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Abstract

Effective water quality management is paramount for sustainable aquaculture, yet conventional methods often fall short in providing timely and
predictive insights. This paper details the development and analysis of a comprehensive suite of mathematical models designed to simulate key
water quality dynamics in aquaculture systems. These models encompass critical biogeochemical processes, including the nitrogen cycle
(ammonia, nitrite, nitrate, organic nitrogen), phosphorus cycle, Dissolved Oxygen (DO) balance, and Biochemical Oxygen Demand (BOD).
Simulation results derived from these models illustrate the temporal evolution of these critical parameters, demonstrating their capability to
capture complex interactions and provide a mechanistic understanding of the aquatic environment. This foundational modeling approach offers
a robust tool for quantitative analysis and prediction of system responses under various conditions. The core contribution of this work is the
articulation of these mathematical models, which serve as a crucial foundation for advanced, data-driven aquaculture management. To enhance
their practical utility, we propose a conceptual framework for integrating these models with Internet of Things (IoT) sensor networks. Real-time
data acquisition via 10T can be essential for model parameterization, continuous calibration, and validation against operational conditions.
Furthermore, this paper discusses how outputs from these validated mechanistic models can serve as robust inputs for Machine Learning (ML)
algorithms. This synergy enables the development of sophisticated predictive analytics for critical events, such as forecasting water quality
deterioration, and supports optimized, proactive management strategies. This research lays the theoretical and methodological groundwork for
developing more precise and resilient decision support systems in aquaculture. By emphasizing the synergistic potential of combining
foundational mathematical modeling with data science techniques like 10T and ML, this work aims to contribute to transforming aquaculture into
a more productive, sustainable, and environmentally responsible industry. Future efforts should focus on empirical validation and the practical
implementation of the proposed integrated framework.
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1. Introduction

Aguaculture has emerged as one of the fastest-growing sectors in global food production, driven by increasing demand
for fish protein and concerns over the sustainability of wild-capture fisheries [1], [2]. As natural resources become
more constrained, fish farming has the potential to fill the gap by providing a reliable source of high-quality protein
while reducing pressure on wild fish stocks [3]. Aquaculture is increasingly recognized as a cornerstone for global food
security and sustainable development, playing a key role in meeting the escalating demand for seafood and driving
green development initiatives [4], [5]. However, achieving efficient and sustainable aquaculture requires effective
management of several critical factors, including water quality, feeding practices, and disease prevention. Traditional
approaches, which rely heavily on manual observation and periodic sampling, are often inadequate to detect problems
early, leading to suboptimal growth, high mortality rates, and an increased risk of environmental pollution [6]. The
management of water quality is particularly critical as it directly influences the growth, health, and overall productivity
of cultured species. Even slight deviations in key water quality parameters, such as pH, DO, temperature, and salinity,
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can elevate stress levels in aquatic organisms, leading to reduced yields or catastrophic production failures [7], [8].
Furthermore, poor water quality is frequently linked to large-scale mortality events, underscoring the importance of
continuous environmental monitoring and control in aquaculture operations [9].

Water quality management in aquaculture is a multifaceted process that involves sophisticated manipulation and
management of the aquatic ecosystem, benefiting from both traditional techniques and advanced technologies. The
integration of deep learning models for water quality prediction and anomaly detection offers new opportunities for
proactive management, helping to identify early signs of environmental deterioration [10]. Additionally, fuzzy
comprehensive evaluation methods are increasingly used to provide a robust framework for monitoring the dynamic
characteristics of aquaculture water systems [11]. These technological innovations are crucial for understanding the
spatial and temporal variations in water quality that can occur within aquaculture settings [5].

From an operational standpoint, aquaculture practitioners are incorporating innovative strategies to sustain optimum
water quality. The adoption of closed-loop water recirculation systems, for instance, minimizes the exchange of water
with external sources, thereby reducing the influx of pollutants while preserving vital nutrient cycles [12]. Furthermore,
microalgae have been employed not only to enhance nutrient cycling but also to support the early life stages of aquatic
organisms, contributing to a balanced aquatic environment [13]. Technological advancements, such as water quality
detection robots and deep transfer learning for water quality image classification, further illustrate the move toward a
data-driven, precise management approach in the industry [8], [14].

Recent advancements in the 10T and ML have opened new possibilities for addressing these challenges [6]. While IoT-
based sensor networks can enable continuous, real-time monitoring [15] and ML algorithms can predict critical events
[16], a deeper, quantitative understanding of the underlying water quality dynamics is often necessary to fully harness
the potential of these technologies. Relying solely on empirical data-driven approaches (ML alone) without a
mechanistic understanding can limit interpretability and robustness, while traditional monitoring often lacks predictive
power. Furthermore, the successful implementation of advanced technological solutions is still hampered by challenges
such as sensor calibration, data heterogeneity [17], [18], computational constraints [19], and the technical expertise
required by farm operators [20].

To address these gaps, this paper aims to develop a foundational understanding of aquaculture water quality through a
clear methodological approach. The novelty of this work lies in shifting the focus from a purely technological solution
to the development of a comprehensive suite of mathematical models that describe the key biogeochemical processes
in aquaculture systems. Our key contributions are therefore: (a) detailing the methodology for developing these models;
(b) presenting the resulting mathematical descriptions and analyzing their behavior through simulation; and (c)
proposing a conceptual framework for how these validated models can be integrated with 10T sensor data and leveraged
for ML-based predictive analytics. By focusing on the models first, we provide a clear pathway for developing more
robust and interpretable data science solutions for aquaculture management, ensuring claims are built upon a solid
theoretical foundation.

2. Literature Review

2.1. loT-Based Aquaculture Monitoring Systems

The adoption of loT-based monitoring systems has rapidly transformed the aquaculture industry, offering real-time,
continuous, and remote surveillance of essential water quality parameters that are critical for maintaining optimal
aquatic environments. These systems integrate diverse sensor networks that monitor key indicators such as temperature,
pH, DO, turbidity, ammonia, and salinity—parameters crucial for healthy fish growth and production efficiency [15],
[21]. Early research in this domain focused on deploying Wireless Sensor Networks (WSNs) that capture physical and
chemical parameters across fishponds or cages, typically using low-power sensors capable of continuous data
transmission to a centralized gateway. This technology has been shown to enhance the detection of water quality
deviations, allowing for timely alerts to farm operators and reducing the reliance on labor-intensive manual sampling
[22]. The real-time data collection capability minimizes human error, reduces operational costs, and facilitates the early
detection of deviations from optimal conditions, ensuring better management of aquaculture systems [23].
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One of the primary advantages of integrating loT technology into aquaculture is the enhancement of data analysis
through cloud-based platforms and machine learning algorithms. Recent advancements have demonstrated the ability
of 10T systems to transmit sensor data to centralized databases where advanced analytics enable trend analysis, anomaly
detection, and predictive insights. These predictive models assist aquaculture managers in implementing proactive
interventions before minor issues escalate into significant problems, thus ensuring higher operational efficiency [24].
Furthermore, deep reinforcement learning and data fusion techniques have further refined these predictions, ensuring
that control measures are timely and well-calibrated to the dynamic nature of aquaculture environments [24]. This
capability is particularly valuable for handling the complexities of aquaculture systems, where environmental
conditions can fluctuate rapidly and require immediate adjustments.

The loT-driven approach also supports cost-effectiveness and scalability, factors that drive the widespread adoption of
loT-based monitoring systems, especially among small- and medium-scale operations. Xu et al highlighted the
development of portable, multifunctional monitoring devices that provide robust water quality surveillance at a fraction
of the cost of traditional high-end sensor arrays [25]. This lower capital investment increases the accessibility of 10T
technologies to a broader segment of aquaculture farmers, enabling them to monitor water quality with greater precision
without incurring prohibitive costs. Additionally, these systems are often designed with energy-saving practices,
including energy harvesting techniques such as solar and wave energy, which power remote sensor stations with
minimal human intervention. This reduces on-site maintenance needs and optimizes resource allocation [26].

Recent work has also advanced 10T deployments by incorporating more robust communication protocols, such as
LoRaWAN and 5G, to achieve higher scalability and reliability, especially in harsh marine or brackish environments
[26]. These technologies enhance the robustness of the monitoring systems by improving data transmission capabilities,
which is particularly beneficial in large-scale or remote aquaculture systems. Despite these advancements, challenges
remain in ensuring stable sensor calibration, safeguarding against biofouling, and integrating heterogeneous data
formats from various sensor types [27]. Addressing these issues is crucial for ensuring the seamless and accurate
collection of aquaculture data, which is fundamental for effective decision-making and the successful implementation
of loT-based systems.

2.2. Machine Learning Approaches in Aquaculture

ML has become an integral part of aquaculture, providing innovative methods for efficient decision-making and
predictive analytics in an industry characterized by complex biological and environmental interactions. As the need for
optimized resource management and sustainable practices grows, ML models are increasingly being applied across
various domains within aquaculture, such as water quality prediction, stock management, disease prevention, and
optimization of feeding strategies. Recent studies emphasize the significance of ML in transforming traditional
aquaculture methods, enabling better management of resources and improving the efficiency and sustainability of
operations.

One of the primary applications of ML in aquaculture is the prediction of water quality parameters, which are critical
for maintaining optimal fish health and maximizing production efficiency. For example, studies have shown that ML
models like the random forest algorithm can achieve up to 90% accuracy in predicting abiotic stress in recirculated
aquaculture systems, such as identifying ammonia as a key stressor for tilapia [4]. This high level of prediction accuracy
helps prevent production losses and contributes to the sustainability of aquaculture systems. Similarly, hybrid ML
models that integrate multiple algorithms have been developed to predict dissolved oxygen levels, which effectively
characterizes multivariate water quality factors and addresses the challenges posed by small sample sizes and high-
dimensional data.

In addition to water quality management, ML has been widely applied to growth prediction and resource optimization.
By combining water quality data with high-performance computing, [28] proposed guidelines that help reduce the
mortality rate of red tilapia fingerlings in recirculating aquaculture systems. Chen et al utilized ML techniques to predict
shrimp growth, enabling the implementation of intelligent feeding strategies that optimize feed use, reduce waste, and
improve overall production efficiency [29]. Cordier et al demonstrated how ML techniques can infer biotic indices
from eDNA data, providing an innovative method for ecological monitoring [30]. This approach not only enhances the
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understanding of marine environments but also complements conventional monitoring methods, offering a more
holistic view of ecosystem health in aquaculture settings.

Parallel to advancements in ML, loT-based monitoring systems have become transformative tools in modern
aquaculture, enabling continuous and remote surveillance of water quality parameters critical to maintaining optimal
aquatic environments. These systems integrate sensor networks that monitor key indicators such as temperature, pH,
dissolved oxygen, turbidity, and salinity, which are essential for healthy fish growth [15]. The real-time data collection
capability of 10T systems minimizes the need for labor-intensive manual sampling, reduces operational costs, and
reduces human error while facilitating the early detection of deviations from optimal conditions [23]. This integration
of loT with ML allows for enhanced predictive capabilities, ensuring proactive management of aquaculture
environments before minor issues escalate into significant problems.

Recent innovations have also extended the functionality of these systems beyond data acquisition. Al elements, such
as chatbots and natural language processing, have been integrated into 10T systems to translate raw data into actionable
insights and user-friendly advisories [31]. These intelligent interfaces not only improve the interpretability of complex
data but also support decision-making processes by providing timely recommendations for water quality adjustments.
The integration of such Al tools bridges the gap between complex data analysis and practical aquaculture management,
making it easier for farmers to implement sustainable practices [21].

2.3. Integrated loT-ML Frameworks in Aquaculture Water Quality Management

Integrated loT- M frameworks have emerged as a significant advancement in aquaculture water quality management
by combining real-time sensing capabilities with advanced data analytics to optimize operational efficiency and
environmental sustainability. These frameworks leverage the strengths of 10T infrastructures, such as sensor nodes,
data acquisition devices, and communication protocols, along with ML algorithms that provide predictive analytics
and decision support. This combination is essential for addressing the complex and dynamic nature of water quality
parameters in aquaculture systems, which require continuous monitoring and timely interventions.

The IoT component in these frameworks involves deploying various sensors—such as turbidity, temperature, pH, and
dissolved oxygen—connected to low-power microcontrollers, like the ESP32 launchpad, which continuously monitor
key water quality indicators. These sensors transmit real-time data to centralized platforms for processing and analysis.
Real-time data collection is crucial for detecting deviations from optimal conditions, such as variations in water
temperature or oxygen levels, and for facilitating rapid responses to ensure the health and productivity of aquatic
organisms [21]. This data is typically sent to cloud-based analytics platforms that store, process, and visualize the data,
providing aquaculture practitioners with remote, real-time access to critical information [23].

On the machine learning side, integrated frameworks utilize sophisticated algorithms to analyze the high-dimensional
data collected by 10T sensors. This process allows for predictive analytics that can forecast water quality trends based
on historical and real-time data. For example, ensemble learning models, as proposed by [17], combine multiple
algorithms to enhance the accuracy of water quality predictions, helping optimize resource management strategies,
such as automatic feeding and water recycling. Similarly, [32] emphasize a modular approach that divides the system
into distinct components—sensing, coordination, data processing, and decision-making—enabling the integration of
predictive models that forecast changes in water quality and recommend proactive measures to prevent adverse
conditions.

The integration of 10T sensing with machine learning analysis also enables more proactive quality management.
Advanced ML models process continuous sensor data streams to detect patterns and predict impending degradation of
water quality. By forecasting these issues before they become significant, aquaculture managers can implement
mitigation measures to prevent detrimental effects, such as fish stress or disease outbreaks [32]. Moreover, the
combination of loT and intelligent systems has led to the incorporation of user-friendly interfaces, such as chatbots
utilizing natural language processing [31], that translate complex data into actionable insights. These interfaces
improve decision-making by providing tailored recommendations based on real-time water quality data, making it
easier for farm managers to respond effectively and efficiently to changing conditions.
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2.4. Research Gaps and Opportunities

Although there has been substantial progress in leveraging the loT and ML for aquaculture, key gaps remain in
effectively deploying these systems robustly and at commercial scales. Many existing studies rely on small-scale pilot
projects with controlled conditions, which raises questions about the generalizability of their results to larger, more
diverse farm environments [1], [2]. Challenges also persist concerning robust sensor technologies and data fusion
strategies capable of handling issues like sensor drift and environmental noise effectively [17].

Furthermore, while advanced ML techniques (e.g., deep learning, reinforcement learning) show promise, the
interpretability of these models and their seamless integration into routine farming operations remain significant areas
for further exploration [18]. The lack of standardized protocols for data collection, storage, and sharing also hampers
cross-study comparison and collaborative innovation; establishing common frameworks or ontologies is crucial for
broader benchmarking [19]. Finally, the technical expertise and resources required to implement and maintain complex
loT-ML pipelines often exceed what is available to many fish farmers, highlighting a need for more accessible, low-
cost, and turnkey solutions complemented by targeted training programs [20].

Crucially, underpinning many of these challenges is the need for foundational mechanistic models that can enhance
the accuracy, reliability, and interpretability of modern loT and ML applications. In contrast to purely empirical or
'black-box' ML models, which excel at identifying correlations but often lack explanatory power, the mechanistic-first
approach detailed in this paper provides a causal understanding of system behavior based on biogeochemical principles.
This is a critical distinction; while a 'black-box' model might predict an impending drop in dissolved oxygen, a
mechanistic model can explain why—Iinking it to specific processes like nitrification or BOD decay shown in its
equations. Such interpretability is essential for operational trust and effective decision-making. Therefore, this paper
aims to fill this specific gap by detailing a methodology for developing foundational mathematical models and
presenting a framework for their integration with data-driven technologies. By doing so, we provide a robust,
scientifically-grounded basis for designing more targeted loT sensor strategies and for building more reliable and
transparent Al systems for aquaculture management.

3. Methodology

This section outlines the comprehensive research methodology adopted to develop, formulate, and analyze the
mathematical models governing the dynamics of water quality in aquaculture systems, as shown in figure 1. The goal
is to achieve a mechanistic understanding of the biogeochemical processes involved, with an emphasis on building a
robust foundation for future integration with real-time data acquisition and predictive analytics tools. The methodology
described herein is aimed at providing aquaculture practitioners with a practical and scientific framework to optimize
water quality management, feeding strategies, and overall system sustainability.

Process Identification > Model Formqlatlon & Parameter Determination
Adaptation

v

Numerical Simulation & | Conceptual Framework
Analysis Development

Figure 1. Research Method Flowchart

3.1. Methodological Approach to Modeling

The methodological foundation of this research is built upon the development of deterministic mathematical models,
primarily grounded in mass balance principles. These models describe the rate of change of key water quality
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constituents within a defined control volume that represents the aquaculture system—such as ponds, tanks, or cages.
For many of the processes, the system is conceptualized as a Completely Stirred Tank Reactor (CSTR), or, where
appropriate, as a plug-flow system, to reflect the movement and mixing of water through the environment. The core of
these models consists of a set of coupled Ordinary Differential Equations (ODEs), each representing the contribution
of various physical, chemical, and biological processes that affect a given water quality parameter. The objective is to
capture the major processes influencing water quality while balancing the complexity of the models with parameter
identifiability and computational feasibility. This balance ensures that the models remain tractable, allowing for
efficient computation and meaningful results.

3.2. Model Selection and Formulation Strategy

The selection and formulation of individual model components for the critical water quality parameters—such as the
nitrogen cycle (ammonia, nitrite, nitrate, organic nitrogen), phosphorus cycle (organic and dissolved inorganic
phosphorus), DO, BOD, and coliforms—uwere guided by multiple principles. An extensive literature review on aquatic
ecosystem models and aquaculture-specific water quality research provided a foundation for understanding established
kinetic formulations and stoichiometric relationships.

Key biogeochemical processes that affect water quality in aquaculture systems, such as ammonia excretion by fish,
mineralization of organic nitrogen, nitrification, uptake by phytoplankton, and volatilization, were identified for each
water quality parameter. When possible, existing model structures from general aquatic science were adapted to the
specific context of aquaculture, tailoring them to reflect inputs such as feed addition, waste production, and water
exchange. Simplifications were made to avoid over-parameterization, especially where certain processes were less
significant or data for precise parameterization was lacking. For instance, while temperature plays a significant role in
reaction rates, its dynamic modeling was considered a refinement for future work, with the current models using
temperature-dependent adjustment factors based on average operational conditions.

The models were designed with a modular structure, allowing for easy refinement or replacement of individual
components, such as the nitrification sub-model, as more data or insights become available. This modularity ensures
the long-term adaptability of the models as more detailed information is gathered. The system was primarily
conceptualized for semi-intensive and intensive aquaculture systems, where nutrient inputs and transformations are
substantial. By incorporating terms related to water inflow (Q) and system volume (V), the models can be adapted to
systems with varying hydraulic residence times.

3.3. Parameter Determination and Estimation Approach

The mathematical models developed in this research rely on a range of parameters, including reaction rate constants
(e.g., 1 for ammonia oxidation, K1 for BOD deoxygenation), stoichiometric coefficients (e.g., al for nitrogen content
in algae), settling or loss rates (e.g., 04 for organic nitrogen precipitation), and reaeration coefficients (K2). Initial
estimates of these parameters were derived from peer-reviewed scientific literature focused on aquaculture water
guality, limnology, and wastewater treatment processes. These values were selected to reflect typical environmental
conditions within aquaculture systems.

Stoichiometric consistency was maintained by using established chemical and biological principles for parameters such
as the oxygen consumed per unit of ammonia oxidized. However, the models acknowledge that while these literature-
derived values provide a starting point, site-specific calibration is crucial for achieving optimal performance in real-
world aquaculture settings. Future work will involve acquiring time-series data on water quality parameters from target
aquaculture systems, ideally via loT-based sensor networks for continuous data collection. Calibration will be
performed using numerical optimization techniques, including least-squares fitting, genetic algorithms, and Bayesian
methods such as Markov Chain Monte Carlo (MCMC), to minimize discrepancies between model predictions and
observed data.

Parameter estimation and model refinement will be an iterative process, with adjustments to the model structure or
assumptions as needed, based on the calibration results. The current study, however, focuses on developing the
foundational models and does not involve extensive site-specific calibration. The simulations presented in this paper
use representative parameter values from existing literature, illustrating the model's general behavior.
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3.4. Model Analysis and Simulation Setup

The system of coupled ODESs was analyzed through numerical simulations to understand the dynamic behavior of water
quality parameters over time. These simulations were performed using Python (version 3.12) and its scientific
computing libraries, specifically leveraging the solve_ivp function from the SciPy library for the numerical integration
of the ODEs and Matplotlib for generating insightful graphics that demonstrate the temporal evolution of key metrics.
The simulations presented in this paper were set up with representative initial conditions and literature-derived
parameter to reflect the starting state of a typical aquaculture system, such as post-stocking or after a perturbation. The
simulations were run for a defined period (e.g., 50-100 days) to observe both transient dynamics and the approach to
dynamic equilibrium. Acknowledging the importance of parameter uncertainty, our methodological framework also
includes sensitivity analysis as a critical future step. This analysis would involve systematically varying influential
parameters (e.g., ammonia oxidation rates, nutrient loading rates, hydraulic exchange) to explore their impact on critical
model outputs like peak ammonia concentrations and minimum DO levels. Such analysis is crucial for identifying the
most influential parameters that require careful site-specific calibration and for informing effective management
strategies.

4. Results and Discussion

4.1. Water Quality Model Formulations
The following subsections describe the ODEs that form the basis of the water quality model.

4.1.1. Nitrogen Cycle

The nitrogen cycle model is a key component of the overall water quality model, describing the transformations
between different forms of nitrogen: organic nitrogen, ammonia (N1), nitrite (N2), and nitrate (N3). These nitrogen
forms play a central role in the aquaculture ecosystem, influencing both water quality and biological processes.
Ammonia (N1) is one of the most important pollutants in aquaculture due to its toxicity at high concentrations.
Therefore, understanding its transformation and removal is essential for maintaining a healthy aquatic environment.

The rate of change of ammonia nitrogen (N1) in the system is influenced by several processes. First, ammonia can be
introduced into the system through the excretion of nitrogen by cultured organisms, such as fish and shrimp, and
through the mineralization of organic nitrogen from waste products. Second, ammonia undergoes nitrification, where
it is converted into nitrite (N2) by Ammonia-Oxidizing Bacteria (AOB), a key step in the nitrogen cycle. Third,
ammonia is taken up by algae, which use it as a nitrogen source for their growth. Lastly, the model incorporates
advection, which accounts for the transport of ammonia due to water flow through the system. This process can either
introduce or remove ammonia from the system, depending on the water flow conditions. These processes together
govern the dynamics of ammonia nitrogen within the aquaculture system, highlighting the importance of both
biological and physical factors in managing water quality. The rate of change for ammonia nitrogen (N1) is described
by the following ordinary differential equation (ODE):

dN; 03

W=E3IN4_'81.N1+d

A: algae biomass concentration (mg-A/L); d: average flow depth (m); N: initial ammonia nitrogen concentration (mg-
N/L); N;: ammonia nitrogen concentration (mg-N/L); N,: organic nitrogen concentration (mg-N/L); F;: nitrogen
fraction rate of algae from an ammonia nitrogen pond; 3, : biological oxidation rate constant from NH3 to NO2 (1/day);
B hydrolysis rate constant from organic nitrogen to ammonia nitrogen (1/day); a; : nitrogen found in the algae biomass
fraction (mg-N/mg-A); o5: benthic source rate for ammonia nitrogen (mg-N/m2-day); u: local specific growth rate of
algae (1/day); V: volume of water in each CSTR section (m3); Q: flow rate (m3/sec); Py: ammonia nitrogen selection
factors. The fraction F1, representing the proportion of ammonia nitrogen taken up by algae, is expressed as:

_ Py - Np
~ Py-Np+ (1-Py)N,

Fl-al-,u-A+(N1°—N1)§ )

Fy

)
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Here, PN is the ammonia nitrogen selection factor for algae, which adjusts the uptake rate based on the available
nitrogen in the system. Next, the transformations of Nitrite (N2) and Nitrate (N3) are modeled by the following
equations:

For nitrite nitrogen (N2):

dN.
d_::ﬁ1'N1—ﬁz'N2+(N20—N2)§ 3)

N2: initial concentration of nitrite nitrogen (mg-N/L); N,: nitrite nitrogen concentration (mg-N/L); S,: biological
oxidation rate constant from NO2 to NO3 (1/day).

For nitrate nitrogen (N3):

dN.
d—t3=,82-N2—(1—F1)a1-u-A+(N3?—N3)§ (4)

N2: initial concentration of nitrate nitrogen (mg-N/L); N5: nitrate nitrogen concentration (mg-N/L)

Lastly, organic nitrogen (N4) is modeled by:

dN, 0
d_::051'/0'14—[))3'N4—04'N4+(N49_N4)V 5)

Nitrite nitrogen: (82)inhibition = CorpO * (B2)input

p: local respiration rate of algae (1/day); o,: precipitation rate of organic nitrogen (1/day); N, initial concentration of
organic nitrogen (mg-N/L); N,: organic nitrogen concentration (mg-N/L)

4.1.2. Phosphorus Cycle

The phosphorus cycle in aquaculture systems is similarly modeled to the nitrogen cycle, involving both organic
phosphorus (P1) and dissolved inorganic phosphorus (P2). Phosphorus plays a vital role in the growth of algae and
other aquatic organisms, directly influencing the overall productivity of the system. The organic form of phosphorus
is generated when algae die, and it is subsequently converted to dissolved inorganic phosphorus, which becomes
available for primary production by algae. Additionally, phosphorus discharged from external sources, such as
factories, is typically in the form of dissolved inorganic phosphorus, which is immediately absorbed by algae. This
cycle is crucial in maintaining nutrient balance within aquaculture systems, as the availability of phosphorus directly
affects algae growth, which in turn impacts the productivity of the entire system. The model depicting the changes in
phosphorus concentrations accounts for both biological processes and external inputs, ensuring a dynamic
representation of phosphorus dynamics in aquaculture environments. For organic phosphorus (P1), the equation is:
dP,

Q
E=a’z'P'A—ﬁ4'P1—as'P1+(P10—P1)V (6)

a,: phosphorus found in the algae biomass fraction (mg-P/mg-A); az: O2 production rate per unit of NH3 oxidation
(mg-O/mg-N); P, : local concentration of organic phosphorus (mg-P/L); PY: local organic concentration of phosphorus
(mg-P/L); B.: the rate constant for converting organic phosphorus to dissolved phosphorus (1/day). For dissolved
phosphorus (P2), the rate of change is given by:

dp, 0y

E=.34'P1+_

P az'#'A+(P20—P2)§ ()

4.1.3. DO for Predictive Analysis

The concentration of DO in the system is influenced by multiple processes, including reaeration from the atmosphere,
photosynthesis by algae, oxygen consumption during BOD decay, nitrification, respiration, and benthic oxygen
demand. The oxygen balance within the system is determined by the ability of the water to exchange oxygen with the
atmosphere through reaeration, which is governed by both advection and diffusion processes. In addition to
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atmospheric reaeration, the oxygen produced by photosynthesis and the oxygen contained in the inlet water stream are
the primary sources of oxygen. However, the system also experiences oxygen loss due to several factors, such as the
biochemical oxidation of organic carbon and nitrogen, benthic oxygen demand, and the oxygen consumed by algae
respiration. These processes collectively determine the rate of change of dissolved oxygen, with the overall balance
between oxygen inputs and losses influencing the health and productivity of the aquaculture system. The oxygen rate
of change model is shown below, with each term representing a primary source of oxygen or a loss of oxygen.

do ) K4 0 Q
—=K0"-0)+(az-u—ay-p)A—K\L———as-py Ny —ag "N, + (0 _O)V (8)

dt d
a5: 02 production per unit algae growth (mg-O/mg-A); a,: O2 rate per unit from algae respiration (mg-O/mg-A); as:
02 production rate per unit of NH3 oxidation (mg-O/mg-N); a.: O2 production rate per unit of NO2 oxidation (mg-
0O/mg-N); B;: rate constant for biological oxidation from NH3 to NO2 (1/day); S,: biological oxidation rate constant
from NO2 to NO3 (1/day); K,: deoxygenation rate constant (1/day); K,: reaeration rate constant (1/day); K,: benthic
oxygen uptake (mg-O/m2-day); L: main concentration of carbon BOD (mg/L); O0*: saturated concentration of DO at
local temperature and pressure (mg/L); 0: DO concentration (mg/L); 0°: DO initial concentration (mg/L)

4.1.4. BOD Model Implementation

The amount of oxygen required by microorganisms to break down organic substances is known as BOD, which is a
key process influencing oxygen levels in aquaculture systems. BOD is proportional to the concentration of decomposed
organic carbon and is denoted by the letter L. The BOD model represents the decay of carbonaceous organic matter,
with microorganisms consuming oxygen to decompose organic material. The rate of change of BOD is determined by
the decomposition process, which varies depending on the rate of decomposition and the rate of precipitation following
the breakdown of organic substances. As organic matter decomposes, BOD decreases due to the settling of particles,
which further influences the oxygen demand within the system. This dynamic process plays a significant role in
regulating the oxygen balance in aquaculture environments, highlighting the importance of managing organic waste to
maintain healthy water quality.

dL Q
Sk K. 0 _ )L 9
=K LK L+ (10— L) ©)
Or
K,t
L(t) = L% — % (10)

K;: deoxygenation rate constant (1/day); K5: decrease speed due to deposition (1/day); L: main concentration of carbon
BOD (mg/L); L°: main initial concentration of carbon BOD (mg/L)

4.1.5. Coliforms as Indocators
The coliform model (E) tracks the concentration of indicator bacteria, which are important for assessing water quality
and potential health risks. The equation for coliform concentration is:

dE _ o Q
- = K E+(E°—E)5 (11)

Ks: coliform death rate (1/day); E: coliform concentration (MPN); E°: initial concentration of coliform (MPN)

4.1.6. Variable Non-Conservative Substances

This general model (R) can represent other substances in the system that are subject to decay, settling, and benthic
sources. The rate of change of these substances is given by:
dR

07 Q
—=—-K R—0,"R+—(R°-—R)= 12
dt 6 6 d( )V (12)
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K4 non-conservative loss coefficient variable (1/day); o4: variable non-conservative deposition rate (1/day); o-:
benthal source rate for variable non-conservative deposition rates (mg-ANC/m2-day); R: variable concentrations of
non-conservative substances (mg/L); R?: variable initial concentration of a non-conservative substance (mg/L)

4.2. Simulation Results

Numerical simulations of the coupled ODE system were to observe the dynamic behavior of key water quality
parameters over time. Figure 1 presents the simulated temporal evolution of nitrogen species (Ammonia N1, Nitrite
N2, Nitrate N3, Organic Nitrogen N4), BOD, and DO over a 50-day period. The simulations were run for 50 days using
initial conditions of key water quality parameters, specifically: ammonia nitrogen (N1) at 5 mg/L, nitrite nitrogen (N2)
at 0 mg/L, nitrate nitrogen (N3) at 0 mg/L, organic nitrogen (N4) at 5 mg/L, biochemical oxygen demand (BOD, L) at
5 mg/L, and dissolved oxygen (DO, O) at 5 mg/L. These values were derived from representative parameter values
found in the literature (refer to Table 1 for parameter definitions; specific values used in the simulations can typically
be found in an appendix or supplementary materials, if not directly listed in the main text). The simulation results, as
illustrated in figure 2, demonstrate several key dynamic interactions among these parameters.

5 -
4 -
j .
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e
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Figure 2. Simulated Temporal Evolution Of Key Water Quality Parameters In A Model Aquaculture System

Ammonia (N1), initially high at 5 mg/L, decreases sharply over the first 20-25 days as it undergoes nitrification and
potentially gets taken up by algae. By the end of the simulation, it stabilizes at approximately 0.5 mg/L. Nitrite (N2),
starting at zero, increases as it forms from ammonia oxidation. It peaks around day 25-30 at approximately 1.3 mg/L,
and then decreases as it is oxidized to nitrate (N3). Nitrate, starting from zero, steadily increases throughout the
simulation, particularly after nitrite levels begin to fall. Organic nitrogen (N4) initially at 5 mg/L, decreases gradually
over time as it is hydrolyzed into ammonia and settles out of the system.

Biochemical oxygen demand (BOD, L) begins at 5 mg/L and decreases steadily, indicating the consumption of
biodegradable organic matter by microorganisms. Dissolved oxygen (DO, O), initially at 5 mg/L, decreases at the
beginning of the simulation due to the oxygen demand from BOD decay and nitrification. The DO stabilizes around
3.9-4.0 mg/L by the end of the 50-day period.

These results highlight the model’s capacity to simulate the complex interactions of biogeochemical processes that
influence water quality in aquaculture systems. The trends observed—such as the sequential progression of nitrification
and the oxygen demand associated with organic matter decomposition—align with established ecological principles.
These findings are essential for understanding how the system responds over time, identifying periods of potential
water quality stress, and evaluating possible management interventions that could improve the system’s performance.
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4.3. Discussion

This study successfully developed and analyzed a comprehensive suite of mathematical models capable of simulating
key water quality dynamics in aquaculture systems. The methodology used involved a process-based approach
informed by existing literature to formulate a system of coupled ODEs that represent critical processes such as the
nitrogen and phosphorus cycles, dissolved oxygen balance, BOD, and coliform die-off. The simulation results,
particularly those illustrating the temporal changes in nitrogen species, BOD, and DO (figure 1), highlight the models’
ability to capture the complex interplay and sequential transformations that occur in these aquatic environments. For
example, the models clearly depict the nitrification pathway from ammonia (N1) through nitrite (N2) to nitrate (N3),
along with the associated oxygen demand, providing a quantitative understanding of these critical processes.

The novelty of this work lies not in the invention of entirely new kinetic expressions for individual processes—many
of which are well-established in aquatic sciences—»but in the comprehensive assembly, adaptation, and integrated
application of this suite of models specifically for managing aquaculture water quality. While prior studies have often
focused on individual components or employed more empirical approaches, this paper offers a detailed, mechanistic
framework. The contribution of this study is threefold: (1) it presents a coherent and relatively comprehensive set of
mathematical models tailored for aquaculture contexts; (2) it demonstrates their dynamic behavior through simulations,
providing valuable insights into system responses that can inform management practices; and (3) it outlines a clear
conceptual pathway for integrating these foundational models with modern data science tools, such as loT and ML, as
discussed in Section VII. This integrated approach bridges the gap between purely mechanistic modeling and purely
data-driven approaches, creating a more holistic perspective for aquaculture management.

The models developed here, while grounded in fundamental biogeochemical principles, possess inherent scalability
and generalizability. The mathematical structures governing processes such as the nitrogen cycle and dissolved oxygen
dynamics are broadly applicable across various aquaculture systems, including ponds, Recirculating Aquaculture
Systems (RAS), and potentially cage culture, with appropriate modifications. System-specific characteristics, such as
volume (V), flow rate (Q), and average depth (d), are explicitly included as parameters, allowing the models to be
adapted to different physical configurations. Furthermore, the kinetic parameters (e.g., Bi, Ki) used in the models are
based on representative values from literature but are designed to be calibrated using site-specific data. This adaptability
is crucial for the wider application of these models, as aquaculture practices and environmental conditions can vary
significantly from one system to another. Additionally, the proposed framework for IoT and ML integration is modular,
meaning that different sensor arrays or ML algorithms could be incorporated depending on the specific needs and
available resources at each site.

The practical implications of this work for the aquaculture industry are significant and wide-ranging. Accurate,
predictive models of water quality can provide several key benefits that enhance both operational efficiency and
environmental sustainability. First, these models enable early warnings of deteriorating water quality conditions, such
as impending low dissolved oxygen events or ammonia spikes, allowing farm operators to take corrective actions before
their stocks are stressed or lost. This proactive approach helps prevent potential disasters and ensures healthier aquatic
life. Moreover, a better understanding of nutrient cycling and oxygen dynamics can lead to optimized resource use. By
accurately predicting the nutrient needs of aquaculture systems, the models can help optimize feeding strategies,
reducing waste and nutrient discharge into the environment. Additionally, these models assist in optimizing aeration
efforts, helping save energy by ensuring that only the necessary amount of oxygen is supplied to the system. Another
critical benefit is the contribution to improved sustainability. By facilitating more efficient management of effluents
and reducing the risk of environmental pollution, these models can play a key role in making aquaculture operations
more environmentally friendly. Effective management of water quality ensures that the systems operate sustainably,
mitigating their impact on surrounding ecosystems. Furthermore, when integrated into user-friendly dashboards, as
envisioned in the proposed framework, these models can provide valuable decision support for farm personnel, even
those with limited expertise in water chemistry. This ease of use ensures that critical decisions can be made with
confidence, improving overall management practices across various aquaculture operations. Finally, the models can
serve as a virtual laboratory for research and development, allowing for the testing of hypotheses regarding system
responses to new feeds, stocking densities, or treatment technologies. This flexibility enables continuous innovation
and improvement in aquaculture practices, ultimately leading to more efficient and sustainable farming methods.
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However, despite these contributions, there are several limitations to the current study. First, while the methodology
provides a framework for parameter estimation, and the simulation results demonstrate the model’s capabilities, this
study did not include extensive empirical validation of the models against field data from diverse, real-world
aquaculture operations. Such validation is a critical next step to assess the models' predictive accuracy and robustness.
Second, the discussion of 10T and ML is primarily conceptual, and the practical implementation and testing of this
framework remain areas for future work. Third, the mathematical models presented in the results, while comprehensive,
inevitably involve simplifications, such as representing the influence of temperature on reaction rates with fixed
parameters rather than dynamic functions. This highlights that the model's performance has not been tested under
varying environmental and operational conditions. Therefore, future research should prioritize the empirical validation
and calibration of the presented models using high-frequency, multi-parameter data from various aquaculture systems,
such as those with different species, stocking densities, seasonal temperature changes, or operational scales (e.g., ponds
vs. recirculating aquaculture systems - RAS). Building on this, the development and testing of the proposed loT-ML
framework should be pursued, including identifying optimal sensor configurations and comparing the performance of
different ML algorithms. Additionally, incorporating more complex biological and chemical interactions into the
models, such as dynamic temperature and pH dependencies or detailed fish bioenergetics, would significantly enhance
their predictive power. Finally, research into the design of user interfaces for translating complex model outputs into
actionable insights for farm managers and exploring the use of these models for life cycle assessments represent other
valuable avenues for future investigation.

5. Conclusion

This paper has presented a comprehensive suite of mathematical models detailing key water quality dynamics in
aquaculture, including the nitrogen and phosphorus cycles, dissolved oxygen, and biochemical oxygen demand. The
development and analysis of these models, as shown in Section VI, offer a mechanistic understanding of the complex
biogeochemical processes that govern these aquatic environments. Simulations based on these models demonstrate
their capability to predict the temporal evolution of critical water quality parameters and illustrate the dynamic
interactions between them, providing a foundational tool for quantitative analysis.

The core contribution of this work is the articulation of these mathematical models, which serve as a crucial foundation
for the development of advanced, data-driven aquaculture management systems. While the challenges of sensor
reliability, data management, and user expertise in deploying sophisticated technologies remain pertinent, robust
mechanistic models can enhance the value and interpretability of data collected via 10T networks and improve the
performance of machine learning algorithms.

The proposed conceptual framework for integrating these models with real-time 10T sensor data and leveraging their
outputs for ML-driven predictive analytics underscores a promising pathway toward more proactive and efficient
aquaculture management. Future work should prioritize the empirical validation and site-specific calibration of these
models, followed by the practical implementation and testing of the integrated 1oT-ML framework. Ultimately, this
research underscores the significant potential of combining foundational mathematical modeling with data science
techniques to transform aquaculture into a more productive, sustainable, and resilient industry.

6. Declarations

6.1. Author Contributions

Conceptualization: M.I.S., S.E., P.S., and H.M.; Methodology: S.E.; Software: M.L.S.; Validation: M.L.S., S.E., and
H.M.; Formal Analysis: M.I.S., S.E., and H.M.; Investigation: M.1.S.; Resources: S.E.; Data Curation: S.E.; Writing
Original Draft Preparation: M.1.S., S.E., and H.M.; Writing Review and Editing: S.E., M.1.S., and H.M.; Visualization:
M.L.S.; All authors have read and agreed to the published version of the manuscript.

6.2. Data Availability Statement
The data presented in this study are available on request from the corresponding author.



Journal of Applied Data Sciences ISSN 2723-6471
Vol. 6, No. 3, September 2025, pp. 2221-2234 2233

6.3.

Funding

The authors received no financial support for the research, authorship, and/or publication of this article.

6.4.

Institutional Review Board Statement

Not applicable.

6.5.

Informed Consent Statement

Not applicable.

6.6.

Declaration of Competing Interest

The authors declare that they have no known competing financial interests or personal relationships that could have
appeared to influence the work reported in this paper.

References

(1]

(2]

(3]

[4]

[5]

(6]

[7]

(8l

[0l

[10]

[11]

[12]

[13]

[14]

T. Garlock, F. Asche, J. Anderson, T. Bjerndal, G. Kumar, K. Lorenzen, A. Ropicki, M. D. Smith, and R. Tveteras, “A Global
Blue Revolution: Aquaculture Growth Across Regions, Species, and Countries,” Rev. Fish. Sci. Aquac., vol. 28, no. 1, pp.
107-116, Jan. 2020, doi: 10.1080/23308249.2019.1678111.

U. Chandararathna, M. H. Iversen, K. Korsnes, M. Serensen, and 1. N. Vatsos, “Animal Welfare Issues in Capture-Based
Aquaculture,” Animals, vol. 11, no. 4, pp. 956-968, Mar. 2021, doi: 10.3390/ani11040956.

J. A. Gephart, L. Deutsch, F. Asche, B. Belton, E. M. Bennett, C. Brugere, L. Cao, B. Crona, P. Edwards, G. Gallego, D. C.
Little, H. Michelson, R. Newton, D. K. Nhan, M. A. Oyinlola, R. W. R. Parker, M. Troell, S. Tveterds, W. Zhang, and C. D.
Golden, “Globalization of wild capture and farmed aquatic foods,” Nat. Commun., vol. 15, no. 1, pp. 8026-8038, Sep. 2024,
doi: 10.1038/s41467-024-51965-8.

T. D. Palaoag Fiesta, “Improving Abiotic Stress Mitigation via Predictive Modeling of Water Quality Parameters in
Recirculated Aquaculture Systems,” Jes, vol. 2024, no. Jul., pp. 1-15, 2024, doi: 10.52783/jes.1515.

Y. Duan, Y. Cao, Q. Zhou, M. Zhang, and Y. Yuan, “Assessing Changes in China’s Pond Water Quality From 1989 to 2020:
Implications for Green Development in Aquaculture,” Rev. Aquac., vol. 2024, no. Jul., pp. 1-18, 2024, doi:
10.1111/raq.12997.

S. R. Gokulnath, K. Vasanthakumaran, A. T. Anusya, T. P. Nathaniel, S. K. Naveen, J. S. Akash, and S. A. lbrahim,
“Precision Aquaculture: Empowering Fish Farming with Al and IoT,” in Fisheries Biology, Aquaculture and Post-Harvest
Management, vol. 2, C. Sudhan, K. Ranjithkumar, and N. Karthik, Eds. New Delhi, India: NIPA, 2024, pp. 384-399. ISBN:
978-93-5887-234-7.

K. P. Rasheed Haq and V. P. Harigovindan, “Water Quality Prediction for Smart Aquaculture Using Hybrid Deep Learning
Models,” IEEE Access, vol. 10, no. 1, pp. 68739-68747, 2022, doi: 10.1109/ACCESS.2022.3180482.

H. Guo, X. Tao, and X. Li, “Water Quality Image Classification for Aquaculture Using Deep Transfer Learning,” Neural
Netw. World, vol. 33, no. 1, pp. 1-17, 2023, doi: 10.14311/nnw.2023.33.001.

A. Ssekyanzi, N. Nevejan, R. Kabbiri, J. Wesana, and G. Van Stappen, “Knowledge, Attitudes, and Practices of Fish Farmers
Regarding Water Quality and Its Management in the Rwenzori Region of Uganda,” Water, vol. 15, no. 1, pp. -142, 2022,
doi: 10.3390/w15010042.

A. Petkovski and V. Shehu, “Anomaly Detection on Univariate Sensing Time Series Data for Smart Aquaculture Using Deep
Learning,” SEEU Rev., vol. 18, no. 1, pp. 62—75, 2023, doi: 10.2478/seeur-2023-0030.

G. You, H. Luo, C. Chen, Y. Wu, and Z. Tan, “Evaluation of Aquaculture Water Quality Based on Improved Fuzzy
Comprehensive Evaluation Method,” Water, vol. 13, no. 8, pp. 1019-1031, 2021, doi: 10.3390/w13081019.

R. Hendarti, J. Linggarjati, J. Kurnia, F. Fadhilah, and H. Rabbani, “Green Urban Aquaculture: Key Environmental Impacts
and Conservation Strategies — A Case Study of Jakarta,” IOP Conf. Ser. Earth Environ. Sci., vol. 1441, no. 1, pp. 12-26,
2025, doi: 10.1088/1755-1315/1441/1/012006.

S. Vijayaram, E. Ringe, H. Ghafarifarsani, S. H. Hoseinifar, S. Ahani, and C. Chou, “Use of Algae in Aquaculture: A
Review,” Fishes, vol. 9, no. 2, pp. 63-82, 2024, doi: 10.3390/fishes9020063.

L. Huang, Z. Li, S. Li, L. Liu, and Y. Shi, “Design and Application of a Free and Lightweight Aquaculture Water Quality
Detection Robot,” J. Eur. Systémes Autom., vol. 53, no. 1, pp. 115-121, 2020, doi: 10.18280/jesa.530114.


https://doi.org/10.1080/23308249.2019.1678111
https://doi.org/10.1080/23308249.2019.1678111
https://doi.org/10.1080/23308249.2019.1678111
https://doi.org/10.3390/ani11040956
https://doi.org/10.3390/ani11040956
https://doi.org/10.1038/s41467-024-51965-8
https://doi.org/10.1038/s41467-024-51965-8
https://doi.org/10.1038/s41467-024-51965-8
https://doi.org/10.1038/s41467-024-51965-8
https://doi.org/10.52783/jes.1515
https://doi.org/10.52783/jes.1515
https://doi.org/10.1111/raq.12997
https://doi.org/10.1111/raq.12997
https://doi.org/10.1111/raq.12997
https://www.nipabooks.com/info/9789358872347/fisheries-biology-aquaculture-and-post-harvest-management-volume-02
https://www.nipabooks.com/info/9789358872347/fisheries-biology-aquaculture-and-post-harvest-management-volume-02
https://www.nipabooks.com/info/9789358872347/fisheries-biology-aquaculture-and-post-harvest-management-volume-02
https://www.nipabooks.com/info/9789358872347/fisheries-biology-aquaculture-and-post-harvest-management-volume-02
https://doi.org/10.1109/ACCESS.2022.3180482
https://doi.org/10.1109/ACCESS.2022.3180482
https://doi.org/10.14311/nnw.2023.33.001
https://doi.org/10.14311/nnw.2023.33.001
https://doi.org/10.3390/w15010042
https://doi.org/10.3390/w15010042
https://doi.org/10.3390/w15010042
https://doi.org/10.2478/seeur-2023-0030
https://doi.org/10.2478/seeur-2023-0030
https://doi.org/10.3390/w13081019
https://doi.org/10.3390/w13081019
https://doi.org/10.1088/1755-1315/1441/1/012006
https://doi.org/10.1088/1755-1315/1441/1/012006
https://doi.org/10.1088/1755-1315/1441/1/012006
https://doi.org/10.3390/fishes9020063
https://doi.org/10.3390/fishes9020063
https://doi.org/10.18280/jesa.530114
https://doi.org/10.18280/jesa.530114

Journal of Applied Data Sciences ISSN 2723-6471
Vol. 6, No. 3, September 2025, pp. 2221-2234 2234

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

M. Gleiser and S. Moro, “Implementation of an IoT-Based Water Quality Monitoring System for Aquaculture,” Int. J. Res.
Publ. Rev., vol. 4, no. 5, pp. 1449-1452, May 2023, doi: 10.55248/gengpi.234.5.38043.

M. A. Oztiirk, E. Unsal, and A. F. Yelkuvan, “Development of an Internet of Things-Based Ultra-Pure Water Quality
Monitoring System,” Sensors, vol. 25, no. 4, pp. 1186-1198, Feb. 2025, doi: 10.3390/s25041186.

F. Firdiani, S. Mandala, Adiwijaya, and A. H. Abdullah, “WaQuPs: A ROS-Integrated Ensemble Learning Model for Precise
Water Quality Prediction,” Appl. Sci., vol. 14, no. 1, pp. 262-281, Dec. 2023, doi: 10.3390/app14010262.

X. Yang, S. Zhang, J. Liu, Q. Gao, S. Dong, and C. Zhou, “Deep learning for smart fish farming: applications, opportunities
and challenges,” Rev. Aquac., vol. 13, no. 1, pp. 66-90, Jan. 2021, doi: 10.1111/raq.12464.

R. Z. Frantz, S. Sawicki, F. RoosFrantz, F. P. Basso, B. Zucoloto, and R. M. Pillat, “On the analysis of makespan and
performance of the taskbased execution model for enterprise application integration platforms: An empirical study,” Softw.
Pract. Exp., vol. 52, no. 7, pp. 1717-1735, Jul. 2022, doi: 10.1002/spe.3085.

S. Bojnec and I. Fert6, “Financial constraints and nonlinearity of farm size growth,” J. Adv. Manag. Res., vol. 21, no. 1, pp.
153-172, Jan. 2024, doi: 10.1108/JAMR-02-2023-0053.

D. R. Prapti, A. R. Mohamed Shariff, H. C. Man, N. M. Ramli, T. Perumal, and M. Shariff, “Internet of Things (IoT)-based
Aquaculture: An Overview of [oT Application on Water Quality Monitoring,” Rev. Aquac., vol. 13, no. 2, pp. 1216-1230,
2021, doi: 10.1111/raq.12637.

D. Kandris, C. Nakas, D. Vomvas, and G. Koulouras, “Applications of Wireless Sensor Networks: An Up-to-Date Survey,”
Appl. Syst. Innov., vol. 3, no. 1, pp. 1-14, Feb. 2020, doi: 10.3390/asi3010014.

N. Stojanovi¢ and S. Chaudhary, “Real-Time Water Quality Monitoring in Aquaculture Using loT Sensors and Cloud-Based
Analytics,” RICSE, vol. 2023, no. Jan., pp. 1-10, 2023, doi: 10.52710/rjcse.86.

W. Sung, I. G. Tofik Isa, and S. Hsiao, “Designing Aquaculture Monitoring System Based on Data Fusion Through Deep
Reinforcement Learning (DRL),” Electronics, vol. 12, no. 9, pp. 2032-2043, 2023, doi: 10.3390/electronics12092032.

Y. P. Xu, J. Jin, S. Zeng, Y. Zhang, and Q. Xiao, “Development and Evaluation of an IoT-Based Portable Water Quality
Monitoring System for Aquaculture,” INMATEH Agric. Eng., vol. 70, no. 1, pp. 279-286, 2023, doi: 10.35633/inmateh-70-
35.

M. S. M. Rafi, M. Behjati, and A. S. Rafsanjan, “Reliable and Cost-Efficient 10T Connectivity for Smart Agriculture: A
Comparative Study of LPWAN, 5G, and Hybrid Connectivity Models,” Conf. Proc., vol. 2025, no. Jul., pp. 1-12, 2025.

C. Zhang, B. Yang, H. Zou, Y. Liu, Z. Zhao, and Z. L. Wang, “A Rotating Triboelectric Nanogenerator Driven by
Bidirectional Swing for Water Wave Energy Harvesting,” Small, vol. 19, no. 52, pp. 23-44, Dec. 2023, doi:
10.1002/smll1.202304412.

P. A. Syahbana Matondang, W. Taparhudee, R. Yoonpundh, and R. Jongjaraunsuk, “Water Quality Management Guidelines
to Reduce Mortality Rate of Red Tilapia (Oreochromis Niloticus X Oreochromis Mossambicus) Fingerlings Raised in
Outdoor Earthen Ponds With a Recirculating Aquaculture System Using Machine Learning Techniques,” ASEAN J. Sci.
Technol. Dev., vol. 25, no. 4, pp. 364-374, 2022, doi: 10.55164/ajstr.v25i4.247049.

F.Chen, Z. Ye, X. Zhou, C. Wei, Y. Xie, and D. Zhang, “Intelligent Feeding Technique Based on Predicting Shrimp Growth
in Recirculating Aquaculture System,” Aquac. Res., vol. 53, no. 12, pp. 4133-4144, 2022, doi: 10.1111/are.15938.

T. Cordier, C. Forster, N. Dufresne, A. Martins, P. Stoeckle, A. Valentini, N. Dejean, and P. Taberlet, “Predicting the
Ecological Quality Status of Marine Environments From eDNA Metabarcoding Data Using Supervised Machine Learning,”
Environ. Sci. Technol., vol. 51, no. 16, pp. 9118-9126, 2017, doi: 10.1021/acs.est.7b01518.

M. U. Harun Rasyid, S. Sukaridhoto, M. 1. Dzulgornain, and A. Rifa’i, “Integration of IoT and Chatbot for Aquaculture With
Natural Language Processing,” TELKOMNIKA Telecommun. Comput. Electron. Control, vol. 18, no. 2, pp. 570-577, 2020,
doi: 10.12928/telkomnika.v18i2.14788.

M. A. Rahu, A. F. Chandio, K. Aurangzeb, S. Karim, M. Alhussein, and M. S. Anwar, “Toward Design of Internet of Things
and Machine Learning-Enabled Frameworks for Analysis and Prediction of Water Quality,” IEEE Access, vol. 11, no. 1, pp.
106286-106298, 2023, doi: 10.1109/ACCESS.2023.3315649.


https://doi.org/10.55248/gengpi.234.5.38043
https://doi.org/10.55248/gengpi.234.5.38043
https://doi.org/10.3390/s25041186
https://doi.org/10.3390/s25041186
https://doi.org/10.3390/app14010262
https://doi.org/10.3390/app14010262
https://doi.org/10.1111/raq.12464
https://doi.org/10.1111/raq.12464
https://doi.org/10.1002/spe.3085
https://doi.org/10.1002/spe.3085
https://doi.org/10.1002/spe.3085
https://doi.org/10.1108/JAMR-02-2023-0053
https://doi.org/10.1108/JAMR-02-2023-0053
https://doi.org/10.1111/raq.12637
https://doi.org/10.1111/raq.12637
https://doi.org/10.1111/raq.12637
https://doi.org/10.3390/asi3010014
https://doi.org/10.3390/asi3010014
https://doi.org/10.52710/rjcse.86
https://doi.org/10.52710/rjcse.86
https://doi.org/10.3390/electronics12092032
https://doi.org/10.3390/electronics12092032
https://doi.org/10.35633/inmateh-70-35
https://doi.org/10.35633/inmateh-70-35
https://doi.org/10.35633/inmateh-70-35
https://www.arxiv.org/abs/2503.11162
https://www.arxiv.org/abs/2503.11162
https://doi.org/10.1002/smll.202304412
https://doi.org/10.1002/smll.202304412
https://doi.org/10.1002/smll.202304412
https://doi.org/10.55164/ajstr.v25i4.247049
https://doi.org/10.55164/ajstr.v25i4.247049
https://doi.org/10.55164/ajstr.v25i4.247049
https://doi.org/10.55164/ajstr.v25i4.247049
https://doi.org/10.1111/are.15938
https://doi.org/10.1111/are.15938
https://doi.org/10.1021/acs.est.7b01518
https://doi.org/10.1021/acs.est.7b01518
https://doi.org/10.1021/acs.est.7b01518
https://doi.org/10.12928/telkomnika.v18i2.14788
https://doi.org/10.12928/telkomnika.v18i2.14788
https://doi.org/10.12928/telkomnika.v18i2.14788
https://doi.org/10.1109/ACCESS.2023.3315649
https://doi.org/10.1109/ACCESS.2023.3315649
https://doi.org/10.1109/ACCESS.2023.3315649

