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INTRODUCTION

Background and motivation

Wastewater treatment plants (WWTPs) are 
highly essential components of urban environ-
ments, protecting human health and accepting 
water resources by rational purification of sus-
pended solids (SS), biochemical oxygen demand 

(DBO /BOD), chemical oxygen demand (DQO 
/COD), nutrients, as well as pathogens in mu-
nicipal and industrial effluents. Conventionally, 
the structure and performance of WWTPs have 
been on the basis of relatively constant hydraulic 
and pollutant-loading model. However, in the last 
few decades, these suppositions have been gradu-
ally challenged by climate change, aggressive 
urbanization, population increase, variability of 
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discharges of industrial unit and the aging infra-
structure [1–4].

The cause and effects part reveals extreme 
rainfall, prolonged droughts, and unreliable in-
dustrial discharges create extremely variable hy-
draulic and contaminant loads that tend to surpass 
the inception of the design [5,6]. This may trigger 
short-term periods of regulatory overruns, despite 
the fact that the mean effluent concentrations, 
over the long term, are within allowable limits. 
These exceedances reflect the crucial compliance 
risks since environmental regulations inherently 
are threshold-related, and hence, may result in 
ecological harm, regulatory fines, and hereditary 
instability of operations [12–14]. There is, there-
fore, an increasing need of the evaluation systems 
that extend beyond average metrics of perfor-
mance and clearly test the behavior of a system 
when it is under stress.

Limitations of conventional wastewater 
modeling and performance assessment

The paradigm of wastewater process model-
ing has been mostly established on mechanistic 
schemes, specifically, the Activated Sludge Mod-
els (ASM1–ASM3), which model biological and 
physical treatment processes by means of mass-
balance equations and kinetic parameters [7–9]. 
The models are essential to the design, optimiza-
tion and steady-state analysis of treatment sys-
tems; however, their usability under conditions 
of dynamically changing operating conditions is 
limited. The achievement of making a correct cali-
bration requires a complex awareness of what is 
happening, the sensor data is very high resolution 
and the traits of the influent are exceptionally con-
stant, which hardly occurs in the working reality 
of modern wastewater treatment plants [10,11].

In addition to these modeling limitations, tra-
ditional methods that deal with performance eval-
uation normally focus on the mean effluent con-
centrations that are accrued over a long duration. 
Although these measures have a diagnostic value 
in terms of summarizing the overall treatment ef-
ficacy, they are unable to measure the frequency, 
duration and severity of regulatory overexpression 
which occur when the transient perturbations are 
exerted. This, in turn, leads to the lack of appropri-
ate quantification of critical concepts like vulner-
ability, recovery, and resilience in the normal eval-
uation operations of operations [12,13]. The lack 
of this leads to both impediments on the ability on 

the part of operators and policymakers to predict 
compliance risks, as well as to endure the perfor-
mance of adaptive or regenerative interventions.

Digital twins and machine learning for 
wastewater systems

Digital twin is now recognized as an influen-
tial paradigm to confine and calculate complex 
engineered systems in terms of data-driven digi-
talized representations [15–17]. Digital twin com-
bines past and present-day data in order to recre-
ate the system behavior, allowing the simulation 
of other scenarios, future state forecast, and as-
sessment of intervention strategies. In water and 
wastewater industries, digital twins have been 
used more and more in the applications such as 
process monitoring, anomaly detection, predict-
ing the quality of effluents, and operational opti-
mization [18–23]. There are greater limitations of 
purely mechanistic models in reporting nonlinear 
relationships, sensor uncertainty, missing data, 
and nonstationary operating conditions that are 
characteristic of real-world WWTPs. Data-driven 
digital twins are designed to be more capable of 
addressing nonlinear relationships, sensor uncer-
tainty, missing data, and non-stationary operating 
conditions that characterize real-world WWTPs.

The main role in the implementation of digi-
tal twins is played by machine learning (ML) 
techniques. random forests, gradient boosting 
and extreme gradient boosting are examples of 
ensemble learning techniques which have shown 
good performance in complex relationships be-
tween influent factors, operational or independent 
variables and effluent quality parameters [24–28]. 
Random Forest models are especially appealing 
to this group, since they are resistant to noise, 
multicollinearity, and incomplete datasets that are 
typical in long-term records of wastewater opera-
tions [29–31]. Irrespective of such benefits, a ma-
jority of the current research addresses predictive 
accuracy on short term basis or single pollutant 
modeling but does not support resilience-based 
assessment as well as stress testing on regulations 
among multiple pollutants [32–35].

Regenerative wastewater systems and 
nature-based solutions

Coexisting with the development of the digi-
tal modeling methods, the science of wastewater 
management has gradually evolved and moved 



495

Journal of Ecological Engineering 2026, 27(7), 493–504

towards regenerative models that encompass more 
than the mere control of pollution processes, into 
restoring the ecosystems, integrating circular re-
source harvesting, and resilience over time. Con-
structed wetlands, biofiltration systems, riparian 
buffers, and hybrid green-gray infrastructures, 
which are known as nature-based solutions (NBS), 
capitalize on the natural physical, chemical, and 
biological processes to increase the removal of 
pollutants and, at the same time, provide supple-
mentary ecosystem services, such as biodiversity 
increments and carbon sequestrants [36–41].

Empirical studies have shown that NBS can 
attain high levels of removal efficiencies with SS, 
DBO, and DQO due to synergistic processes of 
removing SS, DBO and DQO [42–44]. However, 
the inclusion of NBS in the traditional wastewa-
ter treatment processes is limited by the doubts 
about fluctuations in performance, space use and 
stability during peak discharge and seasonal per-
formance [45,46]. The existing evaluation meth-
ods are often site-specific and experimental; thus, 
their applicability and scalability to a system-
level plan is limited. Further, there are scarce and 
isolated quantitative frameworks relating NBS 
efficiency with regulatory compliance and resil-
ience returns on cohort of pollutants. Such lack 
of integrative evaluation instruments impedes the 
faith-based choice in creating and establishing re-
generative wastewater systems [47].

Research gaps

Judging by the discussion above, it can be 
noted that there are a number of research gaps 
which are critical. 
1.	The lack of simultaneous prediction of both efflu-

ent quality and evaluation of the regulatory resil-
ience of both SS, DBO, and DQO against multi-
pollutant digital twins is conspicuously evident. 

2.	Existing stress-testing procedures fail to mea-
sure the compliance risk where the effluent is 
over the normal concentration levels. 

3.	Current sensitivity-based estimations cannot 
associate nature-based solution performance 
in terms of resilience and regulatory service 
in response to uncertain principal operating 
conditions. 

These gaps must be encountered in order to 
build workable decision-support tools that can 
be applied to promote resilient and regenerative 
wastewater-management.

Objectives and contributions

This paper aimed to bridge such gaps by in-
troducing a powerful, offline, data-driven digital 
twin model to regenerative wastewater treat-
ment systems. The main conclusions are listed as 
follows: 
	• training of a multi-pollutant digital twin on 

Rand Forest algorithms to forecast effluent SS, 
DBO and DQO. 

	• resilience-important stress testing implemen-
tation with basis on the frequency of regula-
tive violations and overlying severity. 

	• nature-based solution efficacies: sensibility 
analysis to identify pollution-specific satura-
tion rates and the phenomenon of diminishing 
returns. 

Benchmarking of the proposed digital twin to 
the standard statistical models in order to high-
light the added value. 

The suggested framework presents a decision-
support tool that can be transferred to measure the 
quality of regenerative wastewater interventions 
and ensure the stability of the regulatory frame-
work as well as the robustness of the system to 
operate in changing and unpredictable operating 
conditions in the predictable future.

MATERIALS AND METHODS

Overview of the digital twin framework

The paper provides an offline, data-driven dig-
ital twin system to simulate the performance of a 
wastewater treatment facility in regular and regen-
erative working conditions. The architecture incor-
porates functions of machine-learned efficiency 
foretelling of the effluent with regulatory stress 
testing, bottlenecked resilience measurements, and 
sensitivity examination of NBS. Instead of acting 
as a real-time control system, the proposed digital 
twin is an approximation of a decision-support tool 
of the scenario analysis, vulnerability assessment, 
and regenerative planning.The methodology pro-
cess consists of four major elements:
	• preparation and preprocessing of data, 
	• data preparation and preprocessing. 
	• multi-pollutant effluent forecasting based on 

machine learning. 
	• regulatory stress testing and resilience mea-

surement, and 
regenerative efficiency sensitivity analysis.
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Dataset description

The data used for analysis includes the publicly 
available UCI Water Treatment Plant database, a 
large collection of long-term daily operation re-
cords which were obtained in a full scale munici-
pal wastewater treatment plant. This is whereby the 
measurements are taken at the point of the influent, 
the intermediate and the effluent levels of the treat-
ment process, hence capturing the hydraulic, chem-
ical and the biological process behaviors that are 
experienced over the long term of the process. The 
operational and water-quality features were then 
identified as twenty predictor variables after the re-
moval of non-informative temporal identifiers. The 
parameters of effluent-quality that are the target that 
were investigated in this study are as follows:
	• suspended solids (SS, mg/L),
	• biochemical oxygen demand (DBO, mg/L),
	• chemical oxygen demand (DQO, mg/L).

The reason why these pollutants were select-
ed is because of the regulatory validity and the 
specific physical and biochemical processes of 
their elimination.

Data preprocessing

The chronic wastewater data are always char-
acterized by holes or anomalies on sensor readings 
and usually characterized by equipment break-
down, periodic maintenance procedures, or data 
acquisition problems. To maintain the statistical 
strength and prevent the biasness of a listwise de-
letion, missing values in the predictive variables 
were discussed with the help of median imputa-
tion which is defined as: median imputation:
	 𝑥𝑥𝑖𝑖,𝑗𝑗

∗ = median(𝑥𝑥𝑗𝑗)  (1) 
 
𝑦̂𝑦 = 1

𝑁𝑁 ∑ 𝑓𝑓𝑘𝑘
𝑁𝑁
𝑘𝑘=1 (𝐱𝐱) (2) 
 

𝑅𝑅2 = 1 − ∑ (𝑛𝑛
𝑖𝑖=1 𝑦𝑦𝑖𝑖−𝑦̂𝑦𝑖𝑖)2

∑ (𝑛𝑛
𝑖𝑖=1 𝑦𝑦𝑖𝑖−𝑦̄𝑦)2  (3) 

 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 = √1
𝑛𝑛 ∑ (𝑛𝑛

𝑖𝑖=1 𝑦𝑦𝑖𝑖 − 𝑦̂𝑦𝑖𝑖)2 (4) 
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limit)(6) 
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	 (1)

where:	xi,j represents the value of feature j for 
sample i. Median imputation was selected 
because of its robustness against outliers 
and skewed distributions typical of waste-
water data.

All predictor variables were retained in their 
original physical units, as the Random Forest 
models were insensitive to feature scaling.

Digital twin model architecture

Random forest regressor

Any digital twin is based on a random for-
est regressor (RFR), which was chosen due to its 

ability to capture nonlinear correlations and the 
ability to withstand noisy and incomplete data. A 
Random Forest is an assemblage of decision trees 
which are trained on subsets of the training data 
selected at random and being split at each node to 
reduce variance and discourage overfitting.

The predicted effluent concentration 
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 for a 
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where:	 fk denotes the prediction of the k-th de-
cision tree, x is the input feature vector, 
and N is the total number of trees in the 
ensemble.

To balance the predictive performance and gen-
eralization, the maximum tree depth was limited to 
10, and the ensemble size was set to 200 trees.

Model training and validation strategy

The dataset was divided into training (80%) 
and testing (20%) subsets using random stratified 
sampling methods. The model was trained exclu-
sively on the training dataset, and performance 
evaluation was performed on the unseen test set.

To assess the generalization stability and ad-
dress reviewer concerns regarding performance 
variability, five-fold cross-validation was applied 
to the training data. The coefficient of determi-
nation (R2) was used as the primary performance 
metric, defined as:
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The prediction error magnitude was quanti-
fied using the root mean square error (RMSE):
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𝑖𝑖=1 𝑦𝑦𝑖𝑖−𝑦̂𝑦𝑖𝑖)2

∑ (𝑛𝑛
𝑖𝑖=1 𝑦𝑦𝑖𝑖−𝑦̄𝑦)2  (3) 

 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 = √1
𝑛𝑛 ∑ (𝑛𝑛

𝑖𝑖=1 𝑦𝑦𝑖𝑖 − 𝑦̂𝑦𝑖𝑖)2 (4) 

 
𝐶̂𝐶𝑝𝑝,𝑡𝑡 > 𝐶𝐶𝑝𝑝

limit (5) 
 
𝐶̂𝐶𝑝𝑝,𝑡𝑡 
 
 𝐶𝐶𝑝𝑝

limit 
 
𝑉𝑉𝑝𝑝 = ∑ 𝐼𝐼(𝑇𝑇

𝑡𝑡=1 𝐶̂𝐶𝑝𝑝,𝑡𝑡 > 𝐶𝐶𝑝𝑝
limit)(6) 

 
 
𝑉𝑉𝑀𝑀𝐼𝐼𝑝𝑝 = ∑ max (0,𝑇𝑇

𝑡𝑡=1 𝐶̂𝐶𝑝𝑝,𝑡𝑡 − 𝐶𝐶𝑝𝑝
limit) (7) 

 
𝐶̂𝐶𝑝𝑝,𝑡𝑡

regen = 𝐶̂𝐶𝑝𝑝,𝑡𝑡
base(1 − 𝜂𝜂) (8) 

 
𝑅𝑅𝐺𝐺𝑝𝑝 = 𝑉𝑉𝑝𝑝

base − 𝑉𝑉𝑝𝑝
regen (9) 

 
𝑅𝑅𝐺𝐺𝑝𝑝

𝑉𝑉𝑉𝑉𝑉𝑉 = 𝑉𝑉𝑉𝑉𝐼𝐼𝑝𝑝
base − 𝑉𝑉𝑉𝑉𝐼𝐼𝑝𝑝

regen (10) 
 
 
 

	 (4)

To further enhance statistical robustness, 
bootstrap resampling was used to estimate 95% 
confidence intervals for test-set R2 values.

Benchmark model

To provide a parameter that can be further 
utilized to evaluate the predictive accuracy of the 
digital twin, a linear regression (LR) model was 
established as a statistical reference. The predic-
tive query model was trained and tested using the 
same data partitions used within the Random For-
est paradigm, hence allowing the researchers to 
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carry-out a direct comparative study of the pre-
diction efficiency and to emphasize the benefits 
provided by the presence of a nonlinear modeling 
in the process of explaining the complexities of 
wastewater processes.

Regulatory stress testing

Regulatory stress testing evaluates system 
performance by comparing the predicted effluent 
concentrations with discharge limits rather than 
average values. For each pollutant p, a regulatory 
violation occurs when:

	

𝑥𝑥𝑖𝑖,𝑗𝑗
∗ = median(𝑥𝑥𝑗𝑗)  (1) 

 
𝑦̂𝑦 = 1

𝑁𝑁 ∑ 𝑓𝑓𝑘𝑘
𝑁𝑁
𝑘𝑘=1 (𝐱𝐱) (2) 
 

𝑅𝑅2 = 1 − ∑ (𝑛𝑛
𝑖𝑖=1 𝑦𝑦𝑖𝑖−𝑦̂𝑦𝑖𝑖)2

∑ (𝑛𝑛
𝑖𝑖=1 𝑦𝑦𝑖𝑖−𝑦̄𝑦)2  (3) 

 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 = √1
𝑛𝑛 ∑ (𝑛𝑛

𝑖𝑖=1 𝑦𝑦𝑖𝑖 − 𝑦̂𝑦𝑖𝑖)2 (4) 

 
𝐶̂𝐶𝑝𝑝,𝑡𝑡 > 𝐶𝐶𝑝𝑝

limit (5) 
 
𝐶̂𝐶𝑝𝑝,𝑡𝑡 
 
 𝐶𝐶𝑝𝑝

limit 
 
𝑉𝑉𝑝𝑝 = ∑ 𝐼𝐼(𝑇𝑇

𝑡𝑡=1 𝐶̂𝐶𝑝𝑝,𝑡𝑡 > 𝐶𝐶𝑝𝑝
limit)(6) 

 
 
𝑉𝑉𝑀𝑀𝐼𝐼𝑝𝑝 = ∑ max (0,𝑇𝑇

𝑡𝑡=1 𝐶̂𝐶𝑝𝑝,𝑡𝑡 − 𝐶𝐶𝑝𝑝
limit) (7) 

 
𝐶̂𝐶𝑝𝑝,𝑡𝑡

regen = 𝐶̂𝐶𝑝𝑝,𝑡𝑡
base(1 − 𝜂𝜂) (8) 

 
𝑅𝑅𝐺𝐺𝑝𝑝 = 𝑉𝑉𝑝𝑝

base − 𝑉𝑉𝑝𝑝
regen (9) 

 
𝑅𝑅𝐺𝐺𝑝𝑝

𝑉𝑉𝑉𝑉𝑉𝑉 = 𝑉𝑉𝑉𝑉𝐼𝐼𝑝𝑝
base − 𝑉𝑉𝑉𝑉𝐼𝐼𝑝𝑝

regen (10) 
 
 
 

	 (5)

where:	

𝑥𝑥𝑖𝑖,𝑗𝑗
∗ = median(𝑥𝑥𝑗𝑗)  (1) 

 
𝑦̂𝑦 = 1

𝑁𝑁 ∑ 𝑓𝑓𝑘𝑘
𝑁𝑁
𝑘𝑘=1 (𝐱𝐱) (2) 
 

𝑅𝑅2 = 1 − ∑ (𝑛𝑛
𝑖𝑖=1 𝑦𝑦𝑖𝑖−𝑦̂𝑦𝑖𝑖)2

∑ (𝑛𝑛
𝑖𝑖=1 𝑦𝑦𝑖𝑖−𝑦̄𝑦)2  (3) 

 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 = √1
𝑛𝑛 ∑ (𝑛𝑛

𝑖𝑖=1 𝑦𝑦𝑖𝑖 − 𝑦̂𝑦𝑖𝑖)2 (4) 

 
𝐶̂𝐶𝑝𝑝,𝑡𝑡 > 𝐶𝐶𝑝𝑝

limit (5) 
 
𝐶̂𝐶𝑝𝑝,𝑡𝑡 
 
 𝐶𝐶𝑝𝑝

limit 
 
𝑉𝑉𝑝𝑝 = ∑ 𝐼𝐼(𝑇𝑇

𝑡𝑡=1 𝐶̂𝐶𝑝𝑝,𝑡𝑡 > 𝐶𝐶𝑝𝑝
limit)(6) 

 
 
𝑉𝑉𝑀𝑀𝐼𝐼𝑝𝑝 = ∑ max (0,𝑇𝑇

𝑡𝑡=1 𝐶̂𝐶𝑝𝑝,𝑡𝑡 − 𝐶𝐶𝑝𝑝
limit) (7) 

 
𝐶̂𝐶𝑝𝑝,𝑡𝑡

regen = 𝐶̂𝐶𝑝𝑝,𝑡𝑡
base(1 − 𝜂𝜂) (8) 

 
𝑅𝑅𝐺𝐺𝑝𝑝 = 𝑉𝑉𝑝𝑝

base − 𝑉𝑉𝑝𝑝
regen (9) 

 
𝑅𝑅𝐺𝐺𝑝𝑝

𝑉𝑉𝑉𝑉𝑉𝑉 = 𝑉𝑉𝑉𝑉𝐼𝐼𝑝𝑝
base − 𝑉𝑉𝑉𝑉𝐼𝐼𝑝𝑝

regen (10) 
 
 
 

 is the predicted effluent concentra-
tion at time t, and 

𝑥𝑥𝑖𝑖,𝑗𝑗
∗ = median(𝑥𝑥𝑗𝑗)  (1) 

 
𝑦̂𝑦 = 1

𝑁𝑁 ∑ 𝑓𝑓𝑘𝑘
𝑁𝑁
𝑘𝑘=1 (𝐱𝐱) (2) 
 

𝑅𝑅2 = 1 − ∑ (𝑛𝑛
𝑖𝑖=1 𝑦𝑦𝑖𝑖−𝑦̂𝑦𝑖𝑖)2

∑ (𝑛𝑛
𝑖𝑖=1 𝑦𝑦𝑖𝑖−𝑦̄𝑦)2  (3) 

 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 = √1
𝑛𝑛 ∑ (𝑛𝑛

𝑖𝑖=1 𝑦𝑦𝑖𝑖 − 𝑦̂𝑦𝑖𝑖)2 (4) 

 
𝐶̂𝐶𝑝𝑝,𝑡𝑡 > 𝐶𝐶𝑝𝑝

limit (5) 
 
𝐶̂𝐶𝑝𝑝,𝑡𝑡 
 
 𝐶𝐶𝑝𝑝

limit 
 
𝑉𝑉𝑝𝑝 = ∑ 𝐼𝐼(𝑇𝑇

𝑡𝑡=1 𝐶̂𝐶𝑝𝑝,𝑡𝑡 > 𝐶𝐶𝑝𝑝
limit)(6) 

 
 
𝑉𝑉𝑀𝑀𝐼𝐼𝑝𝑝 = ∑ max (0,𝑇𝑇

𝑡𝑡=1 𝐶̂𝐶𝑝𝑝,𝑡𝑡 − 𝐶𝐶𝑝𝑝
limit) (7) 

 
𝐶̂𝐶𝑝𝑝,𝑡𝑡

regen = 𝐶̂𝐶𝑝𝑝,𝑡𝑡
base(1 − 𝜂𝜂) (8) 

 
𝑅𝑅𝐺𝐺𝑝𝑝 = 𝑉𝑉𝑝𝑝

base − 𝑉𝑉𝑝𝑝
regen (9) 

 
𝑅𝑅𝐺𝐺𝑝𝑝

𝑉𝑉𝑉𝑉𝑉𝑉 = 𝑉𝑉𝑉𝑉𝐼𝐼𝑝𝑝
base − 𝑉𝑉𝑉𝑉𝐼𝐼𝑝𝑝

regen (10) 
 
 
 

 denotes the regu-
latory threshold.

The violation frequency under baseline con-
ditions is computed as:

	

𝑥𝑥𝑖𝑖,𝑗𝑗
∗ = median(𝑥𝑥𝑗𝑗)  (1) 

 
𝑦̂𝑦 = 1

𝑁𝑁 ∑ 𝑓𝑓𝑘𝑘
𝑁𝑁
𝑘𝑘=1 (𝐱𝐱) (2) 
 

𝑅𝑅2 = 1 − ∑ (𝑛𝑛
𝑖𝑖=1 𝑦𝑦𝑖𝑖−𝑦̂𝑦𝑖𝑖)2

∑ (𝑛𝑛
𝑖𝑖=1 𝑦𝑦𝑖𝑖−𝑦̄𝑦)2  (3) 

 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 = √1
𝑛𝑛 ∑ (𝑛𝑛

𝑖𝑖=1 𝑦𝑦𝑖𝑖 − 𝑦̂𝑦𝑖𝑖)2 (4) 

 
𝐶̂𝐶𝑝𝑝,𝑡𝑡 > 𝐶𝐶𝑝𝑝

limit (5) 
 
𝐶̂𝐶𝑝𝑝,𝑡𝑡 
 
 𝐶𝐶𝑝𝑝

limit 
 
𝑉𝑉𝑝𝑝 = ∑ 𝐼𝐼(𝑇𝑇

𝑡𝑡=1 𝐶̂𝐶𝑝𝑝,𝑡𝑡 > 𝐶𝐶𝑝𝑝
limit)(6) 

 
 
𝑉𝑉𝑀𝑀𝐼𝐼𝑝𝑝 = ∑ max (0,𝑇𝑇

𝑡𝑡=1 𝐶̂𝐶𝑝𝑝,𝑡𝑡 − 𝐶𝐶𝑝𝑝
limit) (7) 

 
𝐶̂𝐶𝑝𝑝,𝑡𝑡

regen = 𝐶̂𝐶𝑝𝑝,𝑡𝑡
base(1 − 𝜂𝜂) (8) 

 
𝑅𝑅𝐺𝐺𝑝𝑝 = 𝑉𝑉𝑝𝑝

base − 𝑉𝑉𝑝𝑝
regen (9) 

 
𝑅𝑅𝐺𝐺𝑝𝑝

𝑉𝑉𝑉𝑉𝑉𝑉 = 𝑉𝑉𝑉𝑉𝐼𝐼𝑝𝑝
base − 𝑉𝑉𝑉𝑉𝐼𝐼𝑝𝑝

regen (10) 
 
 
 

	 (6)

where:	 I(·) is the indicator function.

Enhanced resilience metrics

To address the reviewer’s concerns regard-
ing the adequacy of violation counts alone, an 
exceedance severity metric, termed the violation 
magnitude index (VMI), was introduced:

	

𝑥𝑥𝑖𝑖,𝑗𝑗
∗ = median(𝑥𝑥𝑗𝑗)  (1) 

 
𝑦̂𝑦 = 1

𝑁𝑁 ∑ 𝑓𝑓𝑘𝑘
𝑁𝑁
𝑘𝑘=1 (𝐱𝐱) (2) 
 

𝑅𝑅2 = 1 − ∑ (𝑛𝑛
𝑖𝑖=1 𝑦𝑦𝑖𝑖−𝑦̂𝑦𝑖𝑖)2

∑ (𝑛𝑛
𝑖𝑖=1 𝑦𝑦𝑖𝑖−𝑦̄𝑦)2  (3) 

 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 = √1
𝑛𝑛 ∑ (𝑛𝑛

𝑖𝑖=1 𝑦𝑦𝑖𝑖 − 𝑦̂𝑦𝑖𝑖)2 (4) 

 
𝐶̂𝐶𝑝𝑝,𝑡𝑡 > 𝐶𝐶𝑝𝑝

limit (5) 
 
𝐶̂𝐶𝑝𝑝,𝑡𝑡 
 
 𝐶𝐶𝑝𝑝

limit 
 
𝑉𝑉𝑝𝑝 = ∑ 𝐼𝐼(𝑇𝑇

𝑡𝑡=1 𝐶̂𝐶𝑝𝑝,𝑡𝑡 > 𝐶𝐶𝑝𝑝
limit)(6) 

 
 
𝑉𝑉𝑀𝑀𝐼𝐼𝑝𝑝 = ∑ max (0,𝑇𝑇

𝑡𝑡=1 𝐶̂𝐶𝑝𝑝,𝑡𝑡 − 𝐶𝐶𝑝𝑝
limit) (7) 

 
𝐶̂𝐶𝑝𝑝,𝑡𝑡

regen = 𝐶̂𝐶𝑝𝑝,𝑡𝑡
base(1 − 𝜂𝜂) (8) 

 
𝑅𝑅𝐺𝐺𝑝𝑝 = 𝑉𝑉𝑝𝑝

base − 𝑉𝑉𝑝𝑝
regen (9) 

 
𝑅𝑅𝐺𝐺𝑝𝑝

𝑉𝑉𝑉𝑉𝑉𝑉 = 𝑉𝑉𝑉𝑉𝐼𝐼𝑝𝑝
base − 𝑉𝑉𝑉𝑉𝐼𝐼𝑝𝑝

regen (10) 
 
 
 

	 (7)

These metrics capture both the intensity and 
cumulative severity of regulatory exceedances, 
providing a more comprehensive assessment of 
system resilience.

Regenerative scenario modelling

Regenerative treatment scenarios were simu-
lated using an efficiency-based attenuation model 
that represented the integration of nature-based 
solutions. The regenerated effluent concentration 
is defined as:

	

𝑥𝑥𝑖𝑖,𝑗𝑗
∗ = median(𝑥𝑥𝑗𝑗)  (1) 

 
𝑦̂𝑦 = 1

𝑁𝑁 ∑ 𝑓𝑓𝑘𝑘
𝑁𝑁
𝑘𝑘=1 (𝐱𝐱) (2) 
 

𝑅𝑅2 = 1 − ∑ (𝑛𝑛
𝑖𝑖=1 𝑦𝑦𝑖𝑖−𝑦̂𝑦𝑖𝑖)2

∑ (𝑛𝑛
𝑖𝑖=1 𝑦𝑦𝑖𝑖−𝑦̄𝑦)2  (3) 

 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 = √1
𝑛𝑛 ∑ (𝑛𝑛

𝑖𝑖=1 𝑦𝑦𝑖𝑖 − 𝑦̂𝑦𝑖𝑖)2 (4) 

 
𝐶̂𝐶𝑝𝑝,𝑡𝑡 > 𝐶𝐶𝑝𝑝

limit (5) 
 
𝐶̂𝐶𝑝𝑝,𝑡𝑡 
 
 𝐶𝐶𝑝𝑝

limit 
 
𝑉𝑉𝑝𝑝 = ∑ 𝐼𝐼(𝑇𝑇

𝑡𝑡=1 𝐶̂𝐶𝑝𝑝,𝑡𝑡 > 𝐶𝐶𝑝𝑝
limit)(6) 

 
 
𝑉𝑉𝑀𝑀𝐼𝐼𝑝𝑝 = ∑ max (0,𝑇𝑇

𝑡𝑡=1 𝐶̂𝐶𝑝𝑝,𝑡𝑡 − 𝐶𝐶𝑝𝑝
limit) (7) 

 
𝐶̂𝐶𝑝𝑝,𝑡𝑡

regen = 𝐶̂𝐶𝑝𝑝,𝑡𝑡
base(1 − 𝜂𝜂) (8) 

 
𝑅𝑅𝐺𝐺𝑝𝑝 = 𝑉𝑉𝑝𝑝

base − 𝑉𝑉𝑝𝑝
regen (9) 

 
𝑅𝑅𝐺𝐺𝑝𝑝

𝑉𝑉𝑉𝑉𝑉𝑉 = 𝑉𝑉𝑉𝑉𝐼𝐼𝑝𝑝
base − 𝑉𝑉𝑉𝑉𝐼𝐼𝑝𝑝

regen (10) 
 
 
 

	 (8)

where:	η denotes the maximum achievable NBS 
efficiency envelope. 

This formulation does not assume a constant 
real-time performance, but instead represents an 

upper-bound attenuation potential under favor-
able operating conditions.

Resilience gain quantification

Resilience gain was quantified as the reduction 
in regulatory violations and exceedance severity 
achieved through regenerative interventions:

	

𝑥𝑥𝑖𝑖,𝑗𝑗
∗ = median(𝑥𝑥𝑗𝑗)  (1) 

 
𝑦̂𝑦 = 1

𝑁𝑁 ∑ 𝑓𝑓𝑘𝑘
𝑁𝑁
𝑘𝑘=1 (𝐱𝐱) (2) 
 

𝑅𝑅2 = 1 − ∑ (𝑛𝑛
𝑖𝑖=1 𝑦𝑦𝑖𝑖−𝑦̂𝑦𝑖𝑖)2

∑ (𝑛𝑛
𝑖𝑖=1 𝑦𝑦𝑖𝑖−𝑦̄𝑦)2  (3) 

 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 = √1
𝑛𝑛 ∑ (𝑛𝑛

𝑖𝑖=1 𝑦𝑦𝑖𝑖 − 𝑦̂𝑦𝑖𝑖)2 (4) 

 
𝐶̂𝐶𝑝𝑝,𝑡𝑡 > 𝐶𝐶𝑝𝑝

limit (5) 
 
𝐶̂𝐶𝑝𝑝,𝑡𝑡 
 
 𝐶𝐶𝑝𝑝

limit 
 
𝑉𝑉𝑝𝑝 = ∑ 𝐼𝐼(𝑇𝑇

𝑡𝑡=1 𝐶̂𝐶𝑝𝑝,𝑡𝑡 > 𝐶𝐶𝑝𝑝
limit)(6) 

 
 
𝑉𝑉𝑀𝑀𝐼𝐼𝑝𝑝 = ∑ max (0,𝑇𝑇

𝑡𝑡=1 𝐶̂𝐶𝑝𝑝,𝑡𝑡 − 𝐶𝐶𝑝𝑝
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	 (10)

These metrics directly reflect improvements 
in regulatory robustness, rather than the average 
performance.

Sensitivity analysis of NBS efficiency

The efficiency values of the nature-based so-
lutions (NBS) between 50% and 80% was sub-
jected to a rigorous parametric sensitivity analy-
sis to determine the robustness of the model un-
der the influence of uncertainty. The frequency 
of violations and severity of exceedances were 
recomputed at every level of efficiency and hence 
it was now possible to find the saturation thresh-
olds as well as quantify diminishing returns. The 
presented overall analysis will help to conduct a 
pollutant-specific analysis of regenerative effica-
cy and create an empirical base of the evidence-
based optimization of NBS design.

Multi-pollutant implementation

The entire methodological set up was sub-
sequently conducted on the indices of SS, DBO, 
and DQO separately, thus, making it possible to 
compare the behavior of the pollutants that are 
specific to these indices, the resiliency of these 
indices, and sensitivity to regenerative interven-
tion. Python with the scikit-learn library was used 
to do all the analytics.

RESULTS 

Digital twin predictive performance

A SS, DBO, and DQO were independently 
evaluated as the predictive performance of the 
offline digital twin framework. Field tests were 
tested using test -set performance and cross-vali-
dation test, as also against a LR benchmark.
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Table 1 provides a summation of the results 
on the predictive ability of the random-forest 
based digital twin and the standard LR model. 
The digital twin was successful in predicting 
biochemical parameters with a great degree of 
predictive accuracy, with an R2 of 0.96 and 0.62 
with DBO and DQO, respectively, which were 
much higher than the linear benchmark. The 
results validate the ability to describe the non-
linear biochemical and organic -degradation dy-
namics controlling the processes of reprocessing 
wastewater by the ensemble model. Conversely, 
SS prediction had a lower predictive accuracy 
(R2 = -0.06), and both the digital twin and LR 

benchmarks showed similar results. Such be-
havior concurs with existing literature of waste-
water-modeling since SS dynamics are highly 
sensitive to stochastic hydraulic perturbations, 
fluctuations in sludge setting, and intermittent 
washouts that are challenging to model using 
either data-based, or mechanistic methods. No-
tably, the main goal of the suggested digital twin 
is resilience-based stress testing and is not high-
fidelity point prediction. In turn, the SS findings 
are useful in regulatory evaluations. The analy-
sis of cross-validation also revealed consistency 
over folds showing variability in the influent 
features and changing load conditions between 

Figure 1. Digital twin stress-test forecast for SS

Figure 2. Digital twin stress-test forecast for DBO

Table 1. Model performance benchmarking (digital twin vs. linear regression)

Pollutant Digital twin R² Benchmark (LR) R² RMSE (mg/L) Validation status

SS -0.0553 -0.0860 14.14 Confirmed

DBO 0.9629 0.6737 3.08 Confirmed

DQO 0.6233 0.5952 10.13 Confirmed



499

Journal of Ecological Engineering 2026, 27(7), 493–504

wastewater systems in the real-world encounter-
ing variations as opposed to inherent instability 
in the model.

Baseline regulatory stress testing

The trained digital twin was applied to simu-
late the effluent behavior under baseline (current 
infrastructure) operating conditions. Stress test-
ing was conducted by comparing the predicted 
effluent concentrations with the regulatory dis-
charge limits for each pollutant.

Figures 1, 2, and 3 illustrate the digital twin 
stress test forecasts for SS, DBO, and DQO, re-
spectively. Under baseline conditions, frequent 
regulatory exceedances were observed for SS and 
DBO, indicating significant compliance vulner-
ability during high load periods. DBO exhibited 
the highest frequency of violations, highlighting 
the sensitivity of biological treatment processes 
to fluctuations in hydraulic and organic loads.

Although the DQO baseline predictions 
largely remained within the regulatory limits, 
episodic peaks were observed, suggesting a po-
tential compliance risk under extreme loading 
scenarios. These results demonstrate that con-
ventional performance assessments based on 
average effluent concentrations would underesti-
mate regulatory vulnerability.

Impact of regenerative treatment scenarios

Nature-based solution (NBS) efficiency enve-
lope of 60 percent was used to evaluate regenera-
tive treatment situations which is the upper limit 
of attenuation when operating under optimal con-
ditions. The recomposed effluent concentrations 
were compared to baseline predictions to deter-
mine the changes in the system resilience.

The regenerative strategies significantly 
lowered the concentration of the pollutants in 
all the three parameters measured, as shown in 
Figures 1, 2 and 3, respectively. Top values have 
been dampened, the number of exceedance re-
duced, and adherence to regulations was also 
significantly increased. With SS and DBO, all 
the violation of the baselines eradicated under 
the regenerative operation, but DQO had been 
left within the compliance. These results prove 
that regenerative interventions are strong shock-
loading event buffers making the system resil-
ient despite a limitation in predictability of spe-
cific pollutants.

Enhanced resilience metrics

To provide a more comprehensive assessment 
of system resilience, enhanced metrics incorpo-
rating both violation frequency and exceedance 
severity were evaluated in this study.

Figure 3. Digital twin stress-test forecast for DQO

Table 2. Enhanced resilience metrics incorporating violation frequency and severity

Pollutant Base violations Base severity (VMI) Regenerative 
violations

Regenerative 
severity (VMI) Severity reduction

SS 75 4.83 0 0.00 100%

DBO 63 11.57 0 0.00 100%

DQO 0 0.00 0 0.00 N/A
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Table 2 summarizes the baseline and regen-
erative resilience metrics for each pollutant. Un-
der baseline conditions, SS and DBO exhibited 
substantial regulatory vulnerabilities, with high 
violation counts and cumulative exceedance se-
verity. In contrast, the regenerative scenarios 
achieved a 100% reduction in violation frequency 
and exceedance severity for both SS and DBO. 
DQO exhibited no baseline violations and main-
tained full compliance under both scenarios.

The inclusion of exceedance severity metrics 
demonstrates that regenerative treatment not only 
reduces the number of violations, but also elimi-
nates the magnitude of regulatory breaches, pro-
viding a stronger measure of resilience than the 
violation counts alone.

Sensitivity analysis of nature-based solution 
efficiency

A sensitivity analysis was conducted to evalu-
ate the robustness of resilience gains across the NBS 

efficiency levels ranging from 50%–80%. Figures 
4, 5, and 6 present the relationships between NBS 
efficiency and resilience gain for SS, DBO, and 
DQO, respectively. For SS and DBO, resilience 
gains increased rapidly at moderate efficiency 
levels before reaching saturation beyond approxi-
mately 60–70%, indicating diminishing marginal 
returns. This saturation behavior suggests that the 
aggressive overdesign of regenerative components 
may yield limited additional compliance benefits. 
In contrast, DQO achieved full compliance, even 
at lower efficiency levels, reflecting strong ame-
nability to regenerative treatment and biochemical 
attenuation mechanisms. These pollutant-specific 
responses emphasize the importance of targeted 
regenerative system design rather than uniform ef-
ficiency assumptions across all parameters.

Interpretation of digital twin performance

The empirical data show that the outlined 
offline digital twin framework is effective in 

Figure 4. Sensitivity analysis - resilience gain vs NBS efficiency (SS)

Figure 5. Sensitivity analysis - resilience gain vs NBS efficiency (DBO)
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capturing the salient dynamics involved in the 
wastewater treatment processes, therefore, en-
abling the resilience-oriented assessment. Ran-
dom-forest-based digital twin demonstrated a 
significantly strong predictive accuracy in a range 
of two DBO and DQO, indicating that it has a 
strong ability to recapitulate nonlinear pathways 
of biochemical degradation and attenuation of or-
ganic loads. The conclusions are consistent with 
existing prior literature which has shown that 
ensemble machine-learning models continue to 
dominate in any dynamically varying wastewater 
conditions compared to a purely linear or a purely 
mechanistic paradigm.

On the other hand, forecasting efficiency of 
SS was relatively low, as both, the digital twin 
and linear benchmark models exhibited low or 
even negative R2 values. This observation is in-
dicative of the essentially stochastic nature of SS 
dynamics, which are strongly affected by hydrau-
lic disturbances, sludge settling dynamics and 
intermittent wash-out events. Nevertheless, the 
limitation does not impinge upon the general use-
fulness of the suggested framework; it does not 
focus on high-fidelity point-wise forecasting, but 
instead on the flow of regulatory weaknesses and 
the measurement of intervention effectiveness in 
the presence of stressors.

Value of resilience-oriented stress testing

The performance measurement of traditional 
wastewater bases their measurement of perfor-
mance mainly on means of the wastewater ef-
fluents, a measurement that in many ways masks 
short-term regulatory violations which are of 
utmost significance to both environmental and 

compliance senses. The proposed framework fo-
cuses the evaluation approach on the disruption 
conditions most likely to result in system failure 
by explicitly comparing the anticipated effluent 
concentrations with regulatory limits to provide 
a better insight on the operational risk.

Baseline stress-testing outcomes indicated a 
high level of vulnerability, especially in the area 
of DBO that highlights sensitivity of the bio-
logical treatment processes to transient loading 
conditions. Such discoveries highlight the weak-
nesses of traditional evaluation methods and sup-
port the need to adopt the resiliency-grounded 
measures of understanding the behavior of the 
real-world system. The digital twin architecture 
can ensure a systematic process of identifying 
high-risk periods and pollutants, thus providing 
actionable information that can be used to drive 
adaptive management policies.

Significance of enhanced resilience metrics

A significant development of this research is 
the use of exceedance severity this time (as well as 
the violation frequency) by use of violation mag-
nitude index (VMI). In turn, the number of viola-
tions gives us an idea on how commonly regula-
tory limits are violated, this does not reflect how 
serious is the violation or the accumulations of 
such violations. The correct resilience indicators 
show that regenerative interventions do not only 
minimize the number of violations, but also elimi-
nate the size of regulatory violations. The dual per-
spective of the robustness of a system provides a 
more thorough and realistic review of the system 
robustness as well as its direct way of dealing with 
the concerns by reviewers of the overly simplistic 

Figure 6. Sensitivity analysis - resilience gain vs NBS efficiency (DQO)
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quantification of resilience. Both regulatory and 
environmental perspective can find reducing sever-
ity of exceedance as important as reducing exceed-
ance frequency, especially in protecting receiving 
water bodies in extreme events.

Effectiveness of regenerative interventions

The regenerative treatment scenarios simu-
lated with the use of NBS efficiency envelope 
showed significant improvements in resilience 
in all the pollutants studied. Cessation of SS and 
DBO abuses with permanent adherence to DQO 
indicates that regenerative things demonstrate 
buffering abilities, even in stressful circumstanc-
es. The findings demonstrated that the regenera-
tive systems are capable of managing shock loads 
when they are improved by a high level of hy-
draulic retention, activities of microorganisms, 
and physical filtration. Notably, the positive ef-
fect of resilience was identified even in the pol-
lutants with low predictive power, which is why 
the framework can be valued in decision support, 
instead of accurate prediction of effluents.

Insights from sensitivity analysis

Cross-NBS dynamics and pollutant-specific 
saturation limits are shown by sensitivity analy-
sis on the different levels of NBS effectiveness. 
In the case of SS and DBO, the accelerating rate 
of resilience levels at moderate efficiency only 
levels off towards efficiencies of around 60-70 
percent, with diminishing returns indicating. 
This evidence is therefore a warning charged 
against the indiscriminate overdesign of regen-
erative elements, because over-protecting them 
might not have corresponding compliance re-
turns. By contrast, DQO is fully compliant with 
relatively low-efficiency, which highlights its 
high amenability to regenerative treatment pro-
cesses. These facts suggest that the focus of re-
generative wastewater system design should be 
on optimization of each specific pollutant in-
stead of blanket system efficiency assumptions 
and across all the parameters.

Implications for regenerative wastewater 
system design

The suggested digital twin framework is a 
practical, data-oriented tool of gauging regen-
erative wastewater approach before its tangible 

implementation. The framework supports ev-
idence-based decision-making by supporting 
stress testing and sensitivity analysis across the 
virtual environment which is balanced in terms 
of regulatory compliance and the strengthening 
of resilience with the distribution of resources. 
Regarding the engineering perspective, the re-
sults show that regenerative interventions should 
be constructed in an adaptive manner to address 
the pollutants and operating conditions that are 
most directly related to the compliance risk. The 
ability to find saturation level also supports the 
concept of cost efficiency in planning by avoid-
ing unnecessary excessive investment of regen-
erative infrastructure.

Limitations and future research directions

Although the proposed framework has a high 
probability of success, there are various limita-
tions, which are worth considering. First of all, 
the digital twin was built on the basis of the past 
data related to one wastewater treatment plant, 
which can hamper its smooth transferability to 
other facilities without retraining specific to the 
location. Secondly, regenerative scenarios were 
modeled by the means of an efficiency envelope, 
which is a methodology that does not assume sea-
sonal variability, vegetation dynamics, and the 
progressive deterioration of NBS parts. Future 
studies must also strive to incorporate real-time 
sensor data in their design thus making it possible 
to establish online digital twins that can under-
take uninterrupted measurements and issue early 
alarm notifications. It has been hypothesized that 
by combining machine and learning methods 
with mechanistic process knowledge, interpret-
ability and operator trust can be improved. Also, 
other indicators like energy use and greenhouse 
gas emissions, economic measurements would 
contribute to a holistic sustainability analysis of 
regenerative wastewater systems.

The results confirms, that digital twins cou-
pled with resiliency-oriented metrics and regen-
eration scenario analyses represent an effective 
modus operandi of the present-day wastewater 
stewardship. Coming out of traditionally medio-
cre-level performance measures to stress-tested, 
compliance-based assessment regimes effectively 
address the salient gaps in the current assessment 
conventions and offers a platform of scalability to 
achieve a resilient and regenerative infrastructure.
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CONCLUSIONS

The current study presented a powerful of-
fline digital twin model that determines the per-
formance efficiency of the wastewater filtration 
systems under normal operative and regeneration 
operation modes. The main results of this research 
are as follows:
	• Digital twin had a strong predictive capability 

compared to biochemical ones, which provid-
ed substantive regulatory information relevant 
to SS, despite a small decline in predictive 
accuracy.

	• Baseline stress-testing resulted in findable 
regulatory weaknesses, particularly with re-
gard to DBO.

	• The regenerative treatment scenarios were also 
effective in abrogation of regulatory transgres-
sions related to SS and DBO without compro-
mising the full observation of DQO standards.

	• The measured resilience augmentation metrics 
were found to support the unconditional elimi-
nation of exceedance frequency as well as ex-
ceedance severity in the case of regenerative 
conditions.

By feature of sensitivity analysis, a set of 
nonlinear resilience benefits and unambiguous 
saturation points was defined, which supports the 
claim of pollutant-specific optimization in the 
area of regenerative interventions.

A digital twin was built with the help of a 
Random Forest algorithm and proved to be sub-
stantially predictive with biochemical oxygen de-
mand (BOD) as well as chemical oxygen demand 
(COD) thus supporting the application of the dig-
ital twin in the capturing of nonlinear dynamics 
of the treatment process of wastewater. Despite 
a limited ability to predict the performance of 
suspended solids (SS) due to the stochastic na-
ture of the process, the analyses in question were 
able to shed light on the vulnerabilities of control 
and support resilience-based investigations. The 
implications that follow are that compliance risk 
and system integrity are to be prioritized above 
the actual point-prediction performance.

The detection of serious regulatory flaws 
(biochemical parameters) in the state of baseline 
tests highlighted the instability of traditional in-
frastructure in response to varying and extreme 
loads. Simulation of the regenerative treatment 
situation using an efficiency-based NBS attenu-
ation envelope provided high resilience gains. 

Intermediate levels of regenerative interventions 
eliminated all SS and BOD violations with full 
maintenance of compliance with COD which 
indicated their ability to alleviate the events of 
a shock-loading test. The existence of a more 
global view of robustness in the systems was 
obtained when a more global resilience measure 
that used both the violation frequency and the 
magnitude of exceedance was used. Subsidiary 
sensitivity analysis showed nonlinear resil-
ience behavior and pollutant-specific saturation 
thresholds, which show diminishing marginal 
returns at particular NBS efficiency rate. Subse-
quently, these findings support the rules of en-
suring that regenerative wastewater systems are 
optimized on the basis of specific and pollutant-
relevant factors as opposed to unequivocal effi-
ciency suppositions.

On the whole, the proposed framework will 
provide a reproducible, evidence-based decision-
support system to resilience-based planning of 
regenerative wastewater plants. The digital twin 
enables the implementation of evidence-based 
decision making through quantification of com-
pliance risk by rigorous testing, and through the 
modeled execution of effective operations in the 
presence of uncertain conditions. Considering 
the growing environmental and operational un-
predictability that is facing wastewater systems, 
the combination of digital twins and regenerative 
strategies is a promising direction to the devel-
opment of resilient, compliant, and sustainable 
wastewater infrastructures.
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