Data from up to five candidates were included in the models.  Correlations and regressions used 
the most recent 90 days of data.  As an example, Figures 2, 3, and 4 show results from three of the sites to highlight various aspects of the study.  
Displayed in each graph are measured WL, filtered WL, predicted WL using linear regression, and predicted WL using PCA and multivariate lin-
ear regression. In Figure 2, little improvement is seen by adding additional sites.  L31N1 has a number of highly correlated sites (coefficient of 
determination [R2] 0.99 or greater). In Figure 3, a better estimate is seen using five similar sites and PCA over one site and regression. Figure 4 
highlights the ability of the predictions to pick up erroneous data that were missed by the univariate filtering.   

Figure 2.  Gage L31N1 in Everglades National Park.  Univariate filtering removed the large spikes shown in the inset.   

Figure 3. Gage S10DT in Water Conservation Area 2  
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Figure 4. Gage E146 in Everglades National Park  
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CONCLUSIONS 
 
 Initial results confirm that the use of filters and empirical models using PCA and multivariate linear regression, combined with post-processing logic 
can comprise an inferential sensor that will provide both accurate estimates of data when missing and quality assurance of the data. Developing em-
pirical models “on the fly” ensures that the greatest number of available gaging stations is used for developing the inferential sensor. The develop-
ment and application of inferential sensors is easily transferable to other real-time monitoring networks. 
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OPIR 
 
 

OPIR provides optimal control of water intake, production and  
distribution. The OPIR control software predicts water demand up to 48  
hours in advance. It uses this prediction to determine the optimal  
production and distribution of water, that will ensure meeting the  
demand while keeping reservoir levels within the accepted operating  
range. 
 
OPIR provides constant production rates by making optimal use of the  
available water storage. 
 

Methods 
 
Water supply systems 1 to 4 have been controlled by the predictive  
control model OPIR for several years. During the experiments OPIR  
was switched off for one week and the systems were controlled by  
conventional level control. At water supply system 5 OPIR was newly  
implemented to replace conventional level control. The following  
parameters were monitored and compared for both control systems: 
 

• Energy consumption and -cost 
• Water quality 
• Use of the reservoirs 

Figure 1: Water supply systems where full scale experiments were conducted 

OPIR : -3,1% 

 

OPIR : -7,4% 

 

OPIR : -5,2% 

 

OPIR : -19,3% 

 

Discussion 
  

   
Experiments showed significant savings on energy costs of over 5% (varying from € 3,000  
(system 5) to over €40,000 (system 2) per year).  These savings result in an return on  
investment for implementing model predictive flow control of 3-5 years. However, those  
savings were not the main reason for implementing model predictive flow control. 
 
The most valuable benefit of model predictive control is the stable and proactive operation of  
the drinking water facilities, the better water quality, and the better understanding and  
overview over the system for the operators. This results in less operational alarms and a  
higher level of security of supply. 
 

Summary and Conclusions 

  

The use of model predictive flow control compared to conventional level control results in  
better water  quality and lower energy costs, and also in a more stable and secure operation  
of water supply systems. 
  

 

 

Figure 2: OPIR user interface, providing overview over the system and insight in future flows and 
levels 
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Results 

About the Authors 

Introduction 
 
  
  

Approximately 50% of all water supply systems in the Netherlands are controlled by model predictive flow control systems, based on a short term forecast of water  
demand. The other 50% of the water supply systems are controlled by basic level control loops. 
 
In the first half of 2011 full scale experiments at 5 different water supply systems were conducted to assess the benefits of model predictive flow control compared 
to conventional level control. 

Olivier Hartel and Martijn Bakker work for DHV in the Netherlands in the field of model predictive flow control. If you have any questions 
about this paper then please feel free to contact them on 
 
martijn.bakker@dhv.com  Tel: +31 33 6 54 24 51 31 
olivier.hartel@dhv.com  Tel: +31 33 6 54 24 22 32 
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Advanced Process Monitoring for Wastewater Treatment Works 

 Introduction 

With the increasingly common usage of online analytical instruments in wastewater treatment works there is a wealth of data available. Coupled with 
this increased availability of instrumentation is a need for reliable data screening and fault detection. The robustness of the data impacts directly 
upon any control decisions made or process information interpreted from the data. This is of particular importance in the wastewater industry, where 
the harsh operating environment takes its toll upon instruments - particularly those situated at the plant influent.  
One of the key factors in decision-making, from plant design to process control, is the treatment plant performance and the reliability of the plant with 
respect to consent limits. Given the dynamic and variable nature of the wastewater treatment plant, plant performance also varies – diurnally,  
seasonally and according to operating mode. Standard univariate process monitoring approaches are not always suitable for monitoring of  
wastewater treatment processes with respect to water quality, because these variables are not typically normally distributed. Monitoring of a large 
dynamic process with many coupled variables, such as this, requires an advanced approach capable of considering the multivariable interactions in 
the process and utilising this knowledge to identify abnormal operating conditions. 
  
The recent shift towards online instrumentation for water quality monitoring is welcome – providing more information on the dynamics of the  
treatment process than the traditional approach of sampling and laboratory analysis. Combining both online monitoring and the traditional sample-
based approach can increase the reliability of online instruments – by allowing advanced monitoring systems to consider the accuracy of the online 
instrument. Calibration monitoring is possible, monitoring instrument measurement drift (based on comparison with laboratory samples) and providing 
a method by which preventative maintenance may be implemented.  
 
Two aspects of process monitoring are of particular importance in wastewater treatment applications: detecting sensor faults, and detecting abnormal 
process operation. These are interlinked - detecting sensor faults not only provides the operator with necessary information for maintenance but also 
increases the robustness of online process monitoring. Both aspects are discussed in this paper.  
 
Instrumentation used in wastewater treatment process monitoring is susceptible to sensor failure. The presence of fats, oils and greases at the influ-
ent to treatment works, and other materials that may pass through the degritting or mesh stage, leads to clogging of the sensors. Solids build-up 
around the sensor can occur over time, even in the case of sensors with in-built cleaning (e.g. pressurised air). Detection of sensor quality degrada-
tion can be used both to highlight the bad data quality to the control system, and also to prompt maintenance of the sensor.  
 
The introduction, by the Environment Agency, of an instrumentation certification system for the water industry (denoted MCERTS) will impact upon 
the choice, use and maintenance of online water quality monitors. MCERTS is a formal scheme that certifies continuous monitoring systems, such as 
those that measure flow, ammonia, COD, dissolved oxygen, pH, temperature, TOC, and turbidity. Many of these online instruments are now standard 
in the water industry and thus will be impacted directly by the introduction of this scheme.  
 
Multivariate process monitoring (Section 4) is useful to determine process shift, across several variables – utilising the correlation between them. In 
designing a process monitor to detect abnormal process conditions, it is important to define what is normal. One of the advantages in wastewater 
treatment processes is the high level of correlation between variables – for example the diurnal patterns seen in flow, organic load and energy usage. 
This provides a rich data set with which to build models of the process relationships. There may be more than one mode of ‘normal’ operation – 
which can be considered as different ‘classes’ in a Principal Component Analysis. This allows the process monitor to consider the range of operating 
modes that a nonlinear dynamic process may operate in.  
 
Models built from process data can be combined with process knowledge from site operators to provide an intelligent process monitoring scheme. 
The information provided by the process monitor is typically the type of information that an experienced operator could provide by observing the  
process – however the nature of wastewater treatment plant operation is such that operators are ‘thinly’ spread around the site – working on several 
processes and serving several roles from maintenance through to plant optimisation. Without the constant presence of an operator, the advanced 
process monitor has a similar role – utilising historical knowledge of the process, together with any incorporated process knowledge, and the ability to 
consider information from multiple processes simultaneously.  

Instrument monitoring 

Identifying sensor drift is important in maintaining instrumentation used in wastewater treatment. Drift can indicate fouling of the sensor, which when 
used in feedback control can lead to erroneous control actions. Additionally, for instruments which are calibrated for a specified range of process  
conditions, operation outside of this calibration range can lead to ‘drift’ with respect to true measurements, such as laboratory based samples. The 
key issue in identifying drift is determining if the drift is a sensor issue or whether this drift exists in the variable measured. The two root causes ap-
pear similar when looking at a single variable, without reference to a calibration variable (such as laboratory samples) or to other process variables 
(other online instruments). For this reason, the use of an ‘intelligent’ instrument monitor (IIM) – which uses process and sensor knowledge to pinpoint 
the root cause – to monitor sensor drift is recommended.  
 
A calibration model can be built from two or more variables – Figure 1 demonstrates an example of a multivariable model of a COD sensor in an Acti-
vated Sludge Process. The model estimation for this variable was produced from a process model that considered BOD, COD, SS, and Flow. A 
‘Partial Least Squares’ modelling approach was used to define the correlation between these variables. The data chosen for modelling purposes cov-
ered a range of operating conditions, such as diurnal variations in plant load. A breakdown in the correlation of these variables helped to detect a 
sudden calibration error on this sensor. The model estimation was then used as a reconstructed sensor until such time as maintenance was per-
formed to rectify the sensor issue.  
 
A key step in designing an IIM is to obtain a ‘good’ data set on which to identify a  
suitable calibration model (or multiple models, depending on the process). For  
example, in the case of a regression-based calibration modelling of two variables, the 
first steps should be to determine: correlation between variables, the type of  
relationship between the variables (for example linear or nonlinear), data normality 
(many statistical approaches assume normal data distribution), and variance  
homogeneity (some sensors operate with varying accuracy over their operating range 
– especially at the minimum/maximum operating limits).  
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Calibration models can be used to estimate parameters in a process, e.g. water qual-
ity variables, and comparing this estimation with the sensor value allows ‘drift’ to be 
identified. The important aspect of this comparison is confidence in the model esti-
mation. Once a calibration model is identified and used for online monitoring, the 
model itself must be monitored in real-time to ensure it is still valid for use. To main-
tain robust and accurate calibration models, a cycle of monitoring these models must 
be implemented: obtaining data, calibrating the model and assessing the results. Lin-
ear Profile Charts can be used to monitor calibration models over time, by monitoring 
model slope, intercept and variance, in order to ensure the calibration model being 
used is effective.  
 
Monitoring the calibration models in this manner does require laboratory sampling to 
be performed at intervals, in order to provide up to date independent confirmation of 
process measurements. The ‘goodness of fit’ criteria employed (such as the Linear 
Profile Charts in Figure 2) will determine whether the current model is appropriate, if 
adjustments are required to the calibration model or whether a new set of calibration 
experiments are necessary.  

Process monitoring 

Principal Component Analysis (PCA) is a method of extracting information from a large set of variables and expressing it as a reduced set of vari-
ables (or Principal Components). This is implemented by determining the correlations between variables. For example, as discussed above the diur-
nal pattern in flow, load and energy within an ASP process can be considered as a Principal Component (PC). A PCA model defines then the magni-
tude of correlation of each variable to each PC. Principal Component Analysis does not consider cause and effect variables or the relationship be-
tween these – instead it has the effect of compressing information on correlated variables into components that describe variation in the data.  
 
Principal Component Analysis  
 
Principal Component Analysis is used in situations where a lot of highly correlated data is available – this is the case in  
wastewater treatment processes. In addition to its ability to consider processes with a large number of variables, it also is ro-
bust in handling uncorrelated noise from multiple sources. In PCA, all variables are considered in the same manner, whether 
they are cause or effect variables. PCA models are obtained by extracting linear combinations of variables from data. These 
linear combinations (termed ‘scores’) represent the major variations in the data (for example, in wastewater applications the 
diurnal activity would constitute one of the scores). Each of the scores is uncorrelated with the others. A mathematical  
description of these scores is as follows:  
 
Where tk is the kth score, Pk is the loading vector for the kth score and Z is the original data matrix which is of size m x n where m 
is the number of samples and n is the number of original variables. The loadings are identified using the ‘singular value  
decomposition’ (SVD) technique, which models the loadings such that the first score explains the largest variation in data, the 
second score the next largest, and so on. The scores can be used to regenerate the original data via the equation:  
 
The PCA model, and its predictions, can then be used to determine when the process is moving away from its normal  
operating mode or modes (as modelled based on historical data). In particular, the squared prediction error of the model is the most commonly util-
ised statistic in monitoring the process for abnormal operation.  
 

Principal Component Analysis for Process Monitoring  
 
The first stage in the development of the PCA-based process monitor models is to collect data from the process. For example in an Activated Sludge 
Process, online information such as plant loading, air flow rates, dissolved oxygen levels and other variables in the process, will be used to build a 
model of the interactions within the process. Some plant tests may be necessary in order to obtain robust models of the correlations in the process. 
This typically involves manipulation of ‘cause’ variables, such as air flow rate, to build models of the relationship with ‘effect’ variables. These plant 
tests are planned in advance, following a ‘Design of Experiment’ (DOE) methodology, to minimise the impact upon treatment efficiency, whilst obtain-
ing sufficient information on plant behaviour.  
 
Differing modes of operation may exist within a wastewater plant (in an example shown in Section 4.3 of this paper, an alternating aeration ASP op-
erates with consecutive phases of nitrification and denitrification), and the behaviour of the process in these operating modes can be vastly different. 
Classification, defining these different modes as ‘classes’ and incorporating this into the process monitor model, can be used to monitor processes 
with this type of operation.  
 
Part of identifying an appropriate process monitoring model is to understand what is good or ‘normal’ operation for the process. This is based both on 
analysis of process data, but also on the knowledge provided by site operators. Based on this information, statistical operating envelopes can be de-
veloped, which consider the normal behaviour of the plant in multiple operating modes. Once this has been defined, the statistical results from the 
process monitor can be interpreted to obtain information on the current behaviour of the process. Early warning of process faults can be provided by 
considering the ‘scores’ of the model as points on a scatter plot (as represented in Figure 3), where the statistical envelope (grey sphere) is defined 
by the historically ‘normal’ process behaviour.  
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Principal Component Analysis - Modelling Example  
 
Consider the case of an alternating aeration ASP, in which the process alternates between nitrification (and ammonia removal) and denitrification 
(and nitrate/nitrite removal), via aeration/lack of aeration. In the aeration phase, the pH in the process is monitored and the nitrification is controlled 
by manipulating the air flow rate. The relationship between the air flow, pH, redox measurement, dissolved oxygen and any other available data in 
the ASP would be represented in the PCA model, and the differing nitrification/denitrification phases would be considered by different model classes. 
A PCA model was built that considered multiple variables – dissolved, oxygen, aeration (air flow), and redox in the aeration zone of the ASP (see 
Figure 4 below). This was identified using several weeks of historical process data, and validated against a further portion of data. Validation 
(checking the model predictions against process data) must be performed on data not previously used for modelling.  
 
The PCA statistic of most use when monitoring a process plant is the 'squared prediction error' (SPE), which provides a measure of how the  
relationships and correlations between the process variables compare with those identified under normal operating conditions. If a fault develops on 
the pH sensor then the relationship between the pH measurement and other variables would change, resulting in an elevated value of the Squared 
Prediction Error for the PCA model estimations. The rise in SPE value would provide an indication that the process measurements were behaving 
abnormally. In this manner, the models built and information gathered from the historical process data would be used to identify instrumentation  
errors. In the case of instrumentation failure (e.g. if the redox sensor failed), the missing data could be reconstructed from its correlation with other  
variables.  
 
PCA analysis involves creating a model which reduces a large number of signals to a much smaller representa-
tion using ‘score’ signals. In this case, 2 score signals were used, which characterised 95% of all of the variability 
of the signals. Figure 5 shows the score scatter plot of score 1 against score 2.  
 
Clearly, it can be seen that there are two distinct regions (or clusters) of data, representing the nitrification and 
de-nitrification zones. As the process moves between nitrification and subsequent denitrification, the current op-
erating point on the scatter plot (marked by black ‘x’ in Figure 5) moves in a clockwise direction, as annotated 
The advantage of the PCA classification is that it allows clusters of data to be classified into sub-regions, as 
shown in Figure 6. Here the data is divided into four sub-regions (or ‘clusters’); ‘During nitrification’, ‘after nitrifica-
tion’, ‘during de-nitrification’ and ‘after de-nitrification’. Figure 5 shows the elliptical classification envelopes 
around each cluster. When the current data point is regarded as having moved from one cluster to the next, the 
overall ‘active’ classification signal will change.  
 
In this way, the PCA analysis can be used to determine when the end of nitrification or  
de-nitrification occurs, allowing the process to be controlled accordingly. The other advantage of using PCA for 
classification is that abnormal behaviour and process errors are automatically accounted for, as the resulting  
abnormal data no longer fits within the classification envelopes. Abnormal process operation and/or signal fail-
ures are therefore automatically detected and accounted for.  
 
Process Monitoring - Example  
 
A further example of the use of PCA modelling is in that of a process monitor developed to detect abnormal con-
ditions in the Final Settlement (Clarifier) stage of a wastewater treatment works. In this process, shown in Figure 
7 below, the Final Settlement Tanks (of which there are 8) sludge blanket levels are controlled by de-sludging, 
via manipulation of the position of a bellmouth. The PCA model for this process considers the sludge blanket lev-
els and bellmouth positions, the flow through the process and the mixed liquor suspended solids in the ASP. The 
aim of the process monitor developed was to provide real-time information on the ‘health’ of the settling process, 
and to highlight any reduction in settleability, thus predicting issues with solids carry-over to the final  
effluent.  
 
The process monitoring PCA model was built using historical data from the site that reflected ‘normal’  
operating conditions. The process monitor was tested with several months of historical operational data, which 
contained periods of issues with sludge settleability, resulting in rising sludge blanket levels. During abnormal 
operating conditions, the correlation between these process variables ‘breaks down’ – the model predictions of 
process behaviour drift from actual behaviour, indicating abnormal operating conditions.  
 
Based on the correlations between variables, and a statistical analysis of the prediction errors, the process  
monitor can provide a ‘health’ indicator for this process. In Figure 8 below, the process monitor detected the  
abnormal sludge blanket levels (displayed as red points on the scatter plot in the first window). These were high-
lighted as outside of the normal operating region – defined by the green ellipse. Additionally, by analysing the 
model predictions, the Process Monitor identified the ‘culprits’ for this abnormal operation - the red contribution 
bars in the second window highlight the process variables contributing most to this event. This information could 
be used as part of an operator advisor or in a sludge blanket control scheme.  
 
This process monitor is capable of highlight short-term events, such as the effect of storm flows on  
settleability, providing the control system with an opportunity to take preventative measures to avoid solids wash-
out in the clarifiers. It also detects longer term shifts in process operation, for example detecting a gradual drift in 
the performance of several of the clarifiers quicker (approximately 2 days) than a univariate statistical test (which detected the issue after  
approximately 7 days). This ‘early warning’ system allows the operator to implement process changes, or allows the controller to make appropriate 
control moves, to avoid process issues.  
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The mission of ZAPS is to create and produce on line, real time, green water composition monitoring equipment to aid professionals 
involved in water treatment, water analysis, and environmental analysis. To achieve our mission we apply patented and proprietary 
solid state optical techniques requiring no chemicals, reagents, operators or routine maintenance, resulting in equipment that runs 
unattended 24/7 while producing millions of tests per day on moving water.  
 
ZAPS Technologies provide versatile, high-precision optical instrumentation and services for the monitoring of all fluid systems  
Especially those with effluent limitation guidelines. The produce the LiquIDTM online monitor 
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The LiquIDTM continuous online monitoring  system was developed by the Chief Science Officer of ZAPS technologies, Dr Gary 
Clinkhammer. The LiquID combines top of the line optical technologies with multiple measurement techniques resulting in  
un-paralleled real-time event detection capabilities and is the only early warning system that can apply a variety of analytical  
Techniques including absorption, fluorescence and reflectance measurements within the same machine giving the ability of  
analysing for a number of different parameters. These parameters include on the water treatment TOC,UVT, FDOM, Chlorophyll, 
Turbidity, Nitrate and on the wastewater side BOD/COD,TSS, Ammonia and Nitrate amongst other parameters. 
 
The LiquIDTM uses novel flow-cell and optical arrangement to manage the light 
more efficiently than any other optical detection system. This patented innovation 
together with its unique analytical capabilities makes the LiquID a powerful event 
detection system. 
 
The LiquIDTMsystem has network connectivity either through Ethernet protocols or 
cellular communications when matched with an external antenna enabling clients 
to view data over the internet. It has a configurable real time 4-20mA analog signal 
via an optically isolated, self-powered output. 
 
The LiquIDTM can be installed in a wide range of scenarios and excels in applications where continuous monitoring and  detection 
of contaminants are critical such as real time detection of total organic carbon (TOC) and specific ultra-violet absorbance making it 
ideal for potable water applications and it also able to work with a variety of difficult to analyses matrices making it robust to work 
within the wastewater treatment works. With its ability to automatically respond to pre-defined events by notifying operators or  
triggering control processes it is ideal for sites that are not permanently manned  
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Conferences, Events & Training Courses 
November 2011 
 
15th—17th November 
WATEC 
Tel Aviv, Israel 
Hosts: WATEC 
 
22nd –23rd November 2011 
1st African Effluent &   
Wastewater Management 
Conference 
Nairobi, Kenya 
Hosts: aidembs 
 
24th-26th November 2011 
Vietwater 2011 
Ho Chi Min City, Vietnam 
Hosts: Merebo 
 
29th November 2011 
Design & Operation of  
Anaerobic Digestion  
Technologies 
Wakefield, UK 
Hosts: Aqua Enviro 

December 2011 
 
5th– 7th December 2011 
1st International Conference 
on Water & Society 
Las Vegas, USA 
Hosts: Wessex Institute of 
Technology 
 
7th December 2011 
Operation & Control of  
Activated Sludge Plants 
Wakefield, UK 
Hosts: Aqua Enviro 
 
7th—8th December 
ACWUA Best Practises 
Sharma El Sheik, Egypt 
ACWUA 
 
19th—20th December 2011 
1st Mediterranean Water  
Conference 
Marrakesh, Morocco 
Hosts: EMWIS 

January 2012 
 
11th-12th January 
SCADA Asia 
Hong Kong 
Hosts: IQPC 

February 2012 
 
9th –11th February 2012 
Everything about Water 
Delhi, India 
Hosts: EAwater 
 
21st February 2012 
Recent Advances in Energy 
Savings in the Water Industry 
Leeds, UK 
Hosts Aqua Enviro 
 
24th February 2012 
7th Annual Water Symposium 
Sydney, Australia 
Hosts: Legalwise Seminars 
 
26th-28th February 2012 
3rd IWA/WEF Wastewater 
Treatment Modelling Seminar 
Mointe St Anne, Canada 
Hosts: WEF/IWA 

Other Events 2012 
 
13th—18th May 
World Congress on Water,  
Climate & Energy 
Dublin, Ireland 
Hosts: IWA 
 
14th –16th May  
Earth Summit 2012 
Rio de Janeiro, Brasil 
Hosts: Earth Summit 
 
22nd– 24th May 2012 
IWEX 
NEC Birmingham, UK 
Hosts: Edie 
 
6th –8th June 2012 
Aquatech China 
Shanghai, China 
Hosts: Aquatech China 
 
1st—5th Jul 2012 
Singapore International Water 
Week 
Singapore 
Hosts: Singapore Government 
 
16th—21st September 2012 
IWA World Water Congress 
Busan, Korea 
Hosts: IWA 
 
23rd –25th September 2012 
Nutrient Removal & Recovery 
Harbin, China 
Hosts: IWA 
 
29th September  3rd- October 
2012 
WEFTEC 
New Orleans, USA 
Hosts:  WEF 
 
7th—8th November 
WWEM 
Telford, UK 
Hosts: WWEM 

March 2012 
 
12th—17th March 
World Water Forum 
Marseilles, France 
Hosts: World Water Forum 
 
20th March 2012 
Water & Environment 2012 
London, UK 
Hosts: CIWEM 
 
27th—29th March 2012 
The Future of Utilities & the 
Smart Utility Forum 
London 
Hosts: Marketforce 
 


