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Abstract

Machine learning has contributed with significant value in several industries. However,
despite the water sector being a data heavy intensive sector, it is still far behind in
the implementation of machine learning. Several barriers for machine learning in the
water sector exist, and often the decision makers in the water sector lack knowledge
about machine learning, making it difficult to make optimal decisions regarding the
investment.

The aim of this thesis is to investigate the potential for value creation in the water
sector using machine learning and perform research in relevant use cases.

Therefore, several use cases were identified through meetings with experienced water
professionals. The use cases were subsequently assessed according to their economic
potential, the required investment and the risk related to development. Furthermore, the
use cases were clustered according to area of the water sector, whether they represented
value that could not be directly calculated as an economic benefit, and type of machine
learning. Based on the analysis, four use cases were subject for research in this work.
The four use cases were sewer deterioration modeling, prediction of methane yield from
biogas plants, fault detection in pumps, and Drift detection in Wastewater Treatment
Plants (WWTP).

Sewer deterioration modeling entailed development of a Random Forest deterioration
model, investigation of the potentials for optimizing the model by using logically grouped
datasets, investigation of the features affecting the model, investigation of how the
data affects the performance of the models and how the data affects the potential for
forecasting pipe condition. The model obtained state-of-the-art performance, however,
it was not possible to optimize it by utilization of logically grouped datasets. During
the investigation of the features affecting the performance of it was observed that the
feature importance varied between different utilities, and that the models were highly
dependent on the pipe inspection strategy. The inspection strategy also affected the
forecasts of the pipe conditions.

For predicting the methane yield from biogas plants, it was investigated if a hybrid
model, consisting of a Gompertz model and a machine learning model, could obtain
better performance when compared to one of the models. The results showed that for
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predictions one day ahead, the hybrid model indeed performed better than each of the
models individually.

For fault detection in pumping stations, it was investigated if Convolutional Neural
Network (CNN) could improve the reconstructions of the energy in pumping stations
compared to Multilayer Perception (MLP). However, despite both the CNN and MLP
models performing well with their predictions being used for filling missing signals, the
performance was not sufficient for fault detection. The primary reason for this was
related to low resolution of the data.

For the last subject, drift detection in WWTPs, the application of methods developed
in the literature to data from real operational plants was sought. The results showed
that it was difficult to apply these methods to data from real WWTPs, as most of them
were developed for highly controlled data such as simulated data and dry-weather data.
Based on the findings from those methods, recommendations were made for bridging
the gap between academia and practice.

From the experience obtained through research within the four subjects, the factors
affecting the investment and risk related to development of machine learning solutions
were discussed, and recommendations for minimizing the investment and the risk related
to development of machine learning solutions were formulated. It is expected that these
recommendations will contribute to future decision making.

Low data quality is a key barrier for machine learning in the water sector. However,
despite the data being of low quality for machine learning purposes, the data quality
might be sufficient for solutions based on other types of Al statistics and visualisations.
Despite this barrier, several drivers for machine learning in the water sector exist. For
instance, it is expected that the data quality will increase due to increased focus. Fur-
thermore, the need for reaching the United Nations Sustainable Development Goals
(SDGs), increased awareness of the environment among citizen are among the drivers
for more machine learning in the water sector.



Resumé

Machine learning har bidraget til stor veerdiskabelse i mange forskellige sektorer, men
pa trods af at vandsektoren er en datatung industri, er anvendelsen af machine learn-
ing langt bagud sammenlignet med eksempelvis produktionssektoren. En udfordring i
forbindelse med inklusion af machine learning i vandsektoren er, at beslutningstagerne
ofte mangler erfaring med machine learning, hvilket ggr det svaerere at traeffe en velbe-
grundet beslutning.

Formalet med dette arbejde er at undersgge potentialet for veerdiskabelse i vand-
sektoren ved brug af machine learning samt at udfgre forskning indenfor relevante use
cases.

Derfor blev der fgrst identificeret en lang raekke potentielle use cases gennem mgder
med fageksperter indenfor vandsektoren. Use casene blev herefter systematisk vurderet
udfra deres gkonomiske potentialer, den forventede investering og risikoen forbundet til
udvikling af produktet. Derudover blev use casene inddelt efter, hvilket omrade indenfor
vandsektoren de tilhgrte, om de repraesenterede en veerdi, som ikke kunne beregnes
som et gkonomisk potentiale samt typen af machine learning der skulle anvendes til
use casen. P& baggrund af analysen blev der forsket indenfor fslgende fire omrader:
Tilstandsmodellering af kloakledninger, forudsigelse af metanudbyttet fra biogasanleg,
detektion af fejl i pumpestationer samt detektion af sensordrift i rensningsanleg.

Arbejdet med tilstandsmodellering af kloakledninger indebar udvikling af en random
forest tilstandsmodel, forskning i optimering af modellen ved anvendelse af logisk opdelte
dataseet, forskning i hvilke parametre der er betydende for modellens performance, og
hvordan datagrundlaget pavirker modellernes ydeevne samt undersggelse af, hvordan
historisk data bedst muligt anvendes til at fremskrive ledningstilstanden. Den udviklede
model opnéede state-of-the-art performance, men det lykkedes ikke at optimere mod-
ellen yderligere ved brug af logisk opdelte dataseet. I forbindelse med undersggelserne
af hvilke parametre der er betydende for modellernes performance, viste det sig at der
var en stor variation i vigtigheden af parameterne for de forskellige forsyninger, og at
modellerne var steerkt afheengige af den anvendte inspektions strategi. Den anvendte
inspektionsstrategien pavirkede og fremskrivningen af ledningstilstanden.

Til forudsigelse af metanudbyttet fra biogasanlaeg blev det undersggt om en hybrid-
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model, bestdende af en gompertz-model og en machine learning-model, kunne levere
bedre resultater sammenlignet de to modeltyper hver for sig. Resultaterne viste, at
hybridmodellen var bedre til at forudsige metan udbyttet en dag ud i fremtiden, end de
to modeller var hver for sig.

Til fejldetektion i pumpestationer blev det undersggt, om Convolutional Neural
Network (CNN) kunne levere bedre rekonstruktioner af energiforbruget i pumpesta-
tioner sammenlignet med Multilayer Perception (MLP). P4 trods af at bade CNN og
MLP-modellerne opnaede god performance, hvis forudsigelserne skulle bruges til at ud-
fylde manglende data, var rekonstruktionerne ikke tilstraekkelige til fejldetektion. Den
primeere arsag til dette var, at oplgsning af dataene var for lav.

I forbindelse med detektion af sensordrift i sensorer pa rensningsanlaeg, blev det
afdeekket, hvorvidt tidligere publicerede metoder kunne anvendes pa data fra opera-
tionelle rensningsanlaeg. Resultaterne viste, at det var sveert at anvende metoderne
pa data fra operationelle rensningsanlaeg, da de fleste af dem var baseret pa data med
langt hgjere datakvalitet end det, der indsamles pa de fleste operationelle rensningsan-
leeg. Eksempelvis er mange af metoderne udviklet til simuleret data, hvor fejltyper kan
isoleres, og hvor spildevandssammensatningen m.v. i forvejen er kendt. Pa baggrund
af resultaterne blev der formuleret anbefalinger til, hvordan forskning og praksis kan
naerme sig hinanden.

P& baggrund af erfaringerne fra forskningen i de fire emner, blev der lavet en ny
vurdering af, hvilke faktorer der er betydende for stgrrelsen af investeringen og risikoen
relateret til udvikling af machine learning-lgsninger. Derudover blev de forskellige fak-
torer diskuteret, og der blev formuleret anbefalinger til, hvordan disse kan minimeres.
Det forventes, at disse anbefalinger vil bidrage til fremtidig beslutningstagning i kryds-
feltet mellem vandsektoren og machine learning.

Lav datakvalitet er en veaesentlig barriere for machine learning i vandsektoren, men
selvom data ofte er af for ringe kvalitet i machine learning-sammenhaeng, kan datak-
valiteten godt veere tilstrackkelig hgj til anvendelse i lgsninger, der er baseret pa statistik,
mindre komplicerede AI teknikker og visualisering. P& trods af denne barriere er der
adskillige drivere for machine learning i vandsektoren. Eksempelvis forventes det, at
datakvaliteten vil stige som folge af gget fokus. Ydermere er behovet for at nda FN’s
verdensmal for bezeredygtig udvikling og gget opmaerksomhed pa miljg blandt borgere
nogen af de faktorer, der trackker i retning af mere machine learning i vandsektoren.
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Chapter 1

Introduction

The value gained from digital inventions is increasing exponentially [23], and digital
innovation is expected to add 14 % to the global economy by 2030 compared to 2017 [1].
This has also been reflected in the European Union’s budget, which has allocated billions
of euros for the digital transformation through different programs [7]. One such program
is Horizon Europe, worth €95,52 billion!, which targets research in the green and digital
transition, health and resilience. 35 % of the funding in Horizon Europe should go to
support the digital transition. Another program, Digital Europe, is worth €7.59 billion®
and has the purpose of bridging digital technologies to citizens, businesses and public
administration. It is worth mentioning that these programs are coherent with other
programs and funding, meaning that the real amounts to be spent on the areas are
significantly larger [7].

The maturity of the digital transformation depends on the specific industry. While
manufacturing is a leading industry in the digital transformation [18], the water sector
is far behind despite being a very data heavy industry [36].

Recently, there has been an increased focus on digitization of the water sector to
meet the United Nations Sustainable Developments Goals (SDGs) [23]. However, the
water sector is a complex industry with many causalities in the variables influencing the
decision processes [25]. Despite progress within, e.g. environmental decision support
systems, there is still a long way before research can deliver systems which smoothly
integrate several knowledge types and reasoning methods [5]. Several reasons for this
have been recognized in the literature, such as economic, technical, regulatory, and
human factors [36].

An example of an economic factor is the willingness to pay for the product; compared
to other industries, the water sector has not been forced to optimize their solutions
through competition [36] but through local legislation and taxes for discharges, as is the

1Prices are inflation adjusted for November 2020.
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case in Denmark [22, 28]. Furthermore, the water prices are between 0.5 % and 1 % of
the oil prices. Thereby, data-driven solutions within, for instance, leak detection in oil
pipes are far ahead compared to solutions for leak detection in water pipes. However,
recently water has been considered a more valuable resource, and more research has
been put into optimization in the water sector [36].

The technical reasons include, for instance, the fact that the processes in the water
sector are fairly stable, and thereby could be operated without automation. However,
increasing complexity in, e.g., wastewater treatment and recovery systems, means that
the human ability to handle and predict disturbances in the systems becomes a limiting
factor. Another technical reason is that historically utilities have been required to meet
specified limits for emissions, which can be achieved by rule-based solutions, ensuring
no need for developing the most optimal solutions. At Wastewater Treatment Plants
(WWTPs), missing reliability of more complicated sensors, such as ammonia, nitrate,
etc., has prevented well-developed control algorithms from being applied. Furthermore,
a sufficient level of instrumentation for control and automation is often not included
in the design of the plants but added as supplementary afterwards [36]. Despite a
movement towards including these perspectives in modern designs, the life cycle of a
wastewater treatment plant is several decades. Thereby this problem will be present for
several decades in the future.

A regulatory factor often present in Europe is that only laboratory analysis of man-
ually collected samples are accepted by regulatory agencies.

Human factors include operators changing set points to increase the safety margins
for the quality of treated water. Increased safety margins typically entails increased
usage of energy and chemicals, but historically, the operators have seldom been rewarded
for reducing the usage of energy and chemicals [36]. However, today the focus on
climate is increasing, and goals for energy and climate neutrality have been defined. For
example, in Denmark the water sector should be climate and energy neutral in 2030 [2].
Furthermore, other factors, such as job protection, lack of education in operational
performance, and overdesign of the systems, are relevant. The reason for overdesign of
systems being relevant is that it entails a lower sensitivity to optimal control to meet
the requirements for emissions [36].

Despite these limiting factors, an exponential increase in applications of machine
learning and artificial intelligence has been seen within environmental science and water
management [30]. The applications are within a large number of different areas, includ-
ing burst detection in clean water distribution systems [35], clean water supply [19],
drinking water quality [4, 6, 34], inland water quality assessments [4, 8, 25, 27, 31, 33],
sewer management [12-15, 20, 32], hydrology [39, 40][18,19], rainfall [3, 29], flood
detection and management [16, 26], wastewater treatment management and control
[5, 11, 17, 21, 24, 37, 38|, and climate research [23].

A key challenge for machine learning in the water sector is that despite several
learning based solutions have been developed in academia, only few have made it into
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real world implementations [5, 10, 11].

For instance, operation of WWTPs is complicated by the fact that it needs to be both
environmental, economic and socially sustainable. Decision Support Systems (DSS)
encountering the sustainability aspects might be more complicated than traditional DSS,
though that does not make them more reliable. The reusability of the DSS systems in
WWTPs varies between studies, and the fact that many solutions are site-specific is one
of the major challenges. Additionally, the datasets used are often kept private. [21].

There is still a huge potential for new machine learning applications [24], and de-
spite machine learning being widely applied within the water sector, a large potential
remains [9]. Within water, environmental, and resource management the need of Big
Data analysis is inevitable. However, it is even more important to ensure correct imple-
mentation and proper usage and planning of the resources available [9]. In the future,
Big Data will change environmental and water research design, performance and anal-
ysis fundamentally [30], and these potentials apply several levels of digitization, from
automatic meter reading to high level digitization methods such as advanced data ana-
lytic.

1.1 Scope of thesis

The aim of this thesis is to investigate the potential for value creation in the water sector
using machine learning and perform research within relevant areas. This is done by iden-
tification and assessment of relevant use cases and subsequently perform research and
development within a number of these cases that a) has a potential for value creation, b)
can contribute within different areas of the sector and c) can bring new methodological
knowledge to the commercial part of the water sector. Based on the experience obtained
through investigation of the different use cases, recommendations for future work within
the sector are given.

1.2 Thesis structure

The body of this thesis consists of eight chapters: Chapter 2 is an investigation of the
potential for machine learning in the water sector from a practical perspective. Based
on the findings in Chapter 2, Chapters 3, 4, 5, and 6 present the research conducted
within four main themes: sewer deterioration modeling, forecasting of methane yield
from biogas plants, fault detection in pumping stations, and drift detection in WWTPs,
respectively. Chapter 7 contains a follow-up on the analysis presented in Chapter 2
based on the experiences gained from the work within the four themes. Furthermore,
Chapter 7 provides general perspectives on machine learning in the water sector. An
overview of the main content of the thesis, related papers, and one appendix can be
seen in Figure 1.1.
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Fig. 1.1: Overview of the content of the thesis. In the figure, each box refers to a chapter. As indicated
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Chapter 2

Potential of Machine Learning
in the Water Sector

As described in Chapter 1, the water sector is a data heavy industry which suggests a
large potential for machine learning solutions. Generally, there has been a movement
towards data-driven solutions in research, but out of 340 published papers on data-
driven solutions in WWTPs only 16 % were implemented as software tools [1]. Even
when full-scale WWTPs were used in studies on soft sensors, only a small minority of
the studies reported a practical implementation of the methods [3]. Likewise, despite
several decision support systems having been published in academia, only few have made
it into actual frameworks [2].

Reasons for the solutions not being implemented in practice include: lack of associa-
tion between computer engineering and water engineering, limited practical experience
among the academics using the machine learning methods, challenges with complexity
due to the intricate issues in water and wastewater systems, and the need for simpler
tools and user-friendly interfaces [2, 4].

Experienced water professionals have in-depth insight into the needs of the water
sector, including the processes and solutions which have a potential for optimization,
and where data are available. However, there is often a lack of knowledge about how
machine learning can be applied to the data to make new products and services. On the
other hand, data scientists have a lot of knowledge about how data can be used but little
knowledge about the water sector. Insight into both the water sector and data science
are needed to make machine learning solutions which can create value in the water
sector. Furthermore, the decision makers in the water sector are usually experienced
water professionals who have little or no experience with machine learning. This makes
it challenging for them to make qualified decisions on how to optimally invest in machine
learning solutions.
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Therefore, there is a need for identification of use cases for machine learning, as
well as there is a need for a systematic way of assessing the use cases. This assessment
should be intelligible for the decision makers and enable an enlightened discussion of
which use cases represent the best investments. Thus, our first task has been to identify
and assess use cases for machine learning in the water sector.

2.1 Potential use cases

The potential use cases were identified in the first half of 2019. For identifying the
potential use cases, resources in EnviDan were available, which in 2019 included ap-
proximately 200 consulting engineers, biologists, software developers and economists,
working within different areas of the water sector. To identify as many and relevant
use cases as possible, 1% - 2 hour meetings where held with the heads of business and
development at EnviDan or engineers with corresponding insights in the specific busi-
ness area of EnviDan. The business areas were clean water, sewers, climate, nature
and streams, wastewater treatment, energy, informatics, and economics. The meetings
contained an introduction to machine learning and a brainstorm session where potential
use cases were formulated. As there are several experienced water professionals who are
not titled head of business or development but have great knowledge about the water
sector and can contribute with potential use cases, a five-minute presentation of machine
learning and the collected use cases was given to all the employees in EnviDan. The
presentation was followed by a post on the company intranet where everyone was urged
to contribute with use cases. Furthermore, a coffee meeting was held with an interested
customer.

The collection resulted in 55 use cases after transcription. Of these, 49 were suffi-
ciently specific for further consideration.

To gain an overview of the ideas, a sunburst diagram showing the use cases based on
the required machine learning approach was made. A modified version of this diagram
is presented in Figure 2.1, as it is not possible to reveal the exact use cases because they
are proprietary knowledge.

2.2 Assessment of use cases

Typically, companies use a business model to evaluate the potential of a new product
or service before initiating the development process. This is also the case for EnviDan.
When an employee in EnviDan has an idea for a product or service, the employee must
fill out a schedule concerning ten different factors which can impact the idea. How-
ever, it would be too cumbersome and time consuming for the decision makers to go
through several pages with descriptions for each of the 49 potential use cases for machine
learning. Instead, the schedule for assessing ideas in EnviDan was analyzed, and based
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Fig. 2.1: Sunburst diagram showing the distribution of the ideas according to machine learning meth-
ods and applications. The names of the potential use cases have been replaced by numbers, as the
specific use cases are proprietary knowledge

on this analysis, three keystones were extracted. These keystones were the economic
potential, the required investment and the risk related to development. Furthermore,
legislation hindering the use case and value, which could not be transformed to an eco-
nomic potential, were considered in the business model. Based on this, use cases which
could not be made within the framework of the law were excluded, and subsequently
models for economic potential, investment and risk were made for the remaining cases.
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2.2.1 Model for potential

The potential of a product depends on the customers willingness to pay for the product,
the resale potential, and the potential savings. Therefore, the potential was calculated
as shown in equation 2.1:

Potential = willingness__to__pay - n__customers + savings (2.1)

For each business area in EnviDan, the head of the business area, or a substitute
with similar experience, assessed the use cases according to willingness to pay, number
of customers over five years and the expected savings over five years. The specification
of five years was inspired from EnviDan’s business model. As it was impossible to give
precise estimates of these parameters, checklists with intervals were used. The checklists
can be found in Appendix F Table F.1, F.2 and F.3.

2.2.2 Model for investment

Two factors influence the investment related to a product: the required working hours
and the material prices. For simplicity, material prices were excluded from this analysis
as the main expense in data science is working hours, especially if the data have already
been acquired or the material needed for acquisition is already available, which was the
case for most of the proposed use cases. Based on this, the required investment was
considered equal to the time spent on the project.

Estimating the working hours related to a data science project is associated with high
uncertainties due to unforeseen factors related to, e.g., data quality, data accessibility
and experience by the developers. Therefore, a model for the time duration is deemed to
be imprecise. To accommodate the large uncertainties related to data science projects
the decision was made to not make exact time estimates. Therefore, the time duration
related to each of the use cases was assessed on a scale from zero to one.

The time duration related to a project was considered as the time duration needed
for development and time duration needed for adjustment to different customers, as
illustrated in Equation 2.2.

time = 1 - timege, + Qg - timegg; (2.2)

In Equation 2.2, the a;; and as are constants used for tuning the weight between the
time for development and time for adjustment. Details on the « values can be found
in Appendix F Table F.12. The time for development was considered to depend on the
data accessibility and the complexity of the solution, as illustrated in Equation 2.3.

timege, = a3 - datGgecess + Q4 - complexity (2.3)

In Equation 2.3, datagccess is the accessibility of the data, and complexity is the
complexity of the solution. agz and a4 are constants used for tuning. Details on the
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factors affecting the data accessibility can be seen in Appendix F Table F.4. The
factors influencing the complexity of the solution considered here are the number of
input parameters, number of output parameters, the correlation between input and
output, the required machine learning method, and whether more complex parameters
were used as input. The complexity was calculated, as illustrated in Equation 2.4.

complexity = as - Nin + Q6 * Nout + Q7 - COTTin_ out + Qi * tYPEn + Qg - method  (2.4)

In Equation 2.4, n;, refers to the number of input parameters, n,: refers to the number
of output parameters, corri, out refers to the correlation between input and output,
type;, refers to the type of input parameters, method refers to the required machine
learning method and a5 to ag are constants used for tuning. Details on the parameters
can be found in Appendix F Tables F.5, F.6, F.7, F.8, F.9, and F.12.

The time duration for adjustment to different customers was estimated based on the
adjustment needed per sale, as shown in Equation 2.5.

timegd; = adjamount - M__customers (2.5)

In Equation 2.5, adjamount refers to the amount of adjustment required per customer.
Details on the parameters can be seen in Tables F.10 and F.2.

2.2.3 Model for risk

The risk related to investing in a use case was considered as the time spent on de-
velopment and the likelihood of the solution not reaching the minimal viable product
(MVP), or that the time for development would exceed the expectations, which has
been expressed in Equation 2.6.

Risk = Timege,-(10-Likelihoodyv p ot feasivle+Q11-Likelihoodiime overrun) (2.6)

In Equation 2.6, Likelihoodprv p_not_feasivle is the likelihood that the MVP is not
feasible, and Likelihoodiime overrun 1S the likelihood for exceeding the expected time
duration. ayp and o are parameters for tuning of the Likelihoodnrv p not feasivle and
Likelihoodiime overrun and can be found in Appendix F Table F.12. A key hindering for
obtaining a MVP is lack of data quality. However, a fair evaluation of the data quality
is not feasible for a large number of use cases, as it would require in depth knowledge of
the data. Therefore, the decision was made to focus on the correlation between input
and output of the model as this is a more narrow scope than data quality. Another
important factor is the minimum model performance required for reaching the MVP.
The formula for Likelihoodpyvp not feasible is shown in Equation 2.7.
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Likelihoodpyrv p_not_feasivie = Corrin_out - min_req (2.7)

In Equation 2.7, min_ req is the minimum requirements in terms of precision which
need to be met for the solution to create value. Details can be found in Appendix F
Table F.11.

Finally, the likelihood of a task to exceed the development time depends on the
complexity of the algorithm, as complex solutions often entail a higher likelihood of un-
foreseen elements. Furthermore, there is a higher risk for exceeding the time limitations
if the MVP requires a high performance than if a low performance is acceptable.

The formula for Likelihoodiime overrun 18 shown in Equation 2.7.

Likelihoodtime overrun = complexity - min__req (2.8)

2.2.4 Selection of weights of the different parameters

In the formulas for calculating the potential and risk related to the use cases, the
parameters were weighted according to each other with « values. Selection of these
values was based on how important the different parameters were. For instance, when
considering the complexity of a solution, the correlation between input and output
is considered more important than the number of input parameters. Therefore, a7
was assigned a higher value than as. The « values in this evaluation were based on
EnviDan’s experience level regarding machine learning in the spring of 2019. If this
analysis were to be remade in 2022, several parameters would need to be changed as
EnviDan’s experience level within machine learning has increased.

Furthermore, the time required for development is highly dependent on factors such
as the skill levels of the person developing the model, access to sparring and supervision,
data accessibility and licenses. These factors were considered when assigning values in
the lookup tables. For instance, EnviDan had some experience with supervised learning
and no experience with reinforcement learning in 2019. For this reason, reinforcement
learning would assign a higher value to the method parameter than supervised learning
would.

2.3 Selection of use cases

The results of the assessment are shown in Figures 2.2, 2.3, and 2.4. In the figures, all use
cases are plotted according to the economic potential and the investment. Furthermore,
the risk is indicated as blob size so that ideas with low risk are represented by large
blobs. The blobs in the three figures are color-coded according to area, machine learning
approach, and whether they represent a value which could not directly be measured as
an economic benefit, such as customer retention. In the figures, the economic potential
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of the use cases looks quantified. The reason for this is that checklists, and thereby
all use cases within the same interval, were assigned the same value. This was also
the case for the models for investment and risk, though because the investment was
evaluated on several more parameters than the economic potential, it did not result in
a quantification of the investment in the figures.

A
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0.61 © Wastewater treatment
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Fig. 2.2: Results of the assessment color-coded according to subject area. The first axis shows the
economic potential, and the second axis shows the investment as time duration. The time duration is
assessed on a scale from 0 to 1, as the time estimates represent the use cases according to each other
rather than the exact time duration. The sizes of the blobs are negatively correlated with the risk, e.g.,
the larger the blob is, the smaller the risk is. Use cases which were selected for research in this work
are marked with arrows.

The results of the assessment were presented for a group of decision makers in En-
viDan, followed by a discussion of which use cases were relevant for development in
general and which were relevant for research in work.
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Fig. 2.3: Results of the assessment color-coded according machine learning type. The first axis shows
the economic potential, and the second axis shows the investment as working hours. The sizes of the
blobs are negatively correlated with the risk, e.g., the larger the blob is, the smaller the risk is. Use
cases which were selected for research in this work are marked with arrows.
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Fig. 2.4: Results of the assessment color-coded according to whether the use case represents value
which cannot be measured as an economic potential. The first axis shows the economic potential, and
the second axis shows the investment as working hours. The sizes of the blobs are negatively correlated
with the risk, e.g., the larger the blob is, the smaller the risk is. Use cases which were selected for
research in this work are marked with arrows.
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As some of the intentions with this work were to both increase knowledge of machine
learning in EnviDan generally and within the different businesses of EnviDan, it was
sought to select use cases within different subject areas and use cases which required
different machine learning techniques. Initially three use cases were selected. These
were sewer deterioration modeling focusing on ageing curves, fault detection focusing
on a general system for implementation in EnviDans softwear products, and control of
air pumps in WWTPs. The machine learning method required for development within
these three use cases were supervised learning, supervised and/or unsupervised learning,
and reinforcement learning. However, due to time constrains and challenges related to
data quality, the actual working areas in this work were sewer deterioration modeling,
prediction of methane yield from biogas plants, fault detection in pumps, and Drift de-
tection in WWTPs, which was a research-relevant sub-task within Quality control of
sensors in WWTPs. The use cases developed in this project are marked with arrows in
Figures 2.2, 2.3, and 2.4.

2.4 Contributions

e An overview of potential use cases for machine learning for value creation in the
water sector provided and analyzed from a business perspective.

o The analysis proved to be an efficient tool providing a common basis for discussion
between experienced water professionals and data scientists. The systematic way
of assessing each use case entailed that there was an argument behind the assess-
ment of each use case, making it easy to explain why one case was more complex
than another.

e A new method for making an intuitive visualization of different use cases was
provided. This is a significant contribution for EnviDan as the method has sub-
sequently been used for evaluation of different solutions by other engineers in
EnviDan.

e The details in the developed method are adjusted for EnviDan. However, it is
suggested that the method can be adjusted for companies other than EnviDan
and other subject areas than machine learning in the water sector.
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Chapter 3

Sewer Deterioration Modeling

The urban drainage system is essential for modern society, and reduced functionality of
sewers can result in exfiltration and flooding, which can affect several externalties such
as public health, property, the environment and traffic disruption [28, 30]. Furthermore,
breakdowns in the system can entail significant damage to the surrounding infrastructure
such as roads and buildings [17]

Due to the sewers being underground, they are in general very hard to monitor. To-
day, monitoring is done through Closed-Circuit Television (CCTV) inspection, where an
operator sends a remote controlled CCTV robot into the sewer and manually annotates
all observations [30]. This is a labor-intensive process, so utilities only have enough
resources to inspect a small percentage of their sewer pipes every year. Therefore, the
utilities need to prioritize which pipes to inspect.

Historically, risk-based rehabilitation has been area-based in Denmark. In area-
based rehabilitation, all the pipes in a given sewer network or part of a sewer network
are inspected based on the experience of the operators and pipe age. Subsequently, it
is decided if the inspected network should be rehabilitated.

When a network is selected for rehabilitation all the pipes are rehabilitated or re-
placed, despite that some of them could easily be functional for several more years.
This is done to ensure that all the pipes can last until next time the network is in-
spected. To extend the pipes’ lifetime and thereby save resources and economic costs,
there is a movement toward risk-based planning of CCTV-inspection and rehabilitation
of individual pipes [16].

Pipe level-based asset management entails new requirements to software-based as-
set management systems as the utilities now need to keep track of tens of thousands
individual pipes compared to a limited number of areas, which was the case before.
To meet these needs, several risk-based asset management systems have been devel-
oped [1, 12-14], typically consisting of a deterioration model and a consequence model.

23
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The deterioration model predicts the condition of a pipe or the likelihood of a pipe to
be in a given condition, and the consequence model estimates the severity of a pipe
failure [30].

3.1 Sewer deterioration modeling

This section contains an overview of the methods previously used for sewer deterioration
modeling and how a general model was made for several Danish utilities.

3.1.1 Existing approaches

Sewer deterioration is affected by several different factors. When developing deteriora-
tion models, the researchers typically select input parameters based on expert knowledge
about which factors affect the condition. Table 3.1 shows the factors which have pre-
viously been considered relevant in the literature, including physical, environmental,
operational, and constructional factors.

Table 3.1: Factors affecting the deterioration of sewers. The overall taxonomy is based on [3] and the
details are a combination of [3, 23, 24].

Factors influencing the deterioration of sewers

Physical Environmental Operational Constructional
Age Infiltration/exfiltration Sediment level Standard of
Size Groundwater level Maintenance and workmanship
Shape Presence of trees repair strategies Installation method
Length Traffic and surface loading Sewage characteristics

Depth Soil /backfill type Yearly sewage flow

Material Precipitation

Type

Slope

Joint type and

material

It is worth noticing that the factors listed in the table are not exclusively the factors
which influence the deterioration. For instance the land use (e.g., city or industry) influ-
ences the load, hydraulics, and sewage characteristics. Furthermore, other factors such
as number of road grates or buildings might be relevant from a model perspective as it
indirectly contains information on factors such as sewage characteristics and hydraulics.

Several different methods for sewer deterioration modeling have been presented in
the literature. An overview of the methods can be seen in Table 3.2.

Sewer deterioration models can either be on a network level or a pipe level. On a
network level Markov Chain and Survival Analysis are the most reliable, whereas on a
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Table 3.2: Overview of methods for sewer deterioration modeling based on (3, 19, 26]

Sewer deterioration models

Deterministic Statistical Artificial Intelligence
Rule-based Simulation Discriminant Analysis Support Vector Machine
Markov Chain Decision Trees
Semi Markov Chain Random Forest
Cohort Survival Bayesian Networks
Regression Artificial Neural Networks
- Logistic Fuzzy Logic
- Binary Evidential Reasoning
- Linear/Multi Linear
- Exponential
- Ordinal

pipe level machine learning models and statistical regression models are best suited for
detecting pipes in critical condition. [30]

On a pipe level the deterioration models either predict the probability of a sewer to
be in a certain condition or the exact condition of the sewer [17]. In this work, focus
has been on models which predict the exact condition of the sewers.

There is no consensus in the definition of when a pipe is in a certain condition,
as it typically follows local standards such as the European standard [23], German
standard [20], Norwegian standard [29], and the Danish standard [17]. Furthermore,
some authors combine multiple condition classes into fewer classes [21] or define the
condition classes based on specific needs for a utility [16]. The performance of the
models are generally low, which has motivated researchers to make binary deterioration
models or to evaluate the performance of the models by combining the classes, which
also makes them easier to compare to each other [17, 29]. Another challenge is a lack
of consensus in the published models regarding the balance between sensitivity and
specificity. However, one work [23] fixed the sensitivity to 0.80 based on inputs from a
utility. The performance of the models are highly dependent on the used dataset and
how the condition is defined. Furthermore, due to privacy issues the datasets are usually
not publicly available, making it difficult to compare the models.

Most of the deterioration models have been developed based on data from a single
city [2, 4, 8, 18, 20, 22, 29, 31], and in a few cases data from two cities [11] or an area [23].
However, as not all utilities are in possession of sufficiently large datasets, it would be
favorable if the models were not dependent on individual utilities.
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3.1.2 Suggested model

In this section an overview of our work of developing a general sewer deterioration model,
which was trained and tested on pipe data from several different utilities, is presented.
Further details can be found in Paper A.

CCTYV inspection reports for pipes and pipe sections were available from 35 different
Danish utilities. The condition of the pipes was evaluated using an adjusted version of
the physical index (TS), which is a Danish standard for measuring the condition of the
pipes. The TS is measured on a continuous scale from 0-10. For each of the inspected
pipes, 47 parameters were extracted from EnviDan’s data portal, GIS, and other online
databases. An overview of the parameters can be found in Paper A Tables A.1 and A.2.
In total, all parameters were available for 146,856 of the inspection reports.

Three versions of the dataset were used: one with the full dataset, one without
geographical information and one where pipes were removed from the dataset to obtain
an approximately equal distribution of pipes within the different T'S.

The dataset was divided into a training set containing 90 % of the data points and a
test set containing the remaining 10 % of the data points. 15 different machine learning
algorithms and ensemble of the best performing algorithms were tested. Based on these
tests and the literature the decision was made to use Random Forest for the model.

As Random Forest is known for introducing a bias towards the average performance,
we found the linear transformation which described the bias when predicting the TS
of the training data, as shown in Figure 3.1, and utilized it on the predictions of the
testset.

Predicted vs. observed TS for
full data set

Observed TS

Predicted TS

Fig. 3.1: Illustration of the bias in the predictions for the training data. The figure is adapted from
Hansen et al. [17].
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To compare the performance of the algorithms to performances seen in the literature,

the TS was divided into respectively five and two condition states as shown in Figure
3.2.

Observed TS
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Predicted TS
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o 41
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Predicted TS

Fig. 3.2: Illustration of how the TS was divided into five and two condition states. The figure is
adapted from Hansen et al. [17]

For a utility, it can be beneficial to define the sensitivity of the model and, with
inspiration from Laakso et al. [23], the decision was made to fix the sensitivity to 0.80
for the binary evaluation. This was done by moving the threshold for when to categorize
a pipe to be in bad condition, as shown in Figure 3.3.

The results showed that the model was able to obtain state-of-the-art performance.
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Observed TS

Predicted TS

Fig. 3.3: The sensitivity can be adjusted by moving the threshold for when a pipe is predicted to be
in good or bad condition as shown by the red arrows. The figure is adapted from Hansen et al. [17].

The performance of our model compared to other models presented in the literature
can be found in Table 3.3. Thereby a model was simultaneously developed for several
different utilities. This is beneficial compared to developing a model for each individual
utility, which does not necessarily have a sufficiently high number of inspected pipes.

3.1.3 Contributions

e We made a model with state-of-the-art performance when applied to pipes from
several different utilities. This is contrary to existing models which have typically
been applied to pipes in a single or few cities.

e The model setup was implemented in an asset management tool for risk assessment
in EnviDan.

3.2 Optimization of sewer deterioration models

Despite the model presented in Section 3.1.2 obtained state-of-the-art performance, it
was expected that the performance could be further improved by combining the model
with expert knowledge on the factors related to deterioration.
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Table 3.3: Sensitivity and specificity for our model and models presented in the literature. The table
is modified from [17].

Sensitivity Specificity Size of test set

(accept/unaccept)
Our model
full data set 0.80 0.75 (9233/5453) pipes
AED-data* set 0.80 0.76 (5252/3532) pipes
AED-data set .
without geo. info 0.80 0.74 (5290/3494) pipes
Harvey and .
McBean 2014 0.82 0.73 (318/38) pipes
Fuchs-Hanusch 2015  0.55%* 0.73**
Kabir 2018
Cementitous 0.64 0.87 (1698/69) pipes
Clay 0.75 0.86 (414/68) pipes
Metallic 0.66 0.97 (157/3) pipes
Plastic 0.50 0.98 (129/4) pipes
Average 0.63 0.90
Laakso2018
RF model © gekk
Original 0.50 0.80 ~112 km pipes
RF model FNR ks
fixed on 0.20 0.80 0.47 112 km pipes

*AED-dataset refers to approximately equally distributed dataset. **Read
from graph. ***This number has been calculated from the information that
30 % of 1241 km pipes have been inspected, and 30 % of these were used as
test data.

3.2.1 Existing approaches

As described in Section 3.1.1, several different methods for sewer deterioration modeling
are present in the literature. From other domains the combination of expert knowledge
and machine learning resulted in better solutions than only using machine learning. For
example, a combination of expert knowledge and machine learning has proven efficient
for classifying livestock herd types [6]. Furthermore, water professionals at EnviDan
suggested that some factors, such as pipe material, affected the deterioration of the
pipes to a degree where it was hardly fair to consider one model for all the pipes.
Therefore, a water engineer with more than 20 years experience within urban drainage
systems was asked to identify the most important variable for sewer deterioration, and,
in case the amount of data was sufficient, sub-variables. The water engineer stated
that material type was the most important variable. For concrete and plastic pipes
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the amount of data was considered sufficient for utilization of sub-groups. The most
important variable within these two data groups were content type and road type,
respectively. An overview of the most important parameters and the number of pipes
within each of the data groups can be found in Figure 3.4.

All pipes
144,775
Material groups
[ | I ]
Concrete Plastic Clay Reinforced Other
77,575 37,897 1,891 1,702 854
Content groups Road type groups
[ I ] I I I I I ]
Sewage Rain Combined Primary | |Secondary| | Tertiary Traffic Other No road
21,435 27,658 28,482 4,825 5,612 17,172 1,195 699 8,394

Fig. 3.4: Most important parameters related to sewer deterioration and the number of pipes in each
of the data group. The figure is modified from [15].

Training models for specific material types is a reasonable consideration for optimiz-
ing the performance of the models and is essential for some statistical models [22; 25].
However, this leaves the question of whether it can contribute to machine learning mod-
els.

3.2.2 Training on logically grouped datasets

This section is a presentation of the work documented in Paper B. In this work the
model presented in Section 3.1.2 is trained on the data groups presented in Figure 3.4.

The results of training a model on the material-specific data groups is shown in
Figure 3.5, where it is compared to training a model on all the data. As seen in the
figure, the distribution of the predictions of the general model, when considering the
different material groups, and the material specific models are very similar.

To ensure a fair comparison between the general model and the material-specific
models, each model was trained 10 times, and the mean and standard deviation of
the sensitivity, specificity and precision was found for each material group, when the
sensitivities were fixed to 0.80. The results are presented in Table 3.4

The results showed that training the model on material-specific data groups did not
increase the performance of the model. For material groups with many data points the
standard deviation was 0.00-0.02 for the sensitivity, specificity and precision whereas
the standard deviation of the precision reached up to £ 0.10 for small data groups.
Similar results were found when training the model on concrete pipes used for sewage,
rain water, and combined water, respectively. For the plastic pipes it was not possible
to make a fair evaluation of the road-based subgroups. This was due to a lack of plastic
pipes being in bad condition when dividing the dataset into six different road types.
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Fig. 3.5: Plots of the results obtained using the general model and the material specific models. The
figure is slightly modified from [15].

3.2.3 Contributions

o We showed that the performance of the Random Forest model presented in Section
3.1.2 did not improve when training on logically grouped data. This was a question
raised by water professionals, and had, to the best of our knowledge, not previously
been investigated in the literature.

3.3 Features affecting the performance

The fact that the model performance did not increase when using logically grouped
datasets motivated for an investigation of which features contributed to the performance.
Furthermore, feedback from EnviDan’s customers showed that the performance of the
models varied between the utilities. For this reason, the decision was made to make an
analysis of which features affected the model performance for different utilities.
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Table 3.4: Sensitivity, specificity and precision for the general model when considering each data
group individually and for the models trained on the material-specific data sets. The table is modified

from Hansen et al. [15].

General model Models trained on material-specific data

Sensitivity  TSpecificity = TPrecision Sensitivity  1Specificity  TPrecision
All pipes 0.80 £0.00 0.78 +£0.01 0.62 4+ 0.01 0.80 £ 0.00 0.73 £0.00 0.57 £ 0.00
Concrete 0.80 £ 0.00 0.69 +£0.02 0.65+ 0.01 0.80 £0.00 0.69 £0.01 0.65 =+ 0.01
Plastic 0.80 £ 0.00 0.82 +0.00 0.24 +£0.02 0.80 £0.01 0.83 £0.02 0.25 £ 0.02
Clay 0.80 £0.01 0.60+0.01 0.66 & 0.07 0.81 £0.02 0.59 £0.11 0.65 £ 0.07
Reinforced w. lining 0.80 £ 0.01 0.52 £ 0.04 0.44 £ 0.05 0.82 £ 0.03 0.55 £ 0.03 0.45 £+ 0.04
Other material 0.82 £ 0.05 0.76 +0.06 0.44 £ 0.08 0.80 £ 0.05 0.80 £ 0.09 0.36 £ 0.10

3.3.1 Features which have previously shown to be important

Sewer deterioration is affected by several factors. However, if a feature describing each
of these factors was extracted, not all of the extracted features would contribute to the
model performance. Furthermore, there is a lack of consensus regarding which factors
contribute to the performance of the models. In 2020 Mohammadi et al. [27] reviewed
24 papers on sewer deterioration models and the corresponding predictor variables. 19
variables were considered, and in 19 of the papers it was stated whether the variables
contributed to the performance. The considered parameters were age, material, diame-
ter, depth, length, slope, sewer type, location, up invert, down invert soil type, bedding
type, groundwater, corrosivity, road type, number of trees, traffic, flow and hydraulic.
In addition to the 19 variables, some of the papers also used other predictor variables.
An overview of how many times the different parameters were included and in how many
percentage of the cases it contributed to the performance is presented in Table 3.5.

Table 3.5: Overview of how often a parameter was included and how many percentage of the times
the parameter contributed to the performance in 19 models reviewed by Mohammadi et al. [27].

[ —
= ) 53
2 . ¢ = P 2 o . n
3 B £ g % Eg 9 £ E E B 5
E 2 s % ¢ 58 £ E e F 5 5 B oo oB g
g E & g £ b g ' £
$ £ 2 &2 £ 5 ¢ % 2 8= % 2 £ % 5% B
< =2 A A A »n n 49 =2 A »n M @) O = Zz = = =
Times used 18 15 17 16 11 12 6 5 1 1 5 2 3 2 5 5 1 3 2
Percentage of 67 71 44 91 42 83 40 0 0 20 100 100 50 40 60 100 67 100

times contributing

As seen in the table, there was a large discrepancy regarding which variables con-
tributed to the performance. However, in most cases age, material, diameter, depth
and length contributed to the predictive performance. It is suggested that factors such
as the variations in available predictor variables, definition of target variables, and dis-
tribution of the dataset can impact which predictor variables are found to contribute
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to model performance. Furthermore, several different approaches for evaluation of the
feature importance have been used in the literature. For instance, Laakso et al. [23]
used the Boruta algorithm, Davis et al. [10] used backward selection and Yin [32] used
backward variable elimination. Caravalho et al. [9] tested eight different methods for
evaluation of the feature importance and obtained very different results for the different
methods. For instance, if analysing the feature importance included stepwise removal
of features from the dataset, the remaining features contributed more, due to less re-
dundancy in the features. This redundancy is not encountered for when, for instance,
using the build-in Random Forest method, and thereby features with high redundancy
will be less important when using this method.

To obtain a better insight in how the feature importance varies across different
utilities, the decision was made to make a comprehensive feature analysis.

3.3.2 Comprehensive feature analysis

This section is a presentation of the work presented in Paper C.

Inspection reports from 35 different utilities were accessed. Contrary to previous
work, the pipes were categorised into four condition states. The definition of the condi-
tion states was made with inspiration from a utility, and 24 feature groups were extracted
for each pipe. The reason for using feature groups instead of features is that presence
of some of the features would exclude presence of other features. For example, if the
pipe is made from concrete, it cannot also be made from plastic. Thereby all features
related to material were collected in a feature group called material.

All inspected pipes with the 24 features available were used for making a backward
step analysis. In the backward step analysis the least contributing feature, step-wise,
was removed. The performance was found as the Fl,.,.. when considering pipes in
condition states one and two as being in good condition and pipes in condition states
three and four as being in bad condition. The first results of the analysis showed that
features directly related to the geographical position of the pipes contributed much to
the model performance. This can be seen in Figure 3.6a. Further investigations showed
a large correlation between the condition state of topographically connected pipes, as
seen in Figure 3.6b.

Further details on the correlation between defect types in topographically connected
pipes can be found in Paper C.

The large correlation between topographically connected pipes represents a challenge
in the development of deterioration models: Historically, the sewer pipes have been
inspected area-wise. Furthermore, the data is typically randomly divided into a training
and a test set. Thereby the training and test sets come from similar areas while the
models are typically used in areas which have not been inspected, as illustrated in
Figure 3.7. This is problematic as sewers in the same area typically share several known
and unknown features such as the constructor and quality of the installation, year laid,
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Fig. 3.6: (a) Backward step analysis for the baseline. The charts indicate the performance of the
model when a given feature and all the features to the right were used for training. The dashed line
indicates the performance when using a random selection of 50% of the pipes, and the solid line shows
the performance when using a similar distribution of bad pipes as present in the dataset. (b) The
Normalized confusion matrix for the Condition States (CS) of typographically connected pipes. The
figure is adapted from Hansen et al. [16].

age at the time of inspection, terrain, etc. However, despite removing location specific
parameters is a step in the right direction, it does not solve the problem. This is because
several factors, such as year laid and age, are still shared for the inspected area, whereby
the pipes from the same areas still are more similar than pipes in areas which have not
been inspected. As a result, the performance of the models is higher when testing
them on a randomly divided dataset, than if, e.g., testing on data from another utility.
Prospectively it is suggested to include a certain number of randomly selected pipes in
the inspection plan.

After removing features related to the geographical position of the pipes the back-
ward step analysis was remade. This can be seen in Figure C.3.

Subsequently, a backward step analysis for each utility with more than 100 pipes
in bad condition was made, and it was discovered that for some utilities, some of the
features could not be accessed. Consequently, a decision was made to exclude a feature
for the utilities if it was not available for at least 20 % of the inspected pipes. The
results from the utility specific feature analysis can be seen in Table 3.6.

The results showed that there was a high variance regarding which features con-
tributed to the performance and in the number of features which contributed to the
performance. A part of the large variations regarding the feature importance for the
different utilities could be explained by redundancy between the features. For instance,
there is a large degree of redundancy between age, year of construction and year of
rehabilitation. For 79 % of the utilities, either age, year of construction, or year of
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Table 3.6: Overview of which of the parameters contributed to the performance of the deterioration
model for each utility. “e” indicates that the parameter contributed, “o” indicates that the parameter
was available but did not contribute to the performance and blank space indicates that the parameter
was not available for the utility. To the right the performance of the model is shown. In the bottom of
the table the total number of times that a parameter contributed to the performance and the number
of times the parameter was the best, which means that it was the last remaining parameter in the

backward step analysis, is shown. The table is adapted from [16].
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Fig. 3.8: Backward step analysis for the baseline without the geographical information. The charts
show the performance of the model when a given feature and all the features to the right were used for
training. The dashed line shows the performance when using a random selection of 50% of the pipes,
and the solid line shows the performance when using a similar distribution of bad pipes as present in
the dataset. The figure is adapted from Hansen et al. [16].

rehabilitation was the most important parameter. It might be very small factors which
entails that one feature is removed before another in the step analysis because no or
little additional information is added if more than one of the features is used. If only
one of the three features was available, it might have contributed to the performance or
be the most important feature for a larger number of the utilities. Another explanation
for some of the variations could be local variations between the utilities and the data
available for the utilities.

A comparison of how often the different features contributed in our analysis and
in the review of Mohammadi et al. is presented in Table 3.7. Further details on the
analysis can be found in Paper C.



38

Chapter 3. Sewer Deterioration Modeling

Table 3.7: Comparison of how often a parameter contributed to the performance in our analysis, and
how often it contributed in the studies reviewed by Mohammadi et al. [27].

Predictor Variables

Results

Mohammadi et al.

Times Present

Percent of Times
Found Relevant

Times Present

Percent of Times
Found Relevant

Ground level

Age

Groundwater
Wastewater

Length

Dimension

Year of construction
Year of rehabilitation
Soil type

Slope

Depth

No. buildings

No. grates
Material

Dist. to road center
Dist. to trees
Road types
Rehabilitation type
City type

Building low
Buildings high
Location

Up-invert
Down-invert
Bedding type
Corrosivity
Number of trees
Traffic

Flow

Hydrohalic
Location

Up-invert

27
28
26
28
28
28
28
28
28
19
26
25
25
28
25
28
28
28
26
25
25

78
71
73
61
57
57
46
39
36
32
31
20
24
21
16
18
14
7

4
0
0

18
3
6
11
17

5
12
16

15

5

= Ot W O N == ot !

78
100
83
91
71

20
42
44

67

40

100
50
60

67
100
40
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3.3.3 Contributions

e The systematic feature analysis provided in this work gave insight regarding the
number of features which contribute to the performance of deterioration models
and which features are the most relevant to use. Thereby researchers and model
developers can save time for feature selection and extraction.

e A challenge with the traditional inspection strategies has been elaborated and
recommendations for future inspection strategies have been suggested.

3.4 Forecasting of pipe conditions

Forecasting pipe conditions is useful for long-term planning [30]. Input from water
professionals working with EnviDan’s Asset Management Tool suggested to make these
forecasts for individual pipes. This work was carried out in 2019 and is based on the
model presented in Section 3.1.2.

3.4.1 Existing approaches

For prediction of current pipe condition, machine learning models perform better than
statistical models. However, for forecasting the pipe condition statistical models, Gom-
pertz models for example, are better than machine learning models such as Random
Forest [7]. This is because machine learning models are fully data-driven, and thereby
the model can predict the condition to improve over time, whereas the statistical models
are bound by statistical relations. However, more research is needed within machine
learning models for future predictions [7].

An untouched issue regarding machine learning models for ad hoc predictions is
that the data used for training and testing is historical data collected over several years,
which means that making a prediction of the current condition state already implies
usage of future predictions, as the test data rarely is up to date.

Based on this, the decision was made to investigate how the ageing curves of the
model described in section 3.1.2 would look like if the age was set to 0-100 years. Since
this work was conducted, in 2019 Balekelayi and Tesfamariam [5] proposed a Bayesian
statistics based model for predicting the future conditions of individual pipes.

3.4.2 Machine learning based ageing curves

Taking basis in the model presented in Section 3.1.2, ageing curves were made for a
number of pipes by changing the age of the pipe and plotting the curve according to the
year it was installed and the observations performed. Examples of ageing curves can be
seen in Figure 3.9.
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In Figure 3.9 it can be seen that the ageing curves are sensitive to the year of
inspection and that the the condition is not bound to decrease over time. This underlines
the findings in the literature which state that machine learning models are better for
immediate predictions than for future predictions. However, it also shows a challenge
in the current way of evaluating the deterioration models. Typically, the models are
tested on a random selection of the inspected pipes. As the data have been collected
over more than 20 years, a large part of the pipe inspections used for both training and
testing are several years old. However, the models are applied to predict the current
condition state of the pipes. To obtain a fair evaluation of the models they should be
tested on data from the newest inspections.

3.4.3 Statistical ageing curves

The large adaptability to age at the time of inspection for the machine learning model
entails that it might be beneficial to use statistical ageing curves. Statistical ageing
curves for the different material types are shown in Figure 3.10. The curves were made
by finding the average condition of the pipes in a given age.

As can be seen in the figure, there is a large uncertainty in the statistical curves.
However, several observations can be made. Generally, there is a tendency that the
curves bend after 40-60 years. This could indicate that the pipes in bad condition have
been rehabilitated, for which reason only the pipes in a sufficiently good condition are
left, as also described by Tscheikner-gratl et al. [30]. Similar patterns can be seen in
the data for sewer inspection presented by Caradot et al. [7]. To reduce the impact of
this, it is suggested that ageing curves are made by fitting a function to pipes younger
than 40-60 years. Another observation is the large number of clay pipes which are zero
years. This is most likely due to registration errors in the databases as clay pipes were
outdated at the time where CCTV inspection robots existed. Likewise for the plastic
pipes, it might be beneficial to consider only younger pipes, as recent plastic pipes may
have a better quality than the early plastic pipes, and plastic pipes above 60 years could
be registration errors.

3.4.4 Contributions

e It was shown that Random Forest is very sensitive to the age at the time of
inspection.

¢ Recommendations for how to test model performance were made to minimize the
difference between the development environment and the production environment.

¢ Recommendations for how to make ageing curves were made and included in
EnviDan’s asset management software.
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Chapter 4

Forecasting of Methane Yield
from Biogas Plants

Increasing energy demands and the United Nations’ (UN) goal of keeping the global
temperature increase below 1.5 degrees results in more focus on renewable energy. The
biogas industry produces energy from biological waste products and thereby reduces
emissions and pollution from the suppliers of the biogas plants. In the period from
2007-2017 the biogas industry was almost tripled in Europe [18].

In biogas plants, organic materials such as industrial waste, sludge, food, lignocellu-
losic materials, and animal manure are transformed to biogas by anaerobic digestion [6].

The digestion time of the feedstocks depends on the feedstock’s composition. Carbo-
hydrates, fat and protein are easy to digest whereas lignocellulosic materials are harder
to digest [6].

The digestion process is affected by several additional parameters such as organic
loading rate, pH, temperature, carbon/nutrient rate, the present enzymes and microor-
ganisms, added substrates and the type of fatty acids in the digester. The system is
very sensitive to over- and underrepresentation of some of the parameters, which, in
some cases, can lead to failure of the system [10, 16].

Co-digestion is often preferable over mono-digestion of the feedstocks as mono-
digestion of some feedstocks can bring the system out of balance. Furthermore, research
has shown that co-digestion can increase the performance by 25-400 % [10], though co-
digestion complicates the digestion process even more. Additionally, different plants
have different goals regarding the production. In some cases the goal is to produce
as much methane as possible, while the goal for other plants is to obtain as stable a
production as possible and meet the market demand while avoiding overproduction.
Overproduction can be handled by utilization of inhibiting chemicals or by burning
surplus biogas, but neither of the solutions are optimal [12].
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Mathematical models can give essential knowledge to keep the balance in the plant
and thereby avoid failures [10]. However, for plants aiming for a stable production,
there is a need for optimization of the models used for forecasting the methane yield.
Furthermore, having precise models is an important step towards automatic control of
the feed to the plants.

4.1 Existing approaches

The IWA Anaerobic Digestion Model No. 1 (ADMT1), which models the whole process
at the plant, was published in 2002 [3]. This model can simulate general tendencies for
the different parameters in the plant but lacks the capability of simulating immediate
variations [9]. After the publication of ADMI1, it was enhanced by several plugins.
However, in 2015 Batstone et al. [4] justified that an ADM2 could be developed. Further
research is required to obtain a uniform procedure for handling the mechanisms and
challenges [4]. After 2015, the ADM1 has been optimized further and other models
have been developed [2].

Another model type often used for forecasting the biogas production is the Gompertz
model as this model type can give accurate estimates of the methane production [14].
Contrary to the ADM1 model, this model type only focuses on forecasting the biogas
production. Similarly to the ADM1 model it needs precise calibration.

When using a Gompertz model, a Gompertz Function needs to be made for each
feedstock. Several studies have focused on experimentally finding the kinetic parameters
which best describe the methane production for a wide range of feedstocks [13-15]. If
the kinematic parameters are not available in the literature, they can be found exper-
imentally, though this often takes several months for which reason the parameters are
typically based on expert knowledge. Even if the kinematic parameters are available,
local variations in the composition of the feedstocks, co-digestion, and other parameters
affecting the digestion entail that the parameters found in experimental setups might
not reflect real case scenarios [12].

To optimise and forecast the methane production, machine learning models can be
used [12], and there is a rising trend in usage of machine learning for prediction of biogas
production [7]. Cruz et al. [7] reviewed 32 papers on machine learning and anaerobic di-
gestion which were published in the period from 2010 - 2021. The most popular method
was Artificial Neural Network (33 %) followed by Hybrid Models, which is a model that
consists of at least two different models (15 %), Adaptive Network-based Fuzzy Inference
System (ANFIS) (10 %), Support Vector Machine (8 %), Random Forest (RF) (8 %),
Genetic algorithm (8 %), and Particle Swam Optimization (4 %). The remaining 14 %
encountered either Deep Learning, Extreme Gradient Boosting (XGBoost), K-Nearest
Neighbours (KNN), Ant Colony Optimization, Multi-class Logistic Regression (MLR),
Ensamble of Neural Networks, or Logistic Regression [7].
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The performance obtained in different studies is hard to compare, as there is a
huge variation in the different cases which varies from biogas plants at wastewater
treatment facilities [1] to agricultural plants [5], industrial-scale co-digestion facilities [8],
and laboratory scale experiments [17]. Some authors forecast the methane production
using daily inputs while others forecast the biogas production for a set of feedstocks [7].
Here it is worth noting that the phrase biogas covers both methane, C'O3, and other
gasses, while methane is the desired outcome.

The large variations in the different solutions entail that methods need to be com-
pared to other methods using the same dataset to ensure a fair evaluation. Cruz et
al. [7] reviewed seven comparative studies which forecast either the biogas production
or the methane production, but there was no consensus regarding which method was
the best. RF, XGBoost, and KNN were all the best or one of the best in two cases,
while recurrent neural networks, MLR, and ANFIS were the best or one of the best
methods in one of the cases [7]. We have previously shown that the performance of RF
is sensitive to the amount of training data, and if the training data are limited there
can be high standard deviations of the performance [11]. This is most likely also the
case for other learning algorithms.

One challenge with machine learning models is that they are often considered as
black boxes, whereas the statistical models are much easier to interpret. Furthermore
the machine learning models require a sufficiently large historical dataset for the biogas
plant, which is not the case for, e.g., a Gompertz model.

Generally there are pros and cons with both expert based models and machine
learning models. However, there is a lack of studies which combine the models to obtain
more precise and intelligible models.

4.2 Model for forecasting the methane yield

This section is a presentation of the work documented in Paper D.

Three models for biogas forecasting the methane yield in an industrial biogas plant
were made: a Gompertz model, a machine learning model, and a hybrid model.

The biogas plant’s capacity was approximately 220,000 ton biomass per year with
a yield of 10 mio. Normal cubic Meter (NM) methane per year. Consecutive daily
measures of the gas production and information of used feedstocks were available for
818 days.

The main feedstocks were seaweed, manure, pectin, and eulat. In total, 18 differ-
ent feedstocks were used, though the used feedstocks changed over time depending on
availability of the different waste products.
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4.2.1 Gompertz model

For each feedstock a Gompertz function was set up. The functions were based on
empirical data, if available. If empirical information on the feedstock was not available,
experts within biogas production set up the functions based on empirical data from
similar feedstocks. A plot of the Gompertz functions can be seen in Figure 4.1.

Expected daily methane production for each biomass
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Fig. 4.1: Gompertz functions for the different feedstocks. Due to proprietary information it is not
possible to provide the names of the feedstocks in the figure. The figure is slightly modified from Hansen
et al. [12].

4.2.2 Machine learning model

The machine learning model was trained to forecast the biogas yield one day ahead.
For development of the machine learning model, all data points were normalized, and
features such the methane production from the previous six days and mean and standard
deviation of the methane production from the 9 previous days were found for each data
point.

Based on initial test of 15 machine learning algorithms, the seven best performing
algorithms were used for model development. These were uniform kNN, distance kNN,
multi-layer perception (MLP), Random Forest, recursive feature elimination with linear
ridge, recursive feature elimination with gradient boosting, and AdaBoost with decision
trees.

The first 430 data points were used for training the model. The data were divided
into 25 folds of which 23 were used for training, one was used for validation and the last
one was used for testing.
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For each fold, an ensemble of the three best models was made and compared to the
best of the models. If the ensemble model was better than the best of the models and
if the performance exceeded a threshold, it was saved. Otherwise, if the best model was
better than the ensemble and exceeded the threshold this model was saved.

For forecasting the methane yield on the test set, the mean prediction of the saved
models was used.

4.2.3 Hybrid model

The hybrid model consisted of the Gompertz model and a machine learning model. The
machine learning model used in the hybrid model was trained in the same way as the
machine learning model used alone, but instead of predicting the methane production
it was trained to predict the error of the Gompertz model.

4.2.4 Results

The last 350 data points were used for testing the different models. The results can be
seen in Figure 4.2. A bias in the forecasts was observed. The Mean Absolute Percentage
Error (MAPE) before and after accounting for the bias can be seen in Table 4.1.
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Fig. 4.2: Plot of the measured methane production, Gompertz predictions, machine learning predic-
tions and hybrid predictions.

The results showed that the hybrid model performed better than both the Gompertz
model and a machine learning model. In fact, the hybrid model reduced the error of
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Table 4.1: Mean absolute percentage error (MAPE) for the different methods before and after bias
adjustment. The table is modified form Hansen et al. [12].

Model } MAPE | MAPE after adjustment
Gompertz model  9.61 % 9.00 %
ML model 4.84 % 3.78 %

Hybrid model 4.52 % 3.06 %

the Gompertz model by 53 % when not compensating for the bias and by 66 % when
compensating for the bias. In this case the machine learning model and the hybrid
model were trained to forecast the production one day ahead. In the future this could
be extended to multiple days.

4.3 Contributions

e It was shown that a hybrid model consisting of a Gompertz model and a machine
learning model could forecast the methane production one day ahead better than
a Gompertz model and a machine learning model individually. This indicates that
there is a potential for hybrid models within forecasting of methane production,
and further research within the subject is recommended.
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Chapter 5

Fault Detection in Pumps

Intruding water in the sewer system is a problem for utilities as it reduces the capacity
for sewage and rain water, which can led to flooding. Furthermore, intruding water
is lead to the wastewater treatment plant (WWTP) and treated like sewage water.
This is problematic because the intruding water takes capacity at the WWTP, and its
treatment process is energy-intensive. To repair the sewers, one must identify where
the intruding water is coming from. Identification of damaged sewers is typically done
by CCTYV inspection, but, as this is labor heavy, other methods need to be utilized to
identify where the intruding water enters the system.

The amount of intruding water can be estimated if the flow in the sewer is known.
The flow can be found using sensors; however, this is an expensive solution. A much
cheaper solution is to use the existing pumps in the system. Approximately three-
fourths of the pumps in the Danish sewage systems do not measure the flow. Therefore,
to include as many pumping stations as possible, the flow can be estimated using the
energy usage [5, 8]. The flow at each pumping station can subsequently be divided into
rainwater, sewage, and drainage water and intruding water.

However, for many utilities it is sufficient to know how much energy is used to pump
sewage, rainwater, and intruding water and drain water, respectively.

In Denmark, the hourly energy usage of pumping stations is easily accessible and
systematized for all the Danish utilities. This means several utilities can benefit from
a previously described solution, which is also one of EnviDan’s products. A challenge
observed in the product is that the data is often faulty. Large errors such as longer
periods of flatlines can easily be detected, but for smaller errors a Multilayer Perception
(MLP) model is used to replace untrustworthy predictions. This MLP model is trained
to predict the energy usage of each of the utilities’ pumping stations based on the energy
usage from the remaining stations. This can be done because the pumping stations are
positioned in the same utility, and thereby it is expected that they generally are exposed
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to similar weather patterns. However, the MLP model has not been tested thoroughly.
Furthermore, it was found relevant to investigate if other methods would be better for
the purpose, which was the purpose of this work.

5.1 Existing approaches

Faults in data is a common problem and the reason for which anomaly and fault detec-
tion have been hot topics for decades, with several surveys having been published during
the last two decades [12]. The techniques used include supervised learning, where la-
beled data is available, semi-supervised learning, one-class learning, if only labeled data
is available for the normal class, and unsupervised, if no labeled data is available [3].

In addition to fault detection, machine learning has been used for maintenance man-
agement such as failure mode analysis, condition monitoring, and downtime minimiza-
tion in several industrial applications. For failure mode analysis, neural network is the
most used approach to determine the cause of failures on machines and equipment [2].

Especially within energy usage in buildings, anomaly detection has been popular.
Himeur et al. [7] reviewed several methods which have been applied to this. An overview
of the methods is presented in Table 5.1. The review showed that the unsupervised
approaches are easy to apply as they do not require annotated datasets, though these
approaches are only able to detect excessive energy consumption. Generally, using
Convolutional Neural Networks (CNN) for supervised anomaly detection has proven
efficient, however, they require an annotated dataset [7].

Fan et al. [6] investigated the potential of Autoencoders for anomaly detection in
energy data from buildings. Due to the challenge with missing information about the
anomalies, Fan et al. used the premise that generally 5 % of the data would be disrupted
and concluded that their Autoencoder could successfully detect anomalies [6].

Since 2015 there has been a significant increase in the number of publications using
deep learning for machine fault diagnosis. In this period there was also an increase in
publications using traditional machine learning. However, the increase in publications
on traditional machine learning applications are less significant than the increase in
deep learning applications, and in 2017 more papers were published using deep learning
than traditional machine learning techniques [9]. Azadeh et al. [1] used SVM and
neural network for condition monitoring of centrifugal pumps. Zhou et al. proposed a
combination of a noise adaptive Kalman Filter and a Neural Network for fault detection
in oil pumps [11].

Several deep learning methods have been applied to hydraulic systems for fault de-
tection. The methods used include Stacked Autoencoders, Deep Belief Network, CNNs,
Recurent Neural Network, and Generative Adversarial Network [4].

As previously described, deep learning methods have generally been shown efficient in
hydraulic systems, and CNNs have been shown efficient for supervised anomaly detection
in energy consumption in buildings. The data available for this work is unlabeled, and
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Table 5.1: Overview of methods used for anomaly detection in energy consumption in buildings. The
table is based on Himeur et al. [7].

Supervised Detection

Neural Networks

- Deep Autoencoder

- Convolutional Neural Network

- Recurrent Neural Network

- Deep Delief Network

- Generative Adversarial Network

- Extreme Learning Machines

- Multilayer Perception

- Radial Basis Function
Neural Network

Traditional Classification

- k-Nearest Neighbour

- Support Vector Machine

- Decision Trees

- Logistic Regression

Regression

- Support Vector Regression

- Autoregressive

- Autoregressive Integrated
Moving Average

Probabilistic Models

- Bayesian Networks

- Naive Bayes

- Statistical Models

Unsupervised Learning

Clustering

- k-Means

- c-Means

- Entropy-based

- Mutual kNN

One-class learning

- One-class Support Vector Machine

- One-class Neural Network

- One-class Convolutional Neural
Network

- One-class Random Forest

Dimensionality Reduction

- Principal Component Analysis

- Linear Discriminant Analysis

- Quadratic Discriminant Analysis

- Multiple Discriminant Analysis

Hybrid Learning
- Semi-Support Vector Machine
- DAE-KNNG!

Other Techniques
- Compressive Sensing
- Visualization

Ensemble

Boosting

- Adaboost

- Gradient Boosting Machine
- Gradient Tree Boosting
Bagging

- Bootstrap Aggregation

- Multiveiw Stack Ensemble
- Random Forest

- Feature Bagging

Feature Extraction

Distance-based

- Distance-based Outlier Detection

- Resolution-based Outlier Factor

- Isolated Forest

Time-series Analysis

- Short-term Time-series

- Rule-based

Density-based

- Density-based Spatial Clustering

- Local Outlier Factor

- Local Density Cluster-based
Outlier Factor

Graph-based

- Parallel Graph-based Outlier
Detection

- Graph-based Abnormaly
Detection

1Deep Autoencoder k-Nearest Neighbour Graphs

thereby unsupervised learning and one-class learning can be applied. For this reason, the
decision was made to investigate if a CNN Autoencoder could obtain better performance

than a MLP model.

5.2 Fault detection using CNNs

In the work presented in this section it was investigated if CNNs could be used to
optimize fault detection in pumping stations compared to MLP.

5.2.1 Data

For this study, the hourly energy consumption for 161 pumping stations operated by
a Danish utility were available. 56 of the pumping stations were excluded due to fac-
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tors such as longer periods with missing data, abnormal operation, and low energy
usage. The remaining 105 stations included both start/stop pumps, frequency modu-
lated pumps and alternating pumps. A challenge with the start/stop pumps is that if
the flow to the pumps is low, the pumps will only be activated a few times an hour
and, in some cases, remain inactive. To compensate for this, a moving average filter or
a sum of the energy usage per day could be considered, though this would entail that a
large part of the signal would be lost. For this reason, this work solely looks at pumping
stations with frequency modulated pumps.

No information on the pump type was available in the achieved data. Therefore, to
distinguish between frequency modulated pumps and start/stop pumps, four features
were found. The features were the max amplitude, mean amplitude, ratio between
high and low frequencies and the standard deviation of the normalized data. These
features were subsequently normalized, and Principal Component Analysis (PCA) was
performed. To investigate if the different pump types could be clustered, plots of the
energy usage for each of the pumping stations were manually inspected for several
different time slots. The reason that one time slot was not sufficient was that the
patterns of start/stop pumps are similar to frequency modulated pumps during periods
with high load. Five frequency modulated pumps were identified. Figure 5.1 shows
a plot of the first two principal components, and whether the different pumps were
categorized as start/stop pumps of frequency modulated pumps.
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Fig. 5.1: The pumps plotted according to principal component one and two. A yellow dot indicates
that the pump was used for the analysis, and a blue dot indicates that the pump was excluded. Examples
of three days of data are provided for eight of the pumps.
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From Figure 5.1 it can be seen that the frequency modulated pumps and some of
the start/stop pumps are distinguishable from the majority of the start/stop pumps.
The reason that some of the start/stop pumps are positioned among the frequency
modulated pumps is that if a start/stop pump has a high load, the hourly signal would
be more similar to the hourly signal from frequency modulated pumps, as the stochastic
part of the energy usage is neglected when the pump is active full-time or turned on
and off several times per hour. From a practical perspective, it would be fine to include
these pumps together with the remaining pumps for the analysis. However, for this
work only the frequency modulated pumps were considered. This is because start/stop
pumps are turned on and off several times, and it is much more energy consuming to
turn a pump on than to keep it running. For instance, if there is a constant large flow
and the pump in running constantly, it can use less energy than if the flow is low enough
for the pump to turn on and off several times. Therefore, there are some non-linearities
in the energy usage of start/stop pumps compared to frequency modulated pumps.

5.2.2 Preprocessing

Three ways of normalizing the signals were tested. First, the signal was normalized
according to min and max values, but due to peaks, most likely related to rain, a large
amount of the signal would be within a few percentages of the scale. Secondly, to
compensate for this, the signal was normalized according to the density function. The
challenge with this approach was that it complicated comparison to the original signal.
For instance, if a prediction of the signal was 5 % off in the normalized data this could
correspond to 10 % or 2 % in reality. Therefore, the choice was made to normalize the
data linearly up to the 95 % percentiles. Values above the 95 % percentile were set to
one. Hereby the peaks in the signal were kept while the variations in the primary part
of signal were not severely limited. The energy usage was measured for 538 days. The
first 443 days were used for training, and the remaining 95 days were used for testing.

5.2.3 Models

Two model types were trained. The first was a MLP model. The second was a 1D CNN
Autoencoder which reconstructed the signal of the pumps all at once.

MLP model

The MLP model was trained to predict the hourly energy usage of each pump based on
the energy usage of the remaining pumps. The model used the energy usage from one
hour to predict the energy usage in the remaining pump for the same hour. Thereby
this model did not encounter temporal variations. The MLP model used the standard
settings in the python library scikit-learn version 0.24.2 [10]. A MLP model was trained
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Encoder Decoder

Fig. 5.2: An overview over the used 1D Autoencoder CNN. In the figure, A marks the encoder and B
marks the width of the bottle neck.

for each of the CNN models. To avoid sensitivity to local minima each model was
trained and tested five times.

CNN Autoencoder!

For the 1D CNN the learning rate was set to 0.0005, the batch size was set to 32 and
the kernel had a length of four. The training of the CNN was done through 250 epochs.
The encoder and decoder were mirrored versions of each other and had a depth of three
convolutional layers. Batch normalization was applied after each convolutional layer.
Figure 5.2 shows an overview of the used Autoencoder. In the figure, A illustrates the
encoder width, which also corresponds to the decoder width. B illustrates the width
of the bottleneck. To optimize the Autoencoder, different widths of the encoder and
decoder and the bottleneck were tested. Based on this a decision was made to set the
width of the encoder and decoder to 64 and the bottleneck to four. The CNN model
was trained five times.

5.2.4 Test and performance metrics

In general, evaluation of unsupervised or semi-supervised anomaly detection methods
are challenged by missing knowledge about ground truth anomalies.

Autoencoders are used to reconstruct a signal, and anomalies are typically defined
if the difference between reconstruction and input signal exceeds a certain threshold.
Therefore it needs to be able to reconstruct the correct signal both if a correct signal is
used as input, and if a disrupted signal is used as input. A disrupted signal can entail
any types of faults added to the signal. In this case, the decision was made to use an
average of the daily values.

Two metrics were used for evaluation of the performance: Mean Absolute Percentage
Error (MAPE) and Mean Absolute Error (MAE). The challenge with MAPE is that if
the signal has a low amplitude, a small deviation in the signal will give a high error.

11 would like to thank Mark Philip Philipsen for his assistance in setting up the CNN.
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On the other hand, the MAE favors the pumps with a low energy usage, as the model
does not need to be good at identifying variations in the signal if they are on a limited
scale. For this reason, both MAPE, MAE and visual inspection were used to evaluate
the models.

5.3 Results

The results are presented in Figure 5.3 and Table 5.2.
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Fig. 5.3: Examples of the measured energy usage, flat input signal, CNN reconstructions, and MLP
predictions for pump 2 and pump 5 on dry days ((a) and (b)) and rainy days ((c) and (d)). Notice that
the second axis varies between the plots to show more details.

On average, the MLP model performs better when considering the MAE. Further-
more, on average it obtains a better MAPE than the CNNs model when the CNN is fed
with the disrupted signal. However, when the correct signal was fed to the CNN the
CNN obtained a better MAPE than the MLP model.
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Table 5.2: Performance of the three approaches when using a CNN Autoencoder with the buttleneck
width set to four and the width of the encoder and decoder set to 64. The results have been obtained
by training the models five times, and the std indicates the standard diviation for the five runs.

Pump nr CNN normal signal CNN flat signal MLP prediction
MAPE MAE MAPE MAE MAPE MAE

1 22.20 £ 0.29 0.0391 £+ 0.0003 23.95 £ 0.17 0.0422 + 0.0001 22.78 £+ 2.60 0.0368 £ 0.0012

2 40.95 £ 0.64 0.0454 + 0.0003 41.62 £+ 0.60 0.0480 + 0.0004 49.88 + 4.69 0.0485 £ 0.0010

3 18.68 & 0.69  0.0438 £ 0.0002 20.45 + 0.21  0.0520 £+ 0.0004 15.33 £ 0.46 0.0370 % 0.0005

4 28.62 £+ 0.28 0.0647 & 0.0005 31.73 £0.29 0.0740 = 0.0003 28.78 = 0.98 0.0620 £ 0.0013

5 12.68 + 0.09  0.0553 £ 0.0006 16.35 + 0.21  0.0657 £+ 0.0005 13.21 £+ 0.40 0.0515 + 0.0008

Total 24.63 0.0497 26.82 0.0564 26.00 0.0472

Generally, the CNNs have a lower standard deviation than the MLP models, indi-
cating that the method is more stable.

Visual inspection of the results shows that all the models were able to predict or
reconstruct general tendencies in the signal, though they could not follow the hourly
variations, as seen in Figure 5.1. Furthermore, they sometimes over- and under-shoot
during high load in the system. This is problematic for the purpose of fault detection
as this would entail that high load caused by rain would be detected as faults. There-
fore, developers should be careful when replacing original signals with reconstructed or
predicted signals if the replacement is caused by large variations between the measured
and predicted values.

A general challenge when using hourly signals is that a large part of the information
in the original signals is lost. Furthermore, rainfalls often last less than an hour, and
thereby the benefit of using CNNs, which can encounter timely variations, are smaller
than if there was a higher temporal resolution in the data.

5.4 Contributions

e It was shown that MLP and Autoencoder CNNs can predict and reconstruct most
of the hourly energy signals. However, if this should be used for anomaly detection
more research is needed to avoid rainfalls being detected as anomalies.

e It was shown that CNNs obtained a more stable performance than MLP, whereas
MLP showed a slightly better performance in average.

e We argued that better temporal resolution of the energy usage could entail a better
model performance for the CNN model.
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Chapter 6

Drift detection in sensors at
Wastewater Treatment Plants

WWTPs and Wastewater Recovery Facilities, prospectively referred to as WWTPs, are
responsible for cleaning sewage to a degree that complies with national legislation. In
Denmark the requirements for total Nitrogen (N) removal depends on the recipient.
Furthermore, in some cases it can be beneficial to discharge below the requirements as
there is a fee per kg. discharged total N. The main process for nitrogen removal is as
follows: the nitrogen arrives to the WWTP as NHy; at the plant, bacteria nitrify it to
NOg3 under aerobic conditions, which are obtained by aerating the process tanks; and
finally, the NOj is denitrified to CO2 and free Ny through anaerobe conditions. His-
torically, aerobic and anaerobic conditions have been obtained by aerating the Process
Tank (PCT) when the NH, concentration reaches a certain threshold and stopping the
aeration when the NHy concentration is below a certain concentration. An illustration
of this is shown in Figure 6.1

Aeration of process tanks is the main energy consumer at the plants, and several
studies on optimization of WWTPs exist [21].

The global need for reaching the SDGs and increasing energy prices have led to
increased focus on optimizing the operation of WWTPs.

For process optimization, several plants have replaced the alternating operation ap-
proach with more modern techniques such as Proportional-Integral-Derivative (PID)
control. In PID controlled process tanks, a set point for the NH, concentration is set
and the goal for the PID controller is to reach this set point. To this end, the PID
adjusts the aeration based on the proportional error (P), which is the error between
the measured NH4 concentration and the set point, the Integral error (I), which is the
total error over time, and the derivative error (D), which is the expected error in the
next timestamp. How fast the controller changes according the P, I, and D is defined by
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Fig. 6.1: Illustration of how NHy concentration (red) increases overtime until it reaches a certain
level and the air pumps are activated (blue). Thereafter, the NHy nitrifies to NO3 (green) during
aeration. When the air pumps are turned off again the NH4 concentration starts to increase and the
NOj3 denitrifies to No and COs

three constants. If the constants are high, the controller adjusts quickly but typically
overshoots the adjustment. In PID controlled process tanks, the aeration is typically
performed in the inlet to the PCT while the outlet is kept anaerobic. In these cases the
approach is often to keep the concentration of the different substances in the outlet of
the PCT constant or slightly changing according to the load.

Today, several commercial software systems for optimizing the control of WWTPs
are on the market, but few focus on the data quality [7]. Especially, sensor drift is often
present in the data. This is problematic as it can entail reduced total N removal and
over-aeration with large increase in energy consumption as a consequence. The cost
savings archived by implementation of advanced automatic control systems can easily
be counteracted by bias in sensors [17].

Sensor drift is a commonly known problem, and the magnitude of the drifts can
easily reach one mg/1 for Dissolved Oxygen (DO) sensors [16], ammonia sensors, and
potassium sensors [8]. Furthermore, some utilities accept that NOj sensors have offsets
of up to £ 1 mg/1 and that the NHy sensors have offsets of up to + 0.5 mg/1. The size
of the drifts are very large when considering the concentrations of the substances. For
instance, a drift of +1 mg in the NH, sensor represents a large part of the signal as the
NH, levels rarely exceed 3 mg/l. This is problematic as most WWTPs use the data
from NHy4 sensors for aeration control [8].
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6.1 Existing approaches

Faulty sensor data are commonly known in industrial settings [18]. Several different
fault and anomaly types can be found in sensor data, including outliers, missing data,
bias, drift, and constant values.

Corominas et al. [7] found that the most popular data-driven methods for fault de-
tection in WWTPs were Principal Component Analysis (PCA) followed by Independent
Component Analysis (ICA) and Clustering. However, despite several methods having
been developed, only 16 % of the data-driven methods developed for WWTPs were
commercialized [7].

Several papers on anomaly and drift detection in WWTPs have been published. In
2002 Thomann et al. [19] showed that control charts could be used for drift, shift and
outlier detection in real WWTPs, and in a review, Newhart et al. [15] confirmed that
Control Charts are well-suited for monitoring of single, low-noise variables.

Later, different PCA based methods have been popular for anomaly detection in
WWTPs [1, 3, 6], but also methods such as univariate statistics [4] and Q-statistics
have been used [3].

Recently, several papers on drift detection have been published. An overview of
papers available at Scopus in the period 2020-2021 can be seen in Table 6.1.

Table 6.1: Papers on drift detection published in 2020-2021.

Author Year Data Method
Ba-Alawi et al. [2] 2021 Simulated dry weather Stacked Denoising Autoencoders
Cecconi and Rosso [5] 2021 >1 year of in-control data ANN and Shewhart Control Charts

from a real plant; faults
were subsequently introduced.
Kazemi et al. [10] 2020 Simulated data Incremental PCA
Kazemi et al. [9] 2021  Simulated data Support Vector Machine
Ensemble Neural Network
Extreme Learning
Klanderman et al. [11] 2020 Trained on in-control data, Autocorrelation and Fused Lasso
tested on simulated data
and real data containing

one fault
Luca et al. [12] 2021  Simulated data PCA and statistic
Mamandipoor and Majd [14] 2020 Real data (11 months) Long Short-term Memory Network
Xu et al. [20] 2021 Simulated and real data Independent Component Analysis

From Table 6.1 it can be seen that in four of the eight papers the methods are only
tested on simulated data. Xu et al. [20] tested the method in both a simulated and a
real case. In the real case, 213 samples were available; of these, 45 represented normal
behaviour and were used for training the model. However, these samples were also
used for testing together with the rest of the dataset. This is problematic as it allows
the algorithm to have a zero tolerance for samples not totally similar to one of the 45
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training samples. Thereby the test can show an incorrect high performance which would
not be present if the test was carried out on a fully unknown dataset.

Klanderman et al. [11] tested the algorithm on a real dataset containing one fault,
which they were able to detect. Mamandipoor et al. [14] had almost a year of data from
a real WWTP. Faulty behaviour in the dataset was annotated by an expert and the
remaining data were considered correct. An example of correct and faulty behaviour
was included in the paper, and it could be seen that the faulty data were very distinctive
from the normal behavior data.

Cecconi et al. [5] installed six sensors in a WWTP and trained an Artificial Neural
Network (ANN) to predict the value of each of the sensors based on the remaining
five sensors. The difference of the ANN model and the measured values was used as
input to a Shewhart Control Chart. The sensors were cleaned every week and three
weeks of data were used for testing, but there were no faults in the test data, for which
reason faults were added subsequently and successfully found. Furthermore a PCA
based solution was used as input to a Shewhart Control Chart. However, this method
was better for point anomalies than longer and more problematic anomalies such as
drift and calibration biases. A challenge with the developed ANN was that it should
be retrained every time sensors are replaced, after adjustment in the treatment process
and to encounter seasonal changes such as dry and wet weather periods. Furthermore,
retraining should be done if an alarm is given after successful calibration of a sensor [5].

In addition to the work presented in Table 6.1, Mali and Laskar et al. [13] used
Monte Carlo and ANN to find bias in simulated data.

As seen above, several papers on drift detection have been published, but the meth-
ods are typically developed based on simulated data, data from highly controlled setups,
or data where anomalies have been applied after the data were collected.

In real sensors the same fault can develop differently in different sensor types and does
not occur systematically. For instance, optical Disolved Oxygen (DO) sensors typically
drift more and have more complicated drift patterns due to fouling than membrane DO
sensors [16]. Another challenge is that real world data is often subject to co-occurrence
of faults and anomalies. Furthermore, anomalies such as outliers in the flow to the plant
or the composition of the wastewater are often consequences of rain or discharges and
should not be considered as faults.

As seen above, several methods for drift detection have been presented in the liter-
ature, but they are often based on simulated data, and for the studies using real data,
the data do not reflect the circumstances at most operating WWTPs. Thereby there
is a gab between the scenarios used for research and development in the literature and
most operating WWTPs.
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6.2 Drift detection in operating WWTPs

The insights from Section 6.6.1 motivated us to investigate if the methods presented
in the literature could be applied to operating WWTPs where precautions to ensure
a high data quality for fault and drift detection have not been made, as this better
reflects the actual conditions at most operating WWTPs. In this section our findings
are documented.

6.2.1 Data

In total, five datasets from three different WWTPs were available. Each dataset rep-
resented a Process Tank (PCT) and contained 2 min. measures of the NHy, NO3, and
DO measured in the PCTs, as well as the flow to the WWTP. One of the PCTs used
alternating aeration, while the remaining PCTs primarily used PID for aeration control.

Due to a small number of lab measurements of the exact concentrations of the
substances, attempts were made to make a ground truth dataset by manually labeling
the data for the PCT with alternating operation, as this was considered the easiest to
label. However, it was difficult to label the data without introducing faults because the
operator had dealt with drift in the NH4 sensor by changing set points and because
an offset of up to 0.5 mg/l and 1 mg/l was accepted for the NH; and NOj sensors,
respectively.

6.2.2 Supervised learning

The lack of a ground truth dataset entailed that traditional supervised learning was not
possible. Therefore, a consideration was made to use one-class learning to predict the
different concentrations and the flow. As sensor drift appears over a longer period, the
prediction should not be based on the immediate previous prediction, to prevent the
algorithm predicting the sensor measurement instead of the real concentrations and flow.
The concentrations and flow during a day depend on rush hour, rain fall, and when the
aeration pump is active. These variations are smaller when considering the daily average.
Therefore, a Random Forest model was trained to predict the concentrations and flow
on the first 80 % of the data and tested on the remaining 20 % of the data. However,
change in the control settings entailed that the predictions were highly imprecise. For
this reason, the decision was made to use unsupervised learning.

6.2.3 Unsupervised learning

As PCA is a popular approach in the literature, the data was normalized and plots
for all combinations of PCs on a daily basis were made and visually inspected. It
was observed that the patterns in the plots changed over time, especially with change
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in control settings being distinguishable. For PCTs with alternating operation over-
aeration was distinguishable as well. However, this was even more clear when plotting
all possible combinations of parameters without performing PCA. An example of how a
change in set points changes the patterns in the data can be seen in Figure 6.2. Figure
6.3 shows data from a PID-controlled plant. Here it is worth noticing that patterns in
the PID controlled PCT are different from the patterns in the plant with alternating
operation. This also underlines the challenges when parameters in the PID controller
are changed. For instance, settings in PID controllers can entail a pattern similar to
alternating operation.

NH,

" cornem @00e «

Fig. 6.2: The figure shows eight days of data from a PCT with alternating operation. The colors
indicate the time, where the dark blue are the first data points and the yellow are the last data points.
In the shown period the set points have been changed. The dark blue and green colors indicate measures
collected before the change in set point and the yellow and light-green colors indicate measurements
collected after the change in set point.

For general tendencies the data were averaged on a daily level and PCA was per-
formed. Attempts were made to remove the least contributing PC; however, as the
faults were present in all PCs, this did not entail identification of faulty data.

Another unsupervised approach considered was to use an ANN Autoencoder. How-
ever, as the one-class learning approach did not work due to change in control settings,
it was not expected that this approach would work either, for which reason it was not
tested.

Based on the challenges described above, a decision was made to use an algorithm
which could detect if a data point was behaving abnormal instead of predicting the
exact data point. Furthermore, initial tests of the algorithm Local Outlier Factor (LOF)
showed promising results, for which reason LOF was chosen.
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NH,

Fig. 6.3: The figure shows five days of data from a PID-controlled PCT. The colors indicate the time,
where the dark blue are the first data points and the yellow are the last data points. Measurements of
the sensors during the five days showed that the sensors had not drifted over the accepted amount.

6.2.4 Local Outlier Factor

The LOF for a data point is found by measuring the distance to the closest data points.
Thereby data points which are far from other data points will obtain a higher LOF than
data points positioned close to other data points. Figure 6.4 is an illustration of LOF for
two-dimensional data points. However, the concept is similar for the four-dimensional
data points used in this work.

A

Fig. 6.4: Illustration of the LOF for two-dimensional data points. The red lines shows the distances
used to calculate the LOF

To ensure that the method could be used in operating plants a decision was made
to use a Moving LOF, where the LOF of a given data point was based on the previous
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99 data points. In this work the distances to the 20 closest data points were used to
calculate the LOF. Subsequently, a threshold was applied, and all data points with a
higher LOF were detected as anomalies.

6.2.5 Assessment of anomalies

The detected anomalies were manually analyzed and categorized into one of the following
categories: missing data, increased presence, change in control settings, Drift or over-
aeration, and Other. In cases where an anomaly could fit into more than one of the
categories, the anomaly was put into the category which triggered the LOF to exceeded
the threshold. For instance, in some cases it was observed that the NH4 sensor had
drifted without the LOF exceeded the threshold and then an increase in the flow entailed
that the LOF exceeded the threshold. This anomaly would be categorized as increased
presence.

6.2.6 Results

The data, Moving LOF, and the detected anomalies for the PCT using alternating
operation are presented in Figure 6.5.
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Fig. 6.5: The upper graph shows the Moving LOF (orange). The different color markings indicate
that an anomaly is detected and the type of anomaly. The anomalies are numbered for identification.
The lower graph shows the full dataset for the PCT with alternating operation. When observing the
NH4 concentrations (red line) it can be seen that it alternates between an upper and a lower set point,
which is characteristic for alternating operation. It can also be seen that these set points are changed
during the period of data collection. These changes in set points occur after a drift has been detected,
indicated by the red patches. The figure is adapted from [8].

From Figure 6.5 it can be seen that several anomalies were detected, and a majority
of them were caused by sensor drift. It can also be seen that in most cases the drift
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was handled by changing the set points. In Figure 6.5, drift can be spotted as it entails
an increase in DO and NOgs over several days. The increase in DO is caused by the
NH, sensor measuring to high values. When the sensor measures to high values, the
lower set point is not reached before the nitrification process starts to slow down due
to low NHy, concentration. As NOjz needs anaerobic conditions for denitrification, the
NOj level also increases along with the DO levels. When the size of the drift increases,
so does the amount of over-aeration and NOgs. A detailed plot of anomaly four, which
is caused by drift in the NH4 sensor, is shown in Figure 6.6. More examples of the
detected anomalies can be found in Paper E.
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Fig. 6.6: The figure shows anomaly four from the PCT using alternating operation. When the NHy4
concentrations reach the upper threshold the aeration starts and induces the concentration of DO to
increase. The NHy4 concentration then starts to decrease. However, it flattens before it reaches the
lower set point. This entails a long period of aeration and a high level of NO3 as the denitrification
cannot happen during aerobic conditions. The figure is adapted from [8].

Figure 6.7 shows one of the PCTs which were primarily controlled with PID con-
trollers. Similar plots for the remaining three PID-controlled PCTs and detailed plots
of different anomaly types can be found in Paper E. An overview of all the detected
anomalies with descriptions is provided in Table 6.2.

From Figure 6.7 it can be seen that despite the plant being primarily PID-controlled,
the patterns of the NH4 sensor indicate alternating operation in the first part of the data
collection. Furthermore, short periods with patterns indicating alternating operation
are present in the middle of the period for data collection. It can be seen that most of
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Fig. 6.7: The upper graph shows the Moving LOF (orange). The different color markings indicate
that an anomaly is detected and the type of anomaly. The anomalies are numbered for identification.
The lower graph shows the full dataset and information on calibration. When observing the NHy
concentrations (red line) it can be seen that in the beginning of the period the pattern indicates
alternating operation, and in the beginning of Marts, the more flat NHy4 concentrations indicate that
the plant is controlled by a PID controller interrupted by short periods of alternating operation. The
figure is adapted from [8].

the detected anomalies in this PCT were caused by increased presence of a parameter,
e.g., increased flow due to rain. Similar patterns and tendencies were observed in the
other PID-controlled PCTs. An overview of all the detected anomalies are presented in
Table 6.2.

Summarizing the results, several different types of anomalies were detected. The
most common cause of the anomalies were increased presence of flow or substances,
which are not faults. For the PCT with alternating operation the second most common
cause of anomalies was drift. For the PID-controlled PCTs the second most common
cause of anomalies were change in control settings.

No cases of sensor drift towards lower values were detected, but when visually in-
specting the data several cases of longer periods with low DO and NOgs concentrations
could be observed indicating drift in these sensors. However, as an offset of + 1 mg/1
for the NOg3 sensor was accepted from the utility it was hard to distinguish between
acceptable and unacceptable low concentrations. From an algorithmic view, it is more
difficult to detect drift in negative direction than in positive direction, as the size of a
negative drift is limited by the sensor not measuring concentrations lower than 0 mg/1.
Both positive and negative drift in the NH4 sensor can entail a too high discharge of
total N.

Using a Moving LOF on historical data entails that the sensors have not been cal-
ibrated when a drift is detected. Thereby, the drift is sometimes present in several of
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Table 6.2: Description of all the detected anomalies.

(0]

The table is adapted from [8].

WWTP 1 PCT1 WWTP 2PCT 1

WWTP 2 PCT 2

WWTP 3 PCT 1 WWTP 3 PCT 2

0. Increased flow 0. Missing data

1. Increased flow 1. Increased flow + NH4
2. Change in PID drift (up)

3. Missing data 2. Increased flow + NH4
4. Other drift (up)

5. Other 3. NH4 drift (up)

6. Other 4. NH4 drift (up)

7. Increased flow 5. Increased flow

8. Increased NH4, 6. Increased flow

NO3 and DO 7. High concentrations of
9. Increased NO3 NH4 and NO3

and DO 8. High concentrations of NO3
10. Increased NO3  present or NO3 sensor
and DO drifted (up)

9. Increased flow

10. Increased flow

11. Increased flow

12. NH4 drift (up)

13. This anomaly starts as NH4
drift (up). The second day
data is missing for almost
13 h. Hereafter, the lower
setpoint seems to be slightly
increased with 0.1, which
handles the problems with
over-aeration. The last day
of the anomaly is due to an
increased flow.

14. All parameters are low
except for the flow. Maybe
this PCT has been out of
operation or experiments
had been performed.

15. Increased flow

16. Increased flow

17. Low parameters, see 14
18. Low parameters, see 14
19. Increased flow

20. High levels of NH4 present
day the first day, increased
flow the second day

21. NH4 drift (up)

22. NH4 drift (up)

23. NH4 drift (up)

24. Change in setpoint. In the
period up to the detection
of this anomaly the
setpoints were increased
multiple times. This also
happened two days before
this anomaly was detected.
The day before this
anomaly was detected, the
setpoints were decreased
inducing over aeration. The
day after the setpoint was
increased again, which was
the case for the remainder
of the anomaly. The LOF
decreased over time as it
learnt the new behaviour
25. Missing data

26. Increased flow and NH4
concentration

27. Increased flow and NH4
concentration

11. Increased flow

0. Increased flow combined
with changed control
settings the previous day
1. Increased flow

2. Increased flow

3. Increased flow

4. Increased flow and
increased NO3 unrelated
to flow

5. Increased NO3

6. Increased NO3

7. Increased flow

8. Data shows low flow, very
large amounts of DO and
increasing NH4.

9. Increased flow

10. NO3 and NH4 the first day,

increased flow the

second day

11. Increased concentrations of
NH4, NO3 and DO.

Possible because the other
PCT at the WWTP was out
of operation, see anomaly

14 for WWTP2 PCT1

12. Increased flow

13. Increased concentrations of
NH4, NO3 and DO. One

day with increased flow.
Possible because the other
PCT at the WWTP is out of
operation, see anomaly

17-18 for WWTP2 PCT1.

14. Increased concentrations of
NH4, NO3 and DO. One

day with increased flow,

see 13.

15. Increased flow

16. Increased flow

17. Increased flow

18. Missing data

19. NH4 sensor drifted (up)
20. Increased flow

21. Increased flow

22. Increased flow

23. Increased flow

0. Increased flow
1. Change in
control settings

2. Increased flow
3. Increased flow
4. Increased NO3,
low DO

5. Increased flow,
increased NO3,
low DO

0. Change in PID. There is an
increased flow starting the
day before and continuing
two days after the anomaly
was detected. In the period
of the anomaly, the pattern
of the sensors changed,
indicating change in
control settings.

1. Increased NH4
concentration due to
missing aeration

2. Increased flow, inducing
high NH4, NO3 and

DO concentrations

3. Increased flow, inducing
high NH4 and NO3
concentrations

4. Increased NH4
concentrations inducing
high NO3 concentrations

5. Increased NH4
concentrations inducing
high NO3 concentrations

6. Increased flow, inducing
high NH4 and

NO3 concentrations
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the data points used to calculate the LOF, which entails that the drifts prospectively
are less distinguishable.

6.2.7 The gap between academia and practice

Despite a large number of data-driven drift detection algorithms being presented in the
literature, it is difficult to obtain a sufficient performance in operational WWTPs such
as those which provided data for this study. The primary reason for this was that the
data used for research and development in the literature and the data available from
most of the operating WWTPs are based on different circumstances. The data used
in the literature is generally characterized by a large degree of control. This can be
either simulated data or data from a plant with a large focus on sensor cleaning. In
these cases, drifts can systematically be introduced for each of the different sensors
individually. Furthermore, for simulated WWTPs, there are full control with external
factors such as flow and composition of the wastewater. Contrary to sensors in simu-
lated WWTPs, sensors in real WWTPs often have an offset within an acceptable range.
However, this entails that faults cannot be fully isolated. Generally, there is no control
or a low degree of control with the flow to the plants and the composition of the wastew-
ater. Furthermore, drift and external circumstances, such as rain or large discharges of
wastewater from industries, can motivate operators to change the control settings at the
plants. However, these changes in control settings are rarely documented, and thereby
difficult to encompass in the models.

To achieve a sufficient dataset for drift detection, the sensors at the WWTP need to
be maintained, measured, and calibrated on a frequent basis, preferably once a week.
Furthermore, the dataset needs to include several months of data, preferably covering
over a year or more. In this period all changes in control settings should be limited to
as few as possible, and if a change is needed, for instance due to increased flow, this
should be documented, and the the original settings should be used as soon as possible.
As lab measurements are not expensive, the main hindrance is the culture among the
operators of the WWTPs. Therefore, if a utility is able to achieve a sufficient dataset for
drift detection, the problem with sensor drift is most likely already solved, as this would
entail a change in the culture among the operators at the WWTPs. Furthermore, if any
condition is changed, such as the control settings or catchment area, a new dataset is
needed, entailing that the period of having a functioning algorithm is short compared
to the period for data collection.

Another solution for handling of drift is by implementation of self-calibrating sensors.

Despite the data quality not being sufficient for data-driven drift detection, the data
quality is sufficiently high for other purposes, and parameters such as the energy usage
could be well suited for bench-marking of the plant.

For further details on the gap between solutions for drift detection in academia and
practice and for recommendations on bridging this gap, please refer to Paper E.
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6.3 Contributions

e It was demonstrated that the data-driven solutions for drift detection developed
in academia often are fitted to in-control dataset, which does not reflect the con-
ditions in operating WWTPs.

e We provided insight into the factors entailing low data quality.

o It was argued that if a utility can achive a dataset with sufficiently high data qual-
ity for drift detection, the challenges with drift might already be solved. However,
despite the datasets available for operating WWTPs having low data quality for
drift detection, the data quality might be sufficient for bench-marking of the plants.
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Chapter 7

Value Creation

In the previous chapters, potential use cases for machine learning were identified and
assessed, and research was performed within four use cases with potentials for value
creation. Through this process experience was gained within the cross-fields of the
water sector and machine learning. In this chapter, the most important takeaways have
been collected, and machine learning for value creation in the water sector has been
assessed from three perspectives, for the benefit of future decision making.

First, an analysis of the method used for assessing use cases for machine learning has
been made. This analysis is based on experience from the use cases, which were subject
to research and development in this thesis. The result of the analysis is an overview
over which parameters should be considered when evaluating the investment and risk
in relation to machine learning use cases in the future.

One key hindrance for machine learning solutions in the water sector is related to
the data quality. Therefore, the second perspective considered in this chapter is related
to data quality and how to create value from the data available today.

The third perspective considered is related to the potential for value creation in the
water sector using machine learning.

7.1 Analysis of the method for assessment of use cases

Often, decision makers in the water sector lack experience with machine learning, which
is problematic as it makes it difficult for them to make qualified decisions on how to opti-
mally invest in machine learning. In Chapter 2 several use cases for machine learning in
the water sector were identified and assessed according to their economic potential, the
required investment considered as development time, and the risk related to develop-
ment of the use cases. For these assessments several parameters were defined. However,
based on experience within the four use cases researched in this work and experience
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with development of use cases generally in EnviDan, there is basis for reconsidering the
parameters and the importance of the parameters affecting the development time and
the risk related to development. Therefore, the parameters considered in Chapter 2
have been reconsidered to provide a better basis for future decision making in the in-
terdisciplinary area of the water sector and machine learning. Some of the parameters,
such as the number of input and output parameters, have been included in other param-
eters, while new parameters, such as differences between the development environment
and the production environment have been included in this evaluation. Each of the
considered parameters are discussed, and recommendations for reducing cost and risk
are given. An overview of the updated evaluation on parameter importance is shown in
Table 7.1.

Table 7.1: Overview of how important selected key factors are for the time duration for a use case
and the risk related to it.

Parameter Importance for Importance for
time risk

Data accessibility High Low

Correlation between Medium High

input and output

Readiness of data High Medium

Time for customization Low-medium Low

Machine learning method Low-medium Low-medium

Difference between development Medium Medium

environment and production
environment

7.1.1 Data accessibility

The amount of work required to access the data depends on whether the data have been
collected. If the data need to be collected, this would be much more time consuming
than if it is available. Further, if all the data are available from one database, the
work related to feature extraction is lower than if the data are spread across multiple
databases or locally stored data sheets. From a business perspective, especially locally
stored data sets can be a challenge for expanding a solution to different customers.

As shown in Chapter 3 a variable which impacts conditions in the real world does
not always contribute to the performance of a machine learning model.

If multiple data sources need to be accessed, it might be beneficial to use fewer
but more relevant features for model development, as not necessarily all features which
influence the condition in the real world have an effect on the model performance. This
was also the case for the features extracted for our work on sewer deterioration modeling
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in Chapter 3.

7.1.2 Correlation between input and output

If the correlation between input and output is not sufficient for obtaining the Minimal
Viable Product (MVP), the product manager must be prepared to allocate more time
for accessing the data, reconsider the MVP, or the form of the product. Otherwise, much
time can easily be spent without creating any value. If the MVP cannot be obtained due
to lack of correlation between input and output other data sources can be considered.
However, there should be a valid argument for the notion that the considered data can
improve the performance as accessing new parameters can be time consuming with little
or no impact on the model performance. As documented in Chapter 3, a large number
of features does not necessarily improve the model performance. In many cases the best
solution would be to change the product to a format which requires a lower degree of
timeliness, consistency, validity and completeness in the data. This could, for instance,
be by using statistical solutions instead of machine learning solutions as shown in the
work on drift detection in WWTPs, Chapter 6. If none of the above mentioned solutions
can give a MVP, the project manager should consider either dropping the project or
reevaluating the cost for development, as it would require new data collection, which in
some cases cannot be done within the budget.

Lack of correlation between input and output entails a large risk for 1) increased
time spent on data access and method development, and 2) that much time is spent
on trying to develop the product without succeeding. Therefore, in order to minimize
the risk, the project manager should be very clear on the need in order to obtain a
MVP and be quick to drop the product if a prototype does not show promising. In our
experience, it is important to avoid spending too much time on improving the machine
learning model to obtain the MVP, as improving the machine learning model often only
contributes marginally to the performance.

7.1.3 Readiness of data

Considerations should be given to how much work needs to be put into preparing the
data. If the data only require standard data cleaning, this does not contribute much to
the time expanses whereas if the data needs labeling the time duration will increase. The
total time duration for labeling depends on the amount of data which requires labeling
and how detailed the labels should be. If much data need labeling an annotation tool
can be used. If a usable annotation tool exists, it is preferable to use this to avoid
spending time on programming a tool. If labeling is required it is worth considering
if the patterns, which should be labeled, are clear for the person who has to label the
data. If the patterns are unclear, it can entail a large uncertainty in the labels [6], or it
can entail that the data cannot be annotated, as was the case for our work on anomaly
detection in WWTPs, Chapter 6.
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7.1.4 Time for customization

Compared to the development time the time for customization is relatively low. How-
ever, if the product should be distributed to a large number of customers who have
specific wishes for adjustment to their specific cases, this can entail a large number of
similar scripts which can be be unmanageable and difficult to maintain. The research
on sewer deterioration modeling, presented in Chapter3, provides knowledge to a large
software asset management product in EnviDan. In this product several adjustments
for the different utilities are required. An example of how the deterioration models can
be adjusted for the customer is in the definition of the condition states.

In cases which require a large amount of customization, it is particularly important
to allocate time to write systematic and well-documented code. However, allocating
time for ensuring a high quality in the code is a decision which needs to be taken by the
product manager, as the developers usually are rewarded more for fast implementation
compared to code quality. Further benefits from high quality code and documentation
are that it is easier to later return to the code for adjustment and to get acquainted
with for newcomers.

For software products Non-Functional Requirements (NFR) such as scalability, reusabil-
ity, and execution time need to be encountered to ensure an optimal code infrastructure,
reducing the time spent on maintanance and the number and the severity of faults in
the code.

Since 2019, the need for allocating time for NFR and documentation has been in-
creasingly recognized by the management in EnviDan.

7.1.5 Machine learning method

The importance of the required machine learning approach depends on the researcher
or developer experience levels and access to sparring. For an organization with little
to no experience with machine learning or the required machine learning approach (su-
pervised, unsupervised and reinforcement learning) this parameter is more important
than for an organization which has a broader range of experience. Since the beginning
of 2019, EnviDan has moved from being a company with little experience within ma-
chine learning, which only had a small number of products or services using supervised
learning, to a company which has experience within all of the three main categories of
machine learning.

7.1.6 Differences between the development environment and the
production environment

A general challenge in data science is that most solutions are based on historical data,
which have some degree of bias according to how they are used. This is the case for
both a) sewer deterioration modeling, which is highly dependent on the used inspection
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strategy and the year of inspection, b) prediction of the methane production in industrial
biogas plants where the available feedstocks change over time, and for ¢) drift detection
in WWTPs, where several external factors such as catchment area and climate change
over time.

If a model is tested on data similar to the data used for training and subsequently
applied to data with a lower similarity to the training data, this can entail a lower
performance of the models when applied in real cases as described in Chapter 3. If this
is not managed it can result in a lack of performance which is not discovered before it
is reported by the users. This can damage company reputation and entail a need for
further development. Furthermore, if the model is trained and tested on simulated data,
the model performance might not be sufficient when applied in real cases as shown in
Chapter 6.

7.2 Machine learning in the water sector

Data quality refers to the data being "fit for use' and entails a certain level of com-
pleteness, timeliness, consistency, and validity. The degree to which these factors need
to be met depends on the specific purpose of the data [4, 7]. A general challenge met
several times in this work was a lack of data quality compared to the expected model
performance.

Sewer deterioration modeling was challenged by a lack of data quality which entailed
a lower model performance than hoped for in the start of the project. However, the per-
formance was still sufficient for value creation, as the deterioration model was combined
with a consequence model, whereby the risk related to the pipes was found. However,
for future usage, it could be considered to include statistical models in the product as
this would make it more explainable.

For drift detection in WWTPs, lack of data quality entailed that a machine learning
based solution could not be made from the existing data. In the future, the purpose of
the product could be changed to be a statistical benchmark of the energy usage. For
instance, it is suggested that statistical comparison of the energy usage can both give
input on whether the plant is running optimally and be used for evaluation of the effect
of a new control method. However, for a fair evaluation it would still be necessary to
keep a human in the loop, as the external factors such as climate, season, and catchment
area changes over time.

The main challenge for anomaly detection in pumping stations was the low data
resolution, as the information in the signal was obscured. In this project the approach
for detecting the anomalies was to reconstruct the signals, but the reconstructions were
not precise enough for anomaly detection. Despite the data quality not being sufficient
for anomaly detection, the data quality was sufficient for estimating the amount of
intruding water in sections of sewer systems, which is one of EnviDan’s services.
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Contrary to the above mentioned challenges, several machine learning solutions have
been developed and commercialized in EnviDan while this project has been running.
An example of this is PUFDO, a method for calculating the flow through a pumping
station based on the energy usage. Another example is localisation of drainage systems
connected to sewers. To undertake this, radar images of rainfall were connected to
events at the pumping stations with a flow meter, and machine learning was used to
identify in which pixels, and thereby locations, rainfall entailed an event at the pumping
stations.

The Data, Information, Knowledge and Wisdom (DIKW) pyramid is often used
within information science [3]. Figure 7.1 shows the DIKW pyramid and places the
methods visualisation, statistics and machine learning according to whether they can
contribute with information, knowledge or wisdom. Furthermore, the figure shows that
the higher up the hierachy, the stronger decision support systems can be made. However,
this also requires a high degree of completeness, timeliness, consistency, and validity in
the data, whereas solutions such as visualisation and statistics can provide less strong
decision support but also entail lower requirements for the data.

Large degrees of timeliness,
validity, consistency and
completeness of the data is
required for sufficient data
quality.

Decision making
- The system encounters all
relevant factors. No requirement

Machine from decision makers

Learning

Strong decision support

- Only few surrounding factors
need to be encountered in the
decision making. Low require-
ments to the decision makers'
experience and knowledge level.

Statistics Knowledge

Weak decision support

- Several surrounding factors need
Information to be encountered in the decision
making. High requirements to the
decision makers' experience and
knowledge level.

Data with a low degree
of timeliness, validity,
consistency and com-
pleteness can be of
sufficient quality.

Raw
numbers Data

Fig. 7.1: The Data, Information, Knowledge, and Wisdom (DIKW) pyramid is adapted from Frické [3]
and put in relation to different digital methods, strengths of decision support tools and requirements
for data quality.

Another barrier for machine learning in the water sector is that the sector has pri-
marily been using deterministic models, which are based on a high degree of expert
knowledge. In many cases, machine learning methods entail a movement away from
the expert based models, which can be a challenge for water professionals who have
used these models through their whole carrier. Furthermore, machine learning models
are often associated with black boxes, which can make it hard to trust the models. In
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this connection it is important to increase the knowledge about machine learning. A
key challenge in machine learning is that often a solution can provide good test results,
but if the developer of the machine learning solutions does not have a comprehensive
understanding of the machine learning method and the data, the test results can often
be misleading.

7.3 Drivers for digitalization, AI and machine learn-
ing in the water sector

The focus of this work has been machine learning for value creation in the water sector.
However, machine learning is a branch of AI which is based on learning algorithms.
Likewise, Artificial Intelligence (AI) is a group of methods which can be used in digital
setups. If strictly focusing on machine learning or Al, several solutions with potential
for value creation will be overlooked. Furthermore, often a solution does not require
AT or machine learning but can be solved by utilization of, for instance, simple signal
processing.

Recently several drivers for further implementation of digitization Al and machine
learning in the water sector has occurred. One of the drivers is higher awareness of
the environment among citizens. For example, in the summer 2020, there was a large
debate about HOFOR discharging large amounts of mechanically treated wastewater
to the sea, resulting in a group of citizen creating an organization for clean water in
resund.

Another driver is the fact that the Danish government together with other parties
agreed that the water sector should be climate neutral in 2030 [5], which is also in line
with the SDGs. As described in Chapter 1 Al can be useful for obtaining the SDGs.
Furthermore, European programs such as European Horizon, national funds such as
the Innovation Fund Denmark, and private funds such as Novo Nordisk Foundation,
Carlsberg Foundation, The Velux Foundations, and The Lundbeck Foundation allow
for more research in Al, both at the universities and in the private sector, which would
not be possible otherwise.

In the period from 2019 to 2021 there has been an increase in companies using AI. A
survey showed that, generally, Al contributed with more savings in 2020 than in 2019,
whereas the revenue obtained from Al remained at a steady state [2].

Algorithmia [1] reports that only 55 % of companies actively working with machine
learning have deployed a model. Furthermore, Algorithmia has observed an increase
in companies which have used machine learning but not deployed a machine learning
model. The reason for this increase is most likely related to the fact that it takes time
to mature Al in a company to a sufficient degree for deploying the AI models [1], a
complex process, which has also been experienced by EnviDan.

When considering companies obtaining at least 20 % of their Earnings Before Inter-
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ests and Taxes (EBIT) they more often used best AI practices such as machine learn-
ing operations (MLOps), cloud technologies and risk-mitigation than companies with a
lower EBIT from AI. However, companies with lower EBIT from AI are increasing their
engagement in core best practices [2].

The trend toward using best Al practices can also be observed at EnviDan. Chal-
lenges with data quality, models degrading over time, and customisation have motivated
an increased focus on MLOps. Furthermore, the long-term benefits from using MLOps
have been increasingly recognized among the decision makers, despite a required initial
investment.

Generally, there is a movement towards more digitization in the water sector, which
also entails visualization. It is expected that visualization of data and statistics will
entail a larger awareness of how data is collected and what it can be used for. For
instance, it might be easier to observe sensor drift and thereby calibrate the sensors
earlier if the data is visualized. Furthermore, the impact of, e.g, change of set points
will be more obvious. It is considered that this might be an indirect driver for higher
data quality.

7.4 Contributions

e Recommendations for assisting future decision making in the interdisciplinary area
of the water sector and machine learning were provided to assist optimal decision
making.

e Challenges related to data quality and how to overcome these challenges were
discussed. Furthermore, it was recommended to consider other ways of creating
value from data, rather than strictly focusing on machine learning, for instance,
by including visualisation and statistic.

o Finally, examples of drivers for digitization, Al, and machine learning in the water
sector were identified.
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Chapter 8

Conclusion

Machine learning is a branch of AI which uses learning algorithms. Several industries
have benefited from machine learning technologies. Compared to other industries the
water sector has been behind in the implementation of machine learning and AI. How-
ever, in recent years the usage of machine learning and Al technologies has accelerated,
and these are important technologies for reaching the SDGs.

Potential use cases for machine learning in the water sector were systematically iden-
tified, assessed, and visualized in a way that one on hand provided new knowledge into
the scientific community, and on the other hand gave the decision makers in EnviDan
an overview of potential use cases for machine learning and an insight into the related
investments from a data science perspective. The approach for visualizing the use cases
has subsequently been used for other purposes as well in EnviDan.

Four of the assessed use cases were subject to research in this work. These use cases
were sewer deterioration modeling, prediction of methane yield from biogas plants, fault
detection in pumps, and drift detection in WWTPs.

The work on sewer deterioration modeling included development of a sewer deterio-
ration model, research in optimizing the model and a comprehensive feature analysis of
which features contributed to the performance of the deterioration model and how these
varies across different utilities. Furthermore, research in ageing curves was performed.
This research filled a gap in the understanding of deterioration models and how the
models are affected by the available data, which is important for ensuring a high quality
of the deterioration models. Furthermore, the research on sewer deterioration modeling
has contributed to improvements in EnviDan’s software product for asset management.

The second topic, which was forecasting of methane yield from biogas plants, in-
cluded a proof of concept study focused on whether a machine learning model combined
with a deterministic model could improve the forecasts of the methane yield compared
to only using one of the models. The results revealed that for forecasting one day ahead
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the hybrid model could indeed improve the forecasts.

For fault detection in pumping stations, it was investigated whether CNN-autoencoders
could improve anomaly detection when compared to MLP. This was done using data
available at EnergiNet’s DataHub, which contains hourly measurements of all energy
billing meters in Denmark, including the meters at pumping stations. The results re-
vealed that the resolution of the data was too low for the purpose, and that both
methods would entail detecting anomalies which were not faults.

For the last topic, drift detection in WWTPs, research was applied regarding how
to apply machine learning methods for drift detection in real operating WWTPs. The
results showed that there was a large gap between solutions developed in academia and
their applicability in most operating plants. The primary reason for this was low data
quality, though despite the data not being sufficient for drift detection it might still be
sufficient for other purposes such as benchmarking of the WWTPs.

Based on the experience gained from the four use cases the models for assessing the
investment and risk were reconsidered, and an updated overview of which parameters
should be considered for investment and risk was provided.

Synthesizing all these perspectives, today the biggest potential for value creation
in the water sector is not necessarily within machine learning but within applying vi-
sualization, statistics, and simple AI. However, in longer terms, it is expected that an
increase in data quality, quantity, and general knowledge about machine learning will
support a movement towards using more complicated AI and machine learning in the
water sector.

This work has provided insight into the interdisciplinary areas of the water sector
and machine learning. Research was performed in close collaboration between water
professionals and academia which ensured a high relevance of the research. Furthermore,
this work has paved the way for more machine learning in the water sector which will
benefit the environment and contribute to reaching the SDGs.

The state of machine learning in the water sector is constantly evolving, and there is
a large research potential. For sewer deterioration modeling there is a tendency towards
either using machine learning or statistics. However, it is suggested that a combination
of the two methods could obtain better performance than the models individually. In
this connection it is suggested to investigate further how the different defect types are
distributed in the sewer networks. For forecasting the methane yield from biogas plants,
it is suggested to focus on predictions from one day to two weeks ahead. For fault
detection in pumping stations a dataset with high resolution could be used to improve
the performance, though the potential in this use case was based on the data being
easily accessible and uniform for several different utilities. Within drift detection in
WWTPs, it is suggested to put more research focus to statistical bench-marking tools,
providing decision support for operators and managers at the plants.
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Abstract

Collapse of sewers can induce significant damage to roads and buildings, resulting in
large economical costs. Therefore, utilities wish to repair or replace the sewers before
they collapse. In order to investigate if a sewer meeds maintenance or replacement
it can be inspected with Closed Circuit Television (CCTV), but as CCTV inspection
is very expensive, and hence only a small percentage of the sewers are inspected. This
underlines the importance of choosing the correct sewers for inspection and have resulted
in development of several deterioration models. However, the best performing existing
models are tailored to individual cities and need to be calibrated in order to be generalized
to new areas. As the cost for collecting a data set for calibration is high, the utilities
could benefit from a sewer deterioration model which generalizes across location.

This paper presents a deterioration model based on Random Forest, which is trained
on data from 35 utilities spread across the country of Denmark. The model was able
to predict the sewer condition with a specificity at 0.80 and a sensitivity at 0.76, which
is comparable to the best existing models. This shows that it is possible to make a
deterioration model which generalizes across data from different regions, sewers and
utilities. This is a significant improvement compared to the current situation where
models need to be learned for each new set of data.

A.1 Introduction

The sewer system is an out of sight but very expensive infrastructure to build and
maintain. Sewer collapse can induce significant damage in roads and buildings placed
on top of them, but due to the underground location of sewers, they are hard to monitor.

Today the sewers are inspected through Closed Circuit Television (CCTV) inspec-
tion, which is done by sending a vehicle with a camera into the sewers, and manually
inspecting all the videos. This is a very time consuming and expensive process, for
which reason only a small fraction of all sewers are inspected during a year.

Still, sewer inspections are important in order to prevent accidental incidents such as
collapse of sewers by helping utilities and municipalities to choose the correct sewers for
either rehabilitation or replacement. Most utilities have a limited budget for inspections,
and for that reason it is necessary to prioritize which sewers to inspect.

Several models for choosing the correct sewers for inspection have been developed.
These models prioritize sewers based on the risk related to failure of a sewer and are
based on the likelihood for failure combined with the consequence of failure. Hence,
the quality of the underlying deterioration model is fundamental for the quality of the
management tools, and despite some asset management tools are based on evaluated
deterioration models [1, 2] it is not the case for all the models [3, 4]

Deterioration models estimate the deterioration level of the sewers. They can either
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be deterministic, statistically, or Artificial Intelligence based. In a review over deteriora-
tion models performed by Ana and Bauwens [5] in 2010, they chose to focus on statistical
models. The reason for not focusing on deterministic models was due to deterministic
models often being too simplistic and the data availability for this type of modelling be-
ing limited. The reason for not focusing on Al based models was, among other things,
issues with data availability, need for computationally power and explanatory issues
with identifying causality. The statistical modelling types covered by the review are:
Cohort survival models, Markov chain models, semi-Markov models, logistic regression
models, and multiple discriminant analysis [5]. Since then, models based on bayesian
statistics [6, 7], monte-carlo and fuzzy logic [8], and the machine learning algorithm
Random Forrest (RF) [9-11] have been suggested. When applying statistical models
they are typically calibrated to data whereas machine learning models are trained on
data.

The type of predictions performed by the models can be split into two categories,
which relate to estimating the probability of the sewer to be in each of the condition
states included in the model [4, 12, 13], and to predict the exact condition state of the
sewer [6-11, 14]. This paper will focus on the models which predict the exact state of
the sewers as it is easier to evaluate and compare the performance of these models.

A common feature for several inspection notations is that the sewers have been
categorized into a number of classes, often five [6, 7, 9-11] or six [14]. Tt is hard to predict
the specific state of the sewers, especially to distinguish between the two worst classes.
This is i.e. shown by Harvey and McBean [9], who first predicted the sewer condition
in five states, but chose to combine state 1-3 and state 4-5 in order to detect if the
sewer is in an acceptable state or not. Combining states into binary categories has also
been done by Fuchs-Hanusch et al. [14], Kabir et al. [6], and Laakso et al. [11], whereas
Rokstad and Ugarelli [10] did not combine the states but evaluated the sensitivity and
specificity according to finding sewers predicted to be in the worst condition.

The models are typically based on data from single cities [2, 4, 6, 810, 13, 15],
which in some cases have been supplied by data from other places [7]. In contrast to
this [11] used data from an area of 230 km? in the southern part of Finland. On the
other hand, [16] focused on making a general approach for finding the best deterioration
model for different utilities or municipalities.

Generally, deterioration models take in a number of factors affecting the sewers and
predict the state of the sewer based on this. Hawari et al. [8] investigated which factors
influence the deterioration by studying the literature and consulting experts in order to
rate the importance of the different factors. The outcome was three groups of factors:
Physical, operational and environmental factors. Physical factors relate to parameters
such as age, pipeline dimension, material buried depth etc. Operational factors relate
to i.e flow, content of the water and roots. The environmental factors relate to the
surroundings such as soil type, location including traffic load, and ground disturbance
such as construction work. [8] The number of features which significantly can be shown
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to influence the deterioration process depends on the sample size [12] which means that
the number of features which should be taken into consideration in a model depends on
the amount of data available for calibration or training of the model.

In order to calibrate a deterioration model sufficiently a data set containing the
variance of the sewer system is required. However, for municipalities or utilities which
have not earlier used CCTYV inspection on the sewers, it is very expensive to produce a
sufficient data set [12, 16, 17]. Additionally, due to lack of data, the models are prone to
over- and under-fitting: Some models does not include sufficient parameters to describe
the underlying context and some include too many parameters according to the data
available for calibration [12].

Despite the large number of models, there is still a great research potential within
the area of deterioration models. As earlier mentioned most models are developed for
a small area such as a city. This is problematic as the accuracy and bias of the model
depends on the amount of data used to calibrate or train the model [10] and it is very
expensive to generate a sufficiently large data set.

If a model could be applied to several areas, with no need for calibration in order
for it to work, a large number of utilities could benefit from the model.

The contribution of this paper is to present a deterioration model which does exactly
that, i.e. a general model. The model is based on data from 35 different utilities in
Denmark.

A.2 Method

A data set containing the sewer condition and corresponding physical and environmental
parameters from 35 different utilities spread across the the country of Denmark was
used in order to develop a deterioration model for predicting the condition state of
individual pipes. The metrics used to evaluate the condition of the sewers is called
damage percentage.

A.2.1 Damage percentage and comparison to other metrics

The damage percentage is a standardized metric for evaluating the condition of the
sewers, and it is followed by all utilities in Denmark. When a CCTV-inspection is
performed in a sewer, all observations are noted down. The observation categories are:
Water level, physical condition, operational condition and special constructions. Water
level relates to the amount of water in the sewer. The physical condition includes
cracks, surface damage, production error, deformation, staggered assembly of pipes
and hanging assembly material. The operational condition includes roots, infiltration,
deposits, coatings and obstacles. The special conditions relate to smaller pipes being
connected to the main pipe including the condition and orientation of these, the quality
of the assembly and changeover during construction change. Dependant on the type
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and severity of the observations each observation contributes to the damage percentage
with a certain amount divided by the length of the pipe. [18]. Due to the calculation
method, it is possible to have a damage percentage above 100.

The damage percentage is a metric which is very hard to compare to the metrics
used in other deterioration models, as these are often based on standards in which the
condition is split into certain condition states. For this reason, the damage percentage
was transformed to a logarithmic scale in which Damage percentage at 0-99 will be
ranging from 0-10 by utilization of equation A.1. Damage percentages above 99 will
result in a slightly higher value on this scale.

In Equation A.1 TS is the transformed scale and DP is the damage percentage.

The benefit of transforming the damage percentage to a logarithmic scale ranging
from 0-10 for damage percentages up to 99 is, that it can be further split into condi-
tion states matching condition states in other deterioration models. For instance, for
comparison to a model with five condition states (CS), the scale is split into five CS as
follow: If TS < 2 the pipe is in CS1. If 2 < TS < 4 the pipe is in CS2 etc. Likewise it
can be split into a binary problem where TS < 6 is considered to be an acceptable state
and TS > 6 is considered to be an unacceptable state. Both scenarios are illustrated in
Figure A.1.

A.2.2 Data set

In total the data set contains 146,856 CCTYV inspection reports over sewer pipes and
pipe sections. A pipe section here refers to pipes which contain obstacles preventing a
CCTYV inspection to continue from the current position and thereby split the inspection
of the pipe into sections. For simplicity pipe sections are from here referred to as pipes.
All the pipes in the data set have been CCTV-inspected and based on this inspection
the damage percentage have been calculated. In addition to the damage percentage,
the provided data set contains information on material, construction year, depth, size,
type of sewer, elevation, soil type, position according to city, industry, trees, buildings,
roads etc. In total there are 47 variables in the data set of which 35 are binary and 12
are continuous. An overview of the binary variables can be found in Table A.1, and an
overview of 10 of the continuous variables can be seen in Table A.2. In addition to the
continuous variables presented in Table A.2 the data set contained the positions of the
sewers according to a UTM based coordinate system covering Denmark.

When transforming the TS into five CSs, as described in Section A.2.1 the distribu-
tion is as follows: CS1 = 28,993 pipes, CS2 = 23,571 pipes, CS3 = 38,771 pipes, CS4
= 37,953 pipes, and CS5 = 17,568 pipes.

This large data set enables utilization of machine learning approaches when mod-
elling deterioration models. Furthermore, the large data set enables inclusion of a pro-
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Observed TS

Observed TS

Predicted TS

Fig. A.1: Illustration of how the TS can be split into a five CS problem (top) and a binary problem
(bottom)

portionally high number of input variables in order to avoid over- and under-fitting of
the model.

A.2.3 Choice of algorithm

As earlier described the data set contains both binary and continuous variables. As
the machine learning algorithm Random Forest (RF) is tolerant to parameters having
different scales, and has proven efficient when compared to the statistical model called
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Table A.1: OVERVIEW OVER BINARY PARAMETERS IN THE DATA SET

Percentage of the
Parameter data set containing
the parameter

Material

Concrete 68.0 %
Plastic 21.0 %
Clay 1.8 %

Fully rehabilitated pipes

0y
with "Non-dig" methods 18%
Other 74 %
Content
Sewage 35.0 %
Rain water 29.4 %
Combined 35.5 %
Rehabilitation parameters
Has any sewer in this position
been rehabilitated 37 %
(incl replacement)
Puncturate rehabilitation 0.0 %
Rehabilitation, but details unknown 0.0 %
Area type
City zone 73.0 %
City center 1.8 %
Industrial area 8.6 %
Surrounding buildings
High buildings 1.9 %
Low buildings 74.4 %
Surrounding Trees
Distance to trees < 12 m 19.7 %
Distance to trees < 4 m 7.9 %
Soil type*
DS 214 %
ES 3.1 %
FS 7.3 %
TS 12.6 %
HV 0.3 %
ML 42.9 %
SC 0.1 %
MS 3.6 %
DL 1.1 %
YS 3.1 %
HS 4.2 %
HG 0.6 %
Road classes
local (tertiary) 31.5 %
local (secondary) 13.6 %
local (primary) 8.9 %
Transprotation road 43 %
Other road 0.9 %

*The parameters presented in this category refer to different
earth types found in the underground.
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Table A.2: OVERVIEW OVER CONTINUOUS PARAMETERS IN THE DATASET

Parameter Mean Std

Age 32.9 years 17.2 years
Dimension 311.8 mm 195.8 mm
Length 43.8 m 23.0 m
Depth 2.4 m 0.9 m
Year of construction 1975.2 year 16.9 years
Terain 31.0 m 24.7 m

Year of rehabilitation

(Year of construction 1976.5 year 17.9 year

if not rehabilitated)

Number of buildings 4.0 buildings  14.8 buildings
Number of grids 1.9 grids 5.7 grids
Distance to road center 86.8 m 3l.1m

GompitZ [10], developed by Gat [19], and linear regression models [11], it was chosen to
use Random Forest Regressor (RFR). A RFR algorithm consists of a number of decision
trees which each makes a prediction of the output. The outcome of the RFR algorithm
is the average of all the decision trees. For more information on RF algorithms see
Breiman [20].

As it might be relevant to look into other algorithms in addition to RFR 14 other
methods were initially tested in order to decide if other algorithms should be used as
parallel to RFR or in combination with RFR. These were Bagging [21] with Decision
Tree, Bagging with Random Forest, K-Nearest Neighbors with uniform weights, K-
Nearest Neighbors with distance weights, Linear Ridge, Lasso Regression, Multi-layer
Perception Regressor, AdaBoost [22] with Decision Tree, Recursive Feature Elimination
by using Gradient Boosting [23], Principal Components Regression, Support Vector
Regression [24], Naive Bayes [25], Quadratic Discriminant Analysis, and Extra Trees
[26]. In all cases the hyper parameters were manually adjusted in order to obtain
the best result for each method. As Random Forest, Bagging with Decision Tree and
Bagging with Random Forest showed the best results a combination of these methods
were tested by using the mean prediction of the three methods as the result. All tests
were carried out using the Python library Scikit-learn [27].

RFR gave the best results for the individual algorithm, and similar results to the
combined method: When training the models several times, the combined method would
in some cases give a slightly better result than the RFR, however as the combined
method was more complex than the RFR, it was chosen only to use RFR, but to train
the RFR 5 times and use the better model.

The RFR used for predicting the TS consisted of 177 decision trees with a maximum
depth of 26. Furthermore, the maximum number of features to consider for a split was
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set to 71 % of the total number of features. Mean square error was used as criterion
for measuring the quality of the split. The parameters were chosen based on testing
different combinations of variables.

When using RF to predict sewer conditions Rokstad and Ugarelli [10] observed a
tendency to predict towards the mean. In order to reduce this tendency we found
the straight line best describing the relation between the true value of the training set
and the predicted value of the training set. The displacement between this line and
the optimal line, which intersects (0,0) and (10,10) represents a bias for each point as
illustrated in Figure A.2. Therefore the displacement was added to every prediction
performed on the test set.

Predicted vs. observed TS for
full data set

Observed TS

DIspla .msﬂ;f '

0 2 4 6 8 10
Predicted TS

Fig. A.2: Example of how the displacement of the prediction is found

A.2.4 Training of models

Three variants of the RFR were trained. In the first variant the full data set was used.
In the second variant only a part of the data set was used in order to account for an
uneven distribution of the sewers’ condition. In order to generate this data set the
TS was split into five condition states as described in Section A.2.1. As fewest pipes
were in CS5 (17,568 pipes), an equally number of sewers from the other CS’s were
randomly selected resulting in a data set containing 87,840 pipes. We call this data set
an Approximately Equally Distributed data set, from here on refereed to as the AED-
data set. The third variation of the algorithm was trained on the AED-data set, but
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the geographical position of the pipes was removed from the data set, in order to test
how dependent this methodology is on the geographical position of the sewers.

For training the models the three data sets were randomly split in a training set
containing 90 % of the pipes and a test set containing 10 % of the pipes. Hereafter,
for all the variants the RFR was trained five times and the best of these models were
selected. The best models were in this case defined as the ones which predicted the TS
with the lowest Mean Absolute Error.

A.2.5 Evaluation of the models

In order to compare our models to excising models it was investigated how other models
have been evaluated. A commonly used method for evaluating deterioration models is
evaluating how many sewers are categorized in each group, which is i.e. done by Caradot
et al. [15]. This type of evaluation is not considered for comparison in this article, as
it does not tell how well the model performs on single pipes. Other authors have made
confusion matrices for a five class problem [9, 10] and several authors who originally
had data for a five or six class problem have stated that pipes which are in one of the
two highest states are in an unacceptable condition whereas the rest of the pipes are in
an acceptable condition in order to make a binary model [6, 9, 11, 14]. For this reason
our model is evaluated as a five class problem and as a binary model.

When working with binary models the balance between sensitivity and specificity can
be adjusted. Laakso et al. [11] chose to fix the sensitivity to 0.80 which was a compromise
between the utility wishing a high sensitivity and avoiding a too low specificity.

With inspiration from this we also test the specificity for a two class problem when
the sensitivity is fixed on 0.80. As our model is based on regression, the balance between
sensitivity and specificity can be adjusted by considering predictions of the TS in a
certain range below 6 as being in an unacceptable state. This coresponds to moving the
vertical line shown in Figure A.3 towards the left as illustrated by the red arrows.

A.3 Results

The predicted TS compared to the observed TS for all three models is illustrated in
Figure A.4.

The confusion matrices for the three data sets when considering a five class problem
can be seen in Table A.3.

The confusion matrices for the three data sets when considering a binary problem
can be seen in Table A.4 for both the original models and when the sensitivity is fixed
at 0.80. The corresponding sensitivities and specificities can be seen in Table A.5.
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10 A

Observed TS

0 2 4 6 8 10
Predicted TS

Fig. A.3: Illustration of how the balance between sensitivity and specificity can be adjusted when
considering a binary problem. FN = false negative, TP = true positive, TN = true negative and FP =
false positive

A.4 Discussion

As described in section A.1 CCTYV inspections are important in order to monitor the
condition of sewers. However, as CCTV inspections are expensive, it is important to
chose the correct sewers for inspection. Due to this several deterioration models have
been developed. Several different approaches have been used in order to evaluate these
models. An example of this is shown by Caradot et al. [15] who considered a four class
problem and evaluated how many sewers were categorized in each class. This type of
evaluation is not considered for comparison in this article, as it does not tell how well
the model performs on single pipes. Another example is Elmasry et al. [7] who evaluated
the Mean Absolute Error and Root Mean Square Error. A more comparable evaluation
was performed by Harvey and McBean [9] and Rokstad and Ugarelli [10] who made
models for predicting a five class problem. Both authors showed confusion matrices for
their predictions on a test set. In order to compare our model to these two models the
number of true predictions for each class was calculated and can be seen in Table A.6.

As seen in Table A.6 Harvey and McBean [9] are very good at predicting the sewers
in SC1, but only predict up to 28.1 % of the sewers in the other states. In contrast to
this Rokstad and Ugarelli [10] had a more even performance for the five CSs, and are
actually quite good at finding sewers in SC5 compared to Harvey and McBean [9] and
our models. However, it is worth noticing that Rokstad and Ugarelli [10] in all cases had
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Fig. A.4: Observed vs predicted TS for training the RFR on the three data sets
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Table A.3: CONFUSION MATRICES FOR THE PREDICTIONS PERFORMED BY EACH OF THE THREE MODELS
WHEN CONSIDERING A FIVE CLASS PROBLEM

Predicted - Full data set

CS1 CS2 (CS3 (CS4 (CS5 Total

6*Observed CS1 1641 818 388 61 1 2909
CS2 352 1019 814 168 6 2359
CS3 123 742 2136 935 29 3965
CS4 39 230 1172 2079 166 3686
CS5 19 99 394 926 329 1767
Total | 2174 2908 4904 4169 531 14686

Predicted - AED-data set

CS1 CS2 (CS3 (CS4 (S5 Total

6*Observed CS1 939 535 228 68 7 1777
CS2 263 764 537 171 12 1747
CS3 63 357 789 485 34 1728
CS4 22 138 524 939 168 1791
CS5 19 84 370 802 466 1741
Total | 1306 1878 2448 2465 687 8784

Predicted - AED-data set without geographical information
CS1 (CS2 (CS3 (CS4 (S5 Total
6*Observed  CS1 929 502 279 80 3 1793

CS2 263 741 566 160 8 1738

CS3 | 65 351 833 487 23 1759

CS4 | 23 147 526 948 98 1742

CS5h 15 99 389 951 298 1752

Total | 1295 1840 2593 2626 430 8784

a notable higher percentage of sewers being predicted with an error of more than 2 CSs
from the observed CS than our model. An example can be seen when calculating the
number of sewers predicted to be in CS1 but actually being in CS5. For Rokstad 2015
6 % of the sewers in CS5 were predicted to be in CS1, which is only the case for 1 %
for our model. Despite the fact that it is difficult to compare this kind of observations,
it is important to consider as the deterioration models often are integrated as a part
of an asset management tool where the risk combined with the predicted CS is used to
decide which sewers to inspect. If a sewer in CS5 is predicted to be in CS4 or CS3 this
might be considered for inspection if it is a high-risk sewer, whereas this might not be
the case if it is predicted to be in CS1.

As it is hard to estimate the exact CS Harvey and McBean [9], Fuchs-Hanusch et
al. [14], Kabir et al. [6], and Laakso et al. [11] have combined CSs in order to make
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Table A.4: CONFUSION MATRICES FOR THE THREE DATA SETS WHEN CONSIDERING A BINARY PROBLEM

Observed

s Predicted
condition
Acceptable Unacceptable
Original models
Full data set Acceptable 8033 1200
Unacceptable 1953 3500
AED-data set Acceptable 4475 T
Unacceptable 1157 2375
AED-data set without Acceptable 4529 761
geographical info Unacceptable 1199 2295
Sensitivity fixed at 0.80
Full data set Acceptable 6895 2338
Unacceptable 1091 4362
AED-data set Acceptable 3986 1266
Unacceptable 706 2826
AED-data set without Acceptable 3916 1374
geographical info Unacceptable 700 2794

Table A.5: THE SENSITIVITY AND SPECIFICITY FOR THE THREE DATA SETS

Sensitivity Specificity

Original models

Full data set 0.64 0.87
AED-data set 0.67 0.85
AED-datfiset .WlthOut 0.66 0.86
geographical info

Sensitivity fixed at 0.80

Full data set 0.80 0.75
AED-data set 0.80 0.76
AED-dataset without 0.80 0.74

geographical info

a binary problem. Harvey and McBean [9], Kabir et al. [6], and Laakso et al. [11] all
used inspection data which had five CSs and chose to split it such that the first three
CSs were considered as acceptable states and the two worst states were considered as
unacceptable states. Fuchs-Hanusch et al. [14] used inspection data which had six CS’s
and considered the best four states as acceptable and the worst two as unacceptable.
A comparison between results from the binary deterioration models and our model can
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Table A.6: COMPARISON OF MODELS DEVELOPED FOR A FIVE CLASS PROBLEM

Harvey and Rokstad 2015 Our model on
McBean 2014 (GompitZ*) AED-data set

True class 1 90.1 % 55.9 % 52.8 %
True class 2 10.2 % 24.8 % 43.7 %
True class 3 17.3 % 55.1 % 45.7 %
True class 4 28.1 % 51.1 % 52.4 %
True class 5 0 %** 40.4 % 26.8 %
Average 29.1 % 455 % 44.3 %

*Rokstad 2015 presented an average for the GompitZ model when
calibrating several times. **Only one sewer was in CS5.

be seen in Table A.7.

As seen in Table A.7 our model and Harvey and McBean [9] show very similar
results. Harvey and McBean [9] show slightly better sensitivity than our models. On
the other hand our models show a slightly better specificity, indicating that the difference
between the two models can be explained by the choice of balance between specificity
and sensitivity. For cementitous pipes Kabir et al. [6] show results similar to our original
models, indicating that the difference between the performance of the models can be
explained by the choice of balance between sensitivity and specificity. For clay pipes
Kabir 2018 outperforms all the other models whereas for metalic and plastic pipes the
number of bad pipes is too low for making a fair comparison. The performance of our
model distinctly exceeds the performance of the models presented by Fuchs-Hanusch et
al. [14] and Laakso et al. [11].

It is very important to point out that all the models used for comparison except
for Laakso et al. [11] utilized data from a single city. When using this approach the
models need to be calibrated or trained for all the different areas they are used in. This
means that utilities with limited amounts of data either most settle for inferior models
or invest in gathering a sufficiently large data set for calibration or training of a better
model. In contrast to this our model is based on data from an entire country and hence
does not need any recalibration etc. In other words, our model is a general model.

As shown in Table A.5 the model we trained on the AED-data set where the geo-
graphical position of the sewers was left out performed almost as good as the models
for which the geographical position was included. This shows that deterioration mod-
els does not necessary need to be fitted to a single city and underlines the benefit of
utilities collaborating on collecting and storing inspection data despite having different
geographical positions and thereby also different environmental conditions.

When comparing the model trained on the full data set and the model trained on the
AED-data set the model trained on the AED-data set is considered to have a slightly
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Table A.7: COMPARISON BETWEEN OUR MODEL AND EXISTING MODELS

Sensitivity Specificity Size of test set

(accept/unaccept)
Our model
full data set 0.80 0.75 (9233/5453) pipes
AED-data set 0.80 0.76 (5252/3532) pipes
AED-data set .
without geo. info 0.80 0.74 (5290/3494) pipes
Harvey and o
McBean 2014 0.82 0.73 (318/38) pipes
Fuchs-Hanusch 2015  0.55* 0.73*
Kabir 2018
Cementitous 0.64 0.87 (1698/69) pipes
Clay 0.75 0.86 (414/68) pipes
Metallic 0.66 0.97 (157/3) pipes
Plastic 0.50 0.98 (129/4) pipes
Average 0.63 0.90
Laakso2018
RF model ok
Original 0.50 0.80 ~112 km pipes
RF model FNR -
fixed on 0.20 0.80 0.47 ~112 km pipes

*Read from graph **This number has been calculated from the information
that 30 % of 1241 km pipes have been inspected, and 30 % of these were
used as test data.

better performance than the model trained on the full data set. However, due to the
fact that RFR models are trained randomly, each new training sessions will give slightly
different results, which means that no generalizable conclusions can be made based on
this difference. The reason for the model trained on the AED-data giving similar results
to the model trained on the full data set can be due to the amount of training data for
both models being sufficient to show the tendencies in the data. However, it could also
be that having an equally distributed data set compensates for having less data.
Another point worth noticing is that despite the tendency to develop binary models,
it is still beneficial to use models predicting the condition in a continuous scale or in a
certain number of condition states when considering selection of sewers for inspection.
This is due to the fact that inspections are expensive, and if a high number of sewers
are recommended for inspection the utility will have to choose between them. This is
underlined by the fact that our model might not be able to find all the sewers in CS5
when considering a five class problem, but if a sewer is found to be in CS5 there is a
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high probability of it actually being in this state.

A.5 Conclusion

This paper presents a Random Forest based deterioration model for sewer condition
which shows results comparable to the best deterioration models available for compar-
ison. The data used to develop our models is, in contrast to the other models with a
high performance, collected from 35 utilities providing sewer service to different cities
with different geography and different environmental conditions. This introduces the
possibility of utilities collaborating on collecting a data set instead of producing a new
data set for each utility, which can lead to savings for the individual utility.

In conclusion, we have showed that it is possible to make a deterioration model that
generalizes across data from different regions, sewers and utilities. This is a significant
improvement compared to the current situation where a new model needs to be learned
for each new set of data.
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Abstract

Breakdown of sewers can induce significantly damage to roads and buildings placed upon
it. For this reason, timely maintenance of the sewer system is essential. However, due
to the under-ground position of the sewers they are very expensive to monitor, as this
is done by CCTYV inspection. Therefore, it is important to choose the right sewers for
inspection and several decision-support tools have been developed to help the operators
to select which sewers to inspect. These decision support tools all contain a model which
predicts the condition of the sewers, and recently several models have been proposed in
order to increase the performance. The scope of this paper is to investigate the effect
of training a Random Forest model on logically selected groups of data, as opposed to
training of a joined model on the full data set. The selected data groups were based
on expert knowledge: The first data groups were based on the sewer material (concrete,
plastic, clay, reinforced with lining and other material). The concrete data set was
then further sub-divided into wastewater types (sewage, rain and combined) whereas the
plastic data set was sub-divided into road classes. The results showed that the model
trained on the full data set performed better than the models trained on logically selected
data-groups as it encounters the heterogeneity of the data set. Furthermore, this answers
an important question raised by end users of the deterioration models.

B.1 Introduction

The sewer system is an essential infrastructure, but it is very expensive to build and
maintain. However, maintenance of the system is important in order to account for
the ageing sewer system and maintain functionality. If a sewer is not maintained in
time it can break down and induce damage to roads and buildings placed upon it.
Replacing the sewers after break-down have shown more expensive than to perform
intime rehabilitation or replacement of the sewer [1]. However, due to the under-ground
position of the sewers they are hard to monitor

Monitoring of the sewer system is often performed by Closed Circuit Television
inspection (CCTV inspection). CCTV inspection is performed by sending a robot with
camera through the sewer system and manually annotating all the events present in the
sewers. This is very time consuming and thereby expensive for which reason effort is
put into automate the inspection technics [2]. However, there is still a long way before
these techniques can fully replace manual inspection. Therefore, the utilities need to
prioritize, which sewers to inspect. In order to help the utilities identifying, which
sewers to prioritize several decision-support tools have been developed [3-6]. These
tools typically consist of a deterioration model, predicting the condition state of the
sewer or the probability of the sewer to be in a certain condition and a consequence
model for determining the criticality in case of sewer failure. By combining them the
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users have a risk based prioritizing tool. One decision support tools also includes an
economic model for prioritizing the sewers [5].

Where the consequence models are based on easily accessible data such as distance
to buildings, industry areas, hospitals, schools, beaches and roads, the deterioration
of the sewers is harder to determine. It depends on several factors including both
environmental, operational, hydraulic and physicality of the sewers. In order to opti-
mize the prediction of the condition several deterioration models have been developed
or evaluated since 2018 [3, 5-16]. The approaches for modeling the deterioration of
the sewers have traditionally been split in to deterministic, statistically and artificial
intelligence or machine learning approaches [17]. The models developed today are typ-
ically either based on statistical or machine learning methodologies. Since 2018 the
following statistical approaches have been utilized: Bayesian Network [6], Gompertz
models [8, 9], Logistic Regression [10, 14], and Monte Carlo Makov Chain [7, 12]. Like-
wise, since 2018, the following machine learning approaches have been utilized: Random
Forest [8, 10, 14, 16], other forest based methods [13], Ant Colony Optimization [3], and
Support Vector Machine [11].

Some of the methods have been tested in a way that makes them comparable with
others by e.g. the sensitivity and specificity of the results [14-16, 18] or the number
of true positive, true negative, false positives and false negatives [8, 10]. However, it
is still hard to compare the different models as one might prioritize a high sensitivity
over the specificity and opposite. Comparison of the models is further complicated by
the privacy of the data sets. This means that the models are developed based on data
sets with different ratio between good and bad pipes. An example of how the different
data sets can give different results is presented by [10] who tested different models on
both a German data set and at Columbian data set. Likewise, the deterioration of
the pipes varies as for instance concrete pipes are very sensitive to corrosion due to
sewerage [19]. In many cases one model is trained or calibrated to all the sewer pipes
at the same time [6-8, 10, 11, 14, 16]. However [15] made Bayesian Logistic Regression
models for concrete, clay, metallic and plastic pipes respectively, while others focused
on specific material groups such as plastic [12] or the material groups with the most
pipes represented [13]. This leaves the question of whether it is beneficial to develop a
deterioration model based on specific data groups such as material, wastewater type and
road type, or if it is sufficient with one model for all data groups. The answer to this
question leads to another question, which is, whether or not a model should be evaluated
according to the performance of separate data groups or the overall performance of the
model. In the cross-field between data science and material science, these questions are
sometimes raised by the end users of the deterioration models, such as decision makers
at utilities. Therefore, investigation of this will help aligning the expectations between
the end users of the deterioration models and the developers.

The scope of this paper is to investigate the effect of developing several Random
Forest models based on logical grouped data sets compared to developing one general
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model for the whole data set. The use of machine learning methods in this field is still
in its infancy and Random Forest is at present state of the art.

B.2 Method

B.2.1 Data and preprocessing

The data has been withdrawn from a database where 35 Danish utilities have entered
the results of CCTV inspections performed on their sewer networks. Only pipes which
allowed for extraction of all predicter and target variables were withdrawn from the
database. Likewise, in order to avoid pipes with incorrect registrations only pipes with
realistic registrations were withdrawn. Examples of suspicious data could be if a pipe
did not fit into following spans: 0 years pipe age 169 years, 63 mm < pipe dimension <
3000 mm and 0.6 m < pipe depth < 10 m. furthermore, a datapoint would be considered
suspicious if several pipes had the exact same damage percentage. The final data set
consisted of 119.919 pipes.

The annotation of the occurrences in the CCTV inspections follow the Danish stan-
dard for CCTV inspection of sewers [20]. Hereafter, the damage percentage of the sewers
was calculated. The damage percentage is a weighted evaluation of each occurrences’
contribution to the total damage percentage [21]. It is worth noticing that, due to the
way of calculating the damage percentage, it is possible to obtain a damage percentage
above 100. Finally, the damage percentage is transformed to a continuous scale ranging
from 0-10. The formula for this is inspired by the Danish standard for calculating the
physical index [21] and can be seen in equation B.1.

TS =5x%log(DP +1) (B.1)

In equation B.1 TS refers to the transferred scale and DP refers to the damage
percentage. The predictor variables available is the same as those presented by [16] which
in general terms relate to: Dimension and length of the pipes, material type, wastewater
type, if and how the sewer have been rehabilitated, surrounding areas (industry, city
etc.), surrounding buildings and trees, soil types, road classes and position of the pipes.
In addition to these parameters the slope and the ground water level have been found.
As the slope is not accessible for all pipes, this data set contains a little less data than
the data set used for [16]. The data set consists of both binary and continuous variables.

B.2.2 Logical data groups

The logical data groups in this study was found by consultation with construction
engineers with several years of experience within sewer management. It was concluded
that the main separation parameter should be the material. Due to a high number of
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Fig. B.1: Overview of the investigated data groups and the corresponding number of pipes.

concrete and plastic sewers, these data groups were further split into sub-groups. For
concrete pipes the sub-groups were based on the wastewater types running in the sewers
(sewerage, rain and combined) and for the plastic pipe the sub-groups were based on
the road type placed upon them (traffic road, primary road, secondary road, tertiary
road and other road). An overview of all the logical data groups investigated in this
study and corresponding number of pipes within the data group can be seen in Fig. B.1

B.2.3 Models

The model used in this study is a Random Forest model with the same settings as
described in [16]. A benefit of using a Random Forest model is that it can handle data
sets with both binary and continuous variables. Before training the model the data set
for each data group is randomly split with 90 % for training and 10 % for test. The
model is trained to predict the TS for each of the data groups. The model was set up
using scikit-learn in Python [22].

B.2.4 Test

The models are trained to predict the TS, however, in order to compare the results
with other methods the sensitivity and specificity of the models should be calculated.
Furthermore, the precision of the models was calculated as this is important when the
decision maker must prioritize which sewers to inspect. Another benefit of calculating
the precision is that it can be used to account for the mixed distribution of good and
bad pipes in different data groups when evaluating the models. In order to calculate the
sensitivity, specificity and precision of the models all pipes with a TS 6 was considered
to be in bad condition, and all pipes with a TS < 6 was considered to be in good
condition. As earlier described the performance of different models can be very hard
to compare due to the prioritization of sensitivity versus specificity. For this reason,
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Observed TS

Predicted TS

Fig. B.2: Illustration of how the balance between sensitivity and specificity can be adjusted by changing
the splitting point for the predictions. The figure is inspired from [16]

the sensitivity of the models was fixed to 0.80 for testing purposes. 0.80 is based on a
compromise presented by [14]. In order to adjust the sensitivity of a regression model
the split between which pipes are predicted as being in a bad condition and which
are predicted to be in a good condition can be changed till the sensitivity hits 0.80 as
illustrated in Fig. 2. Finding the sensitivity of 0.80 was done using the Brents algorithm
or Golden search for scalar optimization in the Python library SciPy [23]. If the two
search methods came up with different sensitivity the one closest to 0.80 was chosen. If
the sensitivity was too far away from 0.80, indicating that a local minimum was found
for both methods, boundaries for the TS were set in order to find the correct minima.
All the models were trained 10 times, and the mean and standard deviation for each
data group was calculated.

In order to compare the total performance of the models trained on the logically
grouped data sets with the model trained on the full data set the weighted sensitiv-
ity, specificity and precision were found. This was done for each level of data groups
presented in Fig. B.2.

The formulas for calculating the weighted sensitivity can be seen in equation B.2.

TPpc1 +TPpgas+ ...+ TPpan
TPTot + FNTot

In equation B.2 the W Sens is the weighted sensitivity, T'Ppq is the number of true

W Sens =

(B.2)
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positives in each data group, T Pr,; is the total number of true positive predictions and
F Nrpotar is the total number of false negative. The formula for calculating the weighted
specificity can be seen in equation B.3.

W Spec — TNpc1 +TNpge + ... + TNpgn (B.3)

TNTot + FPTot
In equation B.3 WSpec is the weighted specificity, TNpg is the number of true
negatives, TN, is the total number of true negative and F Proq; is the total number
of false positive. The formula for calculating the weighted precision can be seen in

equation B.4.

TPDGl + TPDG2 + ...+ TPDGn
TPTot + FPTot

In equation B.4 W Prec is the weighted precision.

W Prec = (B.4)

B.3 Results

The predictions for respectively the general model and the models trained on pipes
within a specific material group can be seen in Fig. B.3. From the figure it can be seen
where the splitting point should be placed in order to obtain a sensitivity at 0.80 for
each of the models.

An overview of the specificity and precision for each model can be seen in Table B.1.
This table also contains information on the performance of the general model for each
data group when the splitting point is adjusted to the specific data groups. The model
trained on the full data set obtained a sensitivity at 0.78 +0.01 when the specificity is
fixed at 0.80. The weighted specificity for the models trained on the logically grouped
data set was calculated to be 0.73 £ 0.00. Furthermore, the general models obtain a
precision of 0.62 4+ 0.01 and thereby outperform the models trained on the material
specific data sets as these obtain a precision of 0.57 £ 0.00.

Table B.1: Overview of the performance of the general model, the general model’s performance on
each material group and the performance of the models trained on material specific data when the
sensitivity is fixed at 0.80. The mean and standard divination have been found by training each model
10 times.

General model Models trained on material specific data

Sensitivity  TSpecificity =~ 1Precision Splitting point  Sensitivity ~ TSpecificity ~ 1Precision Splitting point
All pipes 0.80 £ 0.00 0.78 + 0.01 0.62 £ 0.01 5.18 & 0.03 0.80 + 0.00 0.73 £0.00  0.57 £ 0.00 -
Concrete 0.80 £ 0.00 0.69 + 0.02 0.65 £ 0.01 5.39 &+ 0.02 0.80 + 0.00 0.69 +0.01 0.65 &+ 0.01 5.38 + 0.02
Plastic 0.80 £ 0.00 0.82+0.00 0.24 £0.02 2.86 + 0.21 0.80 £ 0.01 0.83 £0.02 0.25+0.02 2.93+0.18
Clay 0.80 £ 0.01 0.60 + 0.01 0.66 £ 0.07 5.44 + 0.23 0.81 £0.02 0.59 £0.11 0.65 £ 0.07 5.63 &+ 0.28

Reinforced w. lining 0.80 & 0.01  0.52 £ 0.04 0.44 £ 0.05 4.10 £ 0.20 0.82 £0.03 0.55+0.03 0.45£0.04 4.08 £ 0.12
Other material 0.82 4+ 0.05 0.76 £ 0.06 0.44 £0.08 3.68 & 0.51 0.80 £ 0.05 0.80 = 0.09 0.36 £0.10 3.33 & 0.42
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Fig. B.3: Results for the general model trained on all the pipes and for the models trained on material

specific data. The vertical lines in the graphs show the position of the splitting point in order to obtain
a sensitivity of 0.80.
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B.3.1 Sub-division of the concrete group

An overview of the performance of the model trained on all the concrete pipes and the
models trained on respectively the concrete pipes containing sewage, rain and combined
water can be seen in Table B.2. From the table it can be seen that the model trained on
the concrete data set and models trained on subgroups of the concrete data set performs
similar as they obtain a specificity of respectively 0.69 4+ 0.00 and 0.69 £+ 0.01 and a
precision of respectively 0.65 £+ 0.01 and 0.65 + 0.00.

Table B.2: Overview of the performance of the concrete model, the concrete model’s performance
on each wastewater group, and the performance of the models trained on concrete pipes containing
sewage, rainwater and combined water respectively when the sensitivity is fixed at 0.80. The mean and
standard divination have been found by training each model 10 times.

Concrete model Models trained on concrete and wastewater data
Sensitivity ~ TSpecificity ~TPrecision  Splitting point  Sensitivity =~ {Specificity ~TPrecision  Splitting point
All concrete pipes  0.80 £ 0.00 0.69 + 0.01 0.65 £ 0.01  5.38 &+ 0.02 0.80 £ 0.00 0.69 +0.00 0.65 + 0.00 -

Sewage 0.80 £ 0.00 0.69 £ 0.02 0.66 & 0.02 5.49 £ 0.05 0.80 &£ 0.00 0.69 £ 0.02 0.67 £ 0.01 5.50 £ 0.05
Rain 0.80 £ 0.00 0.72 £ 0.01 0.60 £ 0.01 5.12 £ 0.04 0.80 £ 0.00 0.71 £ 0.01 0.59 £ 0.01 5.06 £ 0.04
Combined 0.80 + 0.00 0.65 £0.02  0.67 4 0.01 5.51 + 0.04 0.80 + 0.00 0.65 £ 0.01 0.67 &+ 0.01 5.51 + 0.03

B.3.2 Sub-division of the plastic group

It has turned out that it is not possible to make a fair evaluation of whether it is
beneficial to split the plastic pipes into road groups with the amount of data available
for this study. This is because that only very few bad pipes are available for some of
the groups. Especially the category ‘other road’ is sensitive to this and in one case only
one bad pipe was present in the test set. In ‘other cases’, it was discovered that when
the sensitivity in one test was fixed at 0.80 the specificity could easily vary with 0.10
due to the small amount of bad pipes in the data group.

B.4 Discussion

Sewer management is a very hot topic with several new models being published since
2018. In this paper we investigated if it would be beneficial to develop one general model
trained on a data set containing all the available types of pipes or if it would be more
beneficial to split the data set into sub-data sets based on logically selected groups of
data.

As seen in Table B.1. there is no significant difference in the performances of the
general model and the models trained on material specific data sets, when considering
different material types and corresponding splitting points, as the variation in specificity
and precision is within one standard deviation. The similar performance of the two
approaches is underlined by the facts that 1) the splitting points for the two approaches
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are within one standard deviation when considering the different material groups and
2) the distribution of the predictions in Fig. B.3 looks similar.

When considering the overall performance of the models, the general model, with
a specificity at 0.78 £+ 0.01 and a precision at 0.62 £+ 0.01, significantly outperforms
the models trained on the material specific data sets which obtains a specificity at 0.73
£ 0.00 and a precision at 0.57 £ 0.00. The reason for this is that the general model
allows for a sensitivity > 0.80 on e.g. the concrete pipes and < 0.80 on e.g. the plastic
pipes, and thereby encounters the fact that the plastic pipes generally are in a better
condition than the concrete pipes. This is underlined by the fact that when using the
general models’ threshold, the sensitivity is 0.84 4+ 0.00 for the concrete pipes and 0.30
+ 0.02 for the plastic pipes. Likewise, the specificity and precision for the concrete
pipes, when using the general threshold, decreases to respectively 0.63 £ 0.01 and 0.62
+ 0.01 for the concrete pipes and increases to respectively 0.98 4+ 0.00 and 0.54 + 0.04
for the plastic pipes. Thereby the general model encounters the heterogeneity in the
data, which is not accounted for when treating each data group individually.

The results for whether it makes sense to split the concrete data set into three sub-
data sets for the wastewater types showed that it did not make significant difference.
Likewise, it was investigated if it would be beneficial to split the plastic data set ac-
cording to road type, however, the plastic pipes were in too good condition in order to
make a fair comparison.

The good performance of the general model according to the models trained on the
logically grouped data sets is most likely due to the modelling method used in this
paper: Random forest is an ensemble of different decision trees. The decision trees are
randomly grown, but weight is put on the most informative splits, so that the most
influential parameters are likely to contribute to the trees [24].

A comparison of our results to the results presented in the literature for different
data groups can be seen in Table B.3.

Table B.3: Comparison of our results to the results obtained in the literature. *The numbers were
found by calculating the weighted sensitivity and specificity using equation 2 and 3 respectively. **
The precisions for the different data groups were calculated based on confusion matrices presented by
the authors

Our models (best versions) Best results from Kabir 2018 [15]
Sensitivity =~ fSpecificity =~ 1Precision  fSensitivity 1Specificity —1Precision**
All pipes 0.80 £0.00 0.78 £0.01 0.62 £ 0.01 0.69* 0.88* 0.28
Concrete 0.80 £ 0.00 0.69 = 0.01 0.65 £ 0.01 0.64 0.89 0.18
Plastic 0.80 £0.00 0.83 £0.02 0.24 £0.02 0.50 0.98 0.40
Clay 0.80 £ 0.01 0.60 £ 0.01 0.66 + 0.07 0.75 0.86 0.44
Reinforced w. lining 0.80 + 0.01 0.55 £+ 0.03 0.44 + 0.05 - - -
Metallic - - - 0.67 0.97 0.33
Other material 0.80 £ 0.05 0.80 £0.09 0.44 +0.08 - - -

As seen in Table B.3 it can be hard to compare our results to the results obtained
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by [15], as we have specified the sensitivity to be 0.80 whereas [15] has chosen the
balance between sensitivity and specificity based on the form of the ROC curve. For
clay pipes [15] performs better than our clay models do when considering specificity
whereas our models have a better precision. Regarding the performance on the plastic
pipes it is hard to compare our model to [15] as they only have four plastic pipes in bad
condition. In all cases except for plastic, our models perform best regarding precision
whereas Kabir has a higher sensitivity. The fact that we both obtain a higher sensitivity
and precision than [15], while obtaining a lower specificity, indicates that our data set
is less heterogeneous than the one used by [15]. The difference in heterogeneity in the
data sets can be due to 1) the pipes in the data set used by [15] generally being in a
better condition than the pipes in our data set or 2) that we use a broader definition of
when a pipe is said to be in a bad condition than [15].

When comparing the results from the model trained on the full data set, without
considering any sub-groups, our model performs slightly better than the best model
presented by [16]. [16] used the same model setup as used in this article to obtain a
specificity at 0.76 for their best model when the sensitivity was fixed at 0.80. This is
most likely due to inclusion of the slope and groundwater level which were not included
n [16]. Our model also outperforms [14] whom obtained a specificity of 0.47 when the
sensitivity was set to 0.80.

B.5 Conclusion

This paper contributes to the general knowledge about development of deterioration
models by investigating how the performance of the predictions is influenced by the
training data set. It was investigated how the performance was affected when training on
a full data set and when training on logically grouped sub-data sets. The results showed
that there is no significant difference between the two approaches when considering
their performance on specific data groups. Moreover, it was shown, that the general
model performed better when considering the overall performance as it encounters the
heterogeneity of the data.
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Abstract

Timely maintenance of sewers is essential to preventing reduced functionality and break-
down of the systems. Due to the high costs assoctated with inspecting a sewer system,
substantial research has focused on sewer deterioration modeling and identification of
the most useful features. However, there is a lack of consensus in the findings. This
study investigates how the feature importance depends on the definition of bad pipes and
how the feature importance changes between utilities with similar data bases. A dataset
containing 318,457 pipes from 35 utilities with a condition state (CS) ranging from one
to four was used. The dataset was cleaned, and a backward step analysis (BSA) was ap-
plied to two ways of binarizing the CS. Additionally, a BSA was applied for each utility
with 100 pipes in CS four. The results showed that a selective definition of bad pipes
reduced the performance and changed the order of which features contributed the most.
In each case, either year of construction, age, groundwater, year of rehabilitation, or
dimension was the most important feature. On average 6.5 features contributed to the
utility-specific models. The feature analysis was sensitive to the inspection strategy, the
size of the dataset, and interdependency between the features.

C.1 Introduction

A sewer system is a hidden but very expensive type of infrastructure to maintain [1].
Breakdown of a sewer can result in significant damage to roads and buildings. Fur-
thermore, reduced functionality of the sewers can lead to flooding and exfiltration, for
example, which can affect a number of externalities, such as property, traffic disruption,
public health and the environment [1, 2]. For these reasons, the sewers’ operators need
to replace them in a timely manner, especially if the sewers are critical. However, sew-
ers’ underground location makes them difficult to monitor. Today, monitoring of the
sewers is typically done by Closed Circuit Television inspection (CCTV inspection) [1].
CCTYV inspection is done by manually sending a TV-inspection robot into the sewer
and annotating all observations. As this is very time consuming, expensive, and im-
precise due to a number of subjective factors [3, 4], much research has been put into
automating these processes [1, 5. However, full automatization of sewer inspection is
not imminent. The high costs associated with CCTV-inspection forces utilities to pri-
oritize which sewers to inspect. In Denmark, the paradigm for risk-based rehabilitation
has been based on area. The areas which should be subject to CCTV-inspection were
prioritized based on age of the pipes and the experience of the operators. Based on the
findings in the CCTV-inspections, it was chosen whether an area should be rehabilitated
or not. This has resulted in rehabilitation of pipes which could have been operational
for several years as the inspection showed that the pipe might not be operational for the
whole period until the next time the area would be chosen for rehabilitation. Today, for
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economical optimization and better use of the pipes lift time, there is a trend toward
risk based CCTV-inspection planning and rehabilitation on a pipe level.

Maintenance of sewer systems on pipe level entails new requirements for computer
systems to keep track of the individual pipes, as the utilities now need to keep track of
several tens of thousands of pipes instead of a limited number of areas. To assist the
utilities in choosing which sewers to inspect, several decision support systems have been
developed [6-9]. Usually these systems are risk models, consisting of a deterioration
model and a consequence model. The deterioration models predict the condition of the
sewers or the likelihood of a sewer’s condition. The consequence models describe the
severity of a potential sewer failure and can include economic, environmental, and social
consequences [1]. Generally, the deterioration models suffer from low accuracy.

Development of sewer deterioration models is complicated by a high uncertainty in
the data. This uncertainty is influenced, among other things, by subjectivity in the
annotation of CCTV inspections, lack of data, and subjective selection of which pipes
to inspect [3]. Dirksen et al. [4] found that defects with distinct features like roots were
easy to find, while the probability of getting a false negative for other defect types varied
around 0.25. The probability of a false positive was found to be around 0.04 [4]. An-
other issue often affecting the deterioration datasets is a lack of information [1], which
results in low quality data. Furthermore, the datasets are affected by the fact that they
have typically been collected for a specific purpose, such as quality assurance before
asset handover or road renovation, diagnosis of malfunctioning and random inspections.
This introduces a selective survival bias in the data [1]. Other factors that complicate
deterioration modelling are that the datasets in general are highly skewed, both ac-
cording to the number of pipes in the different classes and according to the predictor
variables [10-12]. Furthermore, the size of the natural variability between sewers is
unknown.

A large number of deterioration models have been developed; however, a lack of
publicly available datasets due to privacy issues makes it difficult to compare the models
[5]. Furthermore, the condition state (CS) is typically based on the local standard
for CCTV inspection, which can be based on, for example, the European standard
[13], Pipeline Assessment Certification Program [14], or a country specific standard
[12, 15-17]. Moreover, in order to evaluate the deterioration models many authors
tend to classify the multiclass or regression problem as a binary problem [12, 13, 18-
20]. However, the model performance is very sensitive to how picky the evaluation is
designed to be. For example, the performance of the precision and recall will increase if
considering both pipes in the worst CS and the second worst CS as bad pipes, compared
to considering only pipes in the worst CS to be in bad condition.

In addition, when deciding how to define the target variable the developer of the
deterioration model needs to decide which predictor variables to use. Several meth-
ods have previously been used for parameter selection and the feature importance test.
O’Reilly [21] in 1989 investigated the correlation between defects and individual param-
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eters such as age, material, diameter, location, depth, wastewater type, soil type etc. in
180 km of sewers. Hansen et al. [11] investigated the potential benefits of developing de-
terioration models based on data groups defined by experts but found no improvement
in model performance. Yin et al. [22] used a backward variable elimination process,
through which they removed a parameter at a time and examined how the performance
changed. Davies et al. [23] used a backward selection method and Laakso et al. [13]
used the Boruta algorithm and found eight features to be influential.

Carvalho et al. [10] used eight different methods to investigate the feature impor-
tance and found that the different methods showed very different results. For example,
if analyzing the features by removing the most significant features step by step, the
importance of the other features will change, as there is often redundancy in the signal
from the different predictor variables. This is not encountered when using the build-in
feature analysis in Random Forest [10], however. Due to the uncertainty in the data,
Roghani et al. [3] found that using the two or three most informative predictor variables
was sufficient to build the deterioration model. However, using a deterioration model
was better than just basing it on the inspection age.

Mohammadi et al. [24] reviewed 24 statistical and AI based papers on sewer deteri-
oration. Nineteen of the reviewed papers provided information on whether a parameter
was relevant. Nineteen features were considered, and none of the features were used
in all the papers. Furthermore, none of the features considered relevant in more than
three of the papers were considered relevant in all the papers. This illustrates a high
variability in feature importance. Likewise, none of the features whose significance level
was specified in more than one case were irrelevant in all the studies they were used
in [24]. Finding the most significant features is important as accessing, extracting, and
preprocessing each feature is very time demanding. In a review of deterioration models
Hawari et al. [25] concluded that more work needs to be done to identify which data
municipalities should collect in order to develop reliable deterioration models [25].

As described above, the performance of the deterioration models is affected by many
conditions and a number of choices needs to be made for each model. This makes it
possible to develop well performing models within academia. However, to create value,
the models must meet the utilities’ needs. For example, Guzman-Fierro et al. [26] worked
with a target variable ranging from 1 to 5 but developed a model that encountered only
the pipes in CS 1 and CS 5. In reality, it is not possible to leave out the pipes in
between, at least during the preliminary inspection.

In summary, sewer deterioration modeling has been a hot topic for the last two
decades and myriad factors influence the performance of the models. Finding the op-
timal model cannot necessarily be done by selecting the model with the highest per-
formance according to the literature. Likewise, there is a great deal of disagreement
about which predictor variables are significant. The existing sewer deterioration models
presented in the literature are characterized by large deviations in data, methodology,
etc. Today researchers tend to perform feature analyses on single datasets. However,
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a rarely touched perspective is the statistical variation in the features influencing the
results when using similar datasets.
The contributions of this study are investigations of:

e The overall feature importance in a dataset containing information from several
different utilities, including identification of potential drawbacks

e How the performance and feature importance of the models are affected by how
the model developer has distinguished between good and bad pipes

o How the feature importance varies between utilities when the parameters in the
datasets have been found in the same way for all utilities.

To the best of the authors’ knowledge, this study provides the most comprehensive
analysis of feature importance in sewer deterioration modeling and the first investigation
of feature importance across several utilities with similar data bases. This information
adds value to the process of developing deterioration models for utilities, which have a
limited budget.

The following section of the paper, Section 2, provides a description of the data
available, preprocessing, model selection, and the method used for feature importance.
Section 3 contains three subsections, one for each of the contributions, while Section 4
contains a discussion of the key findings and comparisons to the literature. Section 5
contains a summary of the most important conclusions covered by the paper.

C.2 Materials and Methods

A dataset containing pipes from 35 utilities across Denmark was extracted from a com-
mon database for CCTV inspections. Pipes with suspicious values were not extracted.
Examples of suspicious data points included those in which the following criteria were
not met: 63 mm < dimension < 3000 mm, 0 years < age < 169 years and 0.6 m < depth
< 10 m. Most of the inspections were performed from the start of the 1990s until today.
The full dataset contains CCTV inspection from 318,457 pipes. For each pipe access
to 24 different predictor variables was attempted; however, all predictor variables were
only available for 196,174 pipes. An overview of the predictor variables can be seen in
Table C.1.

All CCTV-inspections followed the Danish standard for CCTV inspections [27]. The
inspections contained information on several observation types and corresponding sever-
ity of each. Based on the type of defect and its severity, the observations were categorized
as CS 1-4. The way in which each observation should contribute to the CS was based
on input from a Danish utility. The CS of a given pipe was then set to the worst of the
observations. An overview of how the different defect types and severities contribute to
the CS can be seen in Table C.2.
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Table C.1: Overview of predictor variables and the corresponding data types as well as distribution
or units. For continuous and numeric data types, the mean and std are presented. For categorical data
types, the percentage of pipes in each category is presented and for binary data types, the percentage
of true values is presented.

Predictor variable (abbreviation) Data type  Distribution and units
Length Continuous  43.59 + 26.54 m
Age Numeric 25.7 £+ 21.1 Years

. . Concrete (61.22 %), plastic (33,77 %), clay (1,50 %),
Material Categorical full rclirlc((2.23 ‘70)) olzhcr (1(.22 %) ) ( )
Dimension Continuous  306.6 + 198.9 mm
Wastewater type (Wastewater) Categorical ~Sewage (38.18%), rain (31.66 %), combined (29.54 %)
Slope Continuous  12.22 4+ 11.61 mm/m
Year of construction (YoConst) Numeric Year 1982.2 + 21.1
Year of rehabilitation (YoRehab) Numeric Year 1983.7 + 21.6. This is set to YoConst if not rehabilitated

R . Total replacement (5.11 %), Full reline, also included as

Type of rehabilitation (Rehab) Categorical Inaterialp(2,23 %), g’unctuife (0.04 O/c) unknown (0.00 %)
X coordinate (X) Continuous  Adjusted UTM (m)
Y coordinate (Y) Continuous  Adjusted UTM (m)
Utility ID Numeric
Ground level Continues ~ 32.07 £ 24.57 m
Depth Continuous  2.43 + 0.89 m

sroundwater level according to pipe (Groundwater) Continuous -4.48 + 3.88 m

ML (44.15 %), MS? (19.38 %), OPS® (9.79 %), FDS? (6.53 %),
Soil type Categorical MaS® (4.28 %), MoS® (4.15 %), OMST (3.45 %), FS® (2.77 %),
MC? (1.00 %), MG'® (0.46 %), Marsk (0.25 %), Lake (0.004 %)
Tertiary (38.99 %), secondary (13.54 %), primary (13.00 %),

Road type Categorical traffic (3.99 %), other (1.88 %), no road (28.60 %)

Distance to road center (DistRoad) Continuous Lo1 & 1.9}3'111 10? pipes less than 19 m from road center.
The remaining pipes have been assigned the value 99 m

Distance to nearest trees (Trees) Categorical <4 (6.51 %), <12 (25.50%), >12 (74.50 %)

Number of road grate (NoGrates) Numeric 3.46 £ 3.56 grates

. § . City zone (79 % incl. city center and industrial area)

City type Categorical city center (18.43 %), industrial area (15.22 %)

Number of buildings (NoBuildings) Numeric 6.09 £+ 5.22 buildings

Area with tall buildings (BuildingHigh) Binary 9.44 % True

Area with low buildings (BuildingLow) Binary 77.06 % True

IMorain clay, 2Meltwater sand, 3Outwash plain sand, 4Freshwater deposit of sand, ®Marine sand,
6Morain sand, 7Old marine sand, & Fly sand, ® Meltwater clay, 1°Marine gravel.

C.2.1 Preprocessing of Data

Thirty-five datasets were included in this study: one containing data from all the pipes
and one for each of the utilities that had more than 100 bad pipes.

The preprocessing of the datasets was done by first removing features represented in
less than 20% of the cases and then removing data points containing NaNs. An overview
of the number of pipes available before and after data cleaning, the number of features
removed from the dataset, and the number of pipes in bad condition can be seen in
Table C.3.

All datasets were randomly split with 90% for training and 10% for testing. Due
to the high imbalance between good and bad pipes, the training sets were randomly
downsampled to contain an equal number of good and bad pipes.
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Table C.2: Overview of how a CCTV-observation of a defect with severity zero to four entails the
condition state to be in state one to four.
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Severityo ~ 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
Severity1 1 2 1 2 1 2 2 1 1 2 1 1 1 1 1 1 1 1
Severity2 2 3 2 3 2.3 3 2 2 2 2 2 2 2 2 2 2 2
Severity 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3

w
w w
w
w

Severity 4

LConnection with lining defection or intruding connection, 2Connection through cut hole in reline pipe,
3Connection through drill hole in pipe, *Connection through chop hole in pipe. The color indicates
the CS and goes from green to red.

C.2.2 Model Selection

As shown in Table C.1, the predictor variables available for this study have different
data types, which is well handled by forest based models. Forest based models can
be used to solve either regression or classification problems. They consist of several
decision trees, which evaluate the data points according to a treelike structure. The
construction of each decision tree is based on statistical variations in the datasets and
an introduced randomness. Each decision tree votes for a specific outcome and based on
these votes the forest makes a prediction. Two forest based model types were considered
for classification: XGBoost [28] and Random Forest [29].

The Random Forest model was implemented using the Python library scikit-learn
[30]. The number of decision trees was set to 177 and the max depth was set to 26 based
on Hansen et al. [12]. The remaining hyperparameters were set to the default value.
The number of estimators and max depth for the XGBoost model was first defined with
inspiration from the settings of the random forest model. Hereafter different ways of
setting these parameters were tested. For classification multiclass softmax was used.
For the remaining parameters, the default values were used.

XGBoost benefitted from the ability to handle missing data; however, a XGBoost
model takes much more time to train than a Random Forest model. XGBoost did not
show better results than Random Forest. Furthermore, Random Forest is often used for
deterioration modeling in sewer [12, 13, 19, 31] and in water pipes [32]. For this reason,
Random Forest was used for this study.
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Table C.3: Overview of the datasets containing more than 100 bad pipes before and after cleaning,
as well as the number of features removed in the cleaning process and the number of pipes in condition
state (CS) three and four after cleaning.

Number of Number of Number of No. Pipes in No. of Pipes in

Dataset  Pipes in Pipes after Features CS 3 after CS 4 after
Total Cleaning Removed Cleaning Cleaning
All pipes 318,457 196,174 0 64,969 (33 %) 20,542 (10 %)
Utility 1 20,379 17,730 0 5,992 (34 %) 1,758 (10 %)
Utility 2~ 10,062 8,270 0 3,138 (38 %) 872 (11 %)
Utility 3 9,904 8,469 1 3,666 (43 %) 1,103 (13 %)
Utility 4 10,116 7,913 0 2,166 (27 %) 615 (8 %)
Utility 5 18,745 15,830 0 4477 (28 %) 1,162 (7 %)
Utility 6 17,109 13,867 0 5,290 (38 %) 1,141 (8 %)
Utility 7 4,669 3,108 6 687 (22 %) 280 (9 %)
Utility 8 4,522 3,315 0 892 (27 %) 790 (24 %)
Utility 9 12,163 9,451 1 2,759 (29 %) 1,708 (18 %)
Utility 10 734 640 1 135 (21 %) 103 (16 %)
Utility 11 6,355 5,686 1 1,899 (33 %) 469 (8 %)
Utility 12 20,945 16,453 0 5,128 (31 %) 987 (6 %)
Utility 13 1,779 1,268 0 312 (25 %) 120 (9 %)
Utility 14 18,154 14,587 0 6,214 (43 %) 2,063 (14 %)
Utility 15 2,757 2,027 0 580 (29 %) 231 (11 %)
Utility 16 18,025 15,812 4 4,700 (30 %) 1,560 (10 %)
Utility 17 3,855 3,252 0 1,145 (35 %) 311 (10 %)
Utility 18 9,655 7,128 0 2,516 (35 %) 830 (12%)
Utility 19 9,253 7,006 0 2,092 (30 %) 806 (12 %)
Utility 20 10,520 8,370 0 1,870 (22 %) 893 (11 %)
Utility 21 7,959 6,914 1 1,868 (27 %) 668 (10 %)
Utility 22 4,458 4,040 7 1,685 (42 %) 381 (9 %)
Utility 23 2,974 2,427 0 1,048 (43 %) 492 (20 %)
Utility 24 14,300 11,942 1 5,953 (50 %) 1,720 (14 %)
Utility 25 18,879 13,978 0 2,348 (17 %) 1,360 (10 %)
Utility 26 3,864 2,812 0 611 (22 %) 274 (10 %)
Utility 27 7,171 6,033 1 1,956 (32 %) 990 (16 %)
Utility 28 16,672 14,064 1 4,442 (32 %) 1,673 (12 %)
Utility 29 10,939 9,428 0 4,068 (43 %) 761 (8 %)
Utility 30 5,750 4,540 6 1,940 (43 %) 431 (9 %)
Utility 31 4,213 3,944 1 1,765 (45 %) 560 (14 %)
Utility 32 4,877 4,073 0 1,451 (36 %) 253 (6 %)
Utility 33 6,164 5,661 8 1,092 (19 %) 251 (4 %)




138 Paper C.

C.2.3 Feature Importance

In order to make the feature analysis, three methods were considered: (1) The Random
Forest built-in feature importance measure [30], (2) Clustering the features in groups
of features, training all combinations of the feature clusters, and investigating which
feature clusters are most present in the best models and which feature clusters are most
present in the bad models and (3) Making a backward step analysis by training a model
on all but one feature for all features represented and removing the least contributing
feature. This should then be repeated until only one feature is left.

Before selecting which method to use, it is worth considering the redundancy of the
features. This has been handled previously by ensuring high heterogeneity between the
features [15]. This approach entails removing a large number of features, which might
be similar in most cases but could vary in essential cases. An example of this is year of
construction and year of rehabilitation. If the pipe has not been rehabilitated, the year
of rehabilitation is equal to year of construction, inducing a high redundancy between
the two features. However, as rehabilitation is directly related to the condition of the
pipe, the feature should be included in the analysis. Moreover, by including all the
predictor variables in the analysis it is possible to account for the variations between
utilities and obtain knowledge about features otherwise removed from the dataset.

As the built-in Random Forest method calculates the feature importance by number
of splits for each feature, it is sensitive to redundancy between features. Clustering the
features and training a model for all combinations of the feature clusters was tested
initially, but it showed a high variance between the different utilities and did not con-
tribute information on the individual features. The benefit of using the step analysis is
that it encounters all the features; however, in the cases where many features are irrel-
evant it will be random if a feature is the 10th or the 20th least contributing feature.
Like the built-in Random Forest method, this approach is sensitive to redundancy in
the features, but the influence is of a more transparent character. Based on the above,
the decision was made to conduct a backward step analysis.

Backward Step Analysis

To conduct the backward feature step analysis, the dataset was split randomly, and a
model was trained for each of the features that was left out. This was repeated 10 times,
and the predictor variable, which on average contributed the least to the performance,
was removed. This was repeated until only one feature was left. Furthermore, the
average performance of a model trained on all the features 10 times was found. For
the feature analysis it was necessary to get a single performance measure. For this
reason, the performance was calculated as the fl-score which is a balanced evaluation
of the precision and recall. The fl-score was calculated using the Python library Scikit-
lean [30] and the formula for calculating the fl-score can be seen in Equation (C.1).
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flscore = 2 - (precicion - recall) /(precision + recall) (C.1)

A challenge using the fl-score is that it only encounters precision and recall. Thereby
it does not encounter that the test set has a skewed distribution. For example, by
randomly selecting 50% of the pipes a higher fl-score will be obtained than by selecting
a number of pipes corresponding to the number of bad pipes in the dataset. Therefore,
to evaluate how well the models performed according to a random selection strategy,
the performance was calculated when randomly selecting 50% of the pipes and when
randomly selecting a number of pipes corresponding to the number of bad pipes in the
dataset. Due to variations in the distribution of bad pipes in the datasets, the Fl-score
cannot be used to give a fair evaluation of performance between utilities.

An overview of the method used for making the backward step analysis, calculating
the performance when using all features were encountered, calculating the performance
when randomly selecting 50% of the pipes, and calculating the performance when ran-
domly selecting the same number of bad pipes as present in the dataset can be seen in
Figure C.1.

C.2.4 Experiments

Three experiments were carried out. The purpose of the first experiment was to identify
potential drawbacks of the approach used and take these into account in the remaining
experiments. This experiment is referred to as the baseline. The purpose of the second
experiment was to investigate how the performance and the feature importance changed
when changing the definition of the target variable. The purpose of the last experiment
was to investigate how the feature analysis changed between different utilities.

Baseline

This experiment was carried out on the full dataset. The condition of pipes in CS one
and two was considered good while that of the pipes in CS three and four was considered
bad. In this experiment, the backward step analysis was run for all features and relevant
adjustments were incorporated.

Target Variable

In this experiment two backward step analyses were made: in the first analysis both
pipes in CS three and four were considered bad pipes. In the second analysis only
pipes in CS four were considered bad pipes. To ensure a fair comparison between the
two analyses, the amount of training data in the first analysis was downsampled to the
amount of training data available for the second analysis.
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Fig. C.1: Feature step analysis when removing the features with the smallest contribution one by one.
Block 1 shows the backward step analysis, block 2 shows the method for calculating the performance
using all features, block 3 shows the method for calculating the performance when randomly selecting
50% of the pipes, and block 4 shows the method for calculating the performance when randomly
selecting the same number of bad pipes as present in the dataset.

Difference between Utilities

A backward step analysis was performed for each of the utilities. This experiment was
initially conducted solely considering pipes in CS 4 as being in bad condition; however,
there was a relatively high variance in the features found relevant at the different utilities.
This was particularly evident for utilities with few bad pipes entailing smaller datasets.
For this reason, both pipes in CS three and four were considered bad pipes.

Each of the analyses was manually inspected to determine which parameters were
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significant for each utility. This would preferably have been an automatic process, but as
the results did not show a smoothly decreasing curve in all cases, an automatic approach
would have required several assumptions.

An overview of the significant features for the different utilities was made, and the
performance of the models was compared to the size of the dataset and the number of
significant features.

C.3 Results

C.3.1 Baseline

The results of the baseline step analysis can be seen in Figure C.2a. The fl-score of the
model using all the features is 0.75.
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Fig. C.2: (a) Backward feature step analysis for the baseline. Each chart shows the performance
before the least contributing feature remaining has been removed, starting from the left to the right.
The dashed and solid lines shows the performance if utilizing a random selection of respectively 50% of
the pipes and a percentage corresponding to the distribution of bad pipes in the dataset. (b) Normalized
confusion matrix for a pipe and the upstream connected pipe.

From Figure C.2a, it can be seen that both Y and X coordinates contribute to the
predictions. This could indicate that when these parameters are included, the model
learns the position of the pipes rather than that the actual parameters influence the
condition state. In other words, this would correspond to using a nearest neighbor
approach, which is problematic if applying the method to areas where training data is
not available.

To clarify this suspicion, the probability of an upstream pipe present in a certain
CS and given the pipe’s condition was investigated. The normalized confusion matrix
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for this can be seen in Figure C.2b, and it shows a clear correlation between the CSs of
adjacent frames. Calculating the fl-score for pipes in CS three and four gives a fl-score
of 0.69. As can be seen in the figure, the confusion matrix is not symmetric, which might
be due to systematically occurring changes in the sewers. For example, it is common
for an upstream pipe to be smaller than the downstream pipe but rarely the other way
around. It should be noted that the figure is made from the same dataset as used for
the feature analysis; however, not all pipes in the dataset have an inspected upstream
pipe while others have more than one inspected upstream pipe.

Sewer inspections are not usually performed by taking representative samples from
the whole sewer system but rather in subjectively selected areas. Therefore, the perfor-
mance might be lower when applied to a part of the network that has not previously
been inspected. To clarify this, another backward step analysis was applied but, instead
of using a random split between training and test data, all pipes from four randomly
selected utilities were used for testing and the remaining pipes for training. In so do-
ing, the performance of the model based on all the predictor variable dropped by 10%.
Furthermore, when performing the feature analysis, the utility ID and the X and Y
coordinates were among the four worst predictor variables. For this reason, features
related to location were not included in the remaining experiments. The new baseline
can be seen in Figure C.3.

C.3.2 Target Variable

Figure C.4a shows the feature step analysis when considering pipes in both CS three
and four to be in bad condition when using the same amount of training data as when
considering only pipes in class four as being in bad condition. This model obtains a f1-
score of 0.73 when using all features. Figure C.4b shows the feature step analysis when
only considering pipes in CS 4 to be in bad condition. This model obtains a fl-score of
0.35.

Figure C.4a shows that the year of construction alone performs better than when
combined with the relative groundwater level and ground level. This indicates that the
relative groundwater level and ground level contributed positively to a group of features
but introduced noise when included individually.

A smaller number of features are found to contribute when solely considering pipes
in CS 4 as being in bad condition than when pipes in CS 3 also are considered as being
in bad condition. All the parameters that contribute to the model performance in the
first case mentioned, aside from wastewater type, also contribute in the second case.

C.3.3 Difference between Utilities

For each of the utilities in Table C.1 a backward step analysis was performed and man-
ually inspected. Some of the utilities were observed to perform better when removing
features up to a certain point. This was clearest for utility 10, which is the utility with
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Fig. C.3: Backward feature step analysis for the new baseline where the geographical information
has been removed. Each chart shows the performance when the least contributing feature remaining
has been removed starting from the left and progressing to the right. The dashed black line shows the
performance when randomly classifying 50% of the pipes as bad pipes and the solid black line shows
the performance when randomly classifying a percentage of pipes, corresponding to the number of bad
pipes in the dataset, as bad.

the smallest number of bad pipes, but the phenomenon could also be observed in some
of the other utilities. The feature analysis for utility 10 can be seen in Figure C.5a.
In most cases, the feature analysis shows a decrease in performance when features are
removed. However, for some utilities the performance increases when the second-to-last
feature is removed. This most often occurs if the second-to-last feature remaining is
ground level or depth, but it has also been observed for groundwater to a smaller ex-
tent. An example of this can be seen in Figure C.5b, which shows the feature analysis
for the utility with the largest number of bad pipes.

An overview of the predictor variables considered relevant for the different utilities



144 Paper C.

— All features

----- Random selection of 50 % of the pipes
Random selection using same distribution
of bad pipes as in the data set

006 0.6 B Features left out
o

a L |

b

0.4 et
----- Random selection of 50 % of the pipes
0.2 Random selection using same distribution

of bad pipes as in the data set
W Features left out

0.0 L o o

] T E5Y @ 0 SCVUTOUCcECT YR

638652888338 Es8£885508%8 EL0s50828583REE8528E S

ECBT L2988 625255828<885 2P eEE 54T 2882E88 88T
w g 2 29 2

22586 v 2588c0=z5 iR sV 502 2558853835558
23902 ® T2 s 2 2 @ 22 o255 0 22

35 S ¢t = c > =] 2 £=c c>
A< o a O > a E S o £Eo0a>w h ES
@ 3 5 g [ = 3 2 3 @ T 8= 3
2 23 2 8 29 2 = 2 28285
20 © s a 32 ©c

Features left out Features left out

(a) (b)

Fig. C.4: (a) Same as baseline but with the same amount of training data as available when solely
considering pipes in CS 4 as being in bad condition. (b) Feature step analysis when solely considering
pipes in CS 4 as bad.
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Fig. C.5: Feature analysis for (a) the utility with the lowest number of bad pipes (utility 10), (b) the
utility with the highest number of bad pipes (utility 14).

can be seen in Table C.4. In the table the performance is given as the fl-score when
using the optimal number of features. The table also shows how many times a feature
is found to be the most important feature.

On average 6.5 features were found to contribute to the performance. The table
shows that year of rehabilitation and year of construction contain redundant informa-
tion, and at least one of them is found to be significant in 24 of the utilities. For this
reason, year of construction is considered more relevant than shown in the table if year of
rehabilitation is not available and vice versa. Likewise, there might be some redundancy
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Table C.4: Overview of which predictor variables contribute to the model performance for each utility.
A “e” shows that the predictor variable contributes to the performance, a “o0” shows that the predictor
variable was included in the analysis but did not contribute to the model performance. The features
are sorted in descending order, according to how often they contribute to the performance, and the
utilities are sorted in descending order, according to number of pipes in CS 4. In addition, this table
includes an overview of the most important feature and the best performance obtained for each utility.
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Utility 29 e 0O ©® e e o e e e e 0 O e e 0 e 0 o0 O o0 o 12 076
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Utility 9 . . . . . o e o o o o o o o o o o o o o 6 0.77
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Utility 25 e e e 0O O e 0 e 0 e 0 O O O O o o o o o o 6 077
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in number of buildings, buildings low, buildings high, and number of grids.

Table C.4 shows that year of construction is the most important feature in 13 of the
utilities followed by age (8), groundwater (6), year of rehabilitation (5), and dimension
(1). In general, there is a tendency for the continuous variables to be found relevant
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more often than categorical and binary variables.

To identify general trends between the performance, the size of dataset and the num-
ber of relevant features, the relation between the number of bad pipes, the performance,
and the number of features contributing to the performance is shown in Figure C.6.
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Fig. C.6: Plot of the relation between the number of bad pipes (first axis), the performance (second
axis) and the number of relevant features.

In Figure C.6, the number of bad pipes is shown along the first axis, the fl score
is shown along the second axis and the number of relevant features is shown in a color
scale ranging from blue to red. For utilities with more than 6000 bad pipes the number
of features contributing to the performance staggered at six to nine.

As stated in Section 2.4.3, only pipes in CS four were initially considered as being
in bad condition. In that analysis the performance and number of relevant features
staggered for datasets with more than 1000-1500 bad pipes, which indicates that it is
not solely the number of bad pipes that influences the results but also the total number
of pipes inspected.



C.4. Discussion 147

The smaller variation in performance and number of relevant features for utilities
with a higher number of inspected pipes in bad condition, could indicate that these
datasets contain a more representative segment of the pipes. Thereby they are less
sensitive to a high or low occurrence of defects in an inspected area.

C.4 Discussion

Sewer deterioration modeling is complicated by several influencing factors. In this sec-
tion the most prominent factors influencing the results are discussed, and the results
are compared to previous findings in the literature.

C.4.1 Representativeness of Data

The results from the baseline experiment underlined the challenges of using historical
data for sewer deterioration modeling, as the CCTV-inspections generally have been
performed with a specific purpose, introducing a selective survival bias in the data [1].
However, as the datasets are comprehensive, most utilities do not have the finances to
create a new dataset. Instead, the model developers must account for this by excluding
the features in which the bias is most prominent, such as features related to geographical
position. In the long term, utilities should include some spatial randomness in their
strategy for CCTV-inspection.

C.4.2 Definition of Target Variable

Lack of publicly available data [5], numerous different standards for CCTV-inspections
and different methods for evaluation of sewer deterioration models complicate the com-
parison of deterioration models. This also applies to the performance obtained in ex-
periment two, where the fl-score drops from 0.73 to 0.35 when solely considering pipes
in CS four as being in bad condition instead of considering pipes in both CS three and
four. However, although the performance was affected, there was a high correlation in
the predictor variables relevant for prediction of pipes in CS four and pipes in either CS
three or four, which indicates that it is fair to make a binary evaluation of the feature
importance.

Today CCTYV inspections are performed by an operator who manually annotate
the observations found in the sewers according to a given standard for tv inspections.
These observations are often transformed into a general measure of the sewers condition.
This condition measure can either be based on general standards or they can be utility
specific. The benefit of utilizing the general standards are increased comparability
between utilities whereas the benefit of utilizing a utility specific performance measure
is that it can be adjusted to prioritize the types of defects relevant for the utility.
For instance, a utility with limited capacity at the wastewater treatment plant might
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increase weight on infiltration. Weighting some defects higher can cause the features
related to these defects to become more important in a feature analysis. In the CS
used in this study a higher weight has been put on attached deposit and infiltration
according to other observation types as shown in Table C.2. This is consistent with the
results showing a high importance of the relative groundwater level. As the groundwater
maps available for this study were based on measurements every 500 m, the actual
groundwater level can change significantly between the data points. It is likely that the
ground level can compensate for these changes, which will induce a higher weight on
this feature in the feature analysis.

C.4.3 Size of Datasets

When considering pipes in both CS three and CS four as being in bad condition, the
performance and the number of features relevant staggered for datasets with more than
6000 pipes in bad condition. In the initial analysis only pipes in CS four were considered
bad. In that analysis the performance and number of relevant features staggered for
datasets with more than 1000-1500 pipes in bad condition. This indicates that the
number of bad pipes required for optimal performance is correlated with how the target
variable is defined and the total number of pipes inspected.

Furthermore, it is worth noticing that if solely considering the utilities with more
than 1000 bad pipes, there is more consensus on which features contribute to the per-
formance. For ground level the percentage of time it is found to be relevant increases
from 69% to 78%. Similar tendencies are present for age (67% to 71%) and relative
groundwater level (65% to 73%). A full overview is presented in Table C.5.

C.4.4 Irregularities in the Step Analysis

For some utilities, the performance improved when predictor variables were removed,
indicating overfitting of the model. This was clearest for utility 10, which is also the
utility with the smallest amount of training data. For datasets with more than 10,000
pipes, the tendency could still be observed in some cases after cleaning but removing
features did not lead to an increase in performance of more than two to three percent.

In a few cases, the performance suddenly increased when removing one parameter.
This could not be explained by stochasticity in the performance or overfitting. An
example of this can be seen in Figure C.5b. This is most likely because some predictor
variables perform well when combined but introduce noise when considered individually.

C.4.5 Comparison to the Literature

Mohammadi et al. [24] reviewed 24 papers, of which 19 had investigated which features
were significant. In Table C.6 the results of this study are compared to the findings by
Mohammadi et al.
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Table C.5: Overview of how often a feature contributes to the performance when considering all the
utilities and when considering only utilities with more than 1000 bad pipes.

Utilities with More Than

Predictor Variables All Utilities 1000 Bad Pipes

Percent of Percent of
Times Present Times Found Times Present Times Found
Relevant Relevant

Ground level 32 69 27 78
Age 33 67 28 71
Groundwater 31 65 26 73
Wastewater 33 61 28 61
Length 33 55 28 57
Dimension 33 52 28 57
Year of construction 33 48 28 46
Year of rehabilitation 33 39 28 39
Soil type 33 36 28 36
Slope 23 30 19 32
Depth 31 29 26 31
No. buildings 29 21 25 20
No. grates 29 21 25 24
Material 33 18 28 21
Dist. to road center 29 17 25 16
Dist. to trees 33 15 28 18
Road types 33 15 28 14
Rehabilitation type 33 9 28 7

City type 30 7 26 4

Building low 29 0 25 0

Buildings high 29 0 25 0

In the review by Mohammadi, there is a higher consensus about which predictor
variables are significant. The most probable reason for this is that Mohammadi et al.
reviewed studies whose authors selected a number of predictor variables. For example,
four of the papers investigated between two and eight predictor variables and did not find
any insignificant variables. In general, there is a consensus that length, age, dimension,
ground water, and wastewater type are often important predictor variables. However,
the model developer should consider the specific case when selecting predictor variables
as there is no “gold standard”.

C.4.6 CCTV-Inspection Planning

The still increasing access to pipe specific data and the increasing awareness of the ben-
efits related to risk based pipe inspection and rehabilitation on pipe level are essentials
when optimizing the management of sewer systems to save costs and resources. Sewer
deterioration modeling is an essential element in this; however, the scientific literature
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Table C.6: Comparison of how often the different features contribute to the performance in this study
and in the review by Mohammadi et al.

Predictor Variables Results Mohammadi et al.
. Percent of Times . Percent of Times
Times Present Found Relevant Times Present Found Relevant

Ground level 27 78 - -
Age 28 71 18 78
Groundwater 26 73 3 100
Wastewater 28 61 6 83
Length 28 57 11 91
Dimension 28 57 17 71
Year of construction 28 46 - -
Year of rehabilitation 28 39 - -
Soil type 28 36 5 20
Slope 19 32 12 42
Depth 26 31 16 44
No. buildings 25 20 - -
No. grates 25 24 - -
Material 28 21 15 67
Dist. to road center 25 16 - -
Dist. to trees 28 18 - -
Road types 28 14 5 40
Rehabilitation type 28 7 - -
City type 26 4 -
Building low 25 0 - -
Buildings high 25 0 - -
Location - - 5 40
Up-invert - - 1 0
Down-invert - - 1 0
Bedding type - - 2 100
Corrosivity - - 2 50
Number of trees - - 5 60
Traffic - - 1 1
Flow - - 3 67
Hydrohalic - - 2 100
Location - - 5 40
Up-invert - - 1 0

dealing with the underlaying parameters influencing the deterioration models is sparse.
The findings of this study enlighten some of these shortcomings, and the findings can
be incorporated in future model development.

Generally, deterioration models can be used to give a snapshot of the sewer system
and is used when no CCTV-inspection has been made or when the CCTV inspection
is outdated. Typically, the deterioration models are based on datasets which have been
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collected over several years. Therefore, users of deterioration models should be aware
that the predictions of the CSs are evaluated on historical data and thereby cannot
give a fair prediction of future condition states. For example, plastic pipes were rarely
used 50 years ago, and plastic pipes older than 50 years have limited representation in
the data. Furthermore, the surrounding environment, material quality etc. change over
time. Future predictions of CSs are further complicated by variations in the degradation
profile of different defect types. Some defect types occur stochastically and do not
degrade over time such as defects related to pipe connections or installation of the
pipes. Other defects degrade over time such as surface damage. Surface damage is
often seen in concrete pipes due to the presence of hydrogen sulphide which erode the
surface over time. Hydrogen sulphide is typically formed in pump pipes. Likewise, the
degradation profile for defects related to roots in the pipes depends on the surrounding
trees and their growth.

C.5 Conclusion

The primary contribution of this paper is a comprehensive analysis of the feature impor-
tance in sewer deterioration modeling. The paper addresses factors that influence sewer
deterioration modeling and acknowledges weak or missing information in the literature,
such as handling of biased datasets, the impact of how bad pipes are defined, and the
variations in feature importance between utilities.

Deterioration models are usually based on CCTV-inspections performed over several
years with a specific purpose in mind. This is problematic due to a selective survival
bias in the data whereby the models do not perform as well on noninspected areas as
they do on inspected areas. Ideally the datasets should be random in character, but
due to economic constraints this is often infeasible. Instead, model developers should
avoid utilization of geographically related parameters. Moreover, utilities should include
randomness in their strategy for CCTV inspection.

Changing the definition of when a pipe is in bad condition produced large deviations
in model performance. However, in the feature analysis it was the same features that
contributed to the performance, although more features contributed when both pipes in
CS three and four were considered bad than when only pipes in CS four were considered
bad. This indicates that it is fair to use an advantageous split between good and bad
pipes when making a feature analysis.

Comparison of feature analysis from 33 different utilities showed a relatively high
variance in the number of features contributing to the performance, which features con-
tributed, and the performance obtained by the models. These variations were especially
high for utilities with fewer than 6000 pipes in bad condition. It is worth noting that the
number of bad pipes depends on the definition of bad pipes. When solely considering
pipes in CS four as “bad”, the high variations were primarily present for utilities with
fewer than 1000-1500 pipes in bad condition.
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No feature was considered relevant in more than 69% of the utility specific models;
however, when only considering utilities with more than 1000 bad pipes there was a
higher consensus on which features were relevant (up to 78%). For these utilities, the
features that contributed to the performance most of the time were ground level (78%),
age (71%), groundwater level (73%), wastewater type (61%), length (57%), dimension
(57%), year of construction (46%), and year of rehabilitation (39%). As there is a high
redundancy between year of construction, year of rehabilitation, and age, removing one
of these as a possible predictor variable would most likely induce the others to contribute
to the performance in more cases. In 26 out of 33 cases the most important feature was
related to either age, year of construction, or year of rehabilitation. On average 6.5
features contributed to the utility specific models.

The overall trends in feature importance found in this work showed consensus with
the findings in a review by Mohammadi et al. [24]; however, due to variations in study
design of the articles reviewed by Mohammadi et al. the two papers are not comparable
on a detailed level.

The added value of this paper is a better understanding of the underlying parameters
influencing sewer deterioration modeling and knowledge of feature importance when
encountering the statistical variations between utilities. The exact results related to
feature importance are specific to the condition measure used in the study, however, the
overall trends are comparable to findings in the literature and can be used to assist the
feature selection for sewer deterioration modeling, which is important because feature
extraction is a labor intensive process.
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Abstract

Biogas production is a complicated process and mathematical modeling of the process is
essential in order to plan the management of the plants. Gompertz models can predict
the biogas production, but in co-digestion, where many feedstocks are used it can be
hard to obtain a sufficient calibration, and often more research is required in order
to find the exact calibration parameters. The scope of this article is to investigate if
machine learning approaches can be used to optimize the predictions of Gompertz models.
Increasing the precision of the models is important in order to get an optimal usage of
the resources and thereby ensure a more sustainable energy production. Three models
were tested: A Gompertz model (Mean Absolute Percentage Error (MAPE) = 9.61%), a
machine learning model (MAPE = 4.84%), and a hybrid model (MAPE = 4.52%). The
results showed that the hybrid model could decrease the error in the predictions with 53%
when predicting the methane production one day ahead. When encountering an offset
in the predictions the reduction of the error was increased to 66%.

D.1 Introduction

Climate changes and increasing energy demands have increased the focus on renewable
energy in the recent years. The biogas industry contributes to this by e.g., producing
energy from wastewater and reducing pollution from agriculture. The biogas industry
has had a significantly progress in Europe in the recent years, where the capacity was
almost tripled in the period from 2007 to 2017 [1].

Biogas is produced by anaerobic digestion of organic materials such as urban waste
for example food, sludge and garden waste, animal manure, industrial waste, lignocel-
lulosic materials such as various types of straw and the biomass of microalgae [2]. How
fast a feedstock can be transformed to methane depends on the composition of the feed-
stock. Carbohydrates, protein and fat are easy digestible, whereas e.g. lignocellulosic
materials are much harder to digest [2].

In addition to this, several parameters influence the process. These are, among oth-
ers, the pH, carbon/nutrient rate, organic loading rate, temperature, the microorgan-
isms and enzymes present, presence of some types of fatty acids, and usage of substrates.
Over or under representation of some of the parameters can even lead to failure of the
system [3, 4].

Mono-digestion of some feedstocks can be problematic, as it might bring the system
out of balance, for instance changing the carbon/nutrient rate will lead to a too high
concentration of problematic fatty acids or change the pH. Therefore, much research
has focused on co-digestion of feedstocks, which can lead to an increase in the biogas
production of 25-400% [3]. However, co-digestion complicates the digestion process fur-
ther and therefore, mathematical modelling of the process is essential in order to keep
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the balance and avoid failure [3]. In 2002 [5] published the IWA Anaerobic Digestion
Model No.1 (ADM1). The ADMI1 can simulate an average trend in the different pa-
rameters, however, it cannot simulate the immediate variations [6]. Since the ADM1
was published plugins with modifications have been added and in 2015 [7] states that
despite new models have been developed, there is readily justification for developing a
new ADM2. In order to develop an ADM2 it is necessary to have a uniform approach
to the mechanisms and challenges which will require further research. After 2015, other
models and optimizations of the ADM1 have been performed [8].

Where the ADM1 model focuses on modelling the whole process, another model
type, called Gompertz models, is often used for prediction of the gas production. This
type of model can give very accurate predictions of the methane production [9], however,
like the ADM1 model, this model requires a precise calibration. In order to calibrate
a Gompertz model, Gompertz functions need to be set up for all the biomasses used
in the model. Several studies have been made in order to improve Gompertz models
by experimentally finding the kinematic parameters describing the methane production
for a wide range of feedstocks [9-11]. For this reason, the literature can provide the
kinematic parameters for a large variety of feedstocks. If the Gompertz functions for
some of the feedstocks in a biogas plant is not available in the literature, they can be
found experimentally. However, as this often takes several months, they are often based
on expert knowledge instead.

It is worth noticing that despite Gompertz variables are available for one feedstock,
there might be local variations in the composition of the feedstocks influencing the
gas production. This is complicated further from co-digestion and other parameters
influencing the digestion of each material. For this reason and despite making several
tests in the laboratory, the results might not fit well in a real case scenario. Despite that
the mathematical models are essential in order to ensure a stable process, and avoid
failure, they are very hard to calibrate, especially when the parameter complexity is
high. In these cases further research in parameter characterization is required [3].

Machine learning models have been developed in order to predict and optimize the
methane production. In wastewater treatment plants Neural Networks have for instance
been used to find the optimal settings for as high a methane yield as possible [12]. In
agricultural biogas plants a combination of Genetic Algorithm and Ant Colony Opti-
mization has been used to predict the present gas production based on measured process
variables [13]. In controlled laboratory scale experiments Neural Networks have shown
precise predictions of the biogas production [14]. Likewise, the machine learning al-
gorithms Random Forest and XGBoost have shown efficient future predictions of the
methane yield in an industrial-scale co-digestion facility [15].

Being able to predict the future biogas production is essential in order to plan the
operation of the biogas plant. In some cases, the goal is to produce as much methane
as possible, as there is an unmet demand. In other cases, it is essential to keep as stable
a production as possible in order to meet the demand while avoiding overproduction.
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In case of overproduction, the process can be artificially inhibited by chemicals or the
surplus methane can be burned off. In both cases resources are not optimally used. This
has led to development of software tools used for planning of the biogas production. The
software has a framework to take in different machine learning models for prediction of
the biogas production. In this case the machine learning models were used to predict
the production in three categories: Low, medium, and high [16].

The scope of this article is to investigate if machine learning approaches can be used
to optimize the predictions of Gompertz models in industrial settings. This is done by
comparison of a Gompertz model, a machine learning model, and a combined model.

D.2 Method

D.2.1 Biogas Plant

The biogas plant has a capacity at approximately 220,000 t biomass/year and produces
almost 10 mio. Normal cubic meter (Nm?® methane/year, corresponding to 99,7 GWh
heat per year. The main feedstocks used in the plant are seaweed, manure, eulat and
pectin. However, in total 18 specific feedstocks were used. It is worth noticing that it
is an industrial setting and the available feedstocks changes over time. For this reason,
some of the feedstocks were only used in the first half of the measurement period, while
others were only used in the second half of the period. Fortunately, the amount of these
temporary feedstocks is limited, and the models needs to be tolerant to this type of
changes.

In this biogas plant a Gompertz model is used to plan the infeed to the plant in
order to obtain as constant a biogas production as possible.

D.2.2 Data Set

The data set obtained from the biogas plant contained consecutive measures from 818
days. In total 18 different feedstocks were used of which one was only used in the first
half of the data set and four were only used in the last half of the data set.

D.2.3 Gompertz Model

For each biomass the expected methane production over time can be described by Gom-
pertz functions [17, 18]. The formula for Gompertz functions can be seen in Eq. D.1.

P(t) = Py - exp (exp (R;me A=t + 1>) (D.1)

Where P is the culminative methane production, P, is the maximal total methane
production R, is the maximal methane production rate, ¢ is the time measured in
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days and k is the delay before any gas is produced from the specific biomass. Hereafter
the methane production for a biomass on a given day can be calculated as seen in Eq.
D.2.

Pday = P(tday) - P(tday - 1) (D'Q)

Where P4y is the amount of produced methane on the specific day and tgqy is the
day for prediction. The expected daily methane production per ton of each biomass can
be seen in Fig. D.1.

Expected methane production over time
for each biomass
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Fig. D.1: Expected methane produced by each type of biomass over time

The methane production was then calculated as the sum of the added methane per
biomass per day, including biomasses added up to 60 previous to the precent day. The
model encountered the retention as a percentage removal of biomass per day.

The parameters in the Gompertz functions were initially based on empirical numbers
where these were available. For the biomasses where empirical data was not available,
they were estimated based on knowledge about similar biomasses. Hereafter the model
was calibrated using the previous 90 days as calibration data. The calibration was done
by minimizing the root mean square error.

In addition to the initial parameters each biomass had a span they were forced to
stay within.



D.2. Method 161

D.2.4 Machine Learning Model

Preprocessing

Before training the machine learning model, all the data points were normalized by
subtracting the mean value and scaling to unit value using the Python library scikitlearn
[19]. Hereafter zeros were replaced with values close to zero. This was done in order to
account for algorithms being sensitive to zeros and as it showed better results in some
cases. As biogas production is a time-consuming process which takes several days, eight
additional features were added to each data point. These features were the measured gas
production from the previous six days and the mean and standard divination calculated
for the present and previous nine days. As the feature creation in this case implies
inclusion of the input parameters nine days before the measurement, the first nine days
of the measurement data was excluded due to missing data.

As the last part of the data set was collected while the model was developed, only
the first 430 datapoints were used for training, while the last 350 datapoints were used
for testing. Thereby the training set contains one biomass which is not present in the
test set and the test set contains four parameters which are not present in the training
data. An overview of the preprocessing pipeline can be seen in Fig. D.2

Preprocessing

Data Transfor- Feature Creation Cleanup Splitdatain
mation training and test

Fig. D.2: The preprocessing pipeline

Model Development and Training

The training set was split into 25 folds for folding where 23 folds were used for
training, one fold was used for validation and one fold was used for test.

Initially 15 commonly used machine learning algorithms from the Python library
scikit-learn [19] were tested. These were uniform k-nearest neighbors (kNN), distance
kNN, Bagging [20] with Decision Tree, AdaBoost [21] Regressor with Decision Tree, Ran-
dom Forest Regression [22], Bagging with Random Forest, recursive feature elimination
(RFE) with the core of linear Ridge, Recursive Feature Elimination by using Gradi-
ent Boosting [23], Principal Components Regression, Quadratic Discriminant Analysis,
Lasso Regression, Multilayer Perceptron (MLP) Regressor, Naive Bayes [24], Extra
Trees [25], and Support Vector Machine [26]. Based on this initial test seven methods
were selected. These algorithms were uniform kNN, distance kNN, recursive feature
elimination (RFE) with the core of linear Ridge, MLP Regressor, Ada Boost Regressor
with Decision Tree Regressor, RFE with the core of Gradient Boosting Regressor, and
Random Forest Regressor.

For each fold, the best three models were ensembled whereby the prediction would
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be the mean of the three models. If the ensemble score was better than the score of the
single models this was selected. Otherwise the best single model was selected. If the
selected model did not obtain a sufficient precision, no model from that fold was saved.
Lastly all the saved models were applied to the test set and the prediction of the models
were averaged in order to predict the methane production one day ahead. An overview
of the setup can be seen in Fig. D.3.

D.2.5 Hybrid Model Based on the Gompertz Model and the
Machine Learning Model

In order to make a hybrid model based, the error of the Gompertz model was found
by subtracting the Gompertz predictions from the measurements. Hereafter a machine
learning model similar to the model described in Sect. 2.4 was trained to predict the
error of the Gompertz model. Subsequently the predictions from the machine learning
model were added to the predictions from the Gompertz model in order to predict the
amount of methane produced.

D.3 Results

The predictions from respectively the Gompertz model, the machine learning model,
and the hybrid model for the full test set can be seen in Fig. D.4, and a zoomed version
can be seen in Fig. D.5. Likewise, the correlation between the observations and the
predictions was found as seen in Fig. D.6.

From Fig. 6 it was observed that there was an offset in the predictions according to
the correlation line. A similar offset was observed for prediction on the training set. If
calculating the mean of the measurements and the predictions and adjusting for this by
adding the difference in mean values to the predictions the error of the predictions is
decreased. The Mean Absolute Percentage Error (MAPE) for each of the models with
and without adjustment according to the mean prediction can be seen in Table D.1.

Table D.1: The mean absolute error for each of the three models

Model } MAPE | MAPE after adjustment
Gompertz model 9.61 % 9.00 %
ML model 4.84 % 3.78 %

Hybrid model 4.52 % 3.06 %
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Fig. D.3: Flowchart over the method for developing the machine learning model
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Fig. D.4: Comparison of the measured biogas production and the production predicted one day ahead
by the Gompertz model, the machine learning model and the hybrid model.

D.4 Discussion

Modelling of biogas plants is essential in order to keep an optimal operation of the plants.
Gompertz models can be used to plan the infeed to biogas plants in order to keep a
constant output. However, these models can be hard to calibrate, especially when the
number of feedstocks is high. The Gompertz model presented in this paper can estimate
the methane production with a MAPE at 9.61%. From Fig. D.6 it can be seen that the
correlation between the predicted and observed methane production for the Gompertz
model is not very corelated in the data available. This is because the model is used to
plan the infeed to the biogas plant in order to ensure a constant production and it tells
us that the model is used to its limits. Due to the complexity in co-digestion scenarios
more research is required in order to calibrate the Gompertz model further. As this
would require several tests each lasting for several days a machine learning and a hybrid
model were proposed in order to optimize the predictions further.

From Figs. D.4, D.6 and Table D.1 it can be seen that the machine learning and
combined model can improve the prediction one day ahead despite the usage of addi-
tional feedstocks in the test set. When comparing the machine learning model with
the measurements it is clear that it is able to find the relationships between the input
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Fig. D.5: Zoomed versions of Fig. D.4

feedstocks and the methane production. However, it typically overestimates the changes
in the production: When the production increases the model predicts the increase to be
bigger than it is and when the production decreases the model predicts the reduction
in the production to be bigger than it is. The hybrid model does not have this problem
as the Gompertz model generates a baseline for the production. In other industries it
have been found beneficial to develop hybrid models as it can make the model more
generalizable and requires less training data [27].

The issue with changes of input data is a typical issue in industrial cases. In this
case the quantity of the additional biomasses was relatively low, but if the amount of
these feedstocks was increased it could either be added to other feedstocks with similar
compositions or the model could be retrained. However, retraining would require several
datapoints with usage of the new feedstock.

As it appears from the results the hybrid model can optimize the predictions with
53% when not encountering the offset and with 66% when encountering an offset in the
predictions. This is important as surplus methane will be burned off or the gas produc-
tion will be inhibited with chemistry, as it is too expensive to build storage facilities.
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Fig. D.6: Comparison between the observed and predicted values for the three models.

Likewise, if not enough methane is produced the demand is not met. Despite several
studies deals with optimization of Gompertz functions in order to develop more precise
Gompertz models, they are not suitable for comparison with our model. This is because
they are based on experimental studies. The contribution of this paper is to show that
we can increase the predictions of the methane production in an industrial setting were
some of the parameters are based on expert knowledge as the exact parameters for each
of the Gompertz functions are not available.

Two other articles focusing on machine learning based predictions of the methane
production in industrial scale biogas plants were found [15, 16]. When compared to [16]
the predictions from the machine learning model and the hybrid model presented in this
article are quite accurate. [16] replaced the numeric values for the biogas production with
values of 0, 1 and 2 for low, medium and high production respectively and obtain an
accuracy at 87%. However, due to the low resolution in the output prediction it is much
easier to obtain a high accuracy. In our case, the methane production fluctuates between
16,000 Nm? and 22,000 Nm?, which corresponds to one of the categories in [16]. [15]
used Random Forest to predict the methane production for time horizons between one
and 40 days and obtained R? values between 0.88 and 0.82. As the Gompertz model
used in our study is used to plan the infeed, in order to obtain as constant a biogas
yield as possible, it would not be fair to use R? for comparison. This is because optimal
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planning entails a lower R2.

D.5 Conclusion

In this work we have shown that combining a Gompertz model with a machine learning
model can optimize the prediction of the methane production one day ahead with up to
66% according to using a Gompertz model alone. This is important as prediction of the
methane production is essential in order to keep a constant production of methane, and
thereby ensure that the demand is met while avoiding overproduction. If the demand
is not met the costumers will have to go elsewhere, which could lead to usage of none
sustainable energy sources. If too much methane is produced the surplus will either be
burned off or chemistry will be added in order to inhibit the production.
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Abstract

Sensor drift in Wastewater Treatment Plants (WWTPs) reduces the efficiency of the
plants and needs to be handled. Several studies have investigated anomaly detection and
fault detection in WWTPs. However, these solutions often remain as academic projects.
In this study, the gap between academia and practice is investigated by applying suggested
algorithms on real WWTP data. The results show that it is difficult to detect drift in the
data to a sufficient level due to missing and imprecise logs, ad hoc changes in control
settings, low data quality and the equality in the patterns of some fault types and optimal
operation. The challenges related to data quality raise the question of whether the data-
driven approach for drift detection is the best solution, as this requires a high-quality
data set. Several recommendations are suggested for utilities that wish to bridge the
gap between academia and practice regarding drift detection. These include storing data
and select data parameters at resolutions which positively contribute to this purpose.
Furthermore, the data should be accompanied by sufficient logging of factors affecting
the patterns of the data, such as changes in control settings.

E.1 Introduction

With increased focus on the United Nations Sustainable Development Goals (SDGs)
and increasing energy prices, there has been an increased interest in optimizing the
performance of Wastewater Treatment Plants (WWTP) and Wastewater Recovery Fa-
cilities, prospectively referred to as WWTPs in this article. Optimizing the operation
of WWTPs is the topic of several studies [1] where some of the more complex control
systems include the energy usage and economics [2, 3]. Several companies offer software
for real time control of WWTP; however, few focus on the data quality involved [4]. This
is problematic as sensor drift can induce decreased total N removal or over aeration, en-
tailing a large increase in energy consumption. Bias in sensor data can easily counteract
the energy reduction and cost savings obtained by advanced automatic control [5].

Drift in sensors is a commonly known problem. Due to fouling, optical Dissolved
Oxygen (DO) sensors can easily be biased with one mg/L within a month [6]. In
calibration data from two WWTPs, examples of drift with more than one mg/L can
be found for both ammonia and potassium sensors. In plants, where the NHy level is
typically below 3 mg/L in the outlet, 1 mg/L is a large deviation. Especially a positive
drift in ammonia sensors is subject to increased costs at the utilities, and from an
industrial perspective it should be of high priority to detect these faults.

Faulty sensor data is a problem in several different sectors. Teh et al. [7] reviewed
57 papers on sensor faults and methods used for detection and correcting faulty data.
The faults included outliers, missing data, bias, drift, noise, constant values and the
sensor being stuck at zero. The methods used for drift detection in the reviewed papers
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were Principal Component Analysis (PCA), Artificial Neural Network (ANN), Ensemble
Classifiers and Dempster-Shafer Theory and Mathematical Modelling (only one paper
from 2008). Furthermore, PCA, calibration-based methods, PCA based methods and
Kalman filter-based methods were used for drift detection and correction [7].

Several data-driven approaches for wastewater treatment operation have been devel-
oped and presented in the literature; however, in a review, Corominas et al. [4] report
that only 16 percent of the developed solutions resulted in a commercial product, and
seven percent were commercialized without full-scale testing. Within fault detection the
most popular approach is PCA (27 papers) followed by ICA (9 papers) and clustering
(7 papers) [4].

Within fault detection in process tanks, several studies have been made. Baklouti
et al. [8] used univariate statistics to detect bias, drift and variating magnitudes in
Dissolved Oxygen (DO) sensors. They introduced bias of two mg/1, drift with a slope
of 0.005 and variating signal magnitude of three standard deviations. The calculation
of 700 datapoints was made without information on the actual corresponding sampling
frequency. Despite stating that it was in general problematic that models did not
encounter seasonal changes, etc., the authors tested their model in simulated dry weather
data [8].

In 2002 Thomann et al. [9] suggested using control charts to make it easier for
WWTP staff to detect drift, outliers and shifts based on four months of collected data.
Newhart et al. [10] stated that control charts are well suited for monitoring single vari-
ables which only contain a low degree of noise, having been measured on a daily to
monthly basis.

Baggiani and Marsili-Libelli [11] used PCA combined with moving windows, T? and
Q statistics, as well as threshold, to detect spikes and sensor faults in data from a
real plant and obtained performances of 100% and 84% depending on the window size
used [11]. It is worth noticing that the spikes and faults exemplified in the paper are
very distinctive compared to the signal amplitude.

Alferes et al. [12] used PCA over six days and found two deviations in the PCA
analysis. The first was explained by a high unusual discharge and the second was
related to a turbidity sensor. It is worth noticing that when observing the turbidity
data, another case is eye catching; however, it is found in the PCA analysis.

Cheng et al. [13] used kernel PCA (KPCA) and one-class support vector machine to
detect anomalies in the inflow components of a real plant over seven years and obtained
better results than when using linear PCA and K-nearest-neighbours.

Huang et al. [14] proposed a method for anomaly detection in a WWTP at a paper
mill; however, only one case with faulty behaviour was available and the process was
in a more closed and controlled environment than a normal treatment plant. This is
indicated by specific time slots for different processes to take place.

In 2020 and 2021, several methods for fault detection in WWTPs were proposed in
the literature. Ba-Alawi et al. [15] used stacked denoising autoencoders for detection
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of drift, bias, precision degradation and complete failure. The method was evaluated
on simulated dry weather data and the authors state that the method was superior to
existing methods and can reduce operating costs and improve the monitoring of the
influent [15]. Kazemi et al. [16] showed that incremental PCA was able to distinguish
between time varying events and faults in simulated data, while Kazemi et al. [17]
investigated a number of technics including Support Vector Machine, Ensemble Neural
Network and Extreme Learning and found that they performed better than a PCA based
method after testing on simulated data. Luca et al. [18] applied PCA and statistic
for fault detection in DO sensors in simulated data and stated that the method was
successful in detecting the faults. Mali and Laskar [19] proposed an optimized Monte
Carlo deep neural network and were able to detect faults of low magnitude in simulated
data. Xu et al. [20] proposed a version of ICA called complex-valued ICA. The method
was both evaluated for simulated data and for data from a real plant. In the real
case, the authors had 213 samples of which 45 were from normal operation, and these
were used for training; however, these samples were also included in the test set. The
authors stated that this method could obtain more accurate, intuitive and efficient
fault detection. Klanderman et al. [21] proposed a method based on auto correlation
and Fused Lasso. The method was trained on an in-control data set and tested on a
simulated data set with introduced faults and data from a real plant, which contained
one fault that they were able to detect. Mamandipoor and Majd [22] possessed 11
months of data from 12 sensors in a real plant. The data were classified according to
faulty NH, data by an expert and a Long Short-Term Memory Network was developed
and outperformed PCA-SVM. Cecconi and Rosso [23] used ANN to predict the NHy4
concentration and used PCA along with Shewhart monitoring charts for detection of the
variation between measured values and predicted values. This study was based on more
than one year of data from a real plant. Six sensors were installed in the plant including
two NHy sensors. The sensors were cleaned on a weekly basis and calibrated if there
was a difference detected of more than 15% between the sensor and the reference. The
faults considered in the study were sensor faults caused by wrong calibration, process
anomaly and drift. For testing, three types of faults were introduced in real data. The
suggested approach was able to detect the faults and the ANN prediction could be used
for process control when a fault was detected [23]. Anter et al. [24] used fuzzy swarm
intelligence and chaos theory to detect faults in a real data set from 1993 available at
the UCI Machine Learning Repository [24]; however, details on the fault types detected
are not described.

Except for Cecconi and Rosso [23] and Mamandipoor and Majd [22], none of the
solutions proposed in 20202021 reflect contemporary conditions met at WWTPs, and
while several papers acknowledge that there is a gap between the solutions in academia
and in the real world [4], there is a lack of knowledge when it comes to implementing
data-driven approaches in real WWTPs.

The aim of this paper is to bridge the gap between academia and practice by applying
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different approaches for machine learning to real-world data sets, and thereby identify
challenges hindering implementation of data-driven drift detection at normal operating
WWTPs. The main contribution of this work is identification of the shortcomings be-
tween academia and practice together with recommendations for future data usage and
management obtained in collaboration between data scientists and water professionals.
To ensure that the recommendations are as relevant as possible for both researchers and
managers, this work is based on data available from operating WWTPs, and no extra
data acquisition was made. This entails the data being of lower quality than if it is
acquired with the specific purpose of developing algorithms for drift detection.

The remainder of this paper is structured as follows. Section E.2 contains information
on the data and approaches investigated in this study. Section E.3 contains the results
and description of how to interpret these. Section E.4 is a discussion of the results and
Section E.5 contains perspectives on drift detection from both academic and practical
perspectives. These perspectives are accompanied by recommendations for the future.
The paper is concluded in Section E.6.

E.2 Materials and Methods

This section contains an overview of the available data and the applied methodology
for anomaly and fault detection. With inspiration from the literature, several methods
for anomaly and fault detection were initially considered; however, it became clear that
many of the considered methods were not practically applicable. As the purpose of
this paper is to bridge the gap between academia and research, descriptions of the
unsuccessful methods have been included in this section, together with a description
of why they were not successful in this case. Lastly, a description of how the detected
anomalies are accessed is included.

E.2.1 Data

Data from three plants were available for this study. The resolution of the data was
one sample per minute, and two of the WW'TPs had a log accessible with calibration
information. One of the WWTPs had one process tank (PCT) while the remaining two
WWTPs had two PCTs. An overview of the PCTs can be seen in Table E.1.

The control strategy for aeration of WWTP2 PCT1 was based on alternating opera-
tion where the air pumps turned on and off based on ammonia set points. The remaining
PCTs were controlled by PID controllers. A PID controller tries to obtain a constant
NH, level which is defined by a set point. The PID controller adjusted the amount of
aeration based on the difference between the NH, concentration and the set point for the
NH,4 concentration. How fast the PID adjust the aeration depends on three constants.
This control strategy is beneficial as it allows for a more constant concentrations in the
PCT.
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Table E.1: . Overview of the available data.

Process Tank Data Period Log *

WWTP 1 PCT 1 From 25 January 2021 4 measurements
To 14 September 2021 1 calibration

WWTP 2 PCT 1 From 13 June 2020 Not available
To 14 September 2021

WWTP 2 PCT 2 From 13 June 2020 Not available
To 14 September 2021

WWTP 3 PCT 1 From 1 February 3 measurements
To 14 September 2021 3 calibrations

WWTP 3 PCT 2 From 1 February 2021 3 measurements
To 14 September 2021 2 calibrations

* Logs were available until 22 May 2021.

Multiple parameters were available for the three plants including flow to the plant,
NH,, NO3, DO, K and SS, while other parameters variated between the plants such as
information on the aeration, if NoO was measured, etc. The parameters flow, NO3 and
DO are highly related to the NHy level in the plant. Furthermore, plots of the data
did not indicate that the remainder of the parameters, which were available for all the
PCTs, should be included. Therefore, it was decided to focus on the parameters flow,
1\IH47 N03 and DO.

For two of the plants, lab measurements and calibration logs were kept for the NHy
sensor and the NOj sensor. From the logs it could be seen that a drift of the NHy sensor
of 0.5 mg/L was accepted, while a drift of 1 mg/L was accepted for the NO3 sensor. In
the log calibration, events were noted down; however, this was done manually. In some
cases, it was stated that a sensor was adjusted, but it was not stated which sensor.

E.2.2 Machine Learning Approaches

As described in Section E.1, several different data-driven approaches for drift and fault
detection in WW'TPs exist; however, these methods cannot be directly applied to the
data available for this study.

A characteristic for almost all the methods presented in the literature is that they
have been developed and tested on data sets where the faults are already known, either
because the faults have been simulated or because the data come from well monitored
WWTPs. Such labelled data sets are rarely available for normal WWTPs, which is
also the case for the data available for this study. Therefore, it was sought to obtain a
labelled data set for drift by manually labelling the data in the PCT with alternating
operation, as this was the easiest PCT to assess. To do this, an interactive software
tool for systematic labelling of each aeration cycle was made. Each aeration cycle could
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then be labelled as OK or as a fault type. However, during the labelling process it was
observed that it was hard to label the data without introducing several faults. Reasons
for this included the operators changing the control settings instead of calibrating the
sensors and the utility accepting the NO3 sensor to drift with up to 1 mg/L without
considering it as an anomaly.

The lack of labelled data entails that it is not possible to use traditional supervised
learning. Another approach initially tested was predicting each parameter based on
one class learning. Thereby the variations between the prediction and the measurement
would be the fault. However, this task was complicated by the fact that the immediate
previous measurement, could not be used as input for the predictive machine learning
algorithm, as drift develops over time. Thereby most of the drift would also be present
in the immediate previous measurement and consequently, the algorithm would predict
the measured value and not the real value. Therefore, experimenters tried to train a
Random Forest model, which is an ensemble method, on the first 80% percentage of the
data and test it on the remaining 20% for each PCT. For this task, daily average values
were used to neglect normal variations during a day such as increased flow in the rush
hours, rainfall and when the aeration pump was activated. This approach showed low
performance of the algorithm and the main bottleneck for obtaining better results was
the large variations in control setting at the PCTs. Therefore, experimenters decided to
use unsupervised learning.

E.2.3 Unsupervised Learning Algorithms

As described in Section E.1, a commonly used unsupervised method for fault detection
in WWTPs is PCA. Therefore, the data sets were normalized according to the standard
deviation and examined through PCA. All combinations of Principal Components (PC)
were then plotted per day and visually inspected. It was observed that the patterns
changed over time, and especially changes in control settings caused the patterns to
change. Changes in patterns when plotting principal components were also observed by
Alferes et al. [12] who only looked at a few days of data. However, when considering
several months of data this approach is not efficient, as the evaluation is based on
visual inspection. Furthermore, it was found to be much simpler to interpret the data
and changes by simply plotting all combinations of parameters per day. It was also
investigated if using PCA on daily values could be used to detect anomalies. In this
connection, it was tested if faults and anomalies could be removed by removing the least
contributing PC; however, the anomalies were present in all principal components and
this approach did not work.

More complex solutions such as deep auto-encoders were considered; however, based
on the results with one class learning it was not expected that this approach would be
efficient. Therefore, for the purpose of this study, it was found more relevant to use a
simpler and more transparent approach.
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The last approach considered was to use the Local Outlier Factor (LOF) [25] on
daily values. Initial results showed that this method gave the most promising results,
for which reason it was chosen to use LOF.

Local Outlier Factor

LOF is an unsupervised learning algorithm which measures the distance to a certain
number of nearest neighbours and uses this distance as a measure of anomaly.

For the LOF it was decided to use daily data. This was done to neglect the large
variations in inflow, wastewater composition and aeration periods during a day. After
averaging the data to daily signals, the data were scaled according to the standard
deviation. In the specific implementation of the LOF, the distance to the 20 nearest
neighbours was used to calculate the LOF. To ensure that the method can be applied
in real time, the LOF was implemented as a Moving LOF filter, where the LOF for a
given day was based on the 99 previous days.

A threshold of two was applied to the Moving LOF, and all datapoints exceeding
the threshold were considered as abnormal. All periods of abnormal behaviour were
subsequently assessed.

E.2.4 Assessment of Anomalies

Several different types of anomalies were present in the data. For gaining an overview,
the anomalies were categorized into five general groups, namely missing data, increased
presence (referring to increased flow or increased presence of NHy, NO3 or DO), change
in control settings, sensor drift or over aeration and other. In some cases, multiple
anomalies were present, and in these cases it was evaluated, which was the primary
reason for the detection. For instance, there could be a scenario where a sensor has
drifted but nothing is detected until an increase in flow is present and after the next
day, nothing is detected again. In such a case the anomaly is annotated as an “in-
creased presence”, even though the reason for the anomaly to be detected might be a
combination of the drift and the increase in flow.

Plots were made for each PCT showing the anomaly category and relevant data ex-
amples were plotted. Additionally, examples of longer periods of anomalies not reaching
the threshold were plotted.

E.3 Results

This section contains a description of the results of the anomaly detection. The results
for each of the PCTs are presented in Sections E.3.1-E.3.5. For each of the PCTs,
examples of anomalies have been highlighted. The examples have been selected so that
as many different scenarios as possible are shown, to give insight into as many scenarios
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as possible. Details on all observations are presented in Table E.2. Furthermore, general
observations are described in Section E.3.6.

E.3.1 WWTP1 PCT1

The data available for WWTP1 PCT1, calibration and lab measurements, Moving LOF
and the anomalies detected using the Moving LOF and thresholding can be seen in
Figure E.1. The detected anomalies are colour coded according to the anomaly type
observed. In the figure, it is worth noticing that several different control settings have
been used in the first period for which the data was available. Consequently, the al-
gorithm does not consider this type of control setting as an anomaly if it is strongly
present in the LOF window. This might be the reason that changes in control settings
in the middle of May 2021 were not detected. As seen in the figure, most of the detected
anomalies were related to increased presence of one or more of the parameters.
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Fig. E.1: WWTP1 PCT1. In the upper graph, the orange line shows the Moving LOF and the coloured
areas, numbered from 0 to 11, show anomalies detected when the Moving LOF exceeded the threshold
of two. The lower graph shows the flow, NO3, DO and NH4 and the calibration data available from
the plant.

Examples of an anomaly caused by increased flow and an anomaly caused by change
in control settings are presented in Figure E.2. Further details on the anomalies can be
found in Table E.2.

E.3.2 WWTP2 PCT1

Figure E.3 shows the data, Moving LOF and detected anomalies for WWTP2 PCT1.
The control strategy for WWTP2 PCT1 is based on alternating operation and the figure
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Table E.2: Overview of the anomalies detected in the five

threshold of two.

179

PCTs when using Moving LOF and a

WWTP 1 PCT1 WWTP2PCT 1

WWTP 2 PCT 2

WWTP 3 PCT 1 WWTP 3 PCT 2

0. Increased flow 0. Missing data

1. Increased flow 1. Increased flow + NH4
2. Change in PID drift (up)

3. Missing data 2. Increased flow + NH4
4. Other drift (up)

5. Other 3. NH4 drift (up)

6. Other 4. NH4 drift (up)

7. Increased flow 5. Increased flow

8. Increased NH4, 6. Increased flow

NO3 and DO 7. High concentrations of
9. Increased NO3 NH4 and NO3

and DO 8. High concentrations of NO3
10. Increased NO3  present or NO3 sensor
and DO drifted (up)

11. Increased flow 9. Increased flow

10. Increased flow

11. Increased flow

12. NH4 drift (up)

13. This anomaly starts as NH4
drift (up). The second day
data is missing for almost
13 h. Hereafter, the lower
setpoint seems to be slightly
increased with 0.1, which
handles the problems with
over-aeration. The last day
of the anomaly is due to an
increased flow.

14. All parameters are low
except for the flow. Maybe
this PCT has been out of
operation or experiments
had been performed.

15. Increased flow

16. Increased flow

17. Low parameters, see 14
18. Low parameters, see 14
19. Increased flow

20. High levels of NH4 present
day the first day, increased
flow the second day

21. NH4 drift (up)

22. NH4 drift (up)

23. NH4 drift (up)

24. Change in setpoint. In the
period up to the detection
of this anomaly the
setpoints were increased
multiple times. This also
happened two days before
this anomaly was detected.
The day before this
anomaly was detected, the
setpoints were decreased
inducing over aeration. The
day after the setpoint was
increased again, which was
the case for the remainder
of the anomaly. The LOF
decreased over time as it
learnt the new behaviour
25. Missing data

26. Increased flow and NH4
concentration

27. Increased flow and NH4
concentration

0. Increased flow combined
with changed control
settings the previous day
1. Increased flow

2. Increased flow

3. Increased flow

4. Increased flow and
increased NO3 unrelated
to flow

5. Increased NO3

6. Increased NO3

7. Increased flow

8. Data shows low flow, very
large amounts of DO and
increasing NH4.

9. Increased flow

10. NO3 and NH4 the first day,

increased flow the

second day

11. Increased concentrations of
NH4, NO3 and DO.

Possible because the other
PCT at the WWTP was out
of operation, see anomaly

14 for WWTP2 PCT1

12. Increased flow

13. Increased concentrations of
NH4, NO3 and DO. One

day with increased flow.
Possible because the other
PCT at the WWTP is out of
operation, see anomaly

17-18 for WWTP2 PCT1.

14. Increased concentrations of
NH4, NO3 and DO. One

day with increased flow,

see 13.

15. Increased flow

16. Increased flow

17. Increased flow

18. Missing data

19. NH4 sensor drifted (up)
20. Increased flow

21. Increased flow

22. Increased flow

23. Increased flow

0. Increased flow
1. Change in
control settings

2. Increased flow
3. Increased flow
4. Increased NO3,
low DO

5. Increased flow,
increased NO3,
low DO

0. Change in PID. There is an
increased flow starting the
day before and continuing
two days after the anomaly
was detected. In the period
of the anomaly, the pattern
of the sensors changed,
indicating change in
control settings.

1. Increased NH4
concentration due to
missing aeration

2. Increased flow, inducing
high NH4, NO3 and

DO concentrations

3. Increased flow, inducing
high NH4 and NO3
concentrations

4. Increased NH4
concentrations inducing
high NO3 concentrations

5. Increased NH4
concentrations inducing
high NO3 concentrations

6. Increased flow, inducing
high NH4 and

NO3 concentrations
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Fig. E.2: Examples of anomalies detected in WWTP1 PCT1. (a) increased flow, (b) change in control

settings.

shows that several anomalies caused by sensor drifts or over aeration were found by the
algorithm.
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Fig. E.3: WWTP2 PCT1. In the upper graph the orange line shows the Moving LOF and the coloured
areas, numbered from 0 to 27, show anomalies detected when the Moving LOF exceeded the threshold
of two. The lower graph shows the flow, NO3z, DO and NH4. No calibration data were available from
the plant.

For WWTP2 PCT 1, in which alternating operation was used, 27 anomalies were
detected. Of these, 15 were primarily detected due to increased presence of flow, NHy,
NOg3 or DO. However, in two of the cases the NH, sensor had already drifted but an
increase in flow was the factor which made it exceed the threshold (Anomaly 1-2 in
Figure E.3).
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Examples of missing data, NHy sensor drift, high NOj levels, increased flow, in-
creased presence of NHy, an anomaly categorized as other (which most likely is caused
by the PCT being out of operation or experiments performed at the plant) and change
in control settings are presented in Figure E.4. Further details on all the anomalies
detected in the PCT are presented in Table E.2.

In addition to the anomalies exceeding the threshold, some longer time periods with
increased LOF were observed for the PCT with alternating operation. The increase in
LOF was associated with a NHy sensor drift, which the operator compensated for by
changing the set points. An example of this can be seen in Figure E.5. It is worth
noticing that the NO3 and DO levels gradually increased in the period before a change
in setpoints for NH4 and suddenly decreased after the changes. This is especially clear
in the period from 23 June 2021 to 1 July 2021.

E.3.3 WWTP2 PCT2

Figure E.6 shows the data, the Moving LOF and the detected anomalies for WWTP2
PCT?2. As seen in the figure, increased presence of the different parameters is the most
common reason for anomalies; however, increased presence of some of the parameters
can be caused by other factors, such as change in the usage of the plant. For instance,
anomalies 11, 13 and 14 coincide with anomalies 14, 17 and 18 in WWTP2 PCT1, which
are most likely caused by PCT1 being out of operation and thereby cause an increased
pressure on this PCT. Figure E.6 also shows that several different control settings were
used in the beginning of the data collection. However, as this was within the first 99
days of the data collection, the Moving LOF could not give the outlier score of the data
for this period. When considering the anomalies detected by the Moving LOF, anomaly
eight differs from previously elaborated anomalies. It has been classified as ‘other’, and
the anomaly is most likely caused by a fault in the DO sensor as a constant increase
in NH4 concentration and low NO3 concentration indicate a lack of DO in the PCT. A
detailed plot of anomaly eight is shown in Figure E.7. Further details on the anomalies
detected in WWTP PCT2 can be found in Table E.2.

E.3.4 WWTP3 PCT1

The data, lab measurements and calibrations, Moving LOF and detected anomalies
for WWTP3 PCT1 are shown in Figure E.8. For this plant two anomalies distinguish
themselves. These are the anomalies zero and one. Anomaly zero is observed during a
longer period of increased flow. In the parallel PCT the full period of increased flow has
been detected as an anomaly; however, for this PCT only one day during the increased
flow was detected. During this day, changes in patterns indicated that the control
settings were changed, possibly to deal with the increased flow. For anomaly one, it was
observed that there were several hours with no DO, constantly increasing NH4 levels and
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Fig. E.4: Examples of anomalies detected in WWTP2 PCT1. (a) missing data (W2P1A0), (b) NH4
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Fig. E.5: Long period of increased LOF in WWTP2 PCT1. The pattern in the data indicates that the
NHy sensor had drifted and that the operator of the plant subsequently adjusted the setpoint instead
of calibrating the sensor.
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Fig. E.6: WWTP2 PCT2. In the upper graph the orange line shows the Moving LOF and the coloured
areas, numbered from 0 to 23, show anomalies detected when the Moving LOF exceeded the threshold
of two. The lower graph shows the flow, NO3, DO and NHy4. No calibration data were available from
the plant.

low NOjs levels, indicating that the aeration pump had been out of operation. Detailed
plots of anomaly zero and one can be found in Figure E.9.

E.3.5 WWTP3 PCT2

The data, measurements, and calibration as well as Moving LOF and detected anomalies
for WWTP3 PCT2 are shown in Figure E.10. In this PCT, anomaly one differs from
previous observations. The pattern of the data indicates that the control settings were
changed to reduce the NH4 concentration in the outlet; however, for a while this entails
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Fig. E.8: WWTP3 PCT1. In the upper graph the orange line shows the Moving LOF and the coloured
areas, numbered from 0 to 6, show anomalies detected when the Moving LOF exceeded the threshold
of two. The lower graph shows the flow, NO3z, DO and NH4 and calibration data available from the
plant.

that the air pump is constantly active as the NHy level does not decrease. Hereafter,
a more normal pattern is observed again. A detailed plot of anomaly zero is presented
in Figure E.11. Another observation made for this PCT is a low concentration of DO,
which is positive, as it indicates that all the DO has been used.
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Fig. E.10: WWTP3 PCT1. In the upper graph the orange line shows the Moving LOF and the
coloured areas, numbered from 0 to 5, show anomalies detected when the Moving LOF exceeded the
threshold of two. The lower graph shows the flow, NO3z, DO and NH4 and calibration data available
from the plant.

E.3.6 General Observations

An overview of the observations and detailed descriptions for each of the PCTs is pre-
sented in Table 2.

Generally, it is worth noticing that the easiest drift to detect was the NH, sensor
measuring too high values during alternating operation. In these cases, indications of
drift could be visually observed in the data before the threshold was exceeded. However,
reducing the threshold would also introduce more anomalies due to increased flow, which
can be considered as false positives.
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Fig. E.11: Example of an anomaly detected in WWTP3 PCT2. The anomaly is most likely caused
by change in control settings.

In several cases, faults such as drift were included in the data window used by the
Moving LOF. Thereby faults would not be as abnormal for the Moving LOF as if a
clean data set was available.

In some cases, increased amounts of NO3 were detected indicating that the NOg
sensor measured too high values. However, it was not possible to evaluate if the sensor
measured within the accepted range of +1 mg/L.

In general, the algorithm did not detect drifts when the sensors measured too low of
values. However, when reviewing the data manually there were indicators of the NOjg
sensor measuring too low values. Generally, drift towards low concentrations is harder
to detect than drift towards high concentrations, as there is a natural limit in how
much a drift towards zero can be distinguished from normal behaviours. Furthermore,
reaching a low number of particles in the outlet of the plant is also an indicator of
optimal operation of the plant.

Several cases of changes in control settings were detected as anomalies. Changes in
control settings are not faults; however, they change the basis for any type of data-driven
algorithm significantly.

Regarding missing data, it is worth noticing that this type of anomaly can easily
be detected using rule-based methods. This type of anomaly was present several times
but was not removed before applying the LOF algorithms, as daily values were based
on average values for a given date.
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Other Observations

The problem with NH,4 sensors measuring too high values is that this can entail plants
over-aerating, which is expensive. An increase in multiple data parameters was observed
when the NHy sensor measured too high values in alternating operation. Thereby it is
possible that an increase in the daily average of concentrations could indicate NH, drift
and that NH, sensor drift hereby could be detected by utilization of a simple rule-based
algorithm, such as alarming, if a threshold is exceeded for a longer period. An overview
of the average values per day for WWTP2 PCT1 can be seen in Figure E.12.

Average daily measurements
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T

20
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Fig. E.12: Average daily values of Flow, NH4, NO3 and DO in WWTP2 PCT1.

E.4 Discussion

This section contains a discussion of the results.

Based on initial tests described in Section E.2, it was chosen to use LOF combined
with a threshold. LOF was chosen despite several more complex methods having been
previously presented in the literature, as it was not possible to apply the more complex
methods to the data, due to low data quality in real WWTPs. The results showed
that it was possible to detect anomalies; however, the most detected anomalies were
related to increased presence of flow or substances. Increased presences of flow and
substances are not faults. It is problematic that the most detected fault is increased
in different parameters as previously published papers primarily focus on dry weather
data, simulated data or in-control data, because this means that the developed methods
do not encounter the challenges met at real plants. It is important to be aware of this
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shortcoming as it entails that automatically detecting outliers as faults most likely will
entail that valid datapoints are considered as faults whereas actual faults are overlooked.

The results presented in this paper are highly dependent on the used threshold and
the window length. If one lowers the threshold more anomalies would be detected;
however, it would also entail a larger number of anomalies caused by increased flow
or substances. For plants with more than one PCT, the number of anomalies caused
by increased flow or increased presence of substances could be reduced by removing
detections which are present in both PCT simultaneously, as can be seen in Tables E.3
and E.4. It is important to mention that increased presence of substance can both
be caused by external factors, such as industrial discharges, which are anomalies, and
internal factors such as sensor drifts, which are faults. This makes it complicated to
distinguish between anomalies and faults.

Table E.3: Overview of anomaly types detected in WWTP2 for the two PCTs. The table shows how
many of the different types of anomalies are detected in total for each of the PCTs. Furthermore, it
shows how many anomalies are detected if anomalies present in both PCTs are removed. The numbers
in parentheses are the number of anomalies which have some overlap with the other PCT, but the
period of the detections is not similar.

PCT1, PCT2,
PCT1, Al Overlapping PCT2, All  Overlapping
Anomaly type Detections Detections Detections Detections
Removed Removed
Increased flow 8 1(1) 13 2(4)
Increased presence incl.
substances g 2(2) 6 3(3)
Missing data 2 1(1) 1 0(1)
Drift 6 6 1 1
Change in control settings 1 (1) 0 0
Combinations of multiple types 3 1(1) 1 1
Other 3 (3) 21 (1) 3 (3) 2 1(1)

Table E.3 shows that if anomalies present in both PCTs are removed for WWTP2,
the anomalies caused by increased flow and increased presence of other substances will
change from 0.48% of the detected anomalies to 27% of the anomalies for PCT1 and
from 79% to 63% for PCT2. For PCT1 sensor drift increases from 21% to 56% and for
PCT 2 the percentage of anomalies caused by drift would increase from 4% to 17%. Due
to the low number of anomalies for WWTP3, it would be misleading to make similar
calculations for this plant.

It is important to mention that drifts primarily were detected in the PCT with
alternating operation and for this plant several of the cases with drift could be detected
earlier by visual inspection of the data, if good visualization tools were provided.
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Table E.4: Overview of anomaly types detected in WW'TP3 for the two PCTs. The table shows how
many of the different types of anomalies are detected in total for each of the PCTs. Furthermore, it
shows how many anomalies are detected if anomalies present in both PCTs are removed. The numbers
in parentheses are the number of anomalies which have some overlap with the other PCT, but the
period of the detections is not similar.

PCT1 PCT2
PCT1, All  Overlapping PCT2, All  Overlapping
Anomaly type Detections Detections Detections Detections
Removed Removed
Increased flow 0 0 3 (1)
Increased presence incl.
substances 6 2(1) 2 (1)
Change in control settings 1 (1) 1 1

E.5 Perspectives and Recommendations

Drift in sensors, especially in NHy sensors, causes non-optimal operation at WWTPs,
which can induce inefficient N removal, increased resource usage and extra economic
costs. Sensor drift is common in most WWTPs and this needs to be handled for resource
optimization. Several data-driven algorithms for drift detection have been developed in
academia; however, they often remain as academic projects entailing a gap between
academia and the real world. This gap was investigated by applying different data-
driven solutions on real WWTPs. The results showed a number of significant challenges
in real data, which have not been handled in the current academic solutions.

This study showed that it was not possible to obtain valid, consistent and precise
labelling of sensor drift in the data after its collection. Only extreme sensor drifts
and sensor drifts induing over aeration could be identified in PCTs with alternating
operation. The study also showed that NHy drift, to some extent, can be identified using
unsupervised learning. It also shows that more anomalies were detected in the WWTP
with alternating operation than in the plants with PID control systems. However, the
performance does not meet the needs at the WWTPs.

The challenges described in the Method and the Result sections clearly illustrate that
action needs to be taken if optimal operation at the plants should be widespread among
WWTPs. In the following, the challenges met at the plants are described and discussed
in Sections E.5.1-E.5.5. Section contains a discussion of whether it is feasible to acquire
a sufficient data set for data-driven drift detection. Section contains perspectives on
other ways of handling drift while Section contains a discussion of why well considered
data acquisition from the plants is still important. Section contains perspectives on how
the data available today can still create value.
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E.5.1 Variations between Plants

There is a large variance between plants. For instance, there is a large variation in
the design of WWTPs, the sensors installed at the plants, the composition of raw
wastewater, the control strategies and the data stored from each plant. It is worth
noticing that factors such as the composition of the wastewater can induce the NH,
sensor to drift earlier in one plant than in another. The control methods and settings
vary largely between different plants, due to factors such as variation in the discharge
requirements of the plants.

From the perspective of a data scientist, it would be plausible to gain more knowledge
on changes and abnormalities in the PCTs by comparing two PCTs in the same plant.
This approach is not feasible from the perspective of water professionals as the tanks
often have different control settings. However, it might be beneficial to compare the
results of the anomaly detection. If an anomaly is detected in both PCTs simultaneously,
the anomaly is most likely caused by surrounding factors and not faults in the sensors
at the plant.

Like in other fields, such as maritime image recognition [26], large variation in the
environment prevents formulation of specific general requirements; however, it is possible
to discuss the main factors which need to be considered.

E.5.2 Control Settings

In situ changes in control settings at the WWTPs were largely observed in the data.
Some of the changes were detected as anomalies but it was not always the case. In some
cases, the changes were a consequence of drift in the NH, sensor. This is a practical
solution at the plant and solves the present problem; however, it also introduces a bias in
the data and makes faulty data normal. Furthermore, it was observed that sometimes,
when the conditions at a plant using a PID-controller changed, the control settings
were changed. This could, for instance, be due to increased flow. Some of the more
extreme cases were visible for a human observer while it is uncertain if changes of less
extreme character were present in the data. Change in control settings largely affects
the patterns in the data, complicating development of data-driven solutions and in cases
where it is found necessary to change the settings, it is essential that the changes are
logged.

E.5.3 Logging Strategies

Missing and insufficient logging was a large challenge met in this study. In the cases
where a log was available it solely contained information on measurement and calibra-
tion, and in some cases, it was not clear which sensors were calibrated due to unprecise
documentations. Changes in control settings were never mentioned, despite being es-
sential for the patterns in the data. The lag of logs at the plants is not solely a problem
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from a data science perspective, but it also makes it hard for newcomers to understand
the plant, as they cannot see what has been done previously.

From a data science perspective, all lab tests, calibrations and change in control
settings should be documented in a software system with constrained input parameters
selected either from dropdown menus or check boxes, leaving solely numbers for manual
entering. However, from the operator’s point of view this can easily be considered as
unnecessary bureaucracy. Therefore, the logging software should be as simple as possible
while still providing sufficient data, and the operators should be included in the design
and implementation processes and be able to see a benefit.

E.5.4 Data Quality

Multiple definitions of data quality can be found; however, the key element is that data
is of high quality if it is ‘fit for use’ for the given purpose. Thereby data can have a high
quality in one perspective while being of low quality from another perspective. Data
need to contain a certain level of completeness, consistency, validity and timeliness,
which all depend on the particular purpose [27, 28].

This study shows that the information in the data available was insufficient for
comprehensive drift detection in multiple sensors. Furthermore, due to a combination
of missing logs and low resolution in the data, four out of seven data sets available for
this study were not used.

Insufficient data quality is a problem in multiple other industrial cases. Despite
companies collecting data with the purpose of using it, there is a high amount of data,
which are collected without being actionable [28].

Prospectively, the authors suggest that data owners at utilities and municipalities
consider what they wish to gain from their data and, based on this, select which data to
store and what the resolution should be for the data to contain sufficient information.
It is possible that other factors not directly connected to the content of the plant such
as energy usage and cost at a given time could be relevant factors for benchmarking
the performance of the plant. Generally, it is important that the pattern in the data
is relevant. Changes in patterns can occur by change in control settings, sensor drift,
change in the catchment area etc. From a data quality perspective, the changes in
patterns should be minimized, and when they occur, they should be well documented.
In case a lot of information needs manual entry, it could be considered to use a well-
defined user interface, to reduce faults in the manual documentation and increase the
precision of the data. Generally, data should be easily accessible and interpretable [27].
In this connection it is important to ensure coherent naming of parameters, etc. For
more information on data quality, please refer to Mahanti [27].
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E.5.5 Learning Algorithms

Development of data-driven drift detection in treatment plants is complicated since the
control systems are based on feedback loops. Thereby the system is automatically ad-
justed to the drift, minimizing the changes in faulty data compared to correct data.
Furthermore, constant concentration levels in the outlet, where the NH, and NOj sen-
sors are placed, are considered optimal; however, a constant value further decreases the
level of information in the data. As there is a large uncertainty in the composition of
the wastewater arriving at the plant, it can be difficult to distinguish between natural
variations and sensor drift from a data perspective. A solution to this could be sensors
located at the inflow. This would give the possibility of performance evaluation, etc.;
however, it would also result in more sensors to maintain.

Due to the costs of sensors, it is often not feasible to implement additional sensors.
Therefore, when selecting sensors in WWTPs and deciding which parameters to store,
it is important to consider the indirect information in sensors and potential use cases.
For instance, Thiirlimann et al. [29] suggested a soft sensor using the pH in the inlet
and the outlet to detect NH4 peak load events. Another parameter worth considering
in the future is the airflow. The correlation between the airflow and the DO most likely
contains usable information of the processes in the plant.

E.5.6 Data-Driven Drift Detection—Is It Worth It?

Due to large variations between plants, it is necessary to acquire a high-quality data set
for each plant and subsequently adjust the model to the plant. Acquiring the data set
entails that the operators systematically measure and calibrate sensors. Furthermore,
the control settings should not be changed and if they need change due to external
factors, this should be documented. With such a high-quality data set it is possible
to detect faults in the plant [23]. If the catchment area of the plant is changed or
if the control system needs updates, for instance due to better algorithms, the data
acquisition needs to be remade. This means that the operators need to be systematic in
the operation of the plant for several months, or preferably a year, every time a change
is made. Lab measurements are easy to perform, and the biggest obstacle is to obtain a
culture among the operators where lab measurements are performed instead of ad hoc
adjustment of the control settings. A utility that can acquire the needed data set might
already have obtained a culture of high-quality sensor maintenance, making data-driven
drift detection redundant.

E.5.7 Other Ways of Handling Drift

The above statement yields a need for higher quality in sensor data at wastewater plants.
This is especially relevant for the sensors which record data that are used by the plant’s
control system. Data quality can be obtained by regular monitoring, calibration and
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cleaning. Other approaches include self-calibrating sensors and soft sensors. It could
also be argued that in some cases, multiple sensors of the same type could be used for
drift detection; however, as the sensors would be in the same environment, they would
also be affected by the same environmental factors such as fouling or drift after heavy
rain or high NH, levels. Contemporary, ion-selective sensors are widely used as they are
cheap to operate. Another solution could be to use sensors based on gas chromatography
for quality control. This sensor uses chemicals and measure once an hour; however, this
would be an expensive solution.

A different approach to manage drift could be to include more rules in the control
strategy, for instance by stopping aeration if the NOgs level does not increase or by
finding the actual NHy level by aerating until the NHy level does not decrease more
during night-time.

E.5.8 Why Well Considered Data Acquisition from Plants Is
Still Necessary

Increased focus on the SDGs emphasizes that the utilities optimize the operations at the
plants by reducing energy usage and lowering greenhouse gas emissions while ensuring
a high degree of N removal. However, to benchmark performance of experiments per-
formed to optimize the performance, the general performance of the plant needs to be
known. Newhart et al. [10] stated that it is essential to a define the problem scope and
desired goals when integrating data-driven control at WW'TPs. This can be generalized
to other tasks involving data-driven solutions.

E.5.9 Can Low Quality Data Still Create Value?

Data quality is a relative concept, and it is related to the purpose of the data [27].
Therefore, the data can be of high quality if used for other purposes. For instance,
comparing the available parameters for a given day with average values of the previous
days, days with similar flow or similar weekdays can give information to water profes-
sionals and help them evaluate the operation of the plant. If available, the energy usage
can give information on the effectiveness of the operation of the plant. Furthermore,
comparing the average price of the energy used at the plant a given day to the average
energy price the same day can give information on how sustainable the energy usage is,
as low energy prices are often related to a surplus production of green energy. This is
relevant as it can help operators evaluate and optimize the control strategy of the plant
and thereby contribute to a more holistic cross sectorial optimization, which is essential
to obtain smart cities.
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E.6 Conclusions

Sensor drifts are widely present in WWTPs and can result in less efficient operation
at the plants. Several approaches for solving this problem have recently been proposed
and documented in academia; however, the studies rarely reflect the conditions at real
treatment plants and thereby remain as academic projects. The aim of this study was
to investigate this gap between academia and practice by applying algorithms suggested
in academia on data from real WWTPs. The results showed that obtaining a robust
and valid model for fault detection is challenged by several factors such as low data
quality, missing logging and in situ changes of control settings. The most often detected
anomalies were related to increased flow or increased concentrations, which can be hard
to distinguish from sensor drift. It is the author’s interpretation that better algorithms
and results could be obtained by increased focus on the data quality by including well-
considered data management, logging strategies and consistency in the control settings
of the WWTP. However, if a utility can obtain such a data set, the problems with
drift might already have been solved. Other solutions to handle sensor drift include
implementation of improved sensors for quality control, self-calibrating sensors and soft
sensors based on informative parameters.

While the data quality might not be sufficient for automatic drift detection, the
quality might be sufficient for statistical purposes, which can contribute to information
for water professionals and help them evaluate the performance of the plant.
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Lookup Tables for Assessment of Use Cases

Bolette Dybkjeer Hansen

This appendix provides lookup tables used for assessing the use cases presented in
Chapter 2.
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F.A Lookup tables

Table F.1: Intervals for estimating the customers’ willingness to pay in 1000 DKK and corresponding
values used in formula.

Willingness to pay | Value used in formula
<25 12.5
25 - 100 62.5
100 - 300 200
300 - 500 400
500 < 500

Table F.2: Intervals for estimating the the number of customers after five years and corresponding
values used in formula.

Expected number of Value used in formula
customers after 5 years

<10 5
10 - 25 17.5
25-175 62.5
75 - 200 137.5
200 < 200

Table F.3: Intervals for estimating the savings obtained by the solution for EnviDan and the corre-
sponding value used in formula.

Expectations to savings .

for EnviDan after 5 years Value used in formula
None 0
Unspecified potential saving 100
<100 50
100 - 300 200
300 - 500 400
500 - 1000 750
1000 < 1000
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Table F.4: Where to access the data and values for how hard it is to access.

Data accessibility

Value used in formula

EnviDan, GIS etc.
Utility

Local meter

Need for data collection

0.05
0.25
0.4
1

Table F.5: Number of input parameters and corresponding values inserted in the formula.

Number of input parameters

Value used in formula

1-5
6-10
10-20
20-50
50 <

0.05
0.16
0.3
0.7
1

Number of output parameters

Value used in formula

1

2

3-5
5-10
10 - 20
20 <

0.05
0.1
0.2

0.375

0.75

1

Table F.6: Number of output parameters and corresponding values inserted in the formula.

Table F.7: Level of correlation between input and output parameters and corresponding values inserted

in the formula.

Is there a direct correlation
between input and output?

Value used in formula

Yes, direct

Yes, in short terms (within a day)
Yes, in medium terms (<a month)
Yes, in long terms (1 month<)
Yes, but complicated

Indirect correlation

0.1
0.1
0.3
1
1

1

Type of input parameters

Value used in formula

Data points, time series etc.
Images

0.1
1

Table F.8: Type of input parameters and corresponding values inserted in the formula.
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Table F.9: Machine learning type and values inserted in the formula.

Method Value used in formula
Supervised 0.25

Supervised and/or unsupervised | 0.25

Unsupervised 0.4

Reinforcement learning 1

Table F.10: Required adjustment per sale and values inserted in the formula.

Required adjustment per sale | Value used in formula
No adjustment 0

Simple adjustment 0.4

Multiple adjustments 1
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Table F.11: Minimum requirements for precision of the solution and values inserted in the formula.
If a skewed dataset is used, the true positive and false negative rates can be considered instead of the

precision.

Minimum requirement for precision

Value used in formula

>0.9

1

0.7-0.9

0.25

Table F.12: Overview of the o used in the formulas.

Alpha | Description Value
a1 Tuning of timege, 0.741
9 Tuning of timegqq; 0.4
a3 Tuning of datagccess 0.2
Qy Tuning of complexity for time calculation | 1.205
as Tuning of n;, 0.225
Qg Tuning of 4yt 0.225
oy Tuning of corry,_our for time calculation 0.225
asg Tuning of type;, 0.225
Qg Tuning of method 0.225
a1g Tuning of corri,_out for risk calculation 0.4
a1 Tuning of complexity for risk calculation | 0.904
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G.A Correlation between topographically connected
pipes

As described in Paper C, a selective survival bias is present in the inspected data.
This has motivated an investigation of the correlation between different defect types in
topographically connected pipes. To investigate this, the different defect types observed
in the CCTV inspections were binarized according to whether a defect was present or
not, not encountering the severity of the defect. For each defect type present in one
pipe, the probability of any defect type being present in the pipe, the upstream pipe,
and the second upstream pipe was found. The results can be seen in Figure G.1.
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Fig. G.1: The defect types which can be observed in a given pipe are listed to the left. In the bottom
the defect types for the given pipe, an upstream pipe, and the second upstream pipe are listed. The
colors indicate the probability of one of the defects listed in the bottom being present given the defect
to the left is present..

In Figure G.1 it can be seen, that if any defect is present in a given pipe there
most likely also is a displaced joint, a surface damage, and water in the pipe itself, in
the upstream pipe, and in the second upstream pipe. Likewise there is an increased
probability of settled deposits, attached deposits, and connection through chop holes
in the pipe, and the up stream pipes. However, it is also worth mentioning that the
occurrence of a displaced joint, surface damage or water in the pipe, does not entail
a large increase in other fault types. This is likely because these three fault types are
present in a large percentage of the pipes, which is not the case for many of the other
fault types. When solely considering the pipes categorized as being in condition state
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four or having defect of degree three or four, the same patterns can be observed as

shown as shown in Figure G.2.
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Fig. G.2: Correlation between pipes and upstream pipes with defect types of severity three or four
or condition state four. The defect types which can be observed in a given pipe are listed to the left.
In the bottom the defect types for the given pipe, an upstream pipe and the second upstream pipe are
listed. The colors indicate the probability of one of the defects listed in the bottom being present given
the defect to the left is present..

As seen in Figure G.2, similar patterns can be seen when considering the pipes with
severe defects as when considering all defects, however, the correlations are generally
weaker.

To see how input from the surrounding pipes can contribute the the performance of
the deterioration models, models were trained with input from the upstream pipes. As
it is clear that the distribution of the data set is important for the performance, the
models were trained for both cases. Furthermore, when upstream pipes are included
as prediction parameter, the size of the dataset decreases, as fewer pipes have a second
or third upstream pipe which have been inspected. Therefore, to ensure a sufficiently
large dataset it was it was decided to include pipes with missing data. For this reason
it was decided to test XGBoost, a tree based method, which can handle missing data.
Consequently, four tests were carried out: one using the full dataset including data
points with missing values, one using using an approximately equally distributed dataset
including data points with missing values, one using the full dataset except for data
points with missing values, one using using an approximately equally distributed dataset

except for data points with missing values. The four combinations can be seen in Figure
G.3.
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Fig. G.3: Performance of an XGBoost deterioation model when applied to the full dataset incl and
excl missing data and an equally distributed dataset incl and excel missing data. The figure show the
performance of the general models (GM), which does not include observations from CCTV inspections,
and the models which include observations from CCTYV inspections (CL) from the pipe itself, 1st, 2nd,
and 3th upstream pipes respectively. Please notice that the 2nd axis is different for the models using
the full dataset and the equally distributed dataset.

From Figure G.3 it can be seen that input from the upstream pipes can help im-
proving the performance, of the model. It is not important if it is the third of the first
upstream pipe which is included, and the performance is only slightly affected by the
whether data points with missing data is included or not. When training on an equally
distributed dataset the performance change, however, which model is the best depends
on the purpose.
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