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 a b s t r a c t

This paper addresses the sustainable and regulation-compliant control of wastewater treatment plants (WWTPs) 
characterized by nonlinear process dynamics, external disturbances, and multiple, often competing, effluent-
quality constraints (e.g., biochemical oxygen demand, ammonia, nitrate, and phosphorus limits). We propose an 
Adaptive Lagrangian Soft Actor–Critic (AL-SAC) algorithm that incorporates a Lagrangian relaxation term into 
the maximum-entropy SAC objective in order to impose hard bounds on these key effluent variables. Lagrange 
multipliers are updated online based on instantaneous constraint violations, eliminating manual penalty tuning 
and enhancing convergence stability. The proposed AL-SAC controller is evaluated on the Benchmark Simulation 
Model No. 1 (BSM1) and provides up to a 23.9% reduction in energy consumption (i.e., aeration and pumping), 
improves the effluent quality index (EQI) by 2.92%, and significantly reduces the period over which total ni-
trogen (TN) and soluble ammonium nitrogen (SNH) concentrations exceed regulatory thresholds. These results 
demonstrate AL-SAC’s promise for energy-efficient and fully compliant WWTP operation.

1.  Introduction

Wastewater treatment plants (WWTPs) contribute to protecting pub-
lic health and maintaining environmental quality by eliminating or-
ganic content, nutrients, and pathogens. The activated sludge process 
is the central element in most WWTPs. It features strongly nonlinear 
and time-variant behavior promoted by variable influent composition, 
microbial kinetics, and ambient conditions (Dickin et al., 2020). These 
complex dynamics make it difficult to operate WWTPs efficiently, espe-
cially under changing conditions. In addition to maintaining stable pro-
cess performance, operators must optimize energy usage, particularly 
for aeration, which is one of the most energy-intensive components (Ja-
maludin et al., 2024). Furthermore, they have to ensure compliance with 
strict and often conflicting regulatory limits on effluent quality, such as 
biochemical oxygen demand (BOD), ammonia, nitrate, and phosphorus. 
This creates a multi-objective optimization challenge that requires bal-
ancing energy efficiency with reliable environmental compliance (Mu-
loiwa et al., 2022; Sandino et al., 2010).

Traditional control approaches mainly rely on feedback 
proportional–integral (PI) loops that regulate fixed dissolved oxy-
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gen (DO) setpoints. However, under variable loading conditions, this 
often leads to inefficient over- or under-aeration (Holman & Wareham, 
2003). Ammonia-based aeration control (ABAC) improves energy 
efficiency by adjusting airflow based on real-time ammonium levels, 
yet it still depends on manual setpoint tuning and cannot fully adapt 
to rapid or unexpected changes in influent characteristics (Budzynski, 
2024; Schraa et al., 2019). More advanced strategies, such as ABAC-
SRT, coordinate aeration with solids retention time (SRT) to stabilize 
biomass concentration. However, this approach introduces complexity 
that leads to solving a challenging multi-variable optimization problem 
(Gu et al., 2023). While these approaches overcome certain limitations 
of classical control, they continue to struggle with adaptability and 
scalability.

Motivated by these limitations, recent research has increasingly ex-
plored data-driven and learning-based strategies for WWTP operation. 
In particular, reinforcement learning (RL) offers a promising framework 
for sequential decision-making under dynamic and uncertain conditions, 
as it enables control policies to be learned directly through interaction 
with the process (Sutton & Barto, 2018). Despite its potential, applying 
RL to wastewater treatment remains challenging because operational 
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\begin {equation}\mathcal {L}(\pi , \lambda ) = J_R(\pi ) - \sum _{i=1}^m \lambda _i \left ( J_{C_i}(\pi ) - d_i \right ), \label {eq:jr-jc}\end {equation}
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\begin {equation}J_{\text {AL-SAC}}(\pi ) = \sum _{t=0}^{\infty } \mathbb {E}_{(s_t, a_t) \sim \pi } \Big [ r(s_t, a_t) - \sum _{i=1}^m \lambda _i c_i(s_t, a_t) + \alpha \mathcal {H}(\pi (\cdot \mid s_t))\Big ], \label {eq:jalsac}\end {equation}
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objectives must be balanced against strict effluent-quality requirements. 
Existing RL-based approaches have largely addressed such requirements 
through reward shaping, where regulatory violations are penalized indi-
rectly via manually tuned terms in the reward function. Although intu-
itive, this strategy is often highly sensitive to hyperparameter selection 
and may lead to unstable trade-offs between energy use, effluent quality, 
and compliance. Poorly chosen penalty coefficients can allow temporary 
violations during exploration or distort the optimization landscape, ulti-
mately limiting policy performance. These limitations motivate the use 
of constrained reinforcement learning, in which effluent-quality require-
ments are incorporated explicitly into the learning problem rather than 
indirectly through manually tuned penalties.

To the best of our knowledge, constrained RL has not yet been inves-
tigated for wastewater treatment control with explicit effluent-quality 
constraints while simultaneously optimizing energy efficiency. In this 
paper, we introduce the Adaptive Lagrangian Soft Actor–Critic (AL-
SAC) algorithm to address these challenges. AL-SAC extends the stan-
dard Soft Actor–Critic (SAC) (Haarnoja et al., 2018) approach by incor-
porating a mechanism inspired by constrained optimization to explic-
itly enforce water-quality limits. Specifically, it introduces additional 
variables, known as dual variables, which quantify the severity of con-
straint violations and guide the learning process toward feasible oper-
ation. Through a primal–dual update, AL-SAC simultaneously adjusts 
both the control policy (the primal component) and these dual variables 
(the dual component) to balance performance objectives with regulatory 
compliance. This formulation leverages Lagrange multipliers, a classical 
tool from optimization theory, to dynamically adjust the penalty applied 
to effluent violations, allowing the algorithm to learn effective control 
strategies without manual tuning of penalty weights. By doing so, AL-
SAC provides a systematic way to ensure that wastewater treatment 
plants operate efficiently while maintaining compliance with effluent 
quality standards. The contributions of this work can be summarized 
as:

• Constrained-RL formulation: We formulate activated-sludge control 
as a constrained Markov decision process (CMDP) and impose dis-
charge constraints directly within the learning objective.

• Normalized logarithmic barrier cost: We apply a normalized loga-
rithmic barrier cost function throughout the environment to provide 
a consistent signal across different constraints. This function penal-
izes the agent as the effluent quality approaches regulatory limits.

• Adaptive Lagrangian SAC: We develop on top of the maximum-
entropy SAC architecture (Haarnoja et al., 2018) by introducing a 
primal-dual update procedure with dual variables to ensure near-
constraint satisfaction in each policy update (Achiam et al., 2017).

• Sample-efficient off-policy updates: Our approach dynamically ad-
justs Lagrange multipliers from off-policy samples while ensuring en-
ergy efficiency and regulatory compliance without manual penalty 
tuning.

The remainder of this paper is organized as follows. Section 2 reviews 
the relevant literature on data-driven, reinforcement learning, and con-
strained reinforcement learning approaches for wastewater treatment 
control. Section 3 presents the wastewater treatment benchmark, the 
problem formulation, the proposed AL-SAC method, and the training 
setup. Section 4 reports the experimental results. Section 5 discusses 
the main assumptions, limitations, and practical implications of the pro-
posed approach. Finally, Section 6 concludes the paper and outlines di-
rections for future work.

2.  Related work

Recent years have seen increasing interest in data-driven strategies 
for wastewater treatment control, motivated by the limitations of con-
ventional control approaches under highly variable influent and operat-
ing conditions. Recent reviews have further emphasized the importance 

of dynamic modelling, monitoring, and control frameworks that can re-
spond effectively to disturbances and changing operating conditions in 
real time rather than only under nominal conditions (Parsa et al., 2024). 
In this context, machine learning methods have been explored to cap-
ture the nonlinear dynamics of wastewater treatment plants (WWTPs) 
directly from operational data and to support more adaptive and effi-
cient control strategies.

Early data-driven research in wastewater treatment focused primar-
ily on prediction, soft sensing, and decision support rather than direct 
control. Zhou (2019) examined data-driven modelling for influent pre-
diction, highlighting the potential of learning-based methods to cap-
ture plant variability from operational data. Nourani et al. (2021) and 
Alali et al. (2023) further applied supervised learning techniques, in-
cluding artificial neural networks and support vector regression, to es-
timate effluent quality and other process variables relevant to plant op-
eration. Related work also explored soft-sensing approaches to support 
supervision and control. Hernández-del Olmo et al. (2019) developed 
a machine-learning-based weather soft sensor to infer weather-related 
operating conditions from routinely measured plant data for advanced 
control support. Subsequent studies extended the use of artificial intelli-
gence beyond prediction toward broader tasks such as process analysis, 
monitoring, optimization, and control support. Wang et al. (2021) pro-
posed an interpretable machine-learning framework for effluent qual-
ity control that characterized the influence of operational variables on 
effluent parameters while accounting for process time lags. Neverthe-
less, these approaches remain primarily supportive in nature and do not 
directly address the sequential decision-making problem required for 
real-time control.

Reinforcement learning has attracted increasing attention as a frame-
work for wastewater treatment control because it enables the learning 
of control policies through direct interaction with the process environ-
ment. An early application was presented by Hernandez-del Olmo and 
Gaudioso (2011), who developed an RL-based control strategy for the 
BSM1 benchmark and demonstrated the feasibility of learning-based 
control in this setting. Chen et al. (2021) applied multi-agent reinforce-
ment learning to wastewater treatment control and demonstrated its 
potential for improving plant-wide operational performance. Hu et al. 
(2024) investigated deep reinforcement learning for real-time aeration 
control and reported energy savings relative to conventional control 
strategies. More recently, Croll et al. (2023b) systematically evaluated 
several RL algorithms on the BSM1 benchmark and showed that RL 
can discover energy-efficient operating policies across different control 
scenarios. However, their results also revealed that improved energy 
performance may come at the expense of effluent quality. Croll et al. 
(2025) further showed that the design of the reward function strongly 
affects training behavior, control performance, and treatment risk. Mo-
hammadi et al. (2025) also applied Soft Actor-Critic to wastewater treat-
ment control with delayed dynamics, highlighting both the potential of 
entropy-regularized RL and the practical challenges associated with such 
process control problems.

A common feature of existing RL-based wastewater treatment stud-
ies is the use of reward shaping to address effluent-quality requirements. 
Under this formulation, regulatory violations are penalized through 
manually designed terms added to the reward function (Croll et al., 
2023a; Mohammadi et al., 2025). While this approach is intuitive, its 
effectiveness depends strongly on the selection of penalty weights and 
often requires extensive hyperparameter tuning to balance competing 
objectives such as energy consumption, effluent quality, and regulatory 
compliance (Croll et al., 2025). As shown by Croll et al. (2023b), differ-
ent reward formulations and agent architectures can lead to markedly 
different trade-offs, ranging from substantial energy savings accompa-
nied by severe deterioration in effluent quality to only modest improve-
ments in treatment performance.

Constrained reinforcement learning provides a more principled al-
ternative by incorporating operational requirements directly into the 
policy optimization problem. Constrained and safe formulations have at-
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tracted increasing attention in reinforcement learning for applications in 
which control performance must be achieved under explicit safety or re-
source limitations. Liu et al. (2021) reviewed policy learning under con-
straints in model-free reinforcement learning and summarized the main 
formulations based on constrained Markov decision processes. Achiam 
et al. (2017) introduced Constrained Policy Optimization as a practical 
approach for policy learning under explicit safety constraints, whereas 
Paternain et al. (2019) provided theoretical foundations through a zero-
duality-gap formulation for constrained reinforcement learning. In addi-
tion to cumulative-constraint formulations, methods based on stability 
guarantees and barrier certificates have been developed for constrained 
dynamical systems (Han et al., 2021; Zhao et al., 2022). These devel-
opments indicate that constrained reinforcement learning has become a 
well-established direction for control problems involving explicit oper-
ational and safety requirements.

Despite these developments, the application of constrained reinforce-
ment learning to wastewater treatment control remains limited. Exist-
ing studies have largely relied on unconstrained formulations based on 
reward shaping, while the explicit treatment of effluent-quality require-
ments within policy optimization remains largely unexplored.

3.  Methods and materials

3.1.  Benchmark simulation model no. 1

The Benchmark Simulation Model No. 1 (BSM1) is a standardized 
and extensively validated simulation framework developed to assess 
control strategies in conventional activated sludge wastewater treat-
ment systems. It provides a dynamic, mechanistic representation of the 
biological treatment process, enabling reproducible evaluation of per-
formance across different control strategies (Alex et al., 2008).

BSM1 represents the secondary treatment section of a municipal 
wastewater treatment plant, consisting of five continuous stirred-tank 
reactors (CSTRs) in series followed by a single secondary clarifier 
(Fig. 1). Each CSTR is modeled as a completely mixed reactor governed 
by dynamic mass-balance equations in Eqs. (1) and (2), with biochem-
ical reactions described by the Activated Sludge Model No. 1 (ASM1) 
(Henze et al., 2006). Aeration in the aerobic reactors is represented via 
oxygen transfer coefficients (𝐾𝐿𝑎), which control dissolved oxygen dy-
namics, while influent, recycle, and sludge flows determine hydraulic 
interactions between units.

The biological sequence begins with two unaerated (anoxic) reactors 
that facilitate denitrification, followed by three aerated reactors where 
nitrification and carbon oxidation occur. Reactor interconnections are 
established through two primary recirculation streams. The first is an 
internal recycle flow (IRF) that returns mixed liquor from the bottom of 
the fifth (last) aerobic reactor back to the head of the first anoxic reactor, 
promoting effective anoxic/aerobic cycling for nitrogen removal. The 
second is an external recycle, in which settled sludge from the clarifier 
underflow is conveyed back to the first reactor. Waste Activated Sludge 
(WAS) is continuously withdrawn from the clarifier underflow for sludge 
management, while return activated sludge (RAS) drawn from the same 
underflow stream maintains biomass concentration in the reactor train.

The state of each soluble component 𝑆𝑖 and particulate component 
𝑋𝑖 in any CSTR is governed by mass-balance equations of the form:
𝑑𝑆𝑖
𝑑𝑡

=
𝑄in
𝑉

(

𝑆in,𝑖 − 𝑆𝑖
)

+
∑

𝑗
𝑅𝑖𝑗 (𝑆,𝑋), (1)

𝑑𝑋𝑖
𝑑𝑡

=
𝑄in
𝑉

(

𝑋in,𝑖 −𝑋𝑖
)

+
∑

𝑗
𝑅𝑖𝑗 (𝑆,𝑋) −

𝑄w
𝑉

𝑋𝑖, (2)

where 𝑉  is the volume of reactor. The net inflow 𝑄in includes influ-
ent, internal recycle, and RAS, while the wastage flow 𝑄w represents 
WAS removal. The reaction terms 𝑅𝑖𝑗 follow the ASM1 as detailed by 
Henze et al. (2006), incorporating 13 state variables and eight kinetic 
processes covering microbial growth (heterotrophic and autotrophic), 

decay, hydrolysis, nitrification, denitrification, and ammonification. Re-
action rates are expressed via Monod-type kinetics with stoichiometric 
and half-saturation parameters.

The secondary clarifier is represented by a one-dimensional, ten-
layer model incorporating flux-limited solids transport dynamics based 
on Takács et al. (1991). A concentration-dependent settling velocity 
function captures three distinct settling regimes: discrete, hindered, and 
compressive. Solids flux between layers is described by Eq. (3):
𝐽𝑘 = 𝑣(𝛼𝑘)

(

𝑋𝑘 −𝑋𝑘+1
)

, 𝑘 = 1,… , 9, (3)

where 𝑋𝑘 denotes the concentration of solids in layer 𝑘 and 𝑣(𝛼𝑘), the 
corresponding settling velocity. Clarifier effluent is drawn from the top 
layer, while sludge underflow supplies both RAS and WAS streams. 
Fig. 1 provides a schematic overview of the reactor train, recirculation 
loops, and clarifier layering.

The coupling of hydrodynamics, microbial conversions, oxygen 
transfer, and settling dynamics generates a high-dimensional, nonlin-
ear, and time-varying system. Operational variations in aeration inten-
sity (via oxygen-transfer coefficient adjustments), recycle ratios, and 
sludge-wasting rates exert divergent effects on effluent quality, nitro-
gen removal performance, and energy consumption, posing a complex, 
non-convex control challenge.

As a baseline for comparison, we use the standard closed-loop con-
trol strategy defined in the original BSM1 benchmark. In this configura-
tion, dissolved oxygen in the final aerobic reactor is regulated through 
feedback PI control of the oxygen transfer coefficient 𝐾𝐿𝑎, while nitrate 
in the last anoxic reactor is regulated through feedback PI control of 
the internal recycle flow rate. This benchmark controller serves as the 
conventional reference policy against which the proposed RL agent is 
evaluated.

For simulation and control experiments, we utilize the open-source 
Python implementation of BSM1 by Miederer et al. (2025). This im-
plementation is wrapped within an OpenAI Gymnasium environment 
(Towers et al., 2025), enabling episodic interactions, reward shaping, 
and constraint-handling mechanisms essential for RL-based controller 
development. The Gymnasium interface abstracts action and observa-
tion spaces, facilitating seamless integration with standard RL algo-
rithms while preserving the modularity and extensibility of the under-
lying BSM1 simulator.

3.2.  Constraint reinforcement learning framework

The control problem considered in this study is formulated as a Con-
strained Markov Decision Process (CMDP), represented by the tuple 
( ,, 𝑃 , 𝑅, {𝐶𝑖}𝑚𝑖=1, 𝛾) (Altman, 1999). Here,  denotes the state space, 
 the action space, 𝑃 ∶  × ×  → [0, 1] the transition probability, 
𝑅 ∶  × → ℝ the reward function, {𝐶𝑖 ∶  × → ℝ}𝑚𝑖=1 a set of cost 
functions associated with 𝑚 separate constraints, and 𝛾 ∈ [0, 1) the dis-
count factor that determines the relative importance of future rewards 
and costs. This formulation is well-suited to wastewater treatment con-
trol, as it captures its sequential and stochastic dynamics while allow-
ing effluent quality constraints to be explicitly incorporated into the 
decision-making framework. The objective is to learn a stochastic pol-
icy 𝜋(𝑎 ∣ 𝑠) that maximizes the expected cumulative discounted reward:

𝐽𝑅(𝜋) = 𝔼𝜋

[ ∞
∑

𝑡=0
𝛾 𝑡𝑟(𝑠𝑡, 𝑎𝑡)

]

, (4)

subject to the constraint expectations:

𝐽𝐶𝑖
(𝜋) = 𝔼𝜋

[ ∞
∑

𝑡=0
𝛾 𝑡𝑐𝑖(𝑠𝑡, 𝑎𝑡)

]

≤ 𝑑𝑖, ∀𝑖 ∈ {1,… , 𝑚}. (5)

Eqs. (4) and (5) together define the constrained optimization problem 
that the policy must solve. Specifically, Eq. (4) represents the expected 
cumulative discounted reward under policy 𝜋, while Eq. (5) enforces 
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Fig. 1. Schematic overview of BSM1 (Alex et al., 2008).

that the expected discounted cost associated with each constraint re-
mains below its corresponding limit 𝑑𝑖. In the context of wastewater 
treatment control, these constraints correspond to regulatory limits on 
effluent quality, ensuring that operational objectives are pursued with-
out violating environmental requirements.

3.3.  Constraint Markov decision process based on BSM1

Building on the BSM1 process description in Section 3.1 and the 
CMDP formulation introduced in Section 3.2, the wastewater treatment 
control problem is represented as a CMDP defined over the BSM1 envi-
ronment. The process variables simulated by BSM1 constitute the sys-
tem state, while the control inputs define the action space. Operational 
objectives are encoded through the reward function, and regulatory re-
quirements are represented as constraint cost functions. The specific def-
initions of the state space, action space, reward, and constraint costs 
used in this study are presented in the following subsections.

3.3.1.  State space
The state vector comprises selected variables relevant for capturing 

the time-dependent nitrogen dynamics of the process and informing aer-
ation control decisions. Specifically, it includes the time of day encoded 
using sine and cosine functions to represent diurnal patterns, the in-
fluent ammonium concentration, the ammonium concentrations in the 
three aerobic reactors, and two deviation signals that quantify the ex-
tent to which the current effluent ammonium and total nitrogen con-
centrations exceed their respective regulatory limits. The state at time 𝑡
is therefore defined as:

𝑠𝑡 =
[

sin(2𝜋𝑡), cos(2𝜋𝑡),NH+,inf
4 ,NH+,R3

4 ,NH+,R4
4 ,NH+,R5

4 ,ΔNH+,eff
4 ,ΔTNeff

]

𝑡
(6)

In Eq. (6), the deviation terms are defined as ΔNH+,eff
4 = NH+,eff

4 −
NH+,limit

4  and ΔTNeff = TNeff − TNlimit. This state representation is fully 
observable and compactly encodes temporal variation, spatial distribu-
tion of ammonium across the aerobic zone, and real-time compliance 
with effluent nitrogen constraints, which are critical features for learn-
ing effective aeration control policies.

3.3.2.  Actions
In this study, the control policy manipulates four variables: the oxy-

gen transfer coefficients (𝐾𝐿𝑎) in aerobic reactors 3 to 5, and the inter-
nal recycle flow rate, expressed as a ratio relative to the influent flow 
(𝑄int∕𝑄in). These variables represent key control inputs governing the 
biological treatment process. Regulation of 𝐾𝐿𝑎 directly influences dis-
solved oxygen concentrations, which determine the rates of nitrification 
and heterotrophic activity. Independent adjustment of 𝐾𝐿𝑎 in each re-
actor therefore enables spatial control of aerobic capacity, reducing the 
risk of oxygen limitation or energy losses caused by excessive aeration.

The internal recycle ratio controls the transport of nitrate and or-
ganic carbon between aerobic and anoxic zones and therefore strongly 
affects denitrification performance and total nitrogen removal. These 
variables are frequently considered in wastewater treatment control 
studies due to their significant impact on energy consumption, effluent 

Table 1 
Manipulated variables (action space) and operational bounds.
 Variable  Description  Range
𝐾𝐿𝑎,3  Oxygen transfer coefficient in CSTR 3  [0, 350]  d−1
𝐾𝐿𝑎,4  Oxygen transfer coefficient in CSTR 4  [0, 350]  d−1
𝐾𝐿𝑎,5  Oxygen transfer coefficient in CSTR 5  [0, 350]  d−1
𝑄int∕𝑄in  Internal recycle ratio  [0, 5]

quality, and process stability. Moreover, they correspond to actuators 
that are available in full-scale facilities, making them suitable candi-
dates for the practical implementation of learned control policies. The 
manipulated variables and their ranges are shown in Table 1.

3.3.3.  Reward and cost functions
The control objective in this study is to minimize the total energy 

consumption associated with wastewater treatment while ensuring com-
pliance with effluent quality standards. Specifically, the reward function 
is designed to penalize excessive energy use by incorporating two major 
contributors to energy demand: aeration energy and pumping energy. 
Aeration energy, which typically constitutes the largest share of total 
energy usage in activated sludge systems (Jamaludin et al., 2024), is 
modeled as being directly proportional to the oxygen transfer coeffi-
cients 𝐾𝐿𝑎,3, 𝐾𝐿𝑎,4, and 𝐾𝐿𝑎,5 applied in the aerobic reactors. Similarly, 
the energy required for internal recirculation is modeled as a function 
of the internal recycle flow rate, represented by the ratio 𝑄int∕𝑄in.

By formulating the reward as the negative sum of these energy terms, 
the RL agent is encouraged to learn control strategies that minimize op-
erational energy consumption while respecting effluent constraints. This 
approach aligns with practical operational goals in full-scale wastewa-
ter treatment plants, where energy efficiency must be balanced against 
process stability and regulatory compliance.

In addition to minimizing energy consumption, the agent is tasked 
with maintaining effluent quality within acceptable regulatory limits. To 
encode these requirements, we define a continuous, differentiable cost 
function that penalizes violations of effluent constraints while preserv-
ing numerical stability and sensitivity near the constraint boundaries.

We adopt a normalized log-barrier formulation in which the cost in-
creases as the effluent concentration 𝑥 approaches its prescribed thresh-
old from below, while a linear penalty is imposed when the threshold is 
exceeded. The function is defined in Eq. (7).

cost(𝑥) =
⎧

⎪

⎨

⎪

⎩

− log
(

max
(

𝜖, 𝜏𝑥−𝑥𝜏𝑥

))

, if 𝑥 < 𝜏𝑥
− log(𝜖) − 𝑘 ⋅ 𝜏𝑥−𝑥

𝜏𝑥
, if 𝑥 ≥ 𝜏𝑥

(7)

Here, 𝜏𝑥 is the threshold associated with variable 𝑥 and the term 
(𝜏𝑥 − 𝑥)∕𝜏𝑥 represents the normalized relative distance to the constraint 
boundary. The log-barrier ensures that the cost grows sharply as the 
variable approaches the threshold from the feasible side, promoting con-
servative operation near constraint limits. The overflow term introduces 
a linear penalty beyond the threshold, scaled by a factor 𝑘, to discour-
age violations while maintaining continuity and differentiability at the 
boundary. The constant 𝜖 ensures numerical stability by avoiding unde-
fined values in the logarithm.
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Table 2 
Effluent nitrogen limits based on BSM1 benchmark.
 Variable  Description  Limit [g/m3]

SNHeff  Effluent ammonium nitrogen  4
TNeff  Effluent total nitrogen  18

This formulation yields a smooth and convex surrogate for hard con-
straints and is particularly suitable for integration into constrained RL 
frameworks, where gradient-based optimization and cost shaping are 
critical for stable learning.

In this work, we impose constraints on two key effluent quality in-
dicators: ammonium nitrogen (SNHeff) and total nitrogen (TNeff). These 
variables are selected due to their high regulatory importance and en-
vironmental impact. Ammonium is directly toxic to aquatic organisms 
and must be effectively nitrified, while total nitrogen reflects the aggre-
gate nutrient load, including ammonium, nitrate, and organic nitrogen 
species. Both metrics are routinely monitored in wastewater treatment 
operations and are also used within the BSM1 benchmark to assess plant 
performance. Accordingly, we adopt the standard BSM1 thresholds for 
these variables, as shown in Table 2.

These constraints ensure that the learned control policies do not com-
promise effluent quality while optimizing energy efficiency. Notably, 
these two indicators frequently exceed their respective thresholds in 
the BSM1 baseline operation, whereas other regulated components (e.g., 
BOD, COD, TSS) typically remain within acceptable limits. Furthermore, 
SNH and TN exhibit a trade-off: increasing aeration promotes nitrifica-
tion and reduces SNH, but may elevate TN due to nitrate accumulation if 
denitrification is insufficient. Conversely, promoting denitrification can 
reduce TN, but may compromise nitrification, leading to higher SNH 
levels. This trade-off highlights the importance of explicitly incorporat-
ing both variables as constraints to guide balanced and environmentally 
compliant control strategies.

3.4.  Adaptive Lagrangian soft actor-critic

To address the constrained control problem formulated as a CMDP, 
we propose an Adaptive Lagrangian Soft Actor-Critic (AL-SAC) algo-
rithm. This method integrates a Lagrangian relaxation mechanism into 
the Soft Actor-Critic (SAC) framework, enabling principled constraint 
handling in continuous state-action spaces. SAC is particularly well-
suited as a foundation for this work due to its sample efficiency, off-
policy learning, and inherent stability, making it highly effective in com-
plex, high-dimensional control environments such as wastewater treat-
ment plants.

The SAC algorithm optimizes a stochastic policy by maximizing a re-
ward signal augmented with an entropy term, promoting both efficient 
exploration and convergence stability. In addition, SAC’s off-policy na-
ture allows efficient reuse of experience data, which is critical when in-
teracting with computationally expensive simulators, such as BSM1. Its 
twin Q-network architecture and use of target networks further reduce 
overestimation bias and stabilize value estimation.

To incorporate constraints into SAC, we adopt a Lagrangian dual 
formulation that introduces a set of non-negative multipliers 𝜆𝑖 ≥ 0, one 
for each constraint 𝐶𝑖. This reformulates the CMDP objective defined in 
Eqs. (4) and  (5) as the following Lagrangian function:

(𝜋, 𝜆) = 𝐽𝑅(𝜋) −
𝑚
∑

𝑖=1
𝜆𝑖
(

𝐽𝐶𝑖
(𝜋) − 𝑑𝑖

)

, (8)

where 𝐽𝑅(𝜋) denotes the expected discounted return and 𝐽𝑐𝑖 (𝜋) denotes 
the expected discounted cost associated with constraint 𝑖. The constant 
𝑑𝑖 represents the allowable upper bound for constraint 𝑖. Building on 
Eq. (8), the AL-SAC algorithm optimizes the entropy-regularized objec-

tive in Eq. (9):

𝐽AL-SAC(𝜋) =
∞
∑

𝑡=0
𝔼(𝑠𝑡 ,𝑎𝑡)∼𝜋

[

𝑟(𝑠𝑡, 𝑎𝑡) −
𝑚
∑

𝑖=1
𝜆𝑖𝑐𝑖(𝑠𝑡, 𝑎𝑡) + 𝛼(𝜋(⋅ ∣ 𝑠𝑡))

]

, (9)

where 𝑐𝑖(𝑠𝑡, 𝑎𝑡) is the instantaneous cost associated with constraint 𝑖, 
(𝜋(⋅ ∣ 𝑠𝑡)) = −𝔼𝑎𝑡∼𝜋 [log𝜋(𝑎𝑡 ∣ 𝑠𝑡)] denotes the policy entropy, and 𝛼 > 0
is the temperature parameter, which is automatically tuned to achieve 
a target entropy. The resulting optimization problem corresponds to the 
saddle-point formulation in Eq. (10), which is commonly used in con-
strained optimization (Giorgi et al., 2023):
min
𝜆≥0

max
𝜋

(𝜋, 𝜆). (10)

Here, the policy 𝜋 is updated to maximize the Lagrangian objective, 
while the multipliers (𝜆𝑖) are adjusted to enforce constraint satisfaction. 
The multipliers are updated using projected gradient ascent:
𝜆𝑖 ←

[

𝜆𝑖 + 𝜂
(

𝐽𝐶𝑖
(𝜋) − 𝑑𝑖

)]

+
, ∀𝑖, (11)

Algorithm 1 Adaptive Lagrangian Soft Actor-Critic (AL-SAC).
1: Initialize policy parameters 𝜙, reward critic parameters 𝜃(1,2)𝑟 , cost 
critic parameters 𝜃(1,2)𝑐  with 𝑚 heads (one per constraint 𝑖 = 1…𝑚), 
target networks, dual variables 𝜆𝑖≥0, and replay buffer 

2: for each iteration do
3:  for environment step do
4:  Sample 𝑎𝑡∼𝜋𝜙(⋅|𝑠𝑡), observe 𝑟𝑡, {𝑐𝑖,𝑡}, 𝑠𝑡+1,
5:  store (𝑠𝑡, 𝑎𝑡, 𝑟𝑡, {𝑐𝑖,𝑡}, 𝑠𝑡+1) in 
6:  end for
7:  for gradient step do
8:  Sample minibatch (𝑠, 𝑎, 𝑟, 𝑐𝑖, 𝑠′) ∼ 
9:  Reward critic:
10:  𝑦𝑟 = 𝑟 + 𝛾(min𝑗 𝑄

(𝑗)
𝑟 (𝑠′, 𝑎′) − 𝛼 log𝜋(𝑎′|𝑠′)); 

11:  update 𝑄(𝑗)
𝑟  minimizing ‖𝑄(𝑗)

𝑟 (𝑠, 𝑎) − 𝑦𝑟‖2

12:  Cost critics:
13:  for 𝑖 = 1…𝑚 do
14:  𝑦𝑐𝑖 = 𝑐𝑖 + 𝛾 max𝑗 𝑄

(𝑗)
𝑐𝑖 (𝑠

′, 𝑎′);
15:  update 𝑄(𝑗)

𝑐𝑖  minimizing ‖𝑄
(𝑗)
𝑐𝑖 (𝑠, 𝑎) − 𝑦𝑐𝑖‖

2

16:  end for
17:  Policy: ∇𝜙𝐽𝜋 = 𝔼[𝛼 log𝜋𝜙(𝑎|𝑠) − min𝑗 𝑄

(𝑗)
𝑟 (𝑠, 𝑎) +

∑

𝑖 𝜆𝑖𝑄𝑐𝑖 (𝑠, 𝑎)]
18:  for 𝑖 = 1…𝑚 do
19:  𝜆𝑖 ← [𝜆𝑖 + 𝜂(𝔼[𝑄𝑐𝑖 (𝑠, 𝑎)] − 𝑑𝑖)]+
20:  end for
21:  end for
22: end for

where 𝜂 > 0 is the learning rate, and [𝑥]+ = max(𝑥, 0) ensures non-
negativity. No additional stopping criterion or upper bound is imposed 
on the multipliers; they are updated throughout training and may in-
crease or decrease adaptively depending on the degree of constraint sat-
isfaction. In practice, the expectation 𝐽𝐶𝑖

(𝜋) in Eq. (11) is approximated 
using mini-batch samples drawn from the replay buffer. Specifically, 
during each gradient update step, the dual variables are updated using 
the mean predicted constraint cost over the sampled batch, as shown in 
Algorithm 1. The update therefore relies on the critic estimates 𝑄𝑐𝑖 (𝑠, 𝑎)
as an approximation of the expected discounted cost for constraint 𝑖. 
This results in an online primal–dual update in which the policy param-
eters are optimized via gradient descent on the Lagrangian objective, 
while the dual variables 𝜆𝑖 are updated via projected gradient ascent to 
penalize constraint violations. This adaptive update eliminates the need 
for manual penalty tuning and allows the agent to dynamically balance 
performance against constraint satisfaction.

The training architecture maintains the following components:
• A stochastic actor 𝜋𝜙(𝑎|𝑠), parameterized by 𝜙, representing the con-
trol policy.
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Fig. 2. Normalized moving average of evaluation mean rewards across different frame stack size.

• Two reward critics 𝑄(1)
𝜃𝑟
, 𝑄(2)

𝜃𝑟
, parameterized by 𝜃𝑟 to estimate the 

soft value of the reward objective.
• Two cost critics 𝑄(1)

𝜃𝑐
, 𝑄(2)

𝜃𝑐
, parameterized by 𝜃𝑐 , each with multiple 

heads corresponding to cost functions 𝑐𝑖, which estimate vectors of 
expected constraint violations.
Critics are trained via Bellman targets for both reward and cost ob-

jectives (Sutton & Barto, 2018). Specifically, the reward critics minimize 
the temporal-difference (TD) error with targets defined in Eq. (12):

𝑦𝑟 = 𝑟(𝑠, 𝑎) + 𝛾 𝔼𝑠′∼𝑃

[

min
𝑗∈{1,2}

𝑄(𝑗)
𝑟
(

𝑠′, 𝑎′ ∼ 𝜋
)

− 𝛼 log𝜋(𝑎′ ∣ 𝑠′)
]

. (12)

For the cost critics, the maximum over the two target Q-functions is 
used to obtain a conservative estimate of future constraint violations, 
thereby promoting safety by reducing the risk of underestimating po-
tential costs. The cost critics are trained by minimizing the TD error 
with targets defined in Eq. (13):

𝑦𝑐𝑖 = 𝑐𝑖(𝑠, 𝑎) + 𝛾 𝔼𝑠′∼𝑃

[

max
𝑗∈{1,2}

𝑄(𝑗)
𝐶𝑖

(

𝑠′, 𝑎′ ∼ 𝜋
)

]

, ∀𝑖 ∈ {1,… , 𝑚}. (13)

The actor is optimized using the gradient expression in Eq. (14), derived 
from the adjusted Q-values:
∇𝜙𝐽𝜋 = 𝔼𝑠𝑡∼

[

∇𝜙𝛼 log𝜋𝜙(𝑎𝑡|𝑠𝑡) −𝑄lagr(𝑠𝑡, 𝑎𝑡)
]

, (14)

where  denotes the replay buffer and the adjusted critic is defined in 
Eq. (15):

𝑄lagr(𝑠𝑡, 𝑎𝑡) = 𝑄𝜃𝑟 (𝑠𝑡, 𝑎𝑡) −
𝑚
∑

𝑖=1
𝜆𝑖𝑄𝜃𝑐𝑖

(𝑠𝑡, 𝑎𝑡), (15)

This formulation encourages the policy to optimize reward while si-
multaneously accounting for the specific constraints. As a result, the 
approach provides a robust and adaptive solution framework for con-
strained control in wastewater treatment systems. A step-by-step sum-
mary of the AL-SAC training loop is provided in Algorithm 1.

3.5.  Training protocol and hyperparameters

The control agent is trained in an episodic simulation environment 
based on BSM1 dynamics. Each training episode begins from a prede-
fined steady-state operating condition and continues for a simulated du-
ration of two weeks. Unlike the standard BSM1 protocol that samples 

one of three fixed influent profiles (dry, rain, storm) at episode start, 
for the training step, we generate a new unique influent trajectory for 
every episode using the dynamic generator ensuring broad coverage of 
operating conditions during training.

The generator combines three main components: diurnal profiles, 
stochastic fluctuations, and weather events. Diurnal patterns provide the 
baseline variation in flow and pollutant concentrations across the day. 
Random fluctuations are then added to mimic short-term variability and 
measurement noise. Finally, weather events such as rain or storms are 
introduced at random times with varying intensity and duration. The 
generator produces time series for flow, total COD, total nitrogen, and 
total phosphorus, which are subsequently converted into the full BSM1 
influent state vector. This conversion involves dilution effects, redistri-
bution of COD fractions during first-flush events, and nitrogen fractiona-
tion according to BSM1 conventions. The resulting profiles maintain the 
internal consistency of BSM1 while introducing realistic variability. The 
time resolution is fixed at 15 minutes, in line with the BSM1 benchmark 
definition (Alex et al., 2008) and consistent with typical monitoring and 
control intervals in full-scale plants (Åmand et al., 2013). This design 
provides a balance between computational feasibility and practical rel-
evance (Gernaey et al., 2011; Saagi, 2017).

The environment is discretized into 15-minute intervals, meaning 
that the agent receives a new observation and selects a control action 
every 15 minutes of simulated time. Consequently, the learned con-
trol policy operates on a practically relevant timescale. At the end of 
each episode, the environment is reset to its steady-state configuration 
to ensure consistent initialization. This training protocol enables stable 
learning under realistic process dynamics while facilitating efficient ex-
ploration across operational scenarios.

To enhance temporal representation and improve the agent’s ability 
to capture delayed system dynamics, a frame-stacking strategy is em-
ployed. Specifically, the input to the policy network comprises the eight 
most recent observation vectors, which together represent two hours of 
historical data. The choice of using eight frames was guided by empirical 
evaluations in which several stack sizes, including 4, 6, 8, and 10, were 
systematically compared. As shown in Fig. 2, these experiments demon-
strated that increasing the number of stacked frames led to improve-
ments in training stability and overall control performance. However, 
further increasing the stack size from 8 to 10 provided only marginal 
gains. Consequently, a stack size of 8 was selected as the minimal con-
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Table 3 
Main hyperparameters used in the AL-SAC controller.
 Parameter  Value
 Actor and critic hidden layers [256, 256] (ReLU)
 Cost critic hidden layers [256, 256] (ReLU) + linear output
 Discount factor for reward, 𝛾 0.99
 Discount factor for cost, 𝛾𝑐 0.90
 Learning rate (actor and critics) 1 × 10−3

 Dual learning rate, 𝜂 1 × 10−3

 Batch size 128

figuration that yields reliable performance benefits without incurring 
unnecessary computational cost.

We adopt the default settings of Stable-Baselines3 (SB3, v2.3) for 
Soft Actor-Critic (Raffin et al., 2021). Both the actor and critic share a 
two-layer perceptron with ReLU activations, whereas the cost critic uses 
the same structure of hidden layers, but a linear output layer to keep the 
cost signal unbounded. We retain SB3’s default optimizer and entropy-
regularization schedule; the only deviations are the discount factor for 
costs (𝛾𝑐 = 0.90) and the aforementioned linear activation. Table 3 rep-
resents the main hyperparameters used for the training.

4.  Results

All simulations are initialized from a common steady-state solution 
of the activated sludge reactor model. Starting from these conditions, 
each control strategy is simulated over a two-week period (14 days). 
For the evaluation phase, only the three influent profiles provided in 
the BSM1 benchmark are used, namely the dry-weather, rain-weather, 
and storm-weather scenarios, each defined by its characteristic flow and 
pollutant-load time series. By applying the same initialization and two-
week evaluation window across all profiles, we ensure that observed dif-
ferences in performance arise solely from the control logic rather than 
from transient start-up effects. Results for each profile are reported rel-
ative to the standard BSM1 baseline control strategy, in which dissolved 
oxygen and internal recycle flow are regulated by conventional PI con-
trollers.

To evaluate and compare control strategies in an activated-sludge 
plant, we employ three well-established performance metrics plus a 
newly proposed "integral above threshold”. First, the energy consump-
tion is reported in kWh∕d and combines the electricity used by the aera-
tion blowers and pump units. Since aeration is the dominant contributor 
to energy consumption in wastewater treatment plants, reducing the 
specific energy consumption of the process can significantly decrease 
operational costs.

Second, we calculate the Effluent Quality Index (EQI) as defined in 
BSM1. EQI is defined in Eq. (16) as the flow- and pollutant-weighted 
mass discharge over the evaluation period as follows:

EQI = 1
1000 (𝑡𝑓 − 𝑡0) ∫

𝑡𝑓

𝑡0

(

∑

𝑘
𝛽𝑘 𝐶𝑘(𝑡)

)

𝑄𝑒(𝑡) d𝑡 , (16)

where 𝑡0 and 𝑡𝑓  denote the start and end of the simulation window 
(in days), 𝑄𝑒(𝑡) [m3 .d−1] is the instantaneous effluent flow rate, 𝐶𝑘(𝑡)
[g .m−3] is the concentration of pollutant component 𝑘 (e.g., TSS, COD, 
BOD, TKN, NO−

3 , 𝑃tot) in the effluent. The prefactor 1∕[ 1000 (𝑡𝑓 − 𝑡0) ]
converts the integral into average kg∕d over the period. Finally, 𝛽𝑘 is 
a dimensionless weighting factor for component 𝑘, and in BSM1 are 
𝛽TSS = 2, 𝛽COD = 1, 𝛽BOD = 2, 𝛽TKN = 20, 𝛽NO3

= 20, and 𝛽𝑃tot = 20.
Third, we report the time during which each effluent parameter 𝑝

surpasses its imposed limit 𝐿𝑝. Specifically, we count the number of 15-
minute samples for which 𝐶𝑝(𝑡) > 𝐿𝑝 and convert this count to hours 
(since each sample corresponds to Δ𝑡 = 0.25 h). This value, expressed 
either in hours or as a percentage of the total samples, quantifies the 
duration for which the effluent exceeded its regulatory threshold. This 
continuous metric captures both short-duration spikes and longer excur-
sions, rather than treating exceedance as a simple Boolean condition.

Finally, we introduce the integral above threshold (IAT), defined in 
Eq. (17), to capture both the duration and magnitude of non-compliance:
IAT𝑝 =

∑

𝑡 ∶𝐶𝑝(𝑡)>𝐿𝑝

[

𝐶𝑝(𝑡) − 𝐿𝑝
]

Δ𝑡, Δ𝑡 = 0.25 h. (17)

By summing [𝐶𝑝(𝑡) − 𝐿𝑝
] for each time step above the limit and mul-

tiplying by Δ𝑡, IAT (in mg ⋅ hL−1) penalizes both large deviations and 
extended durations of exceedance. Consequently, IAT can distinguish 
between strategies that exhibit the same total "hours above limit” but 
differ in the magnitude of exceedance, as well as those with similar ex-
ceedance magnitudes but differing durations. This makes IAT a more 
informative indicator of potential downstream environmental impact, 
as it accounts for both the severity and duration of exceedances, unlike 
time-above-limit which only reflects duration. All evaluation metrics are 
defined such that lower values correspond to better performance.

4.1.  Energy consumption

Over the 14-day simulation horizon across the three influent pro-
files, the RL-based control strategy achieves an average daily energy 
consumption (aeration and pumping) of 3034.4 kWh∕d, representing a 
23.2% reduction relative to the baseline of 3950.1 kWh∕d. Table 4 pro-
vides a breakdown of the separate aeration and pumping energy de-
mands for each profile under both control strategies.

4.2.  Effluent quality and compliance

Table 5 compares the influent-quality index (IQI) and effluent-
quality index (EQI) for the baseline controller and the RL agent, and 
reports the RL agent’s percentage improvement. Across all three weather 
profiles, the RL agent consistently reduces EQI, achieving gains that 
range from roughly 0.64% to 2.92%.

Table 6 summarizes the RL agent’s performance in meeting regula-
tory effluent-quality limits relative to the baseline controller. Across all 
three influent conditions, the RL-based controller substantially reduces 
both the duration and magnitude of effluent exceedances for total nitro-
gen (TN) and soluble ammonia (SNH). Under dry-weather conditions, 
TN exceedances are eliminated entirely, while SNH exceedance time de-
creases from 55.75 h to 20.75 h and the corresponding IAT decreases 
from 116.94 to 11.06 mg⋅h L−1. Under rain-event conditions, TN ex-
ceedance time decreases from 38.50 h to 2.50 h, with the IAT reduced 
from 42.20 to 0.21 mg⋅h L−1. Over the same profile, SNH exceedance 
time decreases from 71.25 h to 16.50 h, while the IAT is reduced from 
140.89 to 8.31 mg⋅h L−1. Storm-event results show similarly strong im-
provements: TN exceedances are again eliminated entirely, and SNH 
exceedance time decreases from 71.50 h to 21.25 h, with the corre-
sponding IAT reduced from 150.89 to 10.72 mg⋅h L−1. Effluent solids 
(TSS) remain essentially within limits in both cases, with only 0.50 h 
of exceedance under storm conditions; however, the cumulative TSS ex-
ceedance remains lower under RL than under the baseline. COD and 
BOD do not exceed their respective limits under any profile.

In the violin plots of Fig. 3a, the TN violins reveal that the base-
line scenario consistently produces higher median concentrations and 
heavier upper tails than the RL agent across all three hydrologic pro-
files. For baseline, the 95th-percentile TN values are 19.71mg/L in dry, 
19.30mg/L in rain, and 19.65mg/L in storm profiles-each exceeding 
the 18mg/L limit, whereas the RL agent’s corresponding 95th-percentiles 
are all below the limit with, respectively, 17.31mg/L, 17.32mg/L, and 
17.21mg/L. This indicates that extreme TN excursions are more fre-
quent under baseline operation.

In Fig. 3b, SNH distributions show a similar pattern: baseline’s 
95th-percentile SNH reaches 6.35mg/L (dry), 6.64mg/L (rain), and 
6.61mg/L (storm), which is well above the 4mg/L threshold. In con-
trast, the RL agent’s upper-tail SNH distribution remains much tighter 
at 4.20mg/L, 3.98mg/L, and 4.12mg/L, respectively. Taken together, 
the violins and 95th-percentile metrics demonstrate that the RL agent 
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Table 4 
Daily aeration and pumping energy consumption (kWh/d) for the BSM1 baseline and RL 
control.

 Profile  Baseline Aero  Baseline Pump  RL Aero  RL Pump  Total Reduction
 (kWh/d)  (kWh/d)  (kWh/d)  (kWh/d)  (%)

 Dry-weather  3696.43  240.65  2779.74  294.70  21.9%
 Rain-weather  3679.56  269.76  2621.94  387.23  23.8%
 Storm-weather  3703.42  260.61  2687.05  332.53  23.9%

Table 5 
Comparison of influent-quality index (IQI), EQI and removal efficiency for baseline vs. 
RL control.
 Profile  Strategy  IQI (kg/d)  EQI (kg/d)  Improvement over baseline (%)

Dry-weather
 Baseline

52 081.46
 5320.10  –

 RL  5164.67  2.92%
Rain-weather

 Baseline
52 081.46

 6121.41  –
 RL  6082.10  0.64%

Storm-weather
 Baseline

52 953.34
 5748.10  –

 RL  5607.00  2.45%

Table 6 
Effluent exceedance metrics for TN, SNH and TSS under baseline and RL control across influent profiles.
 Profile  Parameter  Run  Hours Exceeded  Time Percent Exceeded (%) IAT(𝑚𝑔.ℎ𝐿−1)

Dry-weather
TN

 Baseline  47.25  15.06%  60.23
 RL  0.00  0.00%  0.00

SNH
 Baseline  55.75  16.59%  116.94
 RL  20.75  6.17%  11.06

Rain-weather
TN

 Baseline  38.50  11.48%  42.20
 RL  2.50  0.74%  0.21

SNH
 Baseline  71.25  21.20%  140.89
 RL  16.5  4.92%  8.31

Storm-weather

TN
 Baseline  44.75  13.32%  56.19
 RL  0.00  0.00%  0.00

SNH
 Baseline  71.50  21.28%  150.89
 RL  21.25  6.32%  10.72

TSS
 Baseline  0.50  0.15%  0.12
 RL  0.50  0.15%  0.03

Fig. 3. Violin plots of (a) Total Nitrogen (TN) and (b) Soluble Ammonium-Nitrogen (SNH, NH+
4 -N) distributions under Baseline (blue) and RL (orange) configurations 

across dry, rain, and storm profiles. Dashed lines mark regulatory limits.

substantially reduces the frequency of extreme nutrient concentrations 
compared to the baseline in all flow regimes.

As shown in Fig. 4, over the 24-h dry-weather effluent record, the 
baseline scenario exhibits distinct midday peaks with TN (top) and SNH 
(bottom) exceeding their respective limits of 18 and 4mg/L. In contrast, 
the RL agent attenuates these peaks. TN briefly approaches the 18mg/L 

limit without exceeding it, while SNH surpasses 4mg/L with reduced 
magnitude and shorter duration compared to the baseline scenario. The 
overnight and early-morning concentrations are similar for both scenar-
ios, but from 08:00 onward, the RL agent maintains a smoother profile, 
reducing both the magnitude and duration of regulatory-exceeding loads 
and thereby improving effluent compliance.
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Fig. 4. Effluent TN (top) and SNH (bottom) over 24 h (first 96 samples at 15min intervals) for Baseline (blue solid) and RL (orange dashed).

Table 7 
Comparison of control performance under the one-year influent profile.
 Scenario  Aero + Pump (kWh/d)  EQI (kg/d)  Energy saving  EQI improvement
 Benchmark  3834  6078  –  –
 ABACa  3307  5897  13.7%  3.0%
 TD3-0a  3310  5980  13.7%  1.6%
 AL-SAC  3049  5445  20.5%  10.4%
a Values reported by Croll et al. (2023b) for the BSM1 benchmark configuration.

4.3.  Control strategy evaluation

Fig. 5 compares the aeration profiles (𝐾𝐿𝑎) in CSTR 3–5 and the in-
ternal recycle ratio under the baseline and RL-controlled scenarios over 
a five-day period. Under the baseline, 𝐾𝐿𝑎 in CSTR3 and CSTR4 remains 
approximately constant at 240 h−1, while CSTR5 shows a smoother time-
varying profile within a lower operating range. In contrast, the RL con-
troller generates markedly more dynamic and demand-responsive aer-
ation patterns. In CSTR3 and CSTR4, the RL policy frequently switches 
between very low aeration and values near the upper operating range. 
A similar but even more pronounced switching behavior is observed 
in CSTR5, where 𝐾𝐿𝑎 alternates rapidly between near-zero and high 
aeration levels. Overall, these profiles indicate that the RL controller 
applies aeration more selectively and intermittently than the baseline
strategy.

Furthermore, the internal recycle ratio behavior differs substan-
tially between the baseline and RL-controlled cases. The baseline pro-
file varies continuously over time, whereas the RL policy keeps the 
recycle ratio close to 1 for extended periods and introduces brief 
spikes up to approximately 5 at selected intervals. This suggests 
that the RL controller uses internal recycle more selectively, in com-
bination with adaptive 𝐾𝐿𝑎 adjustments, rather than following the 
smoother modulation observed in the baseline case. Such behavior 
is consistent with a control strategy that concentrates corrective ac-
tion during selected periods while allowing lower-intensity operation
otherwise.

4.4.  Long-term operation and robustness

In addition to the standard BSM1 evaluation scenarios, we perform 
a long-term simulation to assess the behavior of the AL-SAC controller 
over extended continuous operation. For this purpose, a one-year in-
fluent profile is generated following the methodology of Croll et al. 
(2023b).

Table 7 summarizes the performance of the proposed AL-SAC con-
troller against the conventional ammonia-based aeration control (ABAC) 
and the TD3-0 agent reported by Croll et al. (2023b). For a fair compar-
ison, all three strategies are evaluated under the same one-year influent 
profile. Relative to the benchmark PI control, ABAC and TD3 achieve 
moderate energy savings of approximately 13–14%, with only limited 
improvements in effluent quality (about 1–3%). In contrast, the AL-SAC 
controller reduces total energy consumption by 20.5% while improv-
ing the EQI by 10.4%. Notably, the TD3 agent employs reward shap-
ing to indirectly balance regulatory compliance with operational cost, 
whereas the AL-SAC controller applies an adaptive Lagrangian optimiza-
tion approach that enforces effluent-quality constraints explicitly during 
training. This difference in formulation enables AL-SAC to maintain reg-
ulatory compliance throughout the entire year without ad-hoc reward 
tuning, while achieving superior energy efficiency and effluent perfor-
mance.

To further assess robustness, we evaluate the trained AL-SAC policy 
under five observation-uncertainty scenarios during the one-year sim-
ulation. In these experiments, relative Gaussian noise is applied to the 

Expert Systems With Applications 325 (2026) 132705 

9 



O. Sobhani et al.

Fig. 5. Comparison of 𝐾𝐿𝑎 (h−1) in CSTRs 3–5 and the internal recycle ratio for the reinforcement learning (RL) and baseline scenarios over a five-day period.

concentration-related observation channels, and selected scenarios ad-
ditionally include additive bias shifts. The time-of-day features remain 
unchanged. These scenarios are intended as robustness stress tests and 
should not be interpreted as an exact implementation of the default 
BSM1 sensor model.

The results shown in Table A.2 indicate that AL-SAC remains ro-
bust under all tested scenarios. Relative to the noise-free case, the in-
crease in average daily energy consumption is minor, while EQI changes 
only marginally. Similarly, the exceedance percentages for SNH and TN 
remain close to their baseline values. These findings suggest that the 
learned policy is not overly sensitive to the tested levels of measure-
ment noise and moderate bias. The full specification of the scenarios 
and the corresponding results are provided in  Appendix A.

5.  Discussions

The practical deployment of the proposed controller raises several 
implementation considerations that are relevant for real wastewater 
treatment plants. While the results obtained in the BSM1 benchmark 
demonstrate the potential of constrained reinforcement learning for im-
proving operational efficiency and regulatory compliance, translating 
such approaches to full-scale facilities requires careful consideration of 
plant control architectures, instrumentation availability, and process un-
certainties.

First, the controller in this study directly manipulates the oxygen 
transfer coefficients (𝐾𝐿𝑎) in the simulation environment. This design 
choice simplifies the control interface during training and reduces com-

Expert Systems With Applications 325 (2026) 132705 

10 



O. Sobhani et al.

putational overhead by bypassing the intermediate dissolved oxygen 
(DO) control loops commonly present in real plants. In practice, how-
ever, the controller would be deployed within a hierarchical control ar-
chitecture. A practical implementation would involve a cascaded struc-
ture in which the RL agent provides optimal DO setpoints based on the 
current process state, while conventional PI controllers regulate aeration 
intensity to track these setpoints. Such a supervisory control configu-
ration preserves the robustness of existing low-level controllers while 
allowing the RL agent to optimize plant-wide operational objectives.

Second, the state representation used in this study assumes the avail-
ability of ammonium measurements at multiple locations within the aer-
ation tanks, as well as influent ammonium concentrations. While efflu-
ent ammonium monitoring is common in modern treatment facilities, 
distributed ammonium sensing throughout the biological reactors is not 
yet universally available. Two practical solutions may therefore be con-
sidered. One option is the installation of additional online sensors as part 
of plant digitalization and automation efforts. Another is the use of soft-
sensing approaches, based on either data-driven or mechanistic models, 
to estimate unmeasured variables from available signals. The integra-
tion of such soft sensors with RL-based control represents a promising 
direction for enabling advanced control without extensive instrumenta-
tion upgrades.

A related issue concerns the reliability of these measurements. The 
robustness experiments in this study considered noisy and biased ob-
servations, but not complete sensor loss or sensor-dropout scenarios. 
This distinction is important for practical deployment, since the loss of 
a critical measurement may have a more severe impact than moderate 
measurement uncertainty. In the context of RL-based wastewater con-
trol, (Croll et al., 2023b) showed that severely corrupted NHx sensor 
readings can lead to loss of effluent compliance and emphasized the 
need for reliable sensors, diversified observations, and additional safety 
mechanisms around the RL controller. These findings suggest that fault 
detection, state estimation, or supervisory fallback strategies may be re-
quired for safe real-world implementation.

Beyond implementation considerations, the learned control policy 
also provides insight into the operational dynamics of the treatment 
process. As illustrated in Fig. 5, the RL controller adopts a demand-
responsive aeration strategy, characterized by pronounced increases in 
aeration intensity during peak loading periods and extended periods 
of low aeration during lower influent loads. This behavior effectively 
aligns energy consumption with treatment demand, allowing the sys-
tem to maintain nitrification performance while reducing unnecessary 
aeration. In parallel, the internal recycle ratio is dynamically adjusted to 
support denitrification when nitrate concentrations increase. These co-
ordinated adjustments illustrate how the RL agent implicitly learns the 
coupling between nitrification, denitrification, and aeration energy con-
sumption, enabling more adaptive control strategies than fixed setpoint 
approaches.

Finally, it should be noted that the controller was developed and 
evaluated using the BSM1 simulation benchmark. Although BSM1 pro-
vides a widely accepted and mechanistically grounded representation of 
activated sludge processes, it cannot fully capture all sources of uncer-
tainty present in full-scale wastewater treatment plants. Factors such as 
actuator delays, seasonal biomass shifts, and unmodeled disturbances 
may affect real-world performance. These considerations highlight the 
importance of validating the proposed control strategy under realistic 
plant conditions, such as pilot-scale facilities or digital twin environ-
ments, before large-scale deployment.

6.  Conclusions and future work

This study presents Adaptive Lagrangian Soft Actor-Critic (AL-SAC) 
as an effective constrained RL approach for the real-time control of 
activated-sludge wastewater treatment plants. By framing aeration and 
recycle operations within a Constrained Markov Decision Process and 
embedding effluent-quality requirements via adaptive Lagrange mul-

tipliers, the AL-SAC controller achieves substantial reductions in en-
ergy consumption with an average of 3034.4 kWh∕day, correspond-
ing to a 23.2% reduction relative to the BSM1 baseline. The AL-SAC 
controller achieves these improvements while reliably respecting am-
monium and total nitrogen discharge limits. Furthermore, the AL-SAC 
controller markedly reduces both the duration and magnitude of permit-
threshold exceedances, demonstrating that advanced RL can reconcile 
stringent environmental regulations with operational efficiency. Over-
all, the results substantiate the potential of AL-SAC to bridge the divide 
between advanced learning-based control and the practical demands of 
industrial wastewater treatment.

The proposed learning framework operates by embedding discharge 
limits for ammonium nitrogen and total nitrogen directly into the objec-
tive of a constrained Markov decision process. This design allows new 
safety or quality constraints to be introduced simply by adding their 
cost functions and updating the associated dual variables during train-
ing. Consequently, the controller can be extended to accommodate ad-
ditional effluent metrics without requiring any extra hyperparameter 
tuning.

From a computational perspective, the proposed controller is well 
suited for real-time deployment. The policy network consists of a 
lightweight multilayer perceptron with two hidden layers of 256 neu-
rons each, resulting in a small number of parameters and low inference 
cost. Once training is completed offline, online operation only requires 
a forward pass through the actor network to compute the control ac-
tion. Given that control decisions are applied every 15 minutes in the 
BSM1 environment, the inference time is negligible compared to the 
process dynamics and typical industrial control intervals. Consequently, 
the computational requirements of the proposed AL-SAC controller are 
compatible with standard industrial control hardware and do not pose 
a barrier for real-time deployment.

Future work will focus on validating the approach in pilot- and 
full-scale treatment plants under variable influent conditions and sen-
sor uncertainties, while leveraging extensive historical process data for 
pre-training and warm-starting the controllers. We will also investigate 
the integration of plant-wide control strategies-linking unit processes 
through hierarchical or distributed RL architectures-to coordinate aera-
tion, nutrient removal, and sludge handling for optimized overall perfor-
mance. In parallel, we intend to expand the set of water-quality objec-
tives to include BOD, TSS, and emerging micropollutants, and to develop 
robust RL variants that explicitly handle model mismatch, time-varying 
dynamics, and intermittent sensor failures. By combining data-driven 
pre-training, scalable constraint handling, and system-level coordina-
tion, this framework paves the way toward the next generation of intel-
ligent, self-tuning, and sustainable wastewater treatment systems.
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Table A.1 
Observation-noise scenarios used in the robustness evaluation. Channel indices 2–7 correspond to influent SNH, 
reactor 3 SNH, reactor 4 SNH, reactor 5 SNH, effluent SNH deviation, and effluent TN deviation, respectively.
 Scenario  Name  Relative noise std (channels 2–7)  Bias (channels 2–7)
 A  Mild zero-bias noise {0.10, 0.10, 0.10, 0.10, 0.10, 0.20} {0, 0, 0, 0, 0, 0}
 B  Moderate positive-bias shift {0.20, 0.20, 0.20, 0.20, 0.20, 0.30} {+0.10, +0.10, +0.20, +0.20, +0.10, +0.20}
 C  Severe positive-bias shift {0.30, 0.30, 0.30, 0.30, 0.30, 0.50} {+0.20, +0.30, +0.50, +0.50, +0.20, +0.50}
 D  Moderate mixed-bias shift {0.20, 0.20, 0.20, 0.20, 0.20, 0.30} {+0.10, −0.10, +0.20, −0.20, +0.10, −0.20}
 E  Severe mixed-bias shift {0.30, 0.30, 0.30, 0.30, 0.30, 0.50} {+0.20, −0.30, +0.50, −0.50, +0.20, −0.50}

Table A.2 
Performance of the trained controller under the considered observation-noise scenarios during the one-year evaluation.
 Scenario  EQI  Energy  SNH exceed. [days]  SNH exceed. [%]  TN exceed. [days]  TN exceed. [%]
 Noise-free baseline  5445.01  3049.94  25.08  6.89  0.57  0.16
 A  5442.52  3057.29  25.10  6.90  0.55  0.15
 B  5441.37  3057.44  25.01  6.87  0.50  0.14
 C  5443.25  3058.10  25.22  6.93  0.50  0.14
 D  5441.50  3058.41  24.92  6.85  0.49  0.13
 E  5440.48  3061.56  24.89  6.84  0.60  0.17

The authors would like to thank Dr. Kimberly Solon (Ghent Univer-
sity) for the fruitful discussions that contributed to this work.

Appendix A.  Observation-noise robustness scenarios

To evaluate robustness to imperfect measurements, observation 
noise was injected directly into the concentration-related channels of 
the agent input during the one-year test simulations. Let 𝑜𝑖 denote the 
𝑖th observation channel. For the selected channels, the noisy observation 
was generated according to Eq. (A.1):
𝑜̃𝑖 = 𝑜𝑖 + 𝑏𝑖 + 𝜖𝑖, 𝜖𝑖 ∼  (0, 𝜎2𝑖 ), (A.1)

where 𝑏𝑖 is an additive bias term and 𝜖𝑖 is Gaussian noise. In the 
relative-noise mode used in this study, the standard deviation was 
scaled with the magnitude of the corresponding observation according 
to Eq. (A.2):
𝜎𝑖 = 𝛼𝑖|𝑜𝑖|, (A.2)

where 𝛼𝑖 is the relative noise coefficient specified for each scenario. 
Noise was applied only to the concentration-related observation chan-
nels, while the time-of-day encoding features were kept noise-free. The 
exact values of 𝛼𝑖 and 𝑏𝑖 for all scenarios are listed in Table A.1 .
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