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Executive summary 
Drinking water treatment plants (DWTPs) are critical components of the water supply chain, ensuring the 
uninterrupted delivery of high-quality water to end users. However, the large-scale complexity of WTPs, 
along with the variability in the quality of raw water, imposes significant operational challenges. To 
address these issues, the ToDrinQ project is developing advanced tools and services to support plant 
operators in the optimal management of DWTPs by delivering real-time, stage-specific treatment advice. 

The project leverages Reinforcement Learning (RL), a branch of machine learning in which agents learn 
to make sequential decisions by interacting with an environment to maximize cumulative rewards. While 
RL applications in wastewater treatment have been extensively explored, their use in WTP operations 
remains nascent. In this context, we can argue that ToDrinQ developments go well beyond the current 
state of play in the automated management and control of DWTP processes. 

This deliverable focuses on the development of beta versions of four RL models under Task 4.4 of Work 
Package 4 (WP4). These models are designed to optimize key treatment processes in two demonstration 
cases: the Leiduin plant serving the city of Amsterdam (DC#1) and the Polydendri plant serving the 
metropolitan area of Athens (DC#2). 

The Leiduin plant supplies approximately 70% of the water for the Amsterdam area, treating river water 
from the Lek Canal supplemented by natural dune water. The focus is on optimizing the coagulation–
flocculation process, which is critical for destabilizing particles and forming flocs that can be removed in 
subsequent filtration stages. The main source of the drinking water produced in the Leiduin plant is river 
water from the Lek Canal, supplemented by natural dune water. The treatment process consists of the 
pretreatment phase that takes place in Nieuwegein and the main treatment that takes place in Leiduin. 
Among the various processes in a DWTP, coagulation–flocculation plays a pivotal role in destabilizing 
particles and facilitating their aggregation into larger flocs, which can be removed in subsequent filtration 
stages. The success of this process depends heavily on the dosage of the coagulant, which in this case is 
ferric chloride (FeCl₃). In this context, the RL model for this process (RL Module 4) aims to optimize the 
dosage of FeCl₃, and specifically to suggest the optimal dosage for the next six-hour interval using as 
inputs water quality and water flow data, provided by the SCADA system, along with prediction on 
turbidity, as obtained by the relevant prediction model (soft sensor) developed within Task 4.3. 
Particularly, input data includes temperature, turbidity and pH of raw water, water flow in coagulation–
flocculation lanes, turbidity at the coagulation–flocculation inlet, while recorded FeCl₃ dosages are used 
for model training. In the current form, the RL model uses the Deep Q-Learning Network, while additional 
approaches will be tested during the third year of the project to improve model performance. 

With respect to the Athens demo case, the focus is on the Polydendri WTP, that is one of the four DWTPs 
which serve the metropolitan area of Athens (Greece). The plant consists of two identical units, each with 
a nominal capacity of 100,000 m3 per day. The Polydendri DWTP employs a multi-stage treatment process 
to ensure water quality and safety. The primary treatment begins with chemical oxidation and pre-
disinfection using chlorine, followed by coagulation and sedimentation in two pulsator tanks, one 
dedicated to each processing line.  

For this case, three RL models are being developed to optimize critical water treatment processes, and 
specifically the pre-chlorination, coagulation, and disinfection. With respect to pre-chlorination (RL model 
#1), which takes place at pre-disinfection/oxidation stage, an RL model is being developed to provide 
advice on the optimal chlorine dosage (the disinfectant dosage) using as inputs critical parameters, such 
as the turbidity and temperature of the raw water at the DWTP main inlet, the free Cl concentration at 
de-gritting state and at the filter’s inlet. With respect to coagulation (RL model #2), an RL model is being 
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developed to provide advice on the optimal the aluminum sulphate (coagulant) dosage, maintaining 
turbidity and free aluminum concentration within safe operational limits. The RL model uses as inputs 
the turbidity and temperature of the raw water, the turbidity at filters inlet, the free Alum at clear water 
tank inlet, and the free Cl at degritting stage. Finally, RL model #3 targets the post-disinfection process, 
which takes place after the filtration stage and before the clear water tanks, and provides advice on the 
optimal chlorine dosage. In all three RL models developed for Athens demo case, the Twin Delayed Deep 
Deterministic Policy Gradient with Behaviour Cloning algorithm has been used.  

The four above-mentioned beta versions of RL models will be further developed and improved during the 
third year of the project. This includes fine-tuning of algorithms, re-training with new data, as well as 
further experimentation with alternative reward-functions and input parameters.  
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1. Introduction  
Reinforcement Learning (RL) is a branch of machine learning where agents learn to make sequential 
decisions by interacting with an environment to maximize cumulative rewards (Sutton & Barto, 2018). 
Unlike traditional optimization methods, RL is particularly well-suited for dynamic systems with complex, 
nonlinear behaviors. In water treatment processes, these characteristics are prevalent due to variability 
in water quality, seasonal changes, and operational constraints (Zheng et al., 2020). The flexibility of RL 
in handling real-time data makes it highly suitable for predictive control applications in water treatment. 
Data-driven RL models have demonstrated improved process control by adapting to changing water 
quality data, which is critical for effective water treatment optimization (Wang et al., 2018). Through 
applications of model-free RL, water treatment facilities can enhance water quality, improve operational 
efficiency, and minimize costs, contributing to more sustainable water management practices (Singh & 
Yadav, 2021). 

This deliverable includes beta versions of the Reinforcement Learning (RL) algorithms developed as part 
of Task 4.4 in Work Package 4 (WP4). These algorithms are designed for future integration into a model 
that will support operators of drinking water treatment plants (DWTPs) by providing operational 
guidance. The goal is to enhance and optimize specific treatment processes within these facilities. 

Within this task three reinforcement learning (RL) agents are being developed by the partner NTUA to 
optimize critical water treatment processes: pre-chlorination, coagulation, and disinfection. Each agent 
is designed with a model-free approach, utilizing data from direct sensors and SCADA system of the 
Polydendri DWTP (Demo Case -DC #2) to capture real-time water quality parameters, enabling the 
optimization of dosing strategies and process adjustments without needing an explicit model of the 
treatment plant. These agents focus on achieving specific performance goals defined by plant operators, 
such as minimizing chemical usage and achieving target water quality standards. By continuously learning 
from the plant's operational data, each agent dynamically adapts its recommendations to improve 
treatment efficiency and operational stability under varying conditions. 

In parallel, KWR has developed a RL agent to optimize ferric chloride dosing specifically for the 
coagulation stage. This agent leverages real-time data from the plant’s SCADA system, combined with 
turbidity predictions from a supervised learning model, to recommend the optimal FeCl₃ dosage for  
6-h intervals. The goal is to enhance the effectiveness of coagulation by adjusting dosage levels in 
response to changing water conditions, ultimately improving treatment efficiency and ensuring 
consistent water quality. This multi-objective approach enables DWTP to balance efficiency and 
performance, minimizing chemical usage while maintaining effective water treatment. 

1.1 RL and DWTP processes 
RL is a subfield of machine learning, alongside supervised and unsupervised learning. While supervised 
learning focuses on predicting specific outputs, such as numerical values or categorical labels, based on 
labeled input data, and unsupervised learning aims to discover patterns or clusters within unlabeled data, 
RL takes a different approach. In RL, the objective is not merely to predict or classify but to train an agent 
to interact with an environment in a way that maximizes a given reward. The agent learns by trial and 
error, selecting actions in response to environmental states and receiving feedback in the form of rewards 
or penalties, which guides its decision-making process over time (Sutton & Barto, 2018). 
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Figure 1: Types of Machine Learning 

The RL framework consists of several key components: the agent, the environment, the actions, the state, 
and the reward signal and it is considered as a Markov Decision Process (MDP) as shown in Figure 2 below. 
The agent represents the decision-maker, the environment refers to the context or system with which 
the agent interacts, and the actions are the choices the agent can make at any given state of the 
environment. The reward signal is a numerical value that indicates the success or failure of an action in 
reaching the desired outcome. Through repeated interactions, the agent learns to associate actions with 
rewards and develops strategies, known as policies, that optimize its performance. This makes RL 
particularly effective for complex decision-making tasks where explicit programming of rules and 
outcomes is impractical or infeasible. 

 
Figure 2: RL algorithm main components 

RL has shown remarkable success in various simulated environments, from video games (Mnih et al., 
2015a) to board games like Go (Silver, et al., 2016). However, there is increasing evidence that applying 
RL to real-world problems presents unique challenges, particularly when it comes to the setup of the RL 
environment. Currently, there is an increasing trend in the employment of RL approaches in real-world 
problems in various fields such as, self-driving cars (Kiran et al., 2021) and automotive manufacturing 
systems (Leng et al., 2022; Koch et al., 2023). The RL environment encapsulates everything the agent 
interacts with, including the dynamics, states, and reward structures. In real-world problems, creating a 
trustworthy and representative environment is non-trivial (Dulac-Arnold et al., 2019). It requires a deep 
understanding of the problem domain and how the agent's actions translate into outcomes.  

Identifying relevant state representation, in other words determining what parameters or features 
should constitute the agent’s state us is one of the central challenges in applying RL in practice (Gu, et 
al., 2024). The state must capture all the relevant information needed for decision-making, without being 
overwhelmed by unnecessary or redundant details. In real-world problems, the state space can be very 
large, continuous, noisy, or partially observable, complicating the task. In addition, designing an 
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appropriate reward function is crucial and difficult. A poorly defined reward function can lead to 
undesirable or unintended behaviors, such as agents optimizing for speed at the expense of safety or 
quality. 

In general, real-world applications of RL face several critical challenges related to data efficiency, safety, 
uncertainty, transferability, and interpretability. RL algorithms typically require large amounts of data, 
but gathering this data in practical environments can be costly or infeasible (Mnih et al., 2015b). Ensuring 
the safety of RL agents during exploration, particularly in critical environments like healthcare or 
autonomous systems, adds complexity (Amodei et al., 2016). Additionally, real-world environments often 
exhibit uncertainty and randomness, making it difficult for RL models to handle unpredictable variables, 
which can reduce their robustness (Plappert et al., 2018). 

Another major issue is that RL algorithms struggle to generalize, or transfer learned policies across 
different tasks or environments, limiting their practical applicability (Zhu et al., 2020). Furthermore, RL 
models, especially those based on deep learning, lack interpretability, making it hard to explain their 
decisions in critical applications (Puiutta & Veith, 2020). This lack of transparency can hinder trust and 
wider adoption in fields requiring accountability, such as finance or defense. Addressing these challenges 
is essential for the successful integration of RL into real-world systems. 

In the field of drinking water treatment, the application of RL remains in an early stage of development. 
While there exists a substantial body of scientific literature focused on the application of various 
supervised learning algorithms, particularly in the prediction and optimization of key process 
parameters—such as the formation of disinfection by-products (Peleato et al., 2018; Singh & Gupta, 
2012) or the determination of coagulant dosage (Gagnon et al., 1997; Gomes et al., 2015; Griffiths & 
Andrews, 2011; Haghiri et al., 2018; K. Zhang et al., 2013)—the research on the application of RL is 
comparatively limited. 

To date, there are only a few published studies that explore the use of RL within drinking water treatment 
systems. A recent publication presents a methodology for developing a decision support system (DSS) 
that recommends optimal coagulant and chlorine dosages. This system models the key stages of drinking 
water treatment—coagulation, sedimentation, filtration, and disinfection—by employing reinforcement 
learning techniques (Álvarez Díez, et al., 2024). In contrast, the majority of RL-related research has been 
directed towards wastewater treatment, where RL has been more extensively studied for its potential to 
optimize complex, dynamic treatment processes (Croll et al., 2023; Mohammadi et al., 2024; Syafiie et 
al., 2011). The limited scope of RL applications in drinking water treatment can be attributed to several 
factors, including the high safety standards, less operational variability, regulatory constraints, and the 
need for robust, real-time optimization, which collectively make the adoption of experimental and trial-
based learning methods such as RL more challenging.  

In the present work, many of the challenges associated with applying RL in the drinking water treatment 
sector are addressed. Each proposed solution is carefully adapted to the unique circumstances and 
requirements of individual demo cases, ensuring that the RL approaches are both contextually 
appropriate and practically effective. This tailored methodology allows for a more precise application of 
RL techniques to optimize various aspects of water treatment processes. 
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2. Reinforcement Learning models for Athens Demo 
Case (DC#2)  

2.1 Demo case description (Polydendri DWTP) 
As a DC for developing the RL model the Polydendri Drinking Water Treatment Plant (DWTP) was selected 
(DC#2). The plant situated 237 meters above sea level, is located north of Athens and was constructed in 
1986. The Polydendri Water Treatment Plant, located near the Athens-Lamia National Road by the 
Afidnes toll station, consist of two identical units, each with a nominal capacity of 100,000 cubic meters 
per day. Water is drawn from the Yliki-Marathon aqueduct, allowing for the treatment of water from 
various alternative raw water sources, including Mornos, Yliki, and the groundwater wells of 
Mavrosouvala, Viliza, and Yliki. 

The Polydendri DWTP employs a multi-stage treatment process to ensure water quality and safety. The 
primary treatment begins with chemical oxidation and pre-disinfection using chlorine, followed by 
coagulation and sedimentation in two pulsator tanks, one dedicated to each processing line. This is 
succeeded by filtration through eight Aguazur sand filters, which further remove particulate matter. The 
final stage involves post-disinfection to adjust and correct free chlorine levels before distribution. The 
treated water is then stored in two large reservoirs with capacities of 33,000 and 27,000 cubic meters, 
respectively, ensuring adequate storage for subsequent supply. An aerial overview is provided in the 
Figure 3 below. 

 
Figure 3: Polydendri DWTP 

2.2 Challenges 
2.2.1 Mapping of the DWTP and Data retrieval 

As preliminary but very critical step in designing and developing the RL models for Polydendri DWTP demo 
case was the comprehensive mapping of the primary processes and the identification of critical 
monitoring parameters at the processing plant. This task was undertaken in close collaboration with the 
plant's personnel to ensure alignment with operational realities. The treatment process at the Polydendri 
DWTP, as shown in Figure 4, begins with a common pre-disinfection/oxidation stage, utilizing chlorine as 
the primary disinfectant, with an option to substitute sodium hypochlorite. This initial disinfectant 
dosage, along with the flow rate, is controlled and recorded through the Supervisory Control and Data 
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Acquisition (SCADA) system. Meanwhile, turbidity and temperature of the raw, untreated water are 
monitored manually with handheld instruments every three hours. Following the pre-disinfection, the 
water undergoes a common screening stage and subsequently diverges into two separate treatment lines 
for further purification. 

Each treatment line comprises several stages: a de-gritting stage, a coagulation/sedimentation stage, 
sand filtration, and post-disinfection. Key parameters in these stages, such as coagulant (aluminium 
sulfate), poly-electrolyte, and disinfectant dosages, are consistently logged in the SCADA system for 
monitoring and adjustment. After treatment, the purified water is stored in two distinct clear water tanks. 
An optional disinfection treatment is available at the outlet of these tanks for maintaining optimal free 
chlorine levels. Free chlorine concentrations are manually measured every three hours at the de-gritting 
stages, coagulation tank inlets, and filter inlets, while online sensors continuously monitor free chlorine 
levels at the inlet and outlet of the clear water tanks. Additionally, the turbidity of the treated water and 
the concentration of free aluminium are measured to ensure quality control. Manual turbidity 
measurements are taken at the filter inlets, while online sensors continuously monitor this parameter at 
the outlets of the clear water tanks. 

 
Figure 4: Polydendri DWTP main treatment processes and monitored parameters map 

Three key processes were selected as appropriate use cases for the development of RL algorithms: pre-
disinfection, coagulation, and post-disinfection. Following a thorough transfer of domain knowledge from 
the DWTP operators, the essential parameters for each of these processes were identified. Further details 
about these parameters are provided in the dedicated sections for each respective process. The 
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subsequent step focused on assessing the availability of data for these parameters. As previously 
mentioned, some critical parameters were manually collected using handheld instruments and recorded 
in handwritten logbooks. Additionally, certain parameters that, according to scientific literature (Gagnon 
et al., 1997; Q. Zhang & Stanley, 1999), play a crucial role in the selected processes—such as pH and total 
trihalomethanes (THMs)—are measured once daily by EYDAP's Chemistry Laboratory. 

As a start, one month of available data (November of 2018) was retrieved from the SCADA system and 
the corresponding logbooks were manually scanned and digitized to complement the data collection 
process. This initial dataset has been established as the foundation for developing the beta versions of 
the reinforcement RL use cases. Because the drinking water treatment processes are low varying and 
highly stable procedures, the data points collected in just one month’s period were vary sparse. In the 
current stage of RL development, the parameters from EYDAP’s Chemistry Laboratory have not been 
included, primarily due to their infrequent recording intervals.  

2.2.2 Selecting RL Algorithm 

As outlined in the introduction, a key component of any RL algorithm is the environment in which the RL 
agent interacts and learns through trial and error. However, when applying RL to drinking water 
treatment processes, significant challenges arise. Real-time training of an RL agent within an operational 
DWTP is not a feasible option. Beyond the evident safety concerns, the inherently slow and stable nature 
of water treatment processes makes real-time training impractical and inefficient. 

To overcome these challenges, the use of simulation software as an RL environment presents a viable 
alternative. However, most available simulation tools for water treatment processes are licensed 
commercially, with significant costs associated, limiting their accessibility. An exception to this is the 
open-source software Stimela (Van der Helm & Rietveld, 2002). An alternative to this is the adoption of 
a purely data-driven approach, which enables the description of system dynamics by exploring the 
patterns available in the collected data. Specifically, in the development of beta RL prototypes we utilized 
real-world data from the DWTP, while conducting the RL agent's training offline. In this alternative 
approach, the agent is trained by analysing historical data from the DWTP, along with the corresponding 
actions taken by the plant's operators. 

The effectiveness of this methodology is inherently dependent on the availability and quality of historical 
data, as well as the comprehensiveness of its representation across a wide range of potential scenarios 
in system behavior. This ensures that the RL agent not only replicates the decision-making patterns of 
the DWTP operators but also demonstrates the capacity to generalize to novel and previously unseen 
conditions. As the volume of historical data continues to grow over time, it is expected that the 
performance and accuracy of the RL agent will improve incrementally. This improvement will enable the 
agent to make increasingly robust decisions and achieve higher levels of system optimization, thereby 
contributing to more efficient and resilient operational outcomes. 

Considering the aforementioned details and the continuous nature of the parameters monitored in the 
DWTP, a subset of which will constitute the Markov Decision Process (MDP) states in the RL models, a 
suitable algorithm was selected. Given that dosage levels in each of the three use cases (coagulation, pro-
disinfection, and meta-disinfection) are also represented as continuous values, it was deemed 
appropriate to adopt an RL training algorithm from the Deep Deterministic Policy Gradient (DDPG) family 
(Sewak, 2019). Algorithms within this family are well-suited to environments characterized by continuous 
action and state spaces, enabling efficient policy learning in contexts where precise control over dosage 
levels is required. 
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Subsequently, the RL agent training algorithm that was implemented for the beta versions of the three 
use cases, was the Twin Delayed Deep Deterministic Policy Gradient with Behaviour Cloning (TD3-
BC)(Fujimoto & Gu, 2021) , which is an offline variation of the Twin Delayed Deep Deterministic Policy 
Gradient (TD3) algorithm (Fujimoto et al., 2018). The initial TD3 algorithm is an advanced form of DDPG 
(Lillicrap et al., 2015), designed for continuous action spaces. TD3 builds on DDPG's actor-critic 
framework, where the actor learns to select actions that maximize cumulative rewards, and the critic 
estimates the value of those actions. However, DDPG can suffer from issues like overestimation bias and 
instability. TD3 addresses this with two main improvements: using twin critics and delayed policy 
updates. The twin critics help reduce overestimation by having two Q-networks and using the minimum 
value between them to update the policy, making learning more robust. The delayed updates, where the 
actor (policy) is updated less frequently than the critic, add stability to the learning process. Additionally, 
TD3 adds target smoothing by introducing a small noise to the action selection in target networks, which 
helps the agent explore more smoothly and avoid sharp changes in policy. These refinements make TD3 
a powerful algorithm for stable and effective learning in complex environments with continuous control. 

The TD3-BC algorithm modifies the standard TD3 framework to improve its performance in offline 
reinforcement learning settings, where the agent is trained solely on a fixed dataset of prior experiences 
rather than interacting with the environment. In TD3-BC, an additional behaviour cloning (BC) term is 
added to the objective function, which encourages the learned policy to stay closer to the actions in the 
dataset. This is particularly helpful in offline learning, as it prevents the policy from diverging towards 
out-of-distribution actions that the critic may inaccurately evaluate due to the lack of exploration. A 
summary of the TD3-BC architecture is shown in Figure 5below. 

 
Figure 5: The TD3-BC Architecture 
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The BC component works by adding a regularization term that minimizes the difference between the 
actions chosen by the learned policy and those in the offline dataset. This regularization is scaled by a 
hyperparameter, which balances between imitating the behaviour in the dataset and pursuing the 
reward-driven objective of the original TD3 algorithm. As a result, TD3-BC can leverage TD3’s stability and 
robustness while being more suitable for offline tasks where exploration is limited to past experiences. 

The training procedure begins by sampling a batch of state transitions from the Replay Buffer, which 
stores historical data collected from expert human interactions within the real-world environment. These 
state transitions consist of the MDP state at time 𝑡𝑡, denoted as 𝑠𝑠𝑡𝑡, the corresponding action at time 𝑡𝑡, 
denoted as 𝑎𝑎𝑡𝑡, the reward received at time 𝑡𝑡, 𝑟𝑟𝑡𝑡, and the subsequent MDP state at time 𝑡𝑡, 𝑠𝑠𝑡𝑡+1. The 
parameters of the Critic Neural Networks are denoted as 𝜃𝜃1,𝜃𝜃2, while the parameters of the target 
networks are represented by 𝜃𝜃1′  and 𝜃𝜃2′ . Similarly, 𝜑𝜑 and 𝜑𝜑′ represent the parameters of the actor and its 
corresponding target network. 𝜏𝜏 serves as the “soft” update parameter, controlling the rate at which 
target networks are updated. To compute the temporal-difference (TD) error for the action-value 𝑄𝑄 at 
the next state 𝑠𝑠𝑡𝑡+1, the action 𝑎𝑎𝑡𝑡+1 is determined by the actor target network with the addition of a small 
Gaussian noise 𝜀𝜀′. For the Deterministic Policy Gradient (DPG) update, however, the action-value 𝑄𝑄 is 
directly provided by the Critic 1 network. 

2.2.3 Development of the RL models workflow 

As previously discussed, formulating both the MDP state and reward function presents significant 
challenges in real-world RL applications. Determining these parameters requires an iterative approach 
involving the training and evaluation of the Agent’s performance. Within this iterative process, there 
exists an additional optimization loop in which specific hyperparameters require fine-tuning. These 
include the learning rate of the Deterministic Policy Gradient (DPG) and TD error update, the dimensions 
of the hidden layers in the Actor-Critic network, parameters of the Behavioural Cloning (BC) regularization 
component, among others. 

 
Figure 6: Evaluation process workflow  
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The evaluation within this inner loop, where RL hyperparameter tuning is performed, is referred to as the 
first stage evaluation. In contrast, the outer evaluation process, which assesses the MDP state 
formulation and reward function, is designated as the Final Evaluation. The entire workflow of the RL 
development process, detailing these stages, is shown in Figure 6. Since real-world DWTP processes serve 
as RL environments and RL agent training is conducted offline, evaluations for each use case are 
performed at both the initial and final stages using dedicated Random Forest regression models (Breiman, 
2001) as RL environment approximation models (AMs) (Voloshin, Le, Jiang, & Yue, 2021). These models 
are trained on a reserved holdout portion (20%) of the historical dataset specific to each use case. This 
methodology facilitates a comparative assessment of the RL agent's performance against the current 
operational policy implemented by DWTP operators (Tang & Wiens, 2021). 

To formulate the beta versions for the three RL use cases, a common approach has been adopted, treating 
each case as a problem in industrial continuous process control rather than as an episodic MDP. Unlike 
typical episodic MDPs, which are common in RL applications such as video or board games and consist of 
multiple time steps, continuous process control lacks a terminal state with a significant reward or penalty 
(Patel, 2023). In episodic MDPs, reaching a terminal state with a high reward or penalty back-propagates 
this reward to previous states, aided by the discount factor 𝛾𝛾 to enable learning. This absence of terminal 
rewards in continuous control tasks necessitates a different strategy for learning and optimization. 

In continuous process control, the primary objective is to identify and maintain a safe, steady-state 
operating point as efficiently as possible. The system must adapt to disturbances and dynamically 
changing process characteristics over time, while also aiming to maximize operational profitability. The 
RL agent, therefore, is required to maintain robust, stable control under varying conditions rather than 
simply maximizing reward based on terminal states. Considering these factors, the MDP states and 
reward functions for each RL use case were designed with specific attention to maintaining critical 
parameters within defined safety limits throughout each DWTP process (Patel, 2023). Additionally, given 
the absence of a terminal state in the MDP framework, a discount factor 𝛾𝛾 of 1 was applied uniformly 
across all three use cases. This choice reflects the continuous nature of the process control problem, 
where learning is not reliant on terminal rewards but instead focuses on sustaining steady-state 
operation while navigating real-time variations and disturbances in the system. 

 

2.3 RL model #1: Optimization of pre-disinfection stage 
2.3.1 Problem statement 

The pre-disinfection/oxidation stage in the Polydendri DWTP occurs immediately before the major intake 
structure (SCREENING as depicted in Figure 4), utilizing chlorine as the primary disinfectant. Alternatively, 
sodium hypochlorite can be used as a disinfectant. In such cases, the disinfectant mixture is introduced 
just before the water is divided into the two separate processing lines. Critical to the successful operation 
of this process is maintaining adequate free chlorine levels further downstream. These levels are 
measured at two distinct points—specifically at the de-gritting stage and the filter inlet—using handheld 
instruments at three-hour intervals. The free chlorine concentration, expressed in mg/L, must remain 
within predefined limits (Table 1) to ensure effective disinfection. At present, the disinfectant dosage is 
determined reactively by the DWTP operators, based solely on the concentrations of free chlorine 
measured at the downstream locations mentioned earlier. The objective of the RL algorithm is to optimize 
the chlorine dosage, set in parts per million (ppm), to consistently maintain free chlorine levels within 
these critical limits, thus ensuring both operational efficiency and water safety.  
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2.3.2 Data sources and data preprocessing 

The primary sources of data used for the RL models originate from the existing DWTP monitoring system. 
While numerous parameters are monitored at intervals of less than one minute by online sensors – in 
this use case the disinfectant dosage - and stored in the DWTP’s SCADA system, critical parameters are 
measured using handheld instruments at three-hour intervals and recorded in handwritten logbooks. 
Those critical parameters are the turbidity and the temperature of the raw water at the DWTP main inlet, 
the free Cl concentration at de-gritting state and at the filter’s inlet. For this study, we utilized one month 
of SCADA data from November 2018, during which Yliki Lake served as the primary water supply. 
Additionally, the handwritten logbooks from that period were photographed, manually digitized, and the 
relevant parameters were extracted for analysis. 

Table 1 presents the retrieved parameters relevant to the pre-disinfection process, along with associated 
contextual information. Notably, critical parameters such as raw water pH and conductivity - essential for 
the chemical disinfection process—are recorded once a day by EYDAP’s Chemistry Laboratory and they 
were not utilized in the current RL beta version due to the low recording frequency. 

Table 1: Pre-disinfection recorded parameters 

Parameter 
Name 

Parameter 
Type 

Units Resolution Low limit High limit Recording 
frequency 

Source 

Raw water 
Turbidity 

External 
Variable 

NTU 0.1 - - 3 hours Logbook 

Raw water 
Temperature 

External 
Variable 

Celsius 0.1 - - 3 hours Logbook 

Cl dosage 
Manipulated 
Variable 

ppm 0.1 - - 30 sec SCADA 

Free Cl de-
gritting 

Constraint 
Variable 

mg/lt 0.01 0.8 1.2 3 hours Logbook 

Free Cl filters 
Constraint 
Variable 

mg/lt 0.01 0.2 0.4 3 hours Logbook 

 

Raw water turbidity and temperature are categorized as independent variables, as their values are 
influenced by external environmental factors and remain unaffected by the pre-disinfection process. In 
contrast, chlorine (Cl) dosage is classified as a manipulated variable, as it directly impacts the pre-
disinfection process and can be adjusted to control the system. Furthermore, free chlorine 
concentrations at the de-gritting stages and at the filter inlet are identified as constraint variables, as 
these values must be maintained within defined safety limits to ensure smooth and safe operation of the 
treatment process.  

It should be noted that, although chlorine dosage is recorded at 30-second intervals, the dosage set point 
is adjusted approximately every 3 hours, so re-sampling has been done taking the median value for more 
accurate representation. For the remaining variables, a basic outlier removal procedure has been applied 
to ensure data quality and consistency. Additionally, a straightforward linear interpolation method has 
been employed to address missing values, provided the time gap does not exceed a maximum duration 
of 3 to 6 hours. The final dataset consists of 202 data points, with 161 allocated for RL training and 41 
reserved for training the evaluation model. 
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2.3.3 Material and methods 

As previously discussed, defining the MDP state in real-world RL problems presents a significant 
challenge. Table 2 presents the alternative MDP state configurations examined, differentiated with 
respect to the features used as inputs. In this setup, the state transition interval is set at 3 hours, while 
the agent’s action for this use case is the adjustment of the chlorine dosage set point. 

Table 2: Pre-disinfection MDP state versions 

Version 1 Version 2 Version 3 Version 4 Version 5 

Raw water 
Turbidity 

Raw water Turbidity 
Raw water 
Turbidity 

Raw water 
Turbidity 

Raw water 
Turbidity 

Free Cl de-gritting Free Cl de-gritting Free Cl de-gritting Free Cl de-gritting Free Cl de-gritting 
Free Cl filters Free Cl filters Free Cl filters Free Cl filters Free Cl filters 

 Hour of the Day 
Hour of the Day 
(0-23) 

Hour of the Day 
(0-23) 

Hour of the Day (0-
23) 

  Previous Cl dosage 
Previous Cl 
dosage  
(- 3hours) 

Previous Cl dosage  
(- 3hours) 

 

The reward function is calculated by the following relation:  

 

𝑅𝑅 = −�𝑤𝑤1 ∙ 𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝑙𝑙𝑅𝑅𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷 +  𝑤𝑤2 ∙ 𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝑙𝑙𝑅𝑅𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹 +  𝑤𝑤3 ∙
𝐶𝐶𝐶𝐶 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢
𝐶𝐶𝐶𝐶 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑚𝑚𝑚𝑚𝑚𝑚

� (2.1)  

 

where: 

𝑭𝑭𝑭𝑭𝑭𝑭𝑭𝑭𝑭𝑭𝒍𝒍𝑹𝑹𝒅𝒅𝒅𝒅𝒅𝒅𝒅𝒅𝒅𝒅𝒅𝒅 : is derived from the extent to which the free chlorine concentration at the de-
gritting stage exceeds defined upper or lower limits,  

𝑭𝑭𝑭𝑭𝑭𝑭𝑭𝑭𝑭𝑭𝒍𝒍𝑹𝑹𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇 : is similarly based on free chlorine concentration levels at the filter inlet.  

𝑪𝑪𝑪𝑪 𝒅𝒅𝒅𝒅𝒅𝒅𝒅𝒅𝒅𝒅𝒅𝒅𝒖𝒖𝒖𝒖𝒖𝒖𝒖𝒖
𝑪𝑪𝑪𝑪 𝒅𝒅𝒅𝒅𝒅𝒅𝒅𝒅𝒅𝒅𝒅𝒅𝒎𝒎𝒎𝒎𝒎𝒎

 :  pertains to the effectiveness of the agent’s actions, represented as the ratio of  

the chlorine dosage set by the agent to the maximum allowable dosage of 20 
ppm.  

Finally, the weights 𝑤𝑤1, 𝑤𝑤2, and 𝑤𝑤3 are assigned to these terms, and they are treated as hyperparameters 
requiring tuning for optimal performance. 

The evaluation of the RL Agent’s performance is described by the following methodology: 

1. Objective: To evaluate the RL Agent's performance, two distinct Random Forest regression 
models were developed: 

o The first model predicts the Free Chlorine concentration at the de-gritting stage at time 
t+1. 

o The second model forecasts the Free Chlorine concentration at the filter inlets at time 
t+1, where the time step is 3 hours. 
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2. Independent Variables: Both models utilize two primary features, identified through a feature 
selection process based on the Pearson correlation matrix, as illustrated in Figure 16: 

o Raw water turbidity at time t. 

o Chlorine dosage applied at time t. 

3. Evaluation Dataset and Model Training: 

o The evaluation dataset was divided into a 50-50 split, with one half used for training and 
the other for evaluating the model performance (41 data points in total). 

o Model performance was quantified using the Mean Absolute Error (MAE), with the 
following results: 

 MAE for the Free Cl at de-gritting model: 0.13 mg/L. 

 MAE for the Free Cl at filter inlet model: 0.54 mg/L. 

o Although these MAE values indicate that the evaluation models may not exhibit optimal 
predictive accuracy, they serve primarily as a comparative benchmark. 

4. Comparative Nature of the Evaluation: 

o It is essential to highlight that the evaluation does not assess the RL Agent's absolute real-
world performance. Instead, it provides a relative performance comparison between the 
RL Agent’s proposed actions and the existing operational policy, as documented in 
historical data from DWTP. 

5. Reward Calculation: 

o The predicted Free Chlorine concentrations from these regression models are 
subsequently used to compute the reward function for the RL Agent (Eq. 2.1). 

o This framework enables the RL Agent's behavior to be compared effectively against 
established operator policies, facilitating the evaluation of potential performance 
improvements. 

2.3.4 Results 

The most effective MDP state configuration identified was Version 4 in Table 4. Under this onfiguration, 
theRL Agent successfully maintained all key constraint variables—namely, turbidity at the filter inlet 
(Figure 12)and free aluminum concentration at the clear water tank inlet (Figure 13)—within 
established safe operational thresholds on average. This outcome demonstrates that the chosen MDP 
state structure was well-suited to meet the regulatory and safety standards essential to the water 
treatment process. 

Moreover, the RL Agent exhibited a behavior that closely emulated the policy typically followed by DWTP 
personnel (Figure 8). Through repeated iterations and learning, the agent’s actions aligned progressively 
with the historical operational patterns, effectively "cloning" the behavior of human operators. Notably, 
this alignment was achieved with close to 7% reduction in chlorine dosage (Figure 8), suggesting that the 
RL Agent was able to identify slight optimizations without compromising on safety or operational 
standards. This marginal dosage reduction, although minor, could represent a valuable improvement in 
terms of chemical usage efficiency over time. 
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2.3.5 Conclusions and next steps 

The initial results of the beta version of the RL Agent are promising, particularly given the constraints of 
the limited historical data used for training. Despite these limitations, the RL Agent demonstrated a strong 
ability to replicate the operational policy typically employed by DWTP personnel. Furthermore, it 
achieved close to 5% improvement in performance, evidenced by almost 7% reduction in chlorine dosage, 
which points to the agent’s potential for optimizing chemical usage without deviating from established 
safety and quality standards. 

The next phase in development will involve expanding the dataset with historical records spanning a 
longer period, ideally over three years, drawn from both the SCADA system and the handwritten logbooks 
currently in use. Additionally, efforts will be directed toward incorporating supplementary parameters, 
such as raw water pH and conductivity, which are sporadically measured by EYDAP’s Chemistry 
Laboratory. Integrating these variables into the MDP state could enhance the agent’s capacity to respond 
to a broader range of operational conditions. 

With an expanded dataset, it will be possible to refine the existing MDP state configurations and explore 
new versions of MDP states, thus supporting a more rigorous evaluation of the RL Agent's performance. 
A larger and more diverse dataset would also enable the development of more robust evaluation models, 
which are essential for accurately comparing the learned policy against the current policy followed by 

Figure 7: Average Cl dosage per 100 training 
iterations. 

Figure 8: Average Free Cl concentration at filter's 
inlet per 100 training iterations. 

Figure 9: Average Free Cl concentration at De-
gritting per 100 training iterations. 

Figure 10: Average score (reward) per 100 
training iterations. 
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DWTP operators. This comprehensive approach aims to facilitate a well-informed assessment of the RL 
Agent’s performance and support any necessary adjustments for its deployment in real-world operations.  

 

2.4 RL model #2: Optimization of coagulation stage 
2.4.1 Problem statement 

At the Polydendri DWTP, the coagulation and sedimentation processes, as shown in Figure 4, are 
conducted within two Palsuator tanks, each serving a distinct treatment line. The performance of this 
stage is primarily assessed using two critical parameters: turbidity at the filter inlet and free aluminum 
concentration downstream of the treatment process. Both parameters must remain within specified 
limits (Table 3) to ensure compliance with water quality standards. 

Turbidity measurements are manually taken every three hours at the filter inlets using a handheld device. 
In contrast, the free aluminum concentration is continuously monitored by online sensors located at the 
inlet and outlet of the two clear water tanks, as shown in Figure 4. These measurements are vital for 
evaluating the treatment process's effectiveness and maintaining operational integrity. 

Currently, coagulant dosage at the DWTP is adjusted reactively based on the observed values of these 
parameters. The goal of the RL implementation in this use case is to proactively determine an optimized 
coagulant dosage strategy. This approach aims to maintain turbidity and free aluminum concentration 
within safe operational limits while minimizing the total amount of coagulant used, thereby enhancing 
both efficiency and sustainability in the treatment process. 

2.4.2 Data sources and data preprocessing 

The primary data sources utilized for the RL model are drawn from the existing DWTP monitoring system. 
The DWTP’s SCADA system continuously monitors the aluminum sulphate dosage and the free Alum 
concentration with a frequency of less than one minute, capturing data via online sensors. However, 
certain critical parameters are measured using handheld instruments at three-hour intervals and 
recorded manually in handwritten logbooks. These critical parameters are the raw water turbidity and 
the turbidity of water at the filter inlet. 

For this study, data were sourced from SCADA records spanning November 2018, during which Yliki Lake 
was the primary water supply, i.e. the same time period as in Section 2.3 for the Optimization of pre-
disinfection stage. Additionally, handwritten logbook entries from the same period were photographed, 
manually digitized, and the relevant parameters extracted for subsequent analysis. 

Table 3 presents the retrieved parameters relevant to the coagulation process, along with associated 
contextual information. As mentioned in Section 2.3.2, critical parameters such as raw water pH and 
conductivity — essential for the coagulation process — are recorded once a day by EYDAP’s Chemistry 
Laboratory and they were not utilized in the current RL beta version due to the low recording frequency.  
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Table 3: Coagulation recorded parameters 

Parameter Name Parameter 
Type 

Units Resolution Low limit High 
limit 

Recording 
frequency 

Source 

Raw water 
Turbidity 

External 
Variable 

NTU 0.1 - - 3 hours Logbook 

Raw water 
Temperature 

External 
Variable 

Celsius 0.1 - - 3 hours Logbook 

Aluminum 
Sulphate dosage 

External 
Variable 

ppm 1 - - 30 sec SCADA 

Free Cl de-gritting External 
Variable 

mg/lt 0.01 - - 3 hours Logbook 

Water Turbidity at 
filters inlet 

Constraint 
Variable 

NTU 0.01 - 0.8 3 hours Logbook 

Free Alum clear 
water Tank inlet 

Constraint 
Variable 

mg/lt 0.1 - 200 1 sec SCADA 

 

Raw water turbidity and temperature are categorized as external variables, as they are influenced by 
external environmental factors and remain unaffected by the coagulation process. Additionally, the free 
chlorine concentration at the de-gritting stage is also considered an external variable, given that the de-
gritting stage precedes coagulation and is therefore not influenced by the coagulation procedure. 

In contrast, aluminum sulphate dosage is classified as a manipulated variable, as it directly impacts the 
coagulation process and can be adjusted to control system performance. Meanwhile, water turbidity at 
the filter inlet and the concentration of free aluminum at the clear water tank inlet are identified as 
constraint variables, as these values must be maintained within defined safety limits to ensure safe and 
efficient operation of the treatment process. 

It is important to note that, while alum dosage is recorded at 30-second intervals, its set point is adjusted 
approximately every 3 hours. Accordingly, the data were resampled, selecting the nearest recorded value 
to provide a more accurate representation. Likewise, free aluminum concentration measurements were 
down-sampled to a 3-hour interval using the nearest value. For the remaining variables, a basic outlier 
removal procedure has been applied to ensure data quality and consistency. Additionally, a 
straightforward linear interpolation method has been employed to address missing values, provided the 
time gap does not exceed a maximum duration of 3 to 6 hours. The resulting dataset contains 185 data 
points, with 147 used for training the RL model and 38 reserved for training the evaluation model. 

2.4.3 Material and methods 

As previously discussed, defining the MDP state in real-world RL problems presents a significant 
challenge. Table 4 outlines the parameters that constitute the various MDP state configurations used for 
training and evaluating the RL agent’s performance. In this setup, the state transition interval is set at 3 
hours, while the agent’s action for this use case is the adjustment of the aluminum sulphate dosage set 
point. 
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Table 4: Coagulation MDP state versions 

Version 
name Version 1 Version 2 Version 3 Version 4 

 Raw water Turbidity Raw water 
Turbidity 

Raw water 
Turbidity Raw water Turbidity 

 Turbidity filter inlet Turbidity filter inlet Turbidity filter inlet Turbidity filter inlet 

 Free Alum clear tank 
inlet 

Free Alum clear 
tank inlet 

Free Alum clear 
tank inlet 

Free Alum clear tank 
inlet 

  Free Cl de-gritting Free Cl de-gritting Free Cl de-gritting 

   Previous raw water 
Turbidity (-3hours) 

Previous raw water 
Turbidity (-3hours) 

    Previous Free Alum 
clear water tank (-

3hours) 

 

The reward function is calculated by the following relation:  

𝑅𝑅 = −�𝑤𝑤1 ∙ 𝑇𝑇𝑇𝑇𝑇𝑇𝑏𝑏𝑅𝑅𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹 +  𝑤𝑤2 ∙ 𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝑚𝑚𝑅𝑅𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 𝑖𝑖𝑖𝑖 +  𝑤𝑤3 ∙
𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢
𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑚𝑚𝑚𝑚𝑚𝑚

� (2.2) 

The term 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑅𝑅𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹 is derived from the extent to which the water turbidity at the filter’s inlet exceeds 
defined upper limit, while the 𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 𝑖𝑖𝑖𝑖 term is similarly based on free Alum concentration 
levels at the clear water tank inlet. The third term pertains to the effectiveness of the agent’s actions, 
represented as the ratio of the aluminum sulphate dosage set by the agent to the maximum allowable 
dosage of 70 ppm. The weights 𝑤𝑤1, 𝑤𝑤2, and 𝑤𝑤3 are assigned to these terms, and they are treated as 
hyperparameters requiring tuning for optimal performance. 

 
Figure 11: Pearson correlation matrix of coagulation monitored parameters 
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The evaluation of the RL Agent’s performance is described by the following methodology: 

1. Objective: To evaluate the RL Agent's performance, two distinct Random Forest regression 
models were developed: 

o The first model forecasts the water turbidity at the filter inlets at time t+1, where the 
time step is 3 hours. 

o The second model predicts the Free Alum concentration at the clear water tank inlet at 
time t+1, where the time step is 3 hours. 

2. Independent Variables for the Turbidity at filters model: This model utilizes two primary 
features, identified through a feature selection process based on the Pearson correlation matrix, 
as illustrated in Figure 11: 

o Raw water turbidity at time t. 

o Aluminum Sulphate dosage applied at time t. 

3. Independent Variables for the Free alum model: This model utilizes two primary features, 
determined after a feature selection process: 

o Free alum at clear water tank at time t. 

o Aluminum Sulphate dosage applied at time t. 

4. Evaluation Dataset and Model Training: 

o The evaluation dataset was divided into a 50-50 split, with one half used for training and 
the other for evaluating the model performance (38 data points in total). 

o Model performance was quantified using the Mean Absolute Error (MAE), with the 
following results: 

 MAE for the Turbidity at filters model: 0.18 NTU. 

 MAE for the Free Alum at clear water tank inlet model: 16.5 mg/L. 

o Although these MAE values indicate that the evaluation models may not exhibit optimal 
predictive accuracy, they serve primarily as a comparative benchmark. 

5. Comparative Nature of the Evaluation: 

o It is essential to highlight that the evaluation does not assess the RL Agent's absolute real-
world performance. Instead, it provides a relative performance comparison between the 
RL Agent’s proposed actions and the existing operational policy, as documented in 
historical data from the DWTP. 

6. Reward Calculation: 

o The predicted Turbidity at the filter’s inlet and the Free Alum concentration from these 
regression models are subsequently used to calculate the reward function for the RL 
agent, as defined in Eq. 2.2. 

This framework enables the RL Agent's behavior to be compared effectively against established operator 
policies, facilitating the evaluation of potential performance improvements. 
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2.4.4 Results 

The most effective MDP state configuration identified was Version 4 in Table 4. Under this 
configuration, the RL Agent successfully maintained all key constraint variables—namely, turbidity at 
the filter inlet (Figure 12)and free aluminum concentration at the clear water tank inlet (Figure 13)—
within established safe operational thresholds on average. This outcome demonstrates that the chosen 
MDP state structure was well-suited to meet the regulatory and safety standards essential to the water 
treatment process. 

Furthermore, the RL Agent exhibited behavior closely aligned with the operational policy traditionally 
followed by DWTP personnel. Through repeated learning cycles, the agent’s actions progressively 
converged with historical operational patterns, effectively emulating the behavior of human operators 
(Figure 15). Notably, this alignment was achieved with a slight increase (2-3%) in aluminum sulphate 
dosage usage (Figure 14). This increase, however, may be attributable to the limited volume of historical 
data available for training, which may have constrained the agent’s ability to optimize dosage efficiency 
fully. 

 
Figure 12: Average Turbidity at filters inlet per 100 

training iterations. 

 
Figure 13: Average Free Aluminum Concentration at 

Tank inlet per 100 training iterations. 

 
Figure 14: Average Aluminum Sulphate dosage per 

100 training iterations. 

 
Figure 15: Average score(reward) per 100 training 

iterations. 
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2.4.5 Conclusions and next steps 

The preliminary outcomes from the beta version of the RL Agent are encouraging, particularly given the 
constraints imposed by the limited historical data available for training. Despite this limitation, the RL 
Agent effectively emulated the operational policies traditionally followed by DWTP personnel, though 
with a slightly increased (2-3%) usage of aluminum sulphate. This may stem from the gradual nature of 
the coagulation process, combined with the limited training window of one month’s historical data, which 
may have restricted the agent’s capacity to achieve fully optimized dosing. 

The next phase of development will focus on expanding the dataset with historical records covering a 
longer period, ideally spanning three years, sourced from both the SCADA system and the handwritten 
logbooks. This expanded dataset would provide a more comprehensive training basis, allowing the agent 
to capture seasonal and long-term variations. Additionally, efforts will be made to incorporate 
supplementary parameters, such as raw water pH and conductivity, which are periodically recorded by 
EYDAP’s Chemistry Laboratory. Including these additional variables in the MDP state has the potential to 
enhance the agent's responsiveness to a broader range of operational conditions. 

With an enriched dataset, it will become feasible to refine the existing MDP configurations and 
experiment with new versions, facilitating a more rigorous evaluation of the RL Agent’s performance. The 
availability of a larger and more varied dataset will also enable the development of more robust 
evaluation models, essential for accurately benchmarking the RL Agent’s learned policy against the 
current DWTP operational policy. This comprehensive approach is designed to provide a thorough 
assessment of the RL Agent's performance and inform any necessary modifications for successful 
deployment in real-world operations. 

 

2.5 RL model #3: Optimisation of post-disinfection stage 
2.5.1 Problem statement 

At the Polydendri DWTP, the post-disinfection process takes place after the filtration stage and before 
the clear water tanks, shown in Figure 4, using chlorine as the primary disinfectant. Alternatively, the 
DWTP has the capability to utilize sodium hypochlorite as a disinfectant. Maintaining adequate free 
chlorine levels downstream is essential to the effective operation of this process. The efficiency of the 
disinfection stage is primarily assessed by monitoring free chlorine concentration, continuously measured 
by online sensors positioned at both the inlet and outlet of the two clear water tanks. These 
measurements provide vital indicators of treatment performance, ensuring compliance with water 
quality standards. 

Currently the DWTP operators set the disinfectant dosage reactively, ie by taking account only the Free 
Cl concentration downstream. The objective of the RL algorithm is to optimize the chlorine dosage, set in 
parts per million (ppm), to consistently maintain free chlorine levels within specified critical limits. This 
optimization ensures both operational efficiency and the safety of the treated water. 

2.5.2 Data sources and data preprocessing 

The primary data sources for the RL model are drawn from the DWTP’s existing monitoring system. The 
DWTP’s SCADA system continuously captures all necessary parameters for the post-disinfection process, 
with data from online sensors recorded at intervals of less than one minute. The critical parameter 
indicating the effectiveness of post-disinfection is the free chlorine concentration at the inlet of the clear 
water tank. 
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For this study, SCADA data from November 2018 were used, a period when Yliki Lake served as the 
primary water source and chlorine was used as disinfectant for that period. Table 5 presents the 
parameters relevant to post-disinfection, along with contextual information. As mentioned in the 
sections 2.3.2 and 2.4.2, critical parameters such as raw water pH and conductivity, which are essential 
for the chemical disinfection process, are measured once daily by EYDAP's Chemistry Laboratory. 
However, these parameters were not incorporated into the current RL beta version due to their low 
recording frequency.  

Table 5: Post-disinfection recorded parameters 

Parameter Name Parameter 
Type Units Resolution Low limit High 

limit 
Recording 
frequency Source 

Chlorine dosage Manipulated 
Variable ppm 0.1 - - 30 sec SCADA 

Free Cl clear water 
Tank inlet 

Constraint 
Variable mg/lt 0.01 0.70 0.75 1 sec SCADA 

 

Chlorine dosage is classified as a manipulated variable, as it has a direct impact on the post-disinfection 
process and can be adjusted to regulate system performance and it is the action that the RL Agent is 
expected to optimize. In contrast, the free chlorine concentration at the inlet of the clear water tank is 
treated as a constraint variable, as it must be maintained within established safety limits to ensure the 
safe and effective operation of the treatment process. 

It is noteworthy that, while chlorine dosage data is recorded every 30 seconds, its set point is typically 
adjusted at intervals of approximately one hour. To create a more representative dataset, this data was 
resampled down to a 1-hour time interval by selecting the nearest recorded value. Similarly, free chlorine 
concentration measurements were down-sampled to 30-minute intervals using the closest recorded 
values. For the remaining variables, a basic outlier removal procedure has been applied to ensure data 
quality and consistency. Additionally, a straightforward linear interpolation method has been employed 
to address missing values, provided the time gap does not exceed a maximum duration of 3 to 6 hours. 
The final dataset consists of 719 data points, with 574 allocated for training the RL model and 145 
reserved for training the evaluation model. 

2.5.3 Material and methods 

As previously highlighted, defining the Markov Decision Process (MDP) state in real-world reinforcement 
learning (RL) applications poses a considerable challenge. Table 6 details the parameters that make up 
the different MDP state configurations used for training and assessing the RL agent’s performance. In this 
framework, the state transition interval is set to one hour, and the agent’s action involves adjusting the 
chlorine dosage set point to optimize system performance. 

Table 6: Post-disinfection MDP state versions 

Version 1 Version 2 Version 3 

Free Cl Water Tank inlet Free Cl Water Tank inlet Free Cl Water Tank inlet 

 Free Cl Water Tank inlet (-30 min) Free Cl Water Tank inlet (-30 min) 

  Previous Cl dosage set point (-hour) 
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The reward function is calculated by the following equation:  

𝑅𝑅 = −(𝑤𝑤1 ∙ 𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹_𝑅𝑅𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 𝑖𝑖𝑖𝑖 +  𝑤𝑤2 ∙
𝐶𝐶𝐶𝐶 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢
𝐶𝐶𝐶𝐶 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑚𝑚𝑚𝑚𝑚𝑚

) (2.3) 

The term 𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝑙𝑙𝑅𝑅𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 𝑖𝑖𝑖𝑖 is derived from the extent to which the free chlorine concentration at clear 
water tank inlet exceeds defined upper or lower limits, while second term pertains to the effectiveness 
of the agent’s actions, represented as the ratio of the chlorine dosage set by the agent to the maximum 
allowable dosage of 2 ppm. The weights 𝑤𝑤1, 𝑤𝑤2 are assigned to these terms, and they are treated as 
hyperparameters requiring tuning for optimal performance. 

 
Figure 16: Pearson correlation matrix of post-disinfection monitored parameters 

The evaluation of the RL Agent’s performance is described by the following methodology: 

1. Objective: To evaluate the RL Agent's performance, a Random Forest regression model was 
developed as AM: 

o This model predicts the Free Chlorine concentration at the clear water tank inlet at time 
t+1. 

2. Independent Variables: The model utilizes two primary features, identified through a feature 
selection process based on the Pearson correlation matrix, as illustrated in Figure 16: 

o The Free Cl concentration at clear water tank inlet 30 minutes prior to the time t. 

o Chlorine dosage applied at time t. 

3. Evaluation Dataset and Model Training: 

o The evaluation dataset was divided into a 50-50 split, with one half used for training and 
the other for evaluating the model performance (145 data points in total). 

o Model performance was quantified using the Mean Absolute Error (MAE), with the 
following results: 

 MAE for the Free Cl at clear water tank inlet model: 0.07 mg/L. 

o Although these MAE values indicate that the evaluation models may not exhibit optimal 
predictive accuracy, they serve primarily as a comparative benchmark. 
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4. Comparative Nature of the Evaluation: 

o It is essential to highlight that the evaluation does not assess the RL Agent's absolute real-
world performance. Instead, it provides a relative performance comparison between the 
RL Agent’s proposed actions and the existing operational policy, as documented in 
historical data from DWTP. 

5. Reward Calculation: 

o The predicted Free Chlorine concentration from the regression model is subsequently 
used to calculate the reward function for the RL agent, as defined in Eq. 2.3. 

This framework enables the RL Agent's behavior to be compared effectively against established operator 
policies, facilitating the evaluation of potential performance improvements. 

2.5.4 Results 

The most effective MDP state configuration identified in this use case was Version 3 in Table 6. Despite 
this, the RL agent did not achieve optimal performance as observed in Figure 19. Under Version 3, the RL 
agent was able to maintain the Free Cl concentration constraint within safe operational thresholds on 
average (Figure 17), but only for the initial 1,300 training iterations. After this period, a significant 
degradation in performance was observed, with the recommended dosage output persistently set to 0 
ppm (Figure 18), an outcome well outside acceptable operational limits. This persistent dosing failure 
suggests that further optimization is required to enhance the RL agent’s capacity for sustained, reliable 
decision-making. 

 
Figure 17: Average Free Cl concentration at clear water 

tank inlet per 100 training iterations. 

 
Figure 18: Average Cl dosage per 100 training. 

 
Figure 19: Average score (reward) per 100 training iterations. 
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2.5.5 Conclusions and next steps 

The preliminary outcomes of the beta version of the RL Agent are currently suboptimal, primarily due to 
constraints imposed by limited historical data and a restricted number of recorded parameters available 
for training. Despite these limitations, the RL Agent was able to partially emulate the operational policies 
typically followed by DWTP personnel, though this emulation was sustained only over a limited number 
of training iterations. These results underscore the need for an expanded dataset to enable more robust 
and stable learning outcomes. 

The next development phase will focus on extending the dataset to include historical records spanning 
an ideal period of three years, sourced not only from the SCADA system but also from handwritten 
logbooks, where Free Cl concentration is measured with handheld instruments of higher accuracy at the 
clear water tank inlet. This comprehensive dataset would allow the RL Agent to capture long-term and 
seasonal variations in operational conditions. Additionally, the dataset will be enriched by incorporating 
supplementary parameters, such as raw water pH and conductivity from periodic records maintained by 
EYDAP's Chemistry Laboratory, as well as relevant weather data—such as air temperature and cloud 
coverage—to broaden the RL Agent's contextual understanding. With this enriched dataset, it will be 
feasible to refine existing MDP configurations and experiment with new ones, fostering a rigorous 
evaluation process. Moreover, a larger, more varied dataset will support the development of robust 
evaluation models, essential for benchmarking the RL Agent's learned policy against current DWTP 
operational standards. This comprehensive approach is intended to facilitate a thorough assessment of 
the RL Agent’s performance and inform essential refinements, setting the stage for successful 
deployment in real-world operations.  
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3. Reinforcement Learning model for Amsterdam demo 
case (DC#1) 

3.1 Demo case description (Leiduin DWTP) 
WTNT supplies more than 90 million cubic meters of drinking water annually to consumers in the 
Amsterdam area. The water is produced at two different drinking water treatment plants (DWTP), Leiduin 
and Weesperkarspel. Leiduin is the main DWTP as it produces approximately 70% of the water that feeds 
the Amsterdam area. The main source of the drinking water produced in the Leiduin plant is river water 
from the Lek Canal, supplemented by natural dune water. The treatment process consists of the 
pretreatment phase that takes place in Nieuwegein and the main treatment that takes place in Leiduin. 
The pretreatment consists of 2 stages, coagulation and rapid sand filtration and then the pre-treated 
water is transported to the Amsterdam Water supply Dunes (AWD) through 3 pipelines of 210 km length 
using 8 pumps. The main treatment process starts in the AWD with the infiltration of pretreated water. 
Thereafter, the following stages are rapid sand filtration, ozonation, that is used for both oxidation and 
disinfection, softening of the water, carbon filtration and slow sand filtration. The treated water is then 
stored in two different service reservoirs (storage tanks). Finally, the water is distributed in the 
Amsterdam area using pumps and 3 large pipelines. A schematic of this plant is presented in the following 
Figure 20. 

 

 
Figure 20: A schematic of the Leiduin drinking water treatment plant 

 

3.2 RL model No4: Optimal FeCl₃ dosage for coagulation process  
3.2.1 Problem statement 

Among the various processes in a DWTP, coagulation–flocculation plays a pivotal role in destabilizing 
particles and facilitating their aggregation into larger flocs, which can be removed in subsequent filtration 
stages. An effective coagulation process removes harmful microorganisms, pathogens, and suspended 
solids. However, the success of this process depends heavily on the dosage of the coagulant, which in 



 

 
34 

www.todrinq.eu 

Reinforcement Learning-driven advice provision module for advice provision based on Soft Sensors: 
beta version 

WTNT’s case is ferric chloride (FeCl₃). Insufficient dosage reduces the process's efficiency in lowering 
turbidity—an indicator of suspended solids and natural organic matter (NOM)—while overdosing can 
result in high iron concentrations entering the distribution system, increased chemical costs, higher 
energy consumption, and a greater environmental impact. 

Traditionally, coagulant dosage is determined through empirical methods like jar testing, which require 
significant time and cannot respond to short-term water quality fluctuations. To address this, WTNT’s 
process engineers currently adjust the FeCl₃ dosage every six hours (corresponding to the average 
retention time) based on turbidity measurements collected through their SCADA system from the outlet 
of the coagulation-flocculation lanes. This reactive approach relies on water quality fluctuations that have 
already occurred, adjusting dosage only after observing changes. 

Data-driven models offer robust frameworks for water quality forecasting, for instance, by predicting 
random excels in turbidity, based on historical water quality data. ToDrinQ project, through WP4, aims 
to develop soft sensors to help water utilities prevent water quality deterioration and ensure high-quality 
drinking water. KWR proposes a supervised hybrid model (combining data-driven and physics-based 
methods) that predicts turbidity with a six-hour time-lag, giving WTNT’s operational staff time to adjust 
the dosage if necessary. However, while this model provides an estimate of water quality at the 
coagulation-flocculation stage, it does not offer any guidance on optimal coagulant dosage. As a result, 
operators still rely on manuals and their experience for dosage decisions. 

To fulfill this gap, the proposed reinforcement learning (RL) model aims to develop an optimized dosing 
strategy for FeCl₃. Reinforcement learning (RL) has shown promise in optimizing operational decisions in 
dynamic environments, enabling proactive and cost-effective interventions. In this case study, the RL 
model suggests the optimal FeCl₃ dosage for the next six-hour interval using as inputs the WQ and water 
flow data provided by the SCADA system and the outputs of the turbidity predictive model. By optimizing 
coagulant dosage, this model seeks to improve treatment efficiency and enhance the overall 
performance of the DWTP.  

The proposed model builds upon well-established ML and RL frameworks, utilizing open-source tools, 
such as TensorFlow1 and PyTorch2, making replication feasible for utilities with similar SCADA 
infrastructure and same data availability. By incorporating domain knowledge at different DWTPs and 
leveraging SCADA data already available, the methodology ensures scalability across different plants. 
Site-specific customization is required, such as fine-tuning of the reward functions and recalibration of 
the predictive turbidity model, to simulate the conditions of each different DWTP. Nevertheless, this 
necessity is achievable with further collaborations between experts in the sector but also with 
operational staff whose knowledge of the local conditions at each specific DWTP is valuable. 

3.2.2 Data sources and data preprocessing 

The data used in this study consist of various water quality indicators and flow measurements taken from 
the intake and the inlet and outlet of the coagulation–flocculation process at the Nieuwegein DWTP. 
These parameters were recorded by sensors with a 5-minute frequency and stored in the plant’s SCADA 
system. The specific parameters measured include: 

• Temperature of the raw water (°C) 

• Turbidity of raw water (FTU) 

 
1 https://www.tensorflow.org/api_docs 
2 https://pytorch.org/  

https://pytorch.org/
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• pH of the raw water 

• Water flow in coagulation–flocculation lanes 1, 2, and 3 (m³/h) 

• Turbidity at the coagulation–flocculation inlet (FTU) 

• FeCl₃ dosage in lanes 1, 2, and 3 (mg/L) 

The dataset spans 3.5 years, covering the period from January 2020 to June 2024. Data pre-processing 
followed the methodology outlined in section 6.2 of Deliverable 4.1, as the RL model utilizes the same 
data as those employed in the development of soft sensor for predicting turbidity. In summary, the pre-
processing involved removing and replacing outliers in temperature and flow measurements, followed 
by aggregating the 5-minute frequency data into 6-hour intervals. 

3.2.3 Material and methods 

Overview 

This RL model aims to optimise the FeCl3 dosage of the coagulation – flocculation process with the 
supervised model presented in the Deliverable D4.1 (soft sensor 1) acting as an agent. The supervised 
model provides turbidity predictions are essential feedback for the training of the RL. In the current form 
the RL model used is a deep q-learning network (DQN; Mnih et al., 2015), during the coming months of 
the implementation of this project additional approaches will be tested for improving the model 
performance.  

Hybrid supervised model for turbidity prediction  

The supervised model predicts the turbidity in the outlet of the coagulation – flocculation process with a 
6-hour time-lag. The input data that model uses are pH, temperature and turbidity of the raw water, flow 
in each one of the three coagulation flocculation lanes and the lane number. The model is a hybrid 
approach. For more details check the relevant section in the Deliverable D4.1.  

In this work, the already pre-trained model is used for the prediction of the future water quality 
conditions, as indicated by the turbidity measurements. Thus, this model allows the RL agent to anticipate 
the impact of different FeCl3 dosages on the outlet turbidity. 

Deep Q-learning Network (DQN) for coagulant optimization 

DQN belongs in the family of the temporal difference (TD) category of RL algorithms. TD algorithms learn 
from interactions with the environment and update the state-action value estimation based on real-time 
estimates. In TD, the new experience is used to update the estimated reward, associated with a particular 
state at the next time step. DQN combines the use of deep neural networks with the q-learning 
methodology which aims to learn policies for a large variety of different simulations and approximates 
the future rewards for taking certain actions. The key steps of the DQN algorithm are described as follows: 

1. Experience: The DQN collects different experiences based on the state, action, rewards 
and next states in a continuous approach. 

2. Target Network: This is an additional network that is updated less frequently to capture 
the key state – action relationships 

3. Action selection and exploration: An epsilon-greedy policy is used to define the 
relationship between exploitation - selecting an action from the ones that exist – and 
exploration – exploring a new action. The epsilon used in this work was initially set equal 
to 1 and was then reduced in every new episode by 0.01. 
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4. Q-value update: during each episode the q value (state and action) is updated using the 
reward obtained (predicted turbidity – threshold turbidity in our case) and the q value of 
the next state. 

RL model architecture and flow-chart  

The developed RL model is following these steps for the identification of the optimised dosing of FeCl3: 

1. Step 1 – Setting the environment and generating the state: The supervised model acts as the 
environment in our case, in other words, it simulates the conditions inside the coagulation – 
flocculation tank. The model predicts a turbidity in the coagulation flocculation outlet using the 
inputs (inlet pH, inlet temperature etc.). These inputs and outputs represent the current state in 
the RL model.  

2. Step 2 - Action: The action is the selection of the the optimal dosage by the RL agent (DQN in our 
model) based on the state. The optimal dosage is selected from a set of actions that were given 
to the RL. In our case, the given actions were 8 different possible dosages (1.5, 2, 2.5, 3, 3.5, 4, 5 
and 6 mg/l). 

3. Step 3 – Setting the reward: Firstly, a threshold of a maximum turbidity of 4.5 FTU (𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇_𝑡𝑡ℎ𝑟𝑟𝑟𝑟𝑟𝑟ℎ) 
in the coagulation – flocculation outlet was set. The selected FeCl3 dosage (𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑) is 
applied, and a new turbidity is predicted by the supervised model. The aim of this RL model is to 
achieve the 4.5 FTU threshold with the minimum possible coagulation dosage. Therefore, the 
reward is calculated as the sum of turbidity award and the dosage reward if the turbidity 
threshold is achieved and equal to -3 otherwise. So, the total reward and the turbidity and dosage 
rewards are calculated as follows: 
 
If predicted turbidity >4.5 

𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 = −3 (3.1) 

 
If predicted turbidity <4.5 
 

𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 = 𝑇𝑇𝑇𝑇𝑇𝑇𝑏𝑏𝑡𝑡ℎ𝑟𝑟𝑟𝑟𝑟𝑟ℎ−𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 
𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇_𝑡𝑡ℎ𝑟𝑟𝑟𝑟𝑟𝑟ℎ

 (3.2) 
 

𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 = 𝑀𝑀𝑀𝑀𝑀𝑀 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑−𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 
𝑀𝑀𝑀𝑀𝑀𝑀 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑

 (3.3) 

 
𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 = 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 +  𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 (3.4) 

 
where, 𝑀𝑀𝑀𝑀𝑀𝑀 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 is the maximum dosage from the set of actions that in our case is 6 mg/l. 

4. Step 4 – Updating policy: DQN takes the reward of the step 3 to update the policy of dosage 
selection in the next step.  

A schematic of the RL flowchart is presented in Figure 21. 
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Figure 21: Flow chart of the RL model 

3.2.4 Results 

The RL model was trained for 100 episodes and required around 12 hours for its training. The range of 
the suggested dosages for each step are presented in the following Figure 22. It is clear that the range of 
actions that the RL used was between 2 to 4 mg/l and it completely ignored the 1.5 mg/l the actions 
above 4mg/l.  

 
Figure 22: RL suggested dosages for each step per episode 
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In Figure 23, the recommended dosages from the best episode of the training period are compared to 
the actual coagulant dosages. The RL model generally suggests higher dosages than those measured; 
however, as shown by the peaks in the plot, the maximum RL-suggested dosage is lower than the actual 
maximum dosage. This outcome suggests that the 4.5 NTU threshold is conservatively set, ensuring 
reliable turbidity control. 

 
Figure 23: Best RL episode suggested coagulant dosages vs measured coagulant dosages 

The subsequent plot in Figure 24 compares the predicted turbidity using the RL-suggested dosages with 
the actual turbidity. This comparison further supports the conclusion, as the RL dosages are expected to 
result in lower average turbidity in the coagulation-flocculation outlet compared to the actual turbidity.  

To refine these thresholds, further discussions with WTNT’s process engineers are necessary, especially 
to consider additional water quality parameters for setting the threshold. It’s also important to note that 
the accuracy of the RL model’s recommendations depends on the predictive model’s accuracy. Further 
development and fine tuning of this model, in the third year of the ToDrinQ project, will enable retraining 
the RL model to enhance its optimization capabilities. 
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Figure 24: Actual turbidity outputs vs predicted turbidity outputs using the RL suggested dosages 

3.2.5 Conclusions and next steps 

An RL model is generated with the aim to optimise the FeCl3 dosage coagulation-flocculation process. The 
RL model is using the under-development turbidity predictive model as an environment with the aim to 
suggest a minimum dosage that will reduce the outlet turbidity to below 4.5 NTU. The initial results 
indicated that this approach is a potential tool that could be used from WTNT’s process engineers, 
however, it requires high computational power for its initial training. The next steps for the development 
of this RL are as follows: 

• Re-run the RL model for more episodes and with a new dataset with the intention to diversify the 
data inputs, cover various turbidity conditions and testing a more active response from the 
model. 

• Use further fine-tuning optimization to reduce the complexity of the model and, consequently, 
reduce its computational demand.  

• Re-run the RL model using the improved version of the predictive model that will be fine-tuned 
during the 3rd year of the project. This process also includes the use as an environment of the 
three versions of the predictive model (physics model, deep learning model, physics and deep 
learning model).  

• Try different reward scenarios (higher turbidity threshold, different dosage reward) and 
potentially introducing additional factors such as pumping dosage energy consumption or 
general costing of the process. 

• Replace the DQN RL algorithm with a large language model (LLM) that will learn the patterns in 
the dataset but also will aim to learn the way that the predictive model makes its turbidity 
predictions. 

• The final test for this RL will be implemented in the experimental setup of the Leiduin DWTP 
which is the goal in the 4th year of the project.  
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4. Upscaling and European Added Value (EAV) 
Water treatment plants (WTPs) are critical components of the water supply chain, omnipresent in every 
urban water system in Europe and beyond, irrespective of their complexity and size. The ToDrinQ project 
attempts to advance the state of play in the management and optimization of WTPs, by leveraging 
approaches and techniques from the realm of Reinforcement Learning (RL). The four RL models 
developed provide real-time, data-driven recommendations for optimizing critical treatment processes 
such as coagulation–flocculation, pre-chlorination, and post-disinfection, appear in any typical WTP. On 
the one hand, by ensuring precise chemical dosing, the RL models enable to maintain water quality 
parameters within regulatory and safety limits, and hence they enhance the reliability of treated water 
output, directly benefiting public health and consumer trust. On the other hand, the models enable the 
derivation of optimal dosages under raw water quality conditions, which is critical for ensuring resilience 
in water supply systems. Finally, the project bridges a significant gap by introducing RL methodologies to 
drinking water treatment, a domain where such approaches remain underexplored compared to 
wastewater treatment. The technical innovations generated by ToDrinQ can serve as a foundation for 
future research and development in smart water treatment.  

Despite the fact that the RL models have been developed around the needs of DC#1 and DC#2, they have 
strong potential for replication, upscaling, and adoption in diverse settings, since the treatment processes 
examined typically appear in almost all DWTPs in Europe and beyond. Particularly, the algorithms can be 
generalized to other DWTPs by adapting input parameters, algorithms, and reward functions to suit 
specific plant configurations. At the same time, they are modular and hence they can be deployed 
individually depending on the treatment process exist in a treatment unit. The successful deployment of 
RL models in two demanding demonstration cases (serving two large capitals, i.e., Amsterdam and 
Athens) provides compelling evidence of their effectiveness. These pilot implementations serve as proof-
of-concept examples that can inspire adoption by other utilities and encourage private sector investment 
in similar technologies. Finally, the RL models use data streams from SCADA systems, and this 
compatibility facilitates seamless integration without requiring significant changes in infrastructure, 
making adoption more feasible for a wide range of operators. It is also worth to mention that the models 
will be standardised according to FIWARE standards (in the context of Task 4.5 and integration with legacy 
system in the context of Task 7.5), which make them directly compatible with any FIWARE-enabled 
architecture. This increases substantially their potential for further upscaling and transferability.   
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The revised EU Drinking Water Directive promotes 
a risk assessment and risk management approach 
for securing drinking water supply in the context of 
climate change and increased pollution. However, 
this approach is challenged by insufficient 
information that is available to operators, 
especially in real time, on compounds and 
organisms of emerging concern, such as pesticides, 
pharmaceuticals, disinfection by-products, heavy 
metals and pathogenic microorganisms. We argue 
that if drinking water treatment could leverage 
novel technologies and design philosophies, and 
more agile operational actions could be 
supported, drinking water supply systems could 
become more adaptable and robust without 
expensive infrastructural investments. In this 
context, ToDrinQ develops and tests a 
compendium of modular, complementary, 
innovative solutions (the ‘ToDrinQ Toolkit’) that 
provide new information and better support tools 
to operators and designers to adapt to (short- and 
long-term) changes in water quality, while 
obtaining high drinking water quality at the tap. 
ToDrinQ develops novel real time sensing and 
water quality monitoring technologies, innovative 
treatment systems (especially suitable for small-
scale/modular, adaptable treatment plants) and 
interoperable decision tools that support resilient, 
evidence-based treatment plant design and 
improved overall water system operational 
awareness and response.  
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