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Abstract
Wastewater treatment is facing challenges due to the stricter legislation and increasing variety in
the quantity and quality of the influent. In addition, for economic reasons the use of resources
should be efficient. Therefore new automated monitoring tools and methods along with intelligent
use of the gathered data are required to increase knowledge on the treatment process and to receive
predictive information on the quality of the effluent that can be used to assist in optimizing the
process operation.
Predicting the effluent quality is difficult, as the complex treatment process includes several
simultaneous nonlinear mechanisms and the relevant continuous information on the floc
morphology is commonly missing, even though the flocculation process holds the key role in
efficient wastewater treatment. Automated optical monitoring is able to reveal new valuable
information on wastewater continuously, fast, objectively, and with minimal labor contribution.
The main aim of this research was to develop predictive models for the quality parameters of
treated wastewater at two full-scale wastewater treatment processes utilizing optical monitoring
results. The actual predictive information was enabled using the measurements from the beginning
of the process in model development alone. The optimal subsets of the model variables were
sought by variable selection methods. The research also shows how utilization of the process
measurements and the optical monitoring variables separately and together affect the modeling
accuracy.
The quality of the effluent in municipal and industrial wastewater treatment processes can be
predicted in varying operating conditions by utilizing optical monitoring and process
measurements. The prediction accuracy is sufficient to reveal the level of and changes in effluent
quality. Thus, process operation can be optimized, more efficiently purified wastewater can be
achieved, and environmental damage, health-related risks, and economic losses can be minimized.

Keywords: activated sludge, image analysis, modeling, variable selection, wastewater
treatment

Tomperi, Jani, Käsitellyn jäteveden laadun ennustaminen aktiivilieteprosessin
optista monitorointia hyödyntäen.
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Tiivistelmä
Jätevedenkäsittely kohtaa tulevaisuudessa haasteita tiukentuvan lainsäädännön sekä lisääntyvän
jätevesimäärän ja laatuvaihteluiden vuoksi. Lisäksi taloudellisista syistä resurssien käytön pitäisi olla mahdollisimman tehokasta. Tämän vuoksi tarvitaan uusia automaattisia monitorointivälineitä ja -menetelmiä sekä kerätyn datan älykästä käyttöä lisäämään tietoa käsittelyprosessista ja
ennustamaan käsitellyn jäteveden laatua prosessin ohjauksen optimoimiseksi.
Käsitellyn jäteveden laadun ennustaminen on vaikeaa, sillä monimutkainen käsittelyprosessi
sisältää useita yhtäaikaisia epälineaarisia mekanismeja ja olennainen jatkuva-aikainen tieto flokkien morfologiasta puuttuu, vaikka flokkausprosessi on keskeisessä asemassa jätevedenpuhdistuksen tehokkaan toiminnan kannalta. Automaattisen optisen monitoroinnin avulla saadaan uutta hyödyllistä tietoa jätevedestä jatkuva-aikaisesti, nopeasti, objektiivisesti ja vähäisellä työpanoksella.
Tämän tutkimustyön päätavoite oli kehittää ennustemalleja kahden täysikokoisen jätevesilaitoksen käsitellyn jäteveden laatuparametreille hyödyntäen automaattista optista monitorointia.
Malleissa käytettiin vain prosessin alkuosan mittauksia, jotta malleilla olisi todellinen kyky
ennakoida käsitellyn jäteveden laatu. Mallien optimaaliset tulomuuttujat etsittiin muuttujavalinta-algoritmeilla. Tutkimus näyttää myös, miten prosessimittausten ja optisen monitoroinnin
muuttujien hyödyntäminen yhdessä ja erikseen vaikuttaa mallien tarkkuuteen.
Optisen monitoroinnin hyödyntäminen yhdessä prosessimittausten kanssa mahdollistaa käsitellyn jäteveden laadun ennustamisen vaihtelevissa olosuhteissa sekä teollisessa että kunnallisessa jätevedenkäsittelylaitoksessa. Mallinnustarkkuus on riittävä laatuparametrien tason ja muutosten esittämiseen ja käytettäväksi apuna prosessin ohjauksessa. Tällöin jäteveden puhdistusprosessi tehostuu ja ympäristövahingot, terveysriskit ja taloudelliset menetykset voidaan minimoida.

Asiasanat: aktiiviliete, jätevedenkäsittely, kuva-analyysi, mallinnus, muuttujavalinta
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1

Introduction

1.1

Background

The main purpose of wastewater treatment is to remove the organic compounds,
suspended solids (SS), phosphorus (P) and nitrogen (N) nutrients, and toxicants
from the wastewater. Through efficient wastewater purification, health-related risks
and environmental damage, e.g., eutrophication and pollution of waterways, are
avoided when the treated wastewater (the effluent) is reused or discharged to the
waterways. In Finland, the limitations to the effluent discharges for wastewater
treatment plants (WWTPs) are defined by European Union directives (Council
Directive 91/271/EEC), national legislation (Water Act: license to conduct
wastewaters by Water Court 264/1961), and plant-specific environmental permits.
In the future, however, the requirements for the quality of effluent discharges will
become stricter and new requirements will be set for removing chemicals, drugs,
metals, and pathogens, for instance, more efficiently from the wastewater.
Economic efficiency in using labor, energy, and material resources is also required
despite the fact that the treatment of wastewaters will become more challenging.
The amount of wastewater is constantly increasing due to the growing population
and increasing industry. The changing climate will cause more short-term
fluctuations in the quantity and quality of the influent flow in areas where rainwater
run-off is collected in a mixed sewer system that carries both waste and storm water.
Heavy rains and rapidly melting snow causing a large quantity of water can
multiply the daily influent flow, cause fluctuations in the quality by dilution, and
notably decrease the temperature of the wastewater. Rainwater run-off may also
carry a load of metals and microplastics from hard surfaces among other small
items of debris to the sewer system and wastewater treatment process. (Castren et
al., 2016; HSY, 2017)
Industrial and municipal wastewaters are most commonly treated in complex
biological activated sludge processes (ASPs) where several physical, chemical, and
microbiological mechanisms simultaneously affect the purification result (Jin et al.,
2003). In ASPs, successful flocculation is critical for the efficient treatment of
wastewater, resulting in the good settleability of the sludge, low suspended solids
in effluent, and a high pollution and organic compound removal rate.
(Tchobanoglous et al., 2003) ASPs are, however, very sensitive to internal and
external disturbances affecting the optimal operating conditions. The disturbances
17

in operating conditions in terms of temperature, organic load, nutrients, and oxygen
content affect the bacterial balance of the biomass and the morphology of activated
sludge flocs (Liwarska-Bizukojc et al., 2015). In addition to the operating
conditions and the substrate composition, the type of aeration tank also affects the
internal structure and morphology of the flocs, on which account every activated
sludge process is unique (Liwarska-Bizukojc, 2005; Banadda et al., 2011).
A good bacterial balance in the activated sludge, the heart of the ASP, ensures
the optimal formation of flocs, which mainly consist of microorganisms
(Christensen et al., 2015). An imbalance between the two main bacteria groups in
activated sludge, i.e., floc-forming and filamentous bacteria, affects the structure
and morphology (size and shape) of the flocs, hindering solid-liquid separation and
causing foaming or bulking sludge, i.e., poor quality of treated wastewater (da
Motta et al., 2001; Christensen et al., 2015). Even though small compact flocs may
also have good settleability, ideal flocs are large, strong, compact, and easily
settleable (Jin et al., 2003). The absence of filamentous bacteria causes the
formation of small light flocs (pinpoint flocs) and an excess amount of filamentous
bacteria cause the formation of large, irregular, and poorly settling flocs
(filamentous bulking). On the other hand, the absence of floc-forming bacteria
creates small, dispersed flocs (dispersed growth) and an excessive amount of flocforming bacteria overproduces the extracellular polymeric substances that hold the
bacteria together, resulting in flocs with poor settling abilities (zoogleal or viscous
bulking). (Jenkins et al., 2003) However, more than the size of the flocs, the shape
and density of the flocs affect the settleability (Jin et al., 2003).
As an example, an increase in temperature in a municipal WWTP may cause
bulking events in the springtime (Richard, 2003) and a decrease in temperature
inactivates some floc-forming bacterial activity (Tchobanoglous et al., 2003),
although it also increases the formation of filamentous bacteria (Andreasen &
Nielsen, 2000), leading to poor settleability. On the other hand, in industrial
WWTPs, where the temperature of wastewater is normally notably higher than in
municipal WWTPs, as the temperature increases, the adaptive bacterial population
is simplified inter alia, reducing the amount of filamentous bacteria (Tripathi &
Allen, 1999). In processes where the wastewater temperature is above 35°C, a high
increase in temperature reduces the biological activity and an ASP with hightemperature wastewater commonly suffers poorer settleability and biomass
separation (Huang et al., 2012). Increasing temperature has also been related to
hindering the chemical oxygen demand (COD) reduction rate, suspended solids
removal, and settleability (Tripathi & Allen, 1999; Vogelaar et al., 2002). In an
18

industrial wastewater treatment process, dispersed growth is usually due to high
organic loading, a lack of nutrients can be growth-limiting resulting in slimy
bulking and poor sludge settling, and pinpoint flocs occur in starvation
conditions ,i.e., with a long sludge age and low organic loading (Richard, 2003). In
Finland, the seasonal fluctuations in operating conditions are significant and the
majority of problems in ASPs occur during the cold season (Mujunen et al., 1998).
The morphological parameters of activated sludge have been found to respond
rather fast to changing operating conditions (Smets et al., 2006) but in general most
of the changes in an activated sludge process are slow, and especially recovering
from the bulking state back to normal state requires time (Mujunen et al., 1998).
Noticing the slow changes occurring in an ASP is difficult without a specific
method such as, for example, a trend analysis (Tomperi et al., 2014; 2017). The
main factors affecting the floc characteristics and activated sludge properties are
summarized in Fig. 1.

Fig. 1. Physical, chemical, and biological factors affecting the floc characteristics and
activated sludge properties. (Redrawn from Jin et al., 2003)
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The efficiency of the wastewater treatment process and the quality of the treated
wastewater is traditionally assessed measuring the suspended solids, biological
oxygen demand (BOD), chemical oxygen demand, and nutrients content. The
settleability can be represented by the (diluted) sludge volume index ((D)SVI)
value. (Tchobanoglous et al., 2003) However, these measurements have many
limitations. BOD measurement for the amount of dissolved oxygen required to
biochemically oxidize the organic matter in wastewater takes five or seven days.
COD is only an indirect measurement of the organic matter concentration in
wastewater as it is unable to separate biodegradable and non-biodegradable matter.
SVI measurement is time-consuming and a good settleability value does not
necessary mean that the treated wastewater quality is good (Vogelaar et al., 2002).
On the other hand, a poor sludge settleability value can be measured regardless of
a stable effluent quality (Kim et al., 2008). Laboratory analyses are as a whole timeconsuming, costly, and laborious, and are often performed irregularly rather than
daily. Thus, with these measurements, an early warning of changes in the quality
of the effluent is impossible to receive. In addition, these measurements are poor
parameters for assessing activated sludge flocculation as they lack information on
the flocculation mechanism, provide no detailed information on the characteristics
of the wastewater, or reveal the reasons for the problems. (Liwarska-Bizukojc, 2005;
Van Dierdonck et al., 2012; Amaral et al., 2013) On this account, new automated
tools and methods, and intelligent use of gathered data are required to increase
knowledge of the ASP and receive predictive information on the quality of the
effluent.
Since developing Activated Sludge Model No. 1 (ASM1) in 1987 (Henze et al.,
1987), several modeling techniques have been utilized to develop models related
to wastewater treatment and activated sludge processes (Gernaey et al., 2004;
Banadda et al., 2011) to be used in process control, optimization, or receiving early
warning information. For example, a modified ASM1 model has been used for
modeling a full-scale WWTP (Keskitalo et al., 2010; Keskitalo & Leiviskä, 2012)
and artificial neural network (ANN) ensembles have been used to improve the
ASM1 effluent predictions in a bleached kraft pulp mill (Leiviskä & Keskitalo,
2014). ANNs have also been used in modeling sludge bulking (Lou & Zhao, 2012)
and the performance of wastewater treatment plants (BOD, COD, and total
suspended solids (TSS) in a secondary settler effluent) based on the traditional
process measurements of the plant (Belanche et al., 2000; Mjalli et al., 2007;
Heikkinen et al., 2008). However, due to the number of simultaneous processes in
wastewater treatment, understanding and modeling the entire system is really
20

difficult. It has been discovered that the models for purification efficiency and for
effluent quality in activated sludge processes lack relevant information and
therefore there is an urgent need for routinely determined parameters to indicate
the microbial composition of the sludge numerically (Teppola et al., 1997; Mujunen
et al., 1998).
Automated optical monitoring and image analysis has potential for a more
accurate and frequent determination of the flocculation process and the morphology
of flocs (Koivuranta et al., 2015). Several automated optical monitoring and image
analysis methods have been developed in recent years (Mesquita et al., 2013) to
replace the laborious, time-consuming, irregular, and subjective method of
studying the morphology of wastewater manually under a microscope by a human
operator. However, most of the developed devices and methods have been tested
only in the laboratory (Jenne et al., 2003; Amaral & Ferreira, 2005; Van Dierdonck
et al., 2012; Amaral et al., 2013) or on pilot scale (Grijspeerdt & Verstraete, 1997;
Biggs & Lant, 2000; da Motta et al., 2003). The ones related to full-scale plant
research were not capable of in-situ operation due to, for example, manual sample
preparation or installation difficulties (da Motta et al., 2001; Mesquita et al., 2009a;
Mesquita et al., 2009b; Liwarska-Bizukojc et al., 2015; Dias et al., 2016). As far as
one can tell, fully operational in-situ automated optical monitoring research carried
out in a full-scale wastewater treatment plant as presented in Koivuranta et al. (2015)
has seldom been reported.
The partial least squares (PLS) technique has been utilized in many studies to
correlate the image analysis data and the wastewater treatment parameters such as
the SVI, mixed liquor suspended solids (MLSS) (Mesquita et al., 2011), and TSS
(Amaral et al., 2002; Amaral & Ferreira, 2005; Mesquita et al., 2009a; Mesquita et
al., 2009b; Amaral et al., 2013), for example. Although good correlations were
found and reasonably accurate models have been achieved, the models were
developed for the variables measured from the aeration tank where the optical
monitoring was performed or effluent prediction was carried out in laboratory-scale
tests (Banadda et al., 2005; Smets et al., 2006; Mesquita et al., 2016).
1.2

Research problem and scope of the work

Even though developing a robust model that can truly predict the effluent quality
of a full-scale ASP with reasonable accuracy is of great practical importance, no
results on predicting effluent quality utilizing in-situ, real-time automated optical
monitoring have been widely reported. By using effluent quality models for
21

assistance in process control to improve the treatment process efficiency,
environmental damage and health-related risks could be avoided and cost savings
achieved.
Predicting effluent quality is known to be a difficult task as the complex
wastewater treatment process includes several simultaneous nonlinear mechanisms
affecting the process operation and the purification result. Modern WWTPs include
a large number of measurements but no adequate information on special features
or the microbial composition of the wastewater, or an early warning of changes in
the effluent quality is received from the traditional on-line measurements. Not to
mention that manual sampling and laboratory analyses do not give even real-time
information. In addition, industrial and municipal WWTPs also have many
differences, for instance in the plant layout, in the quantity and quality of the
influent wastewater and thus in the control principles, causing a wide variation in
floc morphology (Liwarska-Bizukojc et al., 2015).
The main aim of this research work was to develop the best possible models
for predicting the common quality parameters (BOD, COD, SS, N, and P) of treated
wastewater in two full-scale WWTPs (one industrial and one municipal) utilizing
optical monitoring results. The purpose was to develop models that have the ability
to predict the quality of the treated wastewater with accuracy that is sufficient to
show the level of and changes in the treated wastewater quality and can be used for
assistance in process operation.
One important aspect was to study how utilizing process measurements and
optical monitoring variables separately or together in model development affects
the modeling accuracy.
Although the main focus was on the model development, the dependences
between the optical monitoring variables and the process variables, especially the
quality parameters of treated wastewater, were also briefly examined in this
research.
The outline of the research, contributions, and the relation to the original
publications are presented in Fig. 2.
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Fig. 2. Outline of the research, contributions, and relation to the original publications.

1.3

Research hypothesis

Automated optical monitoring yields valuable additional information on
wastewater in both industrial and municipal full-scale WWTPs, which can be
utilized together with traditional process measurements in the development of more
accurate and practical models for effluent quality.
Even though linear models do not find nonlinear relations between input and
output variables, linear models with the ability to predict the level of and changes
in the quality of treated wastewater with an accuracy sufficient to assist in process
operation can be developed. It has been stated that with sparse data or a small
number of training data available, the simpler multiple linear regression models
(MLR) can even outperform the more complex and computationally heavier
nonlinear models (Araujo et al., 2001; Hastie et al., 2009).
1.4

Research methods

The background information on the processes, methods, and materials used in the
research are presented in the following chapter in more detail.
23

The automated optical monitoring of wastewater was performed in two full-scale
wastewater treatment plants, an industrial ASP and a municipal ASP, to
demonstrate the functionality of automated optical monitoring, variable selection,
and modeling in multifold processes.
Simple structure multiple linear regression models were developed so that the
interpretation and implementation of the models would be easy. Only the
measurements from the early part of the processes were used as input variables so
that the developed models would have actual prediction abilities.
Variable selection methods were used to find the optimal subsets of input
variables for the models, which is important because irrelevant variables would
have deteriorated the performance of the model.
1.5

Contributions

The main contribution of this research is to show that utilization of automated
optical monitoring variables together with process measurements yields models
that are capable of accurately predicting the level of and changes in effluent quality
in both industrial and municipal WWTPs. The performance of models developed
with and without utilizing the optical monitoring variables are mutually compared.
Variable selection methods are tested and compared to find the optimal subsets of
input variables.
The author of this thesis was responsible for the research plan, pre-processing
and analyzing the data, conducting the variable selection, developing the prediction
models, and writing the original publications.
1.6

Structure of the thesis

In Chapter 1, a short introduction to the research topic, the research problem, and
the scope of the research are presented. The methods and materials used in the
research are briefly presented in Chapter 2, and the summarized results from the
original publications are presented in Chapter 3. A more detailed discussion on the
results is carried out in Chapter 4 and the final conclusions of the research work are
stated in Chapter 5.
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2

Material and methods

In this chapter the theoretical background of wastewater treatment in general, the
use case research sites, the measurement equipment, and the analysis methods used
in this research work are briefly presented.
2.1

The wastewater treatment process

The quality and quantity of influent wastewater differs, depending on the
wastewater sources, the location of the plant, and season of the year for instance,
and thus there are some differences in the layouts and control principles of the
treatment processes. In general, treatment processes consist of mechanical,
chemical, and biological treatment operations. The common unit operations of a
wastewater treatment process include intake pumping, screening, grit and grease
removal, preliminary aeration, primary settling, aeration, secondary settling, and
discharge. The treatment process can also include some additional stages such as
degassing, neutralization, flow equalization, and biological denitrification filtration.
(Tchobanoglous et al., 2003; HSY, 2017) An example of a typical WWTP layout is
presented in Fig. 3.
Intake tunnels and tanks can be used to adjust the influent flow. Screening
removes large solids from the wastewater, which ensures the undisturbed operation
of the latter process stages and devices. Grit and grease removal separates rapidly
settling, coarse solids, and the greasy and oily substances that are lighter than water.
Grit removal prevents blockages and diminishes the abrasion of pipes and
mechanical devices, which also ensures the undisturbed function of latter process
stages. Removal of surface sludge is essential because grease and oil cause
disturbances in the activated sludge process and diminish the settling ability of
sludge. In preliminary aeration, wastewater is prepared for biological treatment by
increasing the oxygen content and adding precipitation chemicals. The fluctuation
of the influent quality is also stabilized at this process stage. In the preliminary
settling phase, easily settling material is separated from the wastewater and the
loading of the biological treatment is evened out, aiming at the better separation of
suspended solids. For precipitation purposes, chemicals such as ferrous sulfate or
polyaluminum chloride are added to the treatment process at the grit removal,
aeration, or sedimentation stages, depending on the process. (Tchobanoglous et al.,
2003; HSY, 2017)
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The activated sludge process consists of two stages, a biological stage in the
aeration tank, and a physical stage in the secondary settling tank (Fig. 3). In
biological treatment, growing and multiplying bacteria consume the organic matter
and nitrogen from the wastewater. Aeration is used to ensure the proper conditions
for forming activated sludge by increasing the oxygen content and mixing the
wastewater. Ammonium nitrogen is nitrified to nitrate-nitrogen and nitrogen gas by
the bacteria in anoxic conditions (nitrification-denitrification). In the anoxic area
nitrate is present but there is no molecular oxygen. The total volume of the anoxic,
or denitrified area, is varied by the process operation.
In the secondary settling tank, activated sludge is separated from the treated
wastewater by settling and returned to a separate mixing area at the head of the
aeration tank, where the returned activated sludge is mixed with new wastewater
entering the tank. Part of the activated sludge is removed daily to maintain a
suitable sludge age (solids retention time, SRT) and sludge concentration (mixed
liquor suspended solids, MLSS) in the aeration tank. Excess sludge can be returned
to the early part of the process or removed for sludge treatment. Treated wastewater
on the top of the secondary sedimentation tank is conducted to the next process
stages or discharged into nearby waterways. (Tchobanoglous et al., 2003; HSY,
2017)
In an ASP, in order to improve process efficiency, the short-term and long-term
control actions can be performed based on process monitoring. Short-term control
actions can include polymer and coagulant dosing (for example lime, ferric chloride,
polyaluminum chloride), chlorination (chlorine, hydrogen peroxide), or changes in
the recycled activated sludge rate. Long-term actions include, additions of nutrients,
and changes in aeration, sludge age, and biomass concentration. (Mujunen et al.,
1998; Richard, 2003)

Fig. 3. A generalized example schematic of a wastewater treatment and activated
sludge process.
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2.1.1 The industrial WWTP research site
The industrial WWTP research site used is located in northern Finland at the
premises of a Finnish pulp and paper mill that produces fully oxygen-bleached
chemical kraft pulp. In addition to the pulp and paper processes, the aerobic
activated sludge process treats wastewaters from two chemical processes located
in the mill area. The average wastewater flow through the treatment process is over
30 000 m3/day. The unit operations of the treatment process are intake, screening,
preliminary settling, neutralization, flow equalization, aeration, secondary settling,
and discharge. The temperature of the wastewater from the pulp and paper industry
is often high but it is stabilized in the early part of the process and kept as stable as
possible to ensure the efficient function of the ASP. At the average flow, the
hydraulic delay is 20 hours in the aeration tank and around 10 hours in the
secondary settling tank. The influent wastewater includes a sufficient amount of
phosphorus for functional biological treatment but urea is dosed to the
neutralization stage to increase the nitrogen content. The treated wastewater is
discharged to the sea nearby.
2.1.2 The municipal WWTP research site
The municipal WWTP research site used was the Viikinmäki wastewater treatment
plant in Helsinki, which is the largest WWTP in Finland as it processes the
wastewaters of over 800,000 inhabitants. The average daily flow through the
process is about 270,000 m3 of wastewater although melting snow and heavy rains
often multiply the flow. 85% of the total flow is from domestic sources and 15%
from industrial sources. The wastewater is processed in nine parallel-activated
sludge process lines. A three-phased activated sludge process simultaneously
utilizes a precipitation method for phosphorus removal, dosing ferrous sulfate to
the grit removal and aeration stages in the process. The biological treatment is
conducted by means of a denitrification-nitrification process in an aeration tank. To
improve the nitrogen removal, a biological filter has been added at the end of the
plant. The filter is based on the activity of denitrification bacteria. Methanol is used
as the source of organic carbon in the removal of nitrogen and is dosed in ratio to
the quality and quantity of influent and the temperature of the wastewater. Hydrated
lime is used for the adjustment of alkalinity and pH at the pre-aeration stage. The
entire process removes 95% of the phosphorus, 90% of the nitrogen, and nearly all
solids and oxygen-consuming substances from the wastewater. During the last
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decade, the BOD removal rate has ranged between 89% and 98%. Treated effluent
is discharged through a tunnel into the sea eight kilometers away from the coastline.
(HSY, 2017)
2.2

Optical monitoring and image analysis

The optical monitoring data used in this research work were collected using two
optical monitoring devices - the floc measurement environment MOFI for
laboratory use (Koivuranta et al., 2013) and an on-line optical monitoring device
(Koivuranta et al., 2015) - and the methods developed for monitoring and
automated image processing and analyses of floc morphology.
2.2.1 MOFI optical monitoring device
MOFI is a small-scale device in which a high-resolution charge-coupled device
(CCD) camera is used to image diluted wastewater samples that are pumped
through an illuminated cuvette. The CCD camera image sensor is 5.0 mm × 3.7
mm (1392 × 1040 pixels) with a pixel size of 3.6 µm × 3.6 µm. For this research,
MOFI was used to analyze the wastewater samples taken from the full-scale
industrial wastewater treatment plant. Wastewater samples were diluted with
deionized water at a ratio of 1:200. One video of a wastewater sample contained
approximately 250-350 images. The developed equipment was proved to be
statistically reliable for measuring floc morphology characteristics in a
repeatability test where one wastewater sample was recorded 30 times, analyzing a
total of over 600,000 individual flocs. The test showed that the standard deviations
of the most critical shape factors were minor (Koivuranta et al., 2013).
2.2.2 On-line optical monitoring device
The on-line optical monitoring device sited in the full-scale municipal wastewater
treatment plant is a modified version of the MOFI. A small-scale automatic optical
monitoring device was designed especially for in-situ use. The device consists of
an imaging unit, a sample-handling unit, and a control PC with an electronics unit
(Fig. 4). Wastewater samples taken from the aeration tank were diluted with tap
water and pumped through a cuvette, which was illuminated, and imaged with a
high-resolution CCD camera (4.4 mm × 3.3 mm, i.e., 1296 pixels × 966 pixels
sensor with a pixel size of 3.4 µm × 3.4 µm). A dilution ratio of 1:100 was selected
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for the on-line measurements after laboratory tests at three different dilution ratios
(1:50, 1:100, and 1:200). The tests showed that no significant differences in floc
morphology occurred using different dilutions and that the on-line image analysis
results can be considered reliable even though the dilution made in the on-line
situation is not supposedly as accurate as that done in laboratory conditions.
(Koivuranta et al., 2015) One analyzed video contained about 1000 images and one
image contained 150 flocs on average, i.e., a significant amount of data was
obtained for statistically reliable analyses.

Fig. 4. The operating principle and main components of the on-line optical monitoring
device used in monitoring the activated sludge process in the municipal WWTP. (Paper
III, published with permission from Taylor & Francis, 2017).

2.2.3 Automated image processing and analysis
The automated image processing and analysis program for the optical monitoring
videos was developed using MATLAB 7.8.9 (MathWorks Inc., Natic, MA). The
program including a graphical user interface was compiled as a standalone
executable. (Koivuranta et al., 2013) In image processing, the first step is to unpack
the recorded videos into individual images and remove the background of the
images by dividing the sample images with the background image taken before
recording each video. As the receiving of accurate information on the quality of
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wastewater requires analysis of both flocs and filaments that are often overlapped
or intersected, the recorded objects are separated into two classes of binary images
with a sequence consisting of filtering, morphological operations, and subtractions.
Finally, the images are processed to remove objects (for example air bubbles, small
debris, and objects that touch the image border or are out of focus) that cannot be
considered as proper flocs or filaments and would skew the final analysis results.
An example image from the automated image analysis with detected flocs and
filaments is presented in Fig. 5.

Fig. 5. A sample image of the automated image analysis where objects recognized as
flocs and filaments are marked.

The developed program analyzes several morphological features of flocs and
filaments. For example, shape parameters such as the form factor (FF), roundness
(RO), aspect ratio (AR), and fractal dimension (FD), and size parameters such as
floc area, filament length, and equivalent diameter are calculated as an average of
the values for individual objects over a single image. In the presented results, the
amount of filaments is a ratio of filament length and floc area, the total filament
length is the sum of the length of all filaments present in the image, and the number
of small objects is calculated based on the size distribution where each object is
assigned to a size category based on its equivalent diameter. The size distribution
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is calculated as the sum of the distributions of individual images. In this research,
the limit value for small objects is under 25 µm and the case-specific floc area
threshold value for the calculated objects is 100 µm2 because the boundaries of
smaller objects may not have been sharp enough due to the resolution of the camera.
(Koivuranta et al., 2013)
The equivalent diameter is the diameter of a circle with an area equal to the
area of the object. The form factor is affected by the irregularity or roughness of
the object’s boundary. FF is 1.0 for a perfect circle and below 1.0 for any other
shape. Objects with more irregular boundaries have a longer perimeter per surface
area and therefore have smaller form factors. Roundness is defined as the ratio
between the area of an object and the area of a circle with a diameter equal to the
object’s length. RO is also 1.0 for a perfect circle. The aspect ratio describes how
elongated an object is and it varies from 1 to infinity (for a circle the AR is 1.0.)
Fractal dimension is a measurement for the irregularity of the perimeter and can be
used to describe the aggregate floc structure. A high fractal dimension value is
related to compact and dense flocs. (Russ, 1990; Jin et al., 2003; Bushell et al.,
2012) The illustration of the differences between the shape and size parameters
with calculated values for certain simple geometric shapes and for an imaginary
floc is presented in Koivuranta (2016, 29).
2.3

Data treatment and modeling

The quality and quantity of the collected data, proper pretreatment of the data, and
selecting optimal input variables are essential for developing a robust model. The
data should include a sufficient number of samples and should be fully
representative of the full spectrum of all possible conditions. Regarding
environment-related issues, at a minimum one full year of data should be collected
because many seasonal changes (temperature and rainfall, for instance) may have
strong impacts on the process. (Mjalli et al., 2007)
Before data analysis and model development, a dataset that includes several
different types of measurements should be scaled or normalized to treat the
variables equally, to ensure that the statistical distribution of variables is roughly
uniform, and to facilitate the analysis. Scaling also improves the disclosure of
noteworthy changes and states in a visual inspection. (Mjalli et al., 2007; Hastie et
al., 2009).
Selecting the proper amount and the optimal input variables for a model from
a large variable set can be done manually based on pre-knowledge or the trial-and31

error principle, or using several automated variable selection methods. Increasing
the number of input variables enhances the performance of the model to some point,
after which adding more variables deteriorates the performance (Smit et al., 2008).
Too many input variables increase the risk of developing an over-fitted model,
which has excellent training results but is not usable for prediction with new data.
Using input variables that include noise, are correlated to each other, or are
uninformative, conceal information of the relevant variables, increase
computational complexity, and reduce the value of the prediction results of the
model. (Kohavi & John, 1997; Kojadinovic & Wottka, 2000; Guyon & Elisseeff,
2003)
The efficient training and validation of a model require long and representative
subsets of data for both. With a small dataset, the split into these subsets is
impossible without a significant loss of data in model training. A small amount of
test data will generally result in a higher variance in the estimate (Rao et al., 2008)
and a small amount of training data will result in an unsatisfactory performance of
the model. Therefore, when the amount of available data is small, many traditional
modeling techniques are impractical and it is advisable to use resampling, such as
for example the k-fold cross-validation method. (Arlot & Celisse, 2010)
2.3.1 Nonlinear scaling
In this research, the original data was scaled to the range [-2, 2] using the nonlinear
scaling method based on generalized moments, norms, and skewness (Juuso, 2013).
A nonlinear mapping function has been developed to extract the meanings of
variables from measurement signals. These functions, called membership
definitions, map the real values of variables to the linguistic range of [-2, 2]. Thus,
a normal scaling to the range [-1, 1] is combined with the handling of warnings and
alarms. The main concepts are presented in Fig. 6, which shows the connection
between the membership definition and the corresponding membership functions.
A trapezoidal membership function, which is based on the support area and
core area [cl, ch], is used to define the concept of the feasible range. The support
area is defined by the minimum and maximum of the values of the variable x. The
tuning approach based on the generalized skewness is used for estimating the
central tendency value c and the core area. The value range is divided into two parts
by the central tendency value. The analysis is done for these two parts. The core
area is limited by the central tendency values of the lower and upper part. The
central tendency value is chosen by the point where the skewness changes from
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positive to negative. The estimates of the corner points are the points where the
direction of the skewness changes for the lower and upper dataset, respectively.
The iteration is performed with generalized norms. The mapping function contains
one monotonously increasing function for values between -2 to 0 and one
monotonously increasing function between values 0 to +2. In order to keep the
functions monotonous and increasing, the derivatives of the functions should
always be positive. The coefficients of the two second-order polynomials are
defined by the corner points. (Juuso 2013)

Fig. 6. The main concepts of the nonlinear scaling method. (A) Feasible range, (B)
scaled value, and (C) membership functions. (Paper II, published with permission from
Taylor & Francis, 2016)

2.3.2 Variable selection
Variable selection methods can be roughly grouped into wrapper and filter methods
based on whether or not the selection is done independently of the learning
algorithm (John et al., 1994). Some variable selection methods are sensitive to
small perturbations of the experimental conditions and redundant variables can
cause different subsets of variables to result in identical predictive power. In a filter
method, selection is done independently as the variables are selected or deleted
according to the formed ranking, which is commonly based on the correlation
coefficients. Filter methods are very efficient but the models are seldom optimal.
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Wrappers, on the other hand, often give better results but are slower than filters. In
a wrapper method, a subset of variables is assessed according to their usefulness to
a given predictor. Wrapper methods train a new model for each subset and the
models are evaluated based on the evaluation criterion, such as prediction or
classification error. A wrapper procedure requires three elements: a modeling
algorithm (e.g., a multiple linear regression to predict an output variable as a linear
combination of selected input variables), an objective function (e.g., root mean
square error (RMSE) assessing the quality of selected variables), and a search
algorithm (Baumann et al., 2002). The objective function, which steers the search
algorithm through the search space, is critical to obtain solutions with the desired
properties (Baumann, 2003). Resampling, (e.g., cross-validation) can be used for
model validation if no separate validation data are available. (Kohavi & John, 1997;
Yang & Honavar, 1997; Hall, 1999; Kojadinovic & Wottka, 2000; Guyon &
Elisseeff, 2003; Smit et al., 2008)
Of the methods presented below, correlation-based selection and a successive
projections algorithm (SPA) are classified as filters; forward selection, a genetic
algorithm (GA), and stepwise regression are classified as wrappers.
Correlation-based selection
In correlation-based selection, variables are selected by the absolute value of their
correlation coefficient. The selected subset of input variables should contain
variables that have a high correlation coefficient with the output variable but low
correlation with each other. On this account, in this research correlation coefficients
against the output variable were calculated and inspected to find variable pairs with
a mutual correlation over |0.85|. From every variable pair found, the variable with
the lower correlation coefficient is removed from the dataset. The remaining
variables are arranged in descending order by their absolute correlation coefficient
with the output variable.
Successive projections algorithm
A successive projections algorithm is a forward selection method for multivariate
calibration. An SPA uses simple operations in a vector space to minimize
collinearity between selected variables. The orthogonal projections of the
remaining variables to previously selected ones are calculated and the variable that
has the highest Euclidean length projection is selected. The method starts with one
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variable and adds a new variable at each iteration until a specific number of
variables is reached. An SPA selects variables whose information content is
minimally redundant. (Araujo et al., 2001)
Forward selection
A forward selection method goes through every variable available in the dataset
and adds one (the best) variable at a time to the model. Adding is continued until
the performance of the model no longer improves and the best combination of the
variables is selected. No variables are removed once they have been selected and
the selection may easily be trapped at the local optimum. Forward selection is
argued to be computationally more efficient than backward elimination in
generating subsets of variables but weaker in performance because the variables
whose performance is weak alone and strong together with other variables are not
necessarily selected due to the single selection principle. (Kohavi & John, 1997;
Hall, 1999; Guyon & Elisseeff, 2003; Hastie et al., 2009)
Genetic algorithm
A genetic algorithm is an optimization method based on biological evolution. For
variable selection (Siedlecki & Sklansky, 1989) in a genetic algorithm a subset is
represented as a binary string (chromosomes) of the length of the total number of
variables. The value of each position in the string represents the presence or
absence of a particular variable (1 for selected and 0 for not selected). A genetic
algorithm usually starts from a random initial population, with a few tuning
parameters, for example the population size, and crossover and mutation
probabilities. Each variable is evaluated to determine its fitness, or its ability to
survive, and moved into the next generation. The evaluation of the chromosomes
is carried out with the objective function. New variables (a new population of
chromosomes) are created using genetic operators, crossover, and mutation
processes. Two members are selected for their fitness or goodness to be parents to
crossover for example using tournament or roulette wheel selection. In roulette
wheel selection, a cumulative sum of the chromosome fitness values is calculated
and a random number taken between 0 and the sum of the fitness values is used in
the selection of the chromosome. Therefore, the chromosomes with higher fitness
values have a higher probability of being selected. In tournament selection, a few
random chromosomes are selected for a tournament and the one with the highest
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fitness value is selected for crossover. In crossover, parts of two parent
chromosomes are mixed to create offspring. A random number is compared with
the predefined crossover probability and if the random number is smaller than the
probability, the parents are crossed with the selected crossover method. If the
random number is larger, the parents are moved to the new population. The good
values of chromosomes are combined and better chromosomes are created.
Mutation makes random changes in the population and occurs if the mutation
probability is larger than the random number. The population is evaluated and the
new population is finalized with elitism, which moves a predefined number of the
best chromosomes to the new population. This prevents the disappearance of good
solutions but also decreases the diversity of the population by increasing the
dominance of the best chromosomes. The steps are repeated until a population of
predefined size is created. (Siedlecki & Sklansky, 1989; Davis, 1991; Yang &
Honavar, 1997)
Stepwise selection
Stepwise regression is a modified greedy forward selection method, which adds the
best variable to, or deletes the worst variable from, a variable subset in each round.
Adding and deleting are based on the variable’s statistical significance in regression.
It starts with an initial model and continues until either no further model changes
occur over one complete round or a preset number of variable selections and
deletions occur. Depending on the variables included in the initial model and the
order in which variables are added and removed, the method may build different
models from the same set of variables. Stepwise models are locally optimal, but
may not be globally optimal. (Hall, 1999; Baumann, 2003; MathWorks, 2017)
Combined methods
For a very large dataset one variable selection method can be used for variable
elimination before final selection by another method. For example, it is
recommended to use forward selection or backward elimination before GA to avoid
over-fitting (Baumann et al., 2002). SPA applied before a genetic algorithm method
was found to improve the reliability of the genetic search (finding the global
optimum) and to reduce the computational load and the variability in the selection
results (Sorsa et al., 2013).
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2.3.3 K-fold cross-validation
K-fold cross-validation is a computationally mild resampling method and a
practical way to predict the fit of a model for a validation set when the dataset is
small and an explicit validation set is not available. In k-fold cross-validation, the
whole dataset is used for training and validating the model by splitting the original
data into k subsets of equal size and using one subset as validation data and the
remaining k-1 subsets as training data. The cross-validation process is repeated k
times until each of the subsets is used once as the validation data. Thus, the largest
possible training and validation sets are used. A single estimation is produced by
averaging the k results. Optimal k has been reported to be between five and ten
because the statistical performance does not increase significantly for larger values
of k and averaging over less than ten splits remains computationally feasible. With
smaller values of k, the test sets are larger and the training sets in under-sampled
datasets may become too small for building meaningful models. (Baumann et al.,
2002; Smit et al., 2008; Hastie et al., 2009; Arlot & Celisse, 2010; Witten et al.,
2011)
2.3.4 Multiple linear regression
Mathematical models can be used for predicting future events, for control and
operational assistance, or to estimate non-measurable quantities, for instance.
Concerning wastewater treatment issues, Activated Sludge Model No. 1 is probably
the most commonly known mechanistic model and can be considered as a reference
concerning activated sludge process modeling. It was originally developed with the
aim of a good description of the removal of organic compounds and nitrogen and
sludge production, followed by many modified and updated versions such as
Activated Sludge Model No. 2 (ASM2) (Henze et al., 1995) and Activated Sludge
Model No. 3 (ASM3) (Gujer et al., 1999). A realistic description of the system with
a mechanistic model requires the identification and description of all the physical,
chemical, and biological laws concerned the system on which account the models
include a large number of parameters and equations. This creates a significant
computational burden and several simplifications must be made when the
estimation of all parameters from the available measurements is impossible.
(Banadda et al., 2011)
Rather than trying to model the complete system by breaking it down into
smaller components that are described individually, the complexity of the modeling
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of an ASP can be overcome by applying a data-driven model where only the inputs
and outputs of the system are taken into consideration. Contrary to mechanistic
models, data-driven models require minimal information on the processes.
Statistical multiple linear regression models were used in this research because they
have a simple structure and are easy to understand and implement in the automation
system if necessary. MLR is also suggested for use to avoid over-fitting. An MLR
model maps the linear interactions between input variables x1→j and the predicted
output variable y with unknown model parameters a1→j and the bias value a0 defined
from the data as presented in Equation (1) (Hastie et al., 2009; Montgomery et al.,
2012).
=
+
+
⋯+
(1)
The coefficient of determination (R2) presented in Equation (2) and the root
mean square error presented in Equation (3) are used to compare the relative
performance of the models.
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where n is the number of data points, yobs is the observed value, ypre is the predicted
value and ymean is the mean of the observed values.
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3

Results

In this chapter, the main results of the original publications are summarized. Paper
I deals with the study of the industrial WWTP, and Papers II and III concern two
individual research periods in the municipal WWTP. Paper IV is related to the latter
research period in the municipal WWTP including the comparison of the three
variable set combinations used in the model development. Due to the small amount
of data available, in all studies, a five-fold cross-validation was used to evaluate
the accuracy of the models developed with a multiple linear regression method. No
data were available for the external testing of the models. In Papers I, III, and IV,
the five above-mentioned variable selection algorithms were used to select the
optimal subsets of input variables for developing the models for the treated
wastewater quality parameters. In Paper II, the variable selection was performed
manually. In Papers I, III, and IV, the R2 (of prediction) and RMSE values were
calculated as an average of repeating the validation procedure of each model five
times. To ensure genuinely predictive information on the quality of treated
wastewater, only the measurements from the early stage of the processes (before
the optical monitoring) were included in the selection of the input variables for the
models. However, the anoxic proportion of the volume, sludge age, and sludge
concentration, which together with the flow and temperature are considered to be
important operating variables affecting the morphology of flocs and the process
efficiency (Liwarska-Bizukojc et al., 2015), were also determined from the ASP
stage.
3.1

The industrial WWTP

Wastewater samples for optical monitoring were taken from the aeration tank and
analyzed using the MOFI research system. The study period lasted 13 months but
the dataset included only 54 measurement times because optical monitoring was
performed at varying intervals. More frequent sampling was performed before and
after a maintenance stoppage of the plant.
3.1.1 General overview
Fig. 7 shows the dependencies between the optical monitoring variables, the quality
of the effluent (E), and the key operating variables (temperature, sludge age, and
influent flow). The restart after the above-mentioned process maintenance stoppage
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is located at data point #30. Before the maintenance stoppage, the quality of the
treated wastewater was good (suspended solids content below 40 mg/l) but
immediately after the restart the suspended solids and total nitrogen level increased
drastically. The change in the treated wastewater quality is also clearly shown in
the optical monitoring variables. Before the stoppage the amount of filaments
(filament length/floc area) had increased notably and was lower, probably near the
normal level, after the restart. The roundness, fractal dimension, and form factor,
however, dropped, and in contrast the aspect ratio and the number of small objects
increased momentarily. In other words, immediately after the restart, the number of
small objects was high, flocs were small, non-spherical, and irregular but the
number of filaments was near to the normal level. The rapid changes in floc
morphology and the effluent quality are supposedly due to dispersed growth
(Koivuranta et al., 2014), which is typical in an industrial activated sludge process
after a toxicity or hydraulic washout event when the activated sludge biomass is
low, high organic loading (high food/microorganism (F/M) ratio) occurs, and the
bacteria are very active and multiply rapidly (Richard, 2003).
During the research period, the effluent quality parameters BOD, COD, SS,
and N exhibited mutual correlations. BOD and COD had the highest correlation
coefficient with the optical monitoring variables but in general no significantly high
correlations were revealed. For example, COD had a negative correlation with the
fractal dimension, form factor, roundness, and area of flocs and a positive
correlation with the filaments, the number of small objects, and aspect ratio.
Suspended solids and phosphorus, on the other hand, had a negative correlation
with the filaments, equivalent diameter, and sludge age and a positive correlation
with the flow. As the temperature is related to the production rate of the processes
at the mill area, it increased when the influent flow was high. Increasing the influent
flow also decreased the sludge age and the equivalent diameter of the objects.
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Fig. 7. Quality parameters of effluent (E), optical monitoring variables, and selected
operating variables of an industrial ASP during the study period. (Paper I, published
with permission from Elsevier, 2017)

3.1.2 Models
As the input variables included only the automated optical monitoring variables,
the modeling results of the effluent quality presented in Table 1 can be considered
acceptable. Predicting the exact values of the quality parameters (BOD, COD, SS,
N, and P) is challenging, yet the best models for COD (R2=0.78, RMSE=0.49),
BOD (R2=0.71, RMSE=0.69), N (R2=0.69, RMSE=0.63), and SS (R2=0.67,
RMSE=0.58) are capable of predicting the level of and changes in the effluent
quality. The number of selected input variables in each best model is decent,
between three and five (Table 2), which minimizes the risk of developing an overfitted model. In variable selection, different methods selected identical or similar
subsets of input variables, and certain optical monitoring variables were found to
be important for a particular quality parameter model. For example, equivalent
diameter, fractal dimension, and the aspect ratio were selected by almost every
41

selection method as input variables for the suspended solids model. The mean area
of objects and the number of small objects were found to be important in
developing a model for BOD, and the amount of filaments and form factor were
selected by every selection method as input variables in the COD model. Four out
of five methods selected identical subsets for the suspended solids model.
Table 1. Modeling results in the industrial WWTP using only the automated optical
monitoring variables. (Modified from Paper I, published with permission from Elsevier,
2017)
Method

BOD
2

COD
2

SS
2

N
2

P
2

R

RMSE

R

RMSE

R

RMSE

R

RMSE

R

Correlation analysis

0.43

0.97

0.66

0.60

0.54

0.68

0.51

0.78

0.51

RMSE
0.80

Stepwise selection

0.61

0.80

0.76

0.51

0.67

0.58

0.60

0.71

0.54

0.77

Forward selection

0.71

0.69

0.78

0.49

0.67

0.58

0.69

0.63

0.58

0.74

Genetic algorithm

0.71

0.69

0.76

0.50

0.67

0.58

0.69

0.63

0.58

0.74

SPA + GA

0.69

0.71

0.60

0.65

0.67

0.58

0.61

0.70

0.49

0.82

Table 2. Selected input variables for the quality parameter models. (Modified from Paper
I, published with permission from Elsevier, 2017)
Method
Correlation

BOD

COD

SS

N

P

7, 6, 2, 3, 1

1, 3, 2, 7, 8

6, 5, 7, 1

5, 6, 7, 1

1, 4, 7, 8

analysis
Stepwise

7, 8

1, 5, 3

6, 5, 2

5, 3

1, 4, 3

selection
Forward

7, 8, 5, 2, 3

1, 5, 3, 8

6, 5, 2

5, 3, 1, 2, 7

1, 4, 3, 7

2, 3, 5, 7, 8

1, 3, 5

2, 5, 6

1, 2, 3, 5, 7

3, 4, 5, 7

selection
Genetic
algorithm
SPA + GA

Variables
1

Amount of filaments

2

Fractal dimension

3

Form factor

4

Roundness

5

Aspect ratio

6

Equivalent diameter

7

Mean area of obj.

8 Number of small obj.
8, 7, 5, 2

1, 3

6, 5, 2

6, 5, 2

1, 4

The performances of the models improved when process measurements were also
included as input variables. For example, when the genetic algorithm selected the
input variables of fractal dimension, the aspect ratio, equivalent diameter, flow,
influent suspended solids, and primary settling tank BOD and COD were used; the
accuracy of the suspended solids model was R2=0.81, RMSE=0.44. For the effluent
COD, the accuracy of R2=0.89, RMSE=0.34 was achieved using the amount of
filaments, influent COD, suspended solids and conductivity, the aspect ratio,
primary settling tank pH, and form factor as input variables. However, as the
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accuracy of the models improved, the number of the input variables was also
increased to seven.
The behavior of the suspended solids model and the behavior of the COD
model developed using the input variables selected by the genetic algorithm are
presented in Fig. 8 and Fig. 9, respectively. The models are able to show the
changes and the level of the effluent suspended solids and COD in stable and nonstable conditions, although exact values are challenging to predict.
Suspended solids (E)
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k-fold cv

1.5
1
0.5
0
-0.5
-1
-1.5
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Data point
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Fig. 8. Effluent suspended solids content (as scaled values) in the industrial WWTP
modeled using input variables selected by the genetic algorithm. (Paper I, published
with permission from Elsevier, 2017)
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Fig. 9. Effluent COD (as scaled values) in the industrial WWTP modeled using input
variables selected by the genetic algorithm. (Paper I, published with permission from
Elsevier, 2017)

3.2

The municipal WWTP

In the municipal WWTP, the wastewater samples were pumped from the aeration
tank (one of nine process lines) and analyzed five times a week by the on-line
optical monitoring device. Two separate study periods were carried out: the first
one spanned six months, and the second one approximately 13 consecutive months.
Between the periods, the camera of the monitoring device was upgraded and
therefore the results of the automated optical monitoring cannot be combined and
have to be analyzed separately. In both studies, the optical monitoring data were
combined with the process measurement dataset according to the date. The
laboratory measurements were carried out only two to three times a week excluding
process maintenance, but the missing laboratory data was not interpolated to
minimize approximations in the data. Therefore, the total number of usable data
during the first period was 38 measurement sets and 94 measurement sets during
the second period. The main focus in this section is on the results of the second,

44

longer study period because the results of the dataset recorded using the upgraded
camera and including seasonal changes can be considered more representative.
3.2.1 General overview
The results of the two separate study periods were quite similar and the minor
differences are probably mostly due to the length and variety of the latter dataset,
which probably also included some random noise. The original values of the
selected process measurements and the automated optical monitoring variables
during the longer study period are presented in Table 3. The variables are also
plotted as scaled values in Fig. 10. The scaling enables better observation of even
small changes in the behavior of the variables and is therefore used in the figures
below. In this municipal WWTP, the normal level of suspended solids is 10-20 mg/l,
and levels of below 10 and above 20 mg/l are considered as good and poor
situations, respectively. As expected, a wide variation in the quality of the
wastewater and for example in the temperature of the wastewater occurred during
the 13-month period. The study periods showed that the BOD, COD, SS, total N,
and total P in the biologically treated wastewater were mutually dependent and
followed the changes of temperature, being at a low level in summer and increasing
when the temperature decreased. In Fig. 10, data points between #32 and #57
represent the days from June to the end of August.
Although correlations between the process variables and the optical monitoring
variables were found, no significantly high correlation coefficients were revealed
except for the temperature of the wastewater. The temperature and flow correlated
with many image analysis variables, which again had several high mutual
correlation coefficients. It seems that good flocculation is a combination of many
floc characteristics, as for example a good purification result can be achieved with
various sizes of flocs. It can be assumed that in summertime when the temperature
was high and the quality of the treated wastewater was good, the amount and length
of filaments were low, flocs were notably larger, the roundness of flocs was higher,
and the number of small objects was lower. When the quality of the treated
wastewater deteriorated, the amount and length of filaments notably increased, the
roundness of the flocs decreased, and the number of small objects increased. Based
on the correlation analysis, when the flow was high, all the variables measured from
the incoming wastewater were at a low level. This was caused by the diluting effect
of rain or melting water. High flow also decreased the temperature as the
temperature and flow had a mutual negative correlation. The image analysis
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variables (roundness, amount of filaments, filament length, and fractal dimension)
had a higher correlation coefficient with suspended solids than any process variable
measured before the aeration tank.
Table 3. Raw data values of selected measurements during the 13-month period.
(Modified from Paper III, published with permission from Taylor & Francis, 2017)
Measurement

unit

(B) Suspended solids

mg/l

4.8

32.3

8.9

6.2

(B) BOD

mg/l

3.8

21.0

6.7

3.4

(B) COD

mg/l

36.0

72.0

50.0

7.9

(I) Suspended solids

mg/l

132.0

926.7

278.8

111.0

(I) BOD

mg/l

163.3

481.1

255.8

51.0

(I) COD

mg/l

275.0

1309.0

584.0

155.3

Flow

m3/d

24364

51235

32961

5549

Anoxic proportion of vol.

%

16.0

50.0

34.1

9.2

Temperature

ºC

10.7

20.4

14.8

2.7

Sludge concentration

g/l

2.0

4.6

3.1

0.6

Sludge age

d

6.0

15.5

8.5

3.2

µm

115.7

2503.5

1130.6

626.9

Length of filaments

min

max

median

std

Amount of filaments

0.00026

0.0026

0.0012

0.00048

Fractal dimension

1.5715

1.6104

1.5843

0.0104

Roundness

0.5114

0.6431

0.5655

0.0289

60.6

75.8

67.3

3.9

Equivalent diameter

µm

Number of objects >th

71.7

399.4

212.2

83.1

Number of small objects

61.2

586.6

267.3

123.2

(B) biologically treated wastewater, (I) influent, (th) threshold value
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Fig. 10. Biologically treated wastewater (B) quality parameters, selected process
measurements (I=influent), and optical monitoring parameters during the 13-month
period as scaled values. (Paper III, published with permission from Taylor & Francis,
2017)

3.2.2 Models
Three different datasets from the 13-month study period were used in the variable
selection and model development research: one including only the available
process measurements, one including only the automated optical monitoring
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variables, and one including both the process measurements and the optical
monitoring variables.
In model development using only the available process measurements, the
accuracies of the best models for SS and P were good (R2=0.77, RMSE=0.49 and
R2=0.65, RMSE=0.55, respectively), and acceptable for N (R2=0.58, RMSE=0.65),
but even the best BOD and COD models were poor (Table 4). The number of input
variables in each best model ranged from four to seven (Table 5). Several methods
selected identical input subsets and certain variables were found to be important for
the development of a specific quality parameter model. Many subsets included the
temperature of wastewater and the anoxic proportion of volume, which is
reasonable because control of the treatment process is strongly dependent on the
season of the year.
Table 4. Modeling results using only the process measurements. (Modified from Paper
IV, published with permission from Taylor & Francis, 2018)
Method

BOD
2

R

COD
2

SS
2

N
2

P
2

RMSE

R

RMSE

R

RMSE

R

RMSE

Correlation analysis 0.34

0.77

0.46

0.70

0.72

0.54

0.45

0.75

0.51

0.65

Stepwise selection

0.47

0.69

0.49

0.68

0.77

0.49

0.58

0.65

0.63

0.57

Forward selection

0.47

0.69

0.49

0.68

0.77

0.49

0.48

0.72

0.65

0.55

Genetic algorithm

0.47

0.69

0.49

0.68

0.77

0.49

0.50

0.71

0.63

0.56

SPA + GA

0.47

0.69

0.49

0.68

0.75

0.51

0.56

0.65

0.61

0.58
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R

RMSE

Table 5. Selected subsets of input variables for the quality parameter models using only
the available process measurements. (Modified from Paper IV, published with
permission from Taylor & Francis, 2018)
Method
Correlation

BOD

COD

SS

N

P

Variables

29, 28, 17,

28, 4, 29,

28, 29, 17,

13, 19, 21,

28, 29, 17,

1

(I) BOD

analysis

1

17, 11, 31

27, 16, 14

28, 30, 17

16, 26, 27

4

(M) COD

5

(I) SS

Stepwise

29, 26, 28,

28, 4, 11,

28, 29, 17,

28, 21, 9,

28, 29, 12,

9

(M) Total phosphorus

selection

16

29, 30

26, 12, 23

29, 30, 15,

17, 9

11

(M) PO4-P

12

(I) Total nitrogen

14

13
Forward

28, 29, 26,

28, 4, 29,

28, 29, 12,

19, 28, 17,

selection

16

11, 30

17, 26, 23

5, 25

28, 29, 12, 14
9, 17, 11,
23

Genetic
algorithm

15 (M) Ammon. nitrogen
16

(I) Nitrate nitrogen

17

(M) Nitrate nitrogen

16, 26, 28,

4, 11, 28,

12, 17, 23,

9, 12, 15,

9, 12, 17,

18

(I) Alkalinity

29

29, 30

26, 28, 29

18, 21, 25,

28, 29

19

(M) Alkalinity

28
SPA + GA

(M) Total nitrogen
(I) Ammon. nitrogen

28, 16, 26,

28, 30, 11,

15, 23, 28,

15, 28, 21,

29

4, 29

17, 26, 29

30, 9, 29

21

(M) pH

23

(I) Sulfate

15, 28, 17, 25

(I) Iron

26

(M) Iron

9, 29

27

Flow

28

Anoxic prop. of vol.

29

Temperature

30 Sludge concentration
31

Sludge age

(I) influent, (M) mechanically treated wastewater

The accuracy of the best models for the quality parameters developed using only
the optical monitoring variables as inputs was overall slightly lower (Table 6) than
the above-presented results using only the available process measurements as input
variables. Only the best models for SS and P were good (R2=0.67, RMSE=0.58 and
R2=0.62, RMSE=0.58, respectively). The number of input variables in the best
models was reasonably small (Table 7), from four to seven. Again, several methods
found identical or similar subsets and certain variables were found to be important
for developing a model for a specific quality parameter. For instance, the fractal
dimension and form factor were found to be important variables in COD and SS
models, the median area of objects and form factor in models for nitrogen, and the
aspect ratio and amount of filaments in developing BOD models.
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Table 6. Modeling results using only optical monitoring variables. (Modified from Paper
IV, published with permission from Taylor & Francis, 2018)
Method

BOD
2

COD
2

SS
2

N
2

R

P

RMSE

2

R

RMSE

R

RMSE

R

RMSE

Correlation analysis

0.41

0.73

0.39

0.74

0.62

0.63

0.31 0.84

0.56 0.62

Stepwise selection

0.41

0.73

0.37

0.75

0.62

0.63

0.31 0.84

0.61 0.58

Forward selection

0.41

0.73

0.37

0.75

0.67

0.58

0.31

0.84

0.61 0.58

Genetic algorithm

0.41

0.73

0.43

0.72

0.67

0.58

0.42 0.77

0.60 0.59

SPA + GA

0.41

0.73

0.38

0.75

0.62

0.63

0.31

0.62 0.58

0.83

R

RMSE

Table 7. Selected subsets of input variables for the quality parameter models using only
optical monitoring variables. (Modified from Paper IV, published with permission from
Taylor & Francis, 2018)
Method
Correlation
analysis
Stepwise

BOD
9, 3, 17,
12
9, 3

COD

SS

N

5, 3, 12, 5, 3, 12, 11, 12, 11, 7,
7, 11
5, 7

7
5, 7, 3

P
5, 3, 12, 11

3
12, 7

8, 1, 5, 16

selection
Forward

9, 3

5, 7

selection
Genetic

5, 2, 1, 7, 8,

12, 7

5, 11, 1, 17

17, 11
3, 9

7, 16, 17

algorithm

1, 2, 7, 8,

1, 5, 7,

11, 17

16, 17

7, 11, 3, 5

7, 12

1, 16, 17

Variables
1

Floc area

3

Amount of filaments

5

Fractal dimension

7

Form factor

8

Roundness

9

Aspect ratio

10

Equivalent diameter

11

Mean area of objects

12

Median area of obj.

16 Number of objects > th
17

SPA + GA

9, 3

7, 17

Filament length

2

Number of small obj.

5, 3, 11, 17

(th) threshold value

The best modeling results for the quality parameters of the municipal WWTP were
achieved when selecting the input variables from the dataset that consisted of both
process measurements and automated optical monitoring variables (Table 8).
However, the number of input variables in the best models was slightly larger than
in the above-mentioned models (Table 9). The best models for BOD (R2=0.55,
RMSE=0.64) and COD (R2=0.55, RMSE=0.63) were decent, and for N (R2=0.63,
RMSE=0.61), P (R2=0.69, RMSE=0.52), and SS (R2=0.79, RMSE=0.47) they were
good. Again, similar or identical subsets of input variables were selected by
different selection methods and some variables were found to be important in
developing the model for a specific quality parameter. For example, three variable
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selection methods gave similar input subsets for the suspended solids model and
the fractal dimension, anoxic proportion, and nitrate-nitrogen, for instance, were
present in all subsets. The model developed using seven variables (fractal
dimension, influent total nitrogen and sulfate, (M) iron and (M) nitrate nitrogen,
the temperature, and anoxic proportion) was found to result in the best modeling
accuracy for suspended solids. As a comparison, the best modeling result in the
shorter research period for suspended solids was R2=0.80 and RMSE=0.53 when
the amount of filaments, mean and median area of objects, and (I) iron were
selected manually as input variables. Identical subsets (aspect ratio, anoxic
proportion, (M) iron, and length of filaments) for the BOD model were also found
by three selection methods but the accuracy of the model was only slightly lower
than the best model developed using twice as many input variables (selected by the
GA). The anoxic proportion of volume, (M) PO4-P, sludge concentration, and (M)
BOD, for instance, were present in several subsets and had an important role in
developing the COD model. (M) total nitrogen and (M) total phosphorus, area of
flocs, (M) pH, and anoxic proportion of volume, for example, seemed to be
important variables when developing a model for nitrogen. Fractal dimension,
anoxic proportion of volume, and (M) total nitrogen seemed to be important
variables for the phosphorus model. As a whole, the genetic algorithm found the
optimal subsets of input variables resulting in the best models for every quality
parameter.
Table 8. Modelling results using combined dataset. (Modified from Paper III, published
with permission from Taylor & Francis, 2017)
Method

BOD
2

R

COD
2

SS
2

N
2

P
2

RMSE

R

RMSE

R

RMSE

R

RMSE

R

Correlation analysis 0.45

0.71

0.45

0.71

0.71

0.55

0.47

0.73

0.57

RMSE
0.61

Stepwise selection

0.50

0.67

0.55

0.63

0.79

0.47

0.54

0.68

0.67

0.54

Forward selection

0.50

0.67

0.54

0.64

0.78

0.48

0.58

0.65

0.69

0.52

Genetic algorithm

0.55

0.64

0.55

0.64

0.79

0.47

0.63

0.61

0.69

0.52

SPA + GA

0.50

0.67

0.54

0.64

0.78

0.48

0.54

0.68

0.66

0.54
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Table 9. Selected subsets of input variables for the quality parameter models using the
combined dataset. (Modified from Paper III, published with permission from Taylor &
Francis, 2017)
Method
Correlation
analysis

BOD

COD

SS

N

P

9, 47, 3,

5, 46, 3,

5, 46, 3, 47,

31, 38, 12,

5, 3, 46, 47,

1

35, 12

39, 11, 46

12, 35

2

Total floc area

3

Amount of filaments

46, 17, 35 14, 21, 47

Variables
Filament length

Stepwise

9, 46, 44, 1 7, 46, 19,

5, 46, 35,

31, 12, 27,

5, 46, 27, 9,

5

Fractal dimension

selection

5, 48, 29

30, 41, 47,

43, 46, 39

3

7

Form factor

44
Forward

9, 46, 44, 1 46, 21, 17,

selection

29, 48, 19

5, 46, 35,

31, 12, 27,

30, 41, 44, 46, 39, 9, 16,
47

8

Roundness

9

Aspect ratio

5, 46, 27, 1, 10
2, 16, 41

10

12
16

Genetic
algorithm

5, 12, 2,

17, 19, 29,

1, 30, 35,

2, 8, 21, 22, 1, 2, 16, 27, 17

16, 27, 41,

46, 48

41, 44, 46,

27, 33, 47,

47

48

1, 12, 46,

46, 39, 48,

1, 12, 46,

41, 35, 27,

27, 9, 31

27

44, 46
SPA + GA

1, 46, 44, 9 46, 29, 19,
48, 16

41, 46

44, 9

Equivalent diameter

11 Mean area of objects
Median area of obj.
Number of obj. > th
Number of small obj.

19

(M) BOD

21

(M) COD

22

(I) Suspended solids

27 (M) Total phosphorus
29

(M) PO4-P

30

(I) Total nitrogen

31

(M) Total nitrogen

33 (M) Ammon. nitrogen
35

(M) Nitrate-nitrogen

38

(I) pH

39

(M) pH

41

(I) Sulfate

43

(I) Iron

44

(M) Iron

46 Anoxic proport. of vol.
47

Temperature

48 Sludge concentration
(I) influent, (M) mechanically treated wastewater, (th) threshold value
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The behavior of the best suspended solids model from the longer research period is
presented in Fig. 11. The model follows changes and is able to show the level of
suspended solids in various states, but the finding of precise values is challenging.
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Fig. 11. Behavior of the best suspended solids model in various conditions during the
13-month research period.
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4

Discussion

Optical examination is a convenient tool for troubleshooting an activated sludge
process because the changes in the measured optical monitoring parameters can,
for instance, indicate an upcoming problem with the settleability of the sludge and
reveal reasons for treatment problems. Clear correlations between morphological
parameters and sludge quality have been found in many previous studies. For
example, the length of filaments and sludge settleability had a strong correlation
(Jenne et al., 2003; Banadda et al., 2005), floc size, fractal dimension, and filaments
affected settleability (Jin et al., 2003), and the fractal dimension decreased before
bulking occurred (da Motta et al., 2001). It has been stated that, based on optical
monitoring, the settling problem in an industrial ASP was caused by dispersed
growth (Koivuranta et al., 2014) and in a municipal ASP poor settling was caused
by filamentous bulking (Koivuranta et al., 2015). On the other hand, it has to be
noted that no direct relation between SVI and morphological parameters such as
floc diameter and roundness were found even though it was discovered that a
shorter sludge age favored smaller flocs and an increase in the sludge loading rate
decreased the mean area of flocs (da Motta et al., 2001; Liwarska-Bizukojc et al.,
2015).
Although reasonably good modeling results have been achieved in earlier
studies (for example, in a laboratory-scale study for effluent COD a model
developed using image analysis variables resulted in R2=0.70 (Mesquita et al.,
2016), and R2=0.70-0.95 (Mujunen et al., 1998), using from 7 to 12 process
measurements as input variables), these results are not comparable to the modeling
results presented in this thesis. The earlier studies were performed using laboratoryscale equipment or the modeled variable was different (in most cases SVI was
measured from the aeration tank), whereas in this research the models were
developed for the treated wastewater quality parameters of two full-scale WWTPs.
The study in the full-scale municipal WWTP included a 13-month period of
automated in-situ monitoring with frequent sampling, which has rarely been
reported in the earlier literature.
4.1

General overview

This research showed that optical monitoring parameters have clear dependences
on some process variables and the purification result of the wastewater treatment.
The calculated correlation coefficients were however decent. For example, in the
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municipal WWTP, the quality parameters of treated wastewater had a positive
correlation with the amount of filaments and the number of small objects, and a
negative correlation with roundness and fractal dimension. When the quality of the
treated wastewater deteriorated, the amount of filaments notably increased, while
the roundness of the flocs decreased and the number of objects increased. In the
industrial WWTP, the roundness, fractal dimension, and form factor dropped and
the aspect ratio and number of small objects, on the contrary, increased when the
effluent quality deteriorated. Differences between the results of the municipal and
the industrial case are most likely due to the overall characteristics of the processes,
wastewater sources, and different adapted bacterial population. Both use cases also
showed similar results as the round and compact flocs enabled better purification.
According to the data analysis, the municipal wastewater treatment process is
more temperature-dependent than the industrial treatment process. In the industrial
WWTP, the flow and temperature are dependent on the production rate of the
processes in the mill area. The temperature is equalized before pumping to the
activated sludge process and notable changes in temperature mainly occur only
during maintenance stoppages or process disturbances. In contrast, in the municipal
WWTP, the temperature and flow of the wastewater are the significant factors in
the treatment process operation but are not controllable, as they are related to the
season of the year. The temperature was found to have correlations with several
variables and was selected in many input variable subsets of the quality models.
The incoming load is partly flow- and season-dependent, and the quality of sludge
and the sludge concentration (MLSS) depend on the influent load and the sludge
age. The anoxic proportion of volume, depending on the temperature and the season
of the year, affects the nitrate concentration after the activated sludge process.
The sludge age was not found to have a high correlation with any variable
included in the datasets, probably because in the Viikinmäki WWTP the sludge age
is controlled manually, mainly based on the condition of the biomass and the
temperature of wastewater to ensure nitrification throughout the year. Sludge age
is one of the main factors that determines which bacterial groups are dominant and
how these bacteria grow and form flocs. For example, if the sludge age is too long
in relation to the temperature, the amount of filaments may increase. The amount
of loose pinpoint flocs may be related to a sludge age that is either too long or too
short. In the municipal wastewater treatment processes where the sludge age is
longer in the winter, the suspended solids content is commonly related to the
temperature, being higher when the temperature decreases.
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High flows caused by heavy rains or fast melting snow decrease the temperature of
the wastewater and dilute the measured quality parameter of the influent. The flow
had no significant correlation to other variables, but it can be supposed to have an
indirect effect on other parameters, as some changing process conditions may have
an indirect rather than a direct effect on the morphology of activated sludge flocs
(Jenne et al., 2007).
4.2

Models

The achieved modeling results showed that in both use cases, the industrial and
municipal ASP, the best modeling results could not be achieved by utilizing solely
the measurements from the automation system of the plant or the automated optical
monitoring variables. Even though these modeling results were satisfactory on the
whole, traditional process measurements are not sufficient to yield all the necessary
information, and although new valuable information on wastewater was received,
not all the essential information for the model development was obtained from the
automated optical monitoring alone either. The best modeling results were achieved
when selecting the optimal input variables from the combined set of variables.
The presented modeling results of this research are good overall, when taking
into account the limitations of the research discussed below. The linear models
developed with a decent amount of input variables are simple and easy to interpret
and provide adequate results of how the input variables affect the output. As
mentioned earlier, multiple linear regression models with a simple structure can
even outperform the more complex and computationally heavier nonlinear models
with sparse data or with a small amount of training data available (Araujo et al.,
2001; Hastie et al., 2009 ). However, this statement was not studied in this research.
The developed models can predict the level of and changes in the quality
parameters (BOD, COD, SS, N, and P) in varying operating conditions. Although
in the industrial WWTP the best SS and COD models are almost excellent, the
efficiency of the models is in general limited and exact values are challenging to
predict. However, it is worth bearing in mind that no developed model based on
real data is perfect. A developed model only describes part of the reality and there
are always conditions for which the model is not valid (Dochain & Vanrolleghem,
2001).
Two study periods at the municipal WWTP and utilizing three different
datasets from the period of 13 consecutive months in the selection of variables
confirmed that certain variables have an important role in modeling a specific
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quality parameter of the treated wastewater. Again, the same accuracy of a quality
parameter model was achieved with two slightly different sets of input variables,
which indicates that some variables are not essential even though they were
selected by some selection method. As mentioned previously, the process operation
is heavily dependent on the season of the year and therefore the temperature and
anoxic proportion of volume were selected in several subsets of input variables.
The anoxic proportion of volume, sludge concentration, and sludge age are,
however, more affected by the influent quality and wastewater temperature than
other process measurements and therefore their use in developing a predictive
model should be considered carefully.
In addition, it was found that the fractal dimension was an important optical
monitoring variable when developing models for suspended solids, COD, nitrogen,
and phosphorus in the municipal WWTP and also in the suspended solids model in
the industrial WWTP. The form factor was found to be important in modeling the
COD in both the industrial and municipal WWTPs. In the municipal WWTP, other
important variables, besides the fractal dimension were pH, (M) phosphorus, and
median area of objects for the nitrogen models, and the amount of filaments and
filament length for the phosphorus models. Influent nitrogen and sulfate, and (M)
iron were important variables for suspended solids models and iron, aspect ratio,
and filament length were selected in several BOD models.
Even though some variables are important in developing a model for a certain
quality parameter, in general the selected variables are different for each quality
parameter in industrial and municipal wastewater treatment processes. The research
confirmed the statement that every treatment process is unique (Liwarska-Bizukojc
et al., 2015) and transferring a model from one process to another is not feasible.
Thus, every treatment process requires an individual modeling study and the
models also have to be updated regularly, or a sufficiently long research period
should be used when developing original models.
In the municipal WWTP study, the models developed using the input variables
selected by the genetic algorithm performed slightly better in general than others.
The genetic algorithm was, however, the slowest individual method, taking tens of
minutes to result in the selection of input variables, and the number of selected
variables was in some cases larger than in a model that resulted in nearly the same
accuracy. Using methods that are computationally too expensive is seldom feasible
and the selection of the proper method is a balance between accuracy and speed.
Faster selection taking only few seconds can be performed for example by a
variogram method but the achieved modeling results are not optimal (Ohenoja &
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Tomperi, 2016). In contrast to the earlier research of Sorsa et al. (2013), the subsets
of input variables obtained from the combination of SPA and GA methods did not
improve the modeling accuracy in this research.
In the municipal WWTP case, the best quality parameter model was the
suspended solids model. However, the performance of the suspended solids models
improved only slightly when utilizing the automated optical monitoring variables
together with process measurements, compared with utilizing the process
measurements alone as input variables. The best suspended solids model included
only one optical monitoring variable (fractal dimension) and the rest of the input
variables were nearly identical in both cases. The strong interdependence with
temperature and high mutual dependencies between variables may prevent the
selection of other optical monitoring variables, due to selection based on
mathematical grounds only.
Nevertheless, the best models developed in this research can be considered
capable of predicting the quality of treated wastewater in varying operating
conditions with the accuracy that is sufficient for assist the process operation. As
the on-line optical monitoring shows valuable additional information on the quality
of the wastewater and reveals reasons for the problems continuously, fast,
objectively, and with little labor required, combined to predictive modeling the
quality of the effluent can be assessed more precisely and hours earlier than when
using only the traditional process measurements. Thus, process operation can be
optimized resulting in higher quality of treated wastewater and minimizing the
environmental damage, health-related problems, and economic losses.
4.3

Remarks on the results

When inspecting the presented results of this research, the following aspects have
to be taken into account.
The amount and length of the data available in both use cases were limited.
The longest data-collecting period was 13 consecutive months, which is sufficient
but some essential process measurements may be lacking in the datasets received
from the plant for this research. In addition, in the municipal WWTP, the on-line
optical monitoring and some process variable measurements were performed on
one of the nine parallel heterogeneous process lines, whereas the samples for
analyzing the effluent quality parameters included wastewater from all nine lines.
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Although the upgraded camera enabled a more accurate imaging of the shape and
size of objects, yet it is plausible that the resolution of the camera was not sufficient
to capture the smallest filaments affecting the biomass condition.
The results of the image analysis were proved statistically reliable in
Koivuranta et al. (2015) but the pumping and dilution of wastewater samples affect
the floc morphology. The breakage of flocs is inevitable during pumping and
dilution but the effects are contradictory. The effect of pumping can be either a
limitation of the technique (Biggs & Lant, 2000) or may have no significant
statistical influence (Grijspeerdt & Verstraete, 1997). However, in the long term
monitoring the steady sampling procedure and reliable observation of the changes
are more important than absolute correct values.
Process delays were not taken into account because the accurate time of manual
sampling and analysis were not recorded and the available on-line process
measurements were daily averages. True delays are also dependent on the varying
flow. Short-term variations in floc morphology have been studied to determine an
adequate frequency of sampling and analyses (Koivuranta et al., 2015) and hourly
sampling showed that no variations were revealed in the roundness, aspect ratio,
amount of filaments, or amount of small particles during a day in stable operating
conditions. The sampling frequency used in collecting the optical monitoring data
for this research can be considered adequate and knowing the exact delays is not
necessary.
The variable selection methods did not take into account any deterministic
models or chemical or biological knowledge about the activated sludge processes.
However, the selections were performed based on mathematical grounds only.
Mathematical analysis may not accurately correspond to the actual situation in the
process. It must be noted that the complexity of the wastewater treatment process
can easily cause quasi-correlations. A high correlation between variables does not
always mean strong real-world causality. There may also be many hidden factors
that affect the real process but which are not shown in the data analysis, due to the
limited amount of data or measurements available or due to the analysis method.
In addition, the same quality of treated wastewater can be the result of several
combinations of morphological parameters, which hinder the correlation analysis
and perhaps also affect the variable selection results. After all, the results of the
correlation analysis have to be considered only as approximations when the process
includes several nonlinearities.
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5

Conclusions

The main aim of this research work was to develop the best possible models for
predicting the most common quality parameters (BOD, COD, SS, N, and P) of the
treated wastewater of two full-scale WWTPs, utilizing automated optical
monitoring results and conventional process measurements. The purpose was to
develop models that have the ability to actually predict the quality of the treated
wastewater with the accuracy that is sufficient to show the level of and the changes
in the treated wastewater quality and thus could be used as assistance in process
control. For this reason, in addition to optical monitoring variables only the
measurements from the early part of the processes were used as input variables.
Simple structure MLR models were developed to make the interpretation and
implementation of the models easy and the computational load light.
An important aspect of the research was to study how utilizing the process
measurements and the optical monitoring variables separately and together in the
model development affects the modeling accuracy. It was also shown that variable
selection methods could be used to find the optimal subsets of input variables for
the models. The dependences between the optical monitoring variables and the
process variables, especially the quality parameters of the treated wastewater, were
also briefly examined.
The research was carried out at two full-scale WWTPs, one industrial and one
municipal, to demonstrate the functionality of the automated optical monitoring
and analysis, variable selection, and modeling in multifold processes as the
industrial and municipal WWTPs have many differences for instance in the control
principles, and most importantly in the quantity and quality of the influent
wastewater.
The benefits of the automated optical monitoring of floc morphology in a fullscale wastewater treatment process are clear. In-situ operation requires no manual
sampling or sample transportation and the only sample preparation needed is
automated dilution. With automated on-line optical monitoring, the statistical error
of results is minimized compared with the traditional manual study of the
wastewater samples by a human. With manual microscopic study, obtaining a
statistically sufficient amount of data is almost impossible. With on-line monitoring,
valuable additional information on the quality of wastewater and reasons for
problems are received continuously, fast, objectively, and with little labor.
The research showed that variable selection methods are capable of finding
subsets of input variables for the quality variable models. Additionally, when
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utilizing the results of the optical monitoring of wastewater together with process
measurements, the quality of the treated wastewater in the municipal and industrial
wastewater treatment processes can be predicted in varying operating conditions
with an accuracy that is sufficient for use in assisting process control. As the quality
of the effluent can be assessed hours earlier compared to using only traditional
process measurements, process operation can be optimized, resulting in more
efficiently purified wastewater and thus minimizing environmental damage, healthrelated problems, and economic losses.
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