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 A B S T R A C T

Water reuse is a key point when fresh water is a commodity in ever greater demand, yet also becoming more 
accessible. Furthermore, the return of clean water to its natural environment is also mandatory. Therefore, 
wastewater treatment plants (WWTPs) are essential in any policy focused on these serious challenges. WWTPs 
are complex facilities which need to operate at their best to achieve their goals. Nowadays, they are largely 
monitored, generating large databases of historical data concerning their functioning over time. All this implies 
a large amount of embedded information which is not usually easy for plant managers to assimilate, correlate 
and understand; in other words, for them to know the global operation of the plant at any given time. At this 
point, the intelligent and Machine Learning (ML) approaches can give support for that need, managing all the 
data and translating them into manageable, interpretable and explainable knowledge about how the WWTP 
plant is operating at a glance. Here, an eXplainable Artificial Intelligence (XAI) based methodology is proposed 
and tested for a real WWTP, in order to extract explainable service knowledge concerning the operation modes 
of the WWTP managed by AQUAVALL, which is the public service in charge of the integral water cycle in 
the City Council of Valladolid (Castilla y León, Spain). By applying well-known approaches of XAI and ML 
focused on the challenge of WWTP, it has been possible to summarize a large number of historical databases 
through a few explained operation modes of the plant in a low-dimensional data space, showing the variables 
and facility units involved in each case.
. Introduction

Wastewater treatment plants (WWTPs) are dynamic and complex 
ystems operating under varying operations, due to fluctuations in 
nfluent characteristics, environmental factors and operation adjust-
ents. Understanding the different operation modes within a WWTP 
s essential for efficiently optimizing the treatment, reducing energy 
onsumption and ensuring compliance with environmental regulations. 
owever, due to the complexity of the nature of WWTP processes, 
raditional analytical approaches can often fall short in interpreting 
hese operation modes. On the other hand, these facilities undergo large 
cale monitoring, supplying large databases about plant operation. 
his implies a need for a data summary to simply explain the WWTP 
peration mode that can be available at all times for the managers (see 
ig.  1).
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Data-driven techniques have enabled a more systematic analysis 
of WWTP operations by extensively using real-world data collected 
from monitoring systems. Some publications address this, taking into 
account different aims, such as Machine Learning (ML) for predicting 
wastewater quality in three WWTPs in China [1], an evolutionary 
data-intelligence model, integrating the Extreme Learning Machine 
(ELM) with Kernel Principal Component Analysis (KPCA) to predict 
the performance of a WWTP in Nigeria [2], or the development of 
a prediction using the Wastewater Quality Index (WWQI) for a re-
gional WWTP in Malaysia, and Principal Components Analysis (PCA) 
to handle high-dimensional process data [3].

Clustering approaches are incorporated in [4], combining a 𝐾 −
𝑚𝑒𝑎𝑛𝑠 based technique with a process simulation model to assess the 
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Fig. 1.  Target overview.
impact of changing climatic operations on the influent characteristics of 
a WWTP in Italy. On the other hand, [5] develops an autoencoder based 
deep clustering method (SMEL) to detect abnormal data with no labels 
in a WWTP in China. All these approaches in real cases have a lack 
of explainability; moreover, they do not address the global operation 
of the plant and neither do they take into account the data from the 
monitoring systems, which is an essential and mandatory goal for any 
manager in charge of such facilities.

Here, the target is to know the operation modes of the WWTP 
facility using its monitoring data collected over time, and then locate 
at a glance every new monitored data sample regarding those already 
known or discovered WWTP operation modes as a point in a reduced di-
mension space of variables, i.e., summarizing the large database of the 
WWTP monitoring systems as points in that reduced dimension space of 
variables. All this being explained by the plant variables involved in ev-
ery mode and case. A density based algorithm, DBSCAN (Density-Based 
Spatial Clustering of Applications with Noise), is used to discover the 
operation modes. Before all that, a mandatory dimensionality reduction 
is carried out to manage the most relevant information in a reduced 
input space, so as to deal with the curse of dimensionality for the ML 
techniques and to improve the explainability and interpretability of the 
outcome. Therefore, expert knowledge, principal component analysis 
(PCA), and Shapley Additive Explanations (SHAP) are used.

Some works have shown the effectiveness of DBSCAN in clustering 
for environmental and industrial process data, such as [6] to localize 
illegal industrial discharges of polluting wastewater in sewer networks. 
However, as DBSCAN effectively groups similar operation states, it 
does not inherently provide any explainability about the generated 
clusters in the domain terms. To bridge this gap, SHAP is applied to 
explain the contribution of individual features to the identified opera-
tion modes. This technique is the most popular within the scope of the 
eXplainable Artificial Intelligence (XAI) methods [7–10]. The concept 
of explainability is becoming ever more relevant, even mandatory when 
AI methodologies are applied to different fields, such as [11–13], but 
water systems are also considered a critical domain [14,15].

According to the goals for this work described above, the main 
contributions of this work are as follows:

1. An explainable machine-learning based methodology is created 
to summarize large and high dimensional WWTP monitoring 
databases as a point in a reduced space of operation modes.

2. This approach allows the current WWTP operation mode regard-
ing the known modes to be located at all times.

3. Every WWTP operation mode is explained by the variables of the 
WWTP plant.

4. The validation of clustering results through expert knowledge, 
ensuring that the detected operation modes are meaningful and 
useful for WWTP operators in practice.

The rest of the paper is organized as follows. In Section 1, the intro-
duction provides the context and motivation for the study, highlighting 
the challenges in monitoring WWTPs and the importance of developing 
explainable, data-driven methods for operation mode detection, as well 
2 
as a brief state of the art in this area. Section 2 provides the theoretical 
foundations necessary for this work, offering a brief overview of PCA 
for dimensionality reduction, DBSCAN for clustering, and SHAP for 
model interpretability. Section 3 describes the proposed methodology, 
while in Section 4, a real case study is presented, where the method-
ology is applied and the results are analyzed, validating the clustering 
results through expert knowledge. Finally, Section 5 summarizes the 
main findings, discusses the implications of the study, and outlines 
potential directions for future research.

2. Some foundations

The following subsections briefly introduce the theoretical items 
supporting this work.

2.1. Principal Component Analysis (PCA)

AQUAVALL data records contain a large number of variables with 
a high probability of correlation. This large number of variables (data 
dimensionality) is a challenge both for their computation and to know 
the specific relevance of each one. In this work, Principal Compo-
nent Analysis (PCA) [16,17] is used to discover the relevance of each 
one, making a dimensionality reduction under some conditions, thus 
transforming the original variables into a new set of uncorrelated 
extracted variables which can be ranked by the data variance of each 
one. Then a selection can be carried out to create a subset of a small 
number of variables (principal components), while preserving most of 
the information.

Mathematically, PCA [18] begins by standardizing the dataset, 𝑋, 
to ensure that each variable contributes fairly to the analysis. Next, the 
covariance matrix 𝐶 is computed. This matrix captures the relationships 
between variables. The principal components are then determined by 
solving the eigenvalue problem 𝐶𝑣 = 𝜆𝑣, where 𝜆 represents the 
eigenvalues and 𝑣 the corresponding eigenvectors. These eigenvectors 
(principal components) are ranked based on descending eigenvalues so 
as to be able to select the most significant components.

So, the raw data are transformed into a k-dimension subspace to 
be selected by choosing the k top eigenvectors of the covariance ma-
trix, and therefore the k top principal components. These eigenvectors 
form the new basis for the data. However, this approach has a seri-
ous disadvantage: a lack of interpretability concerning their principal 
components and their meaning with regard to the problem domain.

2.2. DBSCAN

DBSCAN (Density-Based Spatial Clustering of Applications with 
Noise) [19,20] defines clusters as dense regions of points separated 
by areas of lower density. It does this by classifying points as core 
points, border points, or noise, based on two main parameters: 𝜀
(𝑒𝑝𝑠𝑖𝑙𝑜𝑛), which determines the neighborhood radius; and 𝑀𝑖𝑛𝑃𝑜𝑖𝑛𝑡𝑠, 
the minimum number of points required to form a dense region. 
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This density-based approach makes DBSCAN highly effective for ap-
plications ranging from anomaly detection to spatial data analysis. 
Moreover, its flexibility, robustness to noise, and ability to discover 
non-spherical clusters, make it a widely used and valuable clustering 
algorithm in many real-world applications.

The 𝜀-neighborhood of a point 𝑝 is defined as: 
𝑁𝜀(𝑝) = {𝑞 ∈ 𝐷 ∣ 𝑑(𝑝, 𝑞) ≤ 𝜀} (1)

where 𝐷 is the datset, 𝑑(𝑝, 𝑞) is the distance function (typically Eu-
clidean distance), and 𝜀 is the neighborhood radius.

A point 𝑝 is considered a core point (points that have at least 
𝑀𝑖𝑛𝑃𝑜𝑖𝑛𝑡𝑠 other points within a distance of 𝜀) if it satisfies the density 
operation: 
|𝑁𝜀(𝑝)| ≥ 𝑀𝑖𝑛𝑃𝑜𝑖𝑛𝑡𝑠 (2)

where |𝑁𝜀(𝑝)| represents the number of points in the 𝜀-neighborhood 
of 𝑝.

On the other hand, a point 𝑝 is classified as noise if it is not density-
reachable from any core point, meaning it does not belong to any 
cluster: 
|𝑁𝜀(𝑝)| < 𝑀𝑖𝑛𝑃𝑜𝑖𝑛𝑡𝑠 (3)

Therefore, DBSCAN groups all density-connected points into clus-
ters, while points that do not meet the density criteria are labeled as 
noise points. This term, noise, is not considered for this work, as we 
are searching for events which could have happened once and cannot 
be considered as noise.

2.2.1. DBSCAN tuning
Clustering algorithms, unlike supervised learning, needs some

methodology for tuning its own parameters in order to achieve success. 
Unlike traditional clustering methods, that assume clusters have a spe-
cific shape or require a predefined number of clusters, DBSCAN detects 
groups of varying structures and effectively handles noise within a 
dataset. Its effectiveness depends on the two parameters commented in 
the previous section: 𝑀𝑖𝑛𝑃𝑜𝑖𝑛𝑡𝑠 and 𝜀 (𝑒𝑝𝑠𝑖𝑙𝑜𝑛). There is no definitive 
formula to determine the ideal 𝑀𝑖𝑛𝑃𝑜𝑖𝑛𝑡𝑠 or 𝜀 values; however, the 
selection should be guided by the nature of the dataset and expert 
knowledge.

On the other hand, the search for a fair 𝜀 value also has to be 
addressed. One effective and well-known way to estimate 𝜀 is by analyz-
ing the distances between each point and its 𝑘-nearest neighbors [21], 
where 𝑘 corresponds to the chosen 𝑀𝑖𝑛𝑃𝑜𝑖𝑛𝑡𝑠. By checking out these 
distances in ascending order on a 𝑘-distance graph, the optimal 𝜀 can 
be identified at the point of highest curvature, often referred to as the
‘‘elbow point’’. In this way, it is possible to distinguish cluster boundaries 
by selecting a threshold that separates dense regions from sparse areas.

2.3. Shapley Additive Explanations (SHAP)

Nowadays, eXplainable Artificial Intelligence (XAI) is a goal, if not 
a mandatory goal, for AI applications. One of the options for the said 
target is the Shapley Additive Explanations (SHAP) method [22]. This 
is a powerful XAI method for explaining the output of machine learning 
models. It provides a way to attribute the prediction of a machine 
learning model to its individual input features in a fair and consis-
tent manner, providing an alternative for addressing the classic and 
well-known black box challenge. SHAP values are an adaptation from 
the Shapley values, used in cooperative game theory, for explaining 
machine learning models.

Shapley values [23] were originally introduced in the context of 
cooperative game theory, where the goal was to fairly distribute the 
‘payout’ (or value) generated by a team of players. In the case of 
machine learning, the ‘game’ involves predicting an outcome, and the 
‘players’ are the individual features, or variables, of the model. Shapley 
values provide a way of assigning a contribution to each variable based 
3 
on its impact on the prediction. The Shapley value for each variable in 
a machine learning model is calculated by evaluating its contribution 
to all possible combinations of variables. Given a predictive model 𝑓
and a set of 𝑚 variables, the Shapley value for a variable 𝑖 is calculated 
as: 

𝜙𝑖 =
∑

𝑆⊆𝑁⧵{𝑖}

|𝑆|!(𝑚 − |𝑆| − 1)!
𝑚!

[𝑓 (𝑆 ∪ {𝑖}) − 𝑓 (𝑆)] (4)

where 𝑆 is a subset of variables excluding the variable 𝑖, 𝑓 (𝑆) is the 
model’s prediction when using only the features in 𝑆, and 𝑓 (𝑆∪i) is 
the model’s prediction when feature 𝑖 is added.

However, SHAP simplifies this process by providing an efficient 
and scalable way to calculate Shapley values for machine learning 
models. Several versions of SHAP were introduced by [22]: DeepSHAP, 
KernelSHAP, LinearSHAP and TreeSHAP, developed for different types 
of models. In this work, KernelSHAP has been used to explain PCA 
and clustering outputs, as it is a model-agnostic method for estimat-
ing SHAP values efficiently, approximating Shapley values using a 
weighted linear regression approach.

3. Methodology

The main goal of this proposal is to understand at a glance the 
operation mode of the WWTP plant regarding its known standard 
operation modes at any time, and all this is provided in a reduced 
space of variables in an explainable way for the WWTP managers and 
operators. Consequently, this implies summarizing the large amount 
of high-dimensional data provided by the WWTP monitoring systems, 
explaining the main roots (variables) involved for each standard and 
non-standard operation modes. All this is based on a data-driven so-
lution, so a sufficient quantity and quality of data, is mandatory for 
that goal. The proposed methodology (see Fig.  2) is based on a dimen-
sionality reduction through expert knowledge and PCA, clustering by 
DBSCAN and explanations by SHAP, involving two main, usual stages 
for its setup: offline and online. All this is detailed in Section 4.1

3.1. Offline stage

A first and critical methodological step is focused on the prepro-
cessing of the historical monitoring data to be used: data cleaning, 
resampling and standardization.

The data captured by the monitoring and control systems contain 
variables of different nature, some of them useless for this goal and with 
potential errors, so a cleaning procedure is mandatory. This challenge 
is solved by removing the useless ones, while leaving the variables 
monitoring the WWTP process, always based on the expert-knowledge 
of the plant. Then, another critical point is the sampling time, which 
has consequences for the outcome quality and its reliability/usability, 
but also for the computational efforts, so a resampling step must 
be addressed. Finally, the last part of the preprocessing involves the 
standardization of each of the acquired variables. Here, the z-score
formulation is used for this goal.

Notwithstanding the above, the most relevant challenge to address 
is the data dimensionality, which is usually done through variable 
selection or extraction to manage the curse of dimensionality [24]. 
Then an extraction of variables/features is carried out to obtain new 
variables, concentrating the information about the WWTP. Here, the 
well-known Principal Components Analysis (PCA) [25] is involved. 
Nevertheless, another challenge appears as a consequence of this tech-
nique: the interpretability and explainability regarding the original 
variables is lost. This issue must be addressed, so SHAP is used for this 
goal. The dimensionality reduction from the principal components is 
based on two main criteria: the variability preserved in the remaining 
new extracted variables and the interpretability of the outcomes to be 
managed by the technicians in charge of the WWTP plant.
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Fig. 2. Methodology scheme.
When the new input space is defined, then the stage devoted to 
finding operation modes is launched. Here, a well-known clustering 
approach is used, based mainly on density: DBSCAN. This algorithm is 
tuned to obtain the best data partitioning possible; while the clusters, or 
in this case the WWTP operation modes are explained by SHAP values 
in terms of WWTP variables. This XAI technique shows the relevance 
of each variable for each cluster, and thus for each operation mode of 
the WWTP plant.

3.2. Online stage

This stage involves putting in place the outcome from the previous 
stage. In modern plants, to know the current operation of the plant 
at any particular moment is a mandatory task for managers. Taking 
the information available from the monitoring system is the most 
usual option, showing the values on a screen, as with a standard 
SCADA application; in this work, however, these data are turned into 
a point in the low-dimensional data space of the WWTP operation 
modes, showing the current operation of the WWTP plant regarding 
the operation modes known so far, as well as having knowledge of the 
relevant variables of that mode.

The first step is based on the preprocessing of the new monitoring 
data, in the same way as in the offline stage: data cleaning, resampling 
and standardization. Then, after the dimensionality reduction based 
on the principal components obtained from the previous stage, an 
incremental clustering (Incremental DBSCAN) must be carried out, 
incorporating the new data for updating the operation modes of the 
plant and to compare the evolution of the plant regarding the previous 
operation modes. Finally, these modes are explained by SHAP, using 
the data samples included in each mode and the principal components 
obtained on the Off-line step.

If the original historical data were considered outdated due to the 
plant’s evolution or after a long period of time, the offline stage would 
be restarted for a better performance.
4 
4. Case study: AQUAVALL WWTP

The real WWTP used for this work as case study is run by AQUA-
VALL,1 the public consortium in charge of the integrated water system 
in the city of Valladolid (Castilla 𝑦 León, Spain) (see Fig.  3). This 
consortium is in charge of the integrated water service for more than 
344,600 households, industries, and other water consumers under op-
timal quality operations. The main facilities for these goals are two 
drinking water treatment plants (DWTP), a wastewater treatment plant 
(WWTP), and a laboratory located within one of the DWTP plants, 
where both the quality of drinking water and wastewater discharges 
into the network are monitored. Water is delivered through a network 
of pipelines spanning 639 km. Meanwhile, the wastewater generated 
in the city area reaches the WWTP via a 786 km sewer system. This 
WWTP processes around 122,000 m3 of wastewater daily, being able to 
manage a maximum flow rate up to 𝑚3

𝑠𝑒𝑔 , equivalent to the organic load 
generated by 570,000 people. The AQUAVALL WWTP is organized into 
three processing lines: water, sludge, and gas, which are arranged to 
keep interconnected processes in close proximity. The water treatment 
line consists of several stages: an intake well, a storm-water tank, pre-
liminary treatment, primary sedimentation, and a biological treatment 
process. A brief overview of all this is available at [26].

4.1. Experimental methodology

The proposal described in Section 3 has been implemented using 
real raw data obtained from the monitoring system of AQUAVALL 
WWTP, embracing a time period of 15 months with a sampling time 
of 1 min (658,084 data samples). Each sample records 3231 variables 
from the systems involved in the different sides of the WWTP facilities. 
Twelve months of data were used for the offline stage, and 3 months 
of data for the online stage.

1 https://aquavall.es

https://aquavall.es
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Fig. 3.  Water cycle at AQUAVALL - Valladolid (www.aquavall.es).
4.1.1. Offline stage
∙ Data preprocessing

This huge number of variables also implies a compulsory proce-
dure of cleaning and removing of variables which do not concern the 
wastewater treatment, such as security systems and others. There are 
also variables with value 0 over the entire time, so they were removed, 
as well as variables with a level of missing values higher than 1%. In the 
opposite case related to missing values, the average between samples, 
the previous value or the next value, have been applied to deal with 
the issue. Other variables concerned the cumulative operation hours 
of devices deployed throughout the whole facility, such as electrical 
engines, sensors, valves, etc. All these variables were also removed 
because of their irrelevance for the WWTP operation. Finally, the 
number of remaining variables to be managed for the proposed goal 
were 453. This is a first step in the data dimensionality reduction.

On the other hand, the raw data were sampled every minute, which 
implies some issues for dealing with the goal of this work, in both a very 
high computational load and sampling time, one minute being very low 
for this WWTP process and its management. So, a resampling of data is 
needed to address both issues. In this proposal, two resampling times 
have been considered based on domain expertise:

• 12 h: considering the 12 h for resampling as 08:00–20:00 and 
20:00–08:00.

• 24 h: considering the 24 h for resampling as 00:00–24:00.

A standardization is then carried out using the well-known standard 
score, or 𝑧 − 𝑠𝑐𝑜𝑟𝑒, for the variables at each new resampling time.
∙ Data dimensionality reduction

As for the processing of the raw data, some of the available variables 
were removed due to different issues, leaving 453 variables. However, 
this reduction in the number of variables, or data dimension, is still not 
enough for machine learning approaches and others, which have to deal 
with the curse of dimensionality, so a further reduction is compulsory. 
This is addressed here by the well-known PCA [16,17]. In Section 2.1, 
a brief introduction to PCA has been done, showing that this extraction 
of variables is useful for dealing with the issue of dimensionality 
reduction. However, two new issues must be addressed:
5 
1. The dimensionality of the new input space, or number of prin-
cipal components to be kept: here, this number has been man-
aged taking into account the variance accumulated by these 
components and the complexity of the model.

2. The explainability: the techniques for dimensionality reduction 
often have a serious issue, which is the loss of interpretation 
and explainability based on the original variables. Here, this 
challenge has been addressed by another well-known approach: 
SHAP [27,28].

All this concerns both resampling times.
∙ WWTP Operation modes: DBSCAN based clustering

In this work, we use 𝑀𝑖𝑛𝑃𝑜𝑖𝑛𝑡𝑠 = 1, meaning that every point is 
considered a potential cluster core, and clusters can form with a single 
point. While this setting allows greater flexibility in detecting small or 
sparse clusters, it may also lead to increased sensitivity to noise.

Once 𝑀𝑖𝑛𝑃𝑜𝑖𝑛𝑡𝑠 have been set, an appropriate 𝜀 value is selected 
for each sample time and each stage of the methodology, using the 
𝑘-nearest neighbors proposal mentioned in Section 3.
∙ Explanation of the operation modes: SHAP based XAI

Every cluster, or operation mode, discovered in the previous stage is 
explained by the most contributive WWTP variables through the SHAP 
values, showing these contributive variables and their corresponding 
WWTP units.
∙ WWTP operation modes into a reduced input space

The location of the WWTP operation modes in the input reduced 
space, according to the most relevant variables, shows the plant’s 
known modes, and their closeness or similarity, to the managers and 
technicians in charge of its operation, as well as its explanation through 
its more contributive variables of the WWTP and the plant units in-
volved.

4.1.2. Online stage
∙ WWTP operation mode at 𝑡𝑖

At every sampling time, new data are supplied by the monitoring 
system and, after its processing according to the previous steps, its pre-
diction regarding the previously known modes is made and visualized, 
explaining the more contributive variables for this current operation 
mode. Here, the plant manager sees the current operation of the WWTP 

http://www.aquavall.es
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Fig. 4. Relevance of the principal components by PCA.
plant and its closeness to the known operation modes of the plant 
happening over time.
∙ Model updating/rebuilding

The model generated must be updated, or rebuilt, by incremental 
clustering based on DBSCAN to see the evolution of the plant over time. 
Here, the last 3 months of data are used for this goal, following the 
previous stages when necessary. On the other hand, when the WWTP 
mode model is considered outdated, all of the methodology can be 
carried out for a new mode model.

4.2. Results and analysis

The experimentation carried out in this work is based on 15 months 
of WWTP data: 12 months (from 2022/08/01 to 2023/07/31) are used 
for obtaining the mode model by tuning parameters, and 3 months 
(from 2023/08/01 to 2023/10/31) for simulating the online stage, 
considering in total 658,084 data samples from 3231 monitored vari-
ables, with 525,600 and 132,484 samples for building and testing, 
respectively.

These data were processed in order to remove useless variables and 
other issues, as explained previously, finally obtaining 453 variables 
of interest for this work. The following step was data resampling. 
Two data resamplings were carried out according to the available 
expert knowledge: 12 and 24 h, as described in Sub Section 4.1.1. The 
results of these resamplings are shown in Table 1 (Extra Supplementary 
Material).

This reduction in the number of variables, or dimensional input 
space, is highly significant, but is not enough to be applied successfully 
to machine learning techniques. So a process of dimensionality reduc-
tion is mandatory. This reduction in dimensionality was carried out by 
PCA. Fig.  4(a) and (b) show the variance supplied by each principal 
component for 𝑇𝑠 = 12 h and 𝑇𝑠 = 24 h, respectively. Here, the selection 
of the 𝑘 principal components was based on the ‘elbow’ of the graphics, 
taking into account the variances preserved by this component selection 
and its number. In both cases, the number of principal components was 
7, in the case of 𝑇𝑠 = 12 h, preserving 58.04% of variance, and for 
𝑇𝑠 = 24 h, 60.51%. Therefore, this data dimensionality is reasonable 
for dealing with matching learning approaches.

However, when using these new extracted variables, or principal 
components, there is a lack of explainability; so we use SHAP to 
know the most relevant WWTP variables (i.e., the first ten) for the 
selection of the main principal components, as displayed in Table 4(a), 
and the relevant WWTP facilities/units in Table 4(b), both in Extra 
Supplementary Material.

The most influential variables obtained for each resampling time 
are ranked in a slightly different way, so the sample time influences 
the results of both DBSCAN operation modes and SHAP explanations. 
After the explanation of the 7 principal components, the following stage 
involves the detection of WWTP operation modes for each resampling 
time (𝑇 ).
𝑠

6 
4.2.1. WWTP operation modes
The detection of the WWTP operation modes is based on the DB-

SCAN algorithm, tuned according to the experimental methodology 
described in Section 3. In order to avoid a very long section, only 
the most relevant DBSCAN results are shown. Tables 2 and 3 (in 
Extra Supplementary Material) show a Silhouette Index (SI) [29] and 
Density-Based Clustering Validation Index (DBCVI) [30] based compar-
ison of DBSCAN regarding to HDBSCAN [31] and K-Means [32], two 
well-known clustering algorithms.

∙ Case: 𝑇𝑠 = 12 h, Offline
Here, the best tuning for the DBSCAN parameters was: 𝜀 = 1.3 and 

the 𝑀𝑖𝑛𝑃𝑜𝑖𝑛𝑡𝑠 = 1. This last parameter was a hard restriction in order 
to detect operation modes and occasional events that seldom appear, 
even only once, but which must necessarily be known. Otherwise, the 
DBSCAN would show these cases as noisy cases, which is not adequate 
for the goal of this work.

Figure 11 (in Extra Supplementary Material) shows the effect of 
𝑀𝑖𝑛𝑃𝑜𝑖𝑛𝑡𝑠 = 1 and 𝑀𝑖𝑛𝑃𝑜𝑖𝑛𝑡𝑠 = 2 on the DBSCAN clustering. The key 
difference is the lower number of detected modes when 𝑀𝑖𝑛𝑃𝑜𝑖𝑛𝑡𝑠 = 2
and the treatment of isolated points. When 𝑀𝑖𝑛𝑃𝑜𝑖𝑛𝑡𝑠 = 1, these points 
are presented as separate clusters (in different colors), whereas with 
𝑀𝑖𝑛𝑃𝑜𝑖𝑛𝑡𝑠 = 2, the same points are considered as noise and shown in a 
single color. DBSCAN setting 𝑀𝑖𝑛𝑃𝑜𝑖𝑛𝑡𝑠 = 1 implies that even a single 
data sample if – sufficiently distant from others – can be considered as 
a distinct operation mode. This distinction highlights how the choice 
of MinPoints impacts the identification of rare or transient operation 
modes.

In Fig.  5(a), the detected WWTP operation modes are shown in the 
space of the 3 main principal components (1, 2 and 3); while Fig. 
5(b) shows the same operation modes from another perspective: on 
the space of the principal components 5, 6 and 7. Here, 15 operation 
modes were detected, while most of the samples are logically clustered 
in Operation Mode 0, the rest are exceptional days that are considered 
as Operation Modes in order to know about similar situations in the near 
future. Fig.  5(c) shows the same data partition, but the sample colors 
are in accordance with the month of the samples; while in the blow-up 
of the Operation Mode 0, it is possible to see some distribution patterns 
over months.

However, all this has to be explained in terms of the WWTP do-
main, and therefore according to the variables managed by the WWTP 
managers. Table 5 (in Extra Supplementary Material) show an extract 
containing the variables of the facility with the greatest impact for 
every operation mode detected by DBSCAN, and the units of the WWTP 
facility involved. This table shows that input facility of the WWTP 
along with the plant’s ability to treat the activate sludge, both in the 
bioreactors and the digestors for biogas production, are the main factors 
determining the different operational modes of the plant.

In this way, all the information from the monitoring systems of the 
WWTP, thousands of variables, is summarized as operation modes of 
the facility. Each one can be located at a glance as a point in a low-
dimensional variable space, manageable by technicians in charge of the 
plant. Their closeness regarding other known WWTP operation modes 
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Fig. 5. Operation modes based on DBSCAN (𝜀 = 1.3 and the 𝑀𝑖𝑛𝑃𝑜𝑖𝑛𝑡𝑠 = 1).
and the impact of every monitored variable and corresponding WWTP 
unit can also be easily seen.

These results were also checked with the records of the WWTP 
facility in order to explain the unsupervised modes obtained by the 
available expert knowledge: Operation Mode 0, the most populated, con-
cerns the regular operation of the plant over the year; while Operation 
Modes 4 and 13 match with shutdown standbys of the plant due to 
maintenance and issues on power lines according to expert knowledge 
and records. Moreover, an arrival pumping variable is detected by 
SHAP for both as an explanation for these exceptional operation modes.
Operation Modes 5, 8, 9 and 14 concern episodes of heavy rain at the 
end of summer, in autumn, winter and summer, respectively. Therefore, 
variables related to the rain are highlighted by SHAP. Finally, Operation 
Modes 1, 2, 6, 7 and 12 seem to be some type of sporadic disturbances 
at the edge of the regular operation. Here SHAP highlights the prepro-
cessing and thickening facilities variables; while Operation Modes 3, 10 
and 11 are more distanced from the regular operation mode, and modes 
3 and 11 share the influence of the pumping arrival facility variables 
according to SHAP.

∙ Case: 𝑇 = 12 h, Online
𝑠

7 
Here, every new sample is managed in this mode model, checking 
the relationship regarding the known WWTP operation modes; while 
their nature regarding the WWTP variables is explained by SHAP. In 
short, each new sampling is turned into a point in the low-dimensional 
mode space and linked with operation modes known so far, being 
explained by the WWTP variables that have the greatest influence for 
this location.

Three months of data samples were used for this stage, being 
processed as in the previous step. Fig.  6(a) shows the online samples in 
red for the PC1, PC2 and PC3 input space. As can be observed in both 
Fig.  6(a) and (b), most of these new samples are in the space of the
Operation Mode 0, the standard operation mode of the WWTP plant; 
while others, which are not linked to the known operation modes, 
such as the samples marked as 1, 2 and 3, are not known regarding 
the historical data. In Table 7 (Extra Supplementary Material), these 
new modes are explained by the WWTP variables and units involved. 
Samples number 1 and 2 match with a general shutdown for 2 h due to 
the change of power lines; so the most influential variables according 
to SHAP are the same, corresponding to the digestion and biological 
facilities. On the other hand, sample number 3 concerns a connection 
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Fig. 6. Online WWTP operation model (𝑇𝑠 = 12 h).
Fig. 7. Updated WWTP operation mode model.

failure, and therefore the appearance of a new variable related to the 
lighting. These new results have been checked with the experts on the 
WWTP in order to validate these new modes that appear in this online 
stage and the explanation given by SHAP.

When the WWTP operation mode model is considered outdated, 
then it can be rebuilt following the offline steps, generating a new 
WWTP operation model as shown in Fig.  7, taking into account 15 
months of historical samples from the WWTP. Here, some previously 
exceptional mode samples have now transitioned into Operation Mode 0
in this new scenario. Conversely, the majority of new samples fall into
Operation Mode 0, while 3 new exceptional operation modes emerge. 
Once again, these results have been validated using available expert 
knowledge, supporting the obtained unsupervised operation modes.

∙ Case: 𝑇𝑠 = 24 h, Offline
Here, a similar analysis has been made for the sample time 𝑇𝑠 = 24 h. 

Once more, the parameter 𝑀𝑖𝑛𝑃𝑜𝑖𝑛𝑡𝑠 was selected as only 1 point in 
8 
order to allow a better detection of minimal clusters, due to the WWTP 
operation. Then, 𝜀 is tuned at 1.1, following the tuning methodology 
described above.

In Fig.  8(a), the detected WWTP operation modes are presented in 
the space of the three main principal components (extracted variables); 
while Fig.  8(b) illustrates these same operation modes in the space 
of principal components 3, 5, and 6, to improve the visibility of the 
operation modes regarding Operation Mode 0.

Now, 13 operation modes have been detected: Operation Mode 0, 
into which almost all the samples are clustered, and the rest of the 
modes, which correspond to exceptional days according to the experts.

Under the WWTP operations, these points are not considered noise, 
as they show different situations in which the plant was working in 
comparison to its standard operation mode over the year. Fig.  8(c) 
shows the same as in Fig.  8(a), but here every sample is in a color 
according to its sample month, in order to visualize some patterns based 
on this time feature. Moreover, Fig.  8(d) shows the modes in the 3, 5 
and 6 principal component spaces for a better discrimination of the
Mode 0.

The explanation of these modes is newly obtained by SHAP, and 
shown in Table 6 (in Extra Supplementary Material). The text color 
is associated with the WWTP unit for each variable. All this allows 
us to know the operation modes as well as the facility variables and 
units involved, which allows us to locate a WWTP data sample in the 
operation mode model and its match regarding the known modes over 
time at any given moment.

These results are also checked regarding the available expert knowl-
edge: Operation Mode 0 corresponds to the regular operation of the plant 
over the year, while Operation Modes 2 and 11 concern a general plant 
shutdown for maintenance. On the other hand, Operation Modes 3, 4, 
6, 7, 10 and 12 are heavy rainy days, with 4 and 6 being the heaviest; 
consequently, the intake flow variables are highly important for SHAP. 
Finally, Operation Modes 1, 5, 8 and 9 seem to be an unknown event 
a short distance from the regular operation mode; while modes 1 and 
5 seem to be a similar event because of the most important variables, 
related to the preprocessing and thickening facilities, as well as modes 
8 and 9 which are related to the pumping arrival facility.

∙ Case: 𝑇𝑠 = 24 h, Online
Now, each new data sample is shown in this modes model and input 

space to know its relationship or similarity to known operation modes.
Three months of samples are used for this stage, processed in the 

same manner as in the previous step. Fig.  9(a) shows the offline modes 
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Fig. 8. Operation modes based on DBSCAN (𝜀 = 1.1 and the 𝑀𝑖𝑛𝑃𝑜𝑖𝑛𝑡𝑠 = 1).
 

in blue and online samples in red. The great majority of online samples 
go to Operation Mode 0 (see Fig.  9(a) and (b)), while samples marked 
as 1 and 2 are far from the regular operation mode, being explained by 
SHAP in Table 8 (in Extra Supplementary Material). Sample number 1 
concerns a general plant shutdown which lasted 2 h due to electrical 
matters, according to the WWTP experts. Meanwhile, its most influ-
ential variables according to SHAP are concerned with the biological 
units. On the other hand, sample number 2 matches with a connection 
failure in the plant, with the pumping arrival facility being affected, 
according to SHAP. These new results have also been validated by the 
experts on the WWTP.

If the WWTP operation modes model is in need of an update, this 
is carried out by the offline steps of this proposal. Fig.  10 shows a 
new WWTP operation model considering the 15 months of historical 
WWTP data samples. Regarding the DBSCAN operation modes obtained 
over 12 months, some exceptional mode samples of those months have 
become Operation Mode 0 in this new scenario. On the other hand, most 
of the new samples belong to Operation Mode 0 and five new exceptional 
operation modes have emerged. Once more, these results have been 
9 
checked with the available expert knowledge, justifying the obtained 
unsupervised modes.

5. Conclusions

This work introduces an engineering approach to know the WWTP 
operation modes applied to a real case, AQUAVALL WWTP in Valladolid
(Spain). The goal is to translate the large and high-dimensional
databases from WWTP monitoring systems, such as SCADA systems, 
into a point of a low-dimensional WWTP operation modes space, in 
which the WWTP operation modes are recorded over time as clusters, 
explained by their most influential WWTP variables.

All this would allow plant managers to know, at a glance, the 
standard operation modes, the new ones and their closeness and sim-
ilarities, as well as the variables and units of the plant involved for 
each one. The large and high-dimensional database is summarized in a 
small number of operation modes or points in a reduced input space. All 
this has been carried out using the historical records of the monitoring 
system of the AQUAVALL WWTP over 15 months: 658084 records with 
3231 monitored variables for each one.
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Fig. 9. Online WWTP operation model (𝑇𝑠 = 24 h).
Fig. 10. Updated WWTP operation mode model.

Resampling, expert knowledge, PCA based dimensionality reduc-
tion, density based clustering DBSCAN, and SHAP values for explana-
tion, are the compounds of the methodology applied to deal with the 
issues of the real WWTP case used in this work.

This methodology was tested with resampling times of 12 and 
24 h. It was possible to detect operation modes by matching them 
with the expert knowledge and the events saved in the plant records, 
such as shutdown, electrical issues and heavy rain. Explaining all these 
operation modes by the WWTP variables and units involved, and by 
analyzing SHAP explanations, we confirmed that the most influential 
process variables were consistent with expert knowledge, reinforcing 
the fact that the detected clusters were not arbitrary and reflected real 
operation modes.
10 
On the other hand, the results revealed some slight differences be-
tween the two resampling times: the 12 h sample time captured short-
term variations in WWTP operations. The detailed patterns obtained 
are valuable for detecting transient states, sudden process fluctuations, 
and short-term anomalies. In contrast, while the 24 h sample time can 
help in identifying stable operation modes, it may have obscured rapid 
changes that could be crucial for early anomaly detection and process 
optimization.

Moreover, the offline stage has allowed a comprehensive cluster 
analysis; while the online stage has demonstrated the applicability 
of the method in real-time monitoring. Furthermore, the necessity 
for model updating has been demonstrated because of the dynamic 
operation of the WWTP, where treatment processes can fluctuate due 
to changes in the influent characteristics, seasonal variations, and 
operation adjustments, changing the operation modes obtained with 
DBSCAN.

This approach, as with other data-based approaches, relies on vali-
dation and interpretation provided by a WWTP expert to fully exploit 
the detected modes. All this provides new support and feedback for the 
usual decision making carried out by the plant managers, as well as 
new knowledge for updating plant management. On the other hand, if 
this WWTP expert was not available, the detected modes would provide 
a first and raw working view of the WWTP.

The work in progress is focused on the implementation of the 
methodology in the real WWTP to automate the operation mode de-
tection and its interpretability, thus providing actionable insights for 
the operators. Considering this work, the effects of the sampling time 
for data monitoring systems are being analyzed considering the ‘slow’ 
dynamics of the WWTP plant, which would permit technical and eco-
nomic resources to be saved, making a lighter data processing and 
computation possible. On the other hand, non-linear feature extraction 
is being analyzed for a better dimensional reduction of the input space 
to keep more and better information, but here the interpretability 
and explicability are serious challenges that need to be addressed. All 
these avoiding black and gray box approaches, so new XAI approaches 
are being tested to explain and interpret the predictions of complex 
machine learning models.
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