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ABSTRACT 

	The advancement of digital technology has accelerated the transformation of aquaculture management, including floating net cage (FNC) systems that operate under dynamic open-water conditions. This review synthesizes validated literature on smart monitoring technologies for supporting sustainable FNC aquaculture, with emphasis on Internet of Things (IoT)-based water quality monitoring, automated feeding, machine learning applications, and edge-computing integration. Following a systematic literature review procedure guided by PRISMA, the initial reference set was screened and corrected through reference validation, and only traceable and thematically relevant sources were retained for the final synthesis. The reviewed studies indicate that IoT-based systems improve real-time observation of key water quality parameters, including temperature, dissolved oxygen, pH, salinity, turbidity, and ammonia, thereby supporting faster operational responses. Automated feeding technologies can improve feed management and reduce organic waste, while machine learning and edge computing support the transition from descriptive monitoring to predictive and adaptive aquaculture management. However, field implementation remains constrained by sensor calibration, biofouling, power supply, network stability, limited long-term validation, and user capacity. Overall, smart monitoring technologies have strong potential to improve productivity and environmental sustainability in FNC aquaculture, but wider adoption requires robust field-adapted designs, validated sensor protocols, interoperable platforms, and farmer-oriented capacity building.
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INTRODUCTION
Aquaculture plays an important role in supporting global food security and the supply of blue foods, but its expansion must be balanced with improved production efficiency and environmental management. Floating net cage (FNC) aquaculture is widely used in reservoirs, lakes, rivers, and coastal waters because it allows fish production in open-water environments without requiring extensive land conversion. In Indonesia, this system is commonly known as Keramba Jaring Apung (KJA). In this manuscript, the term Floating Net Cages (FNCs) is used consistently, while FNC is mentioned only to clarify the Indonesian context.
FNC systems are strongly influenced by environmental variability, including water temperature, dissolved oxygen (DO), pH, salinity, turbidity, currents, and organic loading from uneaten feed and fish metabolism. These factors can change rapidly in open-water environments and directly affect fish health, growth, survival, and surrounding water quality. Therefore, FNC management requires more adaptive and data-driven approaches than conventional periodic monitoring alone (Boyd, 2020; Føre et al., 2018).
The concept of smart aquaculture has emerged to address these challenges through digital monitoring, automation, and decision-support systems. IoT-based monitoring enables real-time acquisition and transmission of water quality data through sensors, microcontrollers, communication modules, and cloud or local platforms. Recent studies show that IoT telemetry systems can monitor multiple aquaculture parameters and provide remote access to data, supporting faster responses to environmental changes (Megantoro et al., 2024; Shete et al., 2024).
In addition to water quality monitoring, automated feeding systems are increasingly important in FNC aquaculture because feed represents a major production cost and a major source of organic waste when poorly managed. Automated feeding can regulate feeding time, frequency, and dosage more consistently than manual practices. When connected to environmental sensors or decision-support rules, feeding systems can be adjusted according to water quality and operational conditions, thereby supporting feed efficiency and reducing waste discharge (Pranoto et al., 2024; Setiawan and Surantha, 2024).
Smart aquaculture is also moving toward intelligent and predictive management through machine learning, deep learning, and edge computing. Machine learning can be used to classify biological conditions, detect anomalies, and predict water quality trends, while edge computing can reduce dependence on unstable networks by processing data closer to the farming site (Ahmed et al., 2023; Dharmarathne et al., 2025; Kerlooza et al., 2025). These technologies are particularly relevant for FNC systems, where network stability, power availability, and environmental exposure remain critical constraints.
Despite these advances, smart monitoring in FNC aquaculture still faces several unresolved challenges. Many studies remain at prototype or short-term testing stages, and direct comparisons among technologies are difficult because of differences in sensors, species, culture environments, calibration procedures, and evaluation metrics. This review therefore aims to synthesize recent and validated evidence on smart monitoring technologies for FNC aquaculture, evaluate their operational relevance, identify key implementation challenges, and propose future directions for more sustainable and field-adapted aquaculture management.
METHODOLOGY
This study employed a systematic literature review (SLR) approach to examine the development of smart monitoring technologies for FNC aquaculture. The review was guided by the PRISMA 2020 framework to improve transparency in identification, screening, eligibility assessment, and reporting (Page et al., 2021). The SLR approach was selected because it allows structured synthesis of fragmented evidence from engineering, aquaculture, environmental monitoring, and digital technology studies (Tranfield et al., 2003).
The literature search was conducted using Google Scholar, ScienceDirect, IEEE Xplore, and journal databases relevant to aquaculture technology and environmental monitoring. The keywords included combinations of “smart monitoring”, “Internet of Things”, “IoT aquaculture”, “floating net cage”, “keramba jaring apung”, “automated feeding”, “machine learning”, “edge computing”, “water quality monitoring”, and “sustainable aquaculture”. The publication period was limited primarily to 2018-2025 to capture recent developments while retaining seminal literature on precision fish farming and water quality.
The inclusion criteria were: (1) studies discussing IoT-based monitoring, automation, machine learning, edge computing, or water quality control in aquaculture; (2) studies relevant to open-water cage systems, pond systems, shrimp farming, or precision aquaculture concepts that could inform FNC implementation; and (3) sources with traceable publication metadata, including journal or proceedings information and DOI or accessible source links where available. The exclusion criteria were: (1) non-traceable or unverifiable references; (2) papers with metadata that could not be reconciled with official sources; (3) duplicate sources; and (4) studies not directly related to aquaculture monitoring, automation, or environmental management.
Following editorial reference validation, references that were marked as not valid and could not be traced to original sources were removed from both the in-text citations and the reference list. References with metadata mismatches were corrected using the verified publication details. As a result, the final synthesis was based on validated and thematically relevant sources rather than the original unverified reference set. The selected studies were analyzed qualitatively and grouped into five themes: IoT-based water quality monitoring, automated feeding, machine learning and edge computing, implementation challenges, and implications for sustainable aquaculture.
RESULTS AND DISCUSSION
The reviewed literature shows that smart monitoring technologies for FNC aquaculture are developing across interconnected themes rather than as isolated devices. IoT-based monitoring remains the dominant focus because water quality changes directly affect fish performance and environmental risk. Automated feeding, machine learning, and edge computing represent more advanced stages of digital aquaculture because they move the system toward decision support and adaptive control. However, the evidence also shows that many technologies are still limited by field durability, calibration, interoperability, and user adoption. Table 1 summarizes the major themes identified in the revised synthesis. 
Table 1. Trend in Smart Monitoring Technology for Floating Net Cage Aquaculture
	No
	Research Theme
	Focus of Study
	Technology Examples
	Relative emphasis

	1. 
	IoT-based water quality monitoring in floating net cages (FNC)
	Monitoring aquatic environmental parameters in real-time in open water FNC systems 
	Sensor pH, DO sensors, Temperature sensors, Salinity sensors, IoT platforms
	High

	2. 
	Automation of feeding systems in FNC
	Efficient feed management to improve productivity and reduce waste
	Auto feeder, timer, biomass sensors
	Moderate to high

	3. 
	Integration of intelligent systems (machine learning dan edge computing)
	Data processing and utilization to support smart decision-making
	Machine learning, edge computing, deep learning
	Emerging

	4. 
	Challenges in implementing smart monitoring in FNC
	Technical and non-technical constraints in technology application in aquaculture environments
	Networking connectivity issues, biofouling, limited human resources
	High

	5. 
	Capacity building and enabling factors
	The impact of technological implementation on production efficiency and environmental sustainability
	Integrated systems, feed efficiency technologies, environmental management tools
	Cross cutting


Source: Authors’ compilation derived from the synthesis of 50 selected articles using the PRISMA framework.
As presented in Table 1, the reviewed studies indicate that IoT-based water quality monitoring is the most dominant research theme in smart monitoring development for floating net cage (FNC) aquaculture systems. This finding highlights the importance of real-time environmental monitoring in maintaining optimal water conditions and supporting fish health in open-water aquaculture environments. Parameters such as pH, dissolved oxygen (DO), temperature, and salinity are the most frequently monitored variables due to their direct influence on fish metabolism, growth, and survival (Boyd, 2020; Føre et al., 2018).
In addition, automated feeding systems represent another major research focus, reflecting the increasing need to improve feed efficiency and reduce operational waste in aquaculture practices. Automated and IoT-supported aquaculture systems can improve feeding consistency, support operational efficiency, and strengthen data-driven aquaculture management (Pranoto et al., 2024; Setiawan and Surantha, 2024). The integration of intelligent systems, including machine learning and edge computing, further demonstrates the transition toward data-driven and predictive aquaculture systems capable of supporting adaptive decision-making (Føre et al., 2018; Dharmarathne et al., 2025).
However, several studies also emphasize the challenges associated with implementing smart monitoring technologies in aquaculture systems, particularly related to network stability, sensor reliability, system integration, and user adoption (Shete et al., 2024; Dharmarathne et al., 2025; Setiawan and Surantha, 2024). These constraints indicate that although smart monitoring technologies have considerable potential to support sustainable aquaculture, further improvements in system integration, infrastructure, and user capacity are still required for broader implementation.
3.1. IoT System Framework in Floating Net Cages (FNC) Aquaculture
The application of Internet of Things (IoT) technology in floating net cage (FNC) aquaculture has become an essential approach to improving production efficiency and environmental sustainability in open-water systems. Unlike conventional monitoring methods, IoT-based systems enable continuous, real-time observation of aquaculture conditions, allowing farmers to respond more quickly and accurately to environmental changes. This is particularly important in FNC systems, where environmental conditions are highly dynamic and directly influence fish health and productivity (Føre et al., 2018).
The workflow of IoT-based smart monitoring begins with data acquisition through sensors that continuously measure key water quality parameters such as temperature, pH, dissolved oxygen (DO), and ammonia concentration. These data are transmitted through communication networks, including Wi-Fi, GSM, or LoRa, to cloud-based platforms or local servers. The collected data are then processed and analyzed using IoT platforms, and in more advanced systems, integrated with machine learning algorithms to support predictive analysis and anomaly detection. The results are visualized through dashboards or mobile applications, enabling remote monitoring and data-driven decision-making. Finally, automated responses can be executed through actuators such as auto feeders and aerators, forming a closed-loop system that enhances operational efficiency and reduces manual intervention (Shete et al., 2024; Dharmarathne et al., 2025). The overall workflow of IoT-based smart monitoring in FNC aquaculture is illustrated in Figure 1
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Figure 1 Workflow of IoT-based smart monitoring system in floating net cage (FNC)
Source: Developed by the authors based on Føre et al. (2018), Megantoro et al. (2024), and Føre et al. (2018); Dharmarathne et al. (2025).
The workflow presented in Figure 1 illustrates a closed-loop control system in which real-time data collection and analysis enable adaptive management in aquaculture operations. This approach supports precision aquaculture by allowing timely interventions, such as adjusting feeding strategies or improving aeration based on environmental conditions. As a result, IoT-based systems can reduce operational risks and improve productivity while minimizing environmental impacts (Føre et al., 2018).
In addition to system workflow, smart monitoring technologies in FNC aquaculture can detect a wide range of environmental and biological parameters that are critical for maintaining optimal culture conditions. Water quality parameters, including temperature, dissolved oxygen, pH, salinity, turbidity, and ammonia, are the most important variables influencing fish metabolism, growth, and survival (Boyd, 2020). Environmental parameters such as water currents and weather conditions also play a significant role in open-water aquaculture systems, as they affect nutrient distribution and waste dispersion. Furthermore, recent advancements in smart aquaculture have enabled the monitoring of biological indicators, such as fish behavior and feeding response, through imaging technologies and artificial intelligence, which further enhance decision-making accuracy Wang et al (2021).
The key parameters monitored in smart aquaculture systems are presented in Table 2.
Table 2 Key parameters monitored in smart aquaculture systems
	Category
	Parameter
	Function

	Water Quality
	Temperature
	Affects fish metabolism and growth

	Water Quality
	Dissolved Oxygen (DO)
	Essential for respiration

	Water Quality
	pH
	Indicates water condition

	Water Quality
	Ammonia
	Toxicity indicator

	Environment
	Water Current
	Influences waste dispersion

	Biological
	Fish Behavior
	Indicates fish health condition


Source: Compiled by the authors from Boyd (2020), Føre et al. (2018), and Wang et al (2021).
As shown in Table 2, water quality parameters remain the primary focus of IoT-based monitoring systems, as they directly determine aquaculture performance. Among these parameters, dissolved oxygen and temperature are particularly critical in high-density FNC systems, where rapid environmental fluctuations can occur. The inclusion of environmental and biological parameters reflects the advancement of aquaculture toward a more integrated and data-driven management system, commonly referred to as precision aquaculture (Føre et al., 2018; Wang et al., 2023).
The effectiveness of IoT-based monitoring systems is influenced by multiple interacting factors, including technical, environmental, and human-related aspects. Technical factors such as sensor accuracy, calibration, biofouling, and network stability are major challenges, especially in open-water environments where conditions are difficult to control. Biofouling, in particular, can significantly reduce sensor performance over time, leading to inaccurate data (Shete et al., 2024; Dharmarathne et al., 2025). Environmental factors such as water currents, waves, and temperature fluctuations further affect system reliability and data consistency.
In addition, human factors including technological literacy, operational skills, and financial capacity play a critical role in determining the success of IoT adoption in aquaculture systems. Without adequate knowledge and resources, the implementation of smart monitoring systems may not be fully optimized. Therefore, successful implementation requires not only technological advancement but also improved system integration and capacity building among aquaculture practitioners.
These influencing factors are summarized in Table 3.
Table 3 Factors affecting the performance of IoT-based monitoring systems in FNC
	Category
	Parameter
	Function

	Technical
	Sensor accuracy
	Affects data reliability

	Technical
	Biofouling 
	Reduce sensor performance

	Technical
	Network stability
	Disrupts data transmission

	Environmental
	Water current
	Affects sensor reading

	Environmental
	Temperature fluctuation
	Influences fish condition

	Human 
	Technical skills
	Affects system operation

	System
	Integration level
	Determines system efficiency


Source: Compiled by the authors from Føre et al. (2018), and Føre et al. (2018); Dharmarathne et al. (2025).
As presented in Table 3, the performance of IoT-based monitoring systems depends on the interaction between various factors. Technical limitations and environmental variability remain key challenges, particularly in FNC systems exposed to open-water conditions. Meanwhile, human and system-related factors determine the level of adoption and effectiveness of technology. Therefore, future development of smart aquaculture systems should focus on improving system robustness, integration, and user accessibility to support sustainable aquaculture practices (Abdelrahman et al., 2021).
3.2. IoT Based Water Quality Monitoring in Floating Net Cages
Based on a review of the literature, the use of the Internet of Things (IoT) has become the primary approach in the development of smart monitoring systems for floating net cages (FNC), which typically operate in open waters (reservoirs, lakes, and the ocean) with highly dynamic environmental conditions. This system enables real-time and continuous monitoring of water quality parameters such as temperature, pH, dissolved oxygen (DO), turbidity, salinity, and ammonia, making it highly relevant for FNC conditions influenced by currents, stratification, and daily fluctuations. Studies by Megantoro et al. (2024), Rahmat et al. (2024), Qomaruddin et al. (2024), Adi et al. (2024), Satra et al. (2024), and Shete et al. (2024) demonstrate that integrated sensors can enhance monitoring effectiveness compared with conventional manual methods.These findings are consistent with Dharmarathne et al. (2025); Fu and Niu (2023), who confirmed improved monitoring efficiency in IoT-based systems.
In the context of cage aquaculture (FNC), IoT systems also function as early warning systems to rapidly respond to drops in dissolved oxygen (DO), temperature spikes, or ammonia increases—phenomena often caused by changes in currents and organic loads around the cages. Several studies indicate that fluctuations in these parameters are directly correlated with fish stress and mortality Boyd (2020); Shete et al. (2024). With real-time monitoring, aquaculturists can immediately take actions such as adjusting stocking density, providing additional aeration, or changing feeding strategies. This underscores the role of IoT in maintaining the stability of cage aquaculture environments, which are vulnerable to rapid changes.
However, technical limitations remain, particularly regarding sensor accuracy in flowing water environments and the need for periodic calibration. Satra et al. (2024); Shete et al. (2024) and Satra et al. (2023) demonstrated that variations in depth, current, and biofouling can affect sensor readings in cage aquaculture. Dharmarathne et al. (2025) also emphasize that sensor degradation in open waters poses a challenge for long-term implementation. Therefore, improving device durability and developing FNC-specific calibration protocols are critical needs.
3.3. Automated Feeding Systems in Floating Net Cages (FNC)
The development of automatic feeding systems is a crucial component of smart monitoring of floating net cages, as it is directly linked to cost efficiency and environmental impact in open waters. Pranoto et al. (2024), Dwijayanti et al. (2025), and Setiawan and Surantha (2024) indicate that automated and smart aquaculture systems can support more consistent feeding management, operational efficiency, and technology-based aquaculture management. These findings align with those of Vinoth Kumar et al. (2022), who reported improvements in feed conversion ratio (FCR) efficiency and reductions in operational costs.
In the context of cage aquaculture (FNC), excess feed is immediately dispersed by currents and contributes to increased organic load, local eutrophication, and reduced water quality around the cages. Therefore, precise feed control is key to minimizing waste (Boyd 2020; Føre et al. 2018). Automated systems allow for feed adjustment based on the actual conditions of the fish and the environment, making them more efficient and environmentally friendly. Current trends indicate the integration of automated feeding systems with water quality sensors in FNCs. These findings are supported by Pranoto et al. (2024), Dwijayanti et al. (2025), and Setiawan and Surantha (2024), who indicate that automated and smart aquaculture systems can improve feeding consistency, operational efficiency, and technology-based aquaculture management. This approach aligns with the concept of precision aquaculture, which is highly relevant for FNCs due to their high environmental variability and the need for rapid, data-driven responses.
3.4. Integration of Intelligent Systems : Machine Learning and Edge Computing
Advances in smart monitoring for floating net cages are also leading to the integration of machine learning and edge computing to enhance analytical capabilities in open-water conditions. Kerlooza et al. (2025) demonstrate that edge computing enables local data processing at the floating net pen site, thereby reducing reliance on networks that are often unstable at sea. This is reinforced by Fu and Niu (2023), who state that decentralized processing improves system efficiency and reliability.
Meanwhile, machine learning enables water quality prediction and anomaly detection triggered by changes in currents, weather, and activities around the FNC. Dharmarathne et al. (2025) emphasized that machine learning and IoT integration can support water quality assessment, trend prediction, and decision-making in environmental monitoring systems. Consequently, Smart aquaculture systems are evolving from descriptive monitoring to predictive and adaptive systems. However, the main challenge lies in the quality and continuity of data from the dynamic FNC environment. Dharmarathne et al. (2025) emphasize that model performance is highly dependent on stable, interference-free sensor data. Therefore, the integration of reliable hardware and appropriate algorithms is key to the success of smart systems in FNC.
3.5. Challenges in Implementing Smart Monitoring in FNC Systems
The implementation of smart monitoring in floating net cages faces more complex challenges than closed-system aquaculture due to the nature of open waters. Network disruptions, limited energy sources, and environmental exposure remain important constraints for smart aquaculture systems, particularly when data transmission and processing depend on unstable field connectivity (Fu and Niu, 2023; Kerlooza et al., 2025). Additionally, biofouling on sensors in floating net cages accelerates accuracy degradation and increases maintenance requirements.
From a systems perspective, many technologies are still being developed in isolation and have not yet been integrated into a comprehensive platform for FNC. This results in the data generated not being fully utilized in operational decision-making. Ananthan et al. (2022) emphasizes the importance of system integration in the digital transformation of the fisheries sector. Human resources are also a determining factor. Setiawan and Surantha (2024) show that aquaculturists’ digital literacy remains a barrier to technology adoption. In FNC, which are often located in remote areas, the need for training and mentoring becomes increasingly important so that the system can be operated and maintained independently.
3.6. Implications for Sustainable Aquaculture in FNC Systems
The implementation of smart monitoring in floating net cages (FNC) provides a significant contribution to sustainable aquaculture, particularly in reducing environmental impacts in open-water systems. This technology enhances production efficiency by minimizing excessive inputs and enabling better control of water quality around the cages. This is important because FNC systems are often associated with issues such as eutrophication and water quality degradation. From a management perspective, data-driven systems enable faster and more adaptive decision-making in response to dynamic environmental conditions in FNC systems. Farmers can optimize stocking density, feeding practices, and responses to fluctuations in water quality with greater precision. This aligns with sustainability principles that emphasize the balance between productivity and environmental conservation (Ananthan et al., 2022).
Therefore, smart monitoring in FNC systems not only serves as a technical support tool but also acts as a foundation for transforming aquaculture into a more modern, adaptive, and environmentally friendly system. In the future, technological development should focus on stronger system integration and be tailored to the specific needs of FNC systems to ensure broader and more sustainable implementation.
CONCLUSION
Based on the synthesis of various studies, the development of smart monitoring technology in floating net cage (FNC) aquaculture plays an increasingly important role in supporting sustainable aquaculture. The use of IoT in water quality monitoring has become a key component, as it enables real-time data acquisition and improves the speed and accuracy of decision-making. In addition, automated feeding systems have been proven to enhance operational efficiency while reducing input waste and environmental impacts. The integration of technologies such as machine learning and edge computing further promotes the development of more predictive and adaptive aquaculture systems.
However, the implementation of these technologies still faces several challenges, particularly related to sensor accuracy, network stability, and the readiness of human resources to adopt such innovations. Therefore, future development should focus on improving system reliability, technological integration, and user capacity to ensure the optimal and sustainable implementation of smart monitoring in FNC aquaculture.
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