
 
 

 

 
Environments 2026, 13, 427 https://doi.org/10.3390/environments13080427 

Article 

AIoT-Based Aquaponics: A Responsible Decision-Support 
Framework for Smart Water Management and  
Sustainable Aquaculture 
Vladimir Milovanović 1, Aleksandra Figurek 2,*, Oksana Ogij 3, Van Le 4, Andrey Ronzhin 4 and Marinos Markou 5 

1 Faculty of Engineering, University of Kragujevac, 34000 Kragujevac, Serbia; vlada@kg.ac.rs 
2 GNOSIS Mediterranean Institute for Management Science, University of Nicosia, 46 Makedonitissas  

Avenue, CY-2417, P.O. Box 24005, 1700 Nicosia, Cyprus 
3 Kaliningrad State Technical University (KSTU), 1, Sovetsky Av., Kaliningrad 236022, Russia; 

oksana.ogij@klgtu.ru 
4 St. Petersburg Federal Research Center of the Russian Academy of Sciences (SPC RAS), 39, 14th Line, St. 

Petersburg 199178, Russia; lenghia18071999@gmail.com (V.L.); ronzhin@iias.spb.su (A.R.) 
5 Agricultural Research Institute (ARI), Ministry of Agriculture, Rural Development and Environment,  

1516 Nicosia, Cyprus; markoumarinos@gmail.com 
* Correspondence: figurek.a@live.unic.ac.cy 

Abstract 

This article presents an Artificial Intelligence and Internet of Things (AI–IoT/AIoT) 
decision-making framework for smart water management and sustainable aquaponic 
systems. The framework connects sensors, IoT telemetry, machine learning algorithms, 
and real-time monitoring of key water quality parameters, with the aim of early detection 
of deviations, operational decision support, and risk reduction in system management. A 
special contribution of the paper is that water is viewed simultaneously as a limiting 
resource, a biological factor and an operational cost. The proposed framework defines the 
structure of a decision support system, including monitoring of temperature, pH value, 
dissolved oxygen, ammonia/ammonium, EC/TDS value, water flow, feeding regime, and 
basic biological indicators. In the methodological sense, the paper presents a conceptual-
methodological framework based on publicly available data, scenario estimates, and a 
clearly defined protocol for future pilot validation of high-frequency operational data. In 
addition to the technical architecture, the framework includes elements of responsible 
application of AIoT systems: data quality control, sensor deviation and drift detection, 
model explainability through XAI/SHAP, data transfer security, and the possibility of 
human confirmation before risky interventions. The economic part of the paper shows 
ROI/NPV as a scenario estimate, based on explicit assumptions about costs, resource 
consumption and possible operational savings, and not as a confirmed financial result. 
The framework is aligned with the principles of the circular bioeconomy, as it links the 
monitoring of water quality, the reduction in nutrient losses, the reuse of resources, and 
better planning of interventions in aquaculture and aquaponics. The results indicate the 
potential of AIoT approaches to improve monitoring, transparency and operational 
decision-making, while the actual effects on productivity, water consumption, food 
consumption, energy, and economic sustainability must be confirmed in a pilot phase. 
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1. Introduction 
Digital transformation is becoming increasingly important in aquaculture and 

aquaponics, especially through the application of artificial intelligence (AI), sensor 
systems, and the Internet of Things (IoT). In this paper, AIoT refers to the connection of 
AI models with IoT sensors, telemetry, and decision support systems, where sensors 
enable continuous data collection, while AI models can support real-time prediction, risk 
classification, and operational decision-making. The actual accuracy and utility of such 
models must be validated on operational pilot data. 

Their application, although promising, is still in the early stages of development and 
is limited to pilot projects or individual system components. The lack of standardized 
methodologies, interoperability, and scalable models is a key obstacle to the wider 
implementation of digital technologies in aquaculture. There is a clear research gap here: 
many existing AIoT approaches in aquaculture remain at the level of partial solutions 
(isolated sensor modules or individual models), without an end-to-end closed-loop 
architecture, without a minimal evaluation protocol (time-aware validation, baseline 
models, and metrics), and without an engineering built-in layer of trust (data quality, 
drift, security, and explainability). 

RAS and aquaponic systems require precise management of water, nutrients, and 
biological balance, because inadequate management of nitrogen, phosphorus, and organic 
residues can lead to loss of resources and deterioration of water quality. The study 
deliberately integrates circular economy principles. In developing the architecture of the 
AIoT-based decision support system, priorities were set on waste reduction, direct reuse 
of treated water, and nutrient recycling. Unlike traditional monitoring systems, which 
focus solely on meeting water quality requirements, the developed model quantifies the 
dynamics of nutrient loading in each feeding cycle and links it to a decision support 
module. The proposed framework considers the possibility of directing nutrient-rich 
flows towards plant systems or other forms of valorization, as well as adapting 
recirculation to reduce liquid discharges, but the actual effectiveness of such interventions 
must be confirmed in pilot conditions [1,2]. This cyclical approach transforms aquaculture 
byproducts from an environmental problem into a renewable resource, linking water, 
food, and energy into a single chain, reducing waste [3]. 

The key challenge is “responsible learning” in AIoT environments: measurement 
reliability, sensor drift, data security, transparency of AI decisions, and the possibility of 
human-in-the-loop control. Many systems do not take into account local ecological and 
socioeconomic specificities, which reduces their long-term sustainability [1–4]. A 
comprehensive approach is necessary, which combines biological processes (such as the 
growth of fish and plants), technical aspects (like water quality, energy efficiency, and 
automation), and economic indicators (including costs, profitability, and system 
resilience). This integrated approach is especially important for closed and semi-closed 
systems (RAS/aquaponics), where even small deviations in pH, temperature, or dissolved 
substances can cause cascading biological and economic consequences. The approach 
enables the adaptation of system management to local conditions and climatic pressures 
through precise monitoring, clear intervention thresholds, and risk assessment [5–7]. The 
AI framework proposes digital architecture that connects sensor data, predictive models, 
DSS logic, and economic scenarios. The AIoT architecture in this paper defines data flows 
and closed-loop DSS for water quality management, while simultaneously monitoring 
risk, measurement reliability, and model explainability (XAI). The basis is laid for smarter 
management of aquaponic systems, whereby the effects on productivity, resource 
consumption, and savings are seen at this stage as scenario estimates and must be 
confirmed through pilot validation [8,9]. The aim of the paper is to propose an AIoT 
framework for aquaponic systems that connects sensor data, predictive models, DSS logic, 
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responsible AI application, and economic scenario evaluation. The proposed model 
integrates sensor inputs, such as pH, TDS/EC, temperature, dissolved oxygen, and 
ammonia/ammonium, with algorithms such as LSTM, Random Forest, and XGBoost, and 
with DSS recommendations for possible remedial actions, including recirculation, 
aeration, pumping, and feeding regime. In this phase of work, these models and 
mechanisms are defined at the level of design and proposed configuration; quantitative 
performance verification requires time-conscious validation on high-frequency 
operational data in a pilot environment. For the solution to be applicable in real 
conditions, the framework also includes components of responsible AIoT application: 
data validation, anomaly detection, concept drift, secure communication, and fail-safe 
control mechanisms (switching to manual mode when prediction reliability is low). The 
contribution of the work is: (1) a layered AIoT architecture for RAS/aquaponics with an 
explicit trust/responsible-learning layer; (2) defined DSS closed-loop and 
warning/intervention logic; (3) methodological framework for selecting variables and 
mapping indicators to operational parameters; (4) scenario-based economic assessment 
with explicit assumptions and limitations of transferability. 

The work hypothesizes that the integration of sensor telemetry, AI models and DSS 
logic can improve the early recognition of deviations, support more precise water quality 
management, and enable more rational resource planning in aquaponic systems, 
provided that the performance of the system is confirmed through time-based pilot 
validation. 

Effective implementation of AI solutions requires a stable broadband connection, 
sustainable energy sources, personnel education, and institutional readiness [10–13]. 
Without these elements, the digital transition remains at the level of experimental projects. 
In practice, this means that AIoT systems must be designed as a scalable infrastructure: 
with interoperable standards, secure data transfer protocols, and clear data governance, 
rulesCyprus is used in the paper as a reference Mediterranean context due to limited 
water resources, the importance of aquaculture, and the need for more efficient, digitally 
supported food production systems [14–16]. “Reference case” means the contextual 
framework and the availability of public indicators, while the empirical verification in a 
real RAS/aquaponics plant is part of the planned pilot phase. 

The proposed framework is based on a systems approach that recognizes water as a 
key—and limiting—resource. By combining AI technologies and economic scenario 
assessments, the model can support decision-making and assess the feasibility of future 
investments in smart aquaculture and aquaponics. By integrating AIoT principles of 
responsible learning, the framework designs mechanisms that can contribute to a more 
reliable, transparent, and secure future implementation. The effects of these mechanisms 
(error reduction, savings, and system stability) in this phase are the assessment scenario 
and expected design outcomes, while the quantification will be confirmed through pilot 
validation and longitudinal monitoring. The plan for the next phase includes pilot 
implementation in a RAS/aquaponics environment with high-frequency sensor data, 
time-aware validation (rolling/blocked split), baseline models, defined metrics and 
thresholds for DSS interventions, and evaluation of economic and biological outcomes 
over time. 

The paper is structured as follows. After the introduction, in which the scientific 
context, the research gap, the hypothesis, and the aim of the work are unified, the 
methodological part shows the architecture of the proposed AIoT framework, the choice 
of variables, the data flow, and the evaluation protocol. Then, scenario results and 
contextual indicators relevant to Cyprus and Mediterranean conditions are presented. 
After that, the proposed AIoT model is explained, including DSS logic, XAI/SHAP 
explainability, drift detection, and fail-safe mechanisms. The final part discusses the 
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limitations of the work, conditions for future pilot validation, and possible implications 
for sustainable management of aquaculture and aquaponics. 

Literature Background and Research Gap 

Aquaponic systems represent a sustainable approach to food production that 
combines fish and plant cultivation in cycles, but their effectiveness depends on many 
factors, including biological balance, water quality, energy efficiency, and economic 
viability [17,18]. Precisely because of this multi-layered complexity, aquaponics is a 
suitable research and technological context for AIoT systems, where sensor infrastructure 
and AI together can support real-time monitoring, predictive analytics, and the 
development of controlled DSS interventions. The performance and accuracy of such 
systems must be empirically validated in a pilot environment with high-frequency 
operational data. For the effective management of aquaponic systems, especially in indoor 
and urban conditions, the use of tools based on artificial intelligence (AI) is important. 
Their operational value depends on the quality of the data, intervention thresholds, and 
empirical validation in the specific system. Sensors continuously monitor basic water 
parameters, pH value, temperature, oxygen concentration, and ammonia level. In the 
AIoT environment, this sensor layer represents the basis of telemetry (IoT sensing and 
data streaming), while decisions are made through predictive analytics and feedback 
control mechanisms (actuation). AI and IoT technologies can support the monitoring of 
water quality, food intake, fish growth, behavior, and possible signs of disease, especially 
through the processing of sensor and visual data. Intensification of aquaculture 
production processes, denser stocking in RAS, and the introduction of large quantities of 
feed also create favorable conditions for the spread of pathogenic microorganisms, which 
can lead to the extinction or diapause of aquatic fauna and even to fish kills. LSTM neural 
networks and Random Forest models are examples of AI algorithms [19–22]. This 
approach is important for recirculating systems (RAS), where energy costs and water 
treatment are key limiting factors [23,24]. Integration with renewable energy sources, 
especially solar systems, and optimization of the ratio of plant and fish biomass can 
contribute to greater efficiency, but the actual effects must be confirmed through 
systematic measurement and comparison with reference/base operating modes [25]. 
Advisory systems (DSS), such as digital twins and distributed sensor networks, represent 
important tools for predictive management and production stabilization, but only when 
their inputs, outputs, warning thresholds, and intervention rules are defined and 
validated. These systems aggregate data from multiple sources and suggest operational 
options in real time, including return on investment (ROI) analyses. In an economic sense, 
DSS and digital twin approaches can support ROI/NPV scenario analyses, but such 
assessments should be distinguished from the financial results confirmed in the 
operational pilot system. The literature indicates that the most useful DSS approaches are 
those that define: model inputs/outputs, warning thresholds, time-aware validation, as 
well as comparison with baseline solutions, because without this the “framework” 
remains descriptive and difficult to verify. Digitization of rural aquaculture may have 
wider development benefits, but such effects depend on local infrastructure, expertise, 
energy costs, regulatory framework and willingness of producers to use data-driven 
systems [26]. Such effects depend on local infrastructure, availability of skilled personnel, 
energy costs, regulatory framework, and willingness of producers to use data-based 
decision systems. Examples from the Mediterranean context can be used as illustrations 
of implementation conditions, but do not constitute proof of AIoT system performance in 
closed RAS/aquaponic conditions. Technological solutions achieve sustainable effects 
only when they are accompanied by infrastructure (broadband), staff training, and 
institutional readiness for data management and regulation (data governance). Research 
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from 2024 documents the development of hybrid AI systems, which combine expert 
knowledge with deep learning techniques with the aim of improving the assessment of 
biomass dynamics and the efficiency of filtration systems [8,27]. Such hybrid approaches 
emphasize the importance of integrating domain knowledge with learning models, but 
also the need to base accuracy reporting on time-aware data partitions and transparent 
metrics. The integration of IoT sensors with predictive analytics enables the maintenance 
of optimal water quality and better control of nutrients [28,29] and investigates the 
application of AI technologies to maintain microbial balance in aquaponics, focusing on 
microbiome monitoring and simulation of nutrient flows [30]. From the literature emerges 
the need for a broader concept of intelligent aquaculture systems that connect sensors, 
prediction, DSS recommendations, control mechanisms, data management, and user 
supervision [31–36]. The research gap remains in the system connection of: (i) sensor 
reliability and drift, (ii) communication security, (iii) decision explainability (XAI), and 
(iv) an evaluation protocol that defines when DSS may initiate a closed-loop intervention. 
A particular gap in the literature concerns the link between technical model metrics, such 
as RMSE, MAE, precision, recall and F1-score, and practical DSS actions, such as warning, 
blocking intervention, or requesting operator confirmation. This work aims to develop 
and methodologically operationalize a framework (architecture and evaluation protocol) 
for decision-making in smart and sustainable aquaculture/aquaponics systems, while 
empirical validation of the performance of predictive models and DSS interventions is 
planned through pilot implementation. Special focus is on the responsible-learning layer: 
data quality, anomaly and drift detection, cybersecurity, human-in-the-loop, and fail-safe 
mode, as prerequisites for the safe scaling of solutions. 

Table 1 compares current studies on the application of AI and machine learning 
methods in aquaculture in RAS, which are best suited for biofiltration-based aquaponics 
production. For each study, the sensors used (temperature, pH, dissolved oxygen, 
ammonium, etc.), AI/ML models (ranging from formal rule-based models to CNN, LSTM, 
XGBoost, Random Forest, and hybrid ensembles), model validation method, and the 
presence of four key components: XAI, data drift detection, automatic fail-safe, and 
application areas are listed. 

Table 1. Modern application of AI and machine learning methods in aquaculture. 

Study Year Sensors Used AI/ML Model Validation XAI Drift Fail-Safe Domain 

[37] 2024 T, pH, DO, TAN, 
flow 

Rule-based 
control 

Lab-scale RAS ✗ ✗ 
Auto 

control 
RAS biofilter 

(TAN reduction) 

[38] 2024 
Indirect 

(concentration 
data) 

XAdaBoost + 
LSTM ensemble 

Two 
experiments 
(mariculture 

data) 

✗ ✗ ✗ 
Mariculture 
(ammonia 
prediction) 

[39] 2024 Underwater vision 
(CV) 

CNN (fish 
detection) 

Simulated + lab ✗ ✗ ✗ 
RAS (computer 

vision) 

[40] 2024 Multiparam RAS 
GRNN vs. 

LSTM/DBN/SV
M 

High-density 
RAS ✗ ✗ ✗ 

Shrimp RAS 
(TAN, nitrite) 

[41] 2025 T, DO, pH, 
turbidity 

Random Forest + 
QAOA 

Field 
measurement ✗ ✗ ✗ 

Aquaculture 
(general) 

[42] 2025 Review: pH (98%), 
T, DO 

Review of 
ML/DL 

Bibliometric (217 
papers) 

n/a n/a n/a BFT, RAS, 
aquaponics 

[43] 2025 
T, pH, EC, level, 

pump 
Outlier rejection 

(rule-based) 
Field 

deployment ✗ 
Outlier 

only Alerts 
RAS (commercial-

ready) 
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[44] 2025 
T, pH, DO, 

ammonia (low-
cost) 

MLR/DTR/RFR 
on ESP32 

3-month field 
trial (Thailand) ✗ ✗ 

Auto 
control 

Tilapia pond 
(edge AIoT) 

[45] 2025 Multi-sensor + 
CFD-STM DT + ML hybrid Review of DT 

adoption ✗ ✗ n/a Intelligent 
aquaculture 

[46] 2025 
Multi-param agri + 

aqua 
AI-IoT 

integration 
Narrative 

review 
Mention

ed ✗ 
Mentione

d 
Sustainable agri-

aqua 

[47] 2026 RAS multi-param 
DTKNN+ hybrid 

ML 
Review (RRL 4-

6) ✗ ✗ 
AIoT 

aerators 
Sustainable RAS 

This 
work 

2026 
Full RAS + NH4 + 
EC + drift-aware 

LSTM + RF + 
XGBoost 
ensemble 

CMEMS proxy + 
4-scenario sim + 

pilot proto 
✓ SHAP ✓ PHT ✓ Multi-

level 
RAS + aquaponics 
(Mediterranean) 

The ✓ symbol in the figure is completion/verification marker. 

As can be seen, most studies do not use XAI and do not track sensor drift (marked 
with ✗ in Table 1). The exceptions are the work [43] with outlier detection and alerting, 
and research [37] with automated control. Review articles from 2025 mention XAI and 
fail-safe systems, but without technical implementation. 

The last row of Table 1 shows the design characteristics of the framework proposed 
in this paper. In the proposed framework, XAI/SHAP is envisioned to explain the 
contribution of individual variables to the prediction, while PHT or similar drift detection 
procedures are envisioned to monitor changes in sensor data and reduce the risk of 
unreliable interventions. A hybrid LSTM + Random Forest + XGBoost ensemble is 
proposed as the AI model. Embedded sensors record RAS and aquaponics data. The 
model has not been empirically validated as an operational system at this stage; it is 
presented through a scenario analysis and a projected protocol of future pilot validation. 
The scope of application is expanded from aquaculture to aquaponics. Table 1 shows that 
contemporary research is gradually moving away from simple rules and isolated models 
towards more interpretable, safer and more resilient aquaculture and aquaponic systems. 

2. Methodology 
To develop an integrated model for decision-making in aquaponic systems, a multi-

layered methodology was applied that combines the analysis of available data and the 
conceptual design of a digital model of the future. The methodology is structured as an 
AIoT (Artificial Intelligence of Things) approach, where through sensor telemetry, 
predictive models and feedback control mechanisms, real-time decision-making is 
ensured, with the principles of reliability and responsible learning. Considering the 
limitations in accessing real, complete and high-frequency operational data from existing 
systems, the proposed framework is based on the potential integration of sensor networks, 
algorithms and evaluation mechanisms that can be developed and tested in future 
implementation phases. At this stage, validation relies on available open data sources [48–
51] and scenario-based simulations, with a defined future empirical verification procedure 
through pilot implementation on farms. In this phase of the work, “validation” refers to 
the architectural and methodological consistency check (definition of variables, data 
flows, trust mechanisms and evaluation protocol), as well as the analysis scenario on open 
sources; empirical validation of model performance and DSS intervention will be 
conducted in a pilot phase on high-frequency operational data. For minimal 
reproducibility in this version of the paper, the following are explicitly defined: (1) 
selection of variables and data sources; (2) time windows and frequency 
(monthly/quarterly for public indicators; planned minutely/hourly/daily for pilot sensor 
data); (3) preprocessing steps (unit harmonization, missing values processing, noise 
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filtering, seasonality control where applicable); (4) rules for mapping indicators to 
operational variables and DSS thresholds. 

The proposed model consists of three related parts. In the first part, the sensors 
continuously measure the basic water parameters—temperature, pH, amount of 
dissolved oxygen, and ammonia. This layer represents the IoT sensing and telemetry layer 
(collection, noise filtering, processing of missing values), with quality control of sensor 
measurements and deviation detection (sensor drift monitoring). In the second part, that 
data is processed with artificial intelligence (AI)—using algorithms such as Random 
Forest, LSTM, and XGBoost—to recognize patterns and predict changes. In the second 
layer, AI models are executed on edge/cloud infrastructure (subject to latency and energy 
constraints), implementing responsible learning mechanisms: model performance 
monitoring, concept drift detection, and explainability (XAI). In the third part, based on 
those predictions, the model gives clear advice to growers on how to adjust watering 
systems, water flow, and feed dosing [52,53]. The third layer functions as a Decision 
Support System (DSS) with human-in-the-loop control and fail-safe mode: when the 
reliability of the prediction is low, the system suggests manual verification or switching 
to conservative parameters. For practical implementation, a modular AIoT architecture 
with defined model inputs/outputs, sampling frequency, and DSS intervention logic 
(warning thresholds, operator confirmation, and fail-safe mode) is proposed. The 
economic part presents scenario-based estimates of ROI/NPV/IRR with explicit 
assumptions (CAPEX/OPEX, energy and food prices, system scale, cost of 
sensors/automation) and a unique time horizon in the analysis. Cyprus is considered a 
reference Mediterranean case for future pilot implementation because it has major 
challenges in water management and plays an increasingly important role in aquaculture 
in the Eastern Mediterranean [54–56]. In the methodological sense, Cyprus is used as a 
reference Mediterranean case, which enables the transferability of the model to regions 
with similar climatic stress and resource limitations. The transferability of the framework 
is conditional and limited by differences in infrastructure readiness, energy prices, 
regulation and water availability; therefore, economic and operational conclusions are 
treated in this phase as an assessment scenario and design assumptions. 

In this phase, the paper presents the AIoT architectural and analytical framework 
with validation through available data sources and scenario evaluation; the next phase 
includes empirical verification on real high-frequency data in cooperation with research 
institutes and producers in aquaculture. In this way, the system gets the necessary 
flexibility and the possibility of local adaptation, but at the same time it requires 
investments in infrastructure, training of personnel and empowerment of rural 
communities [57]. Data governance standards, cyber-security, as well as a transparent 
description of model limitations and risks of automated decision-making are necessary 
for the responsible application of AIoT solutions. Such a methodology not only lays the 
groundwork for future empirical research, but also for the creation of policies that support 
smart specialization and green transition in the aquaculture sector (Figure 1). A minimal 
evaluation protocol for predictive models and DSS is introduced here: time-aware data 
splitting (rolling/blocked split), comparison with baseline models, defined metrics 
(RMSE/MAE/MAPE for regression; precision/recall/F1 for event classification), and 
acceptance thresholds for triggering warnings and interventions. 

The proposed model is based on a simplified layered architecture that integrates 
sensor and IoT telemetry, AI analytics, DSS-based decision support, actuation 
mechanisms, and a horizontal trustworthy/responsible AI layer in aquaponic systems. In 
accordance with the AIoT approach, the architecture also includes a horizontal trust layer 
that includes communication security, data management, explainability of predictions, 
and model performance monitoring. This layer is not just an additional technical 
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component, but a condition for the safe application of DSS recommendations, because it 
connects data quality, model uncertainty, drift detection and the possibility of human 
intervention. At the base of the system is a sensor layer, whose function is to continuously 
collect key water quality parameters—including temperature, pH value, dissolved 
oxygen level and ammonia concentration. In the pilot phase, the sensor layer should 
document the measurement frequency, sensor calibration procedures, missing values 
processing, noise filtering and rules for sensor drift detection. These data represent input 
variables that are passed to the central processing layer. Before forwarding to the AI layer, 
data quality checks, noise filtering, and sensor drift detection are performed, which may 
increase the reliability of DSS recommendations, but the actual effect of these procedures 
must be evaluated during pilot validation. The central part of the model is an artificial 
intelligence layer that uses a combination of machine and deep learning algorithms. In the 
proposed architecture, Random Forest can be used for risk classification and ranking of 
the importance of input factors, LSTM for modeling weather patterns, and XGBoost for 
predicting continuous variables, such as biomass, energy consumption, or water quality 
changes. Their real role, accuracy, and robustness will be determined during pilot 
validation through comparison with base models, such as persistence forecast, moving 
average, and rule-based threshold control. The model adaptation represents the proposed 
mechanism in system design, while its efficiency and stability will be quantified in pilot 
validation. 

 

Figure 1. Layered AIoT architecture for aquaponics decision support and responsible control. 

The decision-making layer generates concrete operational recommendations based 
on the output of the AI layer. This segment provides opportunities for corrective 
mechanisms such as water pumping and recirculation, lighting and temperature 
management, and food dosing. DSS recommendations can be generated in real time with 
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the aim of supporting biological stability, more rational use of resources, and better 
operational control, but the actual biological and economic effects must be confirmed in 
the pilot phase. The goal is to increase the efficiency and stability of management; in this 
paper, these effects are treated as expected project outcomes, while their empirical 
confirmation requires pilot validation on high-frequency operational data. In order to 
ensure the safety of system operation, DSS implements fail-safe logic and human override: 
when predictions are uncertain or outside expected limits, automatic interventions are 
limited or require operator confirmation. The redesign presents the main data and 
decision flows more clearly, from the aquaponic system and sensors, through edge/cloud 
AIoT analytics, to monitoring, control actions, responsible AI mechanisms, and the model 
update/validation loop. This layer includes pumps, feeders, sterilizers, oxygenators, and 
other components for maintaining stable and optimal conditions in aquaponic systems 
(Figure 2). It is clarified that data from the open marine environment (e.g., 
Copernicus/CMEMS) is not a validation of a closed RAS/aquaponics system, but a 
reference context for the hypotheses and analysis scenario; closed recirculation dynamics, 
feeding, biofiltration, and local operational practices must be evaluated on pilot data. 

 

Figure 2. AIoT-based aquaponics monitoring, prediction, and decision-support framework. 

The connection between the layers is not linear, but based on a closed feedback loop, 
allowing the system to learn through iteration and local adaptation. This closed feedback 
loop is the basis of the “responsible learning” paradigm in AIoT: the model is updated in 
a controlled manner, with performance monitoring, detection of changes in data patterns, 
and verification of the reliability of predictions. This creates the basis for a long-term 
stable, smart and energy-efficient aquaponic system, which is applicable in different 
geographical and climatic conditions, especially in regions with limited resources like the 
Eastern Mediterranean. This approach is applicable in different geographical and climatic 
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conditions, with limitations on portability and mandatory pilot validation before claims 
of performance in real-world conditions. 

Operational Evaluation Protocol for Pilot Validation 

The operational evaluation protocol for the future pilot validation is based on a 
temporal approach, because data on water quality, feeding, and biological growth in 
RAS/aquaponics systems are time-dependent. 

Target variables for predictive evaluation include pH, temperature, dissolved 
oxygen, ammonia/ammonium, EC/TDS, water flow, energy consumption, feeding regime, 
and, when available, biological indicators such as growth, mortality, and feed conversion 
ratio. Predictive horizons should be defined according to operational importance: short-
term warnings ranging from 15 to 60 min, daily stability of water quality in a 24 h horizon, 
and weekly or monthly indicators for biological and economic effects (Table 2). 

Table 2. Pilot fail-safe and human-override policy. 

Risk Signal Metric/Rule DSS Action 

Sensor drift 
Deviation of sensor readings 
from calibrated or reference 

ranges 

Flag the sensor and require 
manual verification 

High prediction uncertainty 
Prediction interval width or 

disagreement between 
ensemble/model outputs 

Issue an alert only; no 
automatic intervention 

Water-quality risk 
pH, DO, NH4, or temperature 

outside the safe operating 
range 

Issue an alert and require 
operator confirmation 

Conflicting model results 
RF, XGBoost, and LSTM 

provide different risk 
estimates 

Require human review 

Missing or noisy data Missing-value rate, sudden 
spikes, or abnormal noise 

Suspend automatic control 

Cybersecurity/data anomaly 
Unexpected data-

transmission pattern 
Switch the system to 

conservative/manual mode 

LSTM, Random Forest, and XGBoost models will be compared with baseline models, 
including persistence forecast, moving average, and rule-based threshold control. RMSE, 
MAE, and MAPE will be used for continuous variables, while precision, recall, and F1-
score will be used for event/alert classification. 

The initial warning thresholds will be defined based on the literature, expert 
judgment, and safe operating ranges for the specific system. Thresholds will be 
recalibrated based on actual data distributions, seasonal and diurnal oscillations, model 
performance, and operator feedback. A DSS recommendation can only be accepted if the 
model shows better performance than the baseline approach and if the prediction 
uncertainty is within an acceptable range. Otherwise, the system issues a warning but 
does not trigger an automatic intervention without human confirmation. 

3. Results and Pilot-Design Targets 
As contextual background for the scenario assessment, Cyprus aquaculture 

production in 2023 was approximately 5.7 thousand tons, with an estimated value of 
about 39.1 million euros, according to EUMOFA/Eurostat indicators. Aquaculture 
accounted for 89.0% of the total fisheries production in Cyprus in 2023, which confirms its 
importance in the national fisheries and aquaculture sector [57,58]. Sea bass 
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(Dicentrarchus labrax) and sea bream (Sparus aurata) are the most common species, with 
shellfish and crabs accounting for a smaller proportion of total production. Despite the 
complexity of water circulation and management systems, there are still significant 
obstacles, high electricity costs, and a lack of predictive systems that would enable 
optimization, more precise monitoring, early warning, and decision support in the field 
of water quality and nutrition. The results in this section represent scenario-based 
assessments and target design values, based on publicly available indicators, relevant 
studies, and assumptions stated in the methodology, while empirical verification will be 
conducted in the pilot phase on high-frequency operational data. 

The framework points to possible ways of improving management through sensor 
telemetry, predictive analytics, and real-time DSS recommendations, with the condition 
of pilot validation. The results in this paper are presented as scenario-based assessments 
and expected operational effects, based on publicly available data and relevant studies. 
Scenario-based estimates define a target feed-use reduction of 10–15% compared with a 
baseline feeding regime. This target should be interpreted as a pilot-design assumption. 

Within the model, these estimates are treated as target improvements that can be 
considered through future AIoT/DSS pilot-implementation, but must not be interpreted 
as already proven effects of the system: (i) early recognition of deviations in water quality, 
(ii) support for more precise feeding planning through predictive models, and (iii) DSS 
recommendations for recirculation, aeration and other control parameters, with fail-safe 
rules and operator confirmation when the risk is increased. Implementation of 
drift/anomaly detection can contribute to higher system reliability in high-frequency 
operating conditions, but this effect must be measured during the pilot phase. The model 
foresees the possibility of early warning of risky patterns (deviations in behavior and 
water parameters) in support of fish health management; claims of reduced antibiotic use 
require pilot validation and longitudinal follow-up. Cyprus, as a Mediterranean country 
with limited water resources, is a relevant Mediterranean reference case for considering 
the future pilot application of the AIoT framework, while broader effects related to green 
transition or rural development require separate socioeconomic validation (Table 3). 

Table 3. Cyprus aquaculture context and AIoT pilot-design targets. 

Category Verified Contextual 
Information 

Source/Status 

Aquaculture production 
volume 

Approximately 5.7 thousand 
tonnes in 2023 

EUMOFA/Eurostat 
contextual indicator 

Aquaculture production 
value 

Approximately €39.1 million 
in 2023 

EUMOFA/Eurostat 
contextual indicator 

Main farmed species 
Gilthead seabream and 

European seabass dominate 
production 

EUMOFA/Eurostat 
contextual indicator 

Production environment 
Production is mainly marine-

based and cage-oriented 
EUMOFA/Eurostat 
contextual indicator 

Aquaculture share in 
fisheries production 

Aquaculture accounted for 
89.0% of total fisheries 

production in Cyprus in 2023 

Eurostat contextual 
indicator 

Employment relevance 
Around 350 direct full-time 

jobs 

EU Aquaculture Assistance 
Mechanism contextual 

indicator 

Water-use efficiency target 
Reduction target to be defined 

and verified in the pilot 
system 

Pilot-design assumption 
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Feed-use efficiency target 
10–15% reduction compared 
with baseline feeding regime 

Scenario assumption; 
requires pilot validation 

Energy-efficiency target 

Up to 15% reduction 
depending on energy price, 
system scale and operating 

mode 

Scenario assumption; 
requires pilot validation 

Predictive analytics/DSS 
AIoT-based monitoring and 

DSS recommendations 
proposed 

Framework feature; requires 
pilot validation 

These functionalities are realized within the AIoT architecture through the 
integration of biological indicators and sensor signals with the DSS alert system, where 
the “responsible learning” layer provides security, explainability (XAI), and human-in-
the-loop control. 

3.1. Connection of Data with the AI Model and Application in the Context of Cyprus and the EU 

Effective application of the proposed AI framework in aquaculture relies on the 
synthesis of theoretical concepts and actual operational data. The following explains how 
key components of the model rely on information gathered in Cyprus and the European 
Union; publicly available indicators are used to support scenario assumptions, variable 
selection, and pilot-design targets. The proposed AIoT system is designed to collect and 
process high-frequency data from the RAS system (temperature, pH, oxygen saturation, 
ammonia), while at this stage validation and calibration rely on publicly available 
indicators and an assessment scenario for the Cyprus/EU context. Public indicators are 
used for contextualization (energy/water/market) and setting assumptions and thresholds 
of the DSS, while calibration and verification of model accuracy are carried out on high-
frequency operational data in the pilot phase. Public/marine data is not a validation of a 
closed RAS/aquaponics system, but a reference context for hypotheses; closed 
recirculation dynamics, feeding, and biofiltration require pilot validation. The parameters 
are analyzed within the design through proposed models (e.g., LSTM) for deviation 
detection and predictive management [48–51,57–64], while interventions are 
implemented through DSS rules with human-in-the-loop and fail-safe mode. For 
reliability purposes, the AI layer includes monitoring of concept drift and sensor errors, 
while the DSS layer enables fail-safe mode and manual confirmation in situations of low 
reliability of predictions. One of the key variables for future pilot evaluation is water-use 
efficiency. Since water consumption is system-specific and not uniformly reported in 
public statistics, baseline water use should be measured directly in the pilot system. Any 
reduction target should therefore be treated as a pilot-design assumption rather than a 
verified sector-level indicator [54–58]. 

Cypriot aquaculture provides a relevant reference context for scenario-based 
ROI/NPV assessment. Each year, they produce about 5700 tonnes of fish, and the market 
is worth €39 million [56–58]. 

When it is put into action, it opens up new opportunities for digital skills 
development and building up the local workforce. Opportunities are opening up for new 
occupations in the domain of digital and green technologies, which is in line with 
European strategic priorities [54–58]. Market indicators further confirm the potential. In 
Cyprus, as much as 27.8 kg of fish is consumed per capita, more than the European Union 
average of 23 kg [58]. This data speaks in favor of high local demand and justifies the need 
for smarter and more precise production systems. In Section 3.2, patterns of seasonality 
and interdependence of variables from open EU/CMEMS sources on the surface layer are 
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presented as a reference (proxy) context for the selection of input variables and the design 
of explainability. 

3.2. Quantitative Analysis Based on EU Databases 

In continuation of the research, open data from the Eurostat, EUMOFA, and 
Copernicus/CMEMS databases were used as a proxy reference context for Cyprus, with 
the aim of supporting the selection of variables and the initial design of DSS thresholds, 
but not as an operational validation of the closed RAS/aquaponic system [64–71]. This 
section presents a contextual analysis of open EU and Copernicus sources, which serves 
to identify seasonal patterns and interdependence of parameters in the reference proxy 
environment, thereby strengthening the argument for the selection of input variables in 
the AIoT system. 

A visualization of the relationship between the average water temperature and pH 
value in the Cyprus reference context (proxy time series) is shown (Figure 3). In the proxy 
representation, a seasonal inverse pattern is observed between average water temperature 
and pH values, with lower average pH values recorded during the warmer months. This 
pattern should not be interpreted as a direct representation of short-term pH dynamics in 
a closed RAS/aquaponic system. The display indicates seasonal patterns in the input 
variables, which is methodologically important for time series models (e.g., LSTM), 
because it indicates stable seasonal patterns relevant for defining input variables and 
warning thresholds in the DSS layer. Such patterns can help formulate initial DSS 
thresholds and hypotheses for future pilot validation, but do not prove that the system 
will optimize a closed RAS/aquaponics process. Warning thresholds must be calibrated 
on actual high-frequency data from the pilot system. 

 

Figure 3. Monthly variation in water temperature and pH value in Cyprus reference dataset. 

The visualization shown uses proxy time series from open sources for the reference 
Cypriot context and illustrates monthly changes in temperature and pH as a seasonal 
pattern relevant to the design of DSS thresholds in the pilot phase. This does not exclude 
short-term diurnal increases in pH, for example during sunny afternoon periods when 
photosynthesis can reduce dissolved CO2 and temporarily increase pH (Figure 4). 
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Figure 4. Distribution of monthly average values of temperature and pH in the proxy reference data 
set for Cyprus. Source: Copernicus Climate Data Store for monthly sea temperatures in the 
Mediterranean, Eurostat for aquaculture data, EUMOFA/Cypriot Aquaculture for flow and 
production. 

The boxplot shows the variability of monthly average proxy values for both 
parameters—this visualization not only enables the analysis of seasonal changes, but also 
highlights periods of seasonal variability that may be relevant for defining future pilot 
monitoring ranges and initial DSS alert thresholds. Based on such patterns, the inclusion 
of time-dependent models, such as LSTM networks, in future pilot validation can be 
justified. However, LSTM models must be trained and tested on high-frequency 
operational data from a closed system. In future AIoT implementation, such patterns can 
serve as an initial basis for the development of drift/anomaly detection rules, but actual 
drift thresholds must be calibrated in a pilot system before issuing DSS recommendations 
or controlled interventions. Using data from the Copernicus Marine Environment 
Monitoring Service (CMEMS) for the coastal area of Cyprus (34.92° N, 33.68° E) in January 
2025, a correlation matrix was created that includes six key seawater quality parameters: 
nitrates (NO3), phosphates (PO4), ammonia (NH4), CO2 flux at the surface (FgCO2), 
silicates (Si), and pCO2 in seawater (spCO2). This data set represents a biogeochemical 
reference frame (coastal biogeochemical context) that is used as a supplementary 
empirical basis for the selection of relevant input variables and the analysis of 
interdependence of parameters (Figure 5). These CMEMS findings serve as a surface 
proxy context for hypothesis formulation and input selection; transfer to a closed 
RAS/aquaponics system has limitations due to recirculation, feeding, biofiltration, and 
controlled operating modes. In closed aquaponic systems, pH and temperature can vary 
significantly over the course of a day due to feeding, aeration, microbial activity, 
biofiltration, and photosynthesis. Therefore, monthly proxy averages are only useful for 
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preliminary design, while operational control must be based on minute or hourly sensor 
data from the pilot system. 

 

Figure 5. Correlation matrix of key biogeochemical parameters in the coastal (surface) CMEMS 
reference dataset for the Cyprus zone. 

Source: CMEMS Copernicus Marine Service, dataset: 
MEDSEA_ANALYSISFORECAST_BGC_006_014, Time frame: January 2025, layer: 
surface (~14 m), location: coastal zone of Cyprus (34.92° N, 33.68° E); variables: NO3, PO4, 
NH4, Si, FgCO2 (surface CO2 flux) and spCO2. 

This dataset serves solely as a coastal biogeochemical proxy framework for variable 
interdependence analysis and input parameter selection. The selected data layer serves 
for consistent analysis of parameter interdependencies within the available CMEMS 
profile, and is used as a reference biogeochemical basis, not as a direct measurement in 
the RAS system. The correlation analysis shown in Figures 5 and 6 provides a descriptive 
insight into the covariation of parameters in the coastal surface proxy context of Cyprus 
and supports the selection of candidate variables for the AIoT architecture. The correlation 
matrix (Figure 5) shows several strong relationships between nutrients and gas 
parameters, but these findings are interpreted solely as a “proxy” description of coastal 
conditions and not as direct measurements in closed RAS/aquaponics systems. Such 
patterns may reflect the common variability of parameters in the analyzed coastal proxy 
set, but are not used in this paper to identify sources, anthropogenic influence, or cause-
and-effect relationships. They serve exclusively for the design of monitoring, the selection 
of candidate variables, and the formulation of hypotheses for future pilot validation [65]. 
Correlation analysis on the CMEMS surface layer shows patterns of interdependence 
between nutrients (NO3, PO4, NH4), silicate (Si), spCO2, and FgCO2. Since FgCO2 
represents surface CO2 flux, these relationships are interpreted as proxy indicators of 
coastal biogeochemical conditions useful for input variable selection and explanatory 
design. Silicates (Si) in the new CMEMS surface subset show a very strong positive 
correlation with NO3 (r = 0.98) and PO4 (r = 0.99), while the connection with FgCO2 is very 
weak (r = 0.02). These relationships are interpreted here as coastal biogeochemical proxies 
and are used primarily for selection of input variables and formulation of hypotheses, 
without claims of causality and without interpretation as validation of closed 
RAS/aquaponics systems [60]. In the results, spCO2 shows negative correlations with NO3 
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(r = −0.72), PO4 (r = −0.66) and Si (r = −0.61), as well as a weak negative correlation with 
FgCO2 (r = −0.24), while the connection with NH4 is moderately positive (r = 0.41). These 
findings describe the interdependencies of variables in the coastal (surface) 
biogeochemical context and serve as a reference framework for monitoring design and 
selection of input variables in the AIoT architecture; validation of predictive performance 
and transferability to closed RAS/aquaponics dynamics require pilot testing on high-
frequency operational data. In AIoT design, the results support multi-parameter 
monitoring and conservative DSS: correlations are used for feature selection, defining 
thresholds and alert logic, while the reliability of predictions is checked by time-aware 
validation (time-aware split) in the pilot phase. The presented patterns of covariation 
provide a helpful empirical basis for the selection of variables and the design of future 
predictive experiments, but do not constitute proof of model accuracy/performance. 
Correlations can be used for input selection (feature selection) and for the development of 
explainability modules (e.g., SHAP), which transparently display the contribution of each 
variable to the prediction. Scatter plots illustrate pairwise relationships between selected 
parameters in the coastal surface CMEMS proxy dataset (Figure 6). The regression lines 
and Pearson correlation coefficients provide descriptive statistical evidence of co-
variation within this proxy dataset. 
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Figure 6. Pairwise correlations between selected biogeochemical parameters in the coastal surface 
CMEMS proxy dataset for Cyprus (January 2025). Source: CMEMS—Copernicus Marine 
Environment Monitoring Service, dataset: MEDSEA_ANALYSISFORECAST_BGC_006_014, 
January 2025, surface layer (surface; ~14 m); Location coordinates: latitude and longitude in the 
Cyprus coast zone (34.92° N, 33.68° E). 

One of the important findings is the pronounced positive correlation between nitrate 
and phosphate concentrations (r = 0.99, according to Figure 6, surface CMEMS subset). 
This correlation indicates a strong covariation of nitrate and phosphate in the analyzed 
coastal proxy data set. In the analyzed data set, a negative correlation was observed 
between PO4 and NH4 (r = −0.87), as well as between Si and NH4 (r = −0.91). These 
relationships are interpreted in the paper only as patterns of co-variation in a coastal proxy 
context, with no claims about biological mechanisms or competitive absorption. The 
relationship between spCO2 and surface CO2 flux (FgCO2) is weak and negative in this 
subset (r = −0.24; Figure 6). These results should be used as a descriptive proxy of the 
selected coastal context. In the surface subset, a negative relationship is observed between 
NO3 and NH4 (r = −0.84) and between PO4 and spCO2 (r = −0.66), as well as between NO3 
and spCO2 (r = −0.72) and Si and spCO2 (r = −0.61), which indicates that the relationships 
of nutrients and CO2 parameters in the coastal proxy context can change depending on 
space/time and the choice of variables. These results indicate the existence of co-variation 
structures among chemical parameters in the analyzed coastal proxy set. They support 
the inclusion of multiple parameters as candidate variables in future models. These 
findings are interpreted as correlation structures in the coastal (surface) CMEMS proxy 
framework and serve for the selection of input variables and the design of DSS warnings; 
operational predictive accuracy and causal mechanisms must be confirmed by time-aware 
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validation on high-frequency RAS/aquaponics data in the pilot phase. Statistically 
significant correlations indicate structured interdependencies and patterns in the 
reference (proxy) coastal context, which supports the inclusion of variables as candidate 
inputs to future models in the pilot phase. These findings do not represent a validation of 
the accuracy of the predictive model, but an argument for the relevance of the variables 
and the need for time-aware validation on high-frequency RAS data. These empirical 
indicators from EU databases do not represent the final validation of model performance, 
but support the selection of candidate variables and the identification of seasonal proxy 
patterns for future pilot testing. 

4. Proposed AIoT Model for Aquaponics 
The proposed AIoT model represents a framework for decision support in 

aquaculture and aquaponics systems, but at this stage it is not presented as an empirically 
validated operating system. It links technical and biological data to DSS recommendations 
for resource management, while actual effects on efficiency, system stability and 
production must be confirmed in a pilot phase. The model is based on data from the sensor 
layer, including temperature, pH, dissolved oxygen, ammonia/ammonium, EC/TDS, 
water flow, feed intake and, when available, biological indicators such as fish behavior, 
spatial distribution, growth and mortality. These data can be used in the future pilot phase 
to test models such as Random Forest, LSTM, and XGBoost, whereby each model must be 
compared with base methods, such as persistence forecast, moving average, and rule-
based threshold control. In the proposed hybrid approach, LSTM would be used to 
monitor weather patterns and short-term oscillations of water quality, Random Forest for 
risk classification and assessment of the importance of input variables, while XGBoost 
could be used for more accurate prediction of continuous operational indicators, such as 
changes in water quality, energy consumption, or biomass. The final DSS 
recommendation would not be based on a single algorithm, but on a comparison of model 
outputs, the level of uncertainty, and pre-defined rules for warning, human confirmation, 
or fail-safe mode. 

In the AIoT approach, data collection is realized through sensor telemetry (IoT), 
while the AI layer can support prediction, risk classification, and generation of DSS 
recommendations in real time, supported by a DSS for operational decision-making 
(Figure 7). 

The proposed DSS module envisages the possibility of developing algorithms to 
support feeding planning based on sensor inputs and predictive models, with the aim of 
future testing of adaptive feed dosing in pilot conditions. These computational 
components work in synergy with the biological dynamics modules, which assess the 
impact of water quality on fish growth and identify water not only as a physical resource 
but also as a key cost and constraint factor. An important contribution of this model is 
reflected in the proposed possibility of integration of physiological parameters of fish and 
plant biomass in complex aquaponic systems. The model proposes a multi-criteria DSS 
logic that can support decision-making related to operational costs, resource efficiency, 
system stability, and economic viability, where these effects are treated as scenario 
assumptions until pilot validation. In this approach, water is viewed both as a limiting 
resource and as a cost component, as treatment, recirculation, and energy requirements 
directly affect the operational efficiency of the system. The relevant literature emphasizes 
that models for sustainable aquaculture should not remain limited to laboratory 
conditions, but should also include operational factors, such as energy prices, regulatory 
requirements, system capacity, and market conditions. This design can support the 
analysis of the sensitivity of the system to external factors, such as changes in energy 
prices, regulatory requirements, and market pressures, thereby contributing to better 
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planning and management, noting that robustness must be assessed through stated 
scenario assumptions. Scenario modules are proposed as part of a framework that can 
allow testing of different strategies without immediate risk to the biological system, which 
can be useful for planning pilot applications and evaluating scenarios in resource-limited 
areas, such as Cyprus. In contexts with limited water resources, this approach may be 
useful for data-driven planning of more efficient production, but actual effects must be 
confirmed through pilot application. 

 

Figure 7. Proposed AIoT model structure for aquaponics monitoring, prediction, and DSS support. 

The proposed framework envisages the monitoring of operational indicators, such as 
energy consumption, water consumption per production unit, food intake, and water 
quality stability. The scenario modules can enable testing of strategies without risk to the 
biological system, which is relevant for regions with limited resources (e.g., Cyprus), 
where the efficiency of water and energy consumption directly affects the sustainability 
of production. This can help in assessing the possible cost effects and security constraints. 
The system does not make decisions independently, but uses collected data and analytics 
to support managerial decision-making through scenario assessment of ROI/NPV 
indicators and operational goals. In cases of increased model uncertainty, conflict between 
algorithms, missing data, or detected sensor drift, the system should issue a warning, 
block automatic intervention, or request operator confirmation. Given the 
multidisciplinary nature of the approach, the framework is aligned with contemporary 
research that emphasizes the importance of AI technologies in sustainable aquaculture, 
while broader effects on rural development require specific empirical and socioeconomic 
verification [63]. 

In accordance with the concept of “responsible learning”, the framework includes 
data quality control, monitoring of changes in patterns (drift), explainability of decisions 
(XAI), and the possibility of manual confirmation of interventions (human-in-the-loop), 
which increases the safety and trust of users (Figure 8). Although full validation requires 
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pilot application in real conditions, at this stage the framework provides a structured basis 
for strategic planning and design of AIoT solutions for smart aquaponic systems. 

 

Figure 8. Integrated AI and sensor-based decision model for aquaponic resource management. 

The analysis of open biogeochemical data (CMEMS, coastal zone of Cyprus, January 
2025, surface layer) is used exclusively as a reference/proxy context for (i) seasonality 
verification and (ii) feature interdependence analysis, in order to argue the choice of input 
parameters and define hypotheses for future modeling; these data do not constitute 
calibration or validation of a closed RAS/aquaponics system. Key water quality 
parameters—nitrates (NO3), phosphates (PO4), ammonia (NH4), silicate (Si), as well as free 
and partial pressure values of carbon dioxide (fCO2 and spCO2) are mapped to the sensor 
layer as candidates for monitoring and future predictive models in the pilot phase (on 
operational RAS data), while CMEMS serves for contextual analysis of the relationship 
between variables [64,65]. The observed correlations between NO3, PO4, NH4, and Si 
indicate patterns of co-variation in the coastal proxy dataset, which supports their 
consideration as candidate variables for future pilot models, but does not confirm their 
predictive value in a closed RAS/aquaponics system. In a future pilot system, AI models 
can be tested to relate oscillations of water quality parameters to feeding regime and 
biological indicators of fish. Such a link could support more adaptive food dosing 
planning, but only after validation of operational data. The FgCO2 and spCO2 parameters 
in the CMEMS suite can help to understand proxy gas relationships in a coastal marine 
context, but should not be directly transferred to a closed RAS/aquaponics system without 
pilot testing. LSTM networks can be tested in the future pilot phase for predicting 
temporal oscillations of relevant water quality parameters. Silica may be relevant in 
coastal biogeochemical analyses, but its direct role in a closed aquaponics system must be 
carefully defined and experimentally confirmed. A relationship between nutrient 
availability and the plant segment of the system may be considered in a future pilot 
design, but this relationship cannot be proven based on CMEMS proxy data. In Cyprus, 
where water and seasonal resources are limited and variable, this approach is of 
importance [64–70]. According to [62,63], this concept is fully aligned with the modern 
principles of integration of AIoT technologies within smart agriculture and sustainable 
development. AIoT interoperability and modularity of the architecture can support future 
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scaling of the solution, provided reliability, security, and transparency are confirmed 
through pilot validation and local adaptation. 

Integrative Evaluation Methodology of AI Model 

An integrative AIoT model evaluation methodology is proposed that links data 
quality, technical model metrics, DSS actions, and economic scenario indicators [71–73]. 
This methodology is intended for future pilot validation and does not represent an 
already implemented empirical evaluation. It consists of several main stages: data 
acquisition and evaluation, model training and comparison, selection of assessment 
metrics, linking model metrics with DSS actions, evaluation of individual and integrated 
models, integrated assessment, and comparison with baseline approaches. 

The evaluation methodology includes the following stages. First, it is necessary to 
collect high-frequency operational data that reflect the real characteristics and dynamics 
of the specific RAS/aquaponics system. To ensure the reliability of input data, an initial 
expert assessment of data quality and relevance of variables is recommended. When 
multiple qualified experts participate in an assessment, inter-rater reliability can be 
calculated to document agreement between raters. 

Models such as LSTM, XGBoost, and Random Forest should be trained and evaluated 
on time-separated pilot data, comparing individual models, ensemble approaches, and 
baseline methods. The goal is to reduce the bias that occurs when algorithms are evaluated 
in isolation, without considering their combined role in the DSS. It is necessary not only 
to evaluate the accuracy of individual models, but also to understand their roles in the 
decision support system. In the proposed evaluation, LSTM would be used for weather 
patterns and short-term oscillations of water parameters, Random Forest for risk 
classification and evaluation of the importance of variables, while XGBoost would serve 
for the prediction of continuous operational indicators. This defines the division of roles 
between the models before their integration into the DSS logic. 

Selection of the assessment metrics for individual machine learning algorithms. 
According to the considered algorithms, these metrics should be based on accuracy 
assessment metrics, such as precision, recall, and F1-score, as well as regression-like 
metrics, such as RMSE, MAE, and MAPE, for time series forecasting tasks. For continuous 
variables, such as temperature, pH, dissolved oxygen, ammonia/ammonium, EC/TDS, 
and energy consumption, RMSE, MAE, and MAPE will be used. For events/alerts, such 
as exceeding thresholds, anomaly detection, or risk classification, precision, recall, and F1-
score will be used. 

The technical metrics of the model must be linked to concrete DSS actions. For 
example, if the model shows high uncertainty, if the input data is noisy, or if the outputs 
of different models do not agree, the DSS should issue a warning, block intervention, or 
require operator confirmation. With this, technical metrics are viewed as a basis for 
practical DSS decisions: warning, postponing intervention, requesting human 
confirmation, or switching to fail-safe mode. Economic indicators, such as ROI, NPV, or 
changes in energy, water, and food costs, should be analyzed as a scenario layer and 
linked to actual pilot records only after the collection of operational data. 

Individual models should be evaluated separately, and then within an integrated 
DSS, to assess whether a combination of models and decision rules provides better results 
than simple baseline approaches. 

Integrative evaluation should include comparison with basic approaches, such as 
persistence forecast, moving average, and rule-based threshold control. Conclusions 
about the effectiveness of the model can be formulated only after pilot validation, and not 
based on the architecture itself or proxy data. 
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This approach links model accuracy with DSS rules and economic scenario 
indicators. The key feature of this methodology is that the models are not only viewed in 
isolation, but also as part of a wider decision support system. In the pilot phase, individual 
models and eventual ensemble approaches will be compared with baseline methods, 
while DSS actions will be evaluated through warning thresholds, operator confirmation 
requirements, and fail-safe rules. Economic indicators will be treated as a scenario layer 
until actual operational data on energy, water, food, maintenance, and production 
performance is collected. Evaluation of the proposed AIoT model on real operational data 
is planned in a future pilot phase. 

5. Discussion 
Analysis of the January 2025 CMEMS coastal surface proxy data set indicates 

pronounced patterns of co-variation among selected nutrients, particularly nitrate (NO3), 
phosphate (PO4), and ammonium (NH4). Analysis of the CMEMS surface subset shows a 
very strong positive correlation between NO3 and PO4 (r ≈ 0.99), while NH4 shows a 
negative association with NO3 and PO4 (r ≈ −0.84 to −0.87), suggesting different co-
variation patterns of ammonium, nitrate, and phosphate in that proxy subset. These 
patterns may reflect a combination of biogeochemical processes and local influences in the 
coastal zone, but are treated here as proxy indicators for monitoring design, without 
causal claims. This co-variation supports the use of a multi-parametric approach in AIoT 
monitoring and DSS logic, while the operational meaning of such patterns must be 
confirmed in closed RAS/aquaponics pilot data. These findings suggest that nutrient 
parameters (NO3, PO4, NH4) may be relevant candidate inputs for the AIoT monitoring 
and DSS layer, but they do not confirm their predictive value in a closed RAS/aquaponics 
system. In the subset, spCO2 shows negative correlations with NO3, PO4 and Si (r ≈ −0.72, 
−0.66 and −0.61), while the relationship between FgCO2 and other variables is weak (e.g., 
FgCO2–Si r ≈ 0.02; FgCO2–NH4 r ≈ 0.14; FgCO2–spCO2 r ≈ −0.24). These results suggest that 
in the observed coastal (surface) context, spCO2 varies oppositely to nutrients and 
silicates, while the CO2 flux proxy (FgCO2) does not behave as a strong linear follower of 
nutrient variables in this subset. Such relations are relevant for the design of alerts and 
thresholds in DSS, especially for conservative interventions and human-in-the-loop 
confirmation when signals diverge or when deviations are outside the expected seasonal 
distributions. Within the “responsible learning” approach, multi-parameter monitoring 
and XAI (e.g., SHAP) serve to explain the contribution of each variable to the prediction 
and to reduce the risk of wrong interventions. 

By integrating these insights, DSS can use correlation patterns as part of feature 
selection and warning logic, while the actual predictive accuracy and transferability to 
closed RAS/aquaponics dynamics can be confirmed in the pilot phase on high-frequency 
operational data. The data collected by the sensors on the concentrations of NO3, PO4, and 
NH4 in the future pilot phase can be used to train and test models such as LSTM, Random 
Forest, and XGBoost. The AI layer generates recommendations (alerts + decision support) 
when it detects risky combinations (e.g., growth of NH4 and fCO2), while execution of 
interventions is foreseen in future implementation with fail-safe logic and human-in-the-
loop confirmation. The key advantage of the proposed framework is its potential to 
function as part of a wider adaptive mechanism, in which biological indicators, such as 
organism growth and the efficiency of food and water use, can be incorporated as 
feedback during pilot implementation. The AIoT framework can extend classical 
monitoring approaches by connecting sensor data, predictive models, DSS rules, and 
human control. The consequence of this approach is a more precise and sustainable 
management of water resources per unit of production, although its biological and 
economic effects must be empirically confirmed in the pilot phase. 
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Compared to conventional approaches, which mainly rely on periodic monitoring 
and subjective human assessment, this model has the potential to improve risk 
management, timeliness of warnings, and transparency of decision-making. At this stage, 
the framework represents a structured basis for future pilot application on high-frequency 
operational data, which would empirically confirm the performance and reliability of the 
model in real conditions. Pilot validation should include time-aware data partitioning, 
comparison with baseline models, RMSE, MAE, and MAPE metrics for continuous 
variables, precision, recall, and F1-score for events/alerts, as well as documented fail-safe 
rules for DSS interventions. Promoting digital literacy and strengthening partnerships 
between research institutions, manufacturers, and local authorities can actively contribute 
to building more resilient rural communities. This aspect is relevant for the Mediterranean 
context (e.g., Cyprus), where digital infrastructure, personnel education and institutional 
readiness are prerequisites for a sustainable AIoT transformation of aquaculture. 

5.1. Return on Investment (ROI) Analysis in Closed Aquaponics Systems 

Based on publicly available contextual data on aquaculture in Cyprus and the EU, as 
well as scenario assumptions defined in the methodology, a framework of economic 
simulation was developed to compare different levels of digitization of aquaponics 
systems. Scenario simulations evaluate possible economic effects under defined 
assumptions about the CAPEX/OPEX structure, energy prices, food costs, system 
capacity, water regime, and degree of digitization. Within the proposed AIoT architecture, 
the detection of anomalies in fish behavior and water quality parameters is treated as a 
planned DSS functionality that requires pilot validation before any claims of reduced 
stress, mortality, or improved biological yield. The economic analysis, which used 
scenarios based on NPV and ROI calculations in a defined time horizon, may indicate a 
possible return on investment period of several years, depending on capacity, energy 
prices, the level of digitization, the size of the plant, and the subsidization of the digital 
infrastructure. It is important to emphasize that the ROI/NPV results in this work are 
scenario-based estimates, while full validation requires pilot implementation and 
empirical comparison with reference systems. 

The proposed framework can be relevant for rural areas with limited access to water, 
as it provides for more precise monitoring of water consumption, energy flows, and the 
relationship between the water and plant segments of the system. This synergy of 
technology and ecological approach can support the planning of green transition and 
digitization of rural communities, in accordance with the EU Green Deal strategy. In 
addition to technical and economic benefits, the proposed framework has wider social 
significance. By encouraging smart specialization and creating new high-tech 
occupations, this approach can contribute to the development of more sustainable 
agriculture and aquaculture, but these social and ecological effects are seen in this work 
as a broader context of application. This scenario analysis provides a basis for planning 
future pilot projects, development of evaluation standards, and experimental validation 
in cooperation with aquaculture centers and research institutions [74,75]. Cyprus was 
used as a reference Mediterranean context for the scenario analysis due to limited water 
resources, the importance of aquaculture, and the availability of public sector indicators. 
The model uses seawater quality data for the Cyprus area from the Copernicus Marine 
Environment Monitoring Service database [49]. These data, which include temperature, 
dissolved oxygen levels, and concentrations of nitrogen and phosphate compounds, are 
the basis for modeling biological and chemical processes in the coastal biogeochemical 
context as a proxy reference frame. Based on these data, three simulation approaches were 
developed: a basic model without automation, a conventional model with basic sensors, 
and an advanced system optimized by the application of artificial intelligence, which 
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includes adaptive management of nutrition in real time and continuous monitoring of 
water quality. Within aquaponic systems, special focus is placed on the plant segment, 
which includes limited space for plant growth and the need to carefully define the 
relationship between plant biomass, fish biomass, water flow, and biofiltration. This 
approach enables a comprehensive understanding of the functional balance of the system, 
in which biological, technical, and economic components work in mutual synergy, 
thereby achieving maximum efficiency and long-term sustainability of aquaponic 
production. This part of the model enables a comprehensive assessment of the 
development of aquaponic systems not only in the technical, but also in the economic 
context of sustainability. The parameters are aligned with modern experimental research 
on the effectiveness of aquaponic systems in limited climatic and spatial conditions. The 
results of the cumulative ROI are shown as scenario-based indicators of economic 
dynamics and serve primarily to compare the degree of digitalization and to plan pilot 
validation (Figure 9). 

 

Figure 9. Scenario-based cumulative Revenue/Cost ratio under different levels of aquaponic system 
digitalization. 

A five-year simulation was run to compare three approaches: one without digital 
support, one with limited sensor use, and one with manual data analysis. The goal of this 
analysis was to assess, under defined scenario assumptions, how different levels of 
digitization can affect operational costs, resource consumption, and ROI dynamics. The 
comparative analysis made it possible to quantify the effects brought by the introduction 
of advanced analytics and predictive algorithms—both at the level of reducing food and 
water consumption, as well as in terms of increasing energy efficiency and reducing 
operational risks. Definition of ROI in Figure 9: In this paper, ROI is shown as a 
cumulative ratio of revenue and costs (Revenue/Cost ratio) by year; a value of 1.0 indicates 
break-even. This metric was chosen for comparability of scenarios. 

The results show that the basic system has the slowest cumulative Revenue/Cost 
trajectory, while the traditional sensor system and the AI-optimized scenario achieve 
higher values during the five-year simulation period (Figure 9). Under the assumed 
scenario conditions, the AIoT-supported scenario shows the most favorable Revenue/Cost 
trajectory; however, the timing of break-even depends on assumed CAPEX, OPEX, energy 
prices, feed costs, production capacity, and expected savings. 

These indicators do not confirm operational economic effects of AIoT 
implementation; they only support the hypothesis that higher digitalization may improve 
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economic dynamics under defined scenario assumptions. Optimizing food, water, and 
energy, together with proactive systemic risk management, can support faster return on 
investment and lower operating costs, but these effects require empirical confirmation. 
These findings support the hypothesis that advanced analytics and predictive 
management can improve economic performance, but the final economic effect is 
confirmed only through pilot implementation and empirical comparison with reference 
systems. 

5.2. Limitations and Future Work 

While the proposed AIoT framework integrates multi-parameter sensing, predictive 
models, and a responsible DSS layer, several limitations remain. The contextual and 
correlation results are based on CMEMS data for the coastal zone of Cyprus, which are 
used as a proxy framework to support the design of multiparameter monitoring. That 
dataset represents open-marine conditions, not closed recirculating systems; it omits 
feeding regimes, biofilter activity, recirculation rates, and operational interventions. 
Consequently, the reported correlations among NO3, PO4, NH4, Si, and spCO2 serve only 
for feature selection and DSS alert logic. They do not demonstrate predictive performance 
in real RAS or aquaponics environments. 

Our sensor-layer design, communication protocols, and calibration procedures 
derive from manufacturer datasheets and published literature. Therefore, key parameters 
including end-to-end latency, packet loss, power consumption, and calibration stability 
under corrosive, biofouling RAS conditions require measurement on a physically 
deployed system during a pilot phase. Likewise, the predictive models (LSTM, Random 
Forest, XGBoost) and the Page-Hinkley drift detection algorithm need re-validation on 
high-frequency operational data before any threshold can trigger automated actions. 

As noted earlier, the ROI and NPV figures are scenario-based. Their values change 
with our assumptions about CAPEX/OPEX, energy and feed prices, system capacity, and 
the level of subsidy for digital infrastructure. Applying the framework outside Cyprus 
faces additional obstacles: broadband quality, regulations, and the readiness of local 
cooperatives and producers differ across regions. 

Social aspects, including operator acceptance of the system, training needs, and the 
legal framework for semi-automated decisions in food production, are considered only 
preliminarily. A full interdisciplinary effort, combining engineering, economics, and 
social sciences, is necessary before large-scale deployment becomes feasible. 

Future work will focus on four main tasks: (1) running a pilot at an actual 
RAS/aquaponics facility, with time-aware validation and a direct comparison to a non-
digitalized reference system; (2) measuring latency and energy consumption on a real 
edge gateway; (3) long-term monitoring to see how well the drift-detection algorithm 
holds up across different seasons and species; and (4) an ex-post economic evaluation that 
compares operating costs and yields between the AIoT-enhanced setup and the reference 
setup. 

6. Conclusions 
The innovativeness of the proposed AIoT aquaponic framework is reflected in the 

connection of sensor monitoring, predictive models, DSS logic, and responsible AI 
components to support the management of aquaponic systems. Broader effects on rural 
development, digital transformation, and long-term sustainability of communities 
represent potential future implications, but are not empirically confirmed in this paper. In 
the context of the Special Issue theme (“Responsible Learning in AIoT”), the framework 
emphasizes the reliability, transparency, and security of decision-making (XAI, drift 
monitoring, human-in-the-loop). This proposed AI system can contribute to the 
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sustainable management of aquatic agroecosystems. By combining sensor networks, 
machine learning and real-time analysis, the framework can support more accurate 
monitoring of water quality parameters, feeding regimes, and biological indicators of fish 
and plants. The great challenge of closed recirculation systems is overcome: excessive 
water consumption, high energy costs, and the difficult adjustment of the biomass ratio 
of plants and fish. The main value of the work lies in the comprehensive approach, which 
combines technical, ecological, and social aspects into a single whole. Using empirical 
indicators from open databases and scenario-based simulations, this research points to the 
potential of reducing operating costs, improving the efficiency of resource use, and 
strengthening system sustainability. Based on CMEMS/Eurostat open data, the analysis 
of seasonality and interdependence of variables additionally supports the choice of input 
parameters and the design of “multi-parameter” monitoring, but these findings are 
treated as a reference (proxy) framework, and not as a validation of a closed 
RAS/aquaponics system. Full validation requires future pilot implementation based on 
high-frequency operational farm data. ROI/NPV scenario analysis indicates possible 
economic trajectories under defined assumptions, but does not prove the profitability of 
the system without future pilot validation and comparison with reference systems. 
ROI/NPV findings in this study represent scenario assessments conditioned by model 
assumptions (e.g., energy prices, food cost, discount rate, system volume), and require 
empirical verification through a pilot and comparison with reference systems. This 
platform can serve as a foundation for the creation of policies that support rural 
development, digitization of agriculture, and better management of water resources. 

That is why it is important to simultaneously invest in education, institutional 
support, and involvement of local communities. Based on the analysis of the obtained 
data, we also offer practical steps for different actors: we advise manufacturers to 
gradually and modularly implement the model into existing systems; we advise policy 
makers to use this framework when designing subsidies, innovative programs, and smart 
specialization in the bioeconomy; we recommend that researchers further develop 
interoperable platforms, advanced AI models for ecosystem management, and examine 
the impact of these technologies on biodiversity and social inclusion. In AIoT 
implementation, the priority should be interoperability (standardized protocols), cyber-
resilience, and explainability of decisions to strengthen user trust and regulatory 
acceptability. This model is not only a way to increase production efficiency, but also a 
proposed technical and methodological framework—aquaculture that is intelligent, 
environmentally responsible, and socially just. It empowers local communities, connects 
advanced technology with real needs, and conserves natural resources. 
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Abbreviations 
The following abbreviations are used in this manuscript: 

AI Artificial Intelligence 
AIoT Artificial Intelligence of Things 
IoT Internet of Things 
RAS Recirculating Aquaculture System(s) 
DSS Decision Support System 
XAI Explainable Artificial Intelligence 
LSTM Long Short-Term Memory 
RF Random Forest 
XGBoost eXtreme Gradient Boosting 
DO Dissolved Oxygen 
NH4 Ammonium 
NO3 Nitrate 
PO4 Phosphate 
fCO2 CO2 fugacity 
spCO2 Dissolved CO2 speciation 
TDS Total Dissolved Solids 
EC Electrical Conductivity 
pH pH 
SHAP SHapley Additive exPlanations 
ROI Return on Investment 
NPV Net Present Value 
IRR Internal Rate of Return 
RMSE Root Mean Squared Error 
F1-score F1 score 
EU  European Union 
FAO  Food and Agriculture Organization of the United Nations 
Eurostat  Statistical Office of the European Union 
EUMOFA  European Market Observatory for Fisheries and Aquaculture Products 
EEA  European Environment Agency 
CMEMS  Copernicus Marine Environment Monitoring Service 
CDS  Copernicus Climate Data Store 
JRC  Joint Research Centre 
STECF  Scientific, Technical and Economic Committee for Fisheries 
CAPEX  Capital Expenditure 
OPEX  Operational Expenditure 
MAPE  Mean Absolute Percentage Error 
MAE  Mean Absolute Error 
PHT  Page-Hinkley Test 
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