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Abstract

Aquaculture industry is a major contributor to the world’s food supply and therefore
provides food security globally. However, many problems exist for the development of the
industry; they include poor disease control, lack of sufficient workers, and inefficient use
of resources. The advent of big data and Artificial Intelligence (AI) technologies presents
an opportunity for the aquaculture industry to utilize these technologies to improve op-
erational practices in the entire industry. A proposed framework for a decision-making
support system, utilizing a multi-source data hub will be established to enhance current op-
erational practices in aquaculture. This framework will be designed to collect and integrate
multiple types of big data from aquaculture (environmental data, trading data, and data
from Internet sources), and then create a common platform for accessing and processing the
collected data. Four main modules will be created: monitoring environmental factors for
shrimp farming, sharing shrimp farming equipment, calculating costs/profits associated
with shrimp farming, and predicting price changes. Experimental prototypes of web-based
systems will be built and tested to evaluate their performance. Ultimately, the proposed
framework will provide users with a user-friendly platform to access the analysis results
and recommendations provided to support decisions made during shrimp aquaculture
production. Therefore, our work will serve as a reference point for the adoption of leading-
edge technologies into aquaculture production management and contribute to sustainable
growth of the aquaculture industry.

Keywords: smart aquaculture; data sharing hub; decision-making support; big data analytics

1. Introduction
Aquaculture industry plays a crucial role in the global food supply by ensuring food

security worldwide. Farmers can monitor environmental parameters, predict risks, and
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optimize production processes in real time, therefore improving productivity through the
application of technology [1]. The rise in big data and Artificial Intelligence (AI) technology
presents a promising opportunity to transform the whole industry. They enable the gath-
ering and storage of a vast amount of aquaculture information from various sources [2].
Internet of Things (IoT) technologies can gather information about the environment and im-
prove monitoring [3]. Big data and AI can transform this raw data into useful information
and actionable suggestions simultaneously. This can help the aquaculture industry improve
its production and management processes [2]. In this situation, decision-making support
frameworks are needed and are getting a lot of attention. These systems are combined
data from various sources, analyzing informative results and providing predictive models
or suggestions to support farmers’ decisions [4]. In aquaculture, many decision support
systems overlook aspects important to more than one stakeholder group [5]. Additionally,
these systems rarely utilize real-time analytics. Another problem is that people involved
in aquaculture cannot use and reuse these systems because they lack the technical skills,
financial resources, or infrastructure necessary to do so. Lacking knowledge of Information
Technology (IT) can hinder the effective use of decision-making support frameworks, re-
sulting in advanced technologies not being utilized to their full potential. For these systems
to benefit stakeholders, particularly farmers, more technical work and support are needed
to create solutions that are flexible and easily accessible.

Our paper aims to address these gaps in the field of smart aquaculture, adopting
big data and AI technologies. First, multiple data sources from aquaculture farming (e.g.,
farm environmental data, animal health data, satellite data, market data, operational data)
are separated and fragmented. The lack of data-integrated systems entails difficulties.
To address this issue, the paper proposes an integrated framework that facilitates the
connection and analysis of various data streams, which have not been thoroughly explored
in prior research. Second, there are distances between data and decisions, particularly
in aquaculture domain. The lack of effective applications that transform raw data into
valuable information and actionable insights remains a key limitation. We will develop a
decision-making support framework to narrow this gap and provide informed decisions.
There are four different use cases, including monitoring farm environment, sharing farm
equipment data, calculating costs/profits, and predicting prices. This framework is hoped
to optimize aquaculture operation practices. The framework is designed to gather, combine,
and analyze a wide range of aquaculture big data. Next, we establish a central data sharing
hub for sharing and processing various data streams. The research objectives include
the following:

Objective 1. Develop an integrated data framework for supporting aquaculture decisions.
Objective 2. Develop an experimental prototype and assess its performance.
The paper is organized as follows. In Section 2, we present an overview of ex-

isting aquaculture decision support frameworks, focusing on data-driven approaches.
Section 3 discusses proposed research models and experimental environment design.
Section 4 presents main findings, application prototype, and evaluation discussion.
Finally, Section 5 concludes and suggests future research directions.

2. Related Works
2.1. Aquaculture Decision-Making Support Frameworks

The developments and applications of advanced technologies, such as IoT, big data,
AI, etc., have recently transformed the aquaculture industry. Applications in aquaculture
can include health monitoring [6,7], farming environment management [8,9], nutrition and
care optimization [10], and production forecasting [11,12]. Various types of aquaculture
big data are generated and can provide valuable insights and practical applications in
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the industry. Through the application of data analysis methods, farmers can make more
accurate and timely decisions, contributing to minimizing risks in production and im-
proving crop productivity. Decision-making support systems are developed to integrate,
process, and visualize collected data to provide decision-making recommendations to
specific problems [13]. In agriculture, an Agricultural Decision Support System (ADSS) is a
computer system that uses data from multiple sources to provide and support informed
decisions [14]. In the aquaculture domain, most decision support systems (DSSs) only
consider certain aspects and fail to integrate factors relevant to multiple stakeholders [5].
Table 1 summarizes the key characteristics of previous DSS in aquaculture.

Table 1. Comparison of aquaculture DSS frameworks.

DSS Name Decision Support Task Technology Data Source Supporting
Period

Cage Aquaculture
Decision Support

Tool (CADS_TOOL)
Halide et al.
(2009) [15]

Manage and develop
cage fish farming in

marine environments:
- Site classification

- Site selection
- Stocking density

- Economic evaluation

Analytical hierarchy
process (AHP),

Simplified Modeling-On
growing-Monitoring

(SMOM)
Deploy in Java

application

- Water and substrate
qualities

measurements
- Hydrometeorology

- Socioeconomic
factors

Long-term

Data driven dynamic
decision support
system (DDDAS)

Shahriar and
McCulloch
(2014) [16]

Predict and assist in
closure management in

shellfish farms

Machine learning (M5P,
linear regression,
support vector

regression, linear
regression) and expert
rules to predict closure

Environmental
time-series data

(water temperature,
river flow, rainfall,

and salinity)

Ongoing

Water quality
management DSS

Su et al. (2020) [17]

Predict water quality
factors, visualizes data,

and provides early
warning

Dep learning models
(Xgboost, BP, long

short-term memory),
Spark framework

Water quality data
(dissolved oxygen,
water temperature,
pH, and ammonia

nitrogen)

Ongoing

Aquaculture
Case-Based

Reasoning (AQCBR)
Mathisen et al.

(2021) [18]

Predict the success of
aquaculture operations
based on prior cases of
aquaculture operations

Extended Siamese
Neural Networks

(ESNN)

700 field reports from
the EXPOSED project
covering aquaculture
operation outcomes

at three separate sites

Ongoing

Web-based public
decision support tool

Gangnery et al.
(2021)
[19]

Site selection,
environmental

interactions, and
aquaculture
management

AkvaVis tool:
Geographic Information

System (GIS), Web
Mapping Service (WMS)

Multidimensional
data covers a large

range of topics:
physical and

biological properties
of the ecosystem,
governance and

regulatory systems,
socio-economic

activities/usages,
and cultural aspects

of the study area.

Ongoing

Previous studies have developed many DSS in aquaculture, such as CADS_TOOL [15],
DDDAS [16], or AQCBR [18]. In the aquaculture domain, most decision support systems
only consider certain aspects, such as water quality prediction, site selection, or mortality
forecasting. They have not integrated management factors into the same decision-making
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platform. Additionally, the AkvaVis tool serves as a decision support tool in aquaculture for
site selection and management by integrating multiple indicators [19]. These tools use GIS
technology and web applications for data visualization and analysis. They also incorporate
various environmental and regulatory data relevant to aquaculture operations [20]. Many
models still depend on historical data or assumptions and have not effectively utilized real-
time data from IoT sensors and modern AI technologies. Therefore, the current research gap
lies in building an integrated, dynamic, and intelligent system that can process multi-source
data in real time and performing multi-dimensional predictive analysis.

2.2. Aquaculture Data Hub Ecosystem

The term big data refers to large volumes of datasets originating from various sources,
including legacy databases, operational files, social networks, sensors, or IoT network
devices [21]. Within the aquaculture sector, the rise in advanced technologies such as
IoT [22], AI [23,24], machine learning, deep learning algorithms [25], cloud computing
facilities [25–27], etc., enables the collection of large, diverse data stores from multiple
sources. Major difficulties associated with big data will be the need to store and scale it.
Therefore, complex data processing systems must be developed as systems that can grow as
needed to accommodate future expansion [28] and provide robust and scalable data storage
to accommodate the increasing volume of data generated [28]. Processing methods of this
type use many advanced tools and algorithms along with extensive technical expertise to
process vast amounts of data into useful information [29] and ensure the secure manage-
ment of data. In addition to the other security aspects described above, data encryption
and access controls must also be included as part of the system’s security requirements [30].
As a result of recent advancements in both data storage and processing technologies, there
has been an increase in the ability to collect, store, and manage large amounts of data [31].
Data hubs are centralized data platforms that can assist with addressing the problems
described above.

A data hub enables users to easily share and transfer data [32] by providing a common
data platform for the sharing and transfer of data in all its forms (including pre-processed)
and provides a centralized location for connecting multiple data sources. The data hub
comprises a central platform with additional components that connect to the central plat-
form; the central platform being the repository of data used by a multitude of applications
and services to ensure that the data is accurate and usable. Data hubs enable stakeholders
who may not have the technological savvy to track and monitor data through raw data
to consumption within data warehouses or data lakes. In the aquaculture and marine
domains, previous studies have explored various data hubs to enhance domain under-
standing and improve economic efficiency. Table 2 summarizes aquaculture data-hub and
data ecosystems.

Data hubs provide substantial benefits to both the economic viability and domain
knowledge of the aquaculture industry. In addition, there are other data hubs in the mar-
itime sector. The coastal data hub for the Caribbean was developed to create a centralized
database for collecting, processing, and monitoring environmental data across the coastal
area [37]. The coastal data hub can gather and integrate data from various sources, in-
cluding satellite images, sensors, and data collected by governmental agencies. A further
example of a platform to collect, preserve, and manage marine spatial data is the Marine
Spatial Data Infrastructure [38]. The hub provides a comprehensive view of the coastal
environment, supporting the monitoring of ecosystems and tracking climate change.
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Table 2. Comparison of aquaculture data hubs.

Name Platform Type Features Data Source Interoperability
Features

Security
Mechanism

Aquaculture
Innovation Hub

Allan et al.
(2008) [33]

Digital
Innovation Hub

(DIH)

Coordinate aquaculture
research and improve
interaction between

various stakeholders.
- Identify research

priorities
- Improve applied research

- Facilitate training.

Integrate
environmental and
technological data

from various
research efforts
and networks in
the aquaculture

sector.

Link data from
different sources

and domains,
facilitate

collaboration and
data sharing

among various
stakeholders.

Not detailed
explicitly

Aquaculture
production chain
metadata-based
KE governance

strategy
Raymond et al.

(2021) [34]

Knowledge
Engine (KE)

Survey, collect, and
classify multiple sources,

creating a metadata
catalog, using mapping
techniques, and testing

graph databases for
retrieving linked and

unified data on
production, pathology,
environment, and trade

for aquaculture.
Supports integrating new

datasets

Aquaculture
farming operation

production
systems and

practices, key
production

countries, diseases
of particular

interest or concern,
reportable diseases,

methods of
vaccination and
treatment, feed,

water quality and
water temperature.

Distribute
metadata from

different sources,
allowing access

through an
application

programming
interface (API).

Collective
benefit,

Authority to
Control, Re-
sponsibility
and Ethics

(CARE)
principles

AquaHubs
Sami et al.
(2022) [35]

DIH

Automated fish stock
estimation system to
promote cross border

cooperation and facilitate
technology transfer in the

aquaculture industry.

- Sonar data
- Underwater video

imaging via
aquatic drones

- Global
Positioning System

(GPS) data
- Metadata (depth,

temperature,
location, time)

- Integrate sonar,
drone video and
environmental

metadata
- Cloud-based

architecture
supports

multi-user data
sharing

- Data exchange
envisioned across

multiple DIHs and
end-users

Not detailed
explicitly

Maritime data hub
Sivkov (2017) [36] Data Hub

Utilize Arduino
microcontroller systems to
develop an IoT framework

for maritime data
collection, processing, and
transmission to the expert

control system

Collects data from
different types of

sensors relevant to
maritime

operations

Enable real-time
data collection and

processing,
supporting timely
decision-making

for maritime
operations.

Utilize low-cost
microcontroller

systems, capable of
easily

incorporating
additional sensors.

Secure data
transmission
Customizable

security

Data hubs’ benefits can include collecting and processing various data types, gen-
erating technical farming manuals, enhancing the technical capabilities of farmers, and
promoting international cooperative efforts in aquaculture research. Giuffrida et al. (2025)
evaluated how the implementation of the Findable, Accessible, Interoperable, and Reusable
(FAIR) data principles can support decision-making in aquaculture by improving pro-
duction efficiency [39]. However, the results also demonstrated that the adoption of data
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sharing principles in the aquaculture industry remains low, as there are limitations regard-
ing the availability of data infrastructures and standards for open data. Sevin and Dikel
(2025) surveyed API-based aquaculture research ecosystems that integrated AI, IoT, and
open databases [40]. The research results show that combining API and AI can facilitate
real-time data sharing. Previous works are limited by the incompatibility between data
systems, a lack of API standardization, and data security, and ethics issues when applying
AI in research.

Based on the research overview, it can be seen that the major gap in the field lies
between data and decision-making. Multiple data sources from aquaculture farming are
separated and fragmented. The lack of data-integrated systems entails difficulties. Addi-
tionally, developing models to convert raw data into useful information and knowledge for
practical operations is also important. Linking data to on-farm production contexts and
developing decision support tools remains quite limited, highlighting the urgent need to
build a more comprehensive, integrated framework. The development of an aquaculture
data hub is important, as the aquaculture sector is transitioning into digitalized transfor-
mations. A data hub will enable the centralization of data integration and sharing, linking
isolated pieces of information from various data sources. Improved data integration will
lead to improved quality, reliability, and traceability of data, providing a basis for data-
driven decision-making. We will develop a decision-making support framework to narrow
this gap and provide informed decisions. There are four different use cases, including
monitoring the farm environment, sharing farm equipment data, calculating costs/profits,
and predicting prices.

3. Research Design and Experiment Setup
3.1. Aquaculture Decision-Making Support Framework Design

This paper tries to bridge some important gaps in the field of smart aquaculture by
proposing an integrated decision support framework based on a multi-source data hub.
The proposed data hub system provides the function of centralization of data integration
and sharing, as well as connection between isolated information sources from several
sources, such as environmental data, market data, and operational data. In addition, the
authors have developed various multidimensional predictive analysis application scenarios.
Therefore, it lays the foundations for reliable data-driven decision-making.

The architecture of our aquaculture decision-making support framework is presented
in Figure 1. The design can comprehensively integrate IoT, big data, and AI technologies
to collect, process, store, and analyze data for accurate and timely decision-making. We
propose a 5-layered functional structure for our proposed smart aquaculture decision
support system. These layers are monitored by a data management and monitoring layer
that ensures the integrity, security, and synchronization of the information. Firstly, the
data collection layer collects information from multiple data sources such as on-farm
environmental sensors, historical data, and online information resources for markets,
policies, etc. The raw data collected from these multiple data sources will be stored in
a temporary database to ensure that all data is collected and transmitted safely. The
temporary database allows the system to check, clean, and standardize the data so that the
data will be ready for the following processes. The traceability provided by the system will
create a solid base for analysis and decision-making in aquaculture management.

In the data integration stage, the Extract-Transform-Load (ETL) model is used to
extract the data, transform the data, and load the data into the system. At this point,
all raw data is temporarily stored in a staging area to ensure safety and availability for
the next processing stage. Afterward, the data transformation phase will clean the data
sets, remove the missing, incorrect, or duplicate data values. High-frequency collected
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data will be aggregated by a certain time frame, such as hour, day, and week, which
reduces the burden on the system and facilitates higher level analysis models. The data
will also be semantically mapped to the attributes (such as pond location, index type,
collection time), which ensures that the data can be consistently integrated with other
datasets. Finally, during the data loading stage, the processed data will be loaded into the
respective storage layers, based on the intended use. Real-time operational data is stored in
the Operational Data Store (ODS) for quick querying and instant analysis. Stabilized or
periodically aggregated data is transferred to a central data warehouse (image data in AWS
S3 or structured data in Firebase) for in-depth analysis using business intelligence, machine
learning, deep learning, or AI. Other unstructured data is stored in its raw form in the data
lake for future use. The entire process is monitored through data governance policies and
continuous monitoring mechanisms, creating a unified, transparent, and flexible system
that supports smart aquaculture practices.

 

Figure 1. Architecture of aquaculture decision-making support framework.

3.2. Data Collection

Data collection layer receives information from multiple data sources, including farm
environmental sensors, historical data, and online information sources on markets, policies,
or professional knowledge.

IoT data collection diagram is presented in Figure 2. IoT sensor data is the core
component of the data collection layer of this decision support system. In ponds, sensors
are arranged at various locations and depths to measure key parameters, including water
temperature, salinity, pH, dissolved oxygen (DO), turbidity, ammonia, nitrate, conductivity,
and flow velocity. These sensors are connected to a microcontroller, which collects, encodes,
and transmits data periodically via wireless communication protocols. The data is then
sent to a central gateway or cloud server using standard protocols to ensure information
security. Data is temporarily stored in local memory or a staging area to prevent loss in the
event of connection interruptions.
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Figure 2. IoT data collection.

Online data sources include market transaction data, weather forecasts, agricultural
equipment information, and farming knowledge collected automatically through auto-
matic gathering and transmission service, as shown in Figure 3. This service operates
continuously to collect and update data from various online platforms.

The process of automatic online data collection in the decision support system includes
three main stages: identifying Internet data sources, analyzing domains, and web scraping.
Internet data sources are identified from various groups. E-commerce websites (eBay, Ama-
zon, Alibaba) collect information on agricultural equipment and market prices. Financial
websites provide transaction data and price trends. Knowledge websites or specialized
portals contain articles, regulations, or technical instructions related to aquaculture. In
the domain analysis phase, it is performed to determine the exact path containing the
required information. This process uses XPath techniques to extract the HTML structure
and determine the specific location of the target data. This allows the system to establish a
consistent data pathway, reducing the likelihood of error as the site evolves. Python 3.10
with crawler tools (Scrapy and Selenium) were also used to collect, download, and store
information on the sites that were identified during the web scraping process. The data
was collected in the forms of text, images, and table formats and then converted into the
standard JSON format and temporarily placed in a database. The system is configured to
continue crawling the data daily, so it has an active and reliable data source available for
the other systems to use for their analysis.
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Figure 3. Internet data sources collection.

3.3. Decision-Making Support Use Cases

The various types of data within the system are subject to varying levels of complexity
due to differences in the structure and characteristics of the data. As such, to maintain the
most efficient and accurate process possible, different analytical approaches are used based
on the type of data. Real-time IoT sensor data is analyzed through time-series analysis and
anomaly detection to monitor changes occurring in the farm’s environment. Real-time data
is integrated into an image-based system utilizing natural language processing (NLP) to
analyze news and industry reports to gather pertinent information and create a virtual
aquaculture assistant. Historical data is analyzed using regression models that assist in
identifying the relationship between farm conditions and productivity to enable the system
to make productivity estimations. Market data is analyzed through price-forecasting
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models to support business decision-making and production planning. The flexibility of
this approach allows the system to perform a comprehensive analysis and generate accurate
recommendations for informed decision-making in aquaculture. A detailed presentation of
the prototype implementation for each use case will follow in Section 4.

3.4. Research Environment

In this paper, we built our experiment on low-cost infrastructure that employs open-
source software or cloud services, which can significantly reduce the initial financial
investment. The research environment is summarized in Table 3 below.

Table 3. Research environment.

Processor AMD® Ryzen 7 5800 × 8-core processor × 16

Operating System Ubuntu 20.04.5 LTS

RAM 128.0 GB RAM

GPU NVIDIA Corporation TU106 [GeForce RTX 3060 Ti]

GPU Accelerator CUDA Version 12.5

Programming Language Python 3.10

Libraries TensorFlow and PyTorch 2.4.1

Software Microsoft’s Visual Studio 17.4, MongoDB 8.0, Expo SDK 5

4. Implementation Results and Discussion
The development and testing of the prototypes for all use cases are provided in this

part. Shrimp are a major fishery product that has a very high level of productivity and
economic significance. Shrimp farming can provide farmers and entrepreneurs with a
steady source of income and can contribute to increasing export volume, creating other
economic opportunities (such as processing, feed, and logistics). However, shrimp farming
has its own set of challenges, which include environmental variability, disease, and market
risk. The objective of our work is to create a decision support tool for aquaculture focused
on shrimp farming that provides farmers and managers with access to real time information
about their environment, production, and market conditions. This will enable them to
monitor, analyze, and make informed decisions about their operations. The overall goal of
this research is to develop data analytics tools to help increase the production efficiency of
shrimp farms, reduce the potential for environmental risk, and increase the effectiveness of
shrimp farm management.

4.1. Smart Shrimp Farm Assistant
4.1.1. Farm Assistant Dataset

The research dataset has been divided into two separate subsets, each corresponding
to the functions of the two layers of the farm monitoring assistant.

At the IoT layer, we utilize an experimental dataset on water quality monitoring,
collected directly from a fishpond by Arafat et al. [41]. The basic quality factors include
temperature, pH, and turbidity. The dataset is collected continuously over many days. The
paper utilizes data from three sensors, with water levels at 30 cm and 60 cm, recorded
continuously for 24 h from 15 to 22 January 2020, at an average rate of one dataset per
minute. All sensors collect data simultaneously, while the Arduino Mega microcontroller
board serves as the central processor. The first file contains sensor data for a 30 cm depth,
comprising 9623 records that include temperature, pH, and turbidity. The second file
contains data for 60 cm, comprising 9623 records that include temperature and turbidity.
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At the assistant layer, we collect and create a knowledge base dataset related to aquacul-
ture farming operations. By adopting the Internet data sources collection process, multiple
farming guidelines, aquaculture production reports, statistics, global monitoring data, and
scientific advice are retrieved from Oceans and Fisheries (https://oceans-and-fisheries.ec.
europa.eu/index_en) [42], Agriculture Organization (https://www.fao.org/home/en) [43],
World Fish Center (https://worldfishcenter.org/) [44], etc. We also transform this data into
the form of ‘prompt’ and ‘completion’ for training and deploying the GPT model.

4.1.2. Farm Monitoring Assistant Implementation

The real-time Shrimp Farming Environment Monitoring Interface, as shown in Figure 4,
provides a means for users to continuously monitor important environmental parameters in
the pond. The data automatically collected from IoT sensors installed at various locations and
at different depths within the pond help instantaneously determine the current conditions for
shrimp growth. The system shows these real-time synthetic indicators (pH, temperature, and
turbidity). The lower part shows sensor data by depth at 30 cm and 60 cm. Measurements at
multiple water layers help assess thermal and oxygen stratification, factors that greatly affect
shrimp health. The system also records additional indicators such as turbidity, salinity, ORP,
TDS, and conductivity to help users assess the overall water quality.

 

Figure 4. Farming environment monitoring interface. Abbreviations: NTU, Nephelometric Turbidity
Units; TDS, Total Dissolved Solids; ORP, Oxidation-Reduction Potential; Cond, Conductivity.

https://oceans-and-fisheries.ec.europa.eu/index_en
https://oceans-and-fisheries.ec.europa.eu/index_en
https://www.fao.org/home/en
https://worldfishcenter.org/
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The interface in Figure 5 displays warnings and recommendations per actual farm
environmental conditions. The system operates based on real-time sensor data collected in
the ponds, then analyzes it, detects abnormalities, and automatically recommends optimal
solutions for farm operators. In Figure 5a, Warnings, the system detects environmental
problems in the pond. These warnings help farmers recognize early signs of environmental
instability and take timely corrective actions. In Figure 5b, the recommendations are calcu-
lated by the system based on the level of risk, cost, profit, and intervention effectiveness.

  
(a) (b) 

Figure 5. Farming environment recommendation interface: (a) alerts notification; (b) environment
recommendation.

Additionally, we offer an assistant that utilizes a fine-tuned GPT-3.5 model to our
aggregated knowledge base, which is relevant to aquaculture practices. The assistant can de-
liver responses and pertinent information regarding shrimp farming practices (see Figure 6).
Recommendations and guidance can be provided through the pre-set-up rules and user
context. These recommendations can serve as guidelines for farmers in selecting shrimp
species, implementing disease preventive strategies, identifying diseases, and analyzing
data from IoT systems. These proposals aim to provide farmers with suitable assistance.

4.2. Shrimp Farm Equipment Data Sharing
4.2.1. Farm Equipment Dataset

During the construction and operation of shrimp farms, equipment such as aerators,
environmental sensors, pumping systems, automatic feeders, and water treatment devices
play an essential role in maintaining stable farming conditions and optimizing productivity.
To assist farmers in making informed decisions, we provide a function for sharing shrimp
equipment data, offering a comprehensive view of available hardware options. We collect
detailed information on these devices from reputable e-commerce platforms such as Ama-
zon, Alibaba, eBay, and BestBuy, including equipment names, selling prices, illustrations,
technical specifications, supplier links, function descriptions, and user reviews. This data is
automatically updated in the system, stored, and displayed on a web interface, enabling
farmers to easily compare prices and select products that meet their needs and budget,
thereby saving time on their search.

The aquaculture farming equipment industry encompasses a wide range of products,
including water pumps, aerators, water filtration systems, and devices for measuring
environmental indicators. The product information captured from e-commerce websites
is stored for further processing and analysis, using AWS S3 for image or video data
and Firebase for comprehensive product data management. This integration allows us to
maintain an up-to-date database that supports efficient decision-making for shrimp farmers.
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Figure 6. Aquaculture assistant interface.

4.2.2. Farm Equipment Data Sharing Implementation

Figure 7 illustrates the shrimp farming equipment data management interface. This
interface allows users to access, search, filter, and export equipment data. The interface
contains filters and data manipulation tools, including data source options, main categories,
and two functions, which allow users to import or extract data for analysis. The data table
displays a detailed list of equipment products with main information fields. The displayed
information includes name, price, short description, and original link to help users easily
access product details, compare prices, and choose equipment.

4.3. Farm Cost and Profit Calculator

The farm cost and profit calculator helps farmers estimate the financial efficiency of
shrimp farming models based on input parameters. The input indicators and calculation
parameters in the model are built based on the evaluation report of the status of shrimp
farming technology in Vietnam [45]. Our system enables users to calculate the total in-
vestment cost, expected revenue, profit, return on investment (ROI), and payback period
using data inputs. Farmers can select the farming method, farming area, and production
scale. After that, farmers can compare the efficiency between different models, thereby
making a reasonable investment plan and optimizing operating costs. Our system also
provides detailed analysis of cost structures such as equipment investment costs, feed costs,
electricity, and other costs, helping users understand the proportion of each item in terms
of total production cost. In addition, typical production indicators (such as stocking density,
survival rate, yield, and feed conversion ratio) are also analyzed.
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Figure 7. Farm equipment data sharing interface.

The shrimp farm cost and profit calculator interface is shown in Figure 8. On the
left side of the interface are the user input areas, where the user can enter all the input
parameters necessary to run a simulation based upon the type of shrimp farm and the
location of that farm. The input parameters include the production area (in m2) and the
initial investment capital (VND). The user can select one of three farming methods and
select the farming area (location). Once all the input values have been entered by the
user, the system will automatically perform an analysis of all costs associated with the
shrimp farm and calculate both revenue and profits. The right portion of the screen shows
the detailed results from the calculations performed by the system, which includes total
investment costs, expected revenue, estimated profits, and return on investment. The
system also provides users with typical production parameters (e.g., stocking density,
survival rate, feed conversion ratio, average yield). In addition, the system performs a
detailed cost analysis, providing users with information about how the capital has been
allocated among the different categories of costs, including equipment investment costs,
feed costs, electricity costs, and other costs.

Figure 9 shows the interface to compare shrimp farm investments with different
methods. This interface compares in detail the differences between variables including
stocking density, survival rates, yield per crop, electricity costs, feed costs, additional
investment, etc. In addition to that, this interface calculates the total income and profit to
be able to make an accurate comparison of both options. The comparison interface also
allows the farmer to compare his or her actual production conditions and find out which
production method is best suited for those conditions.
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Figure 8. Farm cost and profit calculator.

Figure 9. Farm Investments Comparison.

4.4. Aquaculture Market Analysis

Business and production planning are supported using price forecasting models
analyzing market data. The Minneapolis Grain Exchange (MGE) is the only exchange
trading a seafood commodity futures contract, specifically frozen shrimp. This helps
producers or farmers of this commodity to protect and secure their profits, while at the
same time reduce their exposure to risk when it comes to their financials. In addition to
helping farmers financially, these futures contracts also attract additional investment and
provide financing for the growth of the U.S. aquaculture industry. However, they can carry
risks such as price fluctuations and supply chain uncertainty. The system uses raw financial
data as input to predict price changes.

The research dataset covers daily Kanex frozen shrimp futures. Daily data has been
gathered from 2010 to 2024, encompassing Date, Open Price, High Price, Low Price, Close
Price, Adjusted Close Price, and Trading Volume. The dataset comprises 2805 usable data
points spanning nearly 15 years, from January 2010 to October 2025. The dataset was
divided into three segments: the final model testing dataset, comprising around 1.2%; the
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validation dataset, accounting for about 14.7%; and the training dataset, which constitutes
roughly 84.1%. The training dataset encompasses the period from January 07 to April 16;
the validation dataset extends from 17 April 2024 to 10 September 2025; and the testing
dataset ranges from 11 September 2025 to 22 October 2025. This segmentation technique
enables the incorporation of recent data, including the volatility surge in July 2022, during
the validation and model-tuning phase.

The building of an aquaculture price prediction model process includes preprocessing
price data, training and testing models, and comparing and selecting the best-performing
model. First, data undergoes several preprocessing techniques, such as data augmentation,
normalization, and raw feature extraction. Eliminating outliers is a crucial process in the
purification of time series data. The methodology employs z-score and box-plot analysis
to identify and eliminate outliers. Anomalously high or low data points are excluded
to enhance the precision of time series forecasting models. Furthermore, the impact of
elevated volatility is addressed through variance modification. The data is normalized by
dividing it by the square root of the variance, thereby mitigating the excessive influence of
extremely volatile values. The moving average filtering method is employed to enhance
the data and stabilize the time series. Thereafter, the data is normalized and divided into
three segments: training, testing, and validation data. The training data is employed
during the model training phase. This paper utilizes GARCH models and neural network
models. Two evaluation metrics, Root Mean Square Percentage Error (RMSPE) and Root
Mean Square Error (RMSE), are employed to assess the models. Table 4 summarizes the
evaluation of aquaculture price prediction models.

Table 4. Evaluation of aquaculture price prediction models.

Model Validation RMSPE Validation RMSE

1 Conv1D 2 Bidirect LSTM layers (32/16), n_past = 4, batch = 64 0.291624 0.073509
Bootstrap TARCH(1,2,1), Constant Mean, Skewt Dist 0.311185 0.058731

Analytical GJR-GARCH(1,1,1), Constant Mean, Skewt Dist 0.341383 0.081698
LSTM 1 layer 20 units, n_past = 3 0.441610 0.059256

Multivariate Bidirect LSTM 3 layers (64/32/16 units), n_past = 5 0.458288 0.105380

Among the models, the Conv1D model with two bidirectional LSTM layers achieved
the best performance, with an RMSPE of 0.291624 and RMSE of 0.073509, demonstrating its
strong ability to capture temporal dependencies in price data. The Bootstrap TARCH(1,2,1)
model also performed well, with an RMSPE of 0.311185 and RMSE of 0.058731, although
it was lower than the Conv1D model. The GJR-GARCH(1,1,1) model had an RMSPE of
0.341383 and RMSE of 0.081698, which was helpful for volatility analysis. The simpler
LSTM model, with one layer and 20 units, performed worse, with an RMSPE of 0.441610
and RMSE of 0.059256, indicating that it was unable to capture the complexities of the time
series. Finally, the multivariate LSTM model with three layers did not improve performance,
with an RMSPE of 0.458288 and RMSE of 0.105380, possibly due to overfitting resulting
from the complex architecture. These results suggest that the 1 Conv1D 2 Bidirect LSTM
can help to predict aquaculture prices. In contrast, statistical models, although useful for
volatility analysis, are not flexible enough to capture changes in the aquaculture market.
The final model is constructed to analyze and predict aquaculture market trends, as shown
in Figure 10.
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Figure 10. Aquaculture market analysis interface.

4.5. Evaluation Performance Discussion

Our paper proposes and develops an integrated decision-making support framework
using a multi-source data hub. Our developed system has focused on four main core
modules, as managed and visualized in the system dashboard (see Figure 11). First, the
system provides real-time shrimp farming environment monitoring through automatic IoT
sensor data. We provide an assistant that utilizes a fine-tuned GPT-3.5 model for aggregated
knowledge base relevant to aquaculture practices.

 

Figure 11. Aquaculture core modules.

Next, the sharing shrimp equipment module provides a function that enables farmers
to access a comprehensive view of information and select the appropriate hardware equip-
ment for production. Additionally, the farm cost and profit calculator in this module allows
farmers to estimate the financial efficiency of shrimp farming models based on specific
input parameters.
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Finally, market data is analyzed by price forecasting models to support business
decisions and production planning. The results show that the best model, the Conv1D
model with two bidirectional LSTM layers, achieved an RMSPE of 0.291624 and RMSE of
0.073509, demonstrating its strong ability to capture temporal dependencies in price data.
Our system can analyze and predict aquaculture market trends.

In this research, we present a four-module integrated decision-making model. Our
model is unique in that it combines various factors from multiple stakeholders into a
single framework that can process data in near real-time. This model therefore has the
potential to provide better decision support than current models, such as CADS_TOOL [15],
DDDAS [16], and AQCBR [18], which focus on specific areas, such as water quality, cage
fish farming, etc., and lack the ability to combine data and make decisions across multiple
stakeholder groups.

5. Conclusions
Big data and AI Technology are creating new opportunities for aquaculture to create

long-term changes to how aquaculture operates. The current aquaculture industry supports
a significant portion of the world’s food supply. Therefore, our research proposed a frame-
work for decision-making support system, utilizing a multi-source data hub, which will be
established to enhance current operational practices in aquaculture. This framework will
be designed to collect and integrate multiple types of big data from aquaculture (environ-
mental data, trading data, and Internet data sources). Four main modules were developed,
including monitoring environmental factors for shrimp farming, sharing shrimp farming
equipment, calculating costs/profits associated with shrimp farming, and predicting price
changes. Experimental prototypes of web-based systems provide users with a user-friendly
platform to access the analysis results and recommendations provided to support decisions
made during aquaculture production. The proposed framework can connect, analyze, and
convert different aquaculture data streams into valuable information for decision-making,
thereby improving operational efficiency in the aquaculture industry.

This framework demonstrates the potential for utilizing big data and AI to enhance
aquaculture operations by proposing an aquaculture decision support framework. How-
ever, there are certain limitations. First, the research data is limited in scope and quality. The
system lacks real-time data, so recommendations cannot adapt to market or environmental
changes. The system is tested in an experimental environment without being validated in
real-world situations. Therefore, future work will evaluate farmers’ preparedness to adopt
technology and assess its operational efficacy in a realistic setting across different real-world
farming contexts. In the future, expanding and standardizing multi-source datasets will
also be studied. This will involve data from satellite images, behavioral information, and
automated water systems to improve the accuracy of the prediction model. Next, we will
integrate reinforcement learning, anomaly detection, or adaptive optimization techniques
to improve decision-making support. Finally, future work should focus on expanding
the system’s interoperability through the full application of FAIR data principles, thereby
improving transparency, reusability, and integration with other research platforms. In addi-
tion, standardizing APIs according to international specifications will enable the system
to easily connect to external data sources, support real-time information exchange, and
minimize dependence on individual formats.
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