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ABSTRACT OF THE DISSERTATION

Analysis of integrated hard and soft sensors for process control and monitoring in Water
Resource Recovery Facilities

By
Francesca Cecconi
Doctor of Philosophy in Civil and Environmental Engineering
University of California, Irvine, 2020

Professor Diego Rosso, Chair

Online continuous monitoring of water quality variables is a crucial aspect to ensure the
correct performance in Water Resource Recovery Facilities. In the last few decades, with the
advent of water reclamation and the use of new technologies to lower the energy consumption
of processes, real-time measurements have gained a larger role in both process monitoring
and control. In order to obtain on-line data, sensors and analyzers are essential, which tech-
nology in time have been improved to obtain reliable high-frequency measurements, and to
optimize maintenance and costs of operation. Despite the improvements and the develop-
ment of new technologies for measuring different water quality, sensors are often expensive
and usually present problems of fouling, poor calibration, and lack of reliability. A common
perception is that sensors represent the bottleneck for implementing online process control of
wastewater treatment, especially in consideration of the harsh environment they are deployed
and the number of water professionals sufficiently confident to rely entirely on them. In this
dissertation we focused on ammonium sensors, typically based on lon-Selective-Electrode
technology, which are often found to incur into faulty behavior compared to other water
quality sensors, but they have a large potential application for different monitoring and con-
trol systems. In this study we analyzed the field limitations of ISE-NH] sensors installed

in different sections of the activated sludge tank at a full-scale treatment plant. Among the

xiil



different field influencing factors, a special focus was given to the development of fouling
on the sensor’s membrane, both in terms of composition of the film layer and effect on the
functional behavior of the sensor when subject to fouling. The results show that the sensors
presented a reduced accuracy when working in the lower ammonium range, due to the larger
interference of cations like K and Na™, which exposes a limit to the possible deployment of
these sensors for effluent monitoring. The fouling development was found to be increasing
as a negative exponential against time, with a high content of Iron in the inert fraction. The
sensor was affected by the fouling development, showing a negative drift in time, therefore
leading to an underestimation of the ammonium reading. In consideration of the demon-
strated low reliability of such sensors, especially in efluent installations and concurrently the
high request for the use of ammonium sensors for efluent measurement, this study aimed at
improving the sensor’s accuracy and reliability for low range installations. A machine learn-
ing methodology, based on the use of Artificial Neural Networks and Principal Component
Analysis, was employed to develop a fault detection chart to promptly detect the occurrence
drifts, biases and in general sensor faults. In detail, the fault detection methodology shows
promising results, requiring only few hours to detect an incorrect calibration procedure and

one day to detect a fouling drift of the sensor.
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Chapter 1

Introduction

Challenges with water supply are increasing all over the world due to rising demand, drought,
depletion and pollution of groundwater and the recurrent issue of depending on one single
source of supply (Wade Miller, 2006, Hering et al., 2013). As a consequence, existing water
supply must evolve, creating new sources of high-quality water by focusing on water recla-
mation, recycling, and reuse (Okun, 1996, Hochstrat et al., 2010, Leverenz et al., 2011).
Water resources recovery facilities (WRRFs), whose role is to collect, treat and convert the
pollutants of municipal wastewaters, have been facing increased regulations on water quality
discharge as more strict limits are imposed with the rise of water reclamation and use of
wastewater. The energy required to operate the various processes for wastewater treatment is
substantial, especially with the advent of water reclamation and the use tertiary treatments
(Rygaard et al., 2011; WEF, 2009; Longo et al., 2016). Secondary treatment is commonly
arranged into activated sludge tanks (AS) and requires aerobic conditions for the rapid and
complete degradation of contaminants. The oxic conditions are achieved through an air sup-
ply system, typically composed of subsurface diffusers, for the air distribution in the tank,
and blowers to pressurize the air. Due to the high power demand required to operate the

blowers of the air supply system, diffused aeration is the most energy intensive process in



WRRFSs, representing 45-75% of the energy use (Olsson, 2015; Reardon, 1995; Rosso et al.,
2008). Therefore, in light of the operating costs of secondary and tertiary treatments, many
have focused both on deploying new technologies characterized by lower energy consumption
and on developing control systems to minimize the energy consumption of conventional tech-
nologies. Many control strategies have been developed over to optimize the air delivery of
diffused aeration systems (Holenda et al 2008). Control strategies based on dissolved oxygen
(DO) set points (Ekman et al., 2006) and ammonia-based aeration control (ABAC) (Rieger
et al., 2014, 2012; Uprety et al., 2016) have found large applications in order to achieve

improved effluent quality and minimize the energy use of the aeration system.

1.1 Real-time measurements

In order to ensure both quality consistency for water reuse and energy minimization strate-
gies, real-time measurements have become a compelling requirement. Moreover, with in-
creasing pressure to recycle and reuse water in certain areas of the world, closely monitoring
the effluent water quality has become the standard treatment strategy (Metcalf Eddy, 2007).
Wastewater characteristics have an important spatial and time variability, therefore auto-
matic on-line monitoring of several parameters to determine the quality of the wastewater
is evidently required (Bourgeois et al., 2001). In order to obtain on-line data for monitoring
and control in WRRFs, sensors are essential (Jeppsson et al., 2002) and in time they have
been improved to obtain reliable real-time measurements, optimizing maintenance and costs
of operation (Lynggaard-Jensen, 1999). New technologies and computers together with ris-
ing problems related to water quality made water quality monitoring increase exponentially

during the last decades.



1.2 Importance of real-time ammonia measurement:

monitoring, aeration control, disinfection control

Among the different quality constituents, online ammonium quantification has raised at-
tention because of the diverse possible applications, both for monitoring and control. The
most common implementation concerns the biological ammonia removal process. Depending
on the biological process, the instrumentation can be applied in aerated tanks or in anoxic
conditions and in different positions along the same process. Therefore, the mixed liquor
composition can vary significantly in terms of solids content, organic matter, and biomass,
and as a result the instrumentation requires different maintenance. The different applications
for continuous ammonium reading are listed below. The instrumentation can be installed in
the effluent of the primary clarifier to monitor the nutrient load in the secondary treatment.
Also, it can be installed at the beginning and/or at the end of the aeration step in secondary
treatment processes, especially for the implementation of ammonium-based aeration control
for the optimization of air delivery and energy use (Rieger et al 2012a, Rieger et al 2014).
In addition, the ammonium content of the secondary clarifier efluent can be continuously
measured for monitoring or can be used to control the chlorine dosage of the following dis-
infection step in order to estimate the monochloroamines formation or to balance the ratio
between chlorine and ammonium (Shuck 1973). Real-time ammonium measurement can be
achieved with diverse instrumentations: an analyzer or an ISE sensor. Analyzers are based
on colorimetry or on gas sensitive probe and are installed ex situ. Colorimetric-based ana-
lyzers conduct analysis on samples of mixed liquor collected periodically and automatically.
The sample volume is pumped through an ultrafiltration unit, and then chemicals are added
in a small reactor. The reaction generates a colored component which is correlated with
the ammonium concentration and is measured by an optical cell. Gas sensitive electrodes
require an ez-situ installation with a pumping system, and in some cases a filtration step

is also required. The measurement is based on the complete transformation of ammonium



ions (NH}) to ammonia gas (NH3) by increasing the pH up to 11. The gas is then directly
measured without chemical reactions because the electrode membrane is selectively perme-
able to the ammonia gas. Finally, lon-Selective-Electrodes (ISEs) are in-situ sensors directly
immerged in the environment. These sensors are widespread, low-cost, and are suitable for
nutrient measurements in their ionic species, e.g. ammonium, nitrate, chlorine, pH, potas-
sium, sodium, etc. (Bonastre et al 2005, Kaelin et al 2008, Ingildsen et al 2002, Winkler
et al 2004). ISE-NH; sensors provide a faster response compared to the other ammonium
methods and do not consume analytes (Rieger et al 2002). Such sensors directly measure
the ammonium content without a chemical reaction. Furthermore, due to the ion selective
membrane of the ISE sensors, the ultrafiltration unit required for analyzers and gas sensitive
electrodes can be eliminated, thus avoiding the frequent clogging issues caused by the solids

in the mixed liquor (Devisscher et al., 2002, Ingildsen et al 2003).

1.3 Typical issues with online sensors

Despite the improvements and the development of new technologies for measuring different
water qualities, sensors are often expensive, and they also still cause problems. Harremoes
et al. (1993) showed that any sensor usually presents problems of fouling, bad calibration
and lack of reliability. A common perception is that sensors represent the bottleneck for
implementing online process control of wastewater treatment plants (Harremoés et al., 1993),
especially in consideration of the harsh environment they are deployed. In recent years, large
improvements have been done on the performance and the reliability of sensors, but there
are still not many water professionals that feel sufficiently confident to entirely rely on
them. Also, the existing facilities are frequently not equipped for automated control systems
or do not take advantage of the on-line information (Campisano et al., 2013; Jeppsson et

al., 2002). These issues are typical for any type of on-line sensor used in the WRRFs



due to severe environmental conditions, anomalies in sensors, inadequate maintenance or
other external factors. Still nowadays good maintenance methodologies remain a challenge,
especially when handling new and more unstable technologies. Another issue resides in

managing high quantity of data without losing their quality.

Real-time measurements instrumentation can be subject to various issues such as noise,
bias, drift, outliers, etc. (Thomann et al 2002, Alferes et al., 2013), which determine a lack
of reliability of the signal. Sensors can show partial failures such as bias, drift or precision
degradation as shown in Figure 1.1 (Yoo et al 2007). This results into a decrease in accuracy
and reliability of the instrument, which can cause an erroneous control action and incorrect
perception of the performance of the process being monitored. Sensors can also be subject to
different type of errors, including catastrophic failure and power outages (Schraa et al 2006).
Sensors in complete or partial failing deliver erroneous information both for monitoring and
control application, which can be detrimental to data-driven decision schemes. Due to sensor
malfunction or communication problems (electrical failures) data may not be available for
certain periods of time, which makes it difficult to extract and interpret information from
data. Therefore, sensors are often checked and recalibrated periodically to detect and correct

failures.

In wastewater application, sensors are also often corrupted due to the presence of air bubbles,
significant electrical noise, or they may incur to complete failure due to sludge fouling, since
they operate in very harsh environments (Olsson and Newell, 1999; Bourgeois et al, 2003).
Fouling is an issue associated to all the instrumentation that is deployed in water /wastewater
environment, which causes a loss in sensitivity, reproducibility and frequent re-calibration
requirements (Regan et al, 2009; Bourgeois et al, 2001, Olsson and Newell, 1999). Also, foul-
ing determines a reduction in the sensor performance, it decreases the operating lifetime of
the sensor and it smoothens the sensor reading, introducing a degree of error in the collected

data (Regan et al 2009). This is because fouling can create an artificial environment around
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Figure 1.1: Four types of sensor faults, (a) bias, (b) drifting, (c) complete failure, (d) precision
degradation.

the sensing surface of the sensor and hence, the measured data will not be truly representa-
tive of the location sampled (Whelan et al, 2006). In wastewater application, sensors can be
subject to different degree of fouling, depending on the wastewater composition, in terms of
suspended solids, organic compounds and biomass composition (Amy 2008, Wu et al, 2008;

Le-Clech et al, 2006; Jarusutthirak et al, 2002).

1.4 Software-based sensors in wastewater application

Commercially available control systems rely on real-time instrumentation, in detail for am-
monium control systems, either in-situ ion selective electrodes or ammonium ex-situ analy-
sers are required. However, instrumentation can be costly to operate and depending on the

technology can require frequent maintenance by skilled staff (Kaelin et al., 2008). In fact, in



small or remotely controlled WRRF's, ammonium control systems can be inconvenient be-
cause the installation and maintenance costs may not be covered by the energy cost savings.
As an alternative to hardware-based ammonium control systems, soft-sensors can offer an
interesting solution to avoid using expensive yet error-prone instruments. Soft-sensors are
inferential models where the variable of interest, often hard to measure for technology lim-
itations or high investments costs, is estimated using one or multiple cheaper and/or more
robust sensors (Kadlec et al., 2009, Haimi et al., 2013, Liu et al., 2016, Thurlimann et al
2018). They are often used for fault diagnosis as well as control applications (Aguado and
Rosen 2008, Baggiani and Libelli, 2009). These models can be based on empirical black-box
relationships or on mechanistic concepts. In the first case, such soft-sensors can be affected
by issues in practice due to their lack of transparency, lack of general validity and/or their
(re-)calibration and fine-tuning requirements (Durrenmatt Gujer, 2012). Therefore, hybrid
models that incorporate mechanistic concepts with empirical large datasets are preferable.
In wastewater application, examples of soft-sensors based on mechanistic understanding can
be found with the use of conductivity for ammonia (e.g. Joss et al., 2009, Bongards 2001) or
pH/ORP for control of biological denitrification (e.g. Peng et al., 2002). Zanetti et al., 2012

showed a summary of the different soft-sensors used for the control of wastewater treatment.

1.5 Artificial Neural Networks

There are different methodologies for data mining, which can be based on the development of
linear or non-linear relationships. If the system which needs to be described is rather complex,
it is preferable to rely on non-linear projections (Despagne and Massart 1998). Among the
different machine learning techniques, Artificial Neural Networks have raised attention also
in the wastewater treatment world, especially for prediction in complex settings and pattern

recognition (Cote et al., 1995, Fu et al., 1995, Despagne and Massart 1998, Choi et al., 2001,
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Figure 1.2: Artificial neural Network general scheme.

Chen et al., 2003, Hamed et al., 2004, Mjalli et al., 2007, de Canete et al., 2016). Neural
networks are a set of algorithms that process information in a similar way the human brain
works, by which the name originates (Hamed et al., 2004). The network is composed of a
large number of highly interconnected processing elements (neurons) working in parallel to
solve the problem (see Figure 1.2). Every neuron can have multiple inputs but has only one
output. To every neuron is associated a coefficient or weight that determines the extent to
which the input of the neuron is transmitted to its output. The network is composed of a
first layer, called input layer, constituted by the independent variables and an output layer,
constituted by the dependent variables. One or more layers are located between them, called

hidden layers, which operate like features detector.

1.6 Research Motivation and Approaches

In recent years, the water/wastewater treatment field has seen a large rise, where engineers

have developed new technologies, diverse treatment processes and control systems to improve



the removal of a large number of contaminants while also incentivizing energy consumption
abatement. For the successfully implementation of more complex and sophisticated tech-
nologies, a larger variety of water quality constituents must be monitored frequently and
accurately. However, field and large-scale application of new technologies can find restraints
also because of the often unreliability of field instrumentation and sensors given the harsh
field installation in wastewater. Although there have been many studies focusing on improv-
ing control systems and diverse treatment processes in lab-scale reactors or simulators, not
enough researches have been considering the direct implication of sensors failures on control
processes, which field factors can influence sensors behavior and at which extent. There have
been a few studies analyzing sensors failures and possible methodology to both promptly de-
tect the instrumentation fault and address it by appropriate maintenance procedures. Some
studies have focused on the detection of sensors failures, usually based on Principal Com-
ponent Analysis, however these studies have often focused on large faults, i.e. complete
sensor failures, loss of signal, abnormal measurement ranges, etc.. which can frequently be
recognized also visually, just by looking at the historic data (Alferes and Vanrollenghem,
2013; Baggiani and Libelli, 2009; Schraa et al 2006; Rosen et al 2003; Olsson et al 2003;
Tao et al 2013). Other studies have analyzed the implication of sensor and process failures
on control systems and/or the improvement obtained using fault detection methodology to
promptly discover and isolate erratic sensors. However, they would often rely on simulation
environments to test out the control systems and simulated sensors signal disruption, which
can often be unrealistic of the actual behavior of an erratic sensor (Fuente et al, 2012; Cheng
et al 2005). In some cases, real sensors failures where analyzed and detected using SBR lab
or pilot-scale reactors, which is a very confined and controlled environment, not representa-
tive of the complex full-scale conditions (Villez et al, 2008; Schneider et al, 2019). Only a
few studies have analyzed sensors behaviors in full scale reactors and have applied different
fault detection methods on real sensor data, without the use of simulators. However, the

results show how very few fault detection methods can be successfully implemented and



often require additional sensors duplicates as reference and a large number of grab sample
lab analysis information that increases the load of work of operators (Samuelsson et al 2019;
Papias et al 2018). Therefore, herein, a methodology framework is proposed for assessing
the reliability of online sensors in field application. First, the study is centered around am-
monium sensors, given their large potential application and significance. Three ammonium
sensors were installed in full scale reactors, in the aeration tank of Orange County Sanita-
tion District. Two sensors were installed in parallel in the same tank, in order to use one of
the sensors as a reference and the other as a test for different operating conditions in order
to better study the sensor’s behavior. The third sensor was installed in the effluent of the
activated sludge process in order to focus also on how the sensor’s accuracy and reliability
changes depending on the installation position and measuring range. Given the complex
nature of wastewater, in terms of composition and variability, numerous experiments were
performed, and different operating conditions and maintenance procedures were tested to
thoroughly investigate the sensor behavior in field application. Once the ammonium sensors
performance had been deeply analyzed and the main flaws were identified and quantified, the
second part of the project was centered around improving the sensors reliability, integrating
the support of machine learning techniques. Further online sensors were installed in the
same aeration tank, specifically pH, ORP, DO and TSS. These additional sensors are typi-
cally found in treatment plants and are used to monitor the process behavior and/or control
the aeration phase. The datasets from all the sensors, including the ammonium sensors, were
utilized to develop a Decision Support System (DSS), to identify sensors faults, specifically
ammonium sensors, and promptly generate an alarm to indicate the necessity of a sensors
maintenance or adjustment. The DSS implemented was based on the use of Artificial Neural
Networks, Principal Components Analysis and different control charts, in order to detect
typical ammonium sensors partial failures, which otherwise would be impossible to visually
individuate in the raw dataset. Thanks to the use of different sensors, all installed in the

same location and descriptive of the same biological process, it is possible to isolate faulty
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sensors by looking at the cross-correlation of the different datasets.

1.7 Research Hypothesis and Structure of the Disser-

tation

The research hypothesis is presented, together with the null hypothesis it attempts to deny.

Research hypothesis: H1

Real-time instrumentation applied in Water Resource Recovery Facilities (WRRF's) can re-
sult into a robust and reliable dataset, both for monitoring and control application. In
addition, if we build an interconnected network between different sensors, using machine
learning techniques, the robustness can further improve by predicting and fault detecting
the variables of interest utilizing the information from other water variables. The quantifi-
cation of robustness and reliability of a sensor can be expressed in terms of accuracy during
the entire lifetime of the instrumentation, which refers to the difference between a measured
value and a reference. When working with sensors, reference methods are typically performed
in a laboratory, under controlled settings. The measurements obtained with the reference

method provide a smaller margin of error and can thus better approximate the real value.

The soft-sensor prediction based on multi-variate correlations is more accurate
of the actual measurements of the sensor themselves, therefore the summation
of the errors of the individual sensors, in time, is higher than the summation of

the errors of the network predictions, in time:
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V el(t) € {{NH{],[pH],[DO],[TSS],[ORP],[Temperature] }
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Where n is the number of water variables considered in the network,
e’ (t) is the error between the i-th water variable measured by sensors and lab measurements,
in time;

i

€

- (t) is the error between the i-th water variable prediction obtained with the soft-sensor

and lab measurements, in time.

Null Hypothesis: HO

Online instrumentation cannot be reliable in wastewater application because of the impossi-
bility to timely detect sensors’ faults, even when sensors are considered in an interconnected

network.

Testing procedure:

The research hypothesis H1 will be tested by analyzing the sensors reliability and accuracy
in field conditions, focusing on ammonium sensors. In detail, ammonium, DO, pH, ORP,
temperature and T'SS sensors will be installed in the full-scale aeration reactors of the facility
of Orange County Sanitation District. The data collected from the sensors will be used to
train an Artificial Neural Network (ANN). The network topology will be tuned in order to
minimize the error function between predictions and real data, such as the mean squared
error (MSE). Finally, the network will be tested during different sensors and/or process faults
in order to access the capacity and the timing of the model to recognize a fault, and if it can

provide good predictions to be used in replacement of faulty signals.
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In Chapter 2, a yearlong field evaluation of ISE-ammonium sensors is described, studying the
sensor performance under different operating conditions during daily, weekly, and seasonal
variations. Three ISE-ammonium sensors were installed in the aeration tank of the activated
sludge process of Orange County Sanitation District. Various factors, influencing the sensor
in field application, are presented critically, such as fouling, interfering ions, disturbance
from aeration bubbles, and different maintenance and operations. The study highlights how
the background ion content of the mixed liquor influences the performance for the low range
application. We recorded a 40% error over the full measurement range due to K™ and Na™
concentrations below 18 and 225 mg 17!, respectively. This 40% error is comparable in
magnitude to the sensor precision, for the high range application, whereas for the low range
application the percent error exceeds the sensor precision by 1-log, showing how critical is
the application of this technology for low range measurements. Finally, we tracked sensor
fouling over time in operation, and observed both reversible and irreversible fouling, and

their effects on the sensor operation and maintenance schedule.

Chapter 3 of the dissertation presents a comprehensive analysis of the fouling development in
activated sludge process with a case study on ammonium sensors and lon-Selective Electrodes
technology. The response time of the electrodes is found to be the most impacted by fouling.
By analyzing step-change experiments with a diffusion model, after one week of fouling the
response time is demonstrated to increase exponentially with time. The performance of the
sensor is also affected in terms of measurement accuracy, showing a negative drift of the
fouled sensor (-0.11 mg NH; 17*d™!). Scanning electron microscope analysis and energy
dispersive x-ray spectroscopy elemental mapping were performed over new and used sensor
membranes to study the irreversible fouling composition and morphology. Fouling appears
as thick coating with different agglomerates and crevasses, which reveal damages on the
PTFE protective layer of the membrane. Fe, P, Ca, Mn, S, K and Cl were the main elements
detected, in decreasing order. The high content of Fe in the fouling layer originates from

the addition of ferric salts to the primary treatment of the plant, which becomes a major
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contributor to the inorganic fouling of the sensor. The study also quantifies the increase in
Total Suspended Solids (TSS), Volatile Suspended Solids (VSS), and total Fe in the reversible
fouling layer over time as described by a saturation model. However, the relative composition

remains stable: 84% of VSS/TSS and 20% of Fe/iSS, on average.

In Chapter 4, the study focuses on the fault detection of ammonium sensors, especially for
effluent monitoring, given their potentiality in Ammonium-Based Aeration Control (ABAC)
but the historical lack of reliability. An Artificial Neural Network model was built to predict
the ammonium content in the effluent by utilizing the information from other five sensor
installed in the activated sludge tank: NH;; pH; ORP; DO; TSS. The residual between the
model prediction and the effluent ammonium sensor signal was utilized for a fault detection
mechanism, based on Principal Component Analysis monitoring charts. Differing from other
research, the present study utilizes sensor faults collected from one year of historic data of
the actual sensor setup instead of artificially generate process anomalies using deterministic
models. The most common issues identified from the historic data using the proposed fault
detection methodology were treatment process anomalies, calibration biases, and fouling
drifts. Treatment process anomalies, calibration bias fault, and a fouling drift, were the
most common issues identified from the historic data and promptly individuated by the
proposed fault detection methodology. Once a fault is detected, the model prediction can be
actively used in place of the sensor to control those processes that rely on the said sensor,

without affecting the treatment process by utilizing faulty datasets.
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Chapter 2

ISE-ammonium Sensors in WRRF's:
Field Assessment of Their Influencing

Factors

A version of this chapter is published in the journal Environmental Science: Water Research

Technology, 2019, 5(4), 737-746.

2.1 Abstract

Real-time quantification of the ammonium content in water resource recovery facilities (WR-
RFs) has raised attention in recent years for both monitoring and process control. Ion-
selective-electrodes are a viable solution for online ammonium measurements with increas-
ing number of installations worldwide. This paper describes a year-long field evaluation of
[SE-ammonium sensors and discusses the sensor performance under different operating con-

ditions during diurnal, and seasonal variations. Three [ISE-ammonium sensors were installed
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in the aeration tank of an activated sludge process. Specifically, one probe was installed at
the end of the aeration tank, to test the sensor in low range conditions (< 1 mg N-NH; L™1).
Several factors that influenced the sensor in field applications are presented critically, such
as fouling, interfering ions, disturbance from aeration bubbles, and various maintenance and
operating procedures. The study highlights how the background ion content of the mixed
liquor affects the performance of the low range application. We recorded a 40% error in
NH;-N concentration over the low range measurement (< 1 mg L™!) due to Kt and Na™
content (18 and 225 mg L™!) on average respectively. This 40% error exceeds the sensor
precision by 1-log. Therefore, for low range installation, the background interference due to
other cations represents the main bottleneck in the current state of this technology. On the
other hand, for the high range application, the ion interference led to an error comparable
in magnitude to the sensor precision of 5%. Sensor fouling was tracked over the time in
operation: both reversible and irreversible fouling was observed, and it differed according to
the application and, therefore, to the wastewater composition. Different operation and main-
tenance procedures were addressed, and the study points out how overzealous maintenance

or improper procedure can be counterproductive.

2.2 Introduction

In recent years, water resources recovery facilities (WRRFs) have been facing increased reg-
ulations on water quality discharge as more strict limits are imposed. To meet the required
quality standards, more frequent comparison measurements, like continuous real-time mea-
surements, have become an appealing option. Moreover, with increasing pressure to recycle
and reuse water in certain areas of the world, closely monitoring the effluent water quality
has become the standard treatment strategy (Metcalf & Eddy, 2007). Among the different

quality constituents, online ammonium quantification has raised attention because of the
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diverse possible applications, both for monitoring and control. The most common imple-
mentation concerns the biological ammonia removal process. Depending on the biological
process, the instrumentation can be applied in aerated tanks or in anoxic conditions and
in different positions along the same process. Therefore, the mixed liquor composition can
vary significantly in terms of solids content, organic matter, and biomass, and as a result the
instrumentation requires different maintenance. The different applications for continuous
ammonium reading are listed below. The instrumentation can be installed in the efluent of
the primary clarifier to monitor the nutrient load in the secondary treatment. Also, it can
be installed at the beginning and/or at the end of the aeration step in secondary treatment
processes, especially for the implementation of ammonium-based aeration control (Rieger et
al, 2012a, Rieger et al, 2014) for the optimization of air delivery and energy use. In addition,
the ammonium content of the secondary clarifier effluent can be continuously measured for
monitoring or can be used to control the chlorine dosage of the following disinfection step in
order to estimate the monochloroamines formation or to balance the ratio between chlorine
and ammonium (Schuk et al, 1973). Real-time ammonium measurement can be achieved
with diverse instrumentations: an analyser or an ISE sensor. Analysers are based on col-
orimetry or on gas sensitive probe and are installed ex situ. Colorimetric-based analysers
conduct analysis on samples of mixed liquor collected periodically and automatically. The
sample volume is pumped through an ultrafiltration unit, and then chemicals are added
in a small reactor. The reaction generates a coloured component which is correlated with
the ammonium concentration and is measured by an optical cell. Gas sensitive electrodes
require an ex-situ installation with a pumping system, and in some cases a filtration step
is also required. The measurement is based on the complete transformation of ammonium
ions (NHJ) to ammonia gas (NH3) by increasing the pH up to 11. The gas is then directly
measured without chemical reactions because the electrode membrane is selectively perme-
able to the ammonia gas. Finally, lon-Selective-Electrodes (ISEs) are in-situ sensors directly

immerged in the environment. These sensors are widespread, low-cost, and are suitable for

17



nutrient measurements in their ionic species, e.g. ammonium, nitrate, chlorine, pH, potas-
sium, sodium, etc. (Winkler et al, 2004, Bonastre et al, 2005, Kaelin et al, 2008, Ingildsen
et al, 2002). ISE-NH] sensors provide a faster response compared to the other ammonium
methods and do not consume analytes (Rieger et al, 2002). Such sensors directly measure
the ammonium content without a chemical reaction. Furthermore, due to the ion selective
membrane of the ISE sensors, the ultrafiltration unit required for analysers and gas sensitive
electrodes can be eliminated, thus avoiding the frequent clogging issues caused by the solids

in the mixed liquor (Ingildsen et al, 2003; Devisscher et al., 2002).

2.2.1 ISE technology description

Ion-Selective-Electrodes measure the potential difference between two electrodes: a reference
electrode and an ion-electrode (Fig. 2.1). The ion-electrode is equipped with an ion-selective
membrane to which specific ions can bind to reversibly (Cammann, 1979). The reversible
ion-exchange process causes a change in the electrical potential at the interface between the
membrane and the liquid analysed. The variations in electrical potential are a function of

the logarithm of the ionic activity, and in accordance with Nernst equation:

E=EFEy+ %m(@) (2.1)

where £ = measured voltage [V], Ey, = reference constant [V], R = universal gas con-
stant [JK 'mol™!|, T = temperature K|, z = charge of the ion [-], F' = Faraday constant

[Cmol™!], @ = reaction quotient of the cell reaction [-].

A major limit of the ISE technology in wastewater treatment applications is the disturbance
caused by other ions with similar binding behaviour toward the ion-electrode. Therefore, the

presence of other ions can be detected as ammonium by the sensor. Interference by other
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Figure 2.1: Graphic scheme of the physical operation of the ISE-NH] sensor.

ions can be quantified with the cross-sensitivity ratio:

i) = S (2.2)

where [N H,] = ammonium concentration [mgL~'], [M*] = interference cation concentra-
tion [mgL~!], CSR = cross-sensitivity ratio [-].

In the case of the ISE-NH] electrode, monovalent cations like potassium and sodium are the
major challenge for the ammonium measurement, with a cross-sensitivity ratio of 1:(15-30)
and 1:(1000-1300), respectively, over the ammonium electrode. This implies that a potassium
concentration of 20 mg L~! establishes the same potential difference of approximate 1 mg
L~! of ammonium. Sodium interference applies analogously. Because the potassium distur-
bance is the major issue for ammonium measurement, ISE-NH; sensors have recently been
supplied with a potassium-electrode for automatic real-time compensation of the potassium

disturbance.

19



A primary concern with online monitoring concerns the signals’ consistency over time, as
they can be subject to various issues such as noise, bias, drift, outliers, etc. (Thomann et al,
2002). Previous studies have approached the topic surrounding the measurement uncertainty
of online probes in general (Rieger et al, 2005; Thomann et al, 2008) and ISE applications
more specifically (Rieger et al, 2002). However, further investigation is required to identify
the factors influencing the reliability of the ISE-NH] sensors, to test their effect on the
technology, to evaluate the stability of the sensor’s performance in time, and to quantify the
accuracy of the sensor in different field conditions and ammonium ranges. The goal of this
paper is to present the results of a year-long field study in a full-scale WRRF'. This study
aims to evaluate the fouling development with different wastewater composition, to quantify
the inaccuracy of the sensor reading due to the cation interference under different field
applications, to evaluate the disturbance of aeration bubbles, and to analyse how different

maintenance and operation procedures affect the performance of the sensor over time.

2.3 Materials and Methods

Three ISE-ammonium sensors (Horiba model HC-200NH) were installed in the aeration zone
of a WRRF’s secondary tank. The plant is comprised of two parallel biological processes
and the overall secondary effluent is fed to a subsequent advanced tertiary process for water
reclamation. In this plant there are two parallel biological processes, one of which is an
activated sludge process operating in the Ludzack-Ettinger configuration with an annual
average SRT of 5 days. The influent to the activated sludge process presents the following
average water quality characteristics: 251 mg COD L™, 55 mg TSS L~!, 25 mg N-NH/
L~! and pH 7.8. The aeration tank is divided in five aerated zones, with an initial anoxic
zone mixed with coarse-bubble diffusers and the rest aerated with 7in fine-pore disc diffusers.

There exist full baffles between stages 2 and 3, and between 3 and the rest of the tank. Two
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sensors were installed in the center of the first aerated zone (Fig. 2.2).

Figure 2.2: Photograph of the installation of two ammonium probes at the beginning of the
aeration tank (high range conditions).

Another probe was subsequently installed in the same tank in the centre of the last aeration
zone where the ammonium content in wastewater falls within the low range (< 1 mg L~! for
extended periods of time). This third sensor is characterized by the same technology, but is
set with a higher precision which is required when measuring low range ammonium (precision
of 0.2 mg L~! for high range measurement and 0.02 mg L~! for low range measurement).
In our case study, the potassium cross-sensitivity ratio was 1:22 and the sodium ratio was
1:1000. The probes are supplied with a potassium ion-selective electrode, which measures the
potassium content and allows interference compensation from the potassium in wastewater.
Furthermore, an auto-cleaning system was installed. This auto-cleaning device is designed
to use ultrasounds to delay the growth of the fouling layer. The sensors provided signals

with a 2-minute frequency which were collected with a data logger (Graphtec Mod. GL240).
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2.3.1 Low range measurement considerations

ISE technology has shown unstable behavior when applied for long periods in low range
concentrations (< 1 mg L™ of ammonium for ISE-NH} sensor). The issue originates from
the strong osmotic pressure that is established between the internal solution of the ion-
electrode (high ionic concentration) and the sample (low ionic concentration), which leads
to irreversible water absorption into the electrode and inevitable deterioration (Fig. 2.3).
Therefore, ion-electrodes are characterized by a shorter lifetime when applied to low range

conditions.

Internal
lon selective solution

electrode /

b

Water absorption

Figure 2.3: Graphic explanation of the water absorption phenomenon, triggered by the
ammonium low range conditions.

2.3.2 Technology validation procedure

For the technology validation, a standard of procedure was developed to compare the sensor
measurements against grab sample analyses. A weekly sample of wastewater of 2L was
collected from the tank, next to the sensor installation, and maintained well mixed with a

stirrer in a cylindric container. The ISE sensor was pulled out from the tank and immersed
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in the 2L container, and the measured value was recorded while a grab sample of 50 mL
from the cylindric container was simultaneously taken for lab analysis. After collection, the
grab-sample was immediately filtered at 0.45 pym (Simsii, Inc, hydrophobic PVDF syringe
filter). The ammonium concentration was measured using the salicylate method (AmVer
TNT, Hach according to the APHA Standard Method 4500-NH3), with a precision of +0.05
mg L~!. The cation content (primarily sodium and potassium) was measured using ion
chromatography (940 Professional IC Vario, Metrohm USA), with a precision of 0.3 mg L~!

for potassium and 5 mg L~! for sodium.

2.3.3 Sensor preparation

After the installation of the probe, a two-point calibration using standard solutions was per-
formed. The ammonium and potassium electrodes were simultaneously calibrated using two
standard solutions with the following ammonium and potassium content: 1 mg N-NH; L1
and 5 mg K+ L~ for the first solution, and 10 mg N-NH} L~! and 50 mg K+ L~ for the sec-
ond solution. Both standard solutions were also composed of 0.1 mol L™ of Lithium Acetate
Dihydrate, which contributes to the ionic strength of the solution and therefore to the voltage
measurement by the sensor. The standard solutions were provided by the vendor and they
determined a calibration range of ammonium and potassium (1 to 10 mg L~! for ammonium
and 5 to 50 mg L~! for potassium) similar to the corresponding wastewater content. The
calibration slope represents the correlation between the potential difference measured by the
voltmeter and the logarithm of ammonium concentration. Afterwards, another calibration
procedure called sample adjustment was performed. The sensor is immersed in the wastewa-
ter and the reading is compared to the lab analysis of a grab-sample of wastewater collected
next to the sensor. With this procedure the calibration curve is adjusted to environmental
conditions, thus removing the background from disturbance ions. The sample adjustment
was performed every two-three months, depending on the drifting rate of the sensor, in order

to perform the procedure when the difference between sensor’s reading and lab analysis was
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20% (or 2 mg L™') at the peak. For the low range installation, no sample adjustment was
performed because of the difficulty to perform an accurate procedure in the low working

range.

2.3.4 Sensor cleaning procedure

The probes were continuously exposed to ultrasonic cleaning with 70 KHz of frequency. The
ultrasonic effect allows for a delay in the fouling development. The manual cleaning event
was conducted by using a cloth dampened with water. The manual cleaning procedure was
consistently performed by wiping the front element of the sensor twice. Chemical cleaning,
using a solution of NaOCl 0.08M, was performed every 2 months to remove the persistent

fouling.

2.4 Results and Discussion

The various factors influencing the sensor performance were studied and are described below.
We divided our report into the following sections: fouling; interfering ions; disturbance from

aeration bubbles; maintenance and human error.

2.4.1 Fouling

The probe signal was evaluated at high and low range of ammonia concentration. In addition,
different cleaning at different frequency was conducted in order to study the sensor signals
under different degrees of fouling. The fouling development was studied for six months in
order to consider the lifetime of the electrodes. In this period of time the temperature of
the wastewater was 2842°C and no changing in process operation or in the wastewater
composition was identified, which otherwise could have altered the fouling study. Figure 2.4

shows the effects of the cleaning procedure on the high range application in different fouling
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conditions and at different times of operation. It can be seen that two types of fouling
are formed: reversible fouling, building up as a thick layer and dependent on the frequency
of cleaning, and irreversible fouling, developing in the long-term operation, which can be

removed only with a chemical cleaning procedure.

) d}

Figure 2.4: Pictures of different fouling conditions of the sensors installed in high range
application. a) One month of operation after one month from installation (i.e., new sensor).
b) Outcome of the cleaning procedure of sensor in (a). ¢) One month of operation after six
months from installation. d) Outcome of the cleaning procedure of sensor in (c) .

Figure 2.5 displays the probe installed in low range application in different fouling conditions.
The low range sensor was cleaned with the same methodology and frequency of the high
range application. In both pictures, no thick fouling layer is denoted but a similar irreversible
fouling is identified after three months from installation. The irreversible fouling is a function
of the time of operation of the electrode itself and it represents a major component of the

aging of the electrodes, both at high and low range application.
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Figure 2.5: Pictures of different fouling conditions of the probe installed in low range ap-
plication. a) One month of fouling in the first month since installation. b) One month of
fouling after three months from installation.

2.4.2 Interfering ions

After the installation of the instrument, a 2-point calibration is required with standard
solutions. This step is followed by sample adjustment with wastewater, during which the
calibration curve is corrected by comparing the sensor measurement against an accurate
reference. This procedure is conducted to remove the background signal of other ionic species,
such as sodium. However, the sample adjustment may still not be able to fully remove
the background interference due to the variations in ionic composition (such as sodium)
at a daily, weekly, and seasonal timescale. Therefore, a study on the inaccuracy of the
potassium sensor and on the dynamic variations in background ionic species was conducted
in order to quantify their influence on the ammonium readings. The potassium electrode
accuracy was tested by comparing the probe measurements against the ion chromatography
of the grab samples (Table 2.1). High and low range application were studied separately.
Their respective potassium electrode presented a similar accuracy, as expected, since the
technology of the electrodes is identical. For high range applications, the error over the
ammonium measurement (due to the inaccuracy of the potassium measurement) is 0.2 £ 0.2
mg L~ of N-NH} , comparable to the precision of the sensor itself (0.2 mg N-NH; L~') and
therefore negligible. On the other hand, for low range applications the ammonium error is

0.1 & 0.1 mg L™! of N-NH;, which is one order of magnitude higher than the precision of
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the sensor (0.02 mg N-NH; L~!) and therefore must be taken into consideration. Also, on
the same grab samples, lab analyses of the ammonium measurement were compared to the
sensors reading, showing the following ammonium error: 0.30 & 1.61 mg L=! of N-NH] for
the high range and 0.31 4 0.62 mg L.=! of N-NH; for the low range sensor. It can be noticed
that the measured ammonium error range is higher than the estimated error range due to
the potassium interference, since other factors simultaneously are affecting the performance

(i.e., other cations and drifting behaviour).

Table 2.1: Summary of the accuracy analysis for both ranges. The potassium measurement
of the sensor is compared to ion chromatography results on grab-samples. The ammonium
measurement of the sensor is compared to lab analysis on grab samples. The average er-
ror on the ammonium measurement (due to potassium measurement inaccuracy) and the
95% confidence interval error range are calculated, assuming a cross-sensitivity ratio of 1:22
between ammonium and potassium.

‘ Potassium interference ‘ High range application ‘ Low range application ‘
‘ field study ‘ Concentration (mg L) Pect. (%) ‘ Concentration (mg L~!) Pet. (%) ‘
Number of samples 21 - 20 -
K™ average content 18.1 - 17.7 -
Average K* error +4.3 +24% +2.9 +14%

68% Confidence interval of K*
error on t-student (1 o)

Average NHJ error +0.30 +7% +0.31 +31%
68% Confidence interval of NH}

+ 4.4 24% + 24 17%

+ 1.61 + 3™% + 0.62 + 63%
error on t-student (1 o)
Interference NHJ /K™ ratio

1:22 - 1:22 -
mgNH{ / mg K]
Estimated average error on

+0.2 - +0.1 -
NH; due to K*
Error range on NHJ due to K+

0-0.4 - 0-0.2 -
(68% CI)
Precision of the sensor 0.2 - 0.02 -

Figure 2.6 reports the fluctuation of sodium and potassium on a daily basis in the secondary
effluent of this facility. It can be seen that the ranges of sodium and potassium over a week
are 180-270 mg Na™ L' and 12-29 mg K+ L™}, respectively.

In order to study the uncorrected signal interference originating from the sodium fluctuations
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Na* and K* daily profiles
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Figure 2.6: Sodium (triangles) and potassium (dots) content in wastewater over a 5.5d pe-
riod. The samples were collected every four hours at first (days 1.0-4.4) and every two hours
subsequently (days 4.0-5.5). The cation concentrations were measured with ion chromatog-
raphy. The dashed lines represent the 95% confidence intervals of the sodium and potassium
ranges.

in the aeration tank, the sensor was evaluated at different sodium concentrations. Different
experiments on the field and in the lab were conducted to cover the sodium range observed
in the field (Table 2.2). Overall, the sodium increase led to an increase overestimation of the
ammonium content, as expected. The maximum error calculated from the lab experiments
was consistently approximating 0.5 mg N-NH} L~!, within the ammonium range tested
(from 1 to 10 mg N-NH; L), which can be negligible for high range applications (in relative
terms, corresponding to 5-6% error), while it represents a more evident issue when working
in low range applications (40% of maximum error). The field experiments, conversely, did

not exhibit consistent results due to the uncontrolled environmental conditions.

The effect at low range overlaps with the expected shorter life span of the ISE at this range,

which is hypothesized to originate from the osmotic gradient that is established between the
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Table 2.2: Evaluation of the sodium influence over the ammonium measurement, obtained
performing different experiments at laboratory and field scales. The lab experiments were
performed using twelve standards with four different sodium contents (150, 200, 250, and
300 mg L™1), fixed content of potassium (20 mg L) and three different concentrations of
ammonium (10, 5, and 1 mg L~!). The standards were tested three times each with the
sensor. A similar experiment was conducted in the field with three different samples of
process water with equal ammonium (4.8 mg L ™!) and potassium (19.7 mg L) content but
diverse sodium content (257, 307, and 360 mg L™!).

Sodium interference in lab Field study
Sodium NH} reading | NHJ reading | NHJ reading Sodium NH; probe
content [mgL™] [mgL™!] [mgL™!] content [mgL™]
[mgL™] (10mgL™") (5mg L") (ImgL™") [mgL~1] (4.8mgL™1)
150 9.8 5.1 1.3 257 4.8
200 9.8 9.3 1.5 307 4.9
250 10.3 5.3 1.3 360 4.8
300 10.5 5.1 1.4 - -
Maximum Maximum
0.5 0.3 0.4 0.1
error (ppm) error (ppm)
Maxximum 5.0% 6.0% 40% Maxdmum - oo
error (%) error (%)

internal solution of the ion-electrode (i.e., with elevated ionic concentration) and the sample

(i.e., with low ionic concentration).

2.4.3 Disturbance from aeration bubbles

Another potential disturbance we evaluated was the effect of aeration bubbles. The bubbles
present in the mixed liquor impact the sensor membrane. The potential disturbance of
the bubble impact on the membrane was evaluated with a lab experiment, using a tubular
diffuser installed in a Plexiglas tank 4x2x1.5 ft (or 1.22x0.61x0.46 m) in size. Figure 2.7
shows the setup of the experiment and provides the visual effect of the operation of the
diffuser. The probe was positioned over the diffuser in order to get a vertical impact of

the bubbles. The conditions tested on the sensor were more invasive than in a large-scale

aeration tank, since the limited depth of the lab tank restricts the horizontal spreading of the
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bubble plume and determines a higher frequency of collision with the electrodes” membrane.
The experiment was performed with four different flow rates: 0 (mixing conditions without
aeration), 20, 30, and 40 SCFH (or 0, 0.57, 0.85 and 1.13 Nm® h™!). The bubble impact on
the electrodes did not show substantial interference: +1% of ammonium variation and +2%
of potassium variation (9£0.1 mg L™! of N-NH} and 15043 mg L~! of K™), which is within

the precision range of the sensor itself.

Figure 2.7: Photographs of the experimental setup to assess the aeration impact. The view
from the side (left) shows the placement of the probe over the tubular diffuser. The view
from the top (right) shows the surface due to bubble rise.

2.4.4 Maintenance and Human Error

Various maintenance operations were addressed to study their influence on the sensor signal.
Ammonium analysis on grab samples was performed before and after each periodic cleaning
event to compare it with the probe signal. Figure 2.8 reports the difference in percentage
between the signal from the high range sensor and the reference analysis on a weekly basis.
The bottom chart provides information on the time schedule of the different maintenance

events. It is clear that cleaning procedures do not always result in lower error because other
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factors may also influence the signal: for example, incorrect calibration or sample adjustment.
A reduced error range can be seen since a new reference method was adopted (orange line
in Fig. 2.8). Prior to the employment of this method, the comparison was done by leaving
the probe inside the aeration tank and collecting the sample in proximity of the sensor for
laboratory analysis. However, the aeration tank is not perfectly mixed and homogeneous, and
the grab-sample might not be collected at the exact depth and position of where the sensor is
immersed. Therefore, the grab sample composition might not be identical to the wastewater
measured by the sensor, leading to a misrepresented comparison between reference and
sensor. This phenomenon highlights the importance of following a consistent procedure when
evaluating a sensor using a comparison with grab sample analysis. The standard deviation of
the signal error, calculated since the new reference method was implemented, is 1.7 mg L1,
which corresponds to a coefficient of variation of 30%. Considering the large variation of
the error obtained by the weekly comparison (described by the standard deviation), a more
thorough evaluation of the sensor accuracy was performed: a high-frequency comparison
campaign for the high and the low range application (Fig. 2.9). The samples were collected

on an hourly basis for two and four days, respectively.

The average error and the standard deviation were calculated from both of the high-frequency
grab sampling campaigns: average error of 0.8 mg L~! and standard deviation of 0.5 mg
L~! for the high range and an average error of 0.1 mg L™! and standard deviation of 0.5
mg L~! for the low range application. The standard deviation for the two applications is
comparable. However, the standard deviation calculated from the weekly comparison is
three times higher (1.7 mg L™!) than the one obtained with the high-frequency sampling
campaign. This observation shows how the different maintenance operations and fouling
conditions can significantly influence the reading of the probe, thus increasing the difficulty
of judging the performance of the probe over the long term. Furthermore, the high-frequency
sampling campaign was analysed by plotting the data from low to high range, as shown in

Fig. 2.10. In this plot the relative error in percentage is illustrated using three regions with
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Figure 2.8: Ammonium signal error in percentage over time (difference between probe and
grab sample ammonium measurements). The comparison between probe and grab sample
was conducted once a week. When cleaning maintenance was performed, the error was
calculated also after cleaning. The dots represent the error obtained with fouled probe
and the triangles after the probe was cleaned. The bottom part of the graph reports the
operations and maintenance (OM) conducted on the probe in time.

different shading: +50% in red, +£30% in green and +15% in blue. The data points are
coloured consistently with their corresponding error region. It can be seen that the lower
the ammonium range, the higher the relative error percentages. This phenomenon is due to

the relatively greater absolute error at lower ranges.
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Figure 2.9: Signal error over time (difference in ammonium between probe and grab sample).
The solid lines show the average error and the dashed lines the standard deviation. (left)
The samples were collected every two hours at first and every hour subsequently for the high
range campaign. (right) For the low range campaign the samples were collected every hour.

Sample adjustment is another critical maintenance operation due to its potential to create
signal disruption. Figure 2.11 shows that the incorrect sample adjustment led to a bias of
the signal, including an enhancement of the peaks and therefore a general overestimation of
the ammonium content. Consequently, it is important to follow a robust procedure when
performing a sample adjustment (using the technology validation methodology explained in
Materials and Methods). Also, limiting the number of sample adjustments to the minimum
required can help avoid human-induced bias in the signal. Hence, the cation content in
wastewater was also studied on a weekly basis to address the frequency required for a sample

adjustment procedure on a long-term scale.

Figure 2.12 reports the trend of sodium and potassium over time. The monthly fluctuation
of the interfering cations is relatively restrained comparable to the weekly range (Fig. 2.6).

Therefore, for this case study, an excessively frequent renewal of the sample adjustment
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Figure 2.10: High-frequency comparison of the probe signal with lab analysis as function
of the ammonium concentration, from low to high range. The red, green and blue regions
represent the +50%, +30%, and £15% of error range, respectively. The data points are
reported in different colours (red, green and blue) corresponding to the error region they
belong to.
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Figure 2.11: Effect of an incorrect sample adjustment on the ammonium signal vs. time.
The vertical line highlights the sample adjustment event.
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Figure 2.12: Sodium (triangles) and potassium (dots) trend in time. The dashed lines
represent the 95% confidence interval of the sodium and potassium range.

was not advisable. However, in WRRFs that are connected to a combined sewer system or
that are subject to periodic industrial discharges, higher ionic fluctuations may manifest.
Hence, more frequent sample adjustment may be necessary in order to control the signal
error. Furthermore, since the high-frequency comparison showed more consistent results
(i.e., smaller standard deviation), it could be advisable to perform a multi-point sample
adjustment instead of a single-point procedure. Multiple comparisons should be planned
for different times of the day, taking into account the periodic variations of the background
interference. This procedure would increase the consistency of the sensor signal since it has
been demonstrated how the sample adjustment can significantly affect the sensor reading if

not performed properly.

2.5 Summary and Conclusions

Two types of fouling are formed on the selective membrane of the sensor: reversible fouling

and irreversible fouling. The first is dependent on the cleaning frequency of the sensor, on
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the composition of the wastewater characteristics, and on the sensor location along the tank.
This type of fouling can be easily removed by gently wiping the surface with a damp cloth.
The sensor application in high range condition presents a faster and enhanced reversible
fouling formation. In low range applications, reversible fouling appears less pronounced
and requires more time to develop. Therefore, the cleaning frequency of low-range sensor
applications could be reduced. Also, the fouling development is related not only to the
ammonium concentration and wastewater composition but also to the bacterial activity and
stage of the bioprocess treatment, which is maximum in low range. The irreversible fouling,
on the other hand, is comparable for both high and low range applications and is one of
the main contributors to the ageing of the electrodes. This behaviour could be explained if
the irreversible fouling were mainly composed of inorganic compounds (scaling), since their
content in wastewater is usually not affected by secondary treatment. The sodium and the
potassium interference (due to the inaccuracy of the electrode) indicate similar results. For
high range applications, the disturbance is comparable to the precision required by the sensor
and represents a small relative error over the measurement (5%). For a low range application,
the resulting ion interference is one order of magnitude higher than the precision of the sensor,
denoting a significant relative error over the measurement (40%). Therefore, for low range
installation, precision and the accuracy of the sensor are not comparable, representing a
bottleneck in the current state of this technology. The sensor readings were sensitive to the
sample adjustment procedure. It is important to understand that while a correct sample
adjustment can compensate for the background ionic interference, an improper procedure
may induce a bias in the signal and/or result in amplification /narrowing of the signal peaks.
These issues can be prevented by limiting the number of sample adjustments to those strictly
required over the lifetime of the sensor. Also, future research should evaluate the number of

samples and of sampling points necessary for optimal sample adjustment.

36



Chapter 3

Functional behavior and microscopic
analysis of ammonium sensors subject
to fouling in activated sludge
processes

A version of this chapter is published in the journal Environmental Science: Water Research

Technology, 2020, DOI: 10.1039/DOEW00359..

3.1 Abstract

Fouling is an issue associated with all sensor instrumentation deployed in wastewater that
causes a loss in sensitivity and reproducibility of the sensor elements, thus requiring frequent
re-calibration. This paper presents a comprehensive analysis of the fouling development in

activated sludge process with a case study on ammonium sensors and Ion-Selective Electrodes
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technology. The response time of the electrodes is found to be the most impacted by fouling.
By analyzing step-change experiments with a diffusion model, after one week of fouling the
response time is demonstrated to increase exponentially with time. The performance of the
sensor is also affected in terms of measurement accuracy, showing a negative drift of the
fouled sensor (-0.11 mg NH; 17'd™!). Scanning electron microscope analysis and energy
dispersive x-ray spectroscopy elemental mapping were performed over new and used sensor
membranes to study the irreversible fouling composition and morphology. Fouling appears
as thick coating with different agglomerates and crevasses, which reveal damages on the
PTFE protective layer of the membrane. Fe, P, Ca, Mn, S, K and Cl were the main elements
detected, in decreasing order. The high content of Fe in the fouling layer originates from
the addition of ferric salts to the primary treatment of the plant, which becomes a major
contributor to the inorganic fouling of the sensor. The study also quantifies the increase in
Total Suspended Solids (T'SS), Volatile Suspended Solids (VSS), and total Fe in the reversible
fouling layer over time as described by a saturation model. However, the relative composition

remains stable: 84% of VSS/TSS and 20% of Fe/iSS, on average.

3.2 Introduction

In recent years, many water resources recovery facilities (WRRFs) focusing on water recla-
mation have faced stricter limits for nutrients discharge (Oneby et al, 2010; Gerrity et al,
2013). Continuous online measurements are fundamental to deploy new and improved con-
trol strategies, which would otherwise not be possible with a low sampling frequency rate.
In addition, the increasing trend towards water reuse has led to the high frequency monitor-
ing of effluent quality to guarantee the safety of reclaimed water (Metcalf and Eddy, 2007).
Among the different water quality constituents, recent focus has been given towards online

ammonium quantification for both monitoring and control purposes. The ability to obtain
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continuous ammonium measurements has allowed the implementation of ammonium-based
aeration control to optimize the air delivery of the aeration system with consequent reduc-
tions in energy use (Rieger et al, 2012a; Rieger et al, 2014; Regmi et al, 2014). Recently,
ion-selective electrode (ISE) sensors have largely being deployed for online ammonium mea-
surement due to their fast response, low initial capital investment and absence of analytes
consumption and filtration unit requirements. In detail, ammonium ion-selective electrodes
are constituted by a polymeric membrane, often PVC (CyH3Cl)n plus plasticizer, that con-
tains a specific ionophore for the target analyte. However, the polymeric membrane can
easily be damaged by exposure to harsh environments and is characterized by low durability.
Usually, the membrane is also coated with a layer of PTFE (CyF4)n, which provides a hy-
drophobic surface, as a result of the low surface energy and surface roughness of the material,
that reduces and delays the adhesion of bacteria on the membrane (Lewis and Buck, 1979;

Zhang et al, 2008; Xue et al, 2010).

3.2.1 Fouling of sensors

Fouling is an issue associated with all sensor instrumentation that is deployed in water /wastewater
environment, which causes a loss in sensitivity, reproducibility and necessitates frequent re-
calibration requirements (Adu-Manu et al, 2017; Ghernaout et al, 2018). In addition, fouling
decreases the operating lifetime of the sensor and introduces a degree of error in the collected
data (Adu-Manu et al, 2017; Schneider et al, 2019). This is because as fouling develops, an
artificial environment around the sensing surface is established, therefore the measured data

will not be truly representative of the location sampled (Fettweis et al, 2019).

3.2.2 Analogy with membrane filtration fouling

A limited amount of studies has examined the fouling coating composition and the quanti-
tative impact of fouling on sensors performance. On the other hand, fouling development

on filtration membranes (both microfiltration and ultrafiltration) and its effect on the fil-
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tration performance has been a widely investigated topic (Yang et al, 2019; Yu et al, 2016;
Aslam et al, 2017; Guo et al, 2012). Given the similarity in the membrane composition
(polymers), and the analogy in the application (long-term operation in wastewater), litera-
ture studies regarding the fouling of filtration membranes can provide a useful comparative
reference when approaching the fouling of ISE sensors. Among the factors influencing the
fouling development on filtration membranes, the iron content in wastewater was shown to
increase the fouling rate due to the rapid formation of colloidal iron oxides (Wang et al,
2010). Coagulants such as ferric chloride and aluminum sulfate are commonly used in water
and wastewater treatment for chemical precipitation, including phosphorous removal, and /or
for odor control purposes (Rebosura et al, 2018; Racar et al, 2017; Wan et al, 2016; Madhavi
et al, 2017; Li et al, 2017; Caravelli et al, 2010; Rosso and Al-Omari, 2019). Iron dosage
in wastewater can lead to severe filtration membrane fouling due to the formation of both
amorphous ferric oxyhydroxide particles and gelatinous aggregates containing Fe(III), which
bind to polysaccharide materials, and are responsible especially for irreversible membrane
fouling. In consideration of the scarcity of literature on sensor fouling in wastewater treat-
ment, the goal of this paper is to provide a detailed analysis of the fouling development with
a case study on ammonium sensors. To achieve this goal, we studied two parallel ISE-NH;
sensors, installed in the aeration tank of an activated sludge process. The effect of fouling on
the sensor performance was investigated by analyzing sensor response time, signal drifting
and operating lifetime of the electrodes. Moreover, the fouling morphology and composi-
tion was examined using scanning electron microscopy (SEM) and energy dispersive x-ray

spectroscopy (EDX), respectively.
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3.3 Materials and Methods

A set of two ISE-ammonium sensors (Horiba model HC-200NH) were installed in the aeration
zone of a WRRF’s secondary tank. The facility is located in the Southwestern United States,
characterized by an arid to semi-arid climate. The secondary treatment of the plant includes
an activated sludge process operating in the Ludzack-Ettinger configuration, divided into
six zones in series, with an annual average SRT of 5 days and Mixed Liquor Suspended
Solids (MLSS) of 2700 mg L~!. The process is operated in step-feed mode, with a 60/40
split between the first and third zones, which are operated under anoxic conditions. The
temperature of the wastewater in the aeration tank ranges from 25°C to 30°C, between
the winter and summer season, respectively. The aeration tank is divided in six zones,
separated by baffles, aerated with 7in EPDM fine-pore disc diffusers. The first zone presents
a Neethling anaerobic selector zone mixed with coarse-bubble diffusers (discussed in Rosso,
2019) and the third zone is anoxic mixed with a mechanical mixer.A rack composed of ten
ammonium ion-selective-electrodes was built and immersed in the activated sludge tank,
next to the sensors previously mentioned (See Fig. 3.1). The rack was used to study the

reversible fouling development and composition on the electrodes’ surface over time.

3.3.1 ISE membrane technology

Among the different types of ion-selective electrodes (glass membranes, crystalline mem-
branes and ionophore based membranes (often PVC plus plasticizer)) ionophore based mem-
branes are the most widespread type in wastewater applications, since they allow to target
a wide range of both cations and anions (Buck and Linder, 1994; Gross et al, 2008). Ion
exchange membranes are made of a polymeric membrane (often PVC plus plasticizer) that
contains a specific ion-exchange agent (ionophore) for the target analyte. Typical applica-

tions include the measurement of ions such as ammonium, potassium, chloride and nitrate.
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Figure 3.1: Aeration tank configuration and location where the ammonium sensors and
electrodes rack were installed.

However, the polymeric membrane can easily be damaged by exposure to harsh environments
and are characterized by low durability. In particular, when considering ISE-ammonium sen-
sors, the selective membrane is composed of a polymer such as polyvinylchloride (PVC), a
plasticizer (like dioctyl phthalate — DOP), and a neutral ion carrier or ionophore, typically
valinomycin for potassium and enniatin or nonactin for ammonium sensors (Yim et al, 1993;
Hauser, 2016; Suzuki et al, 2000). Usually, the membrane is also coated with a layer of PTFE
(CyF4),, which provides a hydrophobic surface that reduces the adhesion of bacteria on the
membrane. The plasticizer operates as a solvent and is bonded by solvation forces within
the PVC, creating a homogenous medium where the solvent is evenly distributed. The ion-
selectivity derives from the ionophores, which are the critical component of the membrane.
Ionophores are molecules that bind to the targeted ions at the membrane-sample interface,

establishing an electrical potential difference.
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3.3.2 Step-change experiments
The step-change experiment can be divided into different phases. The delay time is the

time interval between the instant when the on-line sensor/analyzing equipment is subjected
to an abrupt change in the solution content and the instant when the readings pass (and
remain beyond) 10% of the difference between the initial and final value of the abrupt change
(APHA, 1998). The rise time is the difference between the response time and the delay time
when the abrupt change in the solution content is positive. The fall time is the difference
between the response time and the delay time when the abrupt change in solution is negative.
The dynamic response of the sensor to the step-change experiments leads to an exponential
time-relationship, which was evaluated with a mass balance model, based on the Fick’s

diffusion law (ISO 15839, 2203; Morf and Linder, 1975):

oc
= —D— 1
J 5 (3.1)

where J is the mass transfer rate per unit of surface (mol m=2 s71), D is the molecular diffusion
coefficient (m? s™'), and c is the concentration of ammonium (mol m~2). The equation can

be further developed applying the two-film theory of Lewis and Whitman (1924):

de
pri klcsar — c(t)] (3.2)

The ordinary differential equation is analytically solved as follows:

c(t) = Coar — (Coar — c(t)) - €7 (3.3)

43



where k is the volumetric mass transfer coefficient (time™') and ¢y and cy, are the initial

and final ammonium concentration, respectively.

The response time of the ammonium sensor was measured by performing step-change exper-
iments according to the ISO 1583926 as described in Rieger et al. (2003). Specifically, the
step-change experiments were performed switching between two standard solutions of 10 mg
L' and 25 mg L™! of ammonium. First, the sensor was subject to an abrupt change from
the lower solution to the higher. Following the stabilization at the higher concentration, the
sensor was switched back to the lower concentration solution. Similarly to Morf et al 1975
and Frankeer et al 2019, the exponential diffusion model was formulated to calculate the
volumetric mass transfer coefficient, £, for both the rise and fall times of the step-change

experiment.

3.3.3 Iron Measurements

Ferric chloride is continuously added in the primary clarifier of the treatment plant to ensure
a concentration of 24 mg L' for odor control. Therefore, total iron measurements were
performed on both grab samples of wastewater and for the fouling accumulated on the ISE
membranes, in order to investigate the contribution of iron on the fouling development. The
iron content analysis was performed both on the fouling accumulated over the sensor and
over the rack electrodes, using the same procedure. Total iron measurements were performed
using the 1,10 phenanthroline method (Iron, Total, FerroVer Method 8008, Hach) for both
grab samples of wastewater and for the fouling accumulated on the ISE membranes. Total
iron analysis was performed in triplicates on each fouling sample collected. The reversible
fouling accumulated on the sensor membranes surface was collected in falcon tubes using
a spatula. The same procedure was performed for the membranes of the electrodes on
the rack by collecting each time the fouling accumulated on three electrodes in order to

obtain a sufficient amount of fouling to analyze in a single sample. For every fouling sample
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retrieved, triplicate samples of 50 mL of wastewater were collected in falcon tubes and stored
in a cooling container. Within 2 hours from the collection of the fouling samples, total and
volatile suspended solids analyses were performed for both fouling and wastewater samples
according to the Standard Methods (APHA, 2005). The residual ashes were collected in a
beaker with 50 mL of DI water, pH was adjusted at 2 using a 68% HNO3 solution, and the
sample was maintained in mixed condition using a magnetic stirrer for 1h to crush the ashes
and obtain a homogeneous suspension. Total iron analysis was performed on the suspension
at pH within the range 3 to 5, adjusting the pH using nitric acid and 5.0 N sodium hydroxide

solution.

3.3.4 SEM-EDS

The membrane surfaces of the ammonium electrodes were analyzed in pristine conditions
and after six months of activity in the aeration tank. The electrodes were first cleaned
manually with DI water in order to remove the superficial, reversible fouling, and were
consequently air dried. Next, a FEI MAGELLAN 400 XHR scanning electron microscope
was used to obtain SEM images of the membranes, to visualize the effect of irreversible
fouling at a micron scale and compare the changes in membrane morphology with time.
Previously to the topographic examination of the membranes in the SEM a 4 nm layer of
Iridium was sputtered over the surface of the membranes. Sputtering a conductive layer of
Iridium on the membranes inhibits charging, reduces the thermal damage, and improves the
secondary electron signal required for topographic examination in the SEM. Additionally,
complementary EDX elemental mapping of different areas of the membranes were obtained
in new and used membranes to identify the main fouling elements. The Aztec software suite
(Oxford Instruments, Abingdon, UK) was used for the qualitative and quantitative analysis

where Iridium was chosen as deconvolution element to improve quantification accuracy.
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3.4 Results and Discussion

The sensor performance was evaluated under different degrees of fouling development, de-
pending on the cleaning frequency adopted. The fouling accumulation on the sensor surface
was studied for 6 months in order to account for the changes with time in operation. In this
period of time the temperature of the wastewater was 282°C, with no significant changes
in process operation or in wastewater composition, which could otherwise have altered the
fouling study. Figure 3.2 shows the ammonium profile over time along with images of the
sensor before and after the cleaning event. In Fig. 3.2, starting from the leftmost image,
the sensor after one month of fouling presents a dense layer of fouling, which was easily
cleaned with water (center photograph). At last (photograph on the right), after 6 months
of activity, the sensor was cleaned again with water, but the electrodes’” membrane shows a
brown/red coating, which could only be removed with a chemical cleaning (6% NaOCI).As
previously mentioned, two types of fouling were recognized: reversible fouling, building up
as a thick layer and dependent on the cleaning frequency; and irreversible fouling, developing

over long-term operations, which cannot be removed via normal cleaning procedures.
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Figure 3.2: Pictures of different fouling conditions of the sensor installed. Starting from the
left side, the first picture shows the sensor with one month of fouling developed, then the
sensor right after the cleaning event. The last picture on the right shows the effect of a
cleaning event, after six months of operation.
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3.4.1 Response time

Figure 3.3 shows a graphical explanation of the transport phenomena of ammonium from
the bulk of the solution to the electrode’s membrane interface under cleaned and fouled
conditions. The transport process of a clean ISE membrane can be represented by its equiv-
alent electrical circuit (Fig. 3.3.a). In detail, the impedance spectrum, which describes the
electrochemical behavior of the sensor, is composed of four circuit elements: Rp (bulk resis-
tance), Cy (double layer capacitance), R (charge transfer resistance), and Wg (Warburg
impedance) (Mikhelson et al, 2006; Anderson and Buhlmann, 2016; Armstrong et al, 1983).
The fouling development adds an additional diffusional resistance layer which characteristics
could be further analyzed by impedance spectroscopy (Fig. 3.3.b) (Radu et al, 2010). There-
fore, depending on the level of fouling, the sensor’s response to concentration fluctuations in

the bulk solution is expected to show a delay.
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Figure 3.3: Illustration of the transport phenomena of the ammonium ions from the bulk of
the wastewater to the sensor’s membrane interface in cleaned (a) and in fouled conditions
(b). (a) The overall transport process of ammonium in a cleaned membrane can be described
by four equivalent circuit elements: Rp (bulk resistance), Cg (double layer capacitance), Ry
(charge transfer resistance), and Wg (Warburg impedance). (b) In the presence of fouling the
transport process presents an additional diffusional resistance in series between the stagnant
layer and the electrode, described by a Warburg impedance Wy in series with a fouling layer
resistance, Rp.

To demonstrate the effect of fouling on sensor performance, the response time of the sen-
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sor was measured at different fouling conditions by performing step-change experiments.
Figure 3.4.a shows the example of a step-change experiments performed under cleaned con-
ditions. An example of the step-change experiment conducted on a fouled membrane can
be seen in Fig. 3.4.b. The results are reported in mV and the sensor’s signal was recorded
every 5 seconds. The diffusion model was fitted to the signal for every experiment during
the rise and fall time at different fouling conditions and presents, on average, a coefficient of
determination R? of 0.95. For each test conducted, the volumetric mass transfer coefficient
(k) was calculated both for the rise and the fall times (see Table 3.1). The mass transfer
coefficients calculated for each fouling condition (averaging between the rise and the fall

time) are reported in Fig. 3.4.c as function of the time of fouling development.

Table 3.1: Results of the step-change experiments, in terms of the volumetric mass transfer
coefficient, k, both for the rise and fall time.

Time in operation [Weeks] | 0 1 2 4 7 9 12
Kise [s7Y] 0.090 0.095 0.070 0.028 0.024 0.007  0.008
Ky [s7'] 0.098 0.100 0.090 0.043 0.023 0.005 0.003
(trise - tran) [5] 09 05 32 -124 -38 +57.1 +208.3
(trise = tran)/trise -33 -1.1 40 -11 -33 472 4187
R? of the model 095 096 0.8 099 098 097 0.98

After a lag-time of approximately one week, where no evident effect on response time was
noticed, the volumetric mass transfer coefficient showed an exponential decrease with the
time of fouling. Thus, under these specific process conditions, a cleaning frequency of more
than once per week was not required. The exponential decay model, reported in Fig. 3.4.c,
presents a coefficient of determination R? of 0.97. Therefore, it highlights how the fouling
development in time on the sensor membrane results in the exponential increase of the re-
sponse time of the sensor. This impact on the sensor responsiveness can indeed pose a limit
on its capacity to follow the dynamics of the ammonium content in the wastewater. The

experiments performed after protracted periods of fouling (3 or 4 months), show small dif-
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Figure 3.4: a) Comparison between the sensor signal during a step-change experiment (in
red) and the diffusion model (in blue), for cleaned conditions. b) Comparison between the
sensor signal during a step-change experiment (in orange) and the diffusion model (in blue),
for fouled conditions.c) Volumetric mass transfer coefficient, k, as a function of the time of
fouling development. The average measured volumetric mass transfer coefficient between
rise and fall time is reported for each experiment conducted (circles). The black dashed line
represents the exponential model. Model equation and coefficient of determination, R2, are
reported in the graph.
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ferences in response time between before and after cleaning. Thus, as the sensor’s electrodes
gradually begin to approach the end of their operating lifetime, the irreversible fouling be-
comes the main contributor in increasing the response time of the sensor, regardless of the
cleaning frequency. Therefore, for short-term operating periods (2 to 4 weeks), the reversible
fouling is the main factor influencing the sensor performance, whereas, for the long-term op-
erating periods (3 to 5 months), the irreversible fouling is the main contributor behind the
increase in sensor response time. Due to the challenges associated with the prevention of
the irreversible fouling development, the response time of the sensor is inevitably expected
to increase during the lifetime of the electrodes, which therefore can be considered one of

the main factors associated with the “aging” of the electrodes.

Furthermore, the step-change experiments can be studied by comparing the difference of the
sensor behavior between rise and fall phase. At medium-short fouling time (2-4 weeks), the
volumetric mass transfer coefficient is comparable between rise and fall time for the different
experiments conducted, presenting no relevant hysteresis (see Table 3.1). The small difference
between rise and fall time could be explained by the accuracy of the experiment. Differences
between rise and fall time become significant only at fouling periods of 9 and 12 weeks,
with an increase in fall time over rise time of 7.2% and 18.7% (57s and 208s), respectively.
The electrodes at 12 weeks of fouling had been operating in wastewater the longest time,
around 5 months in total, showing a consistent irreversible fouling formation. The hysteresis
phenomenon observed at longer fouling time, displaying a higher fall time, could therefore
be related to the irreversible fouling formation and to other aging factors of the electrode

(e.g. bacterial degradation, membrane damage, structural changes of the membrane).

3.4.2 Drift behavior

If not periodically recalibrated, every sensor is subjected to drift phenomena in the long

term, even if regularly cleaned (Ohmura et al, 2018; Papias et al, 2018). Drift, expressed as
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a loss of sensitivity, occurs even when well maintained, and is typically caused by physical
changes in the sensor and/or by environmental contamination. Therefore, the drift behavior
of a well-maintained ammonium sensor during its whole lifetime was analyzed by comparing
the reading of the sensor with lab analysis on grab-samples. During the study, the sen-
sor was manually cleaned twice a week, no other maintenance and operation procedures
were conducted, and no changing in process operation or in the wastewater composition
was recorded. On average, the comparison with lab analysis was conducted every 3 days,
collecting 5 samples over a 3 hours span. Figure 3.5 shows the comparison between the lab
measurement and the sensor reading during 4 months of operation. The dataset is divided
into months, from the first month after the calibration of the sensor (red triangles) till the
fourth month (blue diamonds). The intercept and slope of the first month was normalized to
0 and 1, respectively. The data of the other months (from 2 to 4) were normalized relatively

to the first month dataset.

From Fig. 3.5 it is evident that the sensor incurs drift over time with a negative trend of
-0.01 mg NHj 17t d~!, which leads to an inexorable underestimation of the ammonium con-
tent in wastewater. Despite that reversible fouling development is prevented by adopting
a consistent cleaning procedure, the ammonium sensor still requires a recalibration every 3
months, which corresponds to a loss of accuracy of ~ 1mgl~! of ammonium. Subsequently,
the performance of the ammonium sensor, in terms of signal accuracy, was evaluated under
fouling development. The differences between the signals of two parallel ammonium sensors
were analyzed over time. One sensor was not cleaned for 20 days while the other sensor,
installed in the same tank right next to the other sensor, was cleaned twice a week in or-
der to prevent the fouling build-up. The same experiment was conducted three times for
20 days each. Figure 3.6 shows in blue the difference between the two sensors (expressed
as cleaned sensor signal minus the fouled sensor signal) at a 2-minute frequency. The top
right insert shows the comparison of the drift trend of the cleaned sensor previously mea-

sured (in orange) with the drift trend measured with the current fouling experiment (in blue).
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Figure 3.5: Comparison between sensor reading and lab analysis for 4 months of operation
of the sensor. The dataset is divided into months, from the first month after the calibration
of the sensor (red triangles) till the fourth month (blue diamonds). The linear trends of each
month are shown, which equation and coefficient of determination, R?, are reported in the
graph.

The fouling leads to an underestimation of the ammonium reading, which degrades in time
with a monotonically decreasing trend. The drift, calculated from the three experiments,
presents a slope of -0.11 & 0.03 mg NH; 17'd~!. The slope of the linear trend of the fouled
sensor is one order of magnitude higher (-0.11 mg NHJ 17'd™!) than the drift of the cleaned
sensor (-0.01 mg NH 17*'d™!), showing that a fouled sensor drifts much faster than a cleaned
one. These results highlight the importance of adopting a consistent maintenance procedure,
since it was demonstrated that fouling also affects the absolute accuracy of the sensor reading,
independently on the response time of it. The position of the sensor installation along the

aeration tank can also influence the sensor fouling since the wastewater composition changes
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Figure 3.6: Difference between the cleaned and the fouled sensor signal, reported in blue
with a 2-minute frequency. scg = drift slope of the cleaned sensor in time (orange). sps =
drift slope of fouled sensor in time (blue).

along the process. Therefore, it can be expected a faster fouling development for an influent
installation, and therefore a larger drift slope if the sensor is left unmaintained compared to

the same type of sensor installed in the efuent.

3.4.3 Iron analysis

Analysis of the iron content, due to the addition of ferric salts in the primary treatment at
the facility, was conducted on the reversible fouling layer. The iron composition of the fouling
layer was investigated over time. Fouling was collected from the electrode membranes of both
the two sensors and from the rack immersed in the wastewater, containing 10 electrodes (See
Fig. 3.1). A summary of the fouling and wastewater composition over time, in terms of total

iron, VSS, and TSS is reported in the Table. 3.2.

After a preliminary examination, it was observed that the iron present in both wastewater

and fouling was mainly in the form of Fe(III) and was absorbed to the solids’ surface since
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Figure 3.7: a) Trend of TSS, VSS and iron of the fouling layer, per unit of area, over time
on the rack. b)Trend of TSS, VSS and iron of the fouling layer, per unit of area, over time
on the sensor. In blue are reported the TSS, in green the VSS and in red the iron content
of fouling. The dashed lines represent the exponential model, with relative equation and
coefficient of determination. The X markers show a foaming event of the treatment plant,
and therefore are considered outliers. c¢) Trend of VSS/TSS (blue) and Fe/iSS (red) over the
time of fouling, the dashed lines report the average value.
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Table 3.2: Fouling and wastewater composition over time, in terms of total iron, VSS and
TSS.

Time in operation [Weeks] | 1 2 3 4 5 6 7 8
Total Fe sensor [ug Fe/cm?| 2.7 236 67.0 643 69.6 - - -
TSS sensor [mg TSS/cm?] 01 05 14 21 1.7 - - -
VSS sensor [mg VSS/cm?| 01 04 10 17 13 - - -
Fe/TSS sensor [%] 3.8 42 48 30 41 - - -
Total Fe rack [ug Fe/cm?] 6.8 31.0 51.2 723 68.6 79.7 53.7 102.0
TSS rack [mg TSS/cm?] 03 1.2 14 23 21 25 19 2.3
VSS rack [mg VSS/cm?] 02 10 12 19 18 22 1.7 19
Fe/TSS rack [%)] 24 25 35 32 59 32 27 30
Total Fe wastewater [mg Fe/L] | 29 - 70 40 40 89 45 73
TSS wastewater [g TSS/L)] 29 20 20 34 35 54 52 81
VSS wastewater [g VSS/L] 23 16 16 27 27 47 45 73
Fe/TSS wastewater [%)] 49 6.2 161 55 56 119 6.4 102

no trace of iron was detected on filtered samples. This result is in accordance with the
findings of Kazadi Mbamba et al (2019) and Wang and Waite (2010), regarding the iron
speciation in wastewater. Figure 3.7.a shows the trend of TSS, VSS and total iron collected
from the surface of the rack’s electrodes during the period of fouling development. The data
was analyzed with a saturation model, for TSS, VSS and iron accumulation, showing a R?
of 0.95, on average. In time, solids accumulate on the surface of the electrode, creating a
thick layer of fouling. After one month, the growth of fouling decreases eventually reaching
a balance between fouling accumulation and detachment, due to the shear stress provoked
by the aeration bubbles and the wastewater flow. At seven weeks of fouling a foaming event
of the treatment plant had influenced the fouling composition, which was then treated as
an outlier. Due to the excess of foam, the rack was covered in bubbles, which had dispersed

the fouling layer that had developed previously. The same increasing trend of fouling build-
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up was noticed also on the analysis performed on the fouling samples collected from the
sensor’s surface (see Fig. 3.7.b), which shows a similar behavior with the results obtained for
the rack’s electrodes experiments. Figure 3.7.c presents the ratio of VSS/TSS and Fe/iSS
of the fouling composition over the time of fouling development, comprising fouling samples
collected from both the rack’s electrodes and the sensor’s surface. Even if the accumulation
of iron and solids on the surface increases over time, the relative composition is relatively

stable: 84% of VSS/TSS and 20% of Fe/iSS, on average.

Furthermore, after the 6 months in operation, the electrode membranes were cleaned with
water and were detached from the electrodes. TSS, VSS, and iron analyses were conducted
on the membranes of four electrodes, using the same methodology adopted for the reversible
fouling analysis. On average, the membrane was composed of 48410 pg of Fe, which rep-
resents the 2% of the total membrane composition and 17% of the inorganic compounds
content. The accumulation of iron salts was then observed both on the reversible fouling
layer and attached to the membrane, in the irreversible fouling. Finally, the addition of FeCl
as coagulant in the primary clarifier is a very common practice and the composition analysis
for this study points out that the presence of high concentration of iron in the wastewater
largely influences the inorganic fouling development. It can be inferred that other plants
that utilize the same coagulants application could find similar issues with the development

of inorganic fouling.

3.4.4 Scanning Electron Microscopy

Scanning Electron Microscopy was used to characterize the morphology and composition of
the irreversible fouling, which plays an important role on the aging of the electrodes as well
as on the performance of the sensor itself. Fig. 3.8 shows surface sections of new and used
electrodes’ membranes analyzed with SEM. The used membranes were collected after six

months of operation of the sensor in wastewater, at the end of the lifetime of the electrode.
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Figure 3.8: SEM images of the cleaned membrane (left) and fouled (right).

The clean membrane shows a homogeneous surface and the porous structure of the membrane
is clearly visible in the magnified image (Fig. 3.8.a). The used membrane (Fig. 3.8.b) instead
shows a rough surface, with different type of agglomerates, crevasses and the pores of the
original membrane are not visible anymore, completely covered by the coating of the fouling
which appears dense and non-porous. The fouling SEM pictures of the sensor membranes
show similarities mainly with organic fouling of filtration membranes (Jiang et al, 2018), since
evidence of specific precipitate structures and scaling are scarce, and no microbial colonies
can be observed. Different areas of the fouled membranes’ surface were analyzed at different
levels of magnification to recognize different agglomerates and details (See Fig. 3.9 and Fig.
3.10). Analogously to the observed SEM pictures of fouling on microfiltration membranes,

the fouling on the sensor develops as a cake or gel layer, composed of bacteria clusters and
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biopolymers, which is indicator of biofouling formation (An et al, 2009; Al-Halbouni et al,
2008; Wang et al, 2008).

Figure 3.10: SEM detail image of the “doughnut-shaped” holdfasts on the fouled membrane.

Figure 3.10 shows the presence of spherical structures approximately 10pm in diameter, with
a hollow center deposited on the surface of the fouling. The accumulation is too big to be
associated to individual microorganisms, but more likely to biofilm structures. Such deposits

could be related to so called “doughnut-like shaped holdfasts”, which are agglomerates of
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biological origin together with inorganics like silicates, iron oxides or calcium carbonate (Guo

et al, 2011; Cao et al, 2016; Santos et al, 2018).

The cracks and crevasses in the fouling, highlighted in Fig. 3.8.b, are numerous, dense and
get extended for large portions of the fouled surface. Such cracks, which are fibrous in nature,
denote a typical behavior of polymers under stress, and originate from the stretching and
damaging of the PTFE protection layer. Also, the crevasses show a clear similarity to other
SEM pictures of stretched PTFE membranes obtained under stress reported in literature,
which are characterized by the same type of fiber-like stretch typical of polymers (Liu et
al, 2015; Zhang et al, 2017). The same type of sample preparation to perform SEM and
EDX analysis, as described in the Materials and Methods, was employed on both the fouled
and the new membranes. The PTFE cracks were never detected in new membranes, which
instead always showed a homogenous surface (see Figure 3.11), and therefore it can inferred
that the PTFE protective layer damages originated during the six months of activity of the
sensor in wastewater, and not from the handling of the sensor membranes during the SEM

experimental procedures.

EDX elemental analysis was applied to the clean and fouled membranes for each of the
previous sections analyzed with SEM. Quantitative analysis in EDX is only used as an
estimation due to the error of quantification of light elements such as oxygen, nitrogen and
carbon but is useful for polymer materials that have unique elemental signatures such as the
fluorine of PTFE. Furthermore, the atomic percent distribution obtained helps to estimate
the relative proportion of some contaminants like salts and metal oxides. A summary of the
quantitative analysis of the elements for each of the sections mapped with EDX technique
on the new and used membranes and the statistical error are reported in Table 3.3. By
comparing the difference in composition between new and used membrane, it is possible to

identify the changes in composition due to fouling.
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Figure 3.11: SEM and EDX mappings of a new membrane. Key: F (red); C (green); O
(blue).

The main elements detected via EDX on cleaned membranes were C, O and F, and they result
evenly distributed over the surface due to the homogeneous nature of the ISE membrane
(see Fig. 3.11). Fluorine originates from the chemical composition of the PTFE protective
membrane layer. Other elements were detected in trace amounts on the cleaned membrane,
which were assumed deriving from the accumulation of dust over the membrane. Since
there is little F content in wastewater, fluorine is considered as the reference to compare the
elemental composition between the new and the fouled membrane. The fouled membrane
results (See Table 3.3; Fig. 3.12) indicate a relative decrease in fluorine content (from 45
atomic % to 15 atomic %) while carbon and oxygen have increased dramatically: from 48
to 65 atomic % for C and from 5 to 18 atomic % for O. Other metal elements were detected
in smaller quantity in different portions of the fouled membrane’s surface, such as Fe, Mn,

P, N, Ca, Cl, S, K, Mg, Na, S and Si, in descending order. Furthermore, the composition
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Table 3.3: Weight %, statistical error (o) and Atomic% from Quantitative EDX analysis
from the surface of the new membrane and fouled membrane.

New Membrane Fouled membrane
Element | Wt % Wt % (0) Atomic % | Wt % Wt % (0) Atomic %

C 36.78 0.29 47.90 54.55 0.37 65.09
0 5.67 0.17 5.54 20.34 0.26 18.22
F 55.32 0.30 45.54 19.55 0.25 14.75
Fe 0.32 0.09 0.09 1.97 0.10 0.51
P 0.21 0.04 0.11 0.81 0.07 0.37
Ca 0.19 0.04 0.07 0.70 0.04 0.25
Mn BDL BDL BDL 0.69 0.07 0.18
S 0.13 0.03 0.06 0.35 0.03 0.15
K BDL BDL BDL 0.34 0.03 0.12
Si 0.62 0.04 0.34 0.19 0.02 0.10
Cl 0.76 0.04 0.33 0.25 0.03 0.10
Mg BDL BDL BDL 0.15 0.03 0.09
Na BDL BDL BDL 0.12 0.03 0.08

of the sensor fouling was found to be comparable to the typical composition of fouling
on filtration membranes found in literature, in particular closely resembling the relative
proportion between organic and inorganic content (Al-Halbouni et al, 2008; Zhang et al, 2008;
An et al, 2009; Xu et al, 2010). The sensor’s membrane fouling was primarily composed of
organic pollutants, while the inorganic matter contribution was minor. However, as reported
by Wang et al. (2008) and Meng et al. (2007), the inorganic elements such as Mg, Al, Fe,
Ca, and Si have significant effects on the formation of the gel layer. Such elements promote
the bridging between deposited biopolymers and inorganic compounds, while also enhancing
the compactness of the fouling layer. Therefore, although inorganic fouling may account for
a relatively small amount of the overall fouling, it does however influence the growth rate and
structure of the organic fouling. As expected, due to the practice of adding ferric chloride in

the primary clarifiers, iron fouling is consistently mapped by EDX over the entire surface of
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Figure 3.12: SEM and EDX mappings of a fouled membrane. Key: F (red); Si (dark green);
Mn (yellow); Mg (blue); K (pink); Ca (purple); S (green water); Fe (orange).

all the fouled membranes examined. In detail, excluding the membrane composition and the
organic fouling (C, O and F), iron was found to be the most quantitatively abundant element
of the inorganic fouling (26 atomic % of Fe/inorganic fouling). The iron is hypothesized to
mainly be present in the form of ferric oxides, as commonly seen in literature (Wang and
Waite, 2010; Zhang et al, 2015). Because Fe is detected in high content and is one of the trace
inorganic nutrients for bacteria that can enhance the development of biofouling (Rebosura
et al, 2018), we can infer it could have also influenced the organic fouling build-up and
future studies should address its role. Therefore, iron plays a significant role in the general
development of the irreversible fouling of the sensor’s membranes, as also was demonstrated
in the studies of fouling in filtration membranes (Meng et al, 2007). Most of the elements
of the fouling, both organic and inorganic, such as C, O, F, Fe, Mn, and P, are spread out

evenly over the membrane surface (see Figure 3.12). However, in some spots of the fouled
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membranes some aggregates of K and Cl were observed. Since the mappings of K and Cl
agglomerates match perfectly, these are likely deposits of potassium chloride (KCl) (see Fig.
3.13).

I 100 pm 100 pm | 100 pm

Figure 3.13: SEM and EDX mappings of a KCI precipitate, specifically in pink K and in
blue CI.

Figure 3.14 reports the details of EDX mappings on a crevasse (a) and damages of the mem-
brane surface (b, ¢). It can be noticed that the crevasse presents a local increase in fluorine
concentration (Fig. 3.14a, in red), which could not be accounted by scaling/inorganic fouling
considering the typical low content of fluorine in wastewater. The high fluorine content on
the membrane, instead, originates from the PTFE coating, emerging from the thick layer
of the fouling, showing the detail of a fibrous-like stretched structure. Therefore, the EDX
images further confirm the hypothesis of the damaged PTFE, previously described when
analyzing the SEM mappings (Figure 3.8). A further level of damage of the membrane was
detected in other spots, observing fluorine and chlorine mappings (Fig. 3.14b, ¢). In more
than one spot (see Fig. 3.14b, c¢) similar patterns were noticed: i) large patches of high
concentration of chlorine and ii) uneven and scarce content of fluorine. However, this is in
contrast with the typical elemental pattern previously observed within the study, where flu-
orine is evenly distributed over the surface. In terms of relative atomic proportion percent,
the difference between the typical pattern and the damage analysis is the following: the F
content decreased from 15% to 9% and the Cl content increased from 5% of the inorganic
fouling to 23% of the inorganic fouling. The chlorine spots could hardly derive from a precip-

itate due to the absence of the counter ion detected, as instead shown in the Fig. 3.13, and
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Figure 3.14: SEM and EDX elemental mappings of a fouled membrane are highlighted in
different colours. (a) Detail of higher content of fluorine (red) and carbon (green) in the
fouling layer over the crevasse, revealing the Teflon membrane (C2F4),, below. (b) Detail
of crevasse of fouled membrane with Fluorine (purple) and Chlorine (red). (c) Detail of
damage images of fluorine (yellow) and chlorine (red) detected on a different spot of the
fouled membrane.
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the irregular shape. Instead, it can be hypothesized that in some regions of the membrane,
the PTFE protective coating has been removed by abrasion, which explains the observed
decrease in fluorine content. The abrasion of the PTFE coating leaves the underneath PVC
(CyH3Cl),, layer of the membrane exposed, which helps to explain the increase in irregular
chlorine patches. Moreover, once the unprotected PVC membrane becomes exposed to the
external wastewater environment, it is easily and more rapidly degraded by bacterial activity,
thus further escalating the aging process of the electrodes. The damage areas of the PTFE
coating were attributed to the recurrent cleaning maintenance procedures performed during
the six months of operation. Thus, alternative cleaning methods should be considered in
future studies, referring also to the procedures deployed in filtration membrane cleaning,

such as sonication and acid and base cleaning.

3.5 Summary and Conclusions

In summary, the major impact of fouling on the sensor’s performance is the increase of the
response time of the sensor to changes in ammonium concentrations. The effect of the foul-
ing development was found to promote a negative drift (-0.11 mg NH; L~'d~!), which is
one order of magnitude higher than the drift of a well-maintained sensor (-0.01 mg NH;
L~'d™!), leading to an underestimation of the ammonium content. This characterization
of the sensor drift can provide a quantitative reference for future studies on sensor fault
detection and impact of sensor performance on control systems. The EDX analysis show
that the inorganic fouling is mainly composed of Fe, P, Ca, Mn, S, K and Cl, in decreasing
order. The morphology and composition of the sensor’s membrane fouling is comparable
to literature studies on filtration membrane fouling. Several fibrous cracks of the protective
PTFE coating were identified, as well as spots in the membrane where the PVC membrane

itself is exposed (patches of high content of chlorine), showing a further stage of damage.
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The biomass composition has a high influence in the development and composition of foul-
ing. Therefore, the fouling study conducted can be considered as a reference limited to the
site condition (warm climates) and specific wastewater treatment application described. For
a more general conclusion and quantification of the effects of fouling over the ISE sensor
performance more studies should be conducted in different utilities, applications, and envi-
ronmental conditions. Also, to further supplement and support the data presented in the
current paper, the development of the fouling layer and its effects on the sensor behavior

over time should be further investigated by impedance spectroscopy.
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Chapter 4

Soft-sensing for on-line fault detection
of ammonium sensors in water

resource recovery facilities

4.1 Abstract

The increasing demand for online sensors applied to advanced control strategies in water
resource recovery facilities has resulted in growing attention on fault detection methods to
improve the reliability of sensors installed in such harsh environment. The study herein
focuses on the fault detection of ammonium sensors, especially for effluent monitoring, given
their potentiality in Ammonium-Based Aeration Control. An Artificial Neural Network
model was built to predict the ammonium content in the efHuent by utilizing the information
from other five sensor installed in the activated sludge tank: NHJ; pH; ORP; DO; TSS. The
residual between the model prediction and the effluent ammonium sensor signal was utilized

for a fault detection mechanism, based on Principal Component Analysis monitoring charts.
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Differing from previous research, the present study utilizes sensor faults collected from one
year of historic data of the actual sensor setup instead of artificially generating process
anomalies using deterministic models. The most common issues identified from the historic
data using the proposed fault detection methodology were treatment process anomalies,
calibration biases, and fouling drifts. Treatment process anomalies, calibration bias fault, and
a fouling drift, were the most common issues identified from the historic data and promptly
individuated by the proposed fault detection methodology. Once a fault is detected, the
model prediction can be actively used in place of the sensor to control those processes that

rely on the said sensor, without affecting the treatment process by utilizing faulty datasets.

4.2 Introduction

4.2.1 Use of sensors in WRRFs

Real-time monitoring is a fundamental aspect in Water Resource Recovery Facilities (WR-
RFs) for plant safety and control systems implementation (Baggiani and Libelli, 2009; Olsson
2006; Olsson and Jeppsson, 2006). In the last few decades the increasing availability of water
quality sensors has facilitated the achievement of better effluent quality and more advanced
control systems in order to comply with the stringent standards (Tao et al, 2013; de Canete
et al, 2016). Among the variety of water constituents and the corresponding sensor tech-
nologies, large attention has been given to ammonium sensors for their potential application
in Ammonium-Based Aeration Control (ABAC), and for monitoring the effluent ammonium

content to control the formation of chloramines in disinfection.
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4.2.2 Reliability of sensors

Sensors accuracy is critical to successfully implement process control and monitoring, espe-
cially when processes rely on the information from many sensors. Sensors can display partial
failures such as bias, drift or precision degradation, also due to fouling, considering the hos-
tile environment of installation. Also, human errors can deteriorate the sensor performance
due to incorrect operation and maintenance procedures (cleaning, calibration, and sample
adjustment). When the accuracy and reliability of a sensor decreases, it provides incorrect
information for monitoring and control which can result in erroneous control action and false
perception performance of the process (Yoo et al, 2008). This potential erratic behavior of
sensors has to a common feeling of skepticism on behalf of engineers and plant operators

and contributed to a worse reputation than sensors deserve.

4.2.3 Fault detection methods

The identification of a fault, either of the process or of the sensors, can be difficult just
by examining the data, because of the large amount of data and the presence of multiple

variables which are often highly correlated (Fuente et al, 2012).

In light of the high request of online measurement and the lack of reliability of sensors, fault
detection practices, data screening, and information extraction can help improve the reliabil-
ity of the instrumentation and guarantee data quality. Different types of monitoring charts
can be used to detect “out-of-control” situations in a process (Thomann et al, 2002; Rieger et
al, 2004). Among the most common are the Shewart charts, mainly used in analytical labora-
tories for quality control (Montgomery 1996). Fault Detection and Isolation (FDI) methods
can usually be distinguished between model-based and data-based approaches, however the
latter is preferable due to the complexity of deterministic models of plant-sensor dynamics

(Kettunen et al, 2008; Rosen et al, 2008).
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Multivariate statistical methods such as principal components analysis (PCA) and partial
least squares (PLS) are among the most common data-based fault detection and diagnostics
schemes implemented in literature (Tao et al, 2013; Yoo et al, 2008; Baggiani and Libelli,
2009; Garcia-Alvarez et al, 2007). However, these two methods assume linear correlation
among variables, which works well in closed-linear processes but degrades the performance
in non-linear and dynamic systems (Cheng et al, 2005; Fuente et al, 2012). Literature studies
have shown that PCA’s minor components can often contain not only noise but significant
variance in nonlinear problems (Xu et al, 1992). Also, PCA implicitly assumes that the
observations at one instant in time are statistically independent from past observations.

This gives problem of autocorrelation of variables in a complex dynamic system.

4.2.4 Artificial Neural Networks

In order to account for the non-linearity of the system, different literature studies have
reported new methodologies to extend the applicability of PCA in dynamic non-linear prob-
lems, using a model-based PCA approach (Yoo et al, 2003; Kramer et al, 1992; Dong and
McAvoy, 1996; Jia et al, 1998; Rosen et al, 2003; Kazor et al, 2016; Lee et al, 2004; Zhao
and Yuan, 2011; Xiao et al, 2017). These studies often integrate different machine learning
methods to remove the nonlinearity information from the raw data, and then the resulting
residuals between model and sensor are analyzed by PCA to generate monitoring charts.
Among the most common process models in the model-based PCA approach, different ver-
sions of neural networks can be found, showing promising results to calculate a non-linear
and dynamic model of the treatment process in nominal operating conditions (Cheng et al,

2005; Fuente et al, 2012).

This study utilizes six online sensors installed in the aeration tank of an activated sludge

process. Five of six sensors are used as input of an ANN model to predict the ammonium in
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the effluent and compare it to the NH] effluent sensor signal (sixth sensor). The comparison
between model prediction and sensor signal is then further evaluated by PCA monitoring
charts and Shewart charts in order to identify process anomalies and partial sensor faults,
like biases and drifts. The effluent ammonium sensor is chosen as target sensor for fault
detection given the large potential application but higher uncertainty when applied in low
range (Cecconi et al 2019). The novelty in the present study is the utilization of sensor
faults collected from one year of historic data of the actual sensor setup instead of artificially

generate process anomalies by means of deterministic models.

4.3 Materials and Methods

4.3.1 Layout of the WRRF under study

The facility of the present study is located in the Southwestern United States, characterized
by an arid to semi-arid climate. The secondary treatment of the plant includes an activated
sludge process operating in the Ludzack-Ettinger configuration with an annual average SRT
of 5 days. The overall secondary effluent is fed to a subsequent advanced tertiary treatment
for water reclamation. The aeration tank has six zones in series with 7in membrane disc
diffusers. The process is operated in step-feed mode, with a 60/40 split between the first
and third zones, which are operated under anoxic conditions using coarse-bubble diffusers

and mechanical mixers, respectively.

4.3.2 Sensors installed

Six online sensors were installed in the aeration zone of the activated sludge tank. In detail,

two ammonium sensors (one installed in the fourth aerated zone and one in the effluent),
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pH, Dissolved Oxygen (DO), Oxidation-Reduction Potential (ORP), and Mixed Liquor Sus-
pended Solids (MLSS). All the sensors were also equipped with an auto-cleaning system
based on ultrasound to delay the growth of fouling and a temperature sensor, to adjust
the measurement reading depending on the wastewater temperature. The sensors provided
signals with a 2-minute frequency which were recorded with a data logger (Graphtec Mod.
GL240). Each sensor was cleaned, throughout the study, on a weekly basis with a cloth
damped with water, without chemical cleaning. The electrodes of the ammonium sensors

were replaced every six months, following a two-point calibration procedure.

4.3.3 Artificial Neural Network

The neural network implemented in this study is a multi-layer perceptron (MLP), composed
of a group of neurons, arranged into hidden layers, interconnected in parallel. Depending on
the complexity of the system one or more hidden layers are required, however it is suggested
that a network with a single hidden layer with a sufficiently large number of neurons can
interpret any input-output model. In wastewater application, neural networks with one
hidden layer are the best structure in order to achieve accurate predictions without increasing
too much the complexity and the computational costs (Chen et al, 2003; Barron et al, 2009;
Khataee et al, 2010a; Aghaeinejad-Meybodi et al, 2015). The number of neurons of the
hidden layer is a fundamental parameter which is analyzed to obtain the desired accuracy of
the sensors’ predictions. To each input is associated a weight or coefficient that determines
to which extent the input information is transmitted to its output. Another parameter
that determines the topology of the ANN is the activation function, which connects the
information from the input to the hidden layer and subsequently from the hidden to the
output layer. The most common choice of activation function is the sigmoid transfer function,

described by the Eq. 4.2 and represented in Figure 4.1 (Wang et al, 1996). The input for a
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node j is given by the following equations (Wang et al, 1996):

netj = Z Wi;0; (41)

1
1+ exp(net; + 0;)

output; = (4.2)

Where j is the number of neuron, w;; is the weight between node i and node j and o; is the
output of node i in the preceding layer. 6; is the bias term, with which the output function

can be shifted along the net; axis.

1.5

0 /.
o

-0.5

Figure 4.1: Representation of the sigmoid transfer function.

When using the sigmoid function, it is fundamental to previously scale the dataset in the
0.1-0.9 range (Walczak 1996), since the transfer function reports the results within 0 and 1

(Eq. 4.3). This function is non-linear and commonly used because differentiable, which is a
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fundamental characteristic during the training of the model.

0.8(X; — min(X;))

v * max(X;) — min(X;)

(4.3)

Where x; are the normalized values of the real data sets X;

Once the topology of the neural network is defined, the model needs to be trained in order
to minimize the error function by searching for a set of connection weights and biases so that
the predicted outputs equals the observed output. Various algorithms are available, but
most common training methodology is based on the back-propagation algorithm. Initially

the weights are randomly assigned (Bos et al, 1993).

Forward pass Error backpropagation

\ f E=ly-9]

—

Input Layer Hidden Layers Output Layer Input Layer Hidden Layers Output Layer

(a) (b)

Figure 4.2: a) Representation Forward pass of the training algorithm. b) Second step of the
training algorithm represented by the error backpropagation.

During the training there is a first phase of feed-forward mechanism (Fig. 4.2.a), where the
external input information signals are transferred forward to calculate the output signals ¥
by performing a weighted summation of all the inputs received from the preceding layer.
Then, in the back-propagation phase (Fig. 4.2.b), modifications to the connection weights

are made based on the difference, E, calculated between the predicted, y, and observed, vy,
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output. The training phase is an optimization problem, searching for the minimum on the
error surface in a multi-dimensional space. The error surface presents several local minima
and probably the searching method will not be able to find the absolute minimum, but a local
minimum that is acceptable for the problem considered. Typically, the back propagation is
based on a gradient descent algorithm in which the network weights are moved along the
negative of the gradient of the performance function. There are a number of variations on
the basic algorithm that are based on other standard optimization techniques, such as the
scaled conjugate gradient, quasi-Newton, Levenberg-Marquardt algorithms and so on. The
mean square error (MSE) and the mean absolute error (MAE) are typically used as error
function to measure the performance of the network, according to the following equations

(Hassani et al, 2014):

N
MSE =Y (Yo — Yeuy)?/N (4.4)
t=1
1 N
MAE = — > Vi = Yeuy| (4.5)
t=1

Where N, Y,,, and Y,,;, are the number of experimental runs, the neural network predic-
tions and the experimental response, respectively. A fundamental step in the calibration
of the model is the splitting of the available dataset into three datasets: a training dataset
to estimate the connection weights, a validation dataset to test simultaneously, during the
calibration phase, the generalization ability of the model of new samples, and the testing
dataset which is utilized to test the general predicting capability of the model once the cali-

bration of the model is finalized. The validation dataset is used during the calibration phase
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to stop the training phase and avoid the overtraining which leads to the overfitting of the
model. If the model incurs into overfitting during the calibration, it loses its generalization

capability showing an increase in the validation error (Fig. 4.3).

E“Pr TE: Training Error
VE: Validation Error
Modeling Overfitting X
. ME
[ |
Stopping point Iterati:)ns

Figure 4.3: Representation of the overfitting problem.

The main neural network developed is utilized to predict the efluent ammonium by exploiting
the information from all the other sensors installed. However, diverse networks were also
built to be implemented in the fault detection monitoring system, as it will be explained in
the following sections. In detail, for each input variable sensor, a neural network was built
to predict the targeted variable using the other 4 sensors remaining as input variables. The
network structure optimization for every sensor was implemented for a network with one
hidden layer of N nodes and one output target variable. To determine the optimal number
of nodes N, different networks were tested for each sensor, using from 2 to 20 nodes. The
mean square error was calculated for every testing network and the minimum was usually
achieved around 10 nodes. The optimum number of nodes was then chosen to be 10, since
a larger number of nodes would only increase the complexity and computational time of the

model without improving the prediction accuracy.
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4.3.4 Sensitivity analysis

A vital question when designing and employing a neural network is the sensitivity of its out-
puts to input perturbation. The sensitivity can be defined as the mathematical expectation
of the output errors of the network due to input alteration in a given continuous interval
(Zeng et al, 2001). In order to obtain a reliable and robust neural network it is important
to choose correctly the input variables and a consistent dataset. A preliminary sensitivity
analysis of the model was performed, to understand which input variables has a higher in-
fluence on the output prediction, and to reduce the number of input variables, removing the
variables with lower impact on the model output (Zhu et al, 1998). Different approaches
can be considered for sensitivity analysis, many of which are based on statistical analysis,
by calculating the sensitivity as the ratio of the variance of the output to a given variance of
the input error (Choi and Choi 1992). Monte Carlo simulation is frequently used to quantify
model uncertainty from model parameters, input data or model structure (De Menezes et
al, 2018). The Monte Carlo simulation is performed by running the model N multiple times
by random sampling the input data from the distributions of the uncertainty inputs until a
statistically significant distribution of the outputs is achieved (Shrestha et al, 2007). The
model output uncertainty is then expressed in terms of prediction intervals (or confidence
intervals), which are typically related to the quantiles of the model output distribution. In

the present research, every input dataset was first de-noised using a cubic spline method:

ming(0 3 0(0) — () + (=) [ A1 par (16)

With y(i) is the input sensor dataset and ys(i) is the smoothing approximation of the data.
P € (0,1) is a smoothing parameter which was set as 0.05, in order to thoroughly remove

the noise but not the daily dynamicity of the dataset. Then, every input smoothed dataset
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was normalized at zero mean and 1 variance. In this way the different input datasets were
characterized by the same working range. Following, the Monte Carlo simulations were
performed by running the prediction model 10000 times and by choosing for each run a
random noise from a gaussian distribution with zero mean and 1 variance to apply on one
input variable at a time. The model outputs from the N runs were analyzed statistically
in order to calculate the 95% confidence interval by dividing the model outputs for each
input variable with random noise. Because the input datasets were normalized and the same
random noise was applied to them during the sensitivity analysis, receiving the same level of
perturbation, it was possible to individuate at which extent the different variables contribute

to the model output.

4.3.5 Fault detection methodology

The fault detection methodology utilized consists of two stages (Fig. 4.4): residual genera-
tion and residual evaluation. At first the residuals are generated as the difference between
the sensor signal and the predicting model output. It is expected that these residuals are
approximately zero in nominal conditions, and instead increase when an out-of-control event
happens. Then, the residuals are analyzed using two types of monitoring charts: with PCA
monitoring techniques and with Shewart charts monitoring, as presented in the following

sections.

PCA control charts

The residuals generated between the model output and the corresponding sensor were cal-
culated for every sensor considered in the study. The residuals dataset from the six sensors
was used as matrix input to the PCA analysis instead of the actual sensor signals, with
the purpose to detect potential process anomalies and sensor faults. Mathematically, PCA

evaluates the correlation structure of the process variables. The size of the variance residual
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Figure 4.4: Scheme of the two stages fault detection methodology.

indicates the importance of every variable. At first, the residuals from every sensor were
normalized for the maximum error obtained during the training of its corresponding neural
network. The dataset normalization allowed to compare directly the residuals from different
sensors and to remove any influence of the sensor working range. Consider a data matrix X
€ RE%J containing K scaled observations of J process variables. The covariance matrix of X

is defined as:

A; (j = 1,....J) represent the eigenvalues of the matrix S, disposed in descending order to

RJxA

obtain the principal components, PCs. The transformation matrix Py.4 € is obtained

by choosing A eigenvectors. The prediction of the PCA model for a new observation data

Xnew 18 the following:

fi’new = Pp.at (48)
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Where t = PT , 2,0 is the score vector. The resulting residual is determined as:
L:A g

TPcA = Tnew — jnew = (I - Pl:APEA)xnew (49)

When PCA is applied for fault detection purposes, two monitoring statistics can be used,
usually adopting control charts. The control charts can detect a fault when the statistics
values are greater than a certain limit. The Hotelling’s T? and the square prediction error

(SPE or Q) are the most commonly adopted. T? can be calculated as follows:

T?(k) = 2" (k)T A T (k) (4.10)

Where ) is a diagonal matrix made of the first k eigenvalues of S. The process is considered
in nominal operating condition for a given significance level «, typically between 90% and

95%, if the statistic value doesn’t exceed the threshold calculated:

alp—1
rer, =" Vp (4.11)

pP—a

The Q statistic is calculated as the sum of the squares of the residuals:

Q(k) = 2 (K)(I — TT")x (k) (4.12)
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The upper limit of this statistic can be computed as follows:

1
hoCary/20 Osho(ho — 1)1
Q(k) < Quim = ©1 %HJF% (4.13)
1 1
Wit 6, = 5.1 o1 252

Shewart control chart

Shewart charts are widely used in analytical laboratories but not very common in Water
Resource Recovery Facilities (Thomann et al 2002). Rieger et al (2004) demonstrated the
possibility to apply these control charts to detect sensors anomalies and erratic behavior in
wastewater with additional criteria that allows to detect “out-of-control” situations earlier.
They demonstrated to be able to detect bias, outliers and drift of the sensor and poor
calibration of sensors. In contrast to the typically used Western Electric rules (Montogomery,
1996), the warning phase criteria are more stringent in order to promptly detect anomalies.
In detail, the Shewart charts were used by comparing on a weekly basis the residuals between
sensor reading and laboratory analysis, used as a reference. If an alarm was generated, further
comparison with lab analysis were required in order to check for potential “out-of-control”
events, confirm them and request maintenance measures. In our study the control charts
were used similarly, in order to detect sensors and process anomalies and erratic behavior.
However, in the previous studies the residuals analyzed were dependent on the frequency that
the plant performs grab-sampling lab analysis, which is usually on a weekly basis. Instead, in
the present research, the residuals are generated by plotting the difference between the model
prediction and the sensor signal. A high frequency residuals dataset is generated, with up to

2 minutes frequency sample. Therefore, it was possible to decide how frequently monitoring
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the residuals on the control charts and define an averaging window interval of the residuals,
in order to avoid outlier’s interference or small dynamics discrepancies, related to the level
of accuracy of the model prediction. Among the different type of sensors anomalies, drifts
are the most difficult to detect given the relatively small visible error but that inevitably
increases in time. The Shewart charts in this study were mainly designed to be utilized
for sensor’s drift detection because of the high relevance and complexity of early stage drift
detection. The difference between sensor and model prediction is used as a control variable

to detect out-of-control events.

R= Lmodel — Lsensor (414)

It is assumed that the control variable is normally distributed with u =0 and variance 2.
The monitoring charts are characterized by two different control levels: a warning limit and
a control limit (Figure 4.5).

UWL = Upper Warning Limit = + 2 op; UCL = Upper Control Limit = + 3 op
LWL = Lower Warning Limit = - 2 o7; LCL = Lower Control Limit = - 3 o7

Where or is the standard deviation of the training phase of the model:

Ttrain — Tsensor 2

With X4in is the model prediction obtained during the training phase, Xensor 1S the corre-
sponding sensor dataset utilized during the training phase and N is the number of samples
the training dataset. The rules to produce an alarm for out-of-control detection are the

following (See Fig. 4.5):

82



e 5 values in a row steadily increasing
e 3 values over the Warning Limits consecutively

e 2 values over the Control Limits consecutively

Residual

I O/O UCL

: \ | 20
\\o\o WL I 26+

O\/ LCL 307

Time sequence

v

Figure 4.5: Shewart chart scheme. Key: UCL = + 3 o7; LCL = - 3 o7; UWL = + 2 op;
LWL = -2 o7, where or is the standard deviation of the training phase of the model.

4.4 Results and Discussion

4.4.1 Preliminary analysis

The quality of the input data in Artificial Neural Networks is of the upmost importance in
order to obtain a reliable structure of the model and consequently accurate model outputs.
The structure of the model comprises the number of nodes of the hidden layer and their

corresponding coefficients (also called weights). High-quality datasets of the input variables
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will improve especially the determination of the nodes’ coefficients, since they are the base

of the correlation between the input and the output variables.

A sensitivity analysis was implemented to individuate which sensors (input variables) have a
major influence on the network output (effluent ammonium). The following graphs (Fig 4.6.a
to 4.6.f) report the model output range obtained from the perturbation of the input variables.
Each graph shows the model outputs as function of one input variable perturbation at a time.
Figure 4.6.f represents the composite from all the different input variables. It can be noticed
how the ammonium sensor installed in the aeration tank has the highest influence on the
model output (Fig. 4.6.a). Also, the input variables’ influence on the model output depends
on the dynamicity of the actual signal, varying during the day and is different for every input
variable. The relative contribution of the different input variables on the model output is
reported in Table 4.1. For every input variable it is reported the % of influence on the model

compared to the other variables.

The quantification of the uncertainty associated to the results provided by ANN models is
essential for their confident and reliable use in practice. The sampling of the parameter
space is generally done by Monte Carlo simulations using uniform random sampling across
the specified parameter range (Srivastav et al, 2007). Therefore, similarly to the sensitivity
analysis, further simulations were also conducted to calculate the uncertainty of the model
output using the original sensors noise of every input variable (Fig. 4.7). In detail, the
input variables were denoised, but they were not normalized, differently from the sensitiv-
ity analysis. Then, Monte Carlo simulations were performed by uniform random sampling
across the sensor’s noise range (gaussian distribution of the residual between original and
denoised dataset). As previously seen, the 95% confidence interval of the model output varies
depending on the dynamicity of the input signals and in general the highest output uncer-
tainty is achieved during the maximum daily peak. The maximum uncertainty calculated is

around 0.25 ppm, which is comparable to the actual ammonium sensor accuracy achievable
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Figure 4.6: Sensitivity analysis of the model output as function of each input variable noise
at a time. a) Effect of the variability of ammonium high range input on the model output.
b) Effect of the variability of pH input on the model output. ¢) Effect of the variability of
ORP input on the model output. d) Effect of the variability of TSS input on the model
output. e) Effect of the variability of DO input on the model output. f) Composite effect of
the variability of all the input variables over the model output

in well-maintained conditions. Thus, the model output uncertainty, as a consequence of the
input sensors’ noise, is acceptable for the ammonium sensor application in the secondary
process. The uncertainty of the model as function of the different sensors’ noise is reported

in Table 4.1.

4.4.2 Model structure

Different model structures can be selected, depending on which variables are chosen as input
of the ANN model. We chose 3 different options (Fig. 4.8), according to the sensitivity
analysis results: the first model (A in blue) uses all the sensors available for the study; the

second model (B in red) excludes from the input variables the ammonium sensor installed
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Figure 4.7: 95% Confidence Interval of the model output as function of the input sensors
noise.

Table 4.1: Summary of the sensitivity analysis. The contribution of each input variable
to the model uncertainty is reported relatively to the remaining input variables. Also, the
model uncertainty due to the sensors’ noise of the input variables is reported in terms of
95% Confidence Interval.

Input variables NH; pH ORP TSS DO Composite

Input variable contribution (%) 45 25 14 8 8
95% CI with original noise [mg/1] | & 0.013 + 0.0004 =+ 0.0004 =+ 0.0003 = 0.0001 + 0.19
(min-max) [mg/1] £020 =+£007 £003 £005 £0.09 £ 0.25

in the aeration tank and the third model (C in green) utilizes the ammonium high range as
the only input variable, since it was demonstrated having the highest influence on the model

performance according to the sensitivity analysis.

The prediction accuracy of the different models during the training of the network is reported
in Figure 4.9, expressed as Mean Squared Error (MSE) and R? as a function of the number
of nodes in the hidden layer. In blue is reported model A, in red model B and in green model

C, according to the same color arrangement shown in Figure 4.8.

In model A (blue) we use all the sensors as input, which results in a more complex model
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Figure 4.8: Different possible architectures of the neural network depending on the chosen
input variables.
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Figure 4.9: MSE (left) and R? (right) of the different models during the training phase as
a function of the number of nodes in the hidden layer. In blue Model A (all the input
variables), in red Model B (all the input variables excluding NH4; high range) and in green
Model C (NHj high range as only input variable).

(more sensors which require thorough maintenance) but also the most accurate (smaller MSE
and higher R? then the other two options). The accuracy of the prediction is not dependent
on the number of nodes of the model. The model A is also the most resilient because the
presence of multiple sensors ensures a more robust prediction in the eventuality that a fault
of an input sensor occurs. The model B (red) excludes the ammonium high range from
the input dataset. For this case, the model prediction is the least accurate (higher MSE
and lower R?), which is in accordance with the sensitivity analysis performed, and it shows

the highest dependency on the number of nodes, stabilizing only around 30 nodes (more
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complexity and computational time). The model C (green) requires the least computational
cost and complexity because it presents only the ammonium high range as input, and the
prediction accuracy is high and independent by the number of nodes. However, in the case
C, the model resiliency is at its lowest because it relies only on one ammonium sensor, which
is also renowned in the literature to be a sensor that requires thorough maintenance and can
often incur into faulty behavior (Winkler et al, 2004; Amand et al, 2013; Papias et al, 2018).
On the contrary, model B has a higher resiliency because it utilizes multiple sensors and it
excludes the ammonium sensor, which shows erratic behavior regularly. In conclusion, the
three possible model structures provide different model prediction accuracy but, at the same

time, different model resiliency and complexity.

Figure 4.10 shows the comparison of the three different model predictions with the sensor
signal on a new testing dataset. The focus resides in the peaks because the sensor is not
reliable below 0.4-0.3 ppm due to the level of interference of the cations present in the
wastewater (Cecconi et al 2019). As previously explained, it can be noticed that the model
A presents the highest prediction accuracy, especially at the peak of the day, and it shows
the least erratic and noisy signal. The model B instead shows a high level of noise, compared
to the sensor’s signal (in blue), and the least ability to follow the daily dynamicity. This is
coherent with the sensitivity analysis results, since the ammonium sensor, which contributes
to the 45% of the network prediction, is excluded from the input variables. In detail, on the
testing dataset, model A presents a Mean Squared Error of 0.0179, model B of 0.394 and

model C of 0.0279.

From the preliminary analysis, it can, therefore, be chosen the preferred model structure
depending on the different priorities: model prediction accuracy, complexity, and resiliency.
In this study, the model A, which utilizes all sensors available as input variables, is considered
as the preferred choice because of the improved prediction accuracy compared to the other

cases.
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Figure 4.10: Comparison of the different models’ prediction of ammonium in the effluent (in
red) with the ammonium sensor signal (in blue).

4.4.3 Fault detection

Once the preferred model structure is decided, the neural network can now be utilized for
fault detection purposes. In this study, we consider three possible fault occurrences: i)
process anomaly; ii) sensor fault due to wrong calibration procedure; and iii) sensor drift
due to fouling development and lack of maintenance. The datasets utilized for the fault
detection analysis were directly collected in more than one-year field experience with all
the sensors installed. The sensors were thoroughly analyzed in time and different faults
and anomalies were individuated, especially associated to the different installations of the
ammonium sensors (Cecconi et al., 2019; Cecconi et al., 2020). The use of real and common
sensors’ faults allows to investigate more representative situations, while many fault detection
studies often rely on simulations of the actual fault or large sensors’ failures, which can be
easily detected with simple data quality control. The fault detection method proposed is
based on evaluating via control charts the residual between the model output and the target
sensor signal. Two different types of control charts are considered in this study, depending
on the type of fault analyzed. Sudden faults like large biases and the effect of a calibration
procedure are studied with PCA control charts, since the squared prediction error, Q, will

emphasize the amplitude of the sudden increase of the residual. Instead, slow developing
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faults like drifts and precision degradation events are better analyzed with Shewart charts,
since the residual increase is low, hardly detectable with a normal PCA control chart, but
steadily growing in time. Therefore, for drifts events it is important to monitor the sign
and the trend of the residual and not only the magnitude. Six different neural network
models were built to predict one sensor signal at a time (NH; high range, Effluent NH}
pH, ORP, TSS, and DO) by using the rest of the variables as inputs accordingly (Fuente et
al 2012, Cheng et al 2005). The obtained maximum training error then is used to normalize
each model residual, so that the range of the residuals are comparable among the different
output variables considered. PCA is applied on the residuals obtained by the 6 models. The
square predicting error (Q or SPE) is used to analyze the PCA model. When this exceeds a
specific threshold, an alarm is generated. For the Shewart chart monitoring, only one neural
network model is built to predict the efHuent ammonium using all the other sensors’ variables
as input. The residual between the model output and the efluent ammonium sensor dataset
is then averaged on a six hours basis and is plotted in the monitoring chart to analyze the

trend.

(i)  Process anomaly
Figure 4.11.a shows the comparison between the effluent ammonium prediction and the
sensor signal in absence of fault with corresponding Q Statistics chart (Fig. 4.11.b). No
significant alarms are identified (values exceeding the dotted line) for more than a couple
of consecutive hours in 3 weeks of data analyzed. Considering the high frequency of the
data analyzed, it is decided to ignore residuals that fall outside the limit for less than 3
consecutive hours, in order to avoid false alarms of sensors’ faults. The model output (in
red) always presents a lower baseline during night-time, compared to the sensor output (in
black). Due to the interference of the cations present in wastewater and of the complexity
of the water matrix composition, the sensor has a lower accuracy in the lower range of
ammonia measurement and it typically overestimates the ammonium content of 0.2-0.3 mg

171, Therefore, the model prediction during the minimum loads is more accurate than the
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actual sensor. It can be noticed than on the sixth day it occurred a considerable peak, almost
double than the typical efluent peak that the plant experiences. Because no significant fault
alarms can be recognized, it can be inferred that the treatment process incurred into an
anomaly and/or presented a higher influent load than usual. On the contrary, during the
16" and 17" day, the daily peak is consistently lower than usual but because no sensor
fault is individuated from the control chart it can be inferred it was the actual treatment
process experiencing a lower load than usual. Figure 4.11.c shows the contribution plot of
the different variables in the ) statistics plot. The six sensors contribute similarly to the
statistics, around 15% on average during the 3 weeks considered. Since there is no dominant
contribution of one sensor over the others to the squared prediction error, Q, it can be further
confirmed that there is no presence of sensors’ faults in the dataset analyzed and the plot

can be used as a reference when investigating new datasets for sensor faults.

(1))  Sensor calibration fault
Afterwards, the low ammonium sensor dataset was modified after the sixth day by applying
the effect of a wrong calibration procedure. By analyzing historical datasets of the same sen-
sor, it was possible to quantify the effect of a calibration performed with a wrong procedure,
which can be mainly quantified as a modification of the daily standard deviation. In detail, a
calibration event causes a jump in the measurements because it adjusts the offset parameter
and the calibration slope. The offset parameter is responsible not only to move the daily
average of the measurements, but it also influences the magnitude of the daily dynamics.
The fault detection process was performed by using the new faulty dataset as comparison
of the neural network prediction of the effluent ammonium. Figure 4.12 shows the com-
parison between the new faulty sensor dataset and the network prediction (Fig. 4.12.a) and
the corresponding Q statistics chart (Fig 4.12.b), reported in logarithmic scale to improve
the visibility of the residual spikes. Fig 4.12.c reports the contribution plot of the different

variables to the monitoring chart, as average of the days after the calibration (day 6).
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Figure 4.11: (a) Comparison between the original ammonium dataset from the sensor (blue)
and the model predictions (red), applied on a new testing dataset. The dash-dot line shows
the position of the maximum daily peak, around 1.4 ppm, on average of the period of data
considered. (b) Q statistic chart in absence of any significant fault of all the six sensors
analyzed. The dashed line shows the Q limit, which represents the threshold above which
the alarm is generated. (c) Contribution plot of the variables in the monitoring chart, as
average of the 3 weeks considered.

92



H
1
451 — sensor signal [mg/I]
4.0 — Model output [mg/l]
35+
Calibration fault
= 30+ "
=)
E 25} 1
T
1.5+ 1
1.0 ¢ 1
0.5 L
O L L L L L
3 6 9 12 15
Time [days]
(a)
50
— 40
=
_5 30
=
2 20
=
c
o
O 10

Figure 4.12: (a) Comparison between the ammonium sensor dataset affected by wrong cali-
bration (black) and the model predictions (red). (b) Q statistic chart reported in logarithmic
scale on the y axis, with normalized residuals which were also squared to amplify the larger
differences. The dashed line shows the Q limit, which represents the threshold above which
the alarm is generated. (c) Contribution plot of the variables in the monitoring chart, as

0

Q Statistic (log scale)

104
Calibration fault
108 | —
|
102 f
|
Q limit
(0 ittt o B B el
i
R

3 6 9 12 15
Time [days]

(b)

Contribution plot: Calibration of NH,* low range

NH4+ low NH4+ high

average after the calibration day.

ORP

()

93

pH

DO TSS




It can be noticed that as soon as the calibration procedure is performed, large daily spikes
over the limit can be individuated in the monitoring chart (Fig. 4.12.b). Therefore, the fault
can be easily detected within the first day from the wrong maintenance event. An alarm is
generated, and it is suggested to perform the according calibration procedures to correct the
sensor accuracy by utilizing multiple grab-samples to adjust the calibration slope and offset.
The contribution plot (Fig. 4.12.c) shows a large contribution, around 50% on average, of
the ammonium low range sensor dataset in the monitoring chart compared to the other five
variables which all show a small contribution, around 10% each. The contribution plot helps
not only to detect an error, by comparing each new contribution plot to the baseline, but

especially to detect which sensor is the one affected by the fault.
(iii)  Sensor fouling

The low ammonium sensor dataset was modified after the sixth day by applying the effect
of fouling on the sensor performance. As described in Cecconi et al 2020, the effect of
fouling on the ammonium sensor performance can be quantified as a linear negative drift,
around -0.11 mg NHJ 17t d~=!. The fault detection process was performed by comparing the
faulty sensor dataset, affected by fouling and the neural network prediction of the effluent
ammonium. Figure 4.13.a shows the comparison between the sensor dataset affected by
fouling (in black) and the model prediction (in red), and the corresponding monitoring chart
in terms of squared prediction error, Q, is reported in Figure 4.13.b. Figure 4.13.c shows the
Shewhart monitoring chart, expressed as residual between efluent ammonium sensor and
NN model output, plotted on a 6h basis average. Fig 4.13.d reports the contribution plot of
the different variables to the monitoring chart during the fouling drift, as average after the

sixth day.

It can be noticed that the Q statistics (Fig. 4.13.b) shows an increase in daily peaks after
the sixth day. However, compared to the previous fault case of wrong calibration, the peaks

are not as consistent, protracted in time and large. Indeed, a fouling drift is characterized
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Figure 4.13: (a) Comparison between the ammonium sensor dataset affected by fouling
drift (black) and the model predictions (red). (b) Q statistic chart reported in logarithmic
scale on the y axis, with normalized residuals which were also squared to amplify the larger
differences. (c¢) Shewhart control charts in the presence of a fouling drift. The residual
between efluent ammonium sensor and model output is reported as average on a six hours
basis. The black dashed lines report the warning limits and the red lines shows the control
limits. The yellow columns highlight when an alarm is detected. (d) Contribution plot of
the variables in the monitoring chart as average after the sixth day.
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by a slow and consistent increase in the residual in time but not in big differences from the
start. Also, with the square prediction error, Q, it is not possible to individuate the sign
of the error, whether it is an overestimation or underestimation, and if the error shows a
consistent trend in time. Therefore, another way to investigate drift faults was considered by
deploying Shewhart control charts on the residuals, averaged on a six-hour basis (Fig. 4.13.c).
This averaging time window was found to be the best one to remove outliers and small
dynamicity which would not affect a drift, but at the same time frequent enough to get
a consistent number of residuals’ samples to early detect a drift. Because the drift is a
consistent small error that intensifies in time, working with longer averages (6h) improves the
response time of the alarm system. Already after one day from the drift beginning, multiple
alarms can be individuated (yellow columns, Fig. 4.13.d), while instead no alarm conditions
were detected in the first 6 days, in absence of any fouling effect. Also, this methodology
simplifies the identification of the type of fault, since the samples falling outside of the limits
are consistently in the upper limits and increase in time, denoting a rising underestimation of
the sensor measurements, typical of fouling. The contribution plot, Figure 4.13.d, confirms
that the error is generated by the ammonium sensor low range, since the influence on the Q

error increases from 15% (baseline) to 28%.
(iv)  Fault of the input dataset

The proposed fault detection system is based on the quality of the input data of the neural
network model, and therefore it can be inferred that if a fault occurs in one of the sensor used
as input variable, it will also influence the prediction accuracy and the fault detection efficacy.
The following example considers the case study in which the high ammonium sensor, used as
input of the network, presents a calibration fault, calculated analogously to the previous case.
Because the high ammonium sensor has the highest sensitivity on the model performance,
the fault applied will have the largest effect on the model performance, compared to the

case in which the fault was to be applied to any of the other input variables. Figure 4.14.a

96



shows the effect of the wrong calibration procedure on the high range ammonium sensor and
Figure 4.14.b shows the effect of this fault on the prediction accuracy of the ammonium low
range. As expected, the inaccuracy of the ammonium high range as input variable has a
large effect on the prediction of the ammonium low range, with daily peaks doubled than

the typical range.

The Q statistics plot (Figure 4.14.c) shows several alarms starting from the sixth day, with
large peaks over the limit on a daily basis. The contribution plot, Fig. 4.14.d, shows which
variables contributed the most to the fault. It can be noticed that both ammonium high
range and low range contributed equally to the statistic increase, around 36% and 34%
respectively, and therefore are the main responsible. This system allows to have an internal
check control, so that not only it is possible to detect the fault of the sensor of interest, but
also to take under control all the other sensors involved in the model. Finally, even if the
prediction accuracy of the model is affected, it is possible to promptly individuate the fault
in the system and take action on the model structure of the neural network. Once the fault
is detected on the high range ammonium sensor, it is discarded by the input variables set
and another NN model is built without it: [ORP, pH, TSS and DO] = input; [NH; effluent]
= output. Figure 4.15 shows the performance of the substitute NN model, comparing the
ammonium sensor in the effluent (black) and the new model output (red). As expected,
the accuracy of the new model is lower (MSE = 0.14), but the model output still follows
well the daily peak range. Once the high range ammonium sensor is fixed by an operator,
it can be reintegrated in the network to the original model structure. Finally, Table 4.2
summary reports a summary of the contribution of the different variables considered in all

the scenarios analyzed.
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Figure 4.14: (a) Comparison between original high ammonium sensor dataset (in black)
and the same dataset affected by a wrong calibration (in blue). (b) Comparison between
the effluent ammonium sensor (black) and the model prediction in case of a fault on the
ammonium input dataset (red). (c) Q statistic chart reported in logarithmic scale on the
y-axis, with normalized residuals which were also squared to amplify the larger differences.
(d) Contribution plot of the variables in the monitoring chart, as average after the calibration
event (day 6).
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Table 4.2: Summary of the variables’ contribution on the fault detection mechanisms in the

different scenarios considered.

11

12 13

14

Time [days]

Variables Baseline  Calibration on  Calibration on  Fouling drift on
(no fault) NHJ low range NHJ high range NHJ low range

NH; Low range 16.0% 50.0% 34.6% 28.3%

NH; High range | 13.4.0% 8.0% 36.3% 11.5%

ORP 17.6% 10.5% 7.3% 15.0%

pH 19.0% 11.4% 7.9% 16.3%

DO 17.0% 10.1% 7.0% 14.5%

TSS 17.0% 10.0% 6.9% 14.4%
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4.5 Conclusions

Soft-sensors accuracy and robustness depends on the correct choice of the input variables and
of the quality of the data. It is fundamental to perform preliminary analysis to determine
the model structure, especially in terms of the input variables, investigating their sensitivity
to the model output accuracy. The variables that contribute the most to the accuracy of the
prediction of ammonium in the effluent are ammonium in the high range installation, pH and
ORP, in decreasing order. The final structure of the neural network model was composed of
a total of five input variables, NH} high range, pH, ORP, DO and TSS, and shows a good
prediction ability, with a mean squared error, MSE, of 0.01 on the training dataset and 0.02
MSE on a testing dataset. Two monitoring methods, Q statistics chart and Shewart chart,
were implemented to analyze the residual between model prediction and sensor signal, to
detect faults and anomalies of both sensors and the treatment process. They both perform
well in absence of sensor faults, not showing any false alarm which is fundamental for the
credibility and reliability of the method. The monitoring charts were also used to monitor
the actual process and individuate process anomalies, especially larger influent loads. When
a wrong calibration procedure is performed on the ammonium effluent sensor, a common
operator mistake, the residual between model prediction and the faulty sensor’s dataset
increases, an alarm is promptly detected in the monitoring chart, and the specific faulty
sensor is identified through the contribution plot of the Q statistics. Fouling drifts are better
monitored using Shewart charts, displaying multiple alarms already after one day from the
beginning of the fouling effect on the sensor’s measurement. To summarize, Q statistic charts
allow to identify faults and anomalies of all the sensors involved in the network, both input
and output variables, thanks to the specific structure of the model, where a neural network
is built to predict every variable and the corresponding residuals equally contribute to the
chart error. Therefore, it is easier to individuate which sensors are erroneous by looking at

the contribution of the different residuals in the Q statistics. Conversely, Shewart charts are
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easier to implement because they require only one predictive model and are preferable when
analyzing slow and long-term trends, thanks to the preservation of the error sign. However,
the monitoring method is not as robust because it cannot indicate which sensor variables

are affected by the fault, but it can only generate an alarm.
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Chapter 5

Conclusions and Future Directions

Real-time measurements of water quality variables are fundamental for modern water treat-
ment and reuse applications. With the progress of more advanced and complex technologies
has increased the necessity to closely monitor the water composition before, during and after
the different processes. To improve at once the quality of water bodies and minimize the
treatment energy and chemicals consumption, different control strategies have been devel-
oped, which rely directly on the signals of multiple online instrumentation. However, the
implementation of new strategies in large scale can be hindered by the lack of reliability
of the sensors required, with many water professionals not feeling sufficiently confident to
entirely depend on them (Harremoés et al., 1993). Measurements inaccuracy and erroneous
behavior are typical for any type of on-line sensor used in the WRRFs due to severe envi-
ronmental conditions, anomalies in the electrical system, inadequate maintenance or other
external factors. The wastewater matrix composition is often the major detrimental factor
for the correct performance of instrumentation and depending on the technology behind the
sensor and/or the type of water quality measured, different type of faults can occur: inter-
ference of other ionic species in the direct measurement of the sensor, typical issue of Ion

Selective Technology; air bubbles and solids disturbance of light scattering for optical and
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fluorescence-based sensors; grease and biofouling coating of the sensing surface, creating a
fictitious environment, not representative of the bulk matrix. While the general issues con-
cerning field application of online sensors are commonly known in practice by operators and
wastewater technicians, scientific research has been rarely involved in the thorough investi-
gation of the interaction between the complex wastewater matrix and sensors’ technology.
In this dissertation, an effort is made to present a framework by which online sensors, with
specific detail on ammonium Ion Selective Electrode sensors, can be reliably used for both
monitoring and control purposes in treatment processes of water resource recovery facilities,
WRRFs. The main focus of this dissertation is to analyze the interactions between wastew-
ater and sensor’s technology, in order to: (1) identify factors that can influence and interfere
with the sensors performance in field applications and the operating conditions ranges that
are the most critical to the technology; subsequently (2) develop a model structure based
on machine learning to improve the reliability of the sensor in the specific conditions and

settings that are most critical.

In general, the methodologies and approaches utilized in this dissertation resulted in sig-
nificant increase in reliability and accuracy of ammonium sensors. Coupling the prediction
model with the appropriate fault detection monitoring chart allowed to promptly detect
diverse faults that commonly occur with ammonium sensors operations. The methodology
developed can find significant use in diverse applications. The neural network model pre-
dictions can be used in parallel with the hardware sensors as a diagnosis tool to recognize
faster when a sensor faults occurs, and to distinguish between fault in the sensor’s reading
from a fault in the actual process operations. Also, the predictions of the model can then
guarantee dataset continuity during outages of the sensor apparatus. This will be especially
significant for less reliable water quality sensorial technologies such as for ion-selective am-
monium sensors applied in advanced aeration control systems. Therefore, control systems
can rely as a backup on the predictive ability of the soft-sensing network, thus improving

the overall treatment efficiency, and ultimately minimizing the undesirable upsets in the
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treatment performance. Finally, the model can be used to determine on real-time when any
sensor requires maintenance, monetizing the difference in adopting an adaptive against a
fixed maintenance schedule. Figure 5.1 shows a schematic representation of the different
applications of the neural network model for process monitoring and control. Finally, the
soft-sensor is not meant to be used as a replacement of any hardware sensor since it requires

to be recalibrated often, but is a tool to improve the reliability of hardware sensors.

Fault detection of the
process or of any
sensor [DO, ORP, pH,

NH,*, TSS]
Bridging advanced Fault detef:tion of
aeration controls less reliable
when sensor is technology
unavailable (ISE-NH,*)
) Monetization of
_RelmE adaptive maintenance
maintenance alert for -
AT fixed schedule

Figure 5.1: Scheme of the possible applications of the neural network model.

There are multiple directions for future investigation in order to directly test the framework

proposed:

e The fault detection mechanism could be implemented real-time in an ammonium-based
aeration control system, ABAC, in order to quantify the acquired improvement of the

control system thanks to the increased accuracy of the sensors involved. In detail, the
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application of the monitoring charts to detect an anomaly could be analyzed using a
simulation environment. Figure 5.2.a shows the scheme of a PID control loop typi-
cally used for ABAC control systems, while Figure 5.2.b shows the integration of the
fault detection mechanism in the PID control loop. First, the biological process of
the treatment plant considered should be calibrated and validated, utilizing real, high-
frequency data from the plant. Then, the ABAC control loop would be implemented
in the simulation platform, studying the process performance. Using the diverse sen-
sors’ faults presented in this dissertation, a comparison could be analyzed between the
consequences of an ammonium sensor’s fault on the conventional control system and

on the control with the fault detection integration.

The soft-sensor could be implemented not only passively, to detect sensors’ faults but
also actively to determine the correct maintenance schedule of a sensor, by monitor-
ing the residual between model prediction and sensor’s signal. Future studies should
analyze the possible advantages, both economically and in terms of process stability,
on employing adaptive/active maintenance schedules, compared to the fixed schedules

typically applied.

Eventually, the soft-sensor model could be directly implemented in large scale plants

and integrated to the existing control systems.
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Appendix A

Oxygen transfer investigations in an

aerobic granular sludge reactor

A version of this appendix is published in Environmental Science: Water Research Tech-

nology, 2020,6, 679-690.

A.1 Abstract

The aerobic granular sludge process is an alternative to the conventional activated sludge pro-
cess adopted in water resource recovery facilities. This study presents the first independent
assessment of aerobic granular sludge technology in terms of oxygen transfer efficiency and
nutrient removal performance. Using off-gas testing, a full-depth pilot reactor with granular
biomass was compared to an identical reactor with floccular biomass. The granular process
presented lower oxygen transfer efficiency than the floccular sludge (2.3 %/m vs. 3.2 %/m,
respectively). The granular sludge was also tested at different operating conditions in order

to address potential retrofitting for existing aeration basins. With regard to oxygen trans-

127



fer efficiency, the experiments show a marginal improvement at lower MLSS (~ 0.2%/m)
and at medium side-water-depth (~ 0.3%/m). Satisfactory effluent water quality levels, in
terms of nitrogen and phosphorous removal, were obtained for the granular sludge except for
decreased MLSS conditions during which the nitrification/denitrification process was highly

penalized.

A.2 Introduction

Activated sludge (AS) treatment is the most common technology adopted in water resource
recovery facilities (WRRF's) for biological nutrient removal (Metcal and Eddy, 2014; Barnard
and Stensel, 2014). After increased urbanization and industrialization taxed sanitation ef-
forts, AS significantly improved worldwide water sanitation partially due its robustness and
reliability (Sheik et al, 2014). However, despite its widespread implementation, AS treat-
ment presents various drawbacks, such as high energy-intensity and pumping requirements
especially for the removal of nutrients (i.e., P and N), large physical footprint, high sludge
production, and the associated settling problems (Bozkurt et al, 2016; Giesen et al, 2013;
deBruin et al, 2004; ). In recent years, aerobic granular sludge technology has been widely
studied as a promising alternative that might overcome some of the limitations associated
with conventional biological treatment (Liu and Tay, 2004; Weissbrodt et al, 2014; Majone et
al, 1999; McSwain et al, 2004; Tay et al, 2001). Thanks to its dense microbial structure, aero-
bic granular sludge aggregates can be formed in sequencing batch reactors (SBRs) with short
fill periods and various substrates (McSwain et al, 2004; Morgenroth et al, 1997; McSwain
et al, 2005). As opposed to flocs, granules are denser thus resulting in lower sludge volumes,
and they have significantly higher settling velocities such that secondary clarifiers are not
required, thus reducing the technology’s footprint and capital investment (Tay et al, 2001;

Beunn et al, 1999; Beun et al, 2000; Etterer et al, 2001). The absence of secondary clarifiers
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prevents the occurrence of common problems and instabilities such as bulking and the rising
of the biomass (Martins et al, 2004). In addition, the combination of the absence of secondary
clarifiers, with its operation as a sequential batch reactor (SBR), enables the operation of
the AGS process at high biomass concentrations which increases its resilience to high organic
and toxic shocks (deBruin et al, 2004; Adav et al, 2008; Beun et al, 2002). Furthermore,
the AGS technology is characterized by simultaneous nitrification/denitrification which re-
moves the need for the recirculation pumping system of conventional nitrogen treatment and
the associated costs. Despite the various advantages of AGS technology in comparison to
the AS, the technology adoption at full-scale remains hindered by questions regarding its
complexity, its time-consuming start-up periods, and the instability caused by filamentous
growth (Pijuan et al, 2011; Liu et al, 2006). The AGS is composed of millions of biomass
cells, which are aggregated in dense, spherical structures. Because of the large variety of
microorganisms and type of environments present in granules, the aerobic granular sludge
technology is characterized by its capacity to simultaneously remove COD, nitrogen (through
nitrification and denitrification), and phosphate in one reactor (Fig. A.1). Stressing oper-
ational conditions (shear, high biomass selectivity, etc.) trigger the bacterial production
of specific types of extracellular polymeric substances (EPS), which in turn facilitates the
formation of dense and robust granules. While EPS encapsulation provides advantages that
enhance the settling properties of the system, this more compact configuration may not be
so advantageous in terms of oxygen transfer efficiency, because gas diffusion through the
compacted granule could be hindered and the bioadsorption of oxygen transfer inhibitors

could be lower compared to activated sludge systems (Rosso and Stenstrom, 2006).

Also, granular encapsulation enables the system to operate at high biomass concentrations,
which has been identified as a factor affecting oxygen transfer in floccular systems (Cornel
and Krause, 2006; Cornel et al, 2003). A significant decrease in aeration efficiency for systems
operating on real wastewater at MLSS concentrations higher than 6 ¢ L™ (like membrane

bioreactor or aerobic digesters) was observed by Baquero et al. (2018).The evident structural
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Figure A.1: Conceptual illustration of the structure of an aerobic granule.

differences between floccular and granular biomass prevent the extrapolation of the observed
decrease in AGS systems, therefore leaving the correlation between oxygen transfer and
solids concentration in AGS to be elucidated. The standard oxygen transfer efficiency in
process conditions («SOTE) for granular systems has yet to be evaluated independently.
Oxygen transfer efficiency during biological oxidation is crucial for both granular and AS
processes, as it is necessary for process design and ultimately governs operating costs (Metcal
and Eddy, 2014; Rosso et al, 2005; Rosso and Shaw, 2015; WEF, 2009). Therefore, gaining
insight into oxygen transfer efficiency is necessary for a thorough technical assessment of AGS
processes. The goal of this study is to present for the first time the evaluation of the oxygen

transfer efficiency of aerobic granular sludge technology. To provide a better understanding
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of the fundamental mechanisms affecting aeration efficiency for both floccular and granular
systems, two parallel full depth pilot-scale reactors were tested with the two types of biomass
at different operating conditions and with different cleaning regimes. The performance of
each configuration, in terms of COD and nutrient removal, was documented. Our findings

are expected to help the full-scale design of AGS processes.

A.3 Materials and Methods

A.3.1 Pilot description

Two pilot reactors provided by Aqua-Aerobics were set up at the Fairfield-Suisun Sewer
District (FSSD) in Fairfield, California (Fig. A.2a). Each column was 600mm in diameter and
approximately 6.5m tall. The side water depth (SWD) was varied from approximately 5m to
6m, depending on the testing run. The reactors were independently operated as automated
sequencing batch reactors and were equipped with heating jackets for temperature control.
The reactors were filled with influent from the bottom, while the effluent was discharged from
the top. A blower fed the 9in EPDM membrane disc diffusers (Environmental Dynamics
International; Columbia, MO); there was one in each column, placed approximately 300mm
(1ft) from the floor. A side-stream of primary effluent from the main treatment plant was
collected in a buffer tank which was continuously mixed and maintained in constant volume
in order to feed a controlled volume to the pilots. The influent quality data are reported in
Table A.1, and it was based on the laboratory analysis of 24-hour composite samples and

collected three times a week.

Online analyzers were placed in the pilot influent tank, in the reactors, and in the effluent
boxes, as reported in Fig. A.2b. Ammonia (HACH Amtax) and phosphate (HACH Phos-
phax) analyzers were reagent-based and required sample filtration (HACH Filtrax), while

pH (HACH pHD), NOx (HACH Nitratax eco), TSS (HACH Solitax), ORP (HACH pHD-S),
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Figure A.2: Photograph of the two pilot-scale reactors (a). Process flow diagram with real-
time monitoring analyzer locations (b).

and turbidity (HACH Solitax t-line) were in situ sensors placed directly in the monitoring

locations.

Composite and grab samples were collected for laboratory analysis of COD (total and sol-
uble), total nitrogen, total Kjeldahl nitrogen, nitrate, nitrite, ammonia, dissolved reactive

phosphorus, total phosphorus, and alkalinity (HACH TNT test kits).

Table A.1: Water quality characteristics of the influent during the days of testing.

Time | CBOD; tCOD sCOD TN NOx TKN NH; TP Alkalinity
mg1™'] [mgl™] [mgl™'] [mgNI1"'] [mgNI"'] [mgNI"'] [mgNI"'] [mgPI"] [mgoaco, 1]
Day 1 135 357 148 455 0.37 45.1 34.2 6.08 424
Day 2 - 337 155 39.4 0.42 39.0 29.8 5.44 462
Day 3 128 386 175 43.0 0.20 428 32.8 5.90 450
Average | 132 360 159 42.6 0.33 42.3 32.3 5.81 445

A.3.2 Experiment Setup
Initially, both reactors started up with granular sludge seed, operated at the typical default

conditions of AGS systems as instructed by the technology provider, at a SWD of approxi-

mately 6 m (19 ft). Once both reactors were acclimated after about one month, one of the
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two reactors (R2) was modified, during the testing period, to lower the SWD to approxi-
mately 4.6 m (15 ft) based on typical SWD for activated sludge reactors in the United States.
The first reactor (R1) was maintained as a reference, maintaining the design flow rate and
default conditions throughout the pilot testing period with aerobic granular biomass at full
side-water-depth (6 m) and high biomass concentration (10 g L~' MLSS). The second par-
allel reactor (R2) was tested with different side-water-depths and biomass concentrations.
Every operating condition was evaluated both at high (2 mg L™!) and low (1 mg L~!) DO
setpoints, therefore the results are always reported in a set of four experiments: two from the
default reactor, run at high and low DO setpoint, and two from the second reactor, run at
both DO setpoints. After the experiments on the aerobic granular sludge were terminated,
the reactor R2 was emptied and the conventional activated sludge from the treatment plant
was tested to evaluate the oxygen transfer efficiency of the AS system for direct comparison
with the AGS results. The AS system was operated at 5.5 m (18 ft) SWD, at high (3 g L)
and low (1.7 g L™!) MLSS, and at both high (2 mg L™') and low (1 mg L™!) DO setpoint.
The comparison between AGS and AS in terms of oxygen transfer efficiency was conducted
at different ranges of biomass content because the scope of the study was to compare the
two technologies within their typical range of application in order to provide reference data
for full-scale design of an AGS process. Therefore, the granular system was tested at higher
biomass concentration (around 10 g L~' MLSS), the floccular system was tested at a lower
biomass content (around 3 g L), and both were in line with the default conditions of the
two technologies. Table A.2 reports the summary of all the experiments and the different

operating conditions tested on both the activated sludge and the aerobic granular sludge.

The AquaNereda® process (Royal HaskoningDHV; Amersfoort, Netherlands) is a sequenc-
ing batch process and the reaction cycle was set at 4.5 hours for both reactors, per man-
ufacturer specifications. The pilot testing after acclimation period lasted approximately 6
weeks. The off-gas testing was conducted in the third week of the testing period and different

comparisons and operating conditions were tested: floccular and granular biomass; different
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Table A.2: Summary of the different experiments and operating conditions tested for the
floccular and granular biomass.

Experiment | Reactor Biomass type MLSS SWD DO setpoint
1 1 AGS High  Full High
2 1 AGS High Full Low
3 2 AGS High Mid High
4 2 AGS High Mid Low
5 2 AGS Low Mid High
6 2 AGS Low Mid Low
7 p AS High  Full High
8 2 AS High Full Low
9 2 AS Low Full High
10 2 AS Low Full Low
MLSS: Depth: DO stp:
High AGS 10.0 g L7* Full AGS 6.0 m (19 ft) High 2.0 mg L!
Low AGS 6.0gL™! Low AGS 4.6 m (16 ft) Low 1.0 mg L!

High AS 3.0gL™! Full AS 5.5 m (18 ft)
Low AS 1.7gL™!

DO set points; different biomass concentration; and different SWD.

A.3.3 Off-gas analysis

Oxygen transfer in process conditions was measured using the off-gas method following the
ASCE testing protocol (ASCE, 1997) with an instrument as in Leu et al (2009). Off-gas
analysis relies on a mass balance on the water column where the air flow is transiting,
measuring both the oxygen partial pressure (pO2, Pa or atm) and the air flux (Redmon et
al., 1983; Schuchardt et al., 2007). These two parameters, together with DO, salinity, total

atmospheric pressure P, and temperature T, are used for the calculation of the standard
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oxygen transfer efficiency at field conditions («SOTE, %) and of the standard oxygen transfer
rate at field conditions (aSOTR, kgps h™') and of their respective airflow-weighted averages.

The equations to calculate OTE, OTR, aSOTE and aSOTR are reported below:

OTE = == 0_2,m (A1)

OTR = kpa(C%, — DO) «V (A.2)
OTE « C*_,,

aSOTE = osee— D5 (A.3)

0SOTR = — 2L * Coom (A.4)

(QBCx, — DO)GT—20

where: Oy, and Oy 4, = mole ratios (-)

kra = liquid-side volumetric oxygen transfer coefficient (t71)

C*_= oxygen saturation concentration at temperature T (mg L™1)
DO = dissolved oxygen concentration in the mixed liquor (mg L)
V = water volume (m?)

C, 0= OXygen saturation concentration at 20 °C (mg L")

(2 = barometric pressure correction factor (-)

135



[ = salinity correction factor (-)
6 = temperature correction factor (= 1.024 for the ASCE Standard, 1984)

T = temperature, (°C)
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Figure A.3: Drawing of the conical off-gas collection apparatus floating in the reactor and
of the process sensors installation.

The dissolved oxygen in both the reactors was measured continuously (YSI models 58 and
52; Yellow Springs Instruments, Yellow Springs, OH). During the tests, a gas sample exiting
the reactor surface was captured (Figure A.3) and the oxygen content and off-gas flow were

measured in order to calculate the oxygen transfer efficiency. Also, carbon dioxide and water
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vapor content were removed with pellets of NaOH (CAS No. 1310-73-2) and CaSO4 (CAS
No. 7778-18-9), respectively.

A.4 Results and Discussion

A.4.1 Floccular vs granular sludge

Oxygen mass transfer efficiency at different operating conditions in terms of DO setpoint,
biomass concentration, and side-water-depth was assessed for the two types of biomass.
Figure A.4 shows the comparison results between floccular and granular biomass, with both
run at high (nominal 2 mg L™!) and low (nominal 1 mg L~!) DO set points. While the
activated sludge reactor was operated at 3 g L™! MLSS and 5.5 m (18 ft) SWD, the granular
reactor was operated at 10 g L~ MLSS and 5.8 m (19 ft) SWD. Figure A.4 (bottom) shows
the main aeration performance indicators, in terms of «SOTE/Z (in red), DO measured (in
orange), and airflow rate (in yellow) expressed as an average of the aeration cycle. Figure
4b reports nutrient removal performance in terms of effluent levels of ammonia (in orange),
NOx (in blue), and orthophosphate (in green). The dashed lines show the design treatment

goals for ammonia (in orange, 2 mg L~!) and for phosphate (in green, 0.5 mg L™1).

AS (floccular biomass) resulted in higher oxygen transfer efficiency in comparison to AGS
(granular biomass). The results were consistent for both of the studied DO setpoints (3.2
%/m compared to 2.3%/m, on average as SOTE/z). It was observed that, operating under
identical setpoints, granular biomass tests were consistently associated with higher airflow
rate (1.22 compared to 1.02 SCFM, on average) and lower (and limiting) dissolved oxygen
content (0.5 against 1.3 mg L™, on average) compared to the floccular biomass. While the
AS process presented no evident phosphorous removal (as expected) with a reduced nitrifi-
cation/denitrification performance at the low DO setpoint, the granular reactor consistently

presented an excellent removal of nitrogen and phosphorous with effluent levels lower than
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Figure A.4: Comparison between activated sludge (AS) and aerobic granular sludge (AGS),
both at high (2 mg1-1) and low (1 mg1-1) DO setpoint, in terms of (a) aeration performance
and (b) nutrients removal.

the design treatment goals (despite the low levels of dissolved oxygen achieved during the

aeration cycle).
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The observed differences between floccular and granular biomass in aeration performance
were further scrutinized by compiling all conducted (floccular and granular) experiments.
Figure A .4 includes all the experiments conducted, both for floccular and granular biomass,
and demonstrates the expected oxygen transfer efficiency (i.e., aSOTE/Z) improvement
along the aeration cycle. While efficiency indicators are expected to increase as the effect
of compounds (i.e., surfactants, colloids) inhibiting oxygen mass transfer diminishes during
the oxidation process (Rosso et al ,2008), the observed steeper increase in the floccular
system pinpoints significant differences between both systems. Such differences were further
analyzed in Fig. A.6 where the aeration capacity of the system was taken into consideration.
Figure A.6 shows the obtained levels of DO during the aeration cycle for those tests operated
at high DO setpoint (2 mg L™1). Similarly, floccular and granular sludge presented highly

differentiated results.
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Figure A.5: Oxygen transfer efficiency during the aeration cycle. All the experiments are
shown, distinguishing between floccular biomass (green shade) and granular biomass (orange
shade).

Figure A.5 shows how granular sludge experiments consistently exhibited lower oxygen trans-

fer efficiency (avg. 28+5%) during the aeration cycle compared to floccular biomass for all
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Figure A.6: Dissolved oxygen during the aeration cycle. All the experiments at high DO
setpoint (2 mg L™1) are shown, distinguishing between floccular biomass (blue shade) and
granular biomass (pink shade). The black dashed line highlights the DO setpoint imposed
in the tests analyzed.

of the different operational conditions tested. The observed differences in aeration efficiency
between floccular and granular sludge could be attributed to different factors. Other studies
have shown the effect of mixed liquor concentrations on aeration efficiency for AS systems,
especially loaded systems (Krause et al, 2003; Cornel and Krause, 2006; Baquero et al., 2018;
Jiang et al., 2017; Rosso et al., 2018; Amaral et al 2019). In these studies, it was shown that
when MLSS exceeds 8 g L™1, the sludge exhibits a distinct non-Newtonian nature (shear-
thinning), and its shear-thinning nature forces bubble coalescence to increase the interfacial
velocity between the bubble and the liquid, which decreases in turn the local viscosity. The
coalescence results in larger bubbles which decreases specific area, interfacial viscosity, and
hydrodynamic resistance. Therefore, according to these studies, if we translate those results
for the granular system, the MLSS (~10g L™'), which is higher than the 8g L~! threshold,
should behave as non-Newtonian fluid while the floccular system operated at 3g L~! should

maintain its Newtonian characteristics and the aeration efficiency will be highly impacted by
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the wastewater characteristics (i.e., surfactants, COD fractions). This supports the differ-
ence in shape of the curves (Fig. A.5): oxygen transfer efficiency for AGS does not improve
as much during the aeration cycle, because it is mainly affected by the viscous nature of the
mixed liquor, due to the high content of biomass. Instead, for the activated sludge, the oxy-
gen transfer improves significantly during the aeration cycle because it is more significantly
influenced by the concurrent decrease in COD fractions and surfactants due to the bacterial
activity. Therefore, it could be inferred that the large difference in OTE between granular
and floccular systems is the difference in MLSS operating range expected for the two type of
biomass. Because of the dense structure, granular systems have the advantage to be oper-
ated at high MLSS, which increases treatment capacity. However, this operational condition
could lead to drawbacks when considering the oxygen transfer efficiency of the system, and
therefore it can impact the energy balance of the process. The observed lower oxygen trans-
fer efficiency in the AGS might have resulted from the combination of other factors. As
mentioned, the AGS system presented a different trend during the aeration cycle regarding
dissolved oxygen (Fig. A.6). AGS experiments at high DO setpoint (2 mg L™') showed that
the dissolved oxygen never actually reached the setpoint during the entire cycle, regardless of
the other operating conditions. The floccular system, in contrast, presented higher levels of
dissolved oxygen, reaching the setpoint faster with an airflow rate comparable or lower than
in the granular experiments. Therefore, from the high airflow rate delivered and the low DO
measured, it can be inferred that the granular sludge experiments not only presented a lower
oxygen transfer efficiency, but were also subject to air limitation likely due to limited dif-
fuser capacity or the geometry of the pilot reactor itself. The different EPS organization and
composition between floccular and granular biomass may have also impacted the adsorption
capacity of oxygen transfer inhibitors, which can concurrently reduce the gas-liquid interfa-
cial area, Kpa (Germain et al, 2007). It has been shown that in floccular systems the changes
in EPS composition can lead to improved bio-adsorption properties, especially if the protein

versus polysaccharides content increasesincreases (Rahman et al., 2017, 2016; Winckel et al.,
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2016). This results in an improvement of the removal of those compounds actively hindering
oxygen mass transfer (i.e., surfactants, colloids, etc.) which improves the overall efficiency
indicators (Garrido-Baserba et al., 2015; Rosso and Stenstrom, 2007). However, because the
EPS composition of the AGS system is significantly adapted to facilitate the development
of dense and large granules (McSwain et al., 2004; Zheng et al., 2005, Zhu et al., 2015), it
might not be maximized for the adsorption capacity which could have contributed to the

observed lower aeration efficiency.

A.4.2 Transitioning from floccular to granular: Retrofit consider-
ations
The experiments have shown satisfactory nutrient removal performance but lower aeration
efficiency for the granular sludge compared to the floccular biomass. This would result in
an increase in costs for the aeration system per unit of volume. Because AGS systems allow
to work for smaller tank volumes, thanks to the high MLSS, the overall increase/decrease in
energy use of the air supply system is uncertain. Therefore, when retrofitting AS existing
full-scale plants to AGS systems, a thorough evaluation of the costs should be performed,
including the potential increase of costs associated with aeration. Overall, even if the floccu-
lar technology presents a higher oxygen transfer efficiency, it can be inferred that the energy
and maintenance requirements for clarifiers and recirculation pumping would offset or exceed
the increase in aeration costs for AGS technology. Despite the low levels of dissolved oxygen
reached in the granular experiments, which might be attributed to air limitations influenced
by the specific geometry of the pilots (full depth but small diameter), the nutrient removal
performance remained consistent. Future studies should focus on the aeration specifications
of the full-scale design and retrofit with AGS processes to accurately quantify the optimal
air requirements and diffuser layout for such full-scale facilities. In the following sections,
we present the results from tests performed on the granular biomass for different MLSS and

side-water-depth to address the optimal settings for oxygen transfer and to evaluate the
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potential retrofitting of existing basins.

A.4.3 AGS optimization

Two pilot reactors were operated with granular sludge, with the first reactor kept at default
conditions, at full side-water-depth (6 m), and high biomass concentration (10 g L= MLSS),
while the second reactor was tested at different biomass concentrations, side-water-depths,
and cleaning regimes. The findings from this study are a fundamental step toward evaluating
the potential retrofitting of AGS technology in existing basins and at different operating

conditions.

A.4.4 AGS: high and low biomass concentration

The effect of biomass concentrations on oxygen transfer efficiency and nutrients removal per-
formance was investigated for aerobic granular sludge. To address this, different experiments
were performed on the pilot reactors, testing the granular system at the default conditions
(10 g L=' MLSS) and at lower biomass concentration (6 g L™'). Figure A.7 shows the data
from experiments on the granular system tested at high and low biomass concentration at
5 m SWD, distinguishing between the experiments run at high (2 mg L") and low (1 mg
L~!) DO set points. The results are reported following the same format of the previous

comparison.

For the lower biomass concentration at both high and low DO setpoints, the oxygen transfer
efficiency was marginally higher (avg. 74%) (i.e., 2.6%/m compared to 2.8%/m in average
as SOTE/Z). Surprisingly, the variations in biomass concentration had little effect on the
aeration efficiency of the AGS system, in contrast to the significant effect on nutrient re-
moval performance. Indeed, according to the predictions based on floccular systems (i.e.,
AS and MBR from Baquero et al., 2018), a decrease in OTE of no less than 30% would have

been expected when increasing the MLSS concentration from 6 ¢ L™! to 10 g L™ instead
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Figure A.7: Aerobic granular sludge system tested at high (10 g L™') and low (6 g L™!)
MLSS, both at high (2 mg L") and low (1 mg L™!) DO setpoint, in terms of (a) aeration
performance and (b) nutrients removal.

of the observed 7% for AGS. Therefore, the behavior of granular biomass has yet to be
fully studied given its different morphology compared to floccular biomass, supporting the

need to further investigate the relationship between oxygen transfer and biomass content for
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granular systems. While little effect was found in terms of aeration efficiency when biomass
concentration was decreased to 6 g L™!, the nutrient removal performance was significantly
affected. The denitrification performance was penalized, as NOx levels at the end of the
reaction cycle more than doubled, and the nitrification process was highly affected at low
DO setpoint with ammonium effluent levels exceeding the treatment goals. Orthophosphate
removal in contrast was consistent and unaffected by the different DO setpoints and biomass
concentrations. The difference in DO patterns between high and low AGS biomass is re-
ported in Fig. A.8. DO at low biomass conditions was higher after the first 40 minutes of
the aeration phase. The observed difference between the two setups confirmed that at low
biomass conditions, oxygen transfer was enhanced. As previously discussed, a limitation on
the setup may have influenced the consistently lower DO than the imposed setpoint, limiting
the metabolism of biomass and the concurrent nutrients removal performance. Given the
almost negligible benefits on oxygen transfer efficiency in comparison to the significant dete-
rioration of the nitrification/denitrification process, decreasing biomass concentration from

the default conditions (10 g L) was not an ideal process configuration.

A.4.5 AGS: shallow water depth

One of the differences between the original AGS design and most facilities in North America
is the side-water-depth (SWD). Especially in North America, aeration basins are shallow,
often not deeper than 5m, while the original design depth for AGS technology is 6 m or
more. The depth of the reactor is an important parameter for granular technology. It is
thought that the amount of freeboard is important during the feeding phase from the bottom
to help the larger granules to be retained in the sludge bed; and the depth of the reactor
is fundamental during the sedimentation phase, as deeper reactors result in the improved
selection of larger and denser granules. Also, given that the saturation of gases is proportional
to depth, upwards discharge in deeper tanks would reduce gas exertion and solids flotation

if not performed carefully. The pilot reactors were tested with aerobic granular sludge at

145



2.5 -

—Low MLSS
High MLSS
2.0 -
= 1.5 -
()]
£
8 1.0 -
0.5 -
H—-”/--l
D.D T : T T T T

0 20 40 60 80 100 120
Aeration cycle (min)

Figure A.8: Dissolved oxygen during the aeration cycles for aerobic granular sludge at high
(10 g L™!; in orange) and low (6 g L™!; in blue) MLSS concentrations. Both experiments
were conducted with a DO set point of 2 mg L~!, indicated by the black dashed line.

full water depth (5.8 m or 19ft, AquaNereda’s default depth) and at medium water depth
(4.9 m or 16ft). Figure A.9 shows the data obtained from the experiments of the granular
system tested at full and medium side-water-depth, at 10 g L™! MLSS, and distinguishing
between the experiments run at high (2 mg L™!) and low (1 mg L™') DO setpoints. The

results reported are consistent with other comparisons.

An increase in oxygen transfer efficiency is expected at higher depth, due to the longer bubble
residence time (US EPA, 1989). OTE, on average, was lower for medium SWD (12.4%) in
comparison to full SWD (13.0%), which in terms of standard conditions per unit of depth,
corresponds to an average aSOTE/Z of 2.6%/m for medium depth and 2.3%/m for full
depth. The transfer efficiency per unit of depth was marginally higher (0.09x) for medium

depth, both for high and low DO setpoints, which could fall into the uncertainty range of
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Figure A.9: Aerobic granular sludge system tested at full (5.8 m) and medium (4.9 m)
SWD, both at high (2 mg L) and low (1 mg L~!) DO setpoint, in terms of (a) aeration
performance and (b) nutrients removal.

the experimental setup, but would be expected due to less bubble coalescence. Phosphorus

removal and nitrification were unaffected by the different side-water-depths and DO set
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points. Nonetheless, denitrification performance at middle side-water-depth, especially at
high DO setpoint, was impacted with a NOx effluent level which doubled compared to full
depth. However, nitrate effluent levels met the required discharge limits, and denitrification

performed better than previous experiments at low biomass content.

A.4.6 AGS: clean and fouled diffusers

Since the 1970’s, fine-pore diffusers have been the most common technology employed for
biological processes in aeration systems (Aberley et al., 1974; US EPA, 1989). Fine-pore
diffusers are associated with higher aeration efficiency (AE, kgO2 kWh1) compared to other
aeration technologies (US EPA, 1989; Rosso, 2019) , but they are subject to fouling and aging
over time (Gillot et al., 2005; USEPA, 1989; Wagner and Popel, 1998; Rosso and Shaw, 2014).
The resulting increase in the energy required for supplying the same amount of oxygen to
the biological process over time eventually reduces its original efficiency to half or less than
the initial values (Garrido-Baserba et al., 2018, 2017; Rosso and Stenstrom, 2006). Diffuser
cleaning, thus, has become a necessary procedure to curb the aeration efficiency decline and
maintain the long-term benefits of using fine-pore diffusers (Rieth et al., 1990, Rosso and
Stenstrom, 2006). Among the different methods to clean fine-pore diffusers, two are the
most used and complementary: dewatering the aeration basin is used to wash the diffusers
from the top which is effective in biofouling accumulation, and acid cleaning (low-strength

hydrochloric acid at 10 to 15% wt) is used to remove inorganic scaling.

A set of experiments were designed to evaluate granular sludge by comparing the aeration
efficiency between a reactor with a fouled diffuser and one with a cleaned diffuser. While the
diffuser of one reactor had been fouled for six months, the diffuser of the second reactor was
cleaned via tank-top hosing, although the effectiveness of the cleaning procedure could not
be verified due to the pilot geometry and limited accessibility of the column bottom. In order

to analyze the effect of diffuser fouling on oxygen transfer for AGS systems, it is fundamental
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to maintain the other key variables and operational conditions that could interfere/influence
the mass transfer. Therefore, biomass concentration, DO setpoint and side-water-depth
were kept unvaried before and after cleaning the diffuser to improve the reliability of the
comparison. In detail, the comparison was conducted at medium side-water-depth (4.9 m,
or 16 ft), at high biomass concentration (10 ¢ L~! MLSS) and at 1.5 mg L™! of DO setpoint.
Figure A.10 reports the outcome of the experiments in terms of «SOTE/Z, airflow rate, and

DO measured.
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Figure A.10: Aeration performance comparison of granular sludge with cleaned and fouled
diffuser, at mid depth (4.9 m), at 10 ¢ L= MLSS, and at 1.5 mg L~! DO setpoint. The
graph reports in red the «SOTE/Z calculation, in yellow the airflow rate and in orange the
DO measured, expressed as cycle average. The dashed line shows the DO setpoint.

Comparing the experiments between the cleaned and the fouled diffuser, no significant differ-

ences in terms of «SOTE/Z were recorded, (2.7%/m and 2.6%/m in average, respectively).
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While the two experiments showed similar dissolved oxygen concentrations, the airflow rate
for the reactor with the cleaned diffuser was significantly higher (36% in average), which
was unexpected since the other parameters, aSOTE/Z and DO, were comparable. In con-
sideration of the practical issues encountered in the field during the cleaning procedure and
the inconclusive results in terms of aeration efficiency obtained, future studies should better

address the effect of the diffuser cleaning for aerobic granular sludge systems.

As a summary of all the experiments and analysis conducted, Table A.3 reports the results

of the off-gas test and of the nutrients removal performance.

Table A.3: Summary of the results of the off-gas analysis and nutrients removal performance
at the different operational conditions tested.

Biomass | MLSS SWD DO stp. aSOTE/Z AFR DO OUR NHZr Eff NOx Eff PO, Eff
type |[gL] [m ()] [mgL ]  [%/m]  [SCFM] fmgL] [mgL'h'] gL [mgL] [mgL ]
AGS 10.0 5.8 (19) 2.0 2.4 1.46 0.61 53.6 0.04 2.10 0.10
AGS 10.0 5.8 (19) 1.0 2.2 0.97 0.51 33.1 0.03 2.50 0.12
AGS 10.0 4.9 (16) 2.0 2.7 1.47 0.47 59.8 0.05 8.10 0.13
AGS 10.0 4.9 (16) 1.0 2.5 1.31 0.34 51.0 0.03 4.46 0.14
AGS 6.0 4.9 (16) 2.0 2.9 1.03 0.39 44.5 0.14 19.99 0.27
AGS 6.0 4.9 (16) 1.0 2.8 1.43 0.68 60.9 5.26 19.99 0.17

AS 2.9 5.5 (18) 2.0 3.3 1.10 1.43 52.8 0.08 2.16 3.75
AS 2.9 5.5 (18) 1.0 3.0 0.99 0.75 46.7 0.80 13.06 4.63
AS 1.7 5.5 (18) 2.0 3.0 - 2.04 41.3 0.01 5.22 3.99
AS 1.7 5.5 (18) 1.0 2.9 0.98 1.16 40.1 0.03 10.15 4.30

A.5 Conclusions

This paper reports the first independent assessment of aerobic granular sludge technology in
terms of oxygen transfer efficiency and nutrient removal performance. Using off-gas testing,
aerobic granular sludge was compared to the activated sludge process, using two full depth
pilot-scale reactors. The granular process consistently presented lower oxygen transfer effi-

ciency than the floccular sludge, 2.3%/m and 3.2%/m, respectively. Biomass concentration
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(i.e., MLSS) was identified as the main parameter influencing the observed differences in
OTE. While the results were in agreement with high MLSS systems (e.g., MBRs and aero-
bic digesters), the specific characteristics of the AGS system (i.e., higher biomass due EPS
granular encapsulation) suggest different behavior and dynamics than expected for floccular
systems, indicating that further studies may reveal the exact relationship between MLSS
and OTE. On the other hand, air limitation in the pilot setup may have impacted the lower
OTE of the AGS when compared to floccular sludge. Nevertheless, despite the air limita-
tion issues described for the granular sludge, nutrient removal was not affected by low levels
of dissolved oxygen in the water. The exact influence of encapsulated EPS could not be
quantified, and future studies should include the bioadsorption capacity of surfactants and
their influence on the OTE of AGS. A set of experiments solely focused on granular biomass
were performed to gain insight into the most influential operational conditions that enhance
aeration efficiency in AGS systems. The experiments with medium SWD (~5 m, typical
SWD of the aeration basins in the North America) showed lower OTE (~5%) compared to
the full water depth (~6 m, the default AGS design value), as expected, and satisfactory
nutrient removal performance, except for denitrification at the high DO set point. Future
studies should address the different operating conditions at larger scale. Also, a systematic

study on diffuser fouling should be planned as part of longer-term evaluations.
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