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The municipal wastewater system shows complex and dynamic behaviour influenced by
multiple process variables, making it challenging to identify underlying operational patterns and
control factors. This study focuses on a data-driven approach using Self-Organising Maps
(SOMs) combined with the K-Means clustering technique to analyse and interpret process
dynamics in wastewater treatment plants. SOM helps convert high-dimensional data to two-
dimensional data while conserving topological relationships, and the optimal number of clusters
was determined using the silhouette score, resulting in distinct, well-defined classes.

To identify the influencing features, Best Matching Units (BMUs) from the SOM model are
examined using the trajectory for the large shifts corresponding to that date, and the trajectory
analysis results are validated by comparing features responsible for the large shift with the
features associated with the resulting cluster via K-Means clustering. Similarly, analysis of the
interseason data and seasonal data shows that season-specific SOM models provide a better
representation of process patterns than the interseason data model. Furthermore, features were
grouped into process domains to enhance cluster interpretability and characterise the resulting
classes.

Findings reveal that cluster transitions are primarily driven by features that vary significantly,
whereas frequently occurring features across classes have limited influence on changes in
system state. Moreover, the clustering result clarifies the process domain and provides insight
into how a particular process domain influences the identified class. In addition, the study
reveals process domain dominance according to the seasons. Comparing the seasonal model
according to the process domains identifies its behavioural pattern from a wide perspective that
enables a person to understand which operational areas play a significant role during the
treatment process seasonally.

To sum up, the proposed methodology provides a comprehensive approach for identifying
operational regimes and key influencing features. Similarly, it is possible to develop concrete
control strategies upon identification of the responsible features performed via BMU trajectory
analysis for the interclass transition, allowing authority to focus its attention on the most
sensitive and influential parameters for monitoring and control. Besides, correlation among the
features provides valuable insights and helps with the optimisation and interpretation. In
conclusion, the proposed method delivers unique classes with characteristics for identifying
operational regimes and reasons behind the interclass transition, thereby supporting improved
process understanding, monitoring, and decision-making in wastewater treatment systems.

The originality of this thesis has been checked using the Turnitin Originality Check service.
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addition, the study explores process behaviour using unsupervised learning methods,
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real-world conditions, providing valuable experience in applying machine learning tech-
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INTRODUCTION

1.1 The Problem and Motivation

The wastewater treatment plant involves complex, multi-stage processes. To deliver
clean water that meets environmental standards to natural receptors, the influent water
must undergo various operations. The combination of these necessary activities makes
the WWTPs a complex system. To gain some control over this complex system, many
sensors (soft and hard) are installed, providing data to monitor the processes. But when
these sensors become very large, so do the variables, making monitoring and decision-
making more complex for the human mind. Here, the use of an Al system comes into
play, which lowers computational complexity and helps the human mind comprehend the

complex processes of WWTPs.

With the vision of contributing through Al to WWTPs, various studies have been con-
ducted, showing promising results in predicting key performance indicators. These ap-
proaches primarily emphasise data-driven modelling and predictive control, which re-
quire accurate identification of the input features influencing the system. Despite signifi-
cant progress in predictive modelling, most existing methods rely on supervised learning
and assume prior knowledge of control-relevant features. Most models developed typi-
cally target specific output variables, which can overlook hidden patterns or feature in-
terdependencies in the full dataset. While focusing on a predefined target variable may
result in good predictive performance, it often fails to capture the broader structure and
complexity of the dataset. As a result, valuable insights into the overall behaviour of the
system can remain undiscovered. This is particularly relevant to wastewater treatment
processes, where operational environmental and biological factors are closely intercon-
nected and often influence one another in multiple ways. Therefore, a narrow focus on
individual output may indeed limit the identification of important control factors, resulting

in limitations in understanding the broader process dynamics (Li et al, 2025).

In addition, despite the availability of vast amounts of operational data, many WWTPs
struggle to leverage this information for effective process control. A major challenge lies
in discerning which features are most influential in driving treatment outcomes. With large
volumes and higher complexity of data, the identification of genuinely influential variables
is difficult, resulting in limitations in the practical value. For instance, a wastewater treat-

ment plant process involves numerous interconnected physical, chemical, and biological



factors, and understanding their relative importance and interconnections is far from
straightforward. This results in a practical challenge in the decision-making process for
related stakeholders and decision-makers. Without proper identification of these fea-
tures, reduces in the effectiveness of future control and optimisation strategies, poten-
tially leading to less informed operational decisions and missed opportunities to enhance
treatment efficiency.

This study focuses on the use of an unsupervised neural network approach, i.e., Self-
Organising Maps (SOMs), to analyse historical data across the full WWTP process. This
method, unlike other traditional ML models, does not require labelled output variables.
In addition to this, this method, through clustering and component plane analysis, helps
to identify the influential control variables that may be associated with changes in process

behaviour.

Therefore, the research problem addressed in this study focuses on reducing the gap
between the abundance of high-dimensional operational data in wastewater treatment
plants and the ability to identify the most influential features categorised in process do-
mains, strengthening effective control strategies and supporting evidence-based deci-

sion-making processes.



1.2 Background Information

1.2.1 Overview of the WWTPs

Figure 1: Flow diagram of municipal wastewater treatment plant (Rebecca Pet-
tiford blog)
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The wastewater treatment plant in the current period is an important part of society,
transforming wastewater into clean water through various treatment processes, thereby
limiting contaminants in accordance with environmental legislation and discharging it to
natural receptors such as lakes or rivers (Agachi, 2011). To obtain a value acceptable
under environmental legislation, WWTPs undergo various processes. To be precise, we
can break down the processes in WWTPs into 3 categories: Primary Treatment, Sec-

ondary Treatment, and Tertiary Treatment (Nathanson, J.A. and Ambulkar, A., 2024).

Primary treatment in WWTPs involves collecting influent (municipal wastewater) and re-
moving large solids and grit using screening and sedimentation. The sedimentation pro-
cess in the primary treatment allows heavy particles to settle and lighter materials to
float, thereby separating a significant portion of the suspended solids and organic matter
from the wastewater. Grit chambers, a type of sedimentation process, are designed with
long tanks that slow the flow to settle out solids such as sand, coffee grounds, and egg-

shells.



Likewise, secondary treatment involves various processes and methods that focus on
removing the soluble organic matter that escapes the primary treatment. The most com-
mon methods for secondary treatment are the trickling filter, the activated sludge pro-
cess, and the oxidation pond. Similarly, examples of major tertiary processes include
effluent polishing, removal of plant nutrients (e.g., phosphorus removal via chemical pre-
cipitation of organic compounds, and nitrification-denitrification to remove nitrates), land

treatment, and so on.

According to the Baltic Smart Water Hub, a very high percentage of municipal
wastewater, approximately 100 million cubic meters, is treated in Finland. This ensures
that a significant amount of phosphorus and other pollutants are removed before the
treated water is returned to the natural water bodies. In brief, we can say that WWTPs
perform physical, chemical, and biological treatment processes to ensure that effluent

pollutants are within the limits set by environmental legislation.

In December 2024, Finland became the first nation to ban the discharge of sewage and
sewage effluent (blackwater) from all vessels within its exclusive economic zone. The
legislation, which entered into force on July 1, 2025, also prohibits the discharge of open-
loop scrubber wash water. This move reflects Finland’s commitment to enhancing envi-
ronmental protection. However, with growing urban populations and increasing regula-
tory pressures, modern WWTPs face the challenge of operating efficiently while main-
taining strict compliance with environmental standards. As these systems become more
data-intensive, identifying critical features or variables that influence treatment perfor-

mance has emerged as a key research area.

1.2.2 Recent Advances or Innovations

Wastewater, through reuse, recycling, and resource recovery, can be identified as a re-
liable alternative water source. The world's freshwater use has been growing by just
under 1% per year (UNESCO, 2024). It has been estimated that by 2030, municipal
wastewater generation will reach 555 million cubic meters yearly (UNESCO, 2017). The
emerging contaminants in wastewater, such as pharmaceuticals, nanomaterials, and mi-
croplastics, pose growing challenges for traditional wastewater treatment methodologies
(Morin-Crini et al., 2022). In addition, conventional treatment processes present difficul-
ties, including high energy consumption, rising maintenance costs, and operational inef-

ficiencies in WWTPs. These challenges drive traditional WWTP methods towards a fu-



turistic approach, where artificial intelligence (Al) and machine learning (ML) are emerg-
ing as powerful tools to effectively address key limitations of traditional methods
(Newhart et al., 2019).

ML-driven models have proven effective in fine-tuning aeration processes, sludge man-
agement, and chemical dosing, which are traditionally among the most resource-inten-
sive tasks in treatment operations (Malviya and Jaspal, 2021). The integration of Al with
Internet of Things (loT) sensors enhances monitoring by enabling continuous, real-time
feedback on influent composition and treatment efficiency (Krishnan et al., 2022). Fur-
thermore, future wastewater treatment plants are expected to become highly adaptive
and efficient through Al, loT, and other industrial technologies, which enhance process
control, operational cost-effectiveness, and energy efficiency (Liu, Y et al., 2025). In this
regard, it is safer to say that Al not only improves technical performance but also sup-

ports broader goals of sustainability and resource efficiency.



LITERATURE REVIEW

1.1 Big Data Analytics (BDA)

Big data analytics, while tracing back in time, can be traced to 1960, when IBM intro-
duced the first computer system capable of processing large amounts of data. It is a
simple word that, in the current period, has evolved into a powerful tool that businesses,
organisations, and governments rely on to make data-driven decisions (Extentia, 2024).
The process involves examining large, complex datasets to uncover hidden patterns,

correlations, and insights that can drive informed decision-making.

By using distributed computing and storage systems, the storage and processing of the
most extensive data sets are key to working with large data sets. Big data is defined not
just by its volume but also by the speed at which data is generated and processed. The
infamous five V’s, i.e., Volume, Velocity, Variety, Veracity, and Value, are the major char-

acteristics of big data.

Today, there is data everywhere. With the help of 10T, emerging data has grown expo-
nentially. In this era, where making positive, data-driven decisions is hard, big data ana-
lytics plays a vital role in strategic decision-making by uncovering hidden patterns and
providing predictive insights. In addition, this analytics process helps to identify areas for
optimisation and process improvement, enhancing customer understanding. Moreover,
it helps with market expansion for new business opportunities. Given its huge signifi-
cance, big data needs to unlock its potential by integrating with Al and ML to drive auto-

mation and innovation, an emerging trend.

Among the different types of big data analytics, our study focuses on diagnostic analytics,
which summarises past events using historical data to understand trends. The study un-
covers hidden patterns in WWTPs throughout the season and identifies the controlling
factor using statistical measures and visual inspections. By pinpointing the key control
factors, the study provides insights that can help to guide operational adjustments and

improve overall plant performance.

1.2 Self-Organising Maps (SOMs)

Self-organising maps (SOMs), proposed by Teuvo Kohonen, were initially developed in

1982 and could learn patterns without labels. In the early 1980s, most neural networks



focused on supervised learning, such as the perceptron. Back then, SOM was introduced
to discover structure in unlabelled, high-dimensional data. It can also be viewed as a
biologically inspired neural model that explains how the brain might form organised rep-
resentations of sensory inputs. An unsupervised learning method that could cluster high-
dimensional data while preserving the topological relationships between patterns was a

great achievement at that time.

1.2.1 Working principle of SOMs

SOM- a single-layer neural network has its neurons in a grid-like topology, which is com-
monly referred to as a lattice. Lattice value, as in a structure of k x £, where the value of
lattice size, i.e. k x ¢ is determined using the rule of thumb. For the rule of thumb, we
can use 5VN where N is the number of data points in the training set. Once the grid is
set, the neurons in the lattice vectors are initialised randomly. During training, nodes
compete for the right to respond to a subset of the input data, a process known as com-

petitive learning.

Figure 2: SOM's working principle (baeldung.com)
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Until convergence, SOMs repeatedly perform three steps. They are competition, coop-

eration, and adaptation.

i) Competition: Once every neuron's weight vector is randomly initialised, a ran-
dom data sample is chosen to compute the distance (Euclidean distance from

that data sample to every neuron’s weight vector.



i.e. Euclidean Distance: d; = ||x — w;]|

The neurons whose weight vectors are most similar to the input are chosen as the BMUs
(Best Matching Units). This is considered like the winner-takes-all mechanism. Here,

BMU = argmin;||x — w;]||.

ii) Cooperation: This phase begins after finding the winning neuron. Once the
winning neuron is identified, the next phase is identifying its neighbours. Its
neighbours are defined with the help of the neighbourhood function. The
neighbourhood function quantifies the degree to which a neuron can be con-
sidered as a neighbour for the BMU. To do so, this function follows two rules.
i.e., the neighbouring neurons should be symmetrical to the winning neuron,
and the value of the neighbourhood function should decrease according to

the increasing distance to the BMU.

In most of the SOM implementations, the neighbourhood function is a Gaussian kernel.

Let’s denote the neighbourhood function as h.

Mathematically, the neighbourhood function is present as:

—lIr = nll®
hij = exp (W

where:
r; = coordinates of neuron i

r; = coordinates of BMU

o = neighborhood radius

iii) Adaptation: Adaptation is the process of adjusting its behaviour according to
its surrounding environment. In this part, SOM adjusts at each iteration by

updating the value of h to update the neurons. Update rule implies:
w(t+1)= w(t)+ a.h.(x —w(t))
where:
w(t + 1) = weight vector of a neuron at iteration ‘t+1°.

w(t) = weight vector of a neuron at iteration ‘t’.



a = learning rate
h = neighborhood function

x = data sample or input vector

1.2.2 Application of SOMs in Wastewater Treatment Plant

Competitive algorithms in neural networks are designed to solve problems with unknown
outputs, i.e., unsupervised learning. With the large number of physical sensors and data,
along with the high temporal variability of inflow and the variable concentration compo-
nents of the input wastewater, the output in this case is hard to separate into a single
component as input. This complex problem requires unsupervised learning, in which the
output is clusters or categories. SOM is designed to map complex, high-dimensional
datasets to a two-dimensional feature map while preserving topology as much as possi-
ble. In many studies, SOM has been used as an exploratory tool to identify hidden struc-

tures and operational patterns that traditional statistical methods may fail to capture.

Use of the SOM in wastewater engineering is widespread. Particularly in plants equipped
with online sensors, real-time measurements can be mapped onto a two-dimensional
grid. In addition, some researchers have used SOM for process monitoring and anomaly
detection, with promising results. Moreover, the capacity of SOM in detecting and iden-
tifying the control variable is substantial and serves as a primary objective of this study

as well.

1.2.3 Advantages and Limitations of SOMs

One of the major advantages of SOMs is the preservation of topological relationships.
For high-dimensional data, this major advantage allows representing it in a two-dimen-
sional grid that captures the underlying structure of the input data. SOMs, by adjusting
the weights of the nodes based on the input data, enable adaptive learning. This type of
capacity is well-suited to tasks where the underlying data distribution is not known a
priori. Another important strength is its versatile visualisation. The processed input data
by SOMs in a two-dimensional grid can be visualised with clustering. With the help of the
U-Matrix (Unified distance matrix) and the component plane, users can observe the data
distribution, cluster boundaries, and variable contributions. This helps make the models
transparent and explainable. Another advantage of self-organising maps is noise toler-

ance. By clustering similar data points, this process can filter out noise and focus on
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underlying patterns. In real-world data, the noise is unavoidable when data contains er-

rors or inconsistencies. In such cases, the use of SOM is already a head start.

Although SOMs have various advantages, there are still some considerations to keep in
mind when applying this technique. SOM is highly sensitive to the parameters, and the
resulting map from self-organising maps can be significantly affected by the choice of
learning rate and neighbourhood function. In addition, when dealing with large datasets,
training processes may require considerable time and resources, making them less effi-
cient for large and complex datasets. Another thing to consider is the influence of the
initial weight vector. Randomly initialising weights each time can influence the resulting
cluster patterns and lead to variability of results. Similarly, limitations of the grid structure

may constrain how well the data topology is represented.

1.2.4 Knowledge Gaps in Data-Driven WWTP Control

The number of studies in computational environmental engineering in recent years re-
flects the broader trends. The trend encompasses mostly predictive modelling and fea-
ture analysis in WWTP contexts. For example, identifying influential predictors for efflu-
ent quality parameters and applying machine learning to enhance the performance of
the sequencing batch reactor in WWTP. These studies demonstrate that the use of ML
and Al in wastewater treatment plants is highly beneficial. Despite all these advances, it
remains difficult to identify which specific process variables drive performance under dif-
ferent conditions. This limitation is largely due to the emphasis on black-box modelling
and the lack of transparency in interpreting feature impacts. This limitation is a major
obstacle to establishing proper plant control strategies. Some studies have employed
feature selection to rank predictor variables. However, this type of study is typically em-
bedded within supervised frameworks and may not exploit unsupervised structural pat-

terns that exist in the data.

In addition, the SOM in modern WWTPs remains underutilised relative to its potential. A
recent study using SOM in Malawi's WWTPs primarily focuses on model integration ra-
ther than on the comprehensive identification of control factors. Earlier work has shown
the feasibility of SOM for process state visualisation and monitoring in wastewater sys-
tems, but its application has been limited, and systematic evaluations of SOM for control

factors and the relationships among underlying variables are lacking. This primarily
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demonstrates the lack of recent SOM-based studies in the WWTP control context and
highlights clear research gaps in developing a systematic, interpretable, and data-driven

framework for identifying control factors from long-term historical data.
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ANALYTICAL FRAMEWORK

Figure 3: Workflow (Whimsical)
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The figure above illustrates the overall workflow of this research. The methodology con-
sists of general factors such as the collection of data, preprocessing and cleaning, un-

derstanding the basic graph, and driving towards more specific parts such as using SOM
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to build the cluster map, analysing it, and performing more in-depth quantitative analysis

to validate cluster stability and reliability.

1.1 Data and its source

This study is based on historical data from WWTPs, covering the period from January
2004 to July 2019 (16 years). A data-driven approach is used to understand the plant's
overall features and identify control factors from historical data. Access to this data is
only possible upon signing non-disclosure agreements with Ramboll, a private multina-
tional company based in Espoo, Finland. The amount of data is of moderate scale with
very high dimension, with more than 400 data variables in raw format, along with time
series measurements capturing variations of influent characteristics, operational control
parameters, and environmental conditions exhibiting nonlinear behaviour and seasonal

variability.

1.2 Data Conditioning

Systematic operations have been applied to the raw data to obtain consistency in the
work and to perform suitable analysis while modelling the data. Upon gaining a better
understanding of the treatment plant’s process flow and its variables, the next important
step is data cleaning and handling. The first step is to check for null values (i.e., whether
a value is missing in a specific cell) and proceed accordingly. The figure below shows a

heat map in which red represents null values, and blue represents non-null values.
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Figure 4: Heatmap of whole data
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The above figure shows the number of null values in the data. With careful consideration,
the number of null values with more than two-thirds in a single column has been removed
from future analysis. The variable column with almost half of its values missing was stud-
ied independently. Independent variable studies include their associations with other var-
iables, with almost zero null values, and the effect of their omission from the final analy-
sis. Based on studies of these variables, it is concluded that omitting them from the final
analysis will have little effect on the results. In addition, the column with very few non-
values was associated with values that depended on the category and nature of the
variables. With this preprocessing, our dimension of more than 400 decreases to 207,
lowering the complexity of computation by a significant amount, making the data suitable

for modelling purposes.

Furthermore, to avoid the dominance of high-value features in the distance calculation
in SOMs, a scaling process was performed to map each feature value to the range [0, 1]

using a MinMaxScaler.
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1.3 Exploratory Analysis

As a preliminary step, a descriptive analysis has been performed with the actual data.
To capture statistical insights, such as the mean, median, standard deviation, and range
of each variable, in a single graph, a heat map is used. The image provides numerical
insight into each feature, including its mean, minimum, median, maximum, and standard
deviation. The value for the colour is determined according to the log1p value to avoid
the compression of most of the data into a single colour band because of high-value

column domination, preserving the sign of the value as well.

According to the heat map given below, the negative value is confined only among the
features named ‘Outdoor Temperature’ and ‘redox value’. The blue colour in the heat
map represents the lowest value in the number. On the contrary, red colour in the graph

represents the high value.



Figure 5: Statistical log value summary for feature
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To reveal the relationship among the variables, a Pearson correlation is computed, which

measures the linear correlation between them. This is important to understand the rela-

tionship among the features. Using Pearson correlation coefficients, the value ranges

from -1 to +1. Anything less than 0 indicates a negative correlation, and anything greater

than 0 indicates a positive correlation. A value of 0 represents no correlation at all. The
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three plots show the relationships among time, environmental factors, and the input var-
iable for the treatment plant. Features with an absolute value greater than 0.5 are con-
sidered to have a strong correlation and are shown in the graph.

Figure 6: Correlation graph 1
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The figure above shows the relationship between the date and other variables. The figure
shows that the variables ‘sludge’, ‘redox’, ‘aeration’, ‘ferrous and lime feed’, and ‘elec-

tricity’ have strong positive or negative correlations with the date factor.
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Figure 7: Correlation graph 2
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As an external environmental factor, we have outdoor temperature measurements. To
identify its effect on other variables, a similar correlation graph is plotted and shown
above. The figure shows a strong positive correlation for the variables ‘return sludge’,
‘temperature of incoming water’, ‘temperature of aeration’, and ‘pool temperature’. Mean-
while, natural gas consumption has a strong negative correlation with the outdoor tem-
perature.

Identification of the input and its correlation is of utmost importance as well. The graph
shows the correlation of incoming wastewater with average cubic meters per hour across

all other variables, with a correlation greater than 0.5 in absolute value.
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Correlation graph 3

Figure 8

Correlation with Incoming wastewater average mih

r zH dwnd 1 abpn|s unjay

I zH fouanbayy z dwnd 3sneyx3

[ ZH Aouanbayy T dwnd Jsneyx3

F p/fy uonesado £ dwnd 3sneyx3

I p/y uonesado g dwnd 3sneyx3

F p/y uonesado T dwnd jsneyx3

F P/UM uonels buidwnd abieydsig A3u33|3
F cw/b paay awi| |ejoL

I y/zw/By uciesyued-ysod 7 peoj pijos

F y/-wy/by uoieayue|d-isod 17 peo| pijos

F y/w uonedyue-3sod z1 peo| awnjoa abpn|s
F y/w uonesyue|a-3sod 17 peo| awnjon abpn|s
[ y/w uonedyue|d-1sod 7 peoj 22eLns

F y/w uonedyues-3sod 11 peo| 32epns

F y/w uonedyue|s-aid 7 peo| adeuns

F y/w uonesyue|s-aud 17 peo| soeuns

9% 27 [3A3] peo| JUphAH

[ % T [2A3] peo| IpkH

I o Ajjea16ojolq Ja1ema1SeEM paleall

F % |eaibojoig T 2un

I p/cw [e103 paiean; Afjeaibojoig

I p/sw z1 paieas Ajjeaibojoig

F p/ew 17 paieasy Ajexbojoig

F p/cW |B30) UCREIIE JD2UIp 104

F P/ 27 UOIIEI3E J23UIp Jod

[ P/cll T7 uolielae 12241p 104

F p/eW (2303 uonedyue|3-aud Jod

F p/ew z1 uoiedyue|d-aid o4

F p/cw 17 uonesyue|>-aud Jodg

F p/ew 27 usuneanzid wol) ssedAg

F plew 117 Juauwieanaid woyy ssedAg

F u/:w wnwixew Apnoy iajemaisem Bulwoou)
I p/ew Bjo] J21emalsem Buiwodu)

F p/cw $ Jajemajsem Buiwodu|

I p/cw £ J3jemalsem Buiwodu|

F pl-w Z J3jemalsem Buiwoou|

M p/cw T J23emaisem Buiwoou)

F p/cw Buidwind Jajemalsem

0.4 1

0.0 4

-0.2 1

—0.4 4

—-0.6 1

The figure shows that the average incoming wastewater is strongly positively correlated

with the variables ‘bypass from treatment plant’, ‘aeration’, ‘surface load’, ‘sludge volume

load’, ‘electricity discharge’, and ‘exhaust pump’. On the contrary, it is strongly negatively

correlated with biological treatment and lime feed.

1.4 SOM Analysis

This analysis follows the brief working principles of SOMs, model creation, and cluster

image analysis. Conditioned, normalised data went through the training process to cre-

ate the model, with random weights initialised on the grid. The model consists of a unified

distance matrix and weights. The unified distance matrix shows the distance between

neurons, which helps reveal cluster-like formations when viewed as a heat map.
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Figure 9: Whole data SOM grid

SOM Distance Map with Direction Arrows
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The figure above shows the distance map of one of the SOM models on a 30x45 grid,
with a neighbourhood radius, i.e., sigma = 5, and a learning rate (update process of the
weights) of 0.1 for the whole data. The blue region indicates lower neuron distance,
which clusters similar data, and the red region indicates higher neuron distance. From
the graph, a sharp red line can be seen, suggesting a boundary for the cluster. However,
light blue or light red colours are found in the overall heatmaps. This suggests that, with
this model, it is difficult to separate the cluster from the given data. The black arrow in
the graph shows the direction of similarity flow, in which the arrow is pointing towards

where its neighbours are more similar.

1.4.1 SOMs Fine Tuning

Fine-tuning is the process of developing a better model that has relatively less error and
shows an appropriate fit. In SOMs, quantisation and topographic errors are two types of
error that assess the model’'s performance. Also, visualisation of the U-matrix shows
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better cluster formation in the better model. For fine-tuning, our model focuses on differ-
ent parameters. The random seed, number of iterations, sigma value, and learning rate
are important parameters whose values must be set to achieve better results. Apart from
these parameters, prudent use of the decay function, the sigma decay function, and the
activation distance for the hexagonal structural topology, along with the grid structure,
helps provide a clear, interpretable visual graph to a great extent. To identify each pa-
rameter, we conducted several training sessions and achieved the best value. With pa-
rameter adjustments, the quantisation error was reduced to less than 1, and the topolog-
ical error to approximately 0. With the fine-tuning process, the primary objectives of the
SOM model, i.e., preserving the topology of the data, seem to be fulfilled, as indicated

by the achieved error values.

1.4.2 Seasonal Analysis with SOMs

The concept of performing seasonal analysis is supported by the correlation between
date and outdoor temperature and the other variables. In addition, at the wastewater
treatment plant, microbial activity may be higher during high temperatures (summer).
Similarly, in winter, biological activity might be low. Likewise, during the monsoon, there
might be a risk of hydraulic overload and dilution. While it is otherwise the dry season,
there might be a possibility of concentrated influent. Breaking down the data into seasons

improves interpretability by yielding cleaner clusters and more stable neuron activation.

For the seasonal analysis, the data is divided into 4 seasons: Spring, Summer, Autumn,
and Winter. Different seasons’ data were modelled using the self-organising maps tech-

nique. The distance map produced by the model shows cleaner clusters in every season.
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Figure 10: Summer season SOM grid
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The figure represents the SOM’s distance map for the summer season, where each hex-

agonal cell corresponds to a neuron. Colour encodes the magnitude of similarities or

dissimilarities with respect to the neighbouring cell. Lower distance values are depicted

in cooler colours such as blue and purple, which indicate regions of high local similarities,

suggesting the presence of a cluster in the feature space. Conversely, warmer colours,

i.e., yellow, orange, and red, indicate higher distance values to their neighbouring neu-

rons, which typically act as cluster boundaries or zones of rapid change in the data dis-

tribution. In addition, the absence of uniformly high distances across the entire map indi-

cates that the SOM has successfully preserved the local topology of the input space.
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FINDINGS

The U-matrix graph visualises the formation of cleaner clusters. With only visualisation,
it is almost impossible to identify what could be the factor responsible for the change or
influence. To know the influencing factor, it is essential to know how BMUs are shifting
from one input to another. For this reason, input data is tracked according to date and
shows how BMU transitions occur over time. To identify the appropriate model for the
data, multiple models were trained according to the specific time frame, i.e., weekly,
monthly, quarterly, half-yearly, and the whole data. According to our findings, quarterly
data fit the model better among the above candidates, based on the error metrics and

cluster visualisation.

1.1 BMUs Trajectory Within Single Season

To identify the cluster in the SOM map and its cause, the BMUs' shifts are carefully
examined for each season model. During the examination, BMUs reveal small and large
shifts based on the Euclidean distance. A small distance typically implies that the points
are not significantly different from each other and hence can be identified as the same
cluster point. Large shifts, however, imply a significant change between two points and

hence that those two points belong to different groups or clusters.

Figure 11: BMU trajectory graph for the summer season

BMUs Shift for Summer
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The figure above shows the BMUs' shift during the summer season. Small and large
shifts are clearly visible. Large shifts generally occur when the new points represent a
new group or cluster. Also, sudden shifts in points can occur within the time frame, where
one point moves to another cluster and a subsequent point moves to the previous cluster.
To make the image more informative, the distance values of BMUs are identified for each

date, and the dates are sorted by the largest shift.

Table 1: Top 10 large BMU shifts for the summer model

S.N Date Distance Value
0 2016-06-01 49.091751
1 2010-06-01 49.040799
2 2010-06-28 43.416587
3 2009-07-13 43.046487
4 2009-06-01 42.190046
5 2013-06-01 37.107951
6 2017-06-01 33.24154
7 2015-08-28 31.622777
8 2015-08-29 30.528675
9 2011-06-01 28.0

10 2019-06-01 27.073973

The table shows the date when the large shift occurred according to the summer model
for summer-season data. According to the table, the largest shift, with a value of 49.09
distance units, occurred on 2016-06-01. This implies that the point belongs to that date,
which changes the cluster. Similarly, other dates mentioned in the table indicate that the

points belonging to that specific date change their cluster, too.

1.2 BMUs Trajectory Across the Seasonal Boundaries

Two seasons of BMUs were studied to identify the behaviour of the two-season SOM
model. According to the model, most of the largest shifts occur due to changes in initial
seasons, where the points are discontinued based on the date. For example, the table
below shows the spring and summer seasons of BMUs' shifts according to Euclidean
distance units. Here, spring and summer seasons represent the months from March to

August.

According to the table, most of the large shifts occur at the start of spring, with 12 rows
showing the start date of spring right after the year change. This is expected behaviour
since there is a high chance that the point of last summer will be different from the point

of the new spring. Apart from this, other point shifts occur over the continuous date,
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implying that other factors are responsible for the shifts. In addition, most of the second-

largest shifts occur in April, followed by a large shift in May.

Table 2: Large BMUs shift for the Spring and Summer season combined
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Date

2010-03-01
2011-03-01
2012-03-19
2013-04-13
2008-04-22
2009-03-01
2011-05-19
2013-05-01
2009-07-14
2013-03-01
2011-08-31
2010-06-28
2016-05-03
2015-05-04
2011-04-27
2016-03-01
2018-03-01
2011-04-04
2010-03-28
2017-03-01
2014-03-01
2015-03-01
2009-03-31
2012-03-01
2019-03-01

Distance Value
62.96824596572466
62.289646009589745
61.91122676865643
58.240879114244144
54.91812087098393
54.230987451824994
54.20332093147061
53.600373133029585
44.82186966202994
43.829214001622255
39.319206502675
37.44329045369811
36.40054944640259
36.05551275463989
31.575306807693888
29.154759474226502
27.730849247724095
27.459060435491963
27.018512172212592
26.0
17.029386365926403
16.0
14.035668847618199
13.45362404707371
13.038404810405298

1.3 Addressing the Other Feature for the shifts

Once the date and shift are identified, it is possible to map the shift to the actual data

using the unique date column. This helps compare two points responsible for that shift,
i.e., the date before the shift and the date of the shift. Every shift likely has different

responsible factors/features.

To compare two points, i.e., the date when the large shift occurs and the date immedi-

ately before it, the Bray-Curtis Dissimilarity method is used. This method compares sam-

ple differences based on their features and is highly useful for high-dimensional data and

effective at handling a few negative values. The Bray-Curtis method is presented as,

BC = —=
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where X1 is the point before the shift date,

X2 is the point of the shift date.

The results from the Bray-Curtis dissimilarity approach indicate the degree of difference
between features, with values in the range 0 to 1. 0 means that specific features from
two different points are not different at all, and 1 means that the feature value has in-

creased significantly from O.

In a wastewater treatment plant, the zero value is most common. This means that when
the influence value of a specific feature is 1, the observed significant influence may result
from a change in the actual point value from zero to a non-zero value and may not con-
tribute significantly to changing the cluster group. The figure shows a glimpse of the
influencing features for the date 2010, June 28, when one of the large shifts occurs, as

per the model used.

Figure 12: Feature influence plot
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Features

The above influence value plot indicates the variables responsible for changes in the
cluster group and the features responsible for the large shifts above 0.5. According to

the plot, polymer dosing, centrifuge operations, and mixed sludge flows exhibit influence
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values close to 1, suggesting either strong, comparable contributions or limited discrim-
inatory power among the top-ranked features. A noticeable decline in influence was ob-
served from the feature “Lime Silo remaining kg” with a value of more than 0.9, marking
a transition to moderately influential features such as ‘total dried sludge’, ‘septic tank
sludge’, and ‘redox’ measurements. In addition, aeration-related variables, i.e., L2 air-
flow, display an influence level of 0.5. The plot suggests that the shift on that date is

primarily due to solids-handling and chemical-dosing operations.

1.4 Correlation Among Influenced Features

Following the identification of key variables through the influence value analysis, it is
important to further examine the relationship among these top-ranked features for a bet-
ter understanding of the cluster group change behaviour and interrelated features.
Therefore, a correlation analysis is conducted specifically among the most influential
variables to quantify their pairwise associations and assess the degree of dependency
within this subset. This process is mostly important in complex systems like wastewater
treatment plants, where multiple variables may be driven by common control mecha-
nisms or process dynamics.

Table 3: Correlation value for Polymer total in I/d to other high-value influencing
features

Polymer total kg/d 0.999510
Polymer 2 centrifuge kg/d 0.760206
Polymer 2 centrifuge 1/d 0.755451
Polymer 1 centrifuge kg/d 0.741109
Polymer 1 centrifuge l/d 0.732584
Mixed sludge L2 m3/d 0.525194
Mixed sludge 2 centrifuge m3/d 0.525169
Centrifuge 2 run h/d 0.520710

The table shows the correlation between the top-ranked feature, “polymer total I/d,” and
other influenced features from the influence plot, indicating the highest correlation for
polymer total kg/d at 0.999, followed by polymer 2 centrifuge kg/d at 0.76. Approximately,
a similar correlation exists for the features ‘Polymer 1’ and ‘Polymer 2 Centrifuge’, both
in the unit kg/d and in the unit I/d.

When interpreted alongside the influence plot above, in which polymer-related variables
uniformly exhibit maximal influence, this suggests that these variables are not only highly

influential but also strongly interdependent, forming a tightly coupled subsystem within
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the process. This indicates that the high influence values likely reflect their dominant role

in shaping the model behaviour and cluster group change for that specific date.

1.5 Feature Characterisation According to Process Domain

To enhance interpretability, the features were grouped into the WWTP process domain.

From the input of municipal wastewater to the output of processed water, the features

used are divided according to the characteristics of the features in which the process is

performed. Altogether, features are divided into 8 process domains. Cluster interpreta-

bility is established by evaluating the relative dominance of process domains within each

cluster, categorised as high, moderate, or low based on normalised feature contributions.

Table 4: List of Process Domains with Summary of Representative Features

Process Domain
Hydraulics and Flow

Biological Process

Chemical Dosing

Sludge Handling

Energy and Aeration

Water Quality / Efflu-

ent

Equipment
tion

Opera-

Environmental or Ex-
ternal Factor

Representative Features

Incoming wastewater pumping stations, bypass flows, pre-clarifi-
cation & aeration flows, biological flow distribution, hydraulic load
levels, recycling ratios, line distribution, sludge pit levels, chan-
nel/surface levels

Oxygen concentrations, redox conditions, anoxic volumes,
sludge age, solids in aeration, SVI index, settling characteristics,
surface/solid/sludge loading rates

Ferrous sulphate dosing, ferro pool concentration, lime dosing
(L1, L2, total), PAX dosing, polymer dosing (all forms, concentra-
tions, usage rates)

Mixed sludge flows (process & centrifuge), recycled sludge, re-
turn sludge & ratios, surplus sludge, sludge thickening & drying,
sludge silo volumes, solids concentration (slurry & centrifuge)

Electricity consumption, aeration air supply (all blocks & totals),
air pretreatment, mainline aeration pressure & temperature, natural
gas consumption

Nutrients (NH4-N, NO3-N, PO4-P), pH (incoming & process
stages), temperature (incoming & aeration), treated wastewater per-
centages, visibility depth, and clean water output

Pumps (exhaust, sand, sludge, return, polymer), compressors,
centrifuges, sludge silo unloaders, operational hours (h/d), and fre-
quencies (Hz)

Outdoor temperature, river surface levels, and environmental
boundary conditions
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1.6 Feature Scaling and Cross-Validation of Cluster Charac-
teristics

To assess the robustness of cluster-specific feature patterns, the mean feature values
for the identified classes were normalised using a Min-Max scaler within each class.
Features with normalised values approaching 1 are considered dominant within a given
class and consequently indicate the dominance of the corresponding process domain to
which those features belong. This provides a systematic basis for interpreting cluster

characteristics in terms of process behaviour.

For the cross-validation, features defining cluster characteristics and those associated
with the BMU transitions were jointly analysed. It was observed that the features char-
acterising the clusters are largely consistent with those associated with significant BMU

shifts, except for features that transition from zero to non-zero values.

In addition, features that are frequently present across multiple classes show relatively
small magnitude changes during periods of large BMU shifts, indicating a reduced influ-

ence on cluster transitions during that time.
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Figure 13: Cluster map for the summer season
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The above cluster image shows the spatial distribution of 11 distinct classes across the
two-dimensional lattice. Continuous regions of similar colours indicate strong topological
preservation and clear separation between the clusters. Larger regions on the maps rep-
resent dominant classes and vice versa. Boundaries between the clusters highlight the
zones of significant change, which are associated with BMU shifts and variations in pro-
cess conditions. The spatial continuity of clusters suggests that transitions between op-
erational states are gradual rather than abrupt, except at distinct cluster boundaries

where significant feature changes occur.

1.7 Characterisation of Cluster Through Process Domain

Characteristics of a cluster are derived based on the dominance of the process domain
and the strong, moderate, or low engagement of the process domain across the classes.
The analysis represents the distinct operational regime characterised by varying contri-

butions from multiple domains.
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Class | Hydraulics Biological | Chemical Sludge | En- Water | Equip- | Envi-
and Flow Process Dosing Han- ergy & | Qual- ment ron-
dling Aera- ity Opera- | mental
tion tion
0 S M M S M L M L
1 M S S M S M M L
2 M L S M M S M M
3 S M M M S S M L
4 M S S M M S M L
5 S M L M M L M L
6 M S M M S M M L
7 M M M S M L M L
8 S M M M M M L S
9 M M S S M M M L
10 M M S S M L S L

The table above shows which process domain has a strong, moderate, or low effect

across the classes. In the table, S represents strong dominance, M represents moderate

dominance, and L represents low dominance for the classes derived. The table also il-

lustrates that certain clusters are strongly influenced by hydraulics and flow conditions,

while others are governed by biological processes, chemical dosing, or energy and aer-

ation requirements. In addition, some clusters exhibit unique dominance patterns, such

as equipment operation and environmental influence, indicating specialised system

states. Overall, the result highlights the multi-dimensional and interconnected nature of

the wastewater treatment process, where cluster transitions are driven by shifts in the

relative dominance of underlying process domains.
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LIMITATION AND FUTURE WORK

Despite the valuable insights obtained, this study has several limitations that should be
considered. The analysis is primarily based on historical operational data, and therefore,
the findings are dependent on the quality, completeness, and representativeness of the
dataset. Any measurement errors or unrecorded operational interventions may influence
the clustering results and interpretation of process domains. It was also observed that
SOM models developed using aggregated multi-season data were less effective than
season-specific models, indicating that seasonal variability is not fully captured in a uni-
fied framework. Similarly, to ensure better cluster formation and interpretation for the
other seasons than summer, model-specific fine-tuning is required rather than the gen-
eral value of fine-tuning. Moreover, instead of selecting seasons by month, more scien-

tific approaches can be used to allocate the data.

Limitations are not just limited to the data and the method. Various external factors play
a combined role in the major impact on the results. Firstly, environmental legislation.
When the legislation changes, it may affect the process behaviour in the wastewater
treatment plant. To address this challenge, a new model may be required, and the class
characteristics may change, and seasonal and intraseasonal interpretations might
change as well. Similarly, since wastewater inflow plays a vital role in the treatment pro-
cess, growing urbanisation and population growth may affect inflow to the wastewater
treatment plant. In this study, growing urbanisation and growing urban population have
not been considered. With a growing population, the concentrations of various chemicals
in wastewater, such as microplastics, nanomaterials, and pharmaceuticals, may vary
significantly, which could alter the findings of this research. In addition, technological
advancements and machinery upgrades might have a stronger influence on the current

flow of operations, such as process efficiency, energy consumption, and so on.

Meanwhile, future research can address these limitations by incorporating more ad-
vanced approaches, such as hybrid models that combine SOM with supervised learning
techniques to improve predictive performance and interpretability. The integration of real-
time data and online learning methods could further enhance the model's applicability to
process monitoring and control. Further work could also focus on developing quantitative
measures for feature dominance and BMU transition dynamics, as well as validating the
findings across multiple wastewater treatment plants to ensure generalizability. Such ad-

vancements would contribute toward building more reliable decision support systems for
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wastewater treatment operations. Moreover, for future research, integrating this ap-
proach facilitates the prediction of how the process domain behaves. Under certain con-
ditions, such predictive capability would support better decision-making, optimisation,

and process control in complex industrial environments.
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DISCUSSION

Based on the available data, the above-mentioned approach achieved the primary goal
of this study, i.e., to identify the operational pattern and significant control factors influ-
encing the wastewater treatment plant. The results demonstrate the effective revealing
of the features and process domain, as well as the characterisation of the identified clas-
ses. The SOM-based analysis shows a good clustering pattern, allowing distinct clusters

when performing K-Means clustering techniques.

This study also provides valuable experience and a solid understanding of working with
high-dimensional data. Through this study, my ability to preprocess a complex dataset
using statistical methods and identify patterns with various techniques has improved.
Similarly, this research enhances my understanding of unsupervised machine learning
techniques and improves my ability to work with data without pre-labelling or classifica-
tion. Furthermore, the research enhanced analytical skills for interpreting cluster struc-
tures and identifying relationships among operational variables in wastewater treatment
systems. In addition, the constructive feedback and suggestions from my colleagues and
supervisor provided valuable insights and encouraged new ways of thinking throughout

the research process.

Compared to other approaches, such as Artificial Neural Networks (ANNs) used in sim-
ilar contexts, the proposed SOM-based framework offered greater interpretability and
exploratory capabilities. One of the major advantages of the proposed approach is its
capability to analyse high-dimensional operational datasets while reducing complexity
through visualisation. The large shift identified with the help of SOM’s BMU effectively
captures the features responsible for the change, allowing easier identification of cluster
behaviour and seasonal operational trends. Although ANNs may achieve higher predic-
tive accuracy in some applications, they are often considered “black box” models with
limited transparency. However, the proposed SOM-based methods, while using the

whole dataset, failed to capture seasonal variability within a unified framework.
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Figure 14: SOM U-Matrix Grid for Spring and Summer
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The above figure shows the SOM map for the combined spring and summer data model.

Red colour represents a high distance, while purple or blue colour represents a low dis-

tance. The figure additionally reveals middle-range colour across most of the grid, indi-

cating slightly less distinctive cluster areas than in the summer model. With the K-Means

clustering technique, the cluster obtained via the SOM spring-summer model is pre-
sented below.
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Figure 15: K-Means Clustering Image for Spring and Summer
SOM Cluster Classes
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The figure above shows 20 classifications for the spring and summer model. The number
of classes for the figure is determined by the model with the best silhouette score. The
figure above shows good consistency across most classes. However, class 1 and class
3 can be found in two different parts of the grid.

Similarly, the model estimated from yearly data reveals a major inconsistency in cluster
formation, with a silhouette score below 2.7. A glimpse of the cluster image for the yearly
SOM model is given below.
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Figure 16: Yearly model Cluster
SOM Cluster Classes
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There still prevails some level of inconsistency in the results of the spring and autumn
seasons. The reason may be similar weather conditions, but it remains to be determined
through further studies. However, the clustering technique is used in the same way but
yields a better silhouette score than the overlap seasonal and yearly models (Appendix
A).

Similarly, the Process domain table for the other 3 seasons (Appendix B) shows that the

process domains vary by season in class dominance.

Table 6: Process domain dominance over the class for the Autumn season

Category Classes
High-load hydraulic 0,4,9
Biological dominant 1,7, 11
Chemical dominant 2,6,10, 12
Sludge processing 3,6,8,10,13
Effluent-driven / Water quality 2,5,8,12,13
Environmentally influenced 8,9, 13
Energy and Aeration 0,1, 3,4,7,10,11
Equipment operation 0,3,4,5,9,10
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The table above shows the process-domain dominance over the class for the autumn
season, where most classes are dominated by operational energy and aeration, followed

by equipment operation.

Table 7: Process domain dominance over the class for the Winter Season

Category Classes

High-load hydraulic 7,8,10

Biological dominant 0,1,2,3,4,5,6,9,11,12,13,14
Chemical dominant 0,1,2,4,6,8,9,10,11,12
Sludge processing 2,3,5,6,8,9,12,13
Effluent-driven / Water quality 1,8,9, 10, 11,12
Environmentally influenced 13

Energy and Aeration 2,3,5 8

Equipment operation 2,4,6,7,8,10

In winter, it has been observed that the biological process is dominant in most classes,
except classes 7, 8, and 10. The dominance is followed by chemical dosing and sludge
processing respectively. Only a single class, i.e., class 13, is dominated by environmen-

tal influences, as well as by biological, chemical, and sludge-handling factors.

Table 8: Process domain dominance over the class for the Spring Season

Category Classes

High-load hydraulic 29

Biological dominant 1,2,3,4,6,7,8,10,11,12,13,14
Chemical dominant 0,3,7,8,11,12,13

Sludge processing 0,3,5,8,11,13,14
Effluent-driven / Water quality 1,2,4,6,7

Environmentally influenced -

Energy and Aeration 1,3,6,7,11,13

Equipment operation 0,2,5,9

In spring, it has been observed that the biological process, chemical dosing, sludge pro-
cessing, and energy and aeration process domains play an important role in most clas-
ses. On the contrary, there is no strong dominance of environmentally influenced factors

in the spring season.

While comparing the process domain over the seasons, it is found that during summer,
the system is more hydraulically driven, showing considerable influence from inflow var-
iability and stable biological and chemical activity. In autumn, the system transitions to-
wards increased biological and chemical interaction with moderate hydraulic influence.
Transition towards winter regime: biological processes remain dominant but are heavily
supported by chemical dosing and sludge management. Similarly, in spring, the system
exhibits a transitional and multi-domain behaviour where biological, sludge, energy, aer-
ation, effluent, and equipment interact simultaneously. However, dominance by biologi-
cal process followed by chemical dosing and sludge processing remains the same for

spring seasons when compared to the winter season.



39

Dividing features into the process domain is necessary, as the number of affected fea-
tures is high for the large BMU shift date. With a large number of influenced features, it
has been difficult to assess the plant's status. By categorising the features for domain
processing, the complexity of interpretation is reduced substantially. Dividing variables
into specific domains helps organise large volumes of process data more conveniently.
Consequently, it becomes easy to analyse process interactions, detect abnormal ac-

tions, and understand the operational dynamics of the wastewater treatment plant.

One of the major drawbacks of this research is the limited availability of data. The find-
ings and results of this study are only relevant up to 2019. It is important to consider that
the dataset's availability up to a recent date would help improve the model's representa-
tion, clustering, and characteristics. Another limitation is that the study focused on his-
torical operational data and did not evaluate the real-time implementation of the pro-
posed framework. Similarly, upon performing K-Means clustering on the SOM model, the
observed cluster patterns exhibit a circular structure. However, the distribution of the
clusters was not evaluated to determine whether it follows a Gaussian distribution. Be-
cause investigating the statistical distribution characteristics of the clusters is beyond the
scope of this thesis, | recommend it as a direction for further research. In addition, this
study facilitates a comparison to the new approach. That is, different methods can be
used to address a similar problem, and it is also possible to compare how well the models
represent the data, providing additional details about the pros and cons of the models

used.

If this study were to be conducted again, several aspects could be improved and ex-
panded. Firstly, a broader dataset that includes additional external factors, such as rain
or population growth, that appear to be connected to wastewater inflow. In addition, in-
tegrating domain knowledge with machine learning methods could further improve pro-
cess understanding and prediction accuracy. Also, an updated dataset incorporating
real-time monitoring data could lead to a more comprehensive understanding of process
behaviour. Once the process is complete, a few other unsupervised models can be
tested according to their respective procedures, and model comparisons can be con-
ducted to enhance understanding of process-domain actions. These improvements
could support more efficient process control, early fault detection, energy optimisation,

and overall enhancement of wastewater treatment operations.

Overall, despite its limitations, this study answers two important questions about the
wastewater treatment plant. First, how the data are divided and the characteristics asso-
ciated with the divided data. Second, the features responsible for the change in the clus-

ter. The answers to these two main questions enable the person to understand how the
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wastewater treatment plant is performing in the treatment process and serve as a basis
for further research. Further research could focus on integrating real-time sensor data,
combining SOM with supervised learning models, and evaluating the applicability of hy-
brid clustering approaches for enhanced process monitoring and control, as well as en-
abling model comparisons with other unsupervised models. Similarly, the study paved

the way for predicting how the established process domain behaves.
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CONCLUSIONS

This study provides a comprehensive, data-driven framework for identifying and inter-
preting operational patterns in wastewater management systems, using SOM combined
with clustering and feature-based analyses. SOM reduces high-dimensional data to two
dimensions, preserving the data's topology and the intrinsic relationships among varia-
bles. By applying k-means clustering to the SOM model, well-defined, distinct, and inter-

pretable classes were identified.

Meanwhile, trajectory analysis of the SOM models using the Best Matching Unit provides
valuable insight into the effects of the feature as the cluster changes, and this is validated
by the feature responsible for the class, demonstrating the effectiveness of the approach
in capturing underlying process structures. Also, analysis of SOM models across multiple
seasons shows they are less effective at capturing distinct process patterns than season-
specific SOM models, suggesting that season-specific datasets better represent process
dynamics, especially when significant changes occur. Additionally, features consistently
present across multiple clusters showed minimal variation during BMU shifts, suggesting
limited influence on cluster transitions in that instance. This distinction between stable
and dynamic features provides critical insight into the factors that govern system behav-

jour.

Furthermore, correlation analysis reveals the interdependencies among influential fea-
tures across the process domains. Clusters were found to represent multi-domain inter-
actions rather than isolated process effects, suggesting the complexity of the wastewater

system.

Overall, this study demonstrates the combination of SOM-based clustering, BMU transi-
tion analysis, and process-domain interpretation to uncover hidden patterns and control
mechanisms in the municipal wastewater treatment system. This study not only enables
the identification of distinct operational states but also provides actionable insights into
the key factors influencing system performance, thereby supporting decision-making,

process monitoring, and optimisation of wastewater treatment strategies.
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APPENDIX A: CLUSTER MAP

Figure 17: Autumn Season Cluster Classes
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Figure 18: Winter Cluster Classes
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Figure 19: Spring Season Cluster Classes
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APPENDIX B: PROCESS DOMAIN TABLE

Table 9: Autumn process domain characterisation

46

Clas | Hydrauli | Biologic | Chemic | Sludge | Energy | Water | Equipme | Environment
s cs & al al Handlin | & Qualit | nt al
Flow Process | Dosing | g Aeratio |y Operatio
n n
0 S S S S S L S L
1 M S S M S M M L
2 M L S M M S M M
3 L S S S S M S M
4 S M S S S S S L
5 L S M M M S S L
6 L S S S M L M L
7 L S M S S L M L
8 L M M S M S M M
9 S M M S M M S S
10 L S S S S M S L
11 L S S M S M M L
12 M S S M M S M L
13 L S S S M M M S
Table 10: Winter process domain characterisation
Clas | Hydrauli | Biologic | Chemic | Sludge | Energy | Water | Equipme | Environment
s cs & al al Handlin | & Qualit | nt al
Flow Process | Dosing | g Aeratio |y Operatio
n n
0 L S S M M M L M
1 L S S M M S M L
2 L S S S S L S L
3 M S M S S L M L
4 L S S S M L S L
5 L S M S S M M L
6 L S S S M L S L
7 S M L M M L S M
8 S M S S S S S M
9 L S S S M S M L
10 S M S M M S S M
11 L S S M M S M L
12 L S S S M S M L
13 L S S S M M M S
14 M S M M M L M L




Table 11: Spring process domain characterisation

47

Clas | Hydrauli | Biologic | Chemic | Sludge | Energy | Water | Equipme | Environment
s cs & al al Handlin | & Qualit | nt al
Flow Process | Dosing | g Aeratio |y Operatio
n n

0 L M S S M M S L
1 L S M M S S M L
2 S S M M M S S M
3 M S S S S L M L
4 L S M M M S M L
5 L M M S M M S L
6 L S M M S S M L
7 L S S M S S M M
8 M S S S M M M M
9 S M M M M M S L
10 M S M M M L M L
11 L S S S S M M L
12 L S S M M M M M
13 M S S S S M M M
14 M S M S M M M M





  k × ℓ


  k × ℓ


  5 √ N


    d  i = |  | x −   w  i |


  a r g   m i n  i | | x −     w  i | |


  h


   h  i j = e x p  (     − | |   r  i −     r  j | | 2  2   ( 𝜎 ) 2 )


    r  i


    r  j


  𝜎


  𝜔  ( t + 1 ) =   𝜔  ( t ) +   𝛼 . h . ( x − 𝜔 ( t ) )


  𝜔  ( t + 1 )
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  B C =     |   x  1 −     x 2 |    | x  1 |   + |     x  2 |

