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Abstract

Anammox reactors are high-efficiency, energy-saving nitrogen treatment technologies, yet their process stability
is highly sensitive to fluctuations in dissolved oxygen (DO). Most wastewater treatment Internet of Things
systems remain limited to cloud-based monitoring without low-latency adaptive control or dynamic process
representation. This study develops an edge-enabled digital twin for real-time multi-parameter monitoring and
closed-loop DO control a partial nitritation-anammox reactor. The system employs an ESP32-S3 as an edge
computing node for local acquisition, and monitoring of DO, ORP, pH, water temperature, TDS, room
temperature, and humidity, while executing a process model dynamically synchronized with the physical reactor.
Field implementation demonstrates stable operation with water temperature of 27.4 + 0.42 °C, room temperature
0f 30.8 £ 0.6 °C, relative humidity of 55.2 £ 2.1%, pH of 6.21 + 0.11, ORP of +295 + 18 mV, and TDS of 82.6
+ 3.4 ppm. DO was maintained at a setpoint of 0.50 mg/L with =£0.03 mg/L deviation, 0.024 mg/L mean absolute
error, 5.2% maximum overshoot, and 20-28 s recovery time. The edge-based control latency of 0.43 s ensures
stable aeration regulation independent of cloud connectivity. The novelty lies in integrating a digital twin directly
at the edge to enable autonomous DO regulation, enhancing process stability while reducing aeration energy
consumption by up to 26% compared with conventional systems.

Keywords: Anammox reactor optimization, Closed-loop dissolved oxygen control, Cyber-physical wastewater
treatment system, Edge-enabled digital twin, Energy-efficient aeration control

1 Introduction

Effluent of wastewater treatment plan from healthcare
facilities, particularly hospitals, typically contains
nitrogen concentrations instead of remain complex
organic compositions and exceed of regulation limits.
Whithout side stream treatment, this nitrogen content
can cause eutrophication in water bodies and have
serious environmental impacts. Conventional nitrogen
treatment processes through nitrification—

denitrification require significant aeration energy and
additional external carbon sources, increasing the
operational costs and energy footprint of wastewater
treatment systems [1]-[4]. Therefore, the development
of more efficient and sustainable nitrogen treatment
technologies has become a major focus in modern
wastewater treatment systems.

In the past two decades, the anaerobic
ammonium oxidation (anammox) process has
emerged as a promising alternative technology for
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nitrogen removal. This process allows the direct
conversion of ammonium and nitrite to nitrogen gas
under oxygen-limited conditions without the need for
an external carbon source [5]-[7]. The integration of
partial nitritation—Anammox (PN/A) further improves
energy ecfficiency because only a portion of the
ammonium is oxidized to nitrite before being
converted to gaseous nitrogen by anammox bacteria
[8]. Due to these characteristics, the PN/A process can
reduce aeration requirements by up to 60% compared
to conventional nitrification-denitrification systems,
making it an attractive technology for sustainable
wastewater treatment systems [9], [10].

However, the stability of the PN/A process is
significantly affected by operational conditions,
particularly dissolved oxygen (DO) concentration.
Anammox bacteria are highly sensitive to high oxygen
exposure, while the partial nitritation stage requires
limited oxygen to produce nitrite, the primary
substrate of the anammox process [11]-[14].
Therefore, controlling DO within a narrow range is
key to maintaining the balance of this biological
process. Uncontrolled DO fluctuations can disrupt the
microbial community and reduce nitrogen removal
efficiency in large-scale biological reactors [11].

The development of Internet of Things (IoT)
technology has opened new opportunities for real-time
monitoring of wastewater treatment systems. By
utilizing a distributed sensor network, critical
parameters such as DO, oxidation-reduction potential
(ORP), pH, temperature, and total dissolved solids
(TDS) can be continuously monitored to evaluate
reactor operational conditions [15]-[19]. Cloud
platforms enable remote data visualization and help
operators analyze system performance. However,
most IoT systems implemented in wastewater
treatment still focus on monitoring and data recording
functions, without adaptive process control
mechanisms.

Another limitation of conventional IoT
approaches is their heavy reliance on cloud-based
processing. In industrial wastewater treatment
systems, network communication latency and
connectivity disruptions can hinder rapid decision-
making in biological process control [20]-[23]. This
can lead to slow system response to changing
operational conditions, reducing process stability and
aeration energy efficiency. Therefore, a system
architecture approach capable of local data processing
and low-latency decision-making is required.

In this context, the concept of edge computing is
increasingly being applied to Industrial IoT systems.

Edge computing enables local data processing and
system control, reducing reliance on cloud
infrastructure and increasing system response time
[24], [25]. The integration of edge computing with
real-time sensors enables faster, more stable feedback
control across various industrial applications,
including biological wastewater treatment systems.

DO control plays an important role in
maintaining process stability and operational
efficiency in various industrial and environmental
systems. The proposed DO control system has
potential applications in wastewater treatment
systems, particularly biological nitrogen removal
processes such as partial nitritation/anammox (PN/A),
where precise oxygen regulation is required to
maintain  microbial  activity and treatment
performance. In addition, the system can be applied in
industrial bioreactors and fermentation processes to
support microbial growth and optimize product yield.
Potential applications also include aquaculture
systems, where stable DO levels are essential for
maintaining water quality and ensuring the health of
aquatic  organisms. These application areas
demonstrate the broader practical relevance of the
proposed edge-enabled digital twin framework for
real-time monitoring and control.

Furthermore, the concept of digital twins is
increasingly used in modern industrial systems to
represent the physical condition of a system as a real-
time, synchronized digital model. Digital twins enable
integrating sensor data, process modeling, and
operational analysis to improve understanding of
system dynamics and support continuous process
optimization [26]-[28]. Although this technology has
been widely applied in the smart manufacturing and
infrastructure sectors, its use in biological wastewater
treatment systems, particularly in large-scale PN/A
reactors, remains relatively limited.

Several previous studies have examined the
application of IoT in wastewater treatment system
monitoring and anammox process modeling.
However, most of these studies have not integrated
digital twins, edge computing, and DO feedback
control mechanisms into a single, integrated cyber-
physical system architecture. This limitation indicates
a research gap in the development of intelligent
monitoring and control systems capable of adaptive
and reliable operation under field conditions.

This study proposed an edge-based digital twin
architecture for real-time multi-parameter monitoring
and closed-loop DO control in a PN/A reactor for
treating hospital wastewater. The developed system
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used an ESP32-S3 microcontroller as an edge
computing node for local acquisition and processing
of sensor data such as DO, ORP, pH, water
temperature, TDS, and environmental parameters.
Operational data was then synchronized with the
digital twin model and visualized through the Ubidots
cloud platform. The main contributions of this
research include three aspects. First, the development
of an edge-enabled digital twin architecture that can
represent the operational conditions of the PN/A
reactor in real time. Second, the implementation of an
edge-based, low-latency closed-loop DO control
system to maintain stable oxygen conditions in a
biological reactor. Third, demonstrating the system's
implementation in a PN/A reactor, improving process
stability and aeration energy efficiency. Finally, the
study validated the practical feasibility of integrating
edge computing and digital twin technologies for
autonomous, real-time control in wastewater
treatment systems.

2 Materials and Methods
2.1 System overview and experimental setup

The proposed system was implemented on a field-
scale biofilm anammox reactor with an effective
working volume of 1000 L, designed to replicate
realistic wastewater treatment conditions as a
supplemented for existing wastewater treatment
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facilities. The reactor was filled with honey comb
plastic media (30x30x30 cm, hole 3 cm) to improve
biomass retention and facilitate the growth of slow-
growing anammox bacteria, thereby improving
process stability and nitrogen removal efficiency
[29]-[31].

Recent studies have demonstrated that
anammox systems are highly sensitive to oxygen
fluctuations, requiring precise DO control to
maintain process stability and efficiency [32]-[34].
To enable real-time monitoring and control, the
reactor was equipped with a multi-parameter sensing
system consisting of analog sensors measuring DO,
ORP, pH, TDS, and water temperature. Advanced
IoT-based wastewater monitoring systems have been
shown to significantly enhance observability and
operational performance in biological treatment
processes  [35]-[38]. In addition, ambient
temperature and relative humidity were monitored to
capture environmental influences on reactor
performance. All sensor signals were interfaced with
an ESP32-S3 edge computing node, which serves as
the core processing unit responsible for data
acquisition, pre-processing, digital twin execution,
and control decision-making. Edge computing
enables low-latency processing and autonomous
control, overcoming limitations of cloud-based
systems in real-time applications [39]-[41].

Figure 1 presents the overall system
architecture of the proposed edge-enabled digital
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Figure 1 : System architecture of the edge-enabled digital twin for real-time monitoring and closed-loop DO
control in a field-scale Anammox reactor. The system integrates multi-parameter sensing, edge-based data
acquisition and processing using ESP32-S3, digital twin modeling, and ON—OFF aeration control via an LP-
100 air blower, enabling low-latency autonomous operation.
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twin framework designed for real-time monitoring
and closed-loop control of DO in a field-scale biofilm
anammox reactor. The architecture illustrates the
integration of sensing, edge computing, modeling, and
actuation within a unified cyber-physical system.
Recent studies highlight that integrating digital twins
with  edge  computing enables  real-time
synchronization and adaptive control in complex
industrial systems [42].

On the physical layer, the 1000 L biofilm
anammox reactor wass equipped with multiple sensors
to monitor key process and environmental variables.
These include DO, pH, ORP, TDS, water temperature,
and ambient temperature and humidity. Each sensor
provides essential information for characterizing
reactor conditions, where DO serves as the primary
control variable, while the remaining parameters
support process stability assessment and digital twin
calibration.

The sensing data are transmitted to the ESP32-
S3, which acts as the edge computing unit. At this
stage, raw sensor signals are acquired and pre-
processed, including filtering to reduce noise and
improve signal stability. The processed data are then
used by the embedded digital twin model, which

represents the reactor's dynamic behavior and
continuously synchronizes with real-time
measurements.

Based on the digital twin output and real-time
sensor feedback, a DO control algorithm is executed
locally at the edge. The control strategy employs a
hysteresis-based ON-OFF mechanism to maintain the
DO concentration within a predefined range around
the setpoint. When the DO falls below the lower
threshold, the system activates the aeration unit, while
exceeding the upper threshold triggers deactivation.

The actuation layer consists of an LP-100 air
blower, which supplies oxygen to the reactor. The
interaction between sensing, modeling, and control
forms a closed-loop system that continuously
regulates oxygen input based on process conditions.
The bidirectional flow of information and commands,
indicated by the real-time data and control pathway,
highlights the system's ability to operate
autonomously without relying on cloud-based
computation. Figure 1 demonstrates that the proposed
architecture enables low-latency, real-time decision-
making by integrating a digital twin directly at the
edge. This design enhances process stability, improves
responsiveness, and supports energy-efficient
operation in anammox-based wastewater treatment
systems.

Aeration was provided by an LP-100 blower,
controlled by an ON-OFF switch. This discrete
actuation approach allows regulation of oxygen input
based on real-time DO measurements while
maintaining system simplicity and robustness. The
entire system was deployed and operated continuously
for 7 days under field conditions, ensuring that the
collected data reflect natural variability and realistic
operational constraints.

Figure 2 illustrates the complete hardware
architecture of the proposed edge-enabled digital twin
system designed for real-time monitoring and closed-
loop control of DO in a PN/A reactor. The system
integrates multiple sensing units, an edge computing
platform, communication modules, and an actuator
control interface, forming a fully autonomous cyber-
physical system. On the sensing side, the system
incorporates a set of analog and digital sensors to
monitor key process and environmental variables.
These include a water temperature sensor, a DO
sensor, a pH sensor, an oxidation—reduction potential
(ORP) sensor, a total dissolved solids (TDS/EC)
sensor, and an ambient temperature and humidity
sensor (DHT11). Each sensor provides critical
information about the reactor condition. The DO
sensor serves as the primary control variable, while pH
and ORP provide insight into biochemical stability.

FD
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Figure 2: Hardware architecture of the edge-enabled
digital twin system for real-time monitoring and
closed-loop DO control in the Anammox reactor. The
system integrates multi-parameter sensors, an ESP32-
S3 edge computing unit, relay-based aeration control,
and a 24 VDC power supply, enabling autonomous
data acquisition, processing, and actuation.
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Water temperature influences microbial kinetics,
and TDS reflects dissolved matter concentration,
whereas ambient conditions support system reliability
assessment. All sensor signals are interfaced with the
ESP32-S3 microcontroller, which functions as the
edge computing node. The ESP32-S3 is responsible
for real-time data acquisition, signal conditioning,
filtering (e.g., moving average), and execution of the
digital twin model. By processing data locally, the
system minimizes latency and enables immediate
control decisions without reliance on cloud
infrastructure. Additionally, wireless communication
via a WiFi router allows optional remote monitoring
and data visualization.

The control subsystem is implemented using a
relay module (30A) connected to the ESP32-S3. The
relay acts as a switching interface between the low-
power control signals and the high-power aeration unit
(blower). Based on the control algorithm, the ESP32-
S3 sends ON—OFF commands to the relay, which in
turn activates or deactivates the aerator. This
mechanism enables demand-based aeration, ensuring
that oxygen is supplied only when required to
maintain the DO setpoint.

The aeration system comprises the blower unit,
which injects oxygen into the reactor. The interaction
between sensor measurements and actuator control
forms a closed-loop system that continuously adjusts
the aeration process in real time. Power is supplied by
a 24 VDC power supply, providing stable power to the
entire system. A DC buck converter is used to regulate
voltage levels for different components, ensuring
compatibility and protecting sensitive electronics such
as the ESP32-S3 and sensors. Figure 2 demonstrates
how sensing, computation, communication, and
actuation are tightly integrated within a single edge-
based framework. This architecture enables real-time
monitoring, low-latency control, and autonomous
operation, which are essential for maintaining stable
DO conditions and improving energy efficiency in the
PN-A reactor.

2.2 Edge-based data acquisition and signal
preprocessing

To ensure reliable, stable control performance, raw
sensor signals were pre-processed at the edge before
use for modeling and control. Given that analog
sensors are prone to high-frequency noise and
fluctuations, particularly in dissolved oxygen
measurements, a moving average filtering technique
was applied.

1 N-1
Vi =WZ‘:O X, 1)

In this formulation, y, represents the filtered
signal at time step ¢, x,_,denotes the raw sensor

measurements at previous time steps, and N is the
window size defining the number of samples
included in the averaging process. Physically, this
equation computes the mean of the most recent N
measurements, effectively smoothing out short-
term fluctuations and reducing measurement noise.
The use of moving average filtering plays a critical
role in enhancing control stability by preventing
rapid oscillations in the control signal caused by
noisy measurements. This is particularly important
for ON-OFF control systems, where small
fluctuations around the setpoint can otherwise lead
to excessive actuator switching, commonly known
as chattering.

real-time

2.3 Digital twin and

synchronization

modeling

A custom digital twin model was developed to
represent the oxygen dynamics within the PN-A
reactor and was deployed directly on the edge device.
Digital twin-driven wastewater systems have
recently been shown to improve process prediction
accuracy and operational efficiency [43], [44].
Unlike conventional digital twin implementations
that operate in cloud environments, the proposed
approach executes the model locally, enabling low-
latency synchronization with the physical system.

The dynamic behavior of dissolved oxygen is
described using a mass balance equation:

dDO
% =k,a(DO,, —DO) -1, 2)

In this equation,

represents the rate of

change of dissolved oxygen concentration over time.
The term k,adenotes the oxygen transfer

coefficient, which quantifies the rate at which
oxygen is transferred from the gas phase into the
liquid phase. DO, is the saturation concentration of
dissolved oxygen, while DO is the current measured
concentration. The term r, represents the rate of

oxygen consumption by microbial activity.
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Physically, the first term k,a(DO,,—DO)

describes oxygen transfer driven by the concentration
gradient between saturation and actual DO levels, while

the second term 7, accounts for oxygen uptake by

microorganisms. This formulation captures the essential
dynamics of oxygen balance within the reactor. To model
biological oxygen consumption, a simplified Monod-
type kinetic expression was adopted :

r, =k-X Do

—_— 3
: K,, +DO ®

where k is the microbial kinetic rate constant, X
represents the active biomass concentration, and K, is

the half-saturation constant for dissolved oxygen. This
nonlinear relationship reflects the fact that oxygen
consumption increases with DO concentration but
eventually approaches saturation due to biological
limitations.

To maintain consistency between the digital twin
and the physical system, real-time parameter adaptation

was implemented using an incremental update
mechanism:
g(t + 1) = 0(1‘) ta- (ymeas_ ymodel) (4)

Here, O represents the model parameters, « is the
adaptation gain, y, . is the measured output, and y,_ .,

is the model-predicted output. This update rule allows
the digital twin to continuously adjust its parameters
based on the discrepancy between measured and
simulated values, thereby improving model accuracy
over time. Adaptive digital twin models improve
system robustness under dynamic environmental
conditions.

2.4 Closed-loop DO control strategy

A Thysteresis-based ON-OFF control strategy was
implemented to regulate the dissolved oxygen
concentration around a predefined setpoint of 0.50 mg/L.
Hysteresis-based control remains widely used in
industrial aeration systems due to its robustness and low
computational requirements [45]. This approach
introduces a tolerance band around the setpoint to prevent
excessive switching of the blower. The control thresholds
are defined as:

DO,

low

:DOSE[_A (5)

DO,

high: DOset+ A (6)
where DO, is  the

concentration and A represents the tolerance band. The
control logic operates as follows: when the measured
DO falls below DO the blower is activated, and

low
when the DO exceeds DO, ,

target  dissolved oxygen

the blower is

deactivated.

From a physical perspective, this hysteresis
mechanism prevents rapid toggling of the actuator
when the DO concentration fluctuates near the
setpoint. This improves system stability, reduces
mechanical wear on the blower, and contributes to
energy efficiency. Although the control strategy is
relatively simple, its integration with the digital twin
enhances situational awareness and enables the system
to respond more effectively to process dynamics. This
approach ensures a balanced trade-off between control
performance and implementation complexity, making
it suitable for real-time deployment.

2.5 Performance evaluation metrics

The performance of the proposed system was
evaluated using multiple quantitative metrics that
capture accuracy, stability, dynamic response, and
energy efficiency. These metrics are widely adopted
in evaluating control systems and wastewater
treatment performance [46], [47].

The mean absolute error (MAE) was used to
quantify control accuracy:

™)

MAE =li|D0,. -DO
nio

where DO, is the measured dissolved oxygen at

time step i, DO,

. 1s the setpoint, and nis the total
number of samples. This metric represents the average
absolute deviation from the desired value, with lower
values indicating higher control accuracy. The

maximum overshoot was calculated as:

D -D
M :MXIOO% (®)
’ DO

set

where DO, is the maximum observed DO

value following a disturbance. This metric indicates
how far the system exceeds the target before
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stabilizing, reflecting the aggressiveness of the control
response.

The standard deviation was used to evaluate
process stability:

1 n

s= |——

n—13

(- %) ©)

where x, represents individual measurements

and X is the mean value. This metric quantifies the
dispersion of the data, with lower values indicating
more stable operation.

Energy consumption was estimated based on the
duty cycle of the blower:

T,

E oc 9%

T

total

(10)

where T, is the total duration during which the

blower is active and 7, ,,is the total operation time.

This proportional relationship allows estimation of
relative energy consumption.

2.6 Statistical validation

To ensure the reliability and statistical significance of the
results, both descriptive and inferential statistical
analyses were performed. Statistical methods such as
confidence intervals and hypothesis testing are essential
for validating control system reliability in environmental
monitoring systems [48]. The mean and standard
deviation were calculated for all monitored variables, and
the uncertainty of the estimated mean was quantified
using a 95% confidence interval:

fitau% (11)

where X is the sample mean, sis the standard
deviation, nis the number of samples, and?_,is the

critical value from the Student’s t-distribution.

Additionally, a one-sample t-test was conducted
to evaluate whether the average DO concentration
significantly differs from the target setpoint of 0.50
mg/L:

—Hy
= 0 12
t T (12)

where 4, represents the target DO value.

This test provides statistical evidence of the
controller’s ability to maintain the process near the
desired operating point.

2.7 Experimental protocol

The system was operated continuously for 7 days, during
which all sensor data, control actions, and model states
were recorded in real time. No artificial disturbances
were introduced, allowing the evaluation to reflect
natural process variability and real operating conditions.

The dissolved oxygen setpoint was fixed at 0.50
mg/L, which is considered optimal for maintaining
ammonium oxidizing bacteria (AOB) and anammox
bacteria activity while minimizing oxygen inhibition.
The collected time-series data were used to compute
performance metrics and validate the effectiveness of the
proposed edge-enabled digital twin control system.
Additionally, the experimental setup was designed to
ensure stable environmental conditions and consistent
reactor loading, thereby enabling a fair and reliable
assessment of the system’s long-term control
performance.

3 Result and Discussion

3.1 Multi-parameter monitoring performance and
process stability

The performance of the proposed edge-enabled
monitoring system was first evaluated based on its
ability to capture and maintain stable multi-parameter
conditions in the PN-A reactor. Continuous data
acquisition over the 7-day operational period indicates
that all monitored variables exhibited low variability
and remained within narrow operating ranges, as
summarized in Table 1. This result demonstrates that
the system is capable of providing reliable and stable
real-time monitoring, which is essential for both
process control and digital twin synchronization.
Water temperature, which directly influences
microbial kinetics and enzymatic activity, was
maintained at 27.4+042, C. The low standard

deviation indicates minimal thermal fluctuation,
suggesting that the reactor environment was thermally
stable and suitable for sustaining AOB and anammox
bacterial activity. As shown in Table 1, the coefficient
of variation (CV) for water temperature is only 1.53%,
confirming a highly controlled thermal condition.
Such stability is critical because even small
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temperature deviations can significantly affect
nitrogen removal efficiency in biological treatment
systems.

Similarly, the room temperature and relative
humidity were recorded at 30.8+0.6,C and
55.2+2.1%, respectively. These parameters exhibit
low variability, indicating that external environmental
disturbances were limited and did not introduce
significant noise into the sensing or control system.
From an engineering standpoint, stable ambient
conditions  contribute to  consistent  sensor
performance, especially for analog sensors that may
be sensitive to environmental fluctuations.

The chemical parameters further confirm the
stability of the reactor environment. The pH value of
6.21£0.11, as presented in Table 1, shows that the
system maintained a narrow acid—base range, which is
essential for microbial activity and process stability.
The ORP value of +295 + 18 mV indicates a relatively
stable redox environment, suggesting that the
biochemical reactions within the reactor were not
subjected to abrupt changes. Meanwhile, the TDS
value of 82.6+3.4ppm reflects a consistent

concentration of dissolved solids, implying that the
influent and internal reactor conditions were stable
throughout the experiment.

The consistently low CV values across all
parameters indicate that the system operates under
highly stable conditions. This is particularly important
for digital twin applications, as accurate
synchronization between the physical system and the
model requires reliable and low-noise input data. The
results confirm that the proposed edge-based
monitoring system provides a robust foundation for
subsequent control and modeling processes.

Figure 3 presents the time-series behavior of DO,
control signal, and supporting process variables during

Table 1: Multi-parameter monitoring performance.
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Figure 3: Time-series of DO concentration, control
signal, and supporting process variables. The system
maintains DO near the setpoint with stable ON-OFF
control behavior, while temperature and ORP
remain within consistent ranges, indicating stable
reactor operation.

the experimental operation. The figure consists of
three subplots illustrating the interaction between the
control system and the reactor dynamics.

In the wupper subplot, the measured DO
concentration is plotted against time together with the
reference setpoint of 0.50 mg/L. The DO profile
shows small fluctuations around the setpoint,
indicating that the control system successfully
maintains the oxygen concentration within a narrow
operating band. The absence of large oscillations or
drift demonstrates stable, steady-state behavior. Minor
deviations from the setpoint are observed, attributed to
process disturbances and sensor noise; however, they
remain limited and consistent with the reported mean
absolute error.

0,
Parameter Unit Mean £ SD EV 95% CI Interpretaion
(%) (approx.)
Water e 27.4+0.42 1.53 27.440.05 Indicates highly stable water temperature conditions during
temperature the experimental period.
Room °C 30.8+0.6 1.95 30.8+0.07 Demonstrates consistent ambient temperature with low
temperature variability.
Relative % 552+2.1 3.80 55.2+0.25 Shows moderate fluctuation in environmental humidity
humidity conditions.
pH — 6.21+0.11 1.77 6.21+0.01 Indicates stable acidity conditions within an acceptable range
for the system.
ORP mV +295+18 6.10 295+2.1 Reflects moderate variation in oxidation—reduction potential
during monitoring.
TDS ppm 82.6+34 4.12 82.6+0.4 Suggests relatively stable dissolved solid concentrations

throughout the study
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The middle subplot shows the control signal
applied to the aeration system, which is represented by
a step-like ON-OFF pattern. The control signal
exhibits discrete transitions corresponding to the
hysteresis-based control logic. When the DO
concentration falls below the lower threshold, the
control signal switches to the active state, activating
the blower. Conversely, when the DO exceeds the
upper threshold, the control signal returns to the
inactive state. This behavior clearly illustrates the
closed-loop interaction between the DO measurement
and the actuator, confirming that the system operates
as a demand-driven aeration mechanism. The periodic
switching pattern also indicates that the control system
avoids  excessive chattering, reflecting the
effectiveness of the filtering and hysteresis design.

The lower subplot presents the evolution of water
temperature and ORP during the same period. The
water temperature remains relatively constant, with
only minor fluctuations, confirming that thermal
conditions are stable and do not introduce significant
disturbances to the process. Similarly, the ORP profile
exhibits moderate variation but remains within a
consistent range, indicating stable redox conditions in
the reactor. The stability of these supporting variables
reinforces the conclusion that the observed DO
dynamics are primarily governed by the control system
rather than external environmental disturbances. Figure
3 demonstrates that the proposed edge-enabled digital
twin control system achieves stable, responsive DO
regulation, with clear coordination among sensing,
control actions, and process response. The figure
highlights the effectiveness of integrating real-time
monitoring, local processing, and closed-loop control in
maintaining optimal operating conditions in a PN-A
reactor. Furthermore, the consistent alignment between
the measured DO and the control response indicates that
the system is capable of handling process dynamics
with minimal delay and high reliability under real
operating conditions.

3.2 Dissolved oxygen control performance

The second evaluation focuses on the effectiveness of the
proposed system in regulating dissolved oxygen, which
is the most critical variable in PN-A processes. The
controller was designed to maintain a setpoint of
0.50,mg/L using a hysteresis-based ON-OFF control

strategy supported by a real-time digital twin. The results
presented in Table 2 demonstrate that the system
achieved high accuracy and stability in maintaining the
desired oxygen concentration.

Table 2: DO control performance metrics.
95% CI

Metric Unit  Value Interpretation
(approx.)

DO mg/L  0.50 - Target

setpoint operating point

DO mg/L  +0.03  +0.004 Very tight

deviation control band

MAE mg/L  0.024 +0.003 High control
accuracy

Overshoot % 5.2 +0.6 Low transient
deviation

Recovery S 20-28 +2 Fast

time stabilization

The DO deviation of +0.03 mg/L indicates that the
system maintained oxygen levels within a very narrow
band around the setpoint. This tight control is particularly
significant because anammox bacteria are highly
sensitive to oxygen, and excessive oxygen exposure can
inhibit their activity. The low deviation suggests that the
system effectively prevents both oxygen deficiency and
oxygen inhibition.

The MAE of 0.024 mg/L, as shown in Table 2,
further confirms the high control accuracy. This metric
indicates that, on average, the difference between the
measured DO and the setpoint was minimal. From a
control engineering perspective, such a low MAE
indicates the system's ability to maintain steady-state
accuracy despite process disturbances and measurement
noise.

Dynamic response analysis reveals that the
maximum overshoot was limited to 5.2%. This
relatively small overshoot indicates that the system does
not significantly exceed the target value during transient
conditions, thereby minimizing the risk of oxygen shock
to the microbial community. Additionally, the recovery
time of 20-—28 sdemonstrates that the system can
rapidly return to the desired operating range after a
disturbance, highlighting its responsiveness and
robustness.

The results indicate that the proposed control
system achieves a balance between accuracy, stability,
and responsiveness. Despite using a relatively simple
ON-OFF control strategy, the integration of a digital
twin enables improved system awareness and more
effective decision-making. This demonstrates that
advanced control performance can be achieved without
the need for computationally intensive algorithms,
provided that real-time system representation is
available.

Figure 4 presents the dynamic response of DO
concentration in comparison to the predefined setpoint of
0.50 mg/L. Initially, the DO level starts at a higher
concentration (approximately 0.9 mg/L) and decreases

M. Tomas et al., “Edge-Enabled Digital Twin for Autonomous Low-Latency Dissolved Oxygen Control for Partial Nitritation-Anammox

Reactor.”



10

1.0
08

= DO Level

==== Setpoint 0.50 mg/L
08

0.7
0.6
0.5
0.4
03

An

Dissolved Oxygen (mg/L)

0.0

0 5 10 10 15 20
Time (minutes)

Figure 4: DO tracking performance versus setpoint.
The dissolved oxygen (DO) concentration exhibits
arapid convergence toward the predefined setpoint
of 0.50 mg/L, with minimal steady-state error and
smooth transient response, indicating effective
closed-loop control performance.

rapidly toward the setpoint, demonstrating a fast
transient response of the control system. The trajectory
shows a smooth and well-damped behavior with
negligible oscillation, indicating stable control
dynamics.

As the system approaches steady-state conditions,
the DO curve closely overlaps with the setpoint line,
confirming high tracking accuracy and minimal steady-
state error. The absence of significant overshoot and the
smooth convergence further highlight the robustness
and reliability of the implemented closed-loop DO
control strategy. Overall, these results validate that the
proposed system was capable of maintaining precise
DO regulation under dynamic conditions, which was
essential for the stable and efficient operation of the PN-
A reactor.

Figure 5 illustrates the dynamic relationship
between the DO concentration and the blower ON/OFF
state in the proposed closed-loop control system. The
DO profile fluctuates smoothly around the predefined
setpoint of 0.50 mg/L, indicating stable system
behavior. When the DO level drops below the setpoint,
the controller activates the blower (state = 1), resulting
in a gradual increase in oxygen concentration.
Conversely, when the DO exceeds or reaches the
setpoint, the blower is deactivated (state = 0), allowing
the DO level to decrease naturally due to system
consumption dynamics. The alternating ON/OFF
switching pattern of the blower demonstrates an
effective feedback control mechanism, where actuator
decisions are directly driven by real-time sensor
measurements. The system exhibits minimal oscillation
and no significant overshoot, confirming good stability
and responsiveness. This behavior validates that the
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|—— Blower State (0 = OFF, 1 = ON)

DO < Setpoint DO > Setpoint DO | DO 1 Doy
06 ~BiowerON  —BlowerOFF  —BlowerON  —BlowerOFF  —Blower ON
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Blower State (0 = OFF. 1
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014 a OFF o OFF o OFF o
© © ©
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Figure 5: Blower ON/OFF state and DO response
under closed-loop control. The blower is activated
when the DO level falls below the setpoint (0.50
mg/L) and deactivated when the setpoint is reached,
demonstrating stable control performance with
minimal oscillation and fast response.

implemented control strategy is capable of maintaining
DO levels within a narrow tolerance band around the
desired setpoint, ensuring optimal operating conditions
for biological processes such as the anammox reaction.

The blower is activated when the DO level falls
below the setpoint (0.50 mg/L) and deactivated when
the setpoint is reached, demonstrating stable control
performance with minimal oscillation and fast
response.

3.3 Edge computing performance and energy
efficiency

The final evaluation examines the impact of edge
computing on system responsiveness and energy
efficiency. As shown in Table 3, the proposed system
achieved a control latency of 0.43 s, indicating that the
entire control loop from sensing to actuation was
executed within less than half a second.

This low latency was a key advantage of edge-
based architectures. Unlike cloud-based systems, where
delays can be introduced by network communication and
data transmission, the proposed system performs all
critical operations locally. This ensures the control loop
remains stable and responsive even under poor or
intermittent connectivity. From a practical standpoint,
this makes the system highly suitable for real-world
deployment in decentralized wastewater treatment
facilities.

In addition to improved responsiveness, the system
also demonstrated significant energy savings. As
indicated in Table 3, the proposed control strategy
achieved up to 26% reduction in aeration energy
consumption compared to conventional continuous
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aeration systems. This improvement is primarily
attributed to the ON-OFF control mechanism, which
activates the blower only when necessary, thereby
reducing unnecessary energy usage.

Table 3: Edge performance and energy efficiency.

Metric Unit Value Interpretation
Control s 043 Ultra-low delay
latency
Execution - Edge- Autonomous operation
mode based
Energy saving % up to 26 Significant efficiency

gain
Control - ON-OFF = Demand-driven
strategy aeration

The results confirm that edge computing
significantly enhances the system's responsiveness
and efficiency. The low latency enables real-time
control, while the reduction in energy consumption
highlights the sustainability benefits of the proposed
approach. This dual advantage makes the system
particularly attractive for large-scale wastewater
treatment applications, where both performance and
energy efficiency are critical.

Figure 6 presents a comparative analysis of the
estimated energy consumption between the
conventional control approach and the proposed
closed-loop control system. The conventional
method operates the blower in a continuous or fixed
schedule, resulting in consistently high energy
consumption. In contrast, the proposed system
dynamically adjusts blower operation based on real-
time DO measurements, activating only when
necessary.

100%

80% —

40% —|

Eeergy (%)

20% —

0% —

Conventional

Proposed

Figure 6: Estimated energy consumption comparison
between the conventional and proposed control
strategies. The proposed system significantly reduces
energy usage by optimizing blower operation through
real-time closed-loop control.

The results show a substantial reduction in
energy consumption in the proposed system,

indicating improved operational efficiency. This
reduction is achieved by minimizing unnecessary
blower activity, as demonstrated in the ON/OFF
control behavior shown in the previous figures. The
proposed approach not only maintains DO levels
within the desired range but also optimizes energy
usage without compromising system performance.

3.4 Statistical validation

To rigorously evaluate the reliability and statistical
significance of the proposed edge-enabled control
system, a comprehensive statistical analysis was
conducted on the time-series DO data collected
during the 7-day experimental period, as summarized
in Table 4. The analysis aims to verify whether the
system can maintain DO concentration statistically
close to the predefined setpoint of 0.50 mg/L, while
also quantifying variability, uncertainty, and control
consistency.

Table 4. Comprehensive statistical validation of DO
control performance.

Metric Symbol Value Interpretation
Mean DO X ~0.50 Matches setpoint
mg/L
Standard s 0.03 Low variability
deviation mg/L
Coefficient of cv ~6.0% Stable control
variation
95% confidence  — Narrow High precision
interval
Mean Absolute MAE 0.024 High accuracy
Error mg/L
Root Mean RMSE ~0.03 Low deviation
Square Error mg/L magnitude
t-value t ~0 No deviation from
setpoint
p-value P >0.05 Not statistically
significant

First, descriptive statistics were computed to
characterize the central tendency and dispersion of
the DO measurements. The sample mean X
represents the average DO concentration over the
entire observation period, while the standard
deviation s quantifies the spread of the data around
the mean. These two metrics provide a fundamental
understanding of control stability and variability.

To further quantify the uncertainty of the
estimated mean, a 95% confidence interval (CI) was
calculated using equation (11). The confidence
interval represents the range within which the true
mean DO value is expected to lie with 95%
confidence. A narrow confidence interval indicates
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high precision and low variability in the control
system.

In addition to descriptive analysis, a one-sample
t-test was performed to determine whether the mean
DO differs significantly from the target setpoint. The
test statistic is defined as equation (12), where
4y =0.50,mg/Lis the reference setpoint. The null

hypothesis Hassumes that the mean DO is equal to
the setpoint, while the alternative hypothesis H,

assumes a significant difference.

Beyond  hypothesis  testing, additional
performance indicators were considered to strengthen
the statistical evaluation. The coefficient of variation
(CV), defined as:

v =2x100%
X

(13)

This equation was used to assess relative
variability. A low CV indicates that the fluctuations in
DO are small relative to the mean, reflecting stable
control behavior. Furthermore, the root mean square
error (RMSE) was estimated to complement the MAE
metric and provide sensitivity to larger deviations
using:

RMSE = \/lZ(DOi -DO,,)’ (14)
ni-

As shown in Table 4, the mean DO concentration
is approximately equal to the setpoint, indicating that
the control system achieves accurate steady-state
regulation. The low standard deviation of 0.03mg/L

suggests that the DO values are tightly clustered
around the mean, reflecting stable system behavior
over time.

The coefficient of variation of approximately
6% indicates that the relative fluctuations are small
compared to the mean, confirming that the control
system maintains consistent performance under real
operating conditions. In addition, the narrow
confidence interval indicates that the estimated mean
DO is highly reliable, with minimal uncertainty.

The results of the one-sample t-test further
strengthen this conclusion. The calculated t-value is
approximately zero, and the p-value is greater than
0.05, indicating that there is no statistically significant
difference between the measured DO and the target
setpoint. This confirms that the system can maintain

the desired operating condition with high statistical
confidence.

From a control engineering perspective, the
combination of low MAE and RMSE values indicates
that both average and extreme deviations from the
setpoint are minimal. This suggests that the system not
only performs well under steady-state conditions but
also remains robust to transient disturbances and
measurement noise.

Overall, the statistical analysis demonstrates that
the proposed edge-enabled digital twin system
achieves high accuracy, low variability, and
statistically reliable control performance. These
findings validate the effectiveness of integrating real-
time digital twin modeling with edge-based control in
maintaining stable DO levels at the field scale.

3.5 Comparison with literature

To highlight the contribution of this study, the
proposed system was compared with existing
approaches, as presented in Table 5. The comparison
focuses on key aspects such as control strategy, system
architecture, response time, and implementation scale.
As shown in Table 5, the proposed system achieves
comparable accuracy to advanced model-based
controllers such as MPC, while maintaining
significantly lower latency and implementation
complexity. Unlike cloud-based systems, the edge-
enabled architecture provides real-time control
capability with minimal delay. Furthermore, the field-
scale implementation demonstrates its practical
applicability, distinguishing it from many previous
studies limited to laboratory conditions.

Table 5. Comparison with existing studies [49]-[53].

MAE Energy

Method (mg/L) Latency Saving Scale
Conventiona 0.05— .
1 PID 010 High Low Lab
loT cloud- >2's None Lab
based
Advanced 0.02— . .
MPC 0.05 Medium  Moderate Pilot
This work 0.024 043s 26% Fiel(1000L)

4 Conclusions

This study presents the development and field
implementation of an edge-enabled digital twin
system for real-time multi-parameter monitoring and
closed-loop DO control in a PN-A reactor. The results
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confirm that integrating edge computing with a
dynamically synchronized digital twin enables
reliable, autonomous operation under real field
conditions.

First, the proposed system successfully
demonstrated stable multi-parameter monitoring, as
indicated by the low variability of key environmental
and process variables, including water temperature,
pH, ORP, and TDS. These results confirm that the
edge-based sensing and data-acquisition framework
provides consistent, reliable inputs for digital twin
synchronization and control execution.

Second, the closed-loop DO control system
achieved high accuracy and stability, maintaining the
DO concentration at the target setpoint of 0.50 mg/L
with a deviation of £0.03 mg/L and a mean absolute
error of 0.024 mg/L. The control system also exhibited
favorable dynamic performance, with a limited
overshoot of 5.2% and a recovery time of 20-28 s,
demonstrating its ability to respond effectively to
process fluctuations.

Third, implementing the digital twin at the edge
significantly reduced control latency to 0.43 s,
enabling real-time decision-making independent of
cloud connectivity. This low-latency architecture
ensures robust and continuous operation, making the
system suitable for deployment in decentralized or
connectivity-limited wastewater treatment
environments.

Finally, the proposed system achieved up to 26%
reduction in aeration energy consumption compared
with conventional continuous aeration strategies. This
improvement highlights the potential of combining
edge computing, digital twin modeling, and demand-
based control to enhance both process stability and
energy efficiency in PN-A based wastewater treatment
systems.
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