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Abstract

Smart wastewater treatment plants are increasingly essential for improving the resilience
of water infrastructure under climate-related disturbances and operational variability. De-
spite significant advances in sensing technologies and data analytics, full-scale automation
remains limited. One of the primary barriers is that monitoring strategies remain primarily
designed for regulatory compliance, prioritizing absolute analytical accuracy often at rela-
tively high cost, thereby limiting their widespread use for real-time decision-making. This
perspective proposes a shift from compliance-oriented monitoring to purpose-oriented
monitoring, in which monitoring systems are designed according to the operational pur-
pose they support. To support this shift, we introduce a framework recognizing that
different operational applications require different levels of measurement performance.
Accordingly, compliance assessment, early warning, process troubleshooting, real-time
control, and asset management each require different combinations of accuracy, preci-
sion, temporal resolution, and tolerance to measurement error. Within this framework,
high-frequency multi-source data streams from conventional, spectral, visual, and vir-
tual sensors can provide complementary information on process dynamics, effectively
supporting operational decisions, even when individual measurements do not achieve
laboratory-level analytical performance. When combined with hybrid models that integrate
mechanistic and data-driven approaches, this purpose-oriented monitoring framework can
enable predictive process management and accelerate the transition toward autonomous
wastewater treatment systems.

Keywords: smart WWTP; real-time monitoring; process control; decision making; data-
driven modeling

1. Introduction
Challenges of Wastewater Monitoring: Heterogeneity and Temporal Variability

Wastewater treatment plants face increasing challenges in maintaining sustain-
ability, efficiency, and economic viability under changing environmental conditions.
Climate-related pressures, including fluctuations in influent flow, variations in wastewater
composition and operating conditions, further complicate process stability [1-4], emphasiz-
ing the importance of real-time monitoring for process optimization.

Wastewater treatment processes are inherently dynamic and heterogeneous; however,
our monitoring strategies still remain static, regulatory, and compliance-driven. In practice,
most systems rely on discrete sampling and high-precision laboratory analyses. However,
this overlooks an important issue: wastewater composition can change significantly over
a short time due to diurnal patterns, hydraulic fluctuations, and intermittent discharges.
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A simple household washing machine cycle illustrates this variability. During a washing
machine cycle, wastewater composition differs substantially between detergent washing
and rinsing. As a result, samples taken at different times can yield entirely different results,
highlighting the importance of accounting for temporal variability in sampling. Conse-
quently, measurements based on infrequent samples often fail to represent actual process
conditions, no matter how accurate the analysis is. This points to a more fundamental
problem: the limitation is not the measurement technology itself, but the mismatch between
how data are collected and how wastewater systems actually behave.

Wastewater monitoring is generally influenced by three distinct sources of
uncertainty [5,6] which are (i) analytical uncertainty related to the measurement method,
(i) sampling uncertainty concerning the representativeness, and (iii) temporal variability
resulting from process dynamics. Analytical uncertainty comprises detection limit, preci-
sion (repeatability), relative standard deviation (RSD), and interlaboratory variability [7,8].
In conventional monitoring, significant efforts have been invested in minimizing analytical
uncertainty in “gold standard” laboratory methods [7]. However, significant uncertainty
remains due to the complex, heterogeneous nature of wastewater. Laboratory aliquots
are typically very small, and suspended solids in wastewater settle rapidly. Accordingly,
careful handling is required during sample preparation, but further uncertainty often
arises during mixing, pipetting, or dilution. For instance, the presence of a single large
organic particle in a small analytical vial may significantly influence the result, a challenge
particularly widespread for particulate-influenced parameters such as COD, BOD, TKN,
and TP [9]. Even widely accepted laboratory protocols produce significantly different
results using the same standard sample. For example, BOD5 measurements often show
inter-laboratory uncertainties of 15-30%, while COD and nutrient analyses typically range
between 5 and 10% [10-12]. Overall, total measurement uncertainty can be substantially
higher, reaching up to 19% for total suspended solids and 17% for COD [11]. To bypass the
operational complexity of traditional organic matter parameters, the total organic carbon
(TOC) measurement may represent a simpler alternative for real-time monitoring [13,14].

Sampling uncertainty is frequently overshadowed by analytical uncertainty, despite
its importance to ensure the representativeness of results [15-17]. A sample captured
near a dead zone, within a surface scum layer, or during a transient hydraulic surge
will also fail to represent actual process conditions. Even sampling from a nominally
well-mixed location, if the sampling frequency is insufficient to capture the temporal
variability, representativeness cannot be achieved [18]. Consequently, the application of
high analytical precision to a non-representative sample will yield data that is precisely
wrong, highlighting the importance of continuous, real-time monitoring that can reduce
uncertainties associated with infrequent sampling while capturing temporal variability.

In practice, equalization tanks are among the most effective solutions for improving
the representativeness of wastewater characterization because continuous mixing and
homogenization reduce short-term fluctuations in influent flow and composition [19].
However, this approach is often impractical in high-capacity urban WWTPs due to space
and cost constraints. An alternative is to increase sampling frequency to capture temporal
variability and approximate the true average composition statistically. In this context,
high-frequency monitoring can be viewed as a form of statistical homogenization. Total
measurement uncertainty (U, ) can then be expressed as the combined effect of analytical
(Uz) and sampling (U ) uncertainties [8]:

Ugotar = \/ Ua* + Us?
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From a statistical perspective, the standard error of the mean (S ) decreases with the
increasing number of observations (1) and is given by:

(o
SE _ total

/i

The standard error (Sg ) of the mean, which reflects how far the measured average is
likely to deviate from the true process mean, can be used as an illustrative representation
of the sampling uncertainty (U ) associated with estimating the process average from a
limited number of observations. Substituting this into the uncertainty framework yields:

2
2 (o
utotal - ua ( i;tzl)

Here, 0o, represents the overall standard deviation of process observations.
In conventional laboratory-based monitoring, where 7 is small (often 1 for a grab sam-
ple), the standard error remains high. In contrast, high-frequency online monitoring
(e.g., one measurement per minute) yields large n values (n = 1440 per day), which substan-
tially reduces sampling-related uncertainty.

This simplified framework is intended as a conceptual illustration rather than a rig-
orous description of all uncertainty sources in online monitoring. While n reduces the
standard error conceptually, advanced time series modeling, such as Kalman filtering, is
required in practice to account for autocorrelation. Furthermore, in practice, representa-
tiveness also depends on the monitoring system design. Sensor placement is particularly
important, as measurements obtained from dead zones, surface scum layers, or other hy-
draulically unrepresentative locations may fail to reflect actual process conditions. Similarly,
an insufficient number of monitoring points may not adequately capture variability within a
treatment process. For example, where parallel treatment lines operate under different con-
ditions, measurements from a single location may not be representative of both processes.
Furthermore, online monitoring systems are subject to systematic sources of uncertainty;,
including sensor drift, fouling, calibration bias, matrix effects, and maintenance-related
variability. These factors may affect data quality and should be considered according to
the operational decisions supported by the monitoring system. Nevertheless, increasing
measurement frequency can substantially improve characterization of temporal dynam-
ics and provide a more representative estimate of process behavior than infrequent grab
sampling. In real-time process control systems, the effectiveness of a monitoring system
not only depends on measurement accuracy but also on its ability to capture process dy-
namics, support timely decisions, and provide actionable information for the intended
operational purpose.

2. Recent Technological Advances in Wastewater Treatment Plants
Operation: AI and ML Applications

Historically, research into process optimization focused primarily on adjusting blower
speeds through dissolved oxygen (DO) setpoints and integrating nutrient measurements
into aeration control strategies [20-22]. Recently, these efforts have evolved to include ma-
chine learning (ML)-based methods, which demonstrated significantly enhanced aeration
management, achieving significant energy saving and operational cost reductions [23,24].
For instance, recent studies have reported energy savings of up to 23% through ML-driven
aeration control [25], and air demand by 16% through automated optimization [26].

Over the last decade, monitoring efforts have also evolved significantly, moving to-
ward spectral sensing, virtual sensors, and IoT-based systems with the integration of ML.
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These advances can contribute to monitoring complex plant dynamics, specifically for
influent characteristics, effluent quality, and sludge production [27-29]. Among the predic-
tive tools used to manage this data, artificial neural networks (ANNSs) have been shown
to be effective due to their ability to handle nonlinear and multivariate systems [30-32].
Other methods, such as support vector regression (SVR) and adaptive neuro-fuzzy inference
systems (ANFIS), have also become key tools reported with successful results [33-36].

In parallel, spectral sensing technologies, ultraviolet-visible (UV-Vis), and fluorescence
and near-infrared (NIR) spectroscopies, have gained increasing attention for wastewater
monitoring due to their ability to capture chemical signatures across multiple wavelengths
at once. These systems are structurally simple and provide stable signals, making them
suitable for real-time monitoring applications. Unlike conventional single-parameter sen-
sors, spectral measurements generate multi-dimensional data that can be correlated with a
wide range of water quality variables, including organic matter, nutrients, heavy metals,
microbial indicators, and emerging pollutants [37-39].

While most work still focuses on predicting effluent quality, there is a growing
move toward using ML and advanced sensing technologies to make operational deci-
sions. Recently, spectral sensing has been successfully integrated into control strategies,
such as ozone dosing optimization using regression-based control strategies and UV-Vis
spectroscopy [40,41] and membrane fouling by combining UV-Vis and fluorescence spectral
fingerprints coupled with machine learning models [42].

Additionally, low-cost RGB-based camera sensing has demonstrated potential for
process monitoring, as a practical and low-cost approach to estimate several parameters,
including color and turbidity [43,44], activated sludge biomass concentration [45], floc
characterization [46], microalgal growth in photobioreactors [47], tracking pathogen-
related indicators [48], and estimation of dewatered sludge moisture content for failure
detection [49]. Collectively, these studies suggest that low-cost RGB-based camera sensors
can expand monitoring capabilities and complement conventional analytical methods for
real-time process monitoring and different levels of process control decisions in wastewater
treatment plants.

Over the last two decades, numerous online sensors and analyzers have entered the
market, principally focusing on highly accurate measurements for regulatory compliance,
which are also the basis of the current monitoring paradigms. While these technologies
provide valuable information, their cost, maintenance requirements, and deployment
complexity often limit the dense monitoring architectures required for smart wastewater
treatment (WWTP) operation. Therefore, despite recent research advances in various tech-
nologies, automation in full-scale plants remains rare [50]. To overcome this challenge, this
perspective proposes a shift from accuracy-oriented monitoring toward a purpose-oriented
framework that matches monitoring requirements defined by the intended operational
objective. Such an approach optimizes not only the required level of data accuracy and pre-
cision but also the selection and deployment of real-time monitoring technologies according
to the value of information they provide for specific monitoring and decision purposes.

3. Towards Smart WWTPs: Transition from Compliance-Oriented to
Purpose-Oriented Monitoring

Smart WWTPs require large volumes of real-time monitoring data, and data acqui-
sition strategies should be designed according to the information needs and operational
decisions they support. This perspective proposes a purpose-oriented monitoring frame-
work that aligns monitoring requirements with specific decision objectives, thereby avoid-
ing both under-monitoring and unnecessarily stringent measurement requirements. The
framework is built on three principles: (i) smart WWTPs require the integration of multiple
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complementary monitoring layers; (ii) monitoring requirements should be defined by the
decisions they support rather than analytical performance alone; and (iii) different decision
objectives require different balances among accuracy, precision, and temporal resolution
depending on the consequence of measurement error.

In process control, a signal does not need to be a highly precise concentration mea-
surement; rather, it must be consistent, timely, and sensitive to change and suitable for the
intended purpose. In many cases, categorical information, such as identifying whether
pollution levels are normal, elevated, or critical, is sufficient to support operational de-
cisions. In smart WWTPs, operational intelligence no longer resides in a single sensor
but emerges from systems that integrate, cross-check, and interpret multiple data streams.
Consequently, process management increasingly relies not only on concentration measure-
ments but also on information such as mass loads, trends, anomalies, and system states.
Within this context, the value of monitoring data is determined less by the analytical perfor-
mance of individual measurements and more by their ability to support decision-making.
When integrated through hybrid models that combine mechanistic process understanding
with data-driven machine learning, these data streams can provide enhanced situational
awareness and enable more adaptive and responsive process control.

The proposed purpose-oriented monitoring framework defines monitoring require-
ments according to the operational decisions they support. The framework evaluates moni-
toring needs using four criteria: (i) accuracy, (ii) precision, (iii) consequence of measurement
error, and (iv) temporal resolution. Based on these criteria, monitoring applications are
categorized into five decision purposes: regulatory (compliance and reporting), early
warning (failure detection), diagnostic (process troubleshooting), automation (real-time
control), and strategic (asset management and planning). This taxonomy provides a practi-
cal framework for evaluating monitoring systems beyond analytical performance alone.
Figure 1 provides a conceptual visualization of the proposed framework rather than a
quantitative scoring system. The axes correspond to the four monitoring criteria used
throughout the taxonomy, namely accuracy, precision, temporal resolution, and error con-
sequences. While conventional monitoring is largely organized around analytical accuracy,
the proposed framework prioritizes monitoring requirements according to decision pur-
pose. Traditional monitoring has a one-dimensional hierarchy that prioritizes analytical
accuracy, followed by reliability, with limited emphasis on temporal resolution. On the
other hand, smart WWTPs monitoring framework prioritizes a multidimensional approach
depending on the purpose of data monitoring, the information generated, and the decision
to be supported.

Accuracy

Temporal
Frequency

Representativeness

Error .
Consequences Precision

[ Reliability
Regulatory: complience reporting

Early warning: failure detection
Accuracy

‘@l

Diagnostic: troubleshooting

Automation: on-off control

Temporal
Resolution

Automation: closed loop control
Strategic: asset management

() (b)

Figure 1. Conceptual representation of the proposed purpose-oriented monitoring framework:
(a) conventional WWTP and (b) smart WWTP.
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Table 1 summarizes the key differences between conventional and smart wastewater
monitoring approaches. In conventional laboratory-based approaches, representativeness
is a structural bottleneck constrained by low sampling frequency. In the smart WWTPs
framework, there is a potential that representativeness is improved significantly if the
location, number of sensors, etc., are selected appropriately, as well as the measurement
frequency adjusted to cover variations by time. Table 2 summarizes the relative emphasis
assigned to each monitoring criterion for different decision purposes.

Table 1. Key differences between conventional and smart wastewater monitoring approaches.

Metric

Traditional Laboratory-Based Monitoring

Smart WWTP Monitoring

Accuracy

Very high analytical accuracy

Operationally sufficient (application-dependent).

Temporal resolution

Low (discrete; daily snapshots/composites)

High (continuous; real-time data streams).

Representativeness can be substantially improved
provided that sensor locations are appropriately

Representativeness Limited (affected by sampling and temporal bias) selected, the number of monitoring points is
sufficient, and measurement frequency is adequate
to capture temporal variability.

. b 4 . . Dominated by systematic error (e.g., drift, offset,

Uncertainties Doin}nateldt 31, random error (analytical, sampling,  ¢,;1ing calibration bias, matrix effects, etc.),

matrix-related) sampling-related random error is minimized.
. - . . Proactive (real-time decision support and
Actionability Retrospective (compliance-focused; delayed feedback)

control-oriented).

The proposed taxonomy highlights that monitoring requirements vary substantially
across different decision purposes. Regulatory compliance monitoring requires high an-
alytical accuracy and precision because measurements must be traceable, reproducible,
and legally defensible. Consequently, certified laboratory methods and accredited online
analyzers remain the preferred approach. In contrast, early-warning applications prioritize
reliable detection of trends, anomalies, and threshold exceedances, where sensitivity to
change is often more important than absolute accuracy. Similarly, diagnostic and trou-
bleshooting applications require signals that consistently reflect process dynamics, allowing
operators to identify gradual shifts in performance, process-state transitions, and emerging
operational issues. Within automation applications, monitoring requirements depend on
the control strategy employed. For simple threshold-based control, measurements need
only be sufficiently reliable to detect setpoint crossings. Moderate drift or limited analyt-
ical accuracy may be acceptable as long as the signal consistently indicates whether the
process is above or below a predefined threshold. For closed-loop PID control, signal stabil-
ity and repeatability become more important because excessive measurement variability
can destabilize the control loop. By contrast, asset management and long-term planning
applications typically require neither high-frequency measurements nor high analytical
precision. Instead, they rely on sufficiently reliable indicators of equipment condition,
process performance, and long-term trends.

Consequently, the relevant question is not simply “How accurate is this sensor?”
but rather “What decision will this signal support?” and “What level of uncertainty is
acceptable for that decision?”. Monitoring requirements should therefore be determined
by the decision purpose rather than analytical accuracy alone. Table 2 summarizes the
proposed framework by relating each operational objective to the required analytical
performance, temporal resolution (frequency), and consequences of measurement error.
Throughout Table 2, the terms “very high”, “high”, “moderate”, and “low” accuracy
and precision are used comparatively rather than as fixed performance thresholds. The
appropriate performance level depends on the specific application and operational con-
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text, depending on the target parameter, plant configuration, regulatory situation, and

operational risk.

Table 2. Purpose-oriented monitoring framework for smart WWTPs.

Accuracy
Decision Purpose Decision Function Use Case and Precision Frequency Error Consequence
Requirement
Permit compliance:
Regulatory: monitoring aga.inst Very high 2-24h Resulatory penalties
Compliance Absolute quantification l.ega.ll effluent discharge accuracy and very composites, noﬁ-com }lliapnce !
and Reporting limits set by high precision daily /weekly P

environmental authorities.

Early warning;:

Anomaly detection,

Detection of sudden
deviations and
forecasting process
failures (e.g., industrial

Moderate accuracy

Continuous or
near-real-time,

Delayed response,

Failure Detection early warning discharges, toxic shocks, and high precision - catastrophic failure
biomass washout, minutes
membrane fouling, and
digester instability).
Capturing gradual shifts
in process state
Diagnostic: Process  Trend detection, state (e.g., assessment of Moderate d Hourlv to dail ]filelay'ed resfponse to
Troubleshooting estimation, classification ~ nitrification, nutrient accuracy and ourly to daly  chronic performance
! removal, and moderate precision degradation
sludge settleability).
Simple on/off
control—Threshold- Mod Unnecessary cycling,
. based switching, Oderate ) energy waste,
Threshold detection e.g., pumps, Vglves acct(liraqtl and N Minutes or missed
start/stop against a moderate precision switching events
fixed setpoint.
Closed-loop (PID) control
continuous error
correction using setpoints .
(e.g., aeration, Moderate accuracy Seconds Loop oscillation; .
Automation; Closed-loop control recirculation, chemical and high precision to minutes energy waste; chemlgal
Real-Time Control dosing, polymer overdosing or underdosing
dosing, clarifier,
advanced oxidation).
Cascade/feedforward
control: Multivariable
control (e.g., integrated Mod c ) i ctabi
Multivariable control aeration + recirculation oderate accuracy Minutes ross-loop Instability;
control and/or and high precision compounded inefficiency
dosing control for
effluent quality).
Supervisory
control/MPC: Pl.ant-wide Moderate accuracy Minutes Suboptimal operation,
Predictive optimization ~ €Nergy anFl nutrient and moderate to hours energy, and
optimization, integrated  precision process inefficiency
process optimization.
. Capacity planning,
i/t[rateglc: Asset Forecasting, maintenance scheduling, Low-modergte Daily Poor decisi
anagement predictive maintenance equipment lifecycle accuracy an to monthly investment decisions,

and planning

management, etc.

low-moderate precision

unexpected failures

Accordingly, validation strategies and the choice of monitoring technologies should

also be aligned with the intended application. Compliance monitoring requires validation

using certified laboratory methods or accredited online analyzers to ensure traceability

and legal defensibility. In contrast, operational applications may employ a range of tech-

nologies, including spectral sensors, electrochemical and optical sensors, UV-Vis and

fluorescence spectroscopy, RGB imaging, and soft sensors. For these applications, periodic
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laboratory verification is generally sufficient, rather than continuous laboratory-grade
analytical accuracy. For example, early-warning systems should demonstrate robust de-
tection of anomalies and threshold exceedances, while diagnostic applications should
consistently reproduce process trends and state changes. Control applications should be
validated according to controller performance and process stability, whereas more ad-
vanced supervisory and model predictive control systems additionally require periodic
model recalibration. Strategic asset management, in contrast, relies primarily on long-term
benchmarking using historical operational data, digital twins, power meters, and predictive
maintenance indicators.

4. Technologies Enabling Transition: Virtual Sensors, Spectral Sensing,
and Hybrid Modeling

The shift from precision-oriented to purpose-oriented monitoring requires technolo-
gies capable of delivering high-frequency, information-rich data that support operational
decision-making in real time. Recent advances in machine learning have improved the
robustness and stability of predictive methods, making them increasingly suitable for
tracking the process trends and dynamics required for real-time control.

Virtual sensors, which combine routine low-cost measurements with data-driven mod-
els to estimate parameters that are otherwise difficult or costly to measure directly, represent
a particularly practical development in this regard. In parallel, spectral sensing, such as
UV-Vis, fluorescence, and NIR spectroscopy, enables the simultaneous capture of chemical
fingerprints associated with multiple water quality variables. Rather than producing a
single measurement, spectral sensors generate multidimensional information that can be
related to several process variables simultaneously. Although spectral measurements may
not achieve the same level of analytical accuracy as laboratory methods for all parameters
and applications, they enable operators to detect process shifts and deviations in real
time, supporting early warning and intervention before critical thresholds are exceeded.
Low-cost RGB imaging extends this concept by providing visual indicators of process
conditions, such as sludge characteristics or settling behavior, through accessible and
inexpensive instrumentation [43,44,47,49].

Beyond individual sensing technologies, the most significant development lies in
the integration of mechanistic process models with data-driven machine learning ap-
proaches. Mechanistic models, such as the activated sludge models (ASMs), encode estab-
lished biochemical process understanding, while data-driven models identify patterns in
high-frequency datasets without requiring complete mechanistic descriptions. Combin-
ing the mechanistic framework of ASMs with the pattern-recognition capabilities of ma-
chine learning provides a powerful tool for wastewater treatment modeling. By combin-
ing process understanding with data-driven adaptability, hybrid models are particularly
well-suited to dynamic and uncertain wastewater systems and represent a promising
direction for future wastewater treatment modeling [51]. Several studies have demon-
strated the practical value of hybrid architectures, reporting improved prediction of key
process variables such as MLSS, COD, and nitrate concentrations compared with stan-
dalone mechanistic models [52]. Hybrid approaches have also shown greater adaptability
to the fluctuations in influent characteristics and operational conditions, highlighting their
potential for supporting advanced monitoring and control strategies [53].

5. Operational Challenges and Limitations

The transition toward purpose-oriented monitoring enables optimization, automation,
and predictive process control through the integration of spectral, visual, and virtual sensor
data streams. More importantly, this shift extends monitoring beyond the measurement
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of water quality parameters toward the interpretation of process behavior across multiple
operational layers, including anomaly detection, process diagnostics, forecasting, and
real-time control. While these developments are promising, their full-scale implementation
remains subject to several technical, economic, operational, and organizational constraints.

It is important to note that this framework should not be interpreted as a replacement
for laboratory measurements, nor does high-frequency monitoring eliminate all sources of
uncertainty. Continuous measurements can substantially reduce uncertainties associated
with infrequent grab sampling and improve the characterization of temporal dynamics.
However, they remain subject to representativeness limitations arising from sensor location,
hydraulic heterogeneity, suspended solids distribution, mixing conditions, and hydraulic
residence time effects [54-56]. In addition, online measurements are susceptible to system-
atic errors, including sensor drift, biofouling, calibration bias, matrix interferences, and
maintenance-related variability [57-61]. These uncertainties are particularly important
because high-frequency process data are typically autocorrelated, meaning that increasing
the number of observations does not necessarily reduce uncertainty according to simple
statistical averaging assumptions.

Another challenge is data preprocessing and quality management. The development
of automated data-cleansing pipelines, including outlier detection, noise filtering, and
missing-data handling, is essential for reliable automated decision-making and process
control. Similarly, data-driven models may experience performance degradation over time
as influent characteristics, process configurations, or operational practices change, requiring
periodic retraining and/or revalidation.

Consequently, the successful implementation of integrated monitoring frameworks
depends not only on sensor deployment but also on robust data management and validation
strategies. Periodic laboratory verification remains essential for calibration and quality
assurance, while data reconciliation, soft sensing, and hybrid mechanistic-machine learning
models can help compensate for individual sensor limitations. Site-specific calibration
and model adaptation are frequently required, as sensor responses and process dynamics
can vary considerably across treatment facilities, and model transferability between plants
remains a significant practical challenge.

In addition to technical considerations, several organizational and regulatory barri-
ers may limit the adoption of monitoring systems. These include sensor acquisition and
maintenance costs, data infrastructure requirements, cybersecurity and data governance
considerations, operator trust in automated decision-support systems, regulatory accep-
tance of non-traditional measurements, and the allocation of responsibility for automated
operational decisions.

6. Conclusions

This perspective argues that the continued dominance of compliance-oriented moni-
toring frameworks may limit the adoption of information-rich approaches needed for smart
WWTPs. While high analytical accuracy remains essential for regulatory compliance and
selected operational applications, many decision functions, including anomaly detection,
process diagnostics, forecasting, asset management, and real-time control, can be effectively
supported by monitoring systems optimized for temporal resolution, consistency, and
decision relevance. Consequently, monitoring requirements should be defined according
to the decisions they support, the acceptable consequences of measurement error, and the
required response time.

The purpose-oriented framework proposed here provides a practical basis for aligning
monitoring requirements with operational objectives. Its successful implementation will
not only require advances in spectral sensing, virtual sensing, and hybrid modeling but
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also robust approaches for calibration, maintenance, validation, data management, and
regulatory acceptance. By integrating laboratory analyses with multi-source data streams
from spectral, virtual, and low-cost sensors, WWTPs can progressively transition toward
more autonomous, adaptive, and resilient operation.

Moving forward, this transition will require coordinated efforts from researchers,
utility operators, equipment manufacturers, and regulators. The first step should be
pilot-scale implementations led by researchers and pioneering utilities, combining low-cost
and spectral sensors with hybrid models for applications such as early warning, process
diagnostics, and operational optimization. These applications can demonstrate value,
establish data infrastructure, and build operator confidence before wider deployment.
In parallel, equipment manufacturers and researchers should focus on developing ro-
bust, low-maintenance systems designed for operational decision support rather than
laboratory-grade analytical performance alone. Researchers should also work toward per-
formance evaluation frameworks aligned with the decision purpose and operational risk.
Together, these efforts can accelerate the transition from compliance-driven monitoring
toward autonomous, adaptive, and resilient wastewater treatment systems.
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