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Abstract

Experimental validation of dissolved oxygen (DO) control in aquaculture is often limited by biological
variability, environmental factors, and pond hydrodynamics, which reduce reproducibility and hinder
reliable assessment. To address this, we developed a laboratory-scale, control-oriented platform that
minimizes external disturbances and enhances statistical reliability. Oxygen demand was emulated via
chemical deoxygenation with sodium sulfite, so aeration experiments begin from near-zero dissolved
oxygen (DO). Sodium sulfite is added only during initialization; any residual persists briefly into the
early closed-loop phase. Using this framework, On-Off control with hysteresis and discrete-time PID
control were compared in terms of overshoot, rise time, settling time, and steady-state error. Under a
confidence criterion, the PID controller required fewer repetitions than the On-Off strategy to achieve
comparable reliability.

Keywords: dissolved oxygen control; experimental platform; aquaculture automation; PID control;
On-Off control; programmable logic controller; aeration systems; reproducible experimentation

1. Introduction

The success of aquaculture depends on maintaining optimal water quality. Key parameters include
pH, temperature, salinity, turbidity, and dissolved oxygen (DO), all of which directly affect metabolism,
growth rate, feed conversion efficiency, and the survival of cultured organisms [1,2]. Among these
variables, dissolved oxygen is widely recognized as a critical indicator of water quality, as it directly
affects respiratory processes and the physiological performance of crustaceans [3]. Experimental and
field studies have reported that DO concentrations below 5 mg/L induce significant physiological
stress, reduce growth, and increase mortality in shrimp farming systems [1,4].

In aquaculture systems, dissolved oxygen dynamics are governed by the interaction of multiple
factors, including biomass respiration, organic matter degradation, system hydrodynamics, mixing
efficiency, and water temperature [5,6]. To mitigate hypoxic events, various aeration technologies
have been developed, such as paddlewheel aerators, fine-bubble diffusers, venturi injectors, and
mechanical surface aerators, each exhibiting specific operational characteristics and different oxygen
transfer efficiencies [1,3,7]. However, the overall effectiveness of these devices depends not only on
their mechanical design but also on the implemented control strategy and the availability of reliable,
continuous dissolved oxygen measurements.

Accurate and real-time measurement of dissolved oxygen is therefore a fundamental require-
ment for aquaculture automation. Conventional chemical methods, such as Winkler titration and
colorimetric techniques, provide acceptable accuracy for spot analyses but are unsuitable for contin-
uous monitoring and closed-loop control applications due to their discrete nature and lack of direct
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integration with automatic control systems [8]. In contrast, electrochemical and optical dissolved
oxygen sensors enable continuous digital data acquisition and integration into industrial automation
and IoT-based architectures. Nevertheless, their practical performance strongly depends on signal
conditioning, calibration procedures, temperature compensation, and the employed communication
architecture [9,10].

In this context, laboratory-scale experimental platforms have become a key tool for research
in smart aquaculture and aquatic process control [11-14]. These platforms allow the evaluation of
different operational configurations representing real cultivation scenarios, such as variations in or-
ganic loading, thermal conditions, and turbidity levels [15,16]. Moreover, they facilitate systematic
variable isolation, enabling controlled investigation of the individual effects of specific disturbances on
dissolved oxygen dynamics, for instance by assessing aeration system performance under different
temperature regimes or hydraulic mixing conditions [17,18]. Additionally, controlled experimental en-
vironments offer significant advantages, including reduced operational costs during the development
phase, improved experimental reproducibility, and safe validation of advanced control algorithms
prior to deployment in commercial production systems [9,19]. These characteristics align closely
with current trends in smart aquaculture, which emphasize smaller-volume tanks, higher stocking
densities, and extensive integration of monitoring and control technologies to ensure water quality
while reducing energy and resource consumption [15,20].

Despite advances in automation and monitoring, a significant gap remains between large-scale
production systems and experimental platforms used in research. In many commercial operations,
aeration strategies continue to rely on empirical or time-based schemes without closed-loop feedback,
leading to energy inefficiencies and suboptimal dissolved oxygen regulation [1,4]. Conversely, many
laboratory studies employ low-cost hardware and non-industrial architectures, limiting robustness,
scalability, and technological transferability of the obtained results [21,22]. This disconnect restricts
systematic evaluation of advanced control strategies under controlled yet representative cultivation
conditions.

Furthermore, conducting experimental studies using live organisms introduces inherent biological
variability, ethical considerations, and risks to animal welfare, complicating reproducibility and
rigorous validation of control algorithms [23]. To address this limitation, several studies have proposed
the use of chemical oxygen scavengers, such as sodium sulfite, to induce controlled deoxygenation
conditions in laboratory aquatic systems [23,24]. However, the practical application of this approach is
nontrivial, as the theoretical reaction stoichiometry does not fully represent the actual conditions of
potable water used experimentally. In addition, reaction kinetics depend on factors such as mixing
intensity, water motion, and temperature, while reagent purity and storage conditions significantly
influence experimental reproducibility [24].

Within this framework, the present work aims to design and construct a laboratory-scale experi-
mental platform, oriented toward the modeling and control of dissolved oxygen dynamics in water.
Beyond the platform development itself, the main contribution of this work lies in addressing a per-
sistent gap in the existing literature, where clear, reproducible, and well-documented methodologies
for the systematic study of aeration processes remain limited. The proposed framework integrates
industrial-grade instrumentation, aeration systems, and a programmable logic controller, enabling
real-time monitoring and implementation of control strategies under controlled experimental condi-
tions. Carefully designed experimental protocols are conducted to achieve repeatable and reliable
results, supported by consistent performance metrics. The proposed methodology and experimental
dataset are intended to serve as a benchmark reference for future studies focused on the evaluation of
alternative modeling approaches, aeration technologies, and control strategies in smart aquaculture
and aquatic systems automation.
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In summary, the main contributions of this work are:

* The design and implementation of an industrial-grade DO control platform, integrating a
programmable logic controller (PLC), an optical dissolved oxygen sensor, and a proportional flow
valve driven by a current controlled actuator.

* A reproducible experimental methodology for benchmarking control strategies under iden-
tical operating conditions, including repeated near-zero DO reset experiments, explicit signal
conditioning, actuator saturation handling, and time domain performance metrics suitable for
real world industrial deployment.

*  Quantitative comparison of On-Off and PID control strategies based on performance indicators
and a statistical approach to establish the necessary number of experimental repetitions.

The remainder of this article is structured as follows. Section 2 (Materials and Methods) describes
the proposed experimental framework, including the design and construction of the laboratory-scale
platform, the instrumentation employed, and the management methodology adopted. This section
also details the control design and the experimental validation procedure. Section 3 presents the
experimental results and discussions obtained under controlled operating conditions. Finally, the
conclusions are presented in Section 4.

2. Materials and Methods

Our proposed framework is structured into three main stages with the objective of developing
and validating a laboratory-scale experimental platform for the analysis and control of dissolved
oxygen dynamics under reproducible conditions.

2.1. Experimental Platform and Management Methodology

This section addresses the design of a controlled experimental test bed integrating the process
tank, aeration system, sensing and actuation hardware, and a programmable logic controller (PLC). A
management methodology is defined to ensure repeatable operating conditions, including chemical
DO depletion and standardized operating procedures. Data acquisition and signal conditioning are
performed to provide reliable measurements for control-oriented analysis.

2.1.1. Physical Platform and Instrumentation Design

The experimental platform was conceived as a laboratory-scale, control-oriented test bed aimed
at the systematic evaluation of DO control strategies under well-defined and repeatable conditions. Its
architecture intentionally isolates the aeration process, allowing DO dynamics to be studied without
the confounding effects typically present in full-scale aquaculture systems.

The main structure of the system is a rigid process tank (Figure 1), operating at a fixed working
volume of 160 L. Together with the aerators and the DO sensor, this tank constitutes the core of
the process in which DO concentration must be controlled. Water inflow is enabled only during
preparation stages via the inlet line controlled by valve VS1, while discharge during cleaning and reset
procedures is carried out through the outlet line actuated by valve VS2 and an auxiliary pump. During
closed-loop operation, neither inflow nor outflow is active; both are used exclusively to replace the
water between experiments.

Compressed air supplied by a pneumatic subsystem contains not only oxygen but also nitrogen,
carbon dioxide, argon, and other trace gases. However, in the following analysis only oxygen is
considered as the variable of interest. As shown in Figure 1, air is delivered by a compressor operating
at a pressure of 3.5 bar. The stream passes through a flow control valve (FV1) and a check valve before
reaching the submerged diffusers located at the bottom of the tank.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Figure 1. Functional architecture and integrated air, water, and signal flows of the experimental DO control
platform.

During preparation, sodium sulfite is manually added to the tank to induce controlled oxygen
depletion. After preparation, dissolved oxygen was measured in real time using the Aqualabo OPTOD
sensor, which operates with luminescent optical technology. Immersed in the tank, it provides the
primary feedback variable for control. In this stage, a small amount of residual sulfite may remain and
act as a transient oxygen-demand disturbance during closed-loop control. As shown in Figure 2, a
programmable logic controller (PLC, Allen Bradley Micro 870) acquires these measurements via an
RS-485 interface and executes the discrete-time control algorithm, generating actuation commands to
FV1.

The analog control signal generated by the PLC is conditioned by a valve current driver and
applied to an electropneumatic proportional valve (HF-PRO), which regulates the airflow supplied by
the compressor to the submerged diffusers and constitutes the final control element of the aeration
loop. The electrical architecture supporting the control loop is centralized around a 24 VDC power
supply. Dedicated DC-DC converters generate the voltage levels required by the sensor, valve driver,
and auxiliary components, while protective elements such as fuses are also included.
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Figure 2. Control and instrumentation architecture of the experimental DO control platform.
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A summary of the main instrumentation and hardware specifications, including the key dimen-

sioning parameters required for experimental replication, is provided in Table 1.

Table 1. Main instrumentation and hardware specifications of the experimental DO control platform.

Element

Key specifications

Function in the system

Process tank

Aerators

Air compressor

Flow control valve (FV1)

Valve driver

DO sensor

Controller

DC power conversion

Rigid tank, 160 L working volume;
laboratory-scale geometry;
single-phase liquid operation.
Submerged air diffusers; porous stone
type; characteristic pore size in the
sub-millimeter range; installed
symmetrically at the tank bottom;
nominal airflow ~1-3 L/min per
aerator.

Oil-free air compressor; Set to a
pressure of 3.5 bar; air tank capacity
~40 L; nominal flow capacity

~160 L/min.

Proportional valve; 2-way normally
closed; maximum flow up to

~60 SLPM; operating pressure up to
3.5 bar; current-driven actuation
(0-175 mA).

Analog current driver; PLC-compatible
input; valve supply voltage 12-14 VDC;
maximum output current ~200 mA.
Optical dissolved oxygen probe;
measurement range 0-20 mg/L;
accuracy £0.1 mg/L; Modbus RS-485
communication; integrated
temperature compensation.
Programmable Logic Controller (PLC);
discrete-time execution; analog output
(4-20 mA); serial communication via
RS-485 (Modbus).

DC-DC converters; 24 VDC main
supply stepped down to 12 VDC and
14 VDC; current capacity up to 3 A.

Physical process where dissolved
oxygen dynamics are regulated.

Promote gas-liquid oxygen transfer
and spatially uniform aeration.

Provides pressurized air to the aeration
subsystem.

Final control element regulating
aeration rate.

Conditions the PLC output to drive the
proportional valve.

Provides real-time DO measurements
for feedback control.

Executes the closed-loop DO control
algorithm.

Supplies regulated power to valve
driver and instrumentation.

Together, Figures 1 and 2 provide complementary views of the experimental platform, combining

d0i:10.20944/preprints202602.1808.v1

a process-oriented representation of air, water, and signal flows with an implementation-level descrip-
tion of the control, instrumentation, and power architecture supporting reproducible experimental
validation of DO control strategies.

2.1.2. Platform Operation & Management Methodology

A structured operating and management methodology was defined to ensure repeatability,
consistency, and traceability across experimental trials. The overall workflow adopted for the use of
the experimental platform is summarized in the operational flow diagram, as shown in Figure 3, which
outlines the preparation, control execution, and reset stages of each experiment.

Each experimental run begins with a preparation phase, during which the process tank is filled
to the nominal operating volume of 160 L. The programmable logic controller (PLC) program is
then deployed and executed, and correct acquisition of dissolved oxygen (DO) measurements from
the sensor is verified before enabling any control action. During this phase, the system remains in
preparation mode to prevent unintended aeration.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Figure 3. Operational workflow for experimental execution on the DO control platform.

To establish a reproducible initial condition and emulate the oxygen consumption typically caused
by biological activity in aquaculture systems, a chemical oxygen depletion procedure is applied. A
fixed amount of 12 g of sodium sulfite (Na;SO3) is manually added to the water. This compound
reacts chemically with dissolved oxygen, progressively reducing the DO concentration until an anoxic
condition is reached. It is worth noting that the natural decrease in DO, considering the maximum
volume and initial aeration of the water, takes approximately 30 to 40 minutes. To accelerate this
process, manual stirring was performed, reducing the DO level in less than 10 minutes. The number of
manual mixing attempts ranged between four and five. Once the DO value approached zero, the water
was allowed to rest for two minutes to stabilize the measurement. In this proposal, the deoxygenation
step was standardized only to achieve a consistent low-DO initial condition, because the controlled
aeration phase was the primary focus.

Once the target low-DO condition is achieved, the system transitions to the control execution
phase. The selected control algorithm is activated within the PLC, and the platform operates in closed
loop. During this phase, aeration is driven exclusively by the controller output. DO measurements
and control signals are acquired in discrete time at a fixed sampling period Ts and logged continuously
for subsequent analysis.

After completion of each experimental run, a reset phase is performed. The aeration system is
deactivated, the process tank is drained, and both the tank and the DO sensor are cleaned to remove
residual sodium sulfite and prevent cross-test interference. This procedure ensures consistent initial
conditions for successive experiments.

All data acquisition and signal handling are performed within the PLC. Raw DO measurements
are internally scaled to engineering units before being used in control computations. To reduce the
influence of measurement noise and short-term fluctuations inherent to dissolved oxygen sensing, a
low-order digital filter is applied to the measured signal prior to its use in the control law. Both filtered
and unfiltered signals are stored, allowing transparent offline analysis without affecting real-time
execution.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Overall, this operating methodology ensures that experimental results are obtained under con-
trolled and repeatable conditions, supporting the use of the platform as a laboratory-scale test bed for
the experimental validation of dissolved oxygen control strategies.

2.2. Chemical Reduction of Dissolved Oxygen Using Sodium Sulfite

The proposed platform is designed to increase DO via aeration. Because it does not incorporate
hardware to actively decrease DO (e.g., inert-gas sparging, vacuum degassing, or dedicated deoxy-
genation modules), a chemical oxygen scavenger was used to establish low-DO conditions for testing.
Following standard practice for preparing a zero-DO solution for sensor calibration and low-oxygen
checks, sodium sulfite (Na;SO3) was selected as the reducing agent [25]. In aqueous media, sulfite
consumes dissolved oxygen and is oxidized to sulfate according to:

Na,S0; + 30, — NaSO4. 1)

Thus, the theoretical stoichiometry requires 1 mol of NaySO3 per 0.5 mol of O, removed. For a
water volume V = 160 L, the stoichiometric mass of sodium sulfite needed to remove an initial DO
concentration Cpp (g L~1) can be expressed as:

CpoV
MNayS0; = (3;80()) x 2 % 126.04, ?)

where 32,000 is the molar mass of O, in mgmol ! and 126.04 gmol ! is the molar mass of Na,SO;. In
practice, the sulfite was added under mixing until the DO approached the target low level, and the
final requirement was adjusted experimentally.

2.2.1. Implications of Using Potable Water (Chlorine Demand and Correction of the Theoretical Dose)

Potable water was used (160 L), which introduces an important practical correction: NaySO3
reacts not only with dissolved oxygen, but also with oxidants present in disinfected drinking water
(e.g., free chlorine and chloramines). This additional demand can increase the required sulfite mass
beyond the oxygen-only stoichiometric estimate in Eq. (2). The reactivity of sulfite toward chlorine
species and the broader implications of sulfite-based dechlorination/quencher chemistry have been
documented in peer-reviewed studies [26-28]. Therefore, rather than relying solely on stoichiometry,
the sulfite dose was determined using a two-step approach:

1. Initial stoichiometric estimate: compute the oxygen-only requirement from Eq. (2) using the
measured initial DO.

2. Experimental correction in potable water: apply the estimated dose under agitation and verify
whether the measured DO reaches the intended low value. If not, add incremental sulfite until
the target DO is achieved, thereby capturing the additional oxidant demand of the potable water
matrix [26-28].

This correction is consistent with the fact that sulfite scavenges dissolved oxygen (rather than reacting

with water molecules), while still potentially consuming residual disinfectants and interacting with

trace constituents in real waters [26,28].

2.3. Data Acquisition, Pre-Processing, and Control

The aeration control system begins with sampling the signal to determine the preprocessing of
the measurements, which establishes the basis for the subsequent control actions. It considers mainly a
desired dissolved oxygen setpoint (DO;), a controller, a process, a DO sensor, and a IIR filter, as shown
in Figure 4. The implementation treats the process model as a black-box, where the input is the control
effort, represented by the valve aperture, with a maximum value limited by the 3.5 bar threshold of
the valve, see Table 1, while the output is the DO measurement.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Figure 4. Block diagram of the feedback aeration control system.

2.3.1. Sampling and Preprocessing of Dissolved Oxygen Measurements

The experiments were conducted under controlled laboratory conditions using the experimental
platform described in Section 2.1.2. The water temperature was maintained at approximately 20-21 °C,
and a fresh volume of potable water was supplied for each run. The DO sensor was positioned 12 cm
from the tank border with an immersion depth of 20 cm, while two diffusers were fixed at the base in
equidistant positions on opposite sides. During each measurement, both the inlet and outlet valves
remained closed to ensure stable hydraulic conditions.

Under our laboratory conditions, the initial DO measurements ranged from 0 to 7.8 mg/L. Each
aeration experiment lasted 1h and 15 min, whereas the DO depletion phase exhibited variable duration,
being terminated once the concentration approached zero.

For the DO measurement y[k] at discrete instants k = 1,2, ..., kmax, a first-order infinite impulse
response (IIR) filter was implemented to attenuate noise by smoothing the experimental data [29]. The
discrete-time representation of the filter is given in Equation (3):

yrlkl = ayplk — 1] + (1 — ) y[K] ©)

where y[k] denotes the filtered output at instant k, and « is a forgetting factor close to one that
determines the relative weight of past and current measurements [30]. Henceforth, the filtered signal
yr will be employed in our analysis during both the DO decay stage and the controlled aeration stage.
For simplicity, y will be referred to as DO, whereas y will denote the raw DO measurement.

For the controlled aeration stage using PID, an experiment is required to obtain a reaction curve,
which is subsequently described in Section 2.3.3. To this end, a sigmoidal adjustment is proposed ys;g
by means of a logistic function:

1+ ex(i=h)

where L denotes the maximum asymptotic value, x the slope parameter, and ¢y the inflection point

Ysig (t) (4)

of the curve. To estimate these parameters, the following cost function is minimized using the
2
least squares method J(Leo, &, tg) = Zi‘g’f (yf [k] — ysig(k)) . Therefore, the optimal parameters are

(L, %, t) = argming ¢, J(Leo, %, to).

2.3.2. On-Off Control Design

As part of the control strategies, an On-Off controller is proposed. This approach ensures low
computational cost and straightforward implementation. The controller operates by switching between
open and closed states according to the sensor measurement relative to the reference value [31].

This control strategy employs hysteresis, which prevents excessive switching and thereby protects
the equipment during tests. The hysteresis band [—H, H](mg/L) is determined by control require-
ments, as well as by the characteristics of the sensor, actuator, and volume of water. The valve aperture
(Uon-off) s fully open when the filtered DO value (y¢) is below the desired value (DOy), and fully closed
when the measurement exceeds the desired value, as detailed below.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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100%, if y¢(k) < DOy — H

Hon_off(k) = Llon_off(k — 1), if DOd —H< yf (k) < DOd +H (5)
00/0, if ]/f(k) Z DOd +H

The implementation of this controller considers only the positive error, leading to the oxygen
inflow. In this case, this characteristic is suitable because the proposed system does not extract oxygen.
In terms of security, the correct selection of hysteresis protects the system electrically and mechanically.

2.3.3. PID Controller Design via Ziegler—Nichols Method

The continuous-time control law implemented for the PID controller is given by

t
upid (t) = kpe(t) + kz‘/o e(t)dt + kg d;(tt), ©)

where 1,4 (f) denotes the valve aperture, e(t) is the control error, and ky, k;, and k; are the proportional,
integral, and derivative gains, respectively.

For implementation purposes, the control law is discretized using a fixed sampling time T, which
is independent of the specific hardware platform employed. The discrete-time representation of the
PID controller is expressed as

upid [k] = kpe[k] + k;T; i eli] + de‘
i=0 s

(7)

The tuning of the PID controller is performed using the Ziegler—Nichols (ZN) method [31-33].
The procedure involves fitting the experimental data of a system reaction curve to a sigmoidal function,
which is obtained from a step input experiment, see Figure 5(left), combined with data treatment
based on filtering and sigmoidal fitting shown in Section 2.3.1. Two key parameters of this sigmoidal
curve must be determined geometrically: the delay time (L) and the time constant (T). The slope of the
tangent at the inflection point defines the reaction rate (R), with R = A/T, see Figure 5(right).

A y
Ysig

PN

Input: Step signal
Output: reaction curve

> »
»

Time L T Time

X

Figure 5. Step input signal (left) and corresponding reaction curve with Z-N parameters (right).

The relationship between the Ziegler-Nichols parameters and the controller gains is given by
ky = %, T; = 2L, and T; = 0.5L. It is worth mentioning that the classical Ziegler-Nichols method
employs a first-order plus dead-time approximation of the reaction curve. In our case, however, a
sigmoidal fitting was adopted since it provided a more consistent representation of the experimental
data.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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2.4. Statistical Criterion for Determining the Number of Experimental Repetitions

The control system is evaluated using standard performance metrics: overshoot, rise time ¢,
defined as the time required for the measured DO concentration to increase from 10% to 90% of the
reference value, settling time ¢;, defined as the time required for the DO concentration to enter and
remain within a 5% band around the reference, and the mean steady-state error e, calculated as

kmax Zimﬁ‘f e(k), where e(k) = DO; — ys(k) (mg/L) denotes the instantaneous error at sample k
once the system has reached steady state, and kmay is the number of samples considered in that regime.

In order to determine the number of repetitions required to obtain a statistically reliable estimate
of the steady-state mean error ess, a confidence-interval-based precision criterion was adopted [34].
Let ey ; denote the mean steady-state error obtained in the experiment i-th. Therefore, the mean error
of N independent repetitions, denoted by & i is defined as

1 N
éss,N = ﬁ Z €ss,i- (8)
i=1

Therefore, the corresponding standard deviation of the experiments is

N
SN = 2 Css,i — essN 2 ©)

i=1

so that, the standard error of the mean is defined as

SN
SEn = N (10)
Assuming approximate normality of the estimator, a two-sided 95% confidence interval (CI)
for the true mean error is computed using the Student’s ¢ distribution, that is &,y £ hy, with hy =
to.975, N—1 SEN, where (975 nN—1 denotes the critical value with N — 1 degrees of freedom. The quantity
hn represents the semi-width of the confidence interval and provides a direct measure of estimation
precision [35].
Therefore, a practical stopping criterion can be defined by selecting the minimum number of
repetitions N such that /iy < ¢, where ¢ is a predefined tolerance on the admissible uncertainty of the
estimated mean error [34].

3. Results and Discussions
3.1. Implementation of the Experimental Platform and Management Methodology

The experimental platform developed in this work was successfully implemented and operated
as a laboratory-scale test bed for DO control experiments. The final system integrates the process tank,
pneumatic aeration subsystem, sensing instrumentation, control hardware, and power distribution
into a compact and functional structure, as shown in Figure 6. The implemented platform is consistent
with the proposed design and enabled systematic experimentation under controlled conditions.

The process tank operated at a nominal working volume of 160 L in all experimental trials. Water
handling components allowed reliable filling and draining between experiments, while the pneumatic
subsystem operated without mechanical faults, providing consistent air delivery during closed-loop
operation.

The sensing and control infrastructure functioned reliably throughout the experiments. The
optical DO sensor provided continuous measurements, and stable RS-485 communication with the
programmable logic controller (PLC) ensured uninterrupted data acquisition. Control execution
within the PLC was performed in discrete time, with actuation commands continuously applied to the
proportional valve.
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Figure 6. Implemented experimental platform for dissolved oxygen control experiments: front and top views.

The chemical oxygen depletion procedure based on the manual addition of 12 g of sodium sulfite
(NapSO3) consistently reduced the DO concentration to low levels prior to control activation. Similar
depletion behavior was observed across repeated trials, confirming the reproducibility of the selected
dosing and mixing procedure.

Transitions between preparation, closed-loop operation, and reset phases were achieved without
operational discontinuities. The reset procedure, involving tank draining and sensor cleaning, enabled
recovery of comparable initial conditions between experiments. Dissolved oxygen measurements,
control signals, and time stamps were logged continuously in all trials, supporting offline analysis.
Basic signal conditioning reduced short-term measurement fluctuations while preserving the dominant
process dynamics.

Overall, the obtained results confirm that the implemented platform and its associated man-
agement methodology provide a reliable and reproducible laboratory-scale environment for the
experimental validation of dissolved oxygen control strategies.

3.2. Results of Dissolved Oxygen Control

Considering the platform above, this work uses the two mentioned controller methods to compare
the results under the same conditions. The objective of each test is to track a desired DO level by
regulating the valve aperture. The sensor measurements were filtered using an IIR filter with a
forgetting factor of & = 0.95. In this system, the increase in DO is determined by the valve, while
sulfite determines the drop. Before control initialization, the DO level was reduced to a value close to
zero by adding 12 g of sodium sulfite, exceeding the 9.3 g required by stoichiometry, due to the use of
potable water instead of pure water, as described in Section 2.2.

This reduction in DO is difficult to model because, in addition to the appropriate amount of
sodium sulfite, it depends on water movement, which can accelerate the reaction through superficial
aeration. Furthermore, the reduction in DO also depends on the initial DO value, which itself is
influenced by the water flow rate when filling the tank. Figure 7 (left) illustrates three examples of
DO reduction from a high initial value. In Test 1, a typical decay is observed without water agitation.
In Tests 2 and 3, the reduction occurs more rapidly due to agitation. However, in Test 2, a slight
increase can be observed after 0.2 h, caused by aeration generated by water agitation. Altogether, these
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observations highlight the need to conduct experiments under the same initial DO condition, close to
zero, prior to controlled aeration evaluated in Sections 3.2.1 and 3.2.2, in order to reach repeatability
under laboratory conditions.

In this empirical adjustment of the required amount of sodium sulfite, it is difficult to ascertain
whether, when a DO value close to zero is measured, residual sodium sulfite remains in the water,
ready to react once the water is aerated. Figure 7(right) illustrates a typical aeration process under
such excess conditions (about 20 g), where sodium sulfite reacts immediately upon air introduction,
producing abrupt changes in the DO measurement from the outset, as both the increase in DO and the
simultaneous consumption of sodium sulfite occur together.
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Figure 7. Example of three typical DO decay curves, starting from the high values characteristic of freshly collected
drinking water and decreasing to a minimum due to reaction with sodium sulfite (left), and typical DO evolution
when an excessive amount of sodium sulfite (about 20 g) is added (right).

For both control approaches, this study performed 10 tests for each to evaluate the consistency of
their responses.

3.2.1. Results of the On-Off Control Strategy

The On-Off control employs 5% hysteresis with respect to DO; = 6 mg/L (i.e. H = 0.3 mg/L). In
this case, the 10 tests last approximately 1.3 hours to track the DO setpoint. Sodium sulfite provides a
repeatable oxygen demand disturbance that reduces DO in the bench system. This controller provided
a fair response in tracking the reference throughout the test. In Figures 8 and 9, note that the peaks
reached in each test are produced due to the delay effect of the aerator. The DO level continues to rise
despite the control valve being completely closed. Conversely, the minimum peak corresponds to the
drop in DO caused by the sulfite reaction when the valve is opened to regulate the DO level.

Table 2 summarizes the performance obtained in each test using the proposed controller. In terms
of overshoot, the average is 47.4 x 102 (mg/L), with a maximum of 93.6 x 1072 (mg/L) in test 5
and a minimum of 34.2 x 1072 (mg/L) in test 4. The settling time has an average of 451.4 seconds
(0.125 hours) with a minimum of 339 and a maximum of 595 at tests 3 and 4, respectively. On the
other hand, the average rising time is 355.4 seconds (0.099 hours), with a maximum of 523.5 at test 4
and a minimum of 291 at test 3. Finally, the maximum mean error was observed in test 5, while the
minimum occurred in test 10. These On-Off control performance results can be adjusted depending on
the value of the hysteresis band H[31].
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Figure 8. Dissolved oxygen responses obtained with On-Off control over 10 repetitions at a setpoint of 6 mg/L.
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Figure 9. Corresponding valve aperture (orange line) for Test 1 under On-Off control (blue line).

Table 2. Test results and average performance of the On-Off Control

Test Overshoot (x10°mg/L) Rising time (s) Settling time (s) ¢y;; x 102 (mg/L)
1 444 346.5 454.0 36.0
2 46.2 313.5 412.5 25.2
3 37.8 291.0 339.0 9.6
4 34.2 523.5 595.0 21.0
5 93.6 326.5 425.5 51.6
6 71.4 303.0 400.5 28.8
7 37.2 339.5 426.0 10.8
8 38.4 301.5 402.0 22.2
9 38.4 406.5 529.5 9.6
10 36.6 402.0 530.0 24
Average 47.4 355.4 451.4 21.6

3.2.2. Results of the PID Control Strategy

The second controller proposed by this work is the PID control algorithm. In this case, the test
bench uses all the same conditions considered in the previous controller. The Ziegler-Nichols method
is applied in the reaction curve, shown in Figure 10, to obtain the proportional k;, = 716.81, integral
k; = 26.5, and derivative gains k; = 106, with L = 53 and T = 2175.5.
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Figure 10. Measured, filtered, and sigmoidal-adjusted reaction curves of the DO signals (gray, green, and blue
lines, respectively).

Figure 10 illustrates the system’s reaction curve, as presented in Section 2.3.3. The gray dots
represent the response to a step input until steady state, while the green line corresponds to the filtered
data obtained using the discrete filter described in Equation (3). The adjusted sigmoidal reaction curve
is shown as the blue line, derived from Equation (4).

Figures 11 and 12 illustrate the responses obtained by implementing the PID controller in the
system. The setpoint remains at 6 mg/L, considering the same amount of sulfite in the tank. Each test
shows a minimum peak generated due to the reaction of the sulfite with water when the aerator is
activated. Compared with the On-Off, the responses do not exhibit oscillations, and the behavior is
smoother.

Table 3 presents the performance metrics of the PID implementation. The maximum overshoot is
42.6 x 1072 (mg/L) at test 5; meanwhile, the minimum is 12 x 102 (mg/L) at test 4, with an average
of 17.4 x 1072 (mg/L). The average rising time is 394.3 seconds (0.11 hours), with a maximum of 505
seconds recorded in test 4 and a minimum of 340.5 seconds recorded in test 1. In terms of settling
time, the average is 521.5 seconds, with a maximum of 651 (test 4) and a minimum of 446.5 (test
3), respectively. Finally, the maximum mean error was observed in test 4, while the minimum was
observed in test 9.

] PID Control for Dissolved Oxygen .

| i )
i i i i i i
L | B | ) | | i
61“----_’/-’ T ] = ) S oo ] — e
\ p i i i
~ 4 | | | | | | |——PID 1
i
Ssh————H R e e |——pD2 |-
E \ : | | | | : PID 3
Sl Yy . E — R F [T PD4
M ‘ ‘ ‘ ‘ ‘ {|——PDS5
2 b i i i i i i PID 6
S WS e b e b b 7 |
et I I I I I ||——PID8
Z | | | | | I |——piD9
Gol-Wf-—-1 Jmmmmm e Fmmmmmmm e mmmm e o m e Fommmmmmm e 4 PID10 |-
a ! ! ! ! ! ! |= = = Setpoint
T e s
\ | i i | i i
/ | I
n
0 | \ \ | | \
0 0.2 04 0.6 0.8 1 12
Time (h)

Figure 11. Dissolved oxygen responses obtained with PID control over 10 repetitions at a setpoint of 6 mg/L.
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Figure 12. Corresponding valve aperture (orange line) for Test 1 under PID control (blue line).

The Z-N method was used as a standardized baseline; further fine-tuning was not pursued to
keep methodology comparable and replicable. Therefore, these PID control results can be improved
with more advanced tuning alternatives and other, more robust control strategies [31,36].

Table 3. Test results and average performance of the PID Control

Test Overshoot (x10~> mg/L) Rising time (s) ~ Settling time (s) €ss,i X 10~2 (mg/L)
1 15.0 340.5 449.0 42
2 13.8 355.5 468.5 6.6
3 13.8 3385 446.5 6.0
4 12.0 505.0 651.0 10.8
5 42.6 396.5 514.0 6.6
6 15.6 399.0 519.0 6.0
7 12.6 459.5 590.0 9.0
8 15.6 412.5 606.0 10.2
9 16.2 372.5 493.0 3.6
10 20.4 363.5 477.5 6.0
Average 17.4 394.3 521.5 7.2

During the control tests, the PID controller shows lower steady-state error and variability under
the tested conditions compared to the On-Off controller, see Table 4, particularly in the steady state.
In the transient state, however, the settling time of both controllers is similar, since the PID controller
saturates at 100% owing to the large error, see Figure 12. It is difficult to draw definitive conclusions
in this regime, partly because it is further influenced by the residual sodium sulfite. In practical
applications, however, it is the steady state that is most relevant.

Table 4. Summary of required repetitions and statistical indicators for each controller (95% confidence interval).

Controller Npin @s(mg/L)  SEn hN Rel. Error (%) ICgse, Rel. (%)
On-Off 8 0.2565 0.0482 0.1140 4.28 4.28 +1.90
PID 3 0.0560 0.0072  0.0310 0.93 0.93 £0.52

3.3. Numerical Evaluation of the Required Number of Repetitions

The confidence interval based criterion was applied to the On-Off and PID controllers in order
to determine the number of repetitions required for each case to obtain a reliable estimate of the
steady-state mean error. The analysis follows the procedure described in Section 2.4. The required
number of independent experimental repetitions was determined using a two-sided 95% confidence
interval.

For each controller, the minimum N (number of Test) was selected such that the confidence
interval semi-width hy = ty975 ny—1 SEN satisfies the practical accuracy criterion hy < 0.02DOy,
where DO; = 6 mg/L is the reference value. This condition ensures that the estimation uncertainty
remains within +2% of the reference.
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For the On-Off controller, the minimum number of repetitions satisfying this requirement was
N = 8, whereas for the PID controller only N = 3 repetitions were required. Table 4 summarizes the
corresponding steady-state error mean &, the standard error SEy;, the confidence semi-width /iy, and
the relative error with respect to the reference.

It can be observed that, under the selected tuning and experimental conditions, the PID controller
exhibits lower dispersion and therefore requires fewer repetitions to achieve the same statistical
confidence level. However, this comparison should be interpreted as referential. Each controller
may improve its performance and variability characteristics through further tuning adjustments.
Consequently, the purpose of this analysis is not to establish a strict superiority of one control strategy
over the other, but rather to illustrate a systematic and statistically grounded procedure for determining
the sufficient number of experimental repetitions in each case.

3.4. Limitations and Future Work

An interesting observation regarding DO regulation under On-Off control is that each oscillation
exhibits a downward slope proportional to the residual sodium sulfite, as illustrated by the yellow
dashed line in Figure 13 (left) following the initialization stage. Consequently, during the third
oscillation, the variation in DO level becomes nearly constant, indicating that the sodium sulfite has
been almost completely consumed. In other words, the disturbance generated in the aeration system
due to the residual sodium sulfite is temporary, lasting on average three cycles in the steady state under
On-Off control, although it is also expected to occur under PID control. Future work could focus on
developing a methodology that not only reduces DO to its minimum value but also eliminates residual
sodium sulfite prior to aeration control, thereby reducing the error variance observed in Figure 13

(middle and right).
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Figure 13. Long-term effect of aeration decrease: On-Off control (left), DO control with variance shadow applied
to On-Off (middle), and PID (right).

Furthermore, in this study, we assumed that the amount of air supplied by the diffusers is
proportional to the valve aperture. However, this relationship is not strictly linear in real applications.
According to the technical specifications of both the air compressor and the diffusers, the dependence
between these parameters is nearly linear across most operating ranges, but becomes nonlinear at the
extremes. As future work, we suggest modeling this nonlinear behavior at the boundaries, using some
data based modeling method [30,37,38]. Moreover, data acquisition was carried out at a sampling
frequency of 2Hz (Ts = 0.5 s), which corresponds to the maximum rate permitted by the sensor. This

rate can subsequently be reduced to lower the computational cost, where the minimum sampling rate
value must satisfy the Nyquist criterion.
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Finally, the results presented in this work encourage us to further complicate the problem by
introducing disturbances into the system, such as varying the pond temperature or including living
species in the tank. In addition, the aeration mechanism could be replaced with one that generates
significant mass movement [11], so that new and more advanced control strategies can be studied on
the platform proposed in this paper.

4. Conclusions

This paper presents a reproducible laboratory-scale benchmark for dissolved oxygen regulation
that reduces environmental and biological variability while preserving the essential dynamics of
aeration-based DO control. Using chemical deoxygenation to enforce comparable initial conditions,
the platform enables statistically grounded comparison of two control strategies across repeated trials.
The experiments show that On—Off control with hysteresis provides a simple and robust baseline
but produces larger steady-state variability, whereas discrete-time PID achieves tighter regulation
and smoother behavior under the same operating conditions. Beyond highlighting performance
differences, the proposed methodology makes it possible to determine how many repetitions are
needed to reach a targeted confidence level in estimated tracking metrics, supporting more reliable
controller evaluation prior to field deployment. Finally, the framework is positioned as a baseline for
future extensions, including protocols that remove residual sulfite effects prior to control activation,
inclusion of controlled disturbances such as temperature variation, and systematic testing of alternative
aeration mechanisms and advanced strategies such as adaptive and predictive control.
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