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ARTICLE INFO ABSTRACT

Editor: Soroush Abolfathi Accurate prediction of nitrous oxide (N2O) emissions from wastewater treatment plants (WWTPs) has been
hindered by the dynamic, non-linear nature of the processes involved and by a lack of uncertainty treatment and

Keywords: scenario analysis in past studies. While machine learning (ML) has been shown to improve accuracy, limitations

Nitrous oxide

Water treatment plants
Regression methods
Sensitivity techniques
Prediction

have been found in standardizing preprocessing, dual optimizer usage, post-hoc interpretability, and decision-
focused validation. In this study, N2O emission rates were predicted using Elastic Net (EN), Quantile Regres-
sion (QR), Gaussian Process Regression (GPR), and Gradient Boosting Regression (GBR). Data preprocessing was
conducted by daily averaging of WWTP N»O emission rate, Z-score filtering, VIF-based multicollinearity check
and feature selection, and normalization. The models were evaluated in a 5-fold cross-validation with five it-
erations. Hyperparameter optimization was performed using the Puma Optimizer (PO) and Bayesian Optimi-
zation (BO). Post-hoc sensitivity (as here specifically defined as feature-attribution interpretability) was achieved
using SHAP (global effects) and LIME (local effects). Uncertainty was approximated using a Monte Carlo pro-
cedure (noisy inputs, 1000 iterations).

Numerically, baseline GPR reached R? (test) = 0.958; (RMSE (test) = 0.020; MAE (test) = 0.012). With
optimization, GPR + BO (GPBO) achieved the highest performance with R? (test) = 0.986, RMSE (test) = 0.012,
and MAE (test) = 0.007, while GPR + PUMA (GPPO) performed as high as R? (test) = 0.980; (RMSE (test) =
0.014; MAE (test) = 0.009). SHAP and LIME analysis further established dissolved N2O as the most significant
predictor, with conditional contributions from ammonium (NH."), dissolved oxygen (DO), nitrate (NOs "), and
temperature. Scenario analysis with CGAN (N20O + 20 %; NHa* — 15 % with +5 °C; and multi-variate pertur-
bations) was conducted with the top model to demonstrate decision-oriented responsiveness.

The study contribution is an end-to-end, decision-ready pipeline that combines standardized preprocessing,
dual optimizers, SHAP and LIME interpretability, Monte Carlo uncertainty, and CGAN-based what-if testing,
capabilities that have been limited or scattered in prior work. Relevance is demonstrated by actionable envi-
ronmental and economic co-benefits: peak N0 abatement potential (minimized GHG footprint, alignment with
IPCC-style reporting) and aeration energy and chemical dosing cost minimization via predictive control, thereby
facilitating sustainable and low-cost WWTP operation.

Abbreviations: N20, nitrous oxide; NHa", ammonium; DO, dissolved oxygen; NOs~, nitrate; WWTPs, wastewater treatment plants; ML, machine learning; EN,
Elastic Net; QR, Quantile Regression; GPR, Gaussian Process Regression; GBR, Gradient Boosting Regression; PO, “Puma Optimizer; BO, Bayesian Optimization; XAI,
Explainable Artificial Intelligence; SHAP, Shapley Additive explanation; LIME, Local Interpretable Model-Agnostic Explanations; CGAN, Conditional Generative
Adversarial Network; R?, coefficient of determination (RMSE), (MAE), (RSE), (MAPE), and (SMAPE); RMSE, root mean square error; RSE, relative squared error;
MAE, mean absolute error; SMAPE, symmetric mean absolute percentage error; MAPE, mean absolute percentage error.
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1. Introduction
1.1. Study background

Nz0 is one of the most powerful greenhouse gases with severe im-
pacts on global warming and atmospheric chemistry [1]. While CO2 and
CH4 have been intensely recognized as the major forces of global
change, N20O possesses nearly 300-fold global warming potential of CO5
in comparison on average in a 100-year time frame [2]. N2O is also the
single most important ozone-depleting substance that is currently
emitted by anthropogenic activities, and therefore is one of the control
measures of priority. Due to the long atmospheric lifetime and
increasing anthropogenic emissions, efforts towards monitoring and
limiting N2O are crucial both from the viewpoint of global change
mitigation and ozone layer preservation [3].

In Europe, urban water management supplies 1-3 % of total elec-
tricity consumption and 3-10 % of global warming potential [4].
Wastewater treatment plants (WWTPs) emit fossil CO2 from energy
usage and biogenic COz, CH4, and N:z0 resulting from biological pro-
cesses, the latter two having global warming potentials 30 and 300 times
higher than CO:, respectively [5]. As the global shift towards more
sustainable wastewater practices, N2O emissions from WWTPs are
increasingly recognized as a major aspect that needs to be understood
and addressed. The Intergovernmental Panel on Climate Change (IPCC)
and the U.S. Environmental Protection Agency (EPA) recognize the need
for effective monitoring and mitigation strategies to limit the environ-
mental impact of such emissions [6].

In WWTPs, Nz0 is produced primarily during nitrification and
denitrification, two of the most important microbial processes involved
in nitrogen removal. Nitrification is the aerobic process by which
ammonium (NH4*) is converted to nitrate (NOs~) with nitrite (NO2") as an
intermediate product [7]. It is catalyzed by two groups of microbes,
namely, ammonia-oxidizing bacteria (AOB) and nitrite-oxidizing bac-
teria (NOB) [8]. Under good oxygen conditions, nitrification is con-
ducted with minimal production of N-O. AOB, however, emit N20O as a
byproduct under low or interrupted oxygen environments due to
incomplete ammonia oxidation. Accumulation of nitrite and competi-
tion with oxygen also lead to N20 production, and hence Nz0 is a major
issue in wastewater treatment operations [9].

Denitrification is an anaerobic process during which NOs™ is reduced
by facultative bacteria to nitrogen gas (N3) [9]. Stepwise reduction re-
duces NOs™ in sequence to NO>", nitric oxide (NO), N20, and N5 [10].
Under ideal conditions, the process is operated to yield harmless nitro-
gen gas, but under low availability of carbon or shifting environmental
conditions, denitrification is incomplete and N2O accumulates and is
vented [11]. Dissolved oxygen (DO) concentration, carbon: nitrogen
ratio, pH, and temperature are significant parameters that are involved
in determining the extent of production of N>O. Since WWTPs operate
with maximum nitrogen removal efficiency, balancing these parameters
is essential in order to avoid undesired N2O emissions [7].

One of the greatest challenges in mitigating N2O emission from
WWTPs is the variability in emission rates that is inherent in the process.
N:0 production is dynamic and varies with plant-specific factors such as
influent characteristics, treatment process configuration, and operating
conditions [12]. Unlike the relative homogeneity and ease of quantifi-
ability of CO2 emissions, N2O emissions are highly variable in space and
time. These preclude the formulation of general emission factors or
prediction models with general applicability across treatment facilities.
Common approach involves mechanistic models like the Activated
Sludge Model No. 1 (ASM1) and its extensions that attempt to simulate
nitrogen transformation in accordance with biochemical reactions [13].
These require heavy model calibration, are highly sensitive to site-
specific parameters, and are unable to account for N2O emissions vari-
ability [14,15].

Machine learning (ML) is one of the promising methods to improve
N20 prediction modeling in WWTPs. Compared with mechanistic
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models that use prespecified functions to describe nitrogen removal
processes, ML algorithms can capture nonlinear and complex relation-
ships from data [16]. The use of historical process data allows ML-based
models to discover hidden patterns and make more accurate predictions
of N20 emissions under different conditions [17]. ML methods such as
feature importance analysis, Shapley Additive Explanations (SHAP), and
permutation importance also allow researchers to determine the most
important parameters driving emissions. With this information, opera-
tion strategies are improved to reduce nitrogen pollution and green-
house gas emissions.

Unlike process-based models, which require exact kinetic parameters
and thorough calibration, regression-based ML models can be trained
using conventionally gathered operational data. This approach avoids
reducing intricate biological and chemical interactions to oversimplified
assumptions [18]. With further improvements in data acquisition ca-
pacity and computational power, ML-based methods will play increas-
ingly crucial roles in the sustainable operation of wastewater treatment
[19,20].

1.2. Literature review

The advent of ML has significantly advanced environmental
modeling, particularly in the realm of wastewater treatment, where
complex, dynamic, and non-linear processes often defy traditional
mechanistic modeling. ML techniques offer flexibility and adaptability
in modeling diverse biological and chemical phenomena such as N-O
emissions, which are influenced by fluctuating operational and envi-
ronmental parameters. These approaches allow for the integration of
real-time data, historical trends, and variable interactions to produce
accurate, interpretable, and scalable predictive models. Recent research
reflects a growing interest in leveraging ML not only for enhanced
prediction but also for optimization, anomaly detection, and process
control in WWTPs.

Khalil et al. [21] investigated the predictive modeling of N>O emis-
sions using ensemble learning methods, including Random Forest and
XGB, optimized via Bayesian techniques. Their study emphasized the
trade-off between model complexity and interpretability, using SHAP
analysis to elucidate the influence of input features. The models ach-
ieved high predictive performance while maintaining transparency,
making them suitable for regulatory and operational applications. More
recently, Khalil et al. [22] suggested a multi-objective hybrid feature
selection and hyperparameter optimization using NSGA-II for Nz2O pre-
diction in WWTPs, trading off model accuracy and complexity. Applied
to AdaBoost, it reduced estimators and tree depth without sacrificing
high accuracy (R?> = 0.94) while maintaining the RMSE rise at bay,
improving generalizability and online emission monitoring efficiency.

In a related study, Xu et al. [23] applied long short-term memory
(LSTM) networks to forecast N2O emissions in a municipal WWTP. The
temporal capabilities of LSTM allowed the model to capture intricate
time-dependent patterns, yielding a coefficient of determination (R?) as
high as 0.92, thus proving its efficacy in dynamic emission modeling.
Seshan et al. [24] applied LSTM-based encoder—decoder models to a full-
scale year of WWTP data to forecast N2O emissions 6 h ahead. The op-
timum 256-256 LSTM model obtained R? values between 0.59 and 0.98,
accuracy decreasing with increasing horizons. Dominant predictors
were lagged Nz0 emissions, influent flow, NHat, NOx, and aerobic tank
dissolved oxygen. Short-term forecasting was emphasized, and hybrid
deep learning-biokinetic models were suggested for robust predictions
over longer horizons. Xu et al. [25] employed LSTM models in a Swiss
municipal WWTP and contrasted them with the common RNNs. The best
LSTM model outperformed RNNs for MAE, RMSE, and R? and exhibited
better robustness to extreme N20 fluctuations, which confirms LSTM’s
excellent performance for precise N2O prediction across heterogeneous
WWTPs. Moreover, Huang et al. [26] employed symmetry-informed
deep learning models, including a PLO-CNN-BiLSTM-Attention model,
to predict Altenrhein WWTP N2O emissions. The model yielded an R? of
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0.99 and demonstrated good generalization performance across 48
validation sets. SHAP-based feature analysis identified water tempera-
ture, dissolved oxygen, and inlet flow rate as the dominant drivers with
intriguing seasonal symmetry patterns, indicating the promise of
explainable and stable deep learning models for operational N2O emis-
sion management. Yun et al. [27] utilized an explainable XGB model for
optimizing TN removal in a full-scale municipal WWTP with ecological
ponds. The model demonstrated outstanding predictive accuracy, and
SHAP analyses revealed key operating factors for optimal TN minimi-
zation, energy consumption, and COD dosage. A GUI-accessible imple-
mentation enabled dynamic control, resulting in a substantial reduction
in effluent and carbon emissions, reflecting the potential of ML for the
sustainable operation of WWTP.

Beyond emissions prediction, ML techniques were also successfully
used for other key water quality parameters, e.g., total nitrogen (TN)
and phosphorus removal, dissolved oxygen (DO). Ensemble models, e.g.,
Gradient Boosting, and Random Forest have predicted DO up to R? of
0.987 [28], whereas deep learning models GRU and LSTM have pre-
dicted DO in WWTPs up to R? of 0.7 [29]. PSO-based optimization-
driven ML approaches combining PSO with predictive models have been
revealed to increase accuracy for DO dynamic control [30], while
Bayesian optimization has enhanced TN and energy consumption pre-
diction [31]. Explainers like XGB and CatBoost have been employed
successfully for multi-parameter saline wastewater treatment processes
with high accuracy [32].

Moreover, ML has also been employed for optimizing resource use
and understanding chemical interactions. Feng et al. [33] utilized a two-
layer feed-forward neural network (TLFFNN) and a voting ensemble to
predict N2O capture in designable ionic liquids. The TLFFNN model
demonstrated exceptional performance with an MSE of 0.00002 and R2
of 0.9981, indicating its robustness in modeling molecular interactions.
In Greece, Karadimos and Anthopoulos [34] developed an ANN model
using FANN tools and WEKA to estimate energy consumption in WWTPs.
Their model, driven by input variables such as influent load and treat-
ment capacity, achieved high accuracy (MSE = 8.99e-5), proving its
utility in energy planning and cost reduction.

Energy optimization was also explored by Alali et al. [35], who
compared 23 ML models to predict energy consumption in WWTPs.
They incorporated time-lagged variables to enhance model performance
and identified the dynamic K-nearest neighbors model as superior to
state-of-the-art alternatives. Pitat-Rozek et al. [36] applied ML in
conjunction with sensor technologies to develop an electronic nose
system for process classification in WWTPs. By using t-SNE for dimen-
sionality reduction and Random Forest for classification, the model
demonstrated perfect accuracy, validating the feasibility of sensor-
integrated ML applications.

On the system design front, Singh et al. [37] implemented ML models
for monitoring and optimization of biological nitrogen removal pro-
cesses. Their results indicated significant improvements in system reli-
ability and nutrient removal efficiency through adaptive ML-based
control mechanisms. El Fels et al. [38] conducted a comprehensive text
mining analysis of ML applications in wastewater treatment and found
that ANN, SVM, RF, and gradient boosting were the most frequently
adopted models. Genetic algorithms were identified as the leading
optimization technique, especially for parameter calibration.

In terms of hybrid and ensemble techniques, Mustafa et al. [39]
developed a phytoremediation model using SVM-M1 and ensemble
learning for predicting total dissolved solids in a hydroponic system.
Their model reached an R? of 0.9986 during validation, emphasizing the
strength of ensemble approaches in environmental prediction. Adibi-
manesh et al. [40] applied ML for incineration monitoring in WWTPs,
achieving improved control over sludge treatment and reducing energy
waste. Lastly, Sahu et al. [41] explored ML applications in enhancing
microalgae-bacteria systems for eco-friendly wastewater treatment, of-
fering novel avenues for biological nutrient recovery and N2O emission
mitigation.
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Collectively, these studies demonstrate the breadth and depth of
ML’s potential in wastewater treatment, from accurate emissions fore-
casting and energy efficiency to real-time monitoring and intelligent
system design. The convergence of domain-specific knowledge with
data-driven insights continues to redefine best practices in sustainable
water management.

1.3. Limitations and research novelties

Existing studies on N20O emission modeling from wastewater treat-
ment have typically employed process-based models or a single machine
learning regressor without paying attention to hyperparameter tuning or
uncertainty management. The gap in existing studies has been the lack
of multicollinearity filtering, which may result in biased parameter es-
timates. Similarly, interpretability has typically been restricted to single-
method feature importance without offering an overall description of
variable interactions. Besides, a few applications of XAI methods, such
as SHAP and LIME, have been used to guide the development of what-if
scenarios, which limits the scientific underpinning of operational per-
turbations. As a result, the development of scenario analyses in previous
research was rare, and the impact of particular alterations in critical
variables (e.g., DO, NHs", NOs~, temperature) on N2O emission was not
examined. Besides, past studies have scarcely incorporated uncertainty
quantification or scenario-based analysis, making their applicability
poor for operational decision-making.

The present study introduces some novelties. Firstly, a comprehen-
sive preprocessing pipeline was employed that involved merging Z-score
removal of outliers, VIF-based feature selection, and normalization for
stability in the model. Secondly, two different hyperparameter optimi-
zation methods (PO and BO) were employed and compared systemati-
cally, with convergence traces being reported, a part largely lacking in
the literature. Third, dual interpretability techniques based on sensi-
tivity analysis for determining imperative features (SHAP for global
understanding and LIME for local explanation) were blended to provide
a more expert analysis of emissions. Fourth, Monte Carlo-based uncer-
tainty analysis was used to estimate the confidence of the prediction,
considering variability in the real world. Lastly, scenario analysis using
CGAN was undertaken to explore likely perturbations of influent and
process conditions, extending the horizon from prediction quality to
decision-focused environmental and operating planning.

2. N0 emission rate prediction dataset
2.1. Dataset compilation and characteristics

The data used to construct and calibrate prediction models for N2O
emission rates were compiled from open-source operational records of
the Avedgre Wastewater Treatment Plant (Copenhagen, Denmark) [42].
The facility treats approximately 70,000 m>/day in dry-weather flow
conditions and serves approximately 350,000 PE. The mainstream
process includes screening, grit removal, primary settling, secondary
clarification, and four parallel Carrousel reactors with two compart-
ments having alternate aerobic/anoxic conditions under STAR Control®
based upon in-situ NHa" and NOs~ levels. Periodic measurements of the
important process parameters were made in both compartments of all
the reactors at predetermined hydraulic locations, and liquid-phase N20O
was measured only in Reactors 1 and 3 [43]. For the purposes of this
study, daily averages were derived for the two compartments of Reactor
1 and Reactor 3 between March 2018 and February 2019, providing a
total of 1234 samples.

Seven process-level parameters representing the main physico-
chemical drivers of nitrogen transformation and N:0 production in
wastewater treatment plants are included in every record:
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Fig. 1. Histogram and Z-score distribution for variables in the dataset.
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Fig. 1. (continued).

Influent flowrate (m®/h): The hydraulic loading rate moving into the
reactor(s) under observation, which directly affects retention time
and biological reaction kinetics.

Dissolved oxygen (DO, g O2/m>): The concentration of oxygen dis-
solved in mixed liquor, necessary for aerobic nitrification and indi-
rectly influencing denitrification rates when aeration is interrupted.
e Ammonium (NH«*, g N/m®): The principal nitrogen compound of
influent wastewater, the substrate for nitrifying microorganisms.
Nitrate (NOs ™, g N/m?): Main product of nitrification and electron
acceptor for denitrifying microorganisms.

Dissolved N20 (g N/m®): Liquid-phase intermediate nitrous oxide
before emission, reflecting incomplete nitrification-denitrification
reactions.

Temperature (°C): Regulates microbial metabolism, enzyme kinetics,
and nitrogen conversion rates, with seasonal fluctuations influencing
process efficiency.

N:z0 emission rate (g N/m3/d): The research’s focus variable, the rate
at which nitrous oxide is emitted per unit time under various oper-
ational and environmental conditions.

2.2. Data preprocessing

In the development of prediction models, data preprocessing,
including the treatment of missing values and outliers, is crucial for
ensuring the high quality of data for model training. No missing values
were detected in the compiled dataset for this study.

To treat outliers and clean a dataset, one popular approach is the use
of the Z-score method, which is a measure of how far apart each
observation is from the series mean in standard deviation units. The
outliers in a real-world dataset can skew the results of observations,
making the mean no longer representative of the observations. The Z-
score of each sample in the dataset (input and target variables) is
calculated as:

7 — Score = % (@]

Here, p and o are the mean and standard deviation of the series,
respectively [44]. A Z-score equal to O indicates that the observation is
the same as the mean, while positive or negative values signal deviations
above or below the mean. Observations with Z-scores higher than a
chosen threshold, here +3, are considered outliers. According to the Z-

score presentation in Fig.1, 134 samples were removed from the dataset
with outliers in variable values, and the cleaned dataset with 1100
samples was prepared for the following steps of preprocessing and
feature selection.

In this study, input features were scaled to a common range
(normalized) to prevent features with large ranges from overpowering
the model training. It improves the stability of algorithms, accelerates
optimization, and enables models to better learn the connection be-
tween features and outputs. Min-max scaling is a widely used method
that preserves original data relationships when normalizing feature
ranges [45].

2.3. Multicollinearity check and feature selection

Multicollinearity refers to the correlation among independent vari-
ables in a regression model that can influence the accuracy of estimated
coefficients. Among the popular techniques for detecting multi-
collinearity is the Variance Inflation Factor (VIF), which calculates the
magnitude of variance inflation of the estimated regression coefficients.
The VIF for the i — th predictor is:

1

VIF=——
1-R?

(2

Here R? is the coefficient of determination. A VIF greater than the
commonly used threshold of 10 indicates an objectionable degree of
multicollinearity that must be corrected by removing the features [46].
According to the VIF score reports in Table 1, all values are lower than
10 for variables in the utilized dataset, so all variables should be selected
as predictors for models.

2.4. Correlation matrix extraction

Fig. 2 illustrates the correlation matrix among key physicochemical

Table 1

VIF scores report for multicollinearity check.
Variable Values Variable Values
Influent flowrate (m3/h) 1.622 NOj3 (g N/m3) 2.873
DO (g 02/m3) 1.590 N,O (g N/m3) 1.031
NH4 (g N/m3) 2.437 Temperature (°C) 1.466
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Fig. 2. Correlation plot of variables depicted based on normalized data.

parameters influencing N2O emissions in the wastewater treatment
process. The analysis is based on normalized data, and the strength of
linear relationships is depicted using Pearson correlation coefficients.

DO exhibits moderate positive correlations with both NHa (r = 0.35)
and NOs, r = 0.53, indicating that elevated oxygen levels may be asso-
ciated with higher concentrations of nitrogen species, potentially
reflecting operational or environmental conditions that favor aerobic
nitrification stages. A strong linear relationship is observed between N-0
and N20 emission rate (r = 0.97), which is expected due to their intrinsic
linkage. However, all other correlations with N20, whether concentra-
tion or emission rate, are relatively weak. For example, the emission rate
correlates modestly with NHs (r = 0.26) and weakly with NOs (r =
—0.087) and temperature (r = —0.11), suggesting that N.O dynamics
may be driven more by complex interactions and microbial kinetics than
by direct linear associations with single variables. Temperature, overall,
shows weak correlations with the other variables, with the most notable
being a moderate negative correlation with influent flowrate (r =
—0.46).

3. Methodology
3.1. Machine learning base prediction models

Among the prediction models utilized in this study, Elastic Net is the
combination of L1 and L2 penalties. It is thus appropriate for feature
selection in high-dimensional data sets with multicollinearity. In
contrast, Quantile Regression extends mean prediction to estimate
different conditional quantiles with the advantage of robustness to
outliers and distributional skewness. On the other hand, advanced ma-
chine learning methods such as Gaussian Process Regression (GPR) and

Gradient Boosting Regression (GBR) are precisely designed for modeling
complicated, nonlinear relationships. GPR is a Bayesian non-parametric
model that provides predictive distributions and estimates of uncer-
tainty, which are highly useful in small-sample domains but computa-
tionally costly for large datasets. GBR is a strong ensemble learning
algorithm that constructs additive models with sequential decision trees,
which have good accuracy and scalability but incur a loss of
interpretability.

3.1.1. Quantile regression (QR)

QR, introduced by Koenker and Bassett in 1978, extends the concept
of estimating conditional means in linear regression to estimating con-
ditional quantiles of a response variable. Instead of focusing solely on
the average outcome, quantile regression allows the analysis of how
predictors influence different points (quantiles) of the outcome distri-
bution, such as the median or the 10th and 90th percentiles.

This method is particularly useful when the impact of explanatory
variables is not uniform across the distribution of the dependent vari-
able. For example, an independent variable might have a stronger effect
on low-income individuals than on high-income ones, a distinction that
would be obscured by traditional mean regression.

Quantile regression provides a more comprehensive view of the
relationship between variables by modeling how covariates influence
the shape, scale, and location of the outcome distribution. It is especially
valuable when the data contain outliers or are heteroscedastic, as
quantile regression is more robust to outliers in the dependent variable
compared to ordinary least squares regression.

In this framework, each quantile is associated with its own set of
regression coefficients, allowing a more nuanced analysis of the condi-
tional distribution. However, interpreting these coefficients requires
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caution, as a change in a covariate may not imply that individuals
remain in the same quantile before and after the change [47].

3.1.2. Gradient boosting regression (GBR)

GB is an ML technique commonly used for both regression and
classification tasks. It builds predictive models by combining multiple
weak learners, typically decision trees, into a single, stronger model. The
method has been successfully applied in areas such as regression anal-
ysis and energy theft detection, gaining prominence in both statistical
modeling and artificial intelligence.

GBR specifically focuses on regression problems and follows an
adaptive boosting approach. It works by sequentially adding weak
regression models, each of which tries to correct the errors of the pre-
vious ones. The model optimization is guided by a loss function, which
measures how well the model fits the data. Gradient descent is often
used to minimize this loss, ensuring that each new learner moves the
overall model closer to the optimal prediction.

Like other boosting techniques, GBR builds the final model in a
greedy, additive fashion—adding new weak learners one at a time, each
improving the model’s performance by focusing on the instances that
were hardest to predict in previous iterations [48,49].

3.1.3. Gaussian process regression (GPR)

GPR is a non-parametric, probabilistic Bayesian method employed
for both regression and classification tasks. One of its key advantages lies
in its capacity to detect nuanced, non-linear relationships within data
through the use of kernel (covariance) functions that gauge the simi-
larity between points in the input space. It operates under the assump-
tion that the data originates from a multivariate Gaussian distribution,
and it leverages Bayesian inference to forecast outputs from given
inputs.

Rather than delivering a single-point prediction, GPR yields an entire
predictive distribution, including both the mean prediction and the
uncertainty (variance), for any specified input. This feature is particu-
larly beneficial in applications where understanding the confidence
level of predictions is crucial. A widely used kernel in GPR is the squared
exponential, also known as the RBF kernel, which facilitates smooth and
adaptable function modeling.

After training, the model estimates the mean and variance of outputs
at test points by considering the covariance between training and test
inputs. During the training process, kernel hyperparameters such as the
length scale and signal variance are typically optimized. However, due
to the computational intensity of the method, GPR is most effective with
small to medium-sized datasets [50].

3.1.4. Elastic net regression (EN)

EN is a regularization technique specifically engineered for high-
dimensional data scenarios, particularly where predictors exhibit high
levels of correlation. This method proves invaluable when conventional
regression approaches falter due to multicollinearity issues among var-
iables. A significant advantage of EN is its capacity to simultaneously
select groups of correlated predictors, instead of arbitrarily choosing a
single variable from such groups, which ultimately contributes to con-
structing models that are both more interpretable and reliable amid
strong inter-feature dependencies. Furthermore, EN is capable of
handling situations where the number of predictors exceeds the number
of observations, making it particularly adept for applications involving
ultra-high-dimensional datasets [51].

3.2. Cross-validation

To ensure validation of model performance, five-fold cross-valida-
tion with five random runs was employed. That is, the data was split into
five equal-sized subsets. For each run, one of the five subsets was
employed in the role of the test set (20 %), and the remaining four were
used to train the model (80 %). This was repeated five times to enhance
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the reliability of the model and reduce variations in outcome measures.
Averaging across runs of the performance score gave a better estimate of
the generalizability of the model to new data. Not only did the procedure
avoid the danger of overfitting the training data, but it also allowed an
unbiased evaluation of the model’s prediction capacity [52].

3.3. Optimization methods

Bayesian optimization and metaheuristics are widely used to solve
complex optimization problems, particularly when objective functions
are non-smooth, non-convex, or discontinuous. Bayesian optimization
efficiently guides the search for improved parameters using probabilistic
surrogate models and acquisition functions, while metaheuristic algo-
rithms evolve inspiration from nature or biological phenomena to
explore and exploit the solution space [53,54]. One of the most well-
known subclasses of metaheuristics is population-based optimization
algorithms, including evolutionary algorithms, genetic algorithms,
particle swarm optimization, and evolutionary strategies. The process of
initiation and update of a population marks the beginning of each
generation in population-based optimization algorithms, followed by
the selection of the individuals to ascertain the global optimum. The
technique used for the generation and selection of the population varies
between different population-based optimization algorithms, and their
nature makes parallelization straightforward, as a population of N in-
dividuals can be evaluated on N processors simultaneously. In this study,
the Bayesian optimization and Puma Optimization, a recent population-
based optimization algorithm, were utilized for hyperparameter tunning
of base prediction models.

3.3.1. Bayesian optimization

Bayesian optimization is an efficient computational method of
hyperparameter tuning that has the ability to discover the best hyper-
parameters with a small number of evaluations. In model calibration,
the significant parameters, i.e., the RBF kernel length scales and the
White Kernel noise level, are tuned to optimize the model’s log marginal
likelihood in order to optimally fit training data. Model performance is
quantified by measures such as Root Mean Squared Error (RMSE) and R?
on training and test sets. Mathematically, the selection of the next
evaluation point, Xne, is represented as [55]:

Xpext = argmax o(x).~(x; min, max), 3
X

Here, a(x) is the acquisition function, controlling the exploration-
exploitation trade-off, and ~(x; min, max) is a probability distribution
over the input space, typically uniform within bounds. This form ensures
that the next input is chosen to make the most informative contribution
to the optimization of the objective function, striking a balance between
exploration of promising areas and exploitation of uncharted areas.

3.3.2. Puma optimization algorithm

The Puma Optimizer (PO) is a recent addition to the family of met-
aheuristic techniques, taking its cue from the hunting instincts and so-
cial dynamics of pumas. It tackles challenging optimization tasks by
employing a flexible “phase-change” strategy, drawn from how pumas
switch between roaming for prey and closing in on a target, to alternate
adaptively between exploring new regions of the solution space and
exploiting the most promising areas it has already discovered. Rather
than predefining a fixed ratio of exploration versus exploitation, PO
continuously assesses its progress and uses that experience to decide
when to search broadly and when to concentrate its efforts, thereby
reducing the risk of getting stuck in suboptimal solutions.

In its exploration mode, PO reproduces the puma’s tendency to pa-
trol large territories: individual solutions wander widely or exchange
information with neighbors to uncover diverse candidate solutions.
When it switches to exploitation, it imitates the predator’s precision
tactics, such as laying an ambush or sprinting after prey, to intensify the
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search for the most attractive solutions found so far. Within the popu-
lation of solutions, each member behaves like a puma, and the current
best solution assumes the role of the dominant male, steering the overall
search direction. Historical success rates guide the algorithm’s adaptive
rules, determining which phase to emphasize and how aggressively to
refine solutions. PO also incorporates specialized operators tailored to
each phase. These include randomized jumps and cooperative moves
during exploration to preserve variety, as well as directed adjustments in
exploitation to sharpen solution quality. For further details, refer to
[56].

PO’s success in optimizing ML model performance for future N-O
emissions prediction lies in its adaptive exploration-exploitation trade-
off. N2O emissions data are nonlinear, noisy, and high-dimensional, and
model hyperparameters require careful tuning to achieve accurate pre-
dictions. PO’s phase-change strategy enables thorough exploration of
the hyperparameter space while focusing the search effort in the vicinity
of the most promising candidates, reducing the risk of local optima. Its
population-based method ensures a diverse set of candidate solutions is
taken into consideration, and feedback-driven operators optimize
hyperparameters according to model performance metrics such as RMSE
and R2 Together, these characteristics allow PO to effectively discover
the optimal set of parameters, thereby enhancing the predictive accu-
racy and robustness of ML models for N-O emission prediction.

3.4. Evaluation metrics

To facilitate the comparison of predictive power as well as the po-
tential for generalization of the models developed, a system of statistical
measures was employed. The measures are the coefficient of determi-
nation (R2), root mean square error (RMSE), mean absolute error
(MAE), relative squared error (RSE), mean absolute percentage error
(MAPE), and symmetric mean absolute percentage error (SMAPE). In
concert, these measures communicate different kinds of information
about different aspects of model accuracy, from explained as well as
relative and percentage error values. In combination, they allow for a
full suite of model quality assessments, enabling more insight into the
models’ behavior across different sets of circumstances as well as
different dimensions of performance.
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Here, Aj represents the actual measured value in example j, and its
predicted model value is denoted by Pj. Prediction error e; (residual, ¢j =
Aj— P)) tells us how far predicted and observed values are apart. A and P

1

represent the averages of all observed data (A = A=13" A and

predicted outputs P = 1 Z;‘:l P;, respectively, providing central refer-
ences for comparison. The sample size n denotes the total number of
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3.5. Sensitivity analysis and explainable Al tools

Sensitivity analysis examines how variations in model inputs or
controlling variables dictate outputs and offers a rigorous means of
making model behavior interpretable [57-59]. Two methods are used in
this work for sensitivity analysis: Local Interpretable Model-agnostic
Explanations (LIME) and Shapley Additive explanations (SHAP). SHAP
and LIME are popular XAI methods but differ in technique and scope.
SHAP, having a game theory approach, provides both global and local
explanations by calculating each contribution of a feature to every
combination possible, and thus is more complete but resource-intensive.
It has the capability to deal with nonlinearities as per the underlying
model, though it is poor with collinearities, as well as assuming feature
independence. On the other hand, LIME locally approximates a complex
model with a simple linear surrogate with efficient, interpretable
instance-level explanations. However, it cannot capture nonlinear re-
lationships, is limited by local explanation, and is sensitive to feature
correlation [60].

The opacity of most ML models necessitates explainable Artificial
Intelligence (XAI) methods to deliver trust and actionable data [61,62].
Counterfactual explanation generation, an XAI technique, enables what-
if analysis by tracing how minor variations in input conditions would
restore a system to nominal behavior [63]. Contemporary techniques,
including the use of Generative Adversarial Networks [64,65], have
extended the realism and usability of counterfactuals in multivariate
data and temporal domains, providing a practical toolkit for real-time
exploration of scenario-based changes in N2O emission rate of WWTPs
and evidence-based decision-making in complex systems.

3.5.1. LIME

LIME explains predictions by locally approximating a complex model
with a simple and comprehensible model around a prediction’s local
neighborhood. Two primary properties of LIME are interpretability,
which describes input-output relationships, and local fidelity, which
encourages local faithfulness around the instance to the model’s
behavior. As model-agnostic, LIME can be employed for explaining text,
image, and tabular data classifiers and regressors with output presented
in textual, numeric, or visual formats [66].

The LIME algorithm provides interpretable explanations of black-box
models f : R!—R by locally approximating them with an interpretable
model g € G. The aim of LIME is to minimize jointly the loss of fidelity
between the interpretable model and the black-box model in the local
neighborhood around an instance x, and the complexity of the inter-
pretable model [67]:

e(x) = argminL(f, g, %) +Q(g), (10)
ge

Here, L(f, g, m,) estimates the unfaithfulness of g in approximating f
locally, Q(g) is employed to estimate the complexity of the model, and
nx(z) defines the locality around x as:

x(z) exp(D(X’Z)g), an

62

With D(x,z) as a distance function and ¢ for the regulation of the
width of locality.

The algorithm perturbs the instance x to generate samples Z' €
{0, 1}d' representing the presence or absence of interpretable compo-
nents, which are projected back to the original feature space z € R9. The
predictions f(z) from the black-box model are computed for these per-
turbed samples. Each sample is weighted by its proximity to x using
nx(z), with greater stress on proximate samples:

8(Z) = wg.2, 12)
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Here, o, are the interpretable model’s learned feature weights.
Using these weighted samples, LIME fits a simple model, often a sparse
linear model, a local explanation where the feature weights represent
their importance to the prediction. In this way, interpretability and local
fidelity are assured, and LIME can interpret predictions in text, numeric,
or visual forms for tabular, image, or text data.

3.5.2. SHAP

SHAP is an XAI technique that leverages a mathematical foundation
to assign each feature a weighting, or Shapley value, of its contribution
to a model’s prediction [68]. Founded in game theory, SHAP provides a
model-agnostic and intrinsically explainable solution capable of
explaining any black-box model’s predictions by identifying key features
and approximating their effect. SHAP is presented here with a simple
linear model to forecast a disease. Let F be a set of M features
{1,2,...,M}, S be a subset of F (S C F), and ¢ be an empty set which
represents an empty coalition with no features. There are 2M possible
coalitions. A function v gives every coalition a real number for its
marginal contribution, with that of the empty coalition being v(¢) = 0.

For every permutation P, the marginal contribution of a coalition S
that comes before feature i is calculated first and then the contribution
of SU {i}. The Shapley value of feature i can be obtained as:

¢mi%ZMamnw®> as)

Here, |F| is the total number of features, |F|! the number of permu-
tations, and v(SU {i} ) — v(S) the marginal contribution of {i}. For a
single coalition S, this is expressed as:

ISI(IE| = IS[ = 1)} (v(SU{i}) = v(S)) ()

Repeating across all coalitions of F — {i} gives the total contribution
of feature i across permutations and normalizing over the |F|! possible
permutations of F give the Shapley value:

S|!(/F] —|S] - 1
:Z\I(H IS|-1)

(i) L (UL} ~v(s)) as)

SCF—{i}

Here, ¢(i) is the average marginal contribution of the feature i to
model output over all instances. Doing it for every feature provides an
equal distribution of contributions, which can be understood as each
feature’s effect on a specific prediction.

3.6. Uncertainty analysis

Monte Carlo simulation is a broad computational method applied to
estimate system uncertainty by recursively executing a model with
randomized inputs. The process begins with the creation of a mathe-
matical model with predetermined input and output variables. They
may range from simple analytical equations to sophisticated applica-
tions such as HSPF. The uncertain parameters are then specified and
given appropriate probability distributions (e.g., normal, uniform). The
model is then run repeatedly, sampling the input values from the spec-
ified distributions in each iteration. By generating a large ensemble of
potential outputs, the Monte Carlo method provides an empirical basis
for estimating the variability and confidence interval of the results of the
model [69].

4. Results
4.1. Cross-validation results

Cross-validation performance of each model was assessed through 5-
fold cross-validation. R? and RMSE measures are presented in Tables 2
and 3, respectively, providing information with respect to fold-by-fold
variability and predictivity. In addition to particular fold outcomes,
mean and standard deviation across folds are measures of the overall
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Table 2
5-fold cross-validation results for train/test folds selection concerning R? values.
Models Iteration Test fold
K1 K2 K3 K4 K5
(EN) 1 0.716 0.743 0.703 0.685 0.647
2 0.612 0.632 0.744 0.701 0.746
3 0.719 0.711 0.623 0.638 0.660
4 0.694 0.745 0.696 0.736 0.611
5 0.717 0.619 0.735 0.862 0.723
Avg 0.691 0.690 0.700 0.724 0.677
St. dev 0.041 0.054 0.043 0.076 0.050
(QR) 1 0.712 0.727 0.709 0.735 0.703
2 0.744 0.761 0.820 0.703 0.730
3 0.700 0.761 0.713 0.730 0.756
4 0.706 0.738 0.745 0.708 0.717
5 0.715 0.713 0.730 0.707 0.736
Avg 0.715 0.740 0.743 0.717 0.728
St. dev 0.015 0.019 0.040 0.013 0.018
GPR 1 0.708 0.715 0.643 0.798 0.858
2 0.879 0.600 0.837 0.698 0.786
3 0.683 0.864 0.650 0.837 0.862
4 0.836 0.859 0.948 0.627 0.748
5 0.712 0.820 0.818 0.736 0.802
Avg 0.764 0.772 0.779 0.739 0.811
St. dev 0.078 0.101 0.117 0.074 0.044
GBR 1 0.712 0.515 0.697 0.603 0.662
2 0.699 0.571 0.674 0.644 0.680
3 0.477 0.698 0.693 0.590 0.670
4 0.673 0.690 0.652 0.519 0.672
5 0.622 0.435 0.647 0.691 0.700
Avg 0.637 0.582 0.673 0.609 0.677
St. dev 0.086 0.101 0.021 0.057 0.013
Table 3

5-fold cross-validation results for train/test folds selection concerning RMSE
values.

Models Iteration Test fold
K1 K2 K3 K4 K5
(EN) 1 0.040 0.041 0.040 0.033 0.041
2 0.033 0.051 0.034 0.040 0.035
3 0.051 0.030 0.045 0.028 0.036
4 0.043 0.036 0.027 0.045 0.042
5 0.038 0.042 0.038 0.039 0.038
Avg 0.041 0.040 0.037 0.037 0.038
St. dev 0.006 0.007 0.006 0.006 0.003
(QR) 1 0.042 0.044 0.043 0.034 0.044
2 0.035 0.053 0.046 0.043 0.037
3 0.054 0.030 0.048 0.029 0.040
4 0.045 0.039 0.028 0.047 0.045
5 0.041 0.045 0.039 0.041 0.040
Avg 0.043 0.042 0.041 0.039 0.041
St. dev 0.006 0.007 0.007 0.006 0.003
GPR 1 0.047 0.048 0.049 0.037 0.043
2 0.034 0.064 0.037 0.048 0.039
3 0.061 0.031 0.055 0.031 0.038
4 0.047 0.038 0.027 0.056 0.048
5 0.045 0.046 0.041 0.045 0.042
Avg 0.047 0.045 0.042 0.043 0.042
St. dev 0.009 0.011 0.010 0.009 0.004
GBR 1 0.052 0.072 0.056 0.051 0.060
2 0.045 0.084 0.049 0.060 0.050
3 0.094 0.040 0.063 0.045 0.052
4 0.061 0.046 0.041 0.080 0.051
5 0.051 0.080 0.048 0.055 0.047
Avg 0.061 0.064 0.052 0.058 0.052
St. dev 0.018 0.018 0.008 0.012 0.004

consistency and data partitioning resistance of a model. Models with
higher averages and smaller standard deviations can be considered more
stable and reliable across different subsets of the data set.

For EN, Fold 4 was the optimum fold that achieved the highest
average R? of 0.724 and one of the lowest mean RMSE (0.037). This
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indicates that EN generalized very well to new data with maintaining the
underlying patterns and having a steady error margin. The relatively
small standard deviation in R? (0.076) and RMSE (0.006) also speaks to
its stability.

QR was best in Fold 3, with highest average R? (0.743) and lowest
average RMSE (0.041). Surprisingly, Fold 3 was most consistent among
iterations, with little variation (R? standard deviation = 0.040; RMSE
standard deviation = 0.007). This indicates the robustness of QR in
minimizing prediction errors across partitions when dealing with com-
plex relationships.

GPR worked best in Fold 5 with the highest mean R? (0.811) and
smallest RMSE value (0.042). Significantly, Fold 5 also had the lowest
variation of R? values (standard deviation = 0.044), reflecting high
stability. The consistently low RMSE for all folds signifies that GPR has
the capacity to maintain nonlinearities and yet remain predictively
stable.

GBR worked best during Fold 3 with the highest average R? (0.673)
and the lowest average RMSE (0.052). However, GBR had higher vari-
ability of R? across folds (standard deviation = 0.021-0.101), which
means that it is data partitioning sensitive. However, its low RMSE
during Fold 3 indicates good error correction ability through boosting
process iteratively.

The results in Tables 2 and 3 are used as a generalizability check for
the models and also as the basis for selecting the train/test folds. The
folds chosen for each model are presented in Tables 1A, 2A, 3A, and 4A
in Appendix I for EN, QR, GPR, and GBR, respectively, such that future
analyses are built on the most representative and stable fold of each
model.

4.2. Convergence behavior of the developed models

Systematic exploration of the convergence of hybrid models (EN, QR,
GPR, and GBR optimized by PO and BO) was conducted by tracking
RMSE values across 200 iterations of hyperparameter search, presented
in Fig. 3. Convergence patterns in each of the eight models were distinct,
reflecting each of their respective algorithmic natures and optimization
behaviors. Optimization behavior by Bo related to all four models has a
similar pattern, which shows a long drop in steps in a specific number of
iterations, but for PO-based hybrid models, especially GPPO, the drop in
RMSE values is gradual.

Fig. 4 illustrates the variance in hyperparameter settings over all
training iterations of the hybrid model. For instance, the results reveal
that GBPO liked relatively small learning rates (optimal ~ 0.014) and
moderate tree depths (optimal ~ 18), showing a conservative learning
policy with controlled model capacity. On the other hand, GBBO trended
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towards much higher learning rates (optimal ~ 0.790) and more pro-
found tree hierarchies (optimal ~ 45), suggesting an aggressive fitting
approach. For GPPO, the hyperparameter ranges were near balanced
values of v (optimal ~ 1.15) and optimizer restarts (optimal ~ 5), sug-
gesting balancing flexibility in function approximation and stability in
optimization.

4.3. Predictive performance of models

Comparison of performance enhancement between baseline models
and hybrid models during training, validation, and test phases is shown
in Table 4. The result clearly shows the improvement that has been
achieved with the help of optimization, with noticeable enhancement in
Rz, RMSE, MAE, and distance metrics. Average and standard deviation
tests by fold (Tables 2 and 3) earlier identified the most generalizable
folds to train on, and the greater performance evaluation is tabulated in
Table 4. These collectively reflect the value of hybrid optimization in
enhancing the accuracy and stability of N2O emission predictive models.

4.3.1. Base models vs. hybrid counterparts

During the test process, the hybrid models also outperformed their
base counterparts. For example, QR yielded an R? of 0.921 with an
RMSE of 0.031, while QRPO and QRBO exhibited improved test R? of
0.968 and 0.979, respectively, with corresponding RMSE reduction to
0.020 and 0.016. Similarly, EN registered a test R of 0.748, whereas
ENPO and ENBO registered improved performances of 0.893 and 0.917,
respectively, with reduced RMSEs of 0.028 and 0.024. GPR, which was
already doing an excellent job as a base learner (R? = 0.958, RMSE =
0.020), was further improved by GPPO (R? = 0.980, RMSE = 0.014) and
GPBO (R? = 0.986, RMSE = 0.012). Finally, GBR performed lowest
among base learners (R2 = 0.706, RMSE = 0.048), but its optimized
versions (GBPO, GBBO) took R? to 0.881 and 0.901, and lowered RMSE
to 0.030 and 0.028. All these results confirm that optimization enhanced
all the models, with the biggest enhancements noticed in the less intense
base models like GBR and EN.

4.3.2. Performance comparison among base models

Of the base learners, GPR performed the best, with an R?0f 0.958 in
the test phase, followed by QR (0.921), EN (0.748), and GBR (0.706).
GPR also had high generalizability, where R? fluctuated by less than 2 %
in going from training to test phases, highlighting its stability. QR had
good accuracy but was less stable between validation and test phases.
EN surpassed GBR in measures of error (RMSE and MAE), as would be
anticipated of the strength of its regularization, though both models fell
far behind GPR and QR in sensitivity forecasting.
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Fig. 3. Convergence behavior presentation in all iterations of hybrid models training.
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Fig. 4. Box plot for hyperparameter configuration presentation in all iterations of hybrid models training.

4.3.3. Hybrid model comparisons

Of the best of the optimized models, GPBO was the best overall with
the highest test R? (0.986) and lowest RMSE (0.012). QRBO also fared
superbly (R2 =0.979, RMSE = 0.016), while ENBO and ENPO did much
better than EN, with test R? values of 0.917 and 0.893, respectively.

11

GBPO and GBBO, though not outperforming GPR-based models,
nevertheless achieved remarkable gains compared to their base
analogue GBR, increasing R2 by ~20 % and cutting RMSE by half. These
shifts affirm that optimization did more than raise better learners (like
GPR) but also greatly awakened inferior models (like GBR).
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Table 4
Training time and prediction performance reports of the models.
Model and Training Time Phase Metrics
R? RMSE MAE RSE MAPE SMAPE Euclidean Distance Normalized Distance
QR Train 0.822 0.041 0.021 0.178 96.161 0.0004 0.0461 1.321
(250 s) Validation 0.691 0.046 0.023 0.309 nan 0.0041 0.0514 1.474
Test 0.921 0.031 0.016 0.079 94.527 0.0028 0.0349 1
EN Train 0.877 0.034 0.018 0.123 nan 0.0004 0.0385 1.103
(1.55) Validation 0.872 0.039 0.021 0.128 99.209 0.0032 0.0443 1.27
Test 0.748 0.042 0.020 0.252 90.076 0.0038 0.0466 1.335
GPR Train 0.956 0.021 0.012 0.044 nan 0.0003 0.0242 0.694
(80 s) Validation 0.936 0.019 0.012 0.064 88.785 0.0023 0.0229 0.657
Test 0.958 0.020 0.012 0.042 86.062 0.0018 0.0233 0.667
GBR Train 0.713 0.054 0.025 0.287 95.272 0.0005 0.0596 1.708
65s) Validation 0.709 0.045 0.019 0.291 nan 0.0035 0.0489 1.401
Test 0.706 0.048 0.024 0.294 88.740 0.0039 0.0535 1.535
QRPO Train 0.943 0.023 0.014 0.057 90.657 0.0003 0.0269 0.771
(1200 s) Validation 0.913 0.024 0.014 0.087 nan 0.0024 0.0279 0.799
Test 0.968 0.020 0.012 0.032 89.278 0.0020 0.0233 0.667
ENPO Train 0.947 0.022 0.013 0.053 nan 0.0003 0.0256 0.734
(10s) Validation 0.953 0.024 0.015 0.047 89.406 0.0023 0.0283 0.811
Test 0.893 0.028 0.015 0.107 90.046 0.0030 0.0318 0.911
GPPO Train 0.981 0.014 0.009 0.019 nan 0.0002 0.0166 0.476
(400 s) Validation 0.974 0.012 0.008 0.026 75.673 0.0016 0.0144 0.414
Test 0.980 0.014 0.009 0.020 74.602 0.0014 0.0166 0.475
GBPO Train 0.896 0.032 0.018 0.104 86.262 0.0003 0.0367 1.052
(40 s) Validation 0.929 0.022 0.012 0.071 nan 0.0022 0.0255 0.731
Test 0.881 0.030 0.017 0.119 84.196 0.0028 0.0343 0.984
QRBO Train 0.960 0.020 0.011 0.040 70.538 0.0002 0.0228 0.653
Validation 0.935 0.021 0.011 0.065 nan 0.0019 0.0238 0.681
Test 0.979 0.016 0.010 0.021 80.724 0.0016 0.0189 0.542
ENBO Train 0.963 0.019 0.011 0.037 nan 0.0002 0.022 0.63
Validation 0.966 0.020 0.012 0.034 68.824 0.0019 0.0233 0.667
Test 0.917 0.024 0.013 0.083 76.053 0.0025 0.0274 0.786
GPBO Train 0.985 0.012 0.008 0.015 nan 0.0002 0.0144 0.414
Validation 0.979 0.011 0.007 0.021 64.942 0.0014 0.013 0.374
Test 0.986 0.012 0.007 0.014 65.145 0.0011 0.0141 0.404
GBBO Train 0.923 0.028 0.015 0.077 74.169 0.0003 0.0319 0.915
Validation 0.955 0.018 0.009 0.045 nan 0.0018 0.0201 0.576
Test 0.901 0.028 0.015 0.099 81.489 0.0025 0.0319 0.914

4.3.4. Euclidean distance and normalized distance

Distance-based metrics also supported these findings. Among base
models, GPR posted the lowest test Euclidean Distance (0.0233) and
Normalized Distance (0.667) compared to QR (0.0349, 1.000) and EN
(0.0466, 1.335). The worst was GBR (0.0535, 1.535). Optimized models,
however, significantly reduced distance measurements: GPBO posted
the smallest Euclidean Distance (0.0141) and Normalized Distance

(0.404), closely followed by QRBO (0.0189, 0.542). Most significantly,
ENBO achieved a 41 % reduction in Normalized Distance to base EN
(0.786 vs. 1.335), with GBBO lowering the distance values of GBR by
~40 %. These successive reductions are the strongest confirmation that
optimization did not just enhance the accuracy of point predictions but
also their overall geometric closeness to actual emission values.

A clear progression from base to hybrid models, illustrated by in-
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Fig. 5. Scatter and Q-Q plots of residuals for single and hybrid prediction models.
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creases in R2 and dramatic RMSE and MAE reductions in Table 4,
demonstrates that optimized hybrid approaches can deliver substan-
tially more precise N20 emission forecasts. Such enhanced accuracy and
stability (as shown by lower Euclidean and normalized distances) can
directly inform more effective control strategies in wastewater treat-
ment plants, enabling tighter regulation of aeration and dosing pro-
cesses. Moreover, the robustness of these models across metrics and
phases suggests that the same optimization framework could be applied
to varied data sets and plant configurations, facilitating scalable, data-
driven improvements in emission management. Collectively, these per-
formance gains lay the groundwork for more reliable, real-time decision
support tools that can substantially reduce greenhouse-gas outputs and
advance the field of predictive wastewater process control.

4.4. Comparative visualization of models’ performance

The residual scatter and Q-Q plots in Fig. 5 illustrate the relationship
between predicted N2O emission rates (x-axis) and their corresponding
residuals (y-axis, defined as measured minus predicted values) for both
base and hybrid models. The confidence band is shaded on each scatter
plot, and Q-Q plots indicate the congruence of residual distributions
with the theoretical normal distribution. Models characterized by tightly
packed residuals around zero and Q-Q points on the 45° line of reference
indicate unbiased prediction and normally distributed errors, which are
signs of higher predictive dependability. On the other hand, greater
scatter dispersion or systematic variation in the Q-Q plots reveals het-
eroscedasticity or non-normal residuals, signaling poorer generaliz-
ability. Combined, the graphical diagnostics complement statistical
measures in that hybrid models not only improve accuracy but also
eliminate systematic bias and variance in residual patterns from their
respective base counterparts.

For the GPPO model, residuals are closely scattered around zero with
little variance along the predicted range. The Q-Q distribution is close to
the reference line, indicating normally distributed errors and absence of
heteroscedasticity. This agrees with the high coefficient of determina-
tion (R% = 0.980) and low RMSE (0.014), confirming again its greater
predictive accuracy and stability. In contrast, the GBPO model has more
scatter dispersal with seemingly increasing variance in higher predicted
values and departures of the Q-Q distribution from the ideal line. These
patterns reflect the presence of heteroscedasticity and more erratic re-
sidual behavior. The lower R? value (0.881) and larger RMSE value
(0.030) with respect to GPPO again reinforce the lower predictive reli-
ability of this base model.

4.5. Error distribution analysis

Error distribution statistics during the test run, given in Table 5,
showed distinct pattern differences between the models. Broader error
ranges were observed in base models compared to their optimized

Table 5

Statistical properties of test phase errors for prediction models.
Components Properties

Min (ABS) Max (ABS) Avg St. Dev Median

QR 0.212 66.248 0.753 58.628 6.796
EN 0.554 64.992 —0.978 57.368 —4.263
GPR 0.001 66.686 —5.188 54.568 —6.385
GBR 0.609 65.993 7.956 59.423 62.324
QRPO 0.876 66.412 3.266 57.344 9.535
ENPO 0.001 66.508 3.084 58.072 21.841
GPPO 0.001 66.528 0.409 51.896 —0.546
GBPO 0.665 66.524 6.969 57.007 32.821
QRBO 0.719 65.763 —4.648 51.722 —4.177
ENBO 4.326 65.546 —3.026 50.723 —7.549
GPBO 0.268 65.367 -1.726 47.787 -1.970
GBBO 0.686 65.602 —0.641 53.590 0.486
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Table 6
SHAP sensitivity analysis results.
Feature Sensitivity
Influent flowrate (m3/h) 0.0014
DO (g 02/m3) 0.0043
NH,4 (g N/m3) 0.0079
NO;3 (g N/m3) 0.0078
N,O (g N/m3) 0.0523
Temperature (°C) 0.0076
Table 7
LIME sensitivity analysis results.
Feature EN GBR GPR QR
0.17 < Influent flowrate (m3/h) < 0.26 0 0.0024 0.0044 5.03E-34
0.28 < Temperature (°C) < 0.56 0 0.0044 0.0351 2.22E-34
DO (g 02/m3) > 0.27 0 0.0017 0.5684 6.27E-34
N-O (g N/m3) > 0.03 0 0.0081 0.4405 2.22E-34
NH, (g N/m3) > 0.20 0 0.0037 0.5011 3.42E-34
NO;3 (g N/m3) > 0.20 0 0.0033 0.0685 1.04E-33

counterparts, signifying the positive impact of hybridization in reducing
extreme deviations. GBR, for instance, obtained a maximum absolute
error of 65.993, which GPBO reduced to 65.367, thus establishing
improved robustness.

Average and median errors revealed systematic biases. Several base
models, such as EN and GPR, exhibited negative mean errors, which
indicate underpredicting biases. In contrast, GBR possessed a high pos-
itive bias with a mean error of 7.956. Such systematic biases were
relieved in hybrid models. For example, GBBO reduced the mean error of
GB-based modeling to nearly zero (—0.641), while GPPO generated a
nearly unbiased mean (0.409) with a median close to zero (—0.546).
These improvements suggest more balanced and credible forecasts.

Standard deviation, a measure of variability of error, was always
smaller in hybrid models. GPBO had the lowest standard deviation
(47.787), with very stable performance. ENBO and QRBO also had less
variability than the corresponding base models, confirming the consis-
tency dividends from optimization.

4.6. Sensitivity analysis results

SHAP and LIME sensitivity analyses in Tables 6 and 7 were used to
assign quantitative values to input parameter contributions in the effects
on N20 emissions. SHAP values were obtained using the Tree SHAP al-
gorithm for tree models (GBR, GPR), which approximates Shapley
values by analyzing all coalitions of features. Feature contributions were
summarized by calculating the mean absolute SHAP value across all
instances, which provides a global ranking of importance that reflects
each parameter’s net contribution to model predictions. Concentration
of dissolved N20 was indicated to be the most significant factor by SHAP
(score: 0.0523), since it is a direct quantitative measure of nitrification
and denitrification activities. Its high global importance indicates that
persistent monitoring of this parameter would greatly enhance model-
based emission control.

LIME explanations were created based on local linear approxima-
tions that were fit in the neighborhood of each prediction. The model
predictions were locally weighted sampled for each instance, and a
linear regression was fit to locally approximate the complicated model.
These resulting coefficients were taken to be local feature importance
scores. LIME picked up on the high local importance of NHs" (GPR score:
0.5011), even though its lower global SHAP score (0.0079). This would
mean that NHs" could be the dominant emission behavior at some
operating conditions, e.g., nitrification imbalances, in support of
context-based control measures.

DO and temperature possessed intermediate SHAP importance
(0.0043 and 0.0076, respectively), while LIME showed DO (0.5684 for
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Fig. 6. Observed vs. predicted N2O emission rates using prediction models with 95 % prediction intervals (PI).

GPR) to have locally significant roles, particularly in oxygen-sensitive
treatment stages. NOs~, with comparable SHAP and LIME values
(0.0078 and 0.0685, respectively), occurred under conditions domi-
nated by denitrification. Influent flowrate, even with low global SHAP
value (0.0014), contributed detectable local impacts (0.0044 for GPR)
during hydraulic load changes.

By combining SHAP and LIME, a complementarity interpretability
framework was achieved: SHAP produces stable global rankings for
long-term optimization (e.g., aeration strategies), while LIME gives
instance-level explanations to aid real-time operating decisions (e.g.,
carbon addition or ammonium regulation), additionally raising the
utility of model predictions within dynamic WWTP environments.

4.7. Monte Carlo uncertainty results

For the estimation of input uncertainty and propagation error, input
measurements (DO, NHs™, NOs~, N20, Influent flowrate, and Tempera-
ture) were entered with independent Gaussian noise equivalent to 5 % of
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each feature mean. Then, Monte Carlo propagation (1000 runs) was
applied on the pre-trained GPR, GBR, QR, and EN models to generate
empirical predictive distributions as well as 95 % prediction intervals
(PIs). For the GPR model, analytical calculated prediction variances
were used directly to estimate the 95 % PIs. Model performance was
evaluated on an held-out test set on the basis of RMSE, R%, mean width of
PIL, and empirical 95 % coverage. The graphical plots of predicted vs.
observed N20 emission rates with 95 % PIs are shown in Fig. 6.

The results summary of uncertainty analysis is provided in Table 8.
Of the models, EN performed overall best in prediction, lowest RMSE
(0.2128) and highest R? (0.9304), yet also best coverage of uncertainty
(0.9723) with relatively narrow PIs (0.4172). Quantile Regression and
GPR did also, although less precisely (RMSE = 0.2620 and 0.2401; R? =
0.8950 and 0.9115, respectively) yet still excellent coverage (0.9585
and 0.9604). The GBR model was worst in this setting with the highest
RMSE (0.2676), lowest R? (0.8906), as well as coverage (0.9567), albeit
with the biggest PIs (0.5245).
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Fig. 6. (continued).
bl feasible, overcoming a fundamental limitation of traditional
Ea et8. " Ivsi It approaches.
ncertainty analysis results. - . .
Y ¥ As for the lower test set R? of the optimized GBBO relative to its non-
Model RMSE R? Coverage 95 PI optimized counterpart (0.901 vs. 0.881 for GBBO vs. GBPO), this is due
ElasticNet 0.2128 0.9304 0.9723 0.4172 to the trade-off between overfitting and generalizability. The optimi-
Quantile 0.2620 0.8950 0.9585 0.5135 zation process improves model performance in the training set and
GPR 0.2401 0.9115 0.9604 0.4706 validation set through hyperparameter tuning, which may decrease test-
GBR 0.2676 0.8906 0.9567 0.5245

5. What-if scenarios interpretations and discussion
5.1. Significance of the finding

Accurate N20 emission estimation is important in light of the
extremely powerful greenhouse effect of N0, with some 300-fold that of
CO2, and its ozone depleting potential. Unlike standard mechanistic
models, the ML approach is sparsely calibrated and generally limited in
ability to handle variability, but the nonlinear interactions between
decisive parameters DO, NHs, NOs, and temperature are handled
explicitly. Flexible and site-specific estimation is therefore more
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set R? slightly because the model is more regularized and less noisy. This
behavior is actually in alignment with the observation that GBBO does
better in R? on training (0.923 vs. 0.896) and validation (0.955 vs.
0.929) but the test set shows a slight decline. The conduct informs us
that optimization makes the model more robust and predictive, not
overfitting to specific patterns in the training set.

Sensitivity analysis using SHAP and LIME revealed that dissolved
N0 concentration is most crucial, as it directly reflects nitrification and
denitrification kinetics. While NHs" had relatively lower global rele-
vance in SHAP, LIME showed that it possesses high local contributions
under some operating conditions, highlighting the need for adaptive
measures to varied nitrogen loading. DO, temperature, and NOs~ also
possessed condition-dependent contributions, particularly in oxygen-
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sensitive or denitrification-driven regimes. The integration of SHAP and
LIME indicates that model predictions can be utilized for WWTP long-
term process design optimization and real-time control to achieve low
emissions without compromising treatment efficiency.

5.2. What-if scenarios and practical implications

To examine the responsiveness of the hybrid models to realistic
operational perturbations, three what-if scenarios were designed simu-
lating changes in the most significant WWTP variables, N-O, NH4*, DO,
temperature, and influent flowrate:

e Scenario 1: Nz20 increase

20 % increase in N2O was applied to all the samples, and Conditional
Generative Adversarial Networks (CGAN) were used to generate realistic
NH." and DO values conditioned on the updated levels of N20. The best-
trained model was then used to predict an emission rate of N2O.

e Scenario 2: Reducing NH+" and increasing temperature

NH." was decreased by 15 % and temperature was increased by 5 °C
for all samples. Realistic DO and Nz0 values conditioned on the reduced
levels of NHa" and increased temperature produced by CGAN were used,
and N20 emission rate was estimated using the best-trained model.

e Scenario 3: Multi-variable perturbation

DO was increased by 10 %, N2O was increased by 10 %, and influent
flowrate was moderately raised by 5 %. Correlated simultaneous NH4",
NOs~, and temperature data were generated with the assistance of
CGAN, and the top-performing model was utilized to predict the emis-
sion rate of Nz20.

Statistical properties of input and output variables for all scenarios
are given in Tables 9, 10 and 11, and the resulting variation of N0
emission rates compared to the initial dataset is shown in Fig. 7. This
type of analysis enables the assessment of model predictions under
altered conditions and provides practical information on plant opera-
tion, process optimization, and emission abatement strategies.

e Predictive Maintenance and Process Optimization:

Low RMSE values achieved for hybrid models partially confirm their
efficacy to predict N2O peaks accurately under dynamic WWTP opera-
tional conditions. In integrated applications within SCADA systems,
such models can continuously monitor the key operating parameters
such as DO, NH. ", and temperature, which are proven biological drivers
of nitrification—denitrification processes. By predicting future emission
peaks, advanced adjustment of aeration rate or sludge age can be carried

Table 9
Statistical properties of N,O emission data variables: what-if Scenario 1.

Variable Train (Sample size = 1234)
Min Median Mean Std Var

Influent flowrate (m>/h) 0.000 0.167 0.211 0.141 0.020

DO 0.158 0.241 0.278 0.093 0.009
(g 0o/m*)

NH4 0.128 0.303 0.435 0.330 0.109
(g N/m?)

NOs3 0.000 0.094 0.150 0.150 0.022
(g N/m®)

N0 0.000 0.006 0.046 0.118 0.014
(g N/m%)

Temperature (°C) 0.000 0.574 0.559 0.284 0.081

N,O emission rate 0.000 0.015 0.049 0.098 0.010

(g N/m®/d)
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Table 10
Statistical properties of N,O emission data variables: what-if Scenario 2.

Variable Train (Sample size = 1234)
Min Median Mean Std Var

Influent flowrate (m3/h) 0.000 0.167 0.211 0.141 0.020

DO 0.158 0.212 0.209 0.012 0.000
(g Oz/m*)

NH4 0.000 0.108 0.141 0.102 0.010
(g N/m?)

NO3 0.000 0.094 0.150 0.150 0.022
(g N/m%)

N;O 0.053 0.282 0.284 0.077 0.006
(g N/m%)

Temperature (°C) 5.000 5.574 5.559 0.284 0.081

N,O emission rate 0.000 0.015 0.049 0.098 0.010
(g N/m*/d)

Table 11

Statistical properties of N,O emission data variables: what-if Scenario 3.

Variable Train (Sample size = 1234)
Min Median Mean Std Var

Influent flowrate (m®/h) 0.000 0.175 0.221 0.148 0.022

DO 0.000 0.254 0.261 0.086 0.007
(g O2/m*)

NH4 -0.119 0.134 0.142 0.089 0.008
(g N/m®)

NO3 0.004 0.096 0.114 0.089 0.008
(g N/m®)

N2O 0.000 0.005 0.042 0.108 0.012
(g N/m%)

Temperature (°C) 0.189 0.864 0.899 0.341 0.116

N,O emission rate 0.000 0.015 0.049 0.098 0.010

(g N/m*/d)

out, smoothing out conditions before uncontrollable N-O accumulation.
As an example, in Scenario 1 (20 % increase in N20), the model iden-
tified concurrent increases in NHa" (mean 0.435 g N/m3) and DO fluc-
tuation (std 0.093 g Oz/m3), and therefore decreasing emissions could
be achieved by fine-tuning aeration to maximize the nitrifiers and avoid
oxygen overfeeding.

e Strategic Planning through Scenario Analysis:

The what-ifs amplify model interpretability by pushing statistical
results into operational understanding. For Scenario 2 (—15 % NHa™,
+5 °C), the models predicted elevated Nz0O levels (mean 0.284 g N/m®)
despite reduced substrate, reproducing the established effect of elevated
temperatures accelerating nitrifier metabolism but potentially destabi-
lizing denitrification. This is a climate-sensitive trade-off: more condi-
tions can contribute to more emissions even when influent loads are
reduced, again emphasizing the importance of seasonal planning in
temperate regions such as Copenhagen, Denmark, where the Avedgre
Wastewater Treatment Plant (WWTP) operates. Similarly, Scenario 3
(multi-variable perturbation) showed how rises in DO (+10 %), N20
(+10 %), and influent flow (+5 %) created modest increases in mean
NOs™ (0.114 g N/m3) but increased variability in the form of DO and
temperature. This scenario simulates stormflow and transient hydraulic
conditions prevalent in European WWTPs like Avedgre, where inflow
changes may decrease aeration efficiency and boost short-term N20
emissions. Such scenario-based results allow operators to attempt
“what-if” management situations, e.g., changing recirculation rates or
pre-anoxic zones—before being implemented on a full scale.

e Integration with Smart Technologies and IoT:

The results indicate how hybrid approaches, particularly when
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Fig. 7. Variation of WWTP N,O emission rate: original data compared with what-if scenarios.

paired with generative methods like CGAN, can be implemented in real-
time sensor systems to facilitate anticipatory emission control. For
instance, DO probes with NHs" and temperature monitors can contin-
uously feed information into the trained model, and the model then
simulates likely emission reactions to anticipated perturbations. If NHa "
begins to rise above threshold levels under warm temperatures (as in
Scenario 2), the model would facilitate auto-dosing of carbon to balance
denitrification and prevent N2O accumulation. This provides operators
with not just a monitoring tool, but also a forecast control loop, estab-
lishing distinct paths for integration into plant automation.

¢ Biological and Chemical Interpretation of Key Predictors:

The scenario analyses reinforce the biological mechanisms underly-
ing N0 formation:

Excessive NHs™ loading increases substrate levels for ammonia-
oxidizing bacteria, accelerating incomplete nitrification and emission
of N20. Raising DO (Scenarios 1 and 3) initially accelerates nitrification
but can suppress heterotrophic denitrification, leading to incomplete
pathways and raised emissions. Raising temperature (Scenario 2) ac-
celerates metabolic rates but can impair the balance between nitrifiers
and denitrifiers and amplify emission intensity.

Table 12
Comparison between this study and previous studies in literature.

e Energy Efficiency, Cost Savings, and Environmental Impacts:

By quantifying emissions following different operational and cli-
matic disturbances, the models optimized aeration and dosing plans that
minimized both emissions and energy consumption. For example, Sce-
nario 1 shows that NHs" stability under high N20 could prevent over-
aeration at a high cost but still ensure compliance. Notably, the use of
emission projections in governance reporting frameworks (e.g., IPCC
Tier 3 procedures) enables WWTPs to report baseline emissions along-
side mitigation strategies. This improves accountability as well as
facilitating co-benefits like the reduction of greenhouse gas footprint,
aligned with local climate goals.

e Operator Training and Stakeholder Engagement

The what-if scenarios are simply convertible to interactive dash-
boards, where operators can dynamically see the effects of DO, NHa",
temperature, or influent flow changes on N20 emission. By integrating
scenario outputs with SHAP-based interpretability, these dashboards
provide operators a plain, “cause-and-effect” understanding of the
leading causes of emission variation. This approach not only enhances
operating decision-making, allowing quick reactions to aeration, carbon
dosing, or flow management, but also enhances transparency and

Researchers

Hwangbo et al. [70]

Khalil et al. [22]

Seshan et al. [24]

Huang et al. [26]

Present study

ML Framework

Dataset

Results

Interpretability

Key insights

DNN and LSTM (deep neural
nets)

Full-scale WWTP (Avedgre,
Denmark)

DNN: R2>0.90; LSTM:
R2>0.94 (LSTM RMSE ~64
% lower than DNN)

Global sensitivity (variance)

LSTM outperformed DNN for
forecasting; DO, NHa", NOs ™~
identified as key drivers;
hybrid DL-mechanistic
modeling recommended.

k-NN, AdaBoost, RF, DNN

Full-scale WWTP (long-term
field data)

k-NN: R2 =~ 0.88; AdaBoost:
R2 ~ 0.94; DNN: R2 ~ 0.90

Permutation feature
importance

Feature selection reduced
inputs by 40 %; simpler
ensemble models matched
deep nets in accuracy while
retaining interpretability.

LSTM encoder—decoder

Full-scale WWTP
(Amsterdam West, 15
months)

R2 up to 0.98 (0.5-6 h
forecast horizon)

Permutation-based
importance

Historical N20, influent
flow, NHa", NOx, DO were
most influential; short-
term trends captured well.

CNN-BiLSTM with
attention (PLO-optimized)
Full-scale WWTP
(Altenrhein, large dataset)

R2 ~ 0.99 (test)

SHAP analysis

Water temperature was
most critical; DO and flow
exhibited seasonal effects;
model robustness
confirmed across 48
validation sets.

EN, QR, GPR, GBR; hybrids via PO
and BO, Uncertainty, and XAI
Full-scale WWTP (1234
observations)

Best base and hybrid:

GBR: R? = 0.706; RMSE = 0.048
GBBO: R? = 0.901; RMSE = 0.099
SHAP and LIME analyses

Dissolved N20 concentration was
the top predictor; NHa" showed
strong local effects; hybrid
optimization significantly
reduced prediction error and
enhanced generalizability.
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accountability, building trust between stakeholders. In addition, it
supports evidence-based policy discussions, departing from the generic
measures of emissions control towards context-specific, data-based in-
terventions tailored to the unique hydraulic and climatic conditions of
plants such as the Avedgre WWTP.

5.3. Comparative analysis of N-0O emission prediction studies

The studies summarized in Table 12 were all conducted on full-scale
WWTPs and employed supervised ML or deep learning models to fore-
cast N2O emissions. Each work was evaluated with consistent perfor-
mance metrics and was interpretable through feature-importance or
sensitivity analysis techniques. Key water quality indicators were used
as model inputs, and hybrid optimization strategies were applied in
several cases to enhance both accuracy and generalizability. The com-
parison highlights model types, dataset characteristics, predictive per-
formance, interpretability approaches, and principal findings to
facilitate a clear assessment of methodological advances and practical
applicability.

Across all five studies, advanced ML and deep learning frameworks
have demonstrated strong capability in forecasting N-O emissions from
full-scale WWTPs, with reported R? values ranging from approximately
0.88 up to 0.99 (and R2 up to 0.98 for short-term horizons of 0.5-6 h).
Both tree-based ensembles and deep architectures achieve high predic-
tive accuracy, while hybrid optimization techniques (e.g., PO) further
reduce error and enhance generalizability. Interpretability (XAI) re-
mains a critical component; global sensitivity analyses, permutation
importance, and SHAP/LIME methods consistently highlight dissolved
Nz20 concentration, dissolved oxygen, and key nitrogen species as
dominant drivers of emissions.

6. Conclusion

The study demonstrated the ability of current state-of-the-art ma-
chine learning algorithms, hybrid optimization, to forecast nitrous oxide
(N20) emissions from WWTPs reliably and interpretably. Among the
models tested, Gaussian Process Regression with Bayesian Optimization
(GPBO) gave the most consistent performance with R? values higher
than 0.98 and negligible error statistics during training, validation, and
testing. These results validate that the optimized models are not only
statistically reliable but also computationally economical to enable real-
time applications, thus enabling proactive emission control.

Significantly, interpretability analysis confirmed the most significant
influencing driver to be dissolved N2O concentration, seconded by
ammonium and dissolved oxygen, with condition-dependent effects as a
function of loading and aeration conditions. The results bridge the gap
between statistical prediction and biological explanation, giving oper-
ators transparent cause-and-effect mechanisms for decision-making.
What-if scenarios also showed that operational or climatic distur-
bances, such as elevated temperature, hydraulic shocks, or influent N-O
enrichment, can profoundly change emissions, affirming the necessity
for adaptive data-driven management.

In addition to predictive accuracy, the model yields actual environ-
mental and economic co-benefits. Reduction of N20O peaks enables plants
to significantly reduce their greenhouse gas emissions, aiding local and
national climate objectives as well as adhering to IPCC Tier 3 reporting
standards. At the same time, model-based optimized dosing and aeration
tactics reduce unnecessary energy consumption, one of WWTPs’ most
high-cost operational expenses, without triggering over-aeration,
chemical loss, and possible fines for noncompliance. Such dual advan-
tages optimize both economic effectiveness and sustainability.

Incorporating Monte Carlo-based uncertainty analysis makes the
framework even more reliable, with predictions robust in varying con-
ditions. Overall, this work advances beyond standard retrospective
emission estimation, designing a scalable and understandable platform
for WWTPs that incorporates precise prediction, scenario-based
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resilience planning, and clear-cut environmental and economic value. It
is not just a scientific achievement in predictive modeling but also an
operational vehicle for operators and policymakers to gain sustainable
wastewater management.

7. Limitations and future directions

While this research provides a solid basis for N>O prediction using
hybrid ML models, certain limitations need to be acknowledged. The
dataset derived from a single facility (Avedgre WWTP, Denmark) re-
stricts the broad applicability of the results. Site-specific factors such as
reactor design, climate, and operational strategies may limit model
portability to other WWTPs with different process designs or climatic
conditions.

Future research should focus on the extension of datasets to cover a
wider variety of WWTP configurations (e.g., activated sludge,
sequencing batch reactors, membrane bioreactors) across different
geographic and climatic zones. The inclusion of seasonal variation,
influent load variation, and different control philosophies (e.g., fixed
aeration vs. advanced process control) would significantly enhance
model robustness and facilitate scaling to diverse contexts. The second
critical direction is the quantification of environmental and economic
co-benefits of projected mitigation strategies, such as greenhouse gas
emission reductions, energy savings through optimized aeration, and
chemical dosing cost savings. Explicit accounting for such trade-offs will
make the models more actionable for policymakers and operators alike.

Pairing of real-time sensor data with high-frequency sampling and
IoT-enabled systems must also be pursued to enable dynamic model
updating and proactive emission control. Such systems would, in effect,
enable predictive feedback loops with the capability to pre-emptively
adjust aeration or carbon dosing strategies in anticipation of emission
spikes. Along with single-point predictions, the development of time
series prediction models (i.e., recurrent neural networks, temporal
Gaussian processes, or hybrid ML-mechanistic models) must be explored
to model the temporal dependencies of N.O dynamics. Such models
would allow operators to foresight emission trends hours or days in
advance, allowing more effective scheduling of operational changes and
offering better insight into long-term emission patterns under varying
climatic and hydraulic conditions.

Methodologically, XAI tools that are more advanced can be utilized
to untangle complex feature interactions and provide better interpret-
ability to operators than the explanations now provided by SHAP and
LIME. Finally, hybrid approaches that combine data-driven models with
mechanistic simulation frameworks (e.g., activated sludge models) have
great interdisciplinary potential. Physics-informed ML would have the
capability to integrate understanding of biological and chemical pro-
cesses into predictive models, improving interpretability and ensuring
transferability to different plant designs and regional settings. Together,
these pathways will improve both the scientific integrity and the real-
world applicability of N.O emission modeling for wastewater treatment.
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Appendix I

Table 1A
Statistical properties of the selected train/test data for EN model evaluation.

Variable Train (Sample size = 987) Test (Sample size = 247)
Min Median Mean Std Var Min Median Mean Std Var

Influent flowrate (m®/h) 0.000 0.166 0.210 0.143 0.020 0.054 0.176 0.213 0.132 0.017

DO 0.020 0.231 0.238 0.081 0.007 0.000 0.234 0.235 0.064 0.004
(g 0o/m*)

NH4 0.000 0.127 0.167 0.124 0.015 0.019 0.126 0.159 0.104 0.011
(g N/m?)

NO3 0.000 0.093 0.150 0.151 0.023 0.000 0.095 0.151 0.145 0.021
(g N/m®)

N2O 0.000 0.005 0.037 0.095 0.009 0.000 0.004 0.043 0.111 0.012
(g N/m*)

Temperature (°C) 0.000 0.573 0.560 0.283 0.080 0.000 0.603 0.552 0.290 0.084

N2O emission rate 0.000 0.016 0.050 0.098 0.010 0.000 0.012 0.047 0.097 0.010
(g N/m*/d)

Table 2A

Statistical properties of the selected train/test data for QR model evaluation.

Variable Train (Sample size = 987) Test (Sample size = 247)
Min Median Mean Std Var Min Median Mean Std Var

Influent flowrate (m®/h) 0.000 0.167 0.212 0.146 0.021 0.054 0.167 0.206 0.115 0.013

DO 0.000 0.231 0.236 0.073 0.005 0.020 0.232 0.241 0.095 0.009
(g 0/m®)

NH4 0.000 0.128 0.166 0.123 0.015 0.006 0.123 0.162 0.110 0.012
(g N/m®)

NOs3 0.000 0.094 0.150 0.148 0.022 0.000 0.096 0.153 0.154 0.024
(g N/m*)

N2O 0.000 0.005 0.038 0.096 0.009 0.000 0.005 0.039 0.108 0.012
(g N/m®)

Temperature (°C) 0.000 0.574 0.557 0.284 0.081 0.047 0.573 0.565 0.286 0.082

N>O emission rate 0.000 0.015 0.050 0.098 0.010 0.000 0.012 0.047 0.098 0.010
(g N/m®/d)

Table 3A
Statistical properties of the selected train/test data for GPR model evaluation.
Variable Train (Sample size = 987) Test (Sample size = 247)
Min Median Mean Std Var Min Median Mean Std Var

Influent flowrate (m®/h) 0.000 0.166 0.209 0.137 0.019 0.048 0.178 0.220 0.154 0.024

DO 0.000 0.231 0.238 0.079 0.006 0.062 0.231 0.234 0.075 0.006
(g 0z/m?)

NH4 0.000 0.128 0.166 0.120 0.014 0.000 0.125 0.164 0.121 0.015
(g N/m%)

NO3 0.000 0.094 0.152 0.153 0.024 0.000 0.097 0.142 0.133 0.018
(g N/m®%)

N2O 0.000 0.005 0.039 0.102 0.010 0.000 0.006 0.035 0.082 0.007
(g N/m*)

Temperature (°C) 0.000 0.574 0.561 0.285 0.081 0.000 0.568 0.547 0.282 0.080

N0 emission rate 0.000 0.015 0.050 0.100 0.010 0.000 0.016 0.047 0.088 0.008
(g N/m*/d)
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Table 4A
Statistical properties of the selected train/test data for GBR model evaluation.

Journal of Water Process Engineering 79 (2025) 108818

Variable Train (Sample size = 987) Test (Sample size = 247)
Min Median Mean Std Var Min Median Mean Std Var
Influent flowrate (m®/h) 0.000 0.169 0.211 0.143 0.020 0.051 0.163 0.211 0.132 0.017
DO 0.000 0.233 0.238 0.079 0.006 0.074 0.227 0.234 0.076 0.006
(g 0y/m®)
NH4 0.000 0.126 0.166 0.125 0.016 0.022 0.130 0.162 0.098 0.010
(g N/m®)
NO3 0.000 0.093 0.151 0.152 0.023 0.000 0.095 0.147 0.139 0.019
(g N/m?)
N»O 0.000 0.005 0.037 0.096 0.009 0.000 0.005 0.044 0.109 0.012
(g N/m%)
Temperature (°C) 0.000 0.574 0.560 0.285 0.081 0.030 0.574 0.552 0.281 0.079
N3O emission rate 0.000 0.016 0.050 0.100 0.010 0.000 0.012 0.045 0.086 0.007
(g N/m%/d)
Data availability [18] L. Peterson, J. Bremer, K. Sundmacher, Hybrid modeling of the catalytic CO2

Data will be made available on request.
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