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ABSTRACT

Wastewater treatment plants generate large, heterogeneous, and often imbalanced operational records, and
classifying the resulting environmental and process indicators remains a persistent obstacle to automating water-
quality management. This paper condenses a broader investigation into a hybrid model that couples a one-
dimensional Convolutional Neural Network (1D-CNN) with Particle Swarm Optimization (PSO) for
hyperparameter and feature selection, evaluated on a six-year operational record (1,383 samples, 18 variables)
from Melbourne’s Eastern Wastewater Treatment Plant. Feature selection driven by PSO raised classification
accuracy to 99% for Total Rainfall and 96% for Average Inflow, but the same procedure left Energy Consumption
classification at only 62% accuracy, with several minority classes returning zero precision, recall, and F1-score,
and a subset of ROC computations returning non-numeric (NaN) values due to insufficient class support. Rather
than presenting these results as a settled solution, this paper argues that they expose an unresolved and label-
dependent limitation of PSO-CNN pipelines: feature selection that is optimal for one operational target can be
actively unsuitable for another drawn from the same dataset, and severe class imbalance undermines both the
reliability of the reported metrics and the trustworthiness of the resulting model for operational deployment. We
characterize the boundary conditions under which the PSO-CNN approach succeeds and fails, and we frame the
imbalance-sensitive, target-dependent nature of feature selection as an open problem that current single-fold,
single-objective PSO formulations do not resolve. The paper closes by outlining concrete directions (class-
balancing prior to optimization, multi-objective PSO formulations, cross-validated fitness functions, and target-
specific feature subsets) that future work is invited to pursue.

Keywords: Wastewater classification; convolutional neural networks; particle swarm optimization; feature
selection; class imbalance; hyperparameter optimization; environmental monitoring.

1 Introduction

Water is central to public health, ecological stability, and economic activity, and the treatment of
wastewater before discharge or reuse is a core safeguard against contamination [1]. A necessary step
within this safeguard is the classification of pollutants and operational indicators so that the correct
treatment pathway can be selected. Historically this classification relied on manual sampling and
laboratory analysis, a process that is slow, labor-intensive, and susceptible to human error [2]. The
maturation of machine learning and computer vision has opened an alternative: models that learn
hierarchical representations directly from sensor and operational data [3].

CNNs are attractive for this task because they can automatically extract discriminative features from
raw or lightly processed signals. Their effectiveness, however, is governed by a set of hyperparameters
(learning rate, kernel size, number of filters, and depth) that are difficult to tune. Gradient-based tuning
is prone to slow convergence, sensitivity to initialization, and entrapment in local optima [4]. PSO, a

15 ISSN 1998-6262 (Print) - 2079-0376 (Online) - Al-Zaytoonah University of Jordan - https://ijopcm.zuj.edu.jo/



Vol. 19, No. 4, December 2026 Int. J. Open Problems Compt. Math.

population-based metaheuristic inspired by the collective movement of flocking organisms [5], offers a
derivative-free alternative capable of exploring high-dimensional, non-convex hyperparameter spaces
without the same sensitivity to initial conditions [6].

This paper reports a hybrid PSO-CNN pipeline applied to wastewater operational data and, critically,
re-reads its own results as evidence of an unresolved methodological problem rather than as a finished
solution. The pipeline performs well on some target variables and performs poorly (in a way that is not
simply a matter of degree) on others drawn from the identical dataset and identical preprocessing
pipeline. This asymmetry is the paper’s central object of study: it suggests that PSO-driven feature
selection, as currently formulated in a single-objective, single-split configuration, is target-dependent in
a way that limits its reliability as a general-purpose wastewater classification tool. The paper does not
propose a definitive fix; instead, it documents the boundary of what the approach can currently do and
specifies the conditions a future solution would need to satisfy.

1.1 Research Questions

* RQ1: To what extent does PSO-based feature and hyperparameter selection improve 1D-CNN
classification accuracy across multiple, heterogeneous wastewater indicators drawn from a single
operational dataset?

* RQ2: Under what data conditions (class support, label distribution, variable type) does PSO-CNN
feature selection fail to generalize, and what does that failure look like in the evaluation metrics?

* RQ3: What methodological changes would be required to make PSO-driven feature selection
reliable across heterogeneous targets rather than favorable to only some of them?

1.2 Contribution

The contribution of this paper is not a finished, deployable classifier. It is (i) an empirical demonstration
that a single PSO-CNN configuration produces highly divergent outcomes across labels from the same
dataset (99% to 62% accuracy), (ii) a diagnosis of the class-imbalance and undefined ROC/AUC values
due to insufficient class support issues (zero-support classes, NaN AUC values) that accompany the
weaker outcomes, and (iii) an explicit problem statement intended to seed future work on imbalance-
aware, multi-objective, target-agnostic feature selection for environmental time-series classification.

2 Related Work

Artificial intelligence has been applied to wastewater treatment across a range of tasks: predictive
maintenance, anomaly detection, process control, and quality-index estimation [7]. Table 1 summarizes
five representative studies alongside the present work, highlighting not only their reported performance
but the specific generalization gap each leaves open.

Chawishborwornworng et al. [8] combined principal component analysis with artificial neural networks
and a bootstrap procedure to estimate a water-quality index for the Lower Mun River basin, reporting a
correlation coefficient of 0.993 and an incorporation rate above 95%, but the approach was validated on
asingle river basin and its transferability to other index definitions is untested. Maurya et al. [9] reviewed
in-silico and machine-learning approaches to heavy-metal detection without proposing or validating a
predictive model, leaving an explicit gap between literature synthesis and empirical validation. Aghdam
et al. [10] compared Gene Expression Programming against several regression-based learners for
predicting BOD5 and COD across seven Hong Kong plants, obtaining R2 values of 0.784 and 0.861
respectively, but restricted their inflow data to one metropolitan sewer network. Nourani et al. [11], [12]
used ensembles of feed-forward networks, support-vector regression, and adaptive neuro-fuzzy
inference systems, improving BODeff/CODeff prediction accuracy by up to 20-24% through jittering
and ensembling, though each study is confined to a single treatment plant and a narrow parameter set
(BOD, COD, TN). Deepnarain et al. [13] paired artificial neural networks with fluorescent in-situ
hybridization to relate filamentous bacterial composition to sludge settling behavior across seven South
African plants, but the causal operating conditions behind excessive filamentous growth remained
unresolved by their own account.
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Across this body of work, two patterns recur: first, each study is validated on a narrow, single-source
dataset, and second, none of the reviewed studies interrogate how differently their chosen method
behaves across multiple, simultaneously available target variables from the same plant. This is precisely
the gap the present study probes, not by adding another single-target success case, but by holding the
dataset and pipeline constant and varying only the classification target, which surfaces a generalization

problem that single-target studies cannot reveal.

Table 1. Comparative summary of related work and the present study.

Study

Method

Dataset / Domain

Key Result

Unresolved Issue

Chawishborwornworng
etal. [8]

Aghdam et al. [10]

PCA + ANN + Bootstrap

GEP, multi-layer ANN,

Lower Mun River WQI

7 WWTPs, Hong Kong

R =0.993; RMSE = 0.86

Rz = 0.784 (BODS),

Regional generalizability
untested

Limited to one

regression trees (BODS5, COD) 0.861 (COD) geographic inflow profile
Nourani et al. [11] FFNN, SVR, ANFIS, Tabriz WWTP Up to 20% accuracy Single-plant scope; no
ARIMA  + jittering gain via ensembling feature-selection layer
ensembles
Deepnarainetal. [13] ANN + multivariate 7 South African SVI prediction from Mechanistic drivers of
statistics + FISH WWTPs filamentous taxa bulking left unresolved
Nourani et al. [12] FFNN, ANFIS, SVM, Nicosia WWTP Up to 24% accuracy Narrow parameter scope
MLR + ensembling gain (BODeff) (BOD/COD/TN only)
Present study 1D-CNN + PSO-driven Melbourne Eastern 99% (Total Rainfall), 62% on Energy
hyperparameter/feature ~ WWTP, 6-yr 96% (Average Inflow)  Consumption;
selection multivariate record unresolved class-
imbalance and  non-

computable AUC cases

3 Materials and Methods

3.1 Dataset

The study uses the publicly available operational record “Energy consumption, climate and wastewater
characteristics at Melbourne’s Eastern Wastewater Treatment Plant” [14], covering the period 2014—
2019. The dataset' contains 1,383 records across 18 numeric (float64) columns spanning process
variables (Average Outflow, Average Inflow, Energy Consumption, Ammonia, Biological Oxygen
Demand, Chemical Oxygen Demand, Total Nitrogen) and meteorological covariates (temperature,
humidity, rainfall, visibility, wind speed) together with temporal indices (Year, Month, Day). No
missing values were present in the raw columns used for analysis.

3.2 Preprocessing

Preprocessing followed a standard pipeline: cleaning, decimal scaling of continuous features (e.g.,
rescaling Energy Consumption by a factor of 1,000 from 150,000-400,000 range to 150-400 for
numerical stability), outlier inspection via box plots, and label encoding of the discretized target classes.
Each candidate target variable (Total Rainfall, Average Inflow, Average Wind Speed, Ammonia, Energy
Consumption) was independently discretized into class bins and used as a separate classification label,
holding the same feature pool and preprocessing pipeline constant across targets. The data were split
into training, validation, and test partitions, with the validation partition used inside the PSO fitness loop
and the test partition withheld for final evaluation.

3.3 One-Dimensional CNN Architecture

The classifier is a 1D-CNN operating over the tabular feature vector treated as a sequence, using
convolutional layers to learn local interactions among the environmental and process variables. Its

! https://lwww.kaggle.com/code/ibrahimzaitoun/full-scale-waste-water-treatment-plant-data
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trainable hyperparameters, learning rate, number of filters, kernel size, and number of
convolutional/dense layers — were treated as the search space for optimization rather than fixed a priori.

3.4 PSO-Driven Hyperparameter and Feature Selection

PSO maintains a swarm of candidate particles, each encoding one hyperparameter configuration
together with a candidate feature subset. Each particle is evaluated by training the CNN on the training
partition with its encoded configuration and scoring the resulting validation accuracy and loss; particle
positions are then updated according to individual best and swarm-best experience, balancing
exploration and exploitation of the search space [5]. Over successive iterations the swarm converges
toward a hyperparameter/feature configuration that minimizes validation loss for the label under
optimization. This is a single-objective formulation: the fitness function scores only the classification
performance for one target label at a time, with no term penalizing feature-subset instability across labels
or class-support imbalance.

3.5 Evaluation Metrics

Model performance was assessed using accuracy, precision, recall, F1-score, confusion matrices, and
per-class ROC/AUC curves, together with macro- and support-weighted averages so that the effect of
class imbalance on the aggregate accuracy figure could be examined rather than obscured by it.

4 Results

4.1 Baseline CNN without Feature Selection

With the full feature set and no PSO-based reduction, per-class AUC values were highly uneven within
a single label. For Average Wind Speed, class-level AUC ranged from 0.933 to 0.983; for Average
Inflow, from 0.60 to 0.89 with the strongest class reaching 0.891 and the weakest 0.599; for Energy
Consumption, class-level AUC ranged as low as 0.483 and never exceeded 0.715; for Ammonia, the
weakest class returned an AUC of 0.451, barely above chance. Several classes across labels returned
non-numeric (NaN) AUC values because too few test instances existed to compute a valid ROC curve,
an artifact of class-support imbalance rather than of model capacity.

4.2 PSO-CNN with Feature Selection

Introducing PSO-driven feature selection changed accuracy substantially, but unevenly across targets.
Total Rainfall reached 99% accuracy, driven almost entirely by a single dominant class (Class 0,
precision = recall = F1 = 1.00) while a near-zero-support class (Class 4, one instance) contributed
nothing and was scored at 0.00 across all three metrics. Average Inflow reached 96% overall accuracy,
again dominated by one large class (precision 0.96, recall 1.00), while a nine-instance minority class
fell to an F1-score of 0.18 and a four-instance class scored 0.00 on every metric. Average Wind Speed
reached 78% accuracy, with a four-instance class again scoring 0.25 across precision, recall, and F1.
Ammonia reached 80% accuracy overall, yet three of its five classes (each with five or fewer supporting
instances) scored 0.00 on precision, recall, and F1, meaning the model failed to identify a single true
positive in those classes despite the seemingly strong headline accuracy. Energy Consumption, the target
most resistant to the PSO-driven pipeline, reached only 62% accuracy, with one class (Class 0) scoring
0.00 across all metrics and a macro-averaged F1-score of only 0.33, indicating that the overall accuracy
figure conceals substantial underlying failure. Table 2 summarizes these outcomes.
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Table 2. Accuracy before and after PSO-based feature selection, by target label, with the associated class-support
issue driving the residual error.

Target Label Accuracy (no FS) Accuracy (with PSO; Dominant class support issue

FS
Total Rainfall 0.78 0.99 Class 0 dominates; Classes 1 and 4 near-zero
support
Average Inflow 0.79 0.96 Class 2 support = 4; F1 =0.00
Average Wind Speed 0.98 0.78 Class 3 support = 4; all metrics = 0.25
Ammonia 0.77 0.80 Classes 2—4 supports < 5; F1 =0.00
Energy Consumption 0.72 0.62 Class 0 F1 = 0.00; macro-F1 =0.33

4.3 Correlational Structure

A Pearson correlation matrix over the feature set showed a strong positive association between
maximum and minimum temperature (r = 0.92) and a moderate association between chemical and
biological oxygen demand (r = 0.52), consistent with known physical and biochemical coupling among
these variables. These correlations partly explain why feature selection benefits meteorologically driven
labels such as Total Rainfall and Average Inflow more than it benefits Energy Consumption, whose
class structure appears comparatively decoupled from the same predictor set.

5 Discussion: An Unresolved, Target-Dependent Limitation

The results in Section 4 do not describe a single model that classifies wastewater data well. They
describe a pipeline whose apparent success is conditional on which target variable is being predicted,
and whose headline accuracy figures (99%, 96%, 80%, 78% ) mask near-total failure on minority classes
within the very same labels. This is the paper’s central claim: PSO-based feature selection, in its present
single-objective form, optimizes a feature subset and hyperparameter configuration that is locally well-
suited to the dominant class structure of one target variable, but there is no mechanism in the fitness
function that guarantees, or even encourages, that subset to remain informative for a differently
structured target, or for the minority classes within it.

Three symptoms recur across the weaker outcomes and constitute, in our view, an open problem rather
than a solved one. First, class-support scarcity: several classes across every label had fewer than ten
supporting instances, and in the most extreme cases (Total Rainfall Class 4, Average Inflow Class 2)
only a single instance was available, making any precision/recall estimate for that class statistically
unstable regardless of the classifier used. Second, undefined ROC/AUC values due to insufficient class
support in evaluation: a subset of ROC/AUC computations returned NaN values, meaning the standard
evaluation protocol itself could not certify performance on those classes — the problem is not only that
the model performs poorly, but that its poor performance cannot always be measured cleanly. Third,
metric concealment: weighted-average accuracy and F1-scores, by construction, are dominated by
majority classes, so a pipeline can report 80% or 96% accuracy while simultaneously failing completely
(F1 = 0.00) on two or three of its constituent classes. Any deployment decision based on the headline
accuracy alone would therefore be built on an incomplete picture of the model’s behavior.

We consider the Energy Consumption result the sharpest illustration of the underlying problem,
precisely because it received the same preprocessing, the same architecture, and the same PSO search
procedure as the successful labels, yet converged to a comparatively weak and unevenly distributed
outcome (macro-F1 = 0.33 versus an overall accuracy of 0.62). This gap between macro- and weighted-
average performance is, in effect, a symptom of the swarm optimizing for the metric it was given (overall
validation accuracy) rather than for balanced classification performance, and no term in the fitness
function currently penalizes that divergence.

It follows that the PSO-CNN approach, as formulated here and in the related work reviewed in Section
2, has not solved wastewater classification so much as it has solved a family of easier sub-problems
within it, those where one class dominates the label distribution and the predictor set happens to correlate
well with that class. The harder sub-problem, where classes are balanced, or where the target’s
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relationship to the available predictors is weaker (as appears true for Energy Consumption), remains
open.

5.1 Boundary Conditions Identified

» PSO-CNN feature selection performs strongly when the target label has one or two dominant classes
with high support and when the feature set is physically or statistically well-correlated with the
target (Total Rainfall, Average Inflow).

» Performance degrades sharply, in ways the aggregate accuracy metric under-reports, when three or
more classes share the label space with fewer than ten instances each (Ammonia, Average Wind
Speed).

» Performance degrades further, in both aggregate and per-class terms, when the predictor set’s
relationship to the target is comparatively weak or mediated by unobserved operational factors, as
appears to be the case for Energy Consumption.

* A subset of per-class evaluations become mathematically undefined ROC/AUC values due to
insufficient class support (NaN AUC) under extreme class scarcity, meaning the evaluation protocol
itself requires revision before performance claims for those classes can be trusted.

6 Limitations

This study is limited to a single plant’s six-year record and therefore inherits the same single-source
constraint noted in the related work reviewed in Section 2. The PSO configuration used a single fitness
objective (validation accuracy/loss) rather than a multi-objective formulation that could jointly weight
macro-F1 or class-balanced accuracy. No resampling technique (e.g., SMOTE) or stratified k-fold cross-
validation was applied prior to optimization, both of which are candidate mitigations for the class-
imbalance symptoms documented above but were left outside the scope of this study. Finally, the
discretization thresholds used to convert continuous targets into classes were fixed prior to optimization;
how sensitive the reported accuracy gap is to that discretization choice is itself an open empirical
guestion.

7 Conclusion and Open Problems

This paper condensed a broader investigation into PSO-optimized 1D-CNN classification of wastewater
operational data and deliberately resisted framing its strongest results (99% and 96% accuracy) as
evidence that the underlying problem has been solved. Held against the same dataset and pipeline, a
materially weaker and internally uneven outcome for Energy Consumption (62% accuracy, macro-F1 =
0.33) demonstrates that PSO-driven feature selection, as presently formulated, is sensitive to target-
specific class structure in ways its fitness function does not account for. We therefore treat the central
finding of this paper not as a completed classifier but as a diagnosed, still-open problem: how should
hyperparameter and feature-selection search be formulated so that its benefits transfer across
heterogeneous, imbalanced targets drawn from the same operational dataset, rather than favoring
whichever target happens to have a dominant, well-correlated majority class?

We invite future work along four concrete lines. First, imbalance-aware preprocessing — applying class-
balancing techniques such as SMOTE, or stratified k-fold cross-validation within the PSO fitness loop,
to test whether the Energy Consumption gap narrows once minority classes are adequately represented
during optimization. Second, multi-objective PSO formulations that jointly optimize for overall
accuracy and macro-F1 (or a class-balanced accuracy measure), so that the swarm cannot converge on
configurations that silently sacrifice minority-class performance for aggregate accuracy. Third, target-
agnostic or multi-task feature selection, in which a single PSO search is asked to find a feature subset
that performs acceptably across several simultaneous targets rather than one at a time, directly testing
whether the divergence documented in Section 4 is intrinsic to the dataset or an artifact of single-target
optimization. Fourth, a revised evaluation protocol that treats undefined ROC/AUC values due to
insufficient class support (NaN) per-class metrics as a first-class reporting requirement rather than an
omission, so that headline accuracy figures cannot be presented without an accompanying account of
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which classes could not be reliably evaluated at all. Addressing any one of these four directions would
move the field from the label-dependent success reported here toward a wastewater classification
pipeline whose reliability does not depend on which operational variable happens to be selected as the
target.
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