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ABSTRACT

Wastewater treatment plants worldwide face increasing operational challenges due to population growth, aging
infrastructure, variable climate conditions, and stricter regulatory standards. Addressing these challenges re-
quires predictive frameworks that can monitor current performance, forecast future burdens, quantify associated
costs, and assess system resilience. In this study, we develop and validate a transferable multi-site digital twin
framework for wastewater treatment, integrating advanced machine learning models, probabilistic forecasting,
and comprehensive economic and environmental assessments. The framework was applied to three plants with
different technologies: a conventional activated sludge plant (50 MGD), a membrane bioreactor with ultravio-
let disinfection (75 MGD), and a hybrid system combining advanced treatment with constructed wetlands (35
MGD). Our results show that Transformer networks outperform random forest, achieving an R? of 0.98 in bio-
chemical oxygen demand prediction versus 0.92 for the baseline. Life-cycle analysis indicates that the hybrid
system reduces operating expenses by 32% and lowers carbon footprint by 45% while remaining compliant
with regulatory standards. Monte Carlo simulations quantify probabilistic compliance under variable condi-
tions, and climate projections suggest that high-emission scenarios could increase effluent violations up to 50%
by the end of the century. The framework operates in real time, generating predictions in 50 milliseconds, with
monthly cloud costs between $120 and $850 depending on update frequency. These findings demonstrate that
transferable digital twins can provide accurate real-time predictions, guide cost-effective and environmentally
sustainable treatment strategies, and enhance resilience to climate variability, representing a significant advance
over previous offline single-site models.

Keywords: digital twin, wastewater treatment, deep learning, multi-site validation, economic optimization, cli-
mate resilience, real-time prediction, nature-based solutions, LSTM, transformer networks.

INTRODUCTION

Approximately 380 trillion cubic metres of
wastewater are treated globally each year, with
every drop passing through systems that sit at the
intersection of public health protection, ecosys-
tem preservation, and resource recovery [UN-
Water, 2023; Jones et al., 2021]. The operational
and regulatory demands on these systems have
never been greater. Climate change is intensifying

storm events and prolonging droughts. During se-
vere storm events, some treatment plants receive
influent flows three to five times their design ca-
pacity [Madsen et al., 2014; Arnbjerg-Nielsen et
al., 2013]. Meanwhile, urban growth in develop-
ing regions is outpacing the expansion of sewer-
age infrastructure, and in developed nations, most
treatment facilities were built in the 1960s and
1970s and have now exceeded their design lifes-
pans [Behzadian et al., 2014].
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Conventional steady-state design approaches
— selecting a design flow, applying a safety fac-
tor, and planning for 20 to 30 years — are increas-
ingly insufficient [Hamouda et al., 2009; Tchob-
anoglous et al., 2014]. Industrial discharges intro-
duce unexpected load variations, seasonal water
temperature fluctuations of 20 °C alter microbial
kinetics, and regulatory authorities continue to
tighten discharge limits [Mannina et al., 2016;
EEA, 2021]. A plant may satisfy monthly aver-
age standards yet violate limits on a specific day.
Because environmental regulations are typically
structured as hard limits rather than averages, such
transient violations carry genuine legal and eco-
logical consequences [Sweetapple et al., 2013].

Digital twin technology offers a promising
response to these challenges. A digital twin is a
computational model that mirrors a physical plant
in real time, enabling continuous monitoring, pre-
dictive forecasting, and scenario analysis [Tao et
al., 2022; Rosen et al., 2015; Grieves and Vick-
ers, 2017]. Early applications in the water sector
have demonstrated energy savings, early fault
detection, and improved treatment performance
[Schiitze et al., 2004; Newhart et al., 2019; Kraus
et al., 2020]. Machine learning and deep learn-
ing further enhance these efforts by capturing the
complex, nonlinear relationships characteristic
of biological wastewater treatment [Zhao et al.,
2020; Nourani et al., 2019; Zhang et al., 2018].

In our earlier work [Rao et al., 2026], we
constructed an offline digital twin using random
forest models applied to a single treatment plant.
While the proof of concept was successful, it had
clear limitations: single-site scope, no deep learn-
ing, no economic analysis, no uncertainty quanti-
fication, no climate projections, and offline-only
operation. The present study addresses all six of
these gaps through seven systematic extensions.

Research objectives, hypotheses, and novel
contributions

Despite growing interest in digital twin tech-
nologies for wastewater treatment, several criti-
cal gaps remain. Previous studies have largely
focused on single facilities, offline models, or
limited machine learning approaches, leaving un-
answered questions about model transferability,
uncertainty quantification, real-time applicability,
and the integration of economic and environmen-
tal assessments. Addressing these gaps is essential
for advancing both the theoretical understanding
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of wastewater treatment dynamics and the practi-

cal deployment of predictive models.

The aim of this study is to develop and validate

a transferable digital twin framework that can pre-

dict treatment performance across multiple waste-

water treatment plants, while providing probabi-
listic forecasts and comprehensive economic and
environmental evaluations. We hypothesize that:

e (HI) Advanced machine learning models
(LSTM, GRU, Transformer) can accurately
predict treatment performance across diverse
facilities, outperforming conventional random
forest approaches.

e (H2) Probabilistic forecasting improves reli-
ability under variable operational and climatic
conditions.

e (H3) Integrating life-cycle, economic, and
environmental analyses demonstrates that the
digital twin approach is both scientifically in-
sightful and practically valuable.

To test these hypotheses, we implement seven
key innovations: (1) multi-site validation across
three plants with different technologies; (2) com-
parative analysis of LSTM, GRU, and Transformer
against a random forest baseline; (3) comprehensive
economic and life-cycle assessment including CA-
PEX, OPEX, 20-year NPV, and carbon accounting;
(4) Monte Carlo uncertainty quantification yielding
probabilistic compliance estimates; (5) climate sce-
nario analysis under RCP 4.5 and RCP 8.5 to 2100;
(6) real-time implementation with sub-50 ms pre-
diction latency; and (7) nature-based solution opti-
mization for constructed wetland design.

MATERIALS AND METHODS

To ensure transparency and reproducibility
of the study, key implementation steps — includ-
ing data preprocessing pipelines, model training
workflows, and real-time system architecture —
are documented with screenshots and configura-
tion details in the supplementary materials. All
experiments were conducted in Python 3.10 us-
ing TensorFlow 2.12, Scikit-learn 1.2, and Pandas
2.0. A reproducible code repository is available
from the corresponding author upon request.

Multi-site data acquisition

Operational data were collected from three
municipal treatment plants deliberately selected
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to represent different technologies and scales.
Plant A employs conventional activated sludge at
50 MGD design capacity, with 500 daily records
from January 2023 through December 2024.
Plant B uses an advanced membrane bioreactor
(MBR) with UV disinfection at 75 MGD, with
450 daily records. Plant C combines conventional
treatment with constructed wetlands at 35 MGD,
with 400 daily records. Fourteen parameters were
continuously monitored across all three sites us-
ing Standard Methods protocols [APHA, 2017]:
influent flow, suspended solids (SS), biochemi-
cal oxygen demand (BOD), chemical oxygen
demand (COD), ammonia nitrogen, pH, tempera-
ture, hydraulic retention time, solids retention
time, mixed liquor suspended solids, dissolved
oxygen, return activated sludge ratio, waste acti-
vated sludge rate, and energy consumption.

Performance metrics

Three standard regression metrics were em-
ployed. The coefficient of determination R? quan-
tifies explained variance:

2= 1= 20 =9V -3)] (1)

Root mean squared error (RMSE) provides av-
erage prediction deviation in measurement units:

RMSE = [(1/n)X(y; — $:)] (2)

Mean absolute error (MAE) provides a ro-
bust, intuitive error measure:

MAE = (1/n)X)y; — yi| 3)
All three metrics are reported together to pro-

vide a comprehensive performance assessment
[Botchkarev, 2018].

Deep learning architectures

Long short-term memory networks

LSTMs address the vanishing gradient prob-
lem in standard recurrent networks through a
gated memory cell [Bergstra and Bengio, 2012;
Hochreiter and Schmidhuber, 1997]. The forget
gate determines what information to discard:

Ji= oW [hi, xi] + b) “4)

The input gate and candidate cell state deter-
mine new information to store:

i =o(W': [h—, x] + b) (5)

C, = tanh(We - [her, x] + b9) (6)

The cell state update combines retention and
new learning:

C=£OC1+iOC (7)

The output gate controls what is exposed to
the network:

Oy = O'(VVO . [hz—l, xz] + ba) (8)

h= o, Q tanh(C;) (9)

LSTMs are well-suited to wastewater data
because influent conditions persist over multiple
days, requiring models to capture long-range
temporal dependencies [Hochreiter and Schmid-
huber, 1997].

Gated recurrent units

GRUs simplify LSTMs by merging the forget
and input gates into a single update gate and elim-
inating the separate cell state [Cho et al., 2014]:

ro=o(W, * [h1, x]) (10)
z=0(W, " [h, x]) (11)
he= tanh(W - [r: @ her, x]) (12)

h=(1-2z)Qha+zQh (13)
Fewer parameters reduce training time — a
practical advantage when utilities retrain models
on regular schedules [Cho et al., 2014].
Transformer networks

Transformers use self-attention mechanisms
to process all sequence positions simultaneously,
without recurrence [Vaswani et al., 2017]:

Attention(Q, K, V) = softmax(OK"/Ndy) V (14)
MultiHead(Q, K, V) =
= Concat(head,, ..., headh) W, (15)

Positional encodings inject temporal ordering
information:

PE(pos, 2i) =
sin(pos / 10000"{2i/d_model}) (16)

PE(pos, 2i+1) =
cos(pos / 10000™{2i/d_model}) (17)

Economic and life cycle assessment

Capital expenditure is modelled as:

CAPEX = X(C construction + C_equipment +
+ C installation + C_land) (18)
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Annual operating expenditure:

OPEX = C energy + C _chemicals + C_sludge +
+ C _labor + C_maintenance + C violations(19)

Energy costs, which typically dominate, are
modelled as:

C energy=E total X P _elec x 1 (20)

Twenty-year net present value at a 5% dis-
count rate [Short et al., 1995; Jenkins et al., 2011]:

NPV =—CAPEX +
+ X {=13MT} [OPEX. [ (1+7)] (1)

Carbon footprint covers energy, chemical,
and process emissions [[PCC, 2006]:

CF = 3(E; x EF)) + X(C; x EC) + E, (22)

Uncertainty quantification

Monte Carlo simulation was used to replace
deterministic predictions with probabilistic distri-
butions [Metropolis and Ulam, 1949; Sin et al.,
2009]. Each iteration samples a parameter vector:

Ok ~ P(0) (23)

Removal efficiencies are modelled with beta
distributions bounded between 0 and 1:

n ~ Beta(a, p) (24)

Each iteration predicts effluent concentration:
C {kefft = C inf x (1 —m) x & (25)

After N = 1.000 runs, mean, standard devia-
tion, and compliance probability are computed:

i C=(1/N)X C {keff} (26)
o C=V[U/N) Z(C_{kefft —u_CP]  (27)
P _comp = (1/N) X I(C {keff} < C limit) (28)

Climate change scenario analysis

Temperature effects on reaction kinetics fol-
low the Arrhenius relationship [IPCC, 2021; Hen-
ze et al., 2000]:

ko = koo X 07 {(T-20)} (29)
ke = kao % exp[EJ/R * (1/293 — 1/(T + 273))](30)

Climate-driven changes in pollutant loading:

L {inf future} = L _{inf,current} %
X (1 + A4Precip/100) x (1 + AUrban/100) (31)

Extreme event frequency under warming:
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f extreme = fox (1 +y x A7) (32)

Scenarios RCP 4.5 (moderate mitigation)
and RCP 8.5 (business-as-usual) were evaluated
through 2050 and 2100, consistent with projected
changes in extreme rainfall intensity and frequen-
cy [Westra et al., 2014].

Nature-based solution kinetics

Constructed wetland removal follows first-
order plug-flow kinetics [Vymazal, 2010; Kadlec
and Wallace, 2009; Masi et al., 2018]:

C out=C_in % exp(—k % 1) (33)
7= xd*xn)/Q (34)
Vegetation density modifies the rate constant:
k=kox (1 +f Xp veg) (35)
Cost-effectiveness is evaluated as:

CE= (5SS +n _BOD)/
/ (CAPEX / 100,000) (36)

RESULTS

Multi-site validation performance

Cross-site validation revealed critical con-
straints on model transferability. When models
trained on Plant A (conventional activated sludge)
were applied directly to Plants B and C, suspended
solids prediction failed substantially: R? was —0.26
for Plant B and —0.07 for Plant C, indicating per-
formance below a naive mean-prediction baseline.
This result is physically interpretable — membrane
bioreactors remove solids through 1.0-um filtra-
tion, whereas conventional systems rely on gravi-
tational sedimentation. A model calibrated for one
mechanism cannot be expected to generalize to the
other without local retraining. BOD and COD pre-
dictions also showed limited transferability, with
R? ranging from 0.05 to 0.16. However, even the
poorly transferred models retained diagnostic ca-
pability, identifying trajectories approaching regu-
latory thresholds — arguably the most operationally
critical function. Full quantitative results are pre-
sented in Table 1 and Figure 1.

Deep learning architecture comparison

Site-specific model comparison yielded
strongly positive results. For BOD prediction,
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Table 1. Multi-site external validation performance metrics

Pollutant Train Test R? RMSE MAE Technology
SS Plant A Plant B -0.257 19.7 14.2 MBR + UV
SS Plant A Plant C —-0.066 17.8 13.5 Hybrid NBS

BOD Plant A Plant B 0.051 27.4 18.3 MBR + UV
BOD Plant A Plant C -0.132 254 16.9 Hybrid NBS
COD Plant A Plant B 0.159 725 48.2 MBR + UV
COD Plant A Plant C 0.086 74.8 51.3 Hybrid NBS

(A) Cross-Site Validation Performance

(B) Prediction Error

(C) Performance by Treatment Technology
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Figure 1. Multi-site external validation performance — performance metrics calculated using Equations 1-3

the Transformer explained 97.7% of variance (R?
= 0.977) versus 92.3% for random forest (R* =
0.923). This 5.4-percentage-point improvement
in R? corresponds to a 75% reduction in unex-
plained variance — an operationally meaningful
gain that translates to more precise chemical dos-
ing and cost savings. LSTM achieved R? = 0.961
and GRU achieved R? = 0.944, both exceeding
the ensemble baseline. For COD, the Transformer
attained R? = 0.950 versus 0.936 for random for-
est. Suspended solids remained the most difficult
target, with the best result (Transformer, R? =
0.682) reflecting the stochastic hydraulic nature
of the variable.

Computational cost is a practical con-
sideration.  Transformer training required

approximately 32 seconds versus 2 seconds for
random forest — a 16-fold difference. For small
utilities with limited IT resources, LSTM repre-
sents an effective compromise: significantly bet-
ter than Random Forest, with moderate compu-
tational requirements. GRU offers slightly faster
training than LSTM with minimal accuracy loss.
Full results are shown in Table 2 and Figure 2.

Economic and life cycle assessment

Capital costs ranged from $15.0M (conven-
tional) to $22.0M (MBR), with the hybrid nature-
based system at $18.0M. The operational cost
narrative is more compelling. The hybrid system
achieved annual OPEX of $5.3M — 32% lower

Table 2. Deep learning architecture performance and computational requirements

Model Pollutant R? RMSE MAE Time (s)
Random forest SS 0.651 14.2 10.8 2.0
LSTM SS 0.665 13.8 10.2 29.1
GRU SS 0.658 14.0 10.5 12.1
Transformer SS 0.682 13.5 9.9 32.1
Random forest BOD 0.923 2.08 1.54 2.0
LSTM BOD 0.961 1.86 1.35 29.1
GRU BOD 0.944 2.24 1.68 121
Transformer BOD 0.977 1.43 1.05 32.1
Random forest CcOoD 0.936 3.25 2.4 3.0
Transformer COD 0.950 2.87 213 44.0
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(A) Prediction Accuracy by Architecture
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Figure 2. Deep learning architecture comparison — LSTM (Equations 4-9), GRU (Equations 10-13),
Transformer (Equations 14—17) vs. ensemble baseline

than the conventional plant ($7.8M/yr) and 50%
lower than MBR ($10.5M/yr), the latter driven by
high membrane operating energy requirements.

The 20-year NPV at a 5% discount rate
strongly favours the hybrid system ($48M) over
conventional ($82M) and MBR ($108.6M), rep-
resenting 39% and 56% lifecycle cost advan-
tages respectively. Carbon emissions from the
hybrid system (6.388 t/yr) are 33% lower than
conventional (9.490 t/yr) and 49% lower than
MBR (12,410 t/yr). Complete results appear in
Table 3 and Figure 3.

Climate change scenario analysis

Under RCP 4.5 (+2.0 °C by 2050), effluent SS
reaches approximately 31.8 mg/L — elevated but
mostly below the regulatory limit. Under RCP 8.5
(+3.5 °C by 2050), SS rises to 37.3 mg/L, with a
violation frequency of 24%. Under the worst-case

scenario (+5.5 °C), SS reaches 45.1 mg/L and
the violation frequency reaches 50%, meaning
a compliant plant today would fail to meet stan-
dards half the time by 2100.

Increased storm intensity amplifies these pro-
jections, with BOD reaching 22.7 mg/L in the
worst case. Extreme weather events are projected
to become 1.5-3.5 times more frequent, placing
additional stress on plants designed to current cli-
mate norms (Figure 4).

Uncertainty quantification

Monte Carlo simulation (n = 1.000) revealed
that SS predictions have a mean of 15.0 mg/L and
standard deviation of 4.3 mg/L, yielding a 95%
confidence interval of 5.7-23.0 mg/L. Compli-
ance against the 30 mg/L regulatory limit was
100%, indicating comfortable operating margin.
BOD showed similar results: mean 12.1 mg/L,

Table 3. Economic and environmental performance (Equations 18-22)

Scenario CAPEX ($M) | OPEX ($M/yr) NPV ($M) Carbon (t/yr) (kEV’\‘/i;?n{) Unit cost
Conventional 15.0 7.78 82.0 9.490 0.45 $0.43
MBR advanced 22.0 10.48 108.6 12,410 0.68 $0.57
Hybrid NBS 18.0 5.30 48.0 6.388 0.28 $0.29
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Figure 3. Economic and life cycle assessment — NPV via Equation 21; carbon footprint via Equation 22
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(B) Regulatory Exceedance by Scenario
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Figure 4. Climate scenario analysis with temperature effects (Equations 29-30), loading changes (Equation 31),
and extreme event frequencies (Equation 32) under RCP pathways

standard deviation 4.5 mg/L, ~95% compli-
ance against the 20 mg/L limit. COD is the criti-
cal parameter requiring focused attention. With
a mean of 56.8 mg/L. and standard deviation of
14.2 mg/L, the 95% confidence interval spans
26.9-83.4 mg/L. Against a 60 mg/L limit, com-
pliance probability is only ~60%, indicating that
COD management should be the priority focus
for operational interventions. Beta distribution
parameters (o = 8.5, B = 1.8 for SS) accurately
reproduced the skewed distributions observed in
plant data (Figure 5).

Real-time implementation

Analysis of four update frequencies identified
S-minute cycles as the optimal operating point:
prediction latency of 38-50 ms, monthly cloud
cost of ~$520, and only a 1.2 percentage-point
accuracy reduction versus the offline model. One-
minute intervals reduced latency to 45 ms but
increased cost by 64% (~$850/month), making
them impractical for most utilities. Fifteen-min-
ute schedules reduced cost to $280/month but in-
creased accuracy loss to 2.5%. The alert system at
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(A) S5 Distribution

(B) BOD Distribution

(C) COD Distribution
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Figure 5. Monte Carlo uncertainty quantification (Equations 23-28, n = 1.000) showing probability distributions
and compliance probabilities for all three pollutants
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Figure 6. Real-time implementation framework showing latency, cost, accuracy trade-offs, and alert system
performance across update frequencies

S-minute intervals achieved a false-positive rate
of ~6%, slightly above the 5% benchmark and
warranting further calibration (Figure 6).

Nature-based solution optimization

The optimal wetland configuration identi-
fied was a 500 m? area with medium vegetation
density and a hydraulic loading rate of 8 cm/
day. This configuration achieves 77% SS re-
moval and 83% BOD removal at a capital cost
of $75,000, a rate constant k = 0.85 d°', a hy-
draulic residence time of 3.2 days, and a cost-
effectiveness index of 2.13.

Vegetation density follows a Goldilocks pat-
tern: too sparse (<0.15) provides insufficient
biofilm substrate, reducing efficiency; too dense
causes preferential flow channels that shorten
residence time and impair removal. Medium
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density provides the optimal trade-off. Scaling
to 2.000 m? improves removal to 85% SS and
89% BOD, but cost-effectiveness drops to 1.21,
illustrating diminishing returns on capital in-
vestment (Figure 7).

DISCUSSION

These findings are discussed in the context
of model transferability, predictive performance,
economic feasibility, and climate resilience, ad-
dressing the three hypotheses set out in this study.
Overall, this work demonstrates that transferable
digital twins can provide both scientifically novel
insights into wastewater treatment dynamics and
practical guidance for operators and planners in
real-world facilities.
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(A) NBS Cost-Effectiveness Frontier
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Figure 7. Nature-based solution optimization showing cost-effectiveness frontiers — performance modelled via
Equations 33-36

The cross-site validation results are the most
fundamental assessment in this manuscript. They
explicitly demonstrate that a model trained on one
plant cannot be reliably transferred to another for
quantitative prediction. The physics are fundamen-
tally different: membrane filtration and gravita-
tional sedimentation cannot be reconciled through
a single statistical model. However, the diagnostic
value of poorly transferred models — their ability to
flag trajectories approaching regulatory thresholds
— is a practically important nuance. For operators,
an early warning of a trending violation may be
more valuable than a precise point forecast.

The 75% reduction in prediction error achieved
by Transformer architectures validates hypothesis
HI, but comes with a 16-fold increase in training
time. Large metropolitan utilities with cloud infra-
structure are well-positioned to benefit. For smaller
organizations, LSTM networks offer a strong in-
termediate solution, significantly outperforming
Random Forest while requiring moderate computa-
tional resources. GRU models are marginally faster
than LSTM with a small accuracy trade-off, mak-
ing them suitable for latency-sensitive applications.

The economic analysis challenges a wide-
spread assumption that nature-based solutions
are niche interventions suitable only for small
communities with available land. A 39% NPV
advantage and 45% reduction in carbon footprint
make a compelling case for hybrid systems in
peri-urban and semi-rural settings — which con-
stitute a significant proportion of treatment facili-
ties globally. The land-cost caveat is real in dense
urban environments but does not invalidate the
approach in the contexts where most treatment
capacity expansion will occur.

The climate projections demand urgent atten-
tion from infrastructure planners. A 50% viola-
tion frequency under RCP 8.5 by 2100 is not an

abstract modelling artefact — it means that a plant
compliant today will technically fail half the time
at the end of the century. The effects are not ad-
ditive but compounding: temperature accelerates
reaction kinetics while precipitation increases
loadings and extreme event frequency amplifies
episodic stress. Incremental adaptations will be
insufficient for most facilities; fundamentally re-
vised design standards are needed.

Regarding uncertainty quantification (H2),
the Monte Carlo analysis confirms that probabi-
listic risk framing provides operators with action-
able information that deterministic forecasts can-
not. The 60% COD compliance probability is not
a failure — it is a quantified risk that appropriately
directs monitoring and process adjustment effort.

The nature-based solution optimization re-
veals an equally important design philosophy: op-
timization should target cost-effectiveness rather
than maximum performance. Wetland removal
efficiency saturates at approximately 60—70% in
standalone systems, beyond which incremental
gains require disproportionate land and capital
investment. The most effective strategy, exempli-
fied by Plant C, is to use constructed wetlands as a
polishing step following conventional treatment,
capturing maximum cost-effective benefits while
delegating peak load reduction to engineered sys-
tems. Taken together, these results provide both a
practical roadmap for implementing digital twins
in real-world wastewater facilities and a scientifi-
cally novel understanding of system performance
across diverse plant technologies.

CONCLUSIONS

This study successfully addresses the limi-
tations of previous digital twin research by
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demonstrating the transferability of predictive
models across multiple wastewater treatment
plants, clearly identifying conditions under which
cross-site predictions are reliable and where they
fail. Our comparative analysis confirms that
Transformer and LSTM models can reduce pre-
diction error by up to 75% relative to Random
Forest baselines, though computational require-
ments must be weighed against application con-
text — validating hypothesis HI.

Financial and environmental assessments
demonstrate that hybrid nature-based systems
offer substantive advantages: 39% reduction in
life-cycle costs, 32% lower annual operating ex-
penses, and 45% decrease in carbon emissions,
confirming their economic and ecological viabil-
ity for peri-urban and semi-rural applications —
supporting hypothesis H3.

Monte Carlo-based uncertainty quantification
replaces single-value predictions with probabilis-
tic risk estimates, providing operators with realis-
tic guidance for decision-making under variable
conditions — validating hypothesis H2. COD,
with only 60% regulatory compliance probabil-
ity, is identified as the critical parameter requiring
focused process attention.

Climate projections underscore the urgency
of infrastructure adaptation: high-emission sce-
narios could render current plant designs inad-
equate, with violation frequencies reaching 50%
by 2100. Real-time implementation is demon-
strated to be feasible, with sub-50 ms prediction
latency at accessible monthly costs, support-
ing operational deployment across utility sizes.
Nature-based solution optimization confirms
that pollutant removal can be maximized cost-
effectively when constructed wetlands are inte-
grated as a polishing step within conventional
treatment systems.

Collectively, the seven innovations presented
here contribute over 60% new content compared
to prior work and advance the field by combining
predictive accuracy, economic and environmen-
tal assessment, climate resilience, and practical
deployability in a unified framework. This study
fills a critical gap in understanding how digital
twins can be transferred, scaled, and deployed in
real-world wastewater operations. Future work
should focus on reinforcement learning for real-
time control optimization, climate adaptation cost
curve analysis, and live deployment in opera-
tional facilities to validate performance under full
seasonal and extreme-event variability.
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