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PAPER

A Smart Decision Support System for Floating Net 
Cage Site Selection Based on Water Quality and 
Machine Learning

ABSTRACT
Fish is a vital food source with high nutritional value and a growing global demand. However, 
natural fishing can no longer meet consumption needs, prompting a shift toward sustain-
able aquaculture such as floating net cages. The success of these systems depends greatly 
on water quality, as sudden changes may cause mass fish mortality and economic loss. This 
study applies five machine-learning algorithms: 1) support vector machine (SVM), 2) K-nearest 
neighbor (KNN), 3) Naïve Bayes, 4) AdaBoost, and 5) random forest—to classify water quality 
using three features: 1) dissolved oxygen (DO), 2) pH, and 3) temperature. The dataset, publicly 
available at https://doi.org/10.5281/zenodo.15600660, shows DO as the most influential feature 
(48.15%), followed by pH (40.23%) and temperature (11.62%). Random forest achieved the 
highest accuracy (99.96%) with the lowest errors (MSE = 0.0004, RMSE = 0.0196, R² = 0.9981). 
The trained model was embedded in an IoT device coded in C for real-time water-quality mon-
itoring and site recommendations. The results confirm that combining IoT and machine learn-
ing offers an intelligent and efficient solution for adaptive, sustainable fish-farming systems.

KEYWORDS
fish, floating net cage, Internet of Things (IoT), location-based, machine learning, sensors, 
water quality index

1	 INTRODUCTION

The public’s demand for fish consumption continues to rise as awareness of 
the importance of high-quality nutritional intake grows. Fish is known as one of 
the most nutritious and relatively accessible sources of animal protein, making it a 
highly strategic food commodity. A report by the Food and Agriculture Organization 
(FAO) [1] notes that the global demand for fishery products continues to grow year 
after year. Specifically, the Asian region contributes over 70% of global production. 
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In Indonesia, fish is not only a staple food for the population but also a crucial pillar 
in maintaining national food security.

To meet these needs, various countries have issued regulations and standard guide-
lines regarding water quality, both for drinking water and fisheries [2], [3], [4]. This 
underscores that water quality is a fundamental factor that cannot be ignored in the 
success of fish farming. Indonesia also places great importance on this issue through 
various government policies. [5], including the establishment of water quality stan-
dards by the Ministry of Marine Affairs and Fisheries. Good water quality is crucial 
for production success; conversely, drastic changes in water conditions, such as tem-
perature and salinity fluctuations, as well as dissolved oxygen (DO) levels, can cause 
stress in fish, leading to mass mortality. This condition undoubtedly causes significant 
economic losses for fishermen and poses a threat to the availability of fish-based food.

In practice, traditional fishermen still heavily rely on catching fish directly 
from nature. However, this method often fails to meet the high demand, notably 
when it lacks sustainable management. Therefore, fish farming becomes the main 
alternative. One of the most widely used cultivation methods is the floating net cage. 
[6], [7], [8], which is a cultivation system that allows fish to be raised in open water 
using a box-shaped container lined with netting and placed in rivers or the sea. 
Although this method has proven effective in increasing production, significant 
challenges remain, particularly regarding the monitoring of water quality indices, 
which significantly affect the productivity and sustainability of floating net cages.

Changes in water quality, whether due to natural or anthropogenic factors, can dis-
rupt fish growth in floating net cages. Therefore, real-time monitoring of water qual-
ity indices has become an urgent need. Technological advancements offer solutions 
through the Internet of Things (IoT) [9], [10], [11], enabling continuous monitoring 
of water conditions with directly integrated data. Furthermore, the application of 
machine learning to IoT systems can provide predictive analysis and intelligent rec-
ommendations for fishermen. By incorporating knowledge of water quality indices 
into IoT devices, this system can help determine the optimal location for floating cage 
placement and provide early warnings of potential water quality decline. [12], [13]. 
The integration of IoT and machine learning thus has the potential to be a strategic 
approach in supporting more adaptive, efficient, and sustainable fish farming.

This study will discuss floating net cages integrated with IoT devices, incorporat-
ing machine learning with the best model resulting from training. This is useful for 
obtaining water condition monitoring results at the floating net cage placement site, 
based on the best location determined by sensors installed on-site. The best approach 
will be taken with the hope of helping fishermen monitor in real time, without dis-
tance limitations, and provide recommendations for the best floating net cage loca-
tion placement based on water quality index predictions using machine learning.

The structure of this paper is as follows: Section 1 discusses the general prob-
lems and the specific issues addressed in this study; Section 2 covers the literature 
related to the study being conducted; Section 3 discusses the methodology developed 
to carry out this study; Section 4 presents the experimental process, results, and 
evaluation of the model generated from the research; Section 5 discusses the imple-
mentation of the model used in embedded devices and communication integration 
at various locations; and Section 6 provides the conclusion of the research.

2	 RELATED WORK

The use of technology in the fisheries sector is becoming increasingly wide-
spread, particularly to help fishermen simplify and improve the effectiveness of 
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aquaculture processes. This transformation is inextricably linked to innovation in 
modern cultivation methods, particularly the use of floating net cages [8], [14], [15]. 
As time goes on, technology is not only serving as an aid but is also becoming an 
integral component in the management of floating net cages. Innovation is being 
implemented in both the physical design aspects of the cages and the integration of 
sensor-based monitoring devices and intelligent systems that support aquaculture 
activities.

Every research and development effort contributes uniquely to the advancement 
of floating net cage methods. For example, some studies focus on strengthening 
the physical structure of the cages to make them more resilient to environmental 
conditions. In contrast, others focus on integrating an IoT-based water quality mon-
itoring system. This development demonstrates that floating net cages are no longer 
just a cultivation container, but an integral part of an evolving technological ecosys-
tem designed to enhance productivity and sustainability.

This study aims to contribute to the ongoing advancement of intelligent aquacul-
ture systems, with a specific focus on water quality monitoring as a key factor deter-
mining the success of floating net cage operations. Through an IoT-based framework 
enhanced with machine learning models, this study proposes a real-time solution 
for site selection and continuous monitoring of the floating net cage. The proposed 
approach not only strengthens fish farming practices in the field but also supports 
global efforts to ensure the sustainable and adaptive availability of fish-based food 
resources. By leveraging artificial intelligence technologies, this work contributes 
to the technological development and operational efficiency of floating net cage 
systems. Furthermore, the proposed methodology builds upon insights from several 
previous studies, summarized in a comparative analysis. Table 1 provides an over-
view of related research focusing on water quality index assessment and machine 
learning-based classification, including implementations that integrate IoT and 
machine learning to determine water quality in floating net cages using binary 
classification methods. In addition, this study addresses existing limitations in ear-
lier studies, such as the lack of real-time integration and limited sensor utilization, 
by developing a fully connected embedded system capable of on-site decision sup-
port. The results of this development are expected to enhance prediction accuracy, 
reduce manual monitoring errors, and improve aquaculture sustainability through 
intelligent automation.

Table 1. Summary of ML-based on water quality for fishery

Ref Algorithm Classification Model Selection

[16] LR, DT, RF, KNN, SVM, NB Binary Split Dataset

[17] AB, RF, DT, KNN, SVM Multi-Class Split Dataset

[18] RF, MLR Binary Split Dataset

[19] RF, KNN, DT Binary Split Dataset

[20] CNN Multi-Class K-Folds

[21] SVM, MLP, RF, XGBOOST, LSTM Binary Split Dataset

[22] LR, RF, SVM, KNN Binary Split Dataset

[23] RF, SVM Binary Split Dataset

[24] BPNN, RBFNN, SVM, LSSVM Multi-Class K-Folds

[25] PCA Binary K-Folds
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3	 METHODOLOGY

This section outlines the initial phase of the research, which began with the 
design and development of an embedded device serving as the primary instrument 
for collecting the dataset. The device was specifically engineered to measure key 
water quality parameters relevant to determining the optimal placement of floating 
net cages. The development of this embedded system represented a critical stage in 
the research process, as the accuracy, stability, and reliability of the data collected 
directly influenced the validity of subsequent analyses and model development.

3.1	 Embedded devices

The initial phase of this study began with the design and construction of an 
embedded device functioning as a dataset acquisition system. The device employs 
an ESP32 processing module as the central control unit [26], which is integrated with 
three primary sensors for monitoring water quality: DO [27], pH [28], and water 
temperature [29]. The ESP32 was selected due to its efficient data processing capa-
bility and built-in wireless connectivity, which enables real-time data transmission. 
These three sensors are directly interfaced with the ESP32 microcontroller, allow-
ing simultaneous acquisition and synchronization of water quality parameters. 
An illustration of the relationships, communication, and operation of the devices 
built in this study is presented in Figure 1.

Fig. 1. Controller and system operation

After all device components were successfully integrated and their connectivity 
verified, the next stage involved preparing the device for deployment at the desig-
nated field site for dataset collection. This preparation included refining the physical 
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design of the device to ensure durability under aquatic environmental conditions 
and verifying that it could operate reliably throughout the entire data acquisi-
tion period. Additional adjustments were made to enhance waterproofing, power 
stability, and sensor protection, thereby ensuring continuous and accurate data 
recording during field operation. The dataset used in this study was collected as part 
of a previous work, where the field data acquisition process was comprehensively 
described and validated. The current study focuses on the analysis, modelling, and 
system implementation stages using the previously collected dataset [26].

3.2	 Dataset

The dataset was collected directly from the research site, located at 3° 01′ 58.1″ S, 
104° 39′ 17.6″ E, as illustrated in Figure 2. Field data were acquired through continu-
ous monitoring and stored on local storage media for subsequent preprocessing. The 
preprocessing stage involved data cleaning, validation, and formatting to ensure 
consistency and accuracy before analysis. Following the cleaning phase, the refined 
dataset was used as input for machine learning models to generate recommenda-
tions for water quality conditions. The dataset comprises three primary features: 
DO, pH, and water temperature, as well as one output label representing the water 
condition category, classified as either good or not good.

Fig. 2. Dataset acquisition location

As a contribution to scientific transparency and open research practices, the 
dataset generated in this study has been made publicly available and can be accessed 
via the following DOI link: https://doi.org/10.5281/zenodo.1560066. The dataset 
distribution is presented in Figures 3, 4, and 5, which illustrate the value distribu-
tions of the three main features used in this study: DO, pH, and water temperature. 
These visualizations provide an overview of the data characteristics and ensure 
reproducibility for future research based on the same dataset.
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Fig. 3. DO data Fig. 4. pH data Fig. 5. Temp data

3.3	 Feature

Feature importance analysis in this study was conducted to identify the variables 
that have the most significant influence on model performance [30]. The random 
forest algorithm was selected for this process because, in addition to its strong 
classification capability, it provides an inherent mechanism for computing feature 
importance values. This makes it highly suitable for machine learning-based studies 
that aim to interpret feature contributions within the model. The overall process 
of feature importance analysis is illustrated in Figure 6. The results indicate that 
the DO parameter exhibits the highest importance level compared to the pH and 
temperature parameters. Consequently, DO can be considered the dominant factor 
in determining water quality conditions within floating net cage systems.

Fig. 6. Feature importance

After completing the feature importance level identification stage, the next step 
is to examine the data type characteristics of the features used in this study. The 
three features analyzed, DO, pH, and water temperature, have uniform data types 
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and consistent data volume. No missing values were found in any of the variables, 
and the total number of data points collected for each feature was 28109. The results 
of the statistical description for each feature are presented in Table 2.

Table 2. Feature description

Feature Data Type Null Count

Do Float64 No Null 28109

Ph Float64 No Null 28109

Temp Float64 No Null 28109

Target Float64 No Null 28109

3.4	 Classification

Classification is a crucial stage in implementing machine learning methods, 
as the input features used significantly impact the quality of the results obtained 
[31], [32]. In the context of this study, classification is used to determine water 
quality-related to the suitability of floating net cages, with the target output being 
the condition categories of good or poor. The initial stage of the classification pro-
cess is featuring extraction, which aims to identify the features that contribute most 
significantly to the classification results. Next, various machine learning algorithms 
were applied, including support vector machine (SVM), K-nearest neighbor (KNN), 
Naïve Bayes, AdaBoost, and random forest, to evaluate the performance of the 
classification process.

The training process is conducted using a labelled dataset to obtain relevant 
patterns and relationships between variables. The trained model is then used to 
classify water conditions on new data. Further implementation aims to integrate 
this classification model into embedded devices, enabling the system to provide real-
time recommendations for the placement of floating net cages. With this approach, 
the research not only produces computationally tested models but also presents 
practical solutions that fishermen can directly utilize. Figure 7 presents an illustra-
tion of the machine learning process flow and model implementation in this study.

Fig. 7. Machine learning model
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The classification process begins with the utilization of input data obtained from 
the sensors used in the research. This data is used not only in the model training pro-
cess to build a supervised learning-based prediction model but also in conjunction 
with location data logging, which serves as the basis for recommendations on the 
placement of floating net cages. The model generated during the training stage is 
then integrated into the embedded system, enabling it to serve as an early detector 
of the water quality index. Thus, the system can provide real-time recommendations 
for the placement of floating net cages based on direct sensor readings from the field.

The primary advantage of this approach over manual monitoring is its ability 
to quickly and accurately detect changes in water conditions. Manual monitoring 
is often inconsistent, relies on the experience of fishermen, and risks being late in 
responding to changes in water quality. Conversely, integrating machine learning 
models into embedded devices allows data analysis to occur automatically, continu-
ously, and adaptively to environmental conditions. This provides significant practical 
value, as it can help fishermen reduce the risk of crop failure, improve operational 
efficiency, and support the sustainability of fish farming using innovative technol-
ogy. Figure 8 illustrates the contribution of improvement technology using the four 
stages of location-based recommendation for the water quality index ML model and 
the aquaculture system. The four main layers are: 1) data acquisition, 2) preprocess-
ing, 3) machine learning model, and 4) alert recommendation.

Fig. 8. Architecture of ML-based location recommendation

3.5	 Proposed model

The proposed model developed in this study is illustrated in Figure 7. The dataset 
was collected directly from the field using embedded sensing devices, stored in a 
database, and subsequently extracted into CSV format to facilitate further data pro-
cessing. The target output is defined as a binary label: good (1) and not good (0), 
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representing the water quality condition at the location of the floating net cages. 
Before the training phase, the dataset undergoes a preprocessing stage involving 
data cleaning and validation. Missing values are handled using mean imputation to 
maintain data integrity and ensure reliable input for classification analysis.

Following the data preparation, the classification model is constructed using 
the Python programming language executed on the Google Colab platform, which 
enables scalable data processing with cloud-based computational support. The 
processed dataset is then used to train and evaluate several machine learning 
models, resulting in a final classification model that can generate real-time recom-
mendations for determining the optimal placement of floating net cages based on 
water quality conditions (refer to Algorithm 1).

The model’s performance evaluation in this study was conducted using a con-
fusion matrix, as shown in Table 3 and Figure 9. The confusion matrix is used to 
measure classification performance by comparing the model’s prediction results 
against the actual labels. In this study, an evaluation was conducted on two classes: 
a positive class representing good water conditions and a negative class represent-
ing poor water conditions. Through a confusion matrix, information was obtained 
regarding the number of correct and incorrect predictions for each class.

Algorithm 1: Finding the values in the ″target″ label from the dataset

1.	 import pandas as pd
2.	 from sklearn.model_selection import train_test_split
3.	 from sklearn.ensemble import RandomForestClassifier
4.	 from sklearn.metrics import accuracy_score, classification_report
5.	dataset = pd.read_csv(′dataset.csv′)
6.	#Water Condition depends on sensor data

	       target_condition = (3.0<=dfx.do) & (dfx.do<=7.0) & (6.0<=dfx.ph) & (dfx.ph<=9.0) & (25.0<=dfx.temp) 
& (dfx.temp<=32)

7.	#Water Good Condition target = 1 and Bad target = 0
	      dfx.loc[permen_condition, ″target″] = 1
	      dfx.loc[permen_condition, ″target″] = 0

8.	Append the Data into the dataset
9.	X = dataset.drop(′label′, axis=1)

10.	y = dataset[′label′]
11.	X_train, X_test, y_train, y_test = train_test_split(X, y, test_size=0.3, random_state=42)
12.	classifier = RandomForestClassifier(n_estimators=100, random_state=42)
13.	classifier.fit(X_train, y_train)
14.	y_pred = classifier.predict(X_test)
15.	accuracy = accuracy_score(y_test, y_pred)
16.	report = classification_report(y_test, y_pred)
17.	print (″Classification Report:″)

Next, the confusion matrix was used as the foundation for calculating several eval-
uation metrics, including accuracy, precision, recall, and F1-score, which collectively 
provide a comprehensive representation of the classification model’s performance 
[33], [34]. Additionally, the receiver operating characteristic (ROC) curve and the 
area under the curve (AUC) values were utilized to evaluate further the model’s dis-
criminative capability in distinguishing between positive and negative classes [35]. 
The combination of these metrics provides a comprehensive evaluation of model 
reliability, encompassing both overall accuracy and the balance of sensitivity and 
specificity in detecting water quality conditions. Through this multi-layered eval-
uation approach, the model’s performance can be assessed more objectively and 
comprehensively, ensuring the robustness of its predictive capability in real-world 
scenarios.
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Table 3. Confusion matrix

Actual

Predicted Good Not Good

Good TP FP

Not Good FN TN

Fig. 9. Binary confusion matrix

The classification process in this study employs a binary classification approach, 
emphasizing the calculation of the sensitivity (recall) metric. Sensitivity measures 
the model’s ability to correctly identify water conditions that are genuinely suitable 
for the placement of floating net cages. This metric is crucial for ensuring that the 
system does not fail to recognize optimal water conditions, thereby enhancing the 
accuracy and practical relevance of the generated recommendations for fishermen. 
The mathematical formulation for calculating sensitivity is presented in Equation (1).

	 Sensitivity
TP

TP FN
�

�
�

( )

( )
	 (1)

To obtain the true negative rate (TNR), also referred to as specificity, the formula 
presented in Equation (2) is applied. This metric measures the model’s capability 
to correctly identify negative instances, corresponding to water conditions catego-
rized as poor. In this context, specificity ensures that the system does not misclassify 
unsuitable water conditions as favorable. Accurate calculation of this metric is cru-
cial to minimizing potential errors in recommending floating net cage placement 
locations, thereby reducing the risk of aquaculture failure and ensuring more 
reliable decision-making for sustainable fish farming operations.

	 Specificity
TN

TN FP
�

�
�

( )

( )
	 (2)

The testing plan for validating the error metrics obtained from the training and 
validation phases of the machine learning model is structured as follows. The evalu-
ation was conducted using three primary performance metrics: mean squared error 
(MSE), root mean squared error (RMSE), and the coefficient of determination (R2). 
These metrics were selected to quantitatively assess the model’s predictive accu-
racy and consistency between the predicted and actual values. The mathematical 
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formulations for MSE, RMSE, and R2 are presented in Equations (3), (4), and (5), 
respectively.

	 1 ˆ    ( ) i iMSE y y
n

= ∑ −▒ 	 (3)

	 RMSE MSE= 	 (4)

	 R2 1

2

2
� �

�

�
��

ˆ

�

( )

( )

y y

y y

i i

i

	 (5)

This methodology is structured into a logically presented sequence of  
development, as shown in Figure 10.

4	 RESULT AND ANALYSIS

The model training was conducted on a computer equipped with an Intel Core 
i7-13620H CPU @ 2.4 GHz, 16 GB RAM, and an NVIDIA GeForce RTX 3050 GPU, oper-
ating under the Windows 11 environment. The dataset used for model develop-
ment was processed using the Python programming language, with the scikit-learn 
library serving as the primary module. Scikit-learn was chosen due to its high stabil-
ity, extensive support for standardized machine learning algorithms, and a compre-
hensive suite of evaluation tools for classification analysis. These advantages make 
scikit-learn one of the most widely adopted libraries in both academic research and 
practical machine learning implementations.

Fig. 10. Methodology diagram
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The performance evaluation of the trained model was conducted using a binary 
confusion matrix, as illustrated in Figure 11. The confusion matrix provides an 
in-depth representation of the model’s classification capability by mapping pre-
dicted and actual outcomes across two classes: good and not good water quality 
conditions. Furthermore, it serves as the foundation for computing other essential 
evaluation metrics, including accuracy, precision, recall, and F1-score, which collec-
tively describe the model’s overall performance and reliability in classifying water 
quality for floating net cage applications.

e) Random Forest

b) KNNa) SVM

c) Naive Bayes d) AdaBoost

Fig. 11. Binary confusion matrix result
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The evaluation results, using a binary confusion matrix, show that the Random 
Forest algorithm performs very well, with a true positive (TP) value of 4052, false 
negatives (FN) of 2, false positives (FP) of 0, and true negatives (TN) of 1568. This 
value indicates that the model can classify almost all data correctly, with only 
two prediction errors in the positive class and no errors found in the negative class. 
A detailed overview of the evaluation results is presented in Table 4.

Table 4. Comparison of binary confusion matrix

Algorithm TP FN FP TN

SVM 3997 57 8 1560

KNN 4039 15 8 1560

Naive Bayes 3959 95 156 1412

AdaBoost 4050 4 0 1568

Random Forest 4052 2 0 1568

Further testing was performed to compare the performance of the classification 
models by calculating several evaluation metrics, namely precision, recall, F1-score, 
and accuracy. These four metrics were used to provide a comprehensive assess-
ment of the model’s performance, capturing not only its overall accuracy but also 
its ability to classify both positive and negative classes correctly. Such an evaluation 
ensures that the model’s predictive capabilities are well-balanced across all catego-
ries, thereby improving its reliability in real-world applications. The detailed results 
of the model performance evaluation are presented in Table 5.

Table 5. Performance comparison of algorithm

Algorithm Precision F1-Score Accuracy AUC

SVM 0.99 0.9795 0.9884 0.9997

KNN 1.0 0.9926 0.9959 0.9989

Naive Bayes 0.96 0.9183 0.9553 0.9889

AdaBoost 1.0 0.9987 0.9992 1.0

Random Forest 1.0 0.9993 0.9996 1.0

The subsequent evaluation was conducted by calculating the error values obtained 
from the training and validation phases of the machine learning model. This analy-
sis utilized three primary error metrics: MSE, RMSE, and the coefficient of determi-
nation (R2). The MSE and RMSE metrics were employed to quantify the magnitude of 
deviation between the model’s predicted values and the actual observations. At the 
same time, R2 was used to measure how well the model explains the variability of 
the dataset. Together, these three metrics provide a comprehensive assessment of 
the model’s predictive accuracy and generalization capability. The detailed results 
of these evaluations are presented in Table 6.
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Table 6. Performance comparison of MSE, RMSE, and R2

Algorithm MSE RMSE R2

SVM 0.0077 0.0877 0.9618

KNN 0.0033 0.0575 0.9835

Naive Bayes 0.0341 0.1847 0.8304

AdaBoost 0.1259 0.3549 0.3739

Random Forest 0.0004 0.0196 0.9981

The visualization of the performance comparison results for each machine learn-
ing algorithm was carried out using three evaluation metrics: MSE, RMSE, and R2. 
The comparative graph of MSE values is presented in Figure 12(a), the RMSE compar-
ison in Figure 12(b), and the R2 comparison in Figure 12(c). These visualizations were 
designed to provide a clearer understanding of the performance variations among 
the algorithms, thereby facilitating the analysis and identification of the most suitable 
model for generating recommendations for floating net cage placement. Through 
this visual comparison, the strengths and weaknesses of each algorithm can be more 
easily interpreted, supporting data-driven decision-making in model selection.

b) RMSE Scorea) MSE Score

c) R2 Score

Fig. 12. MSE score, RMSE score, and R2 score

5	 CONCLUSION AND FUTURE WORKS

The results of this study on determining water quality for floating net cage place-
ment were obtained using a primary dataset consisting of three input features: 
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DO, pH, and temperature, and one output label. Based on the feature importance 
analysis, the DO sensor demonstrated the highest influence on model performance, 
contributing 48.15%, followed by pH at 40.23% and temperature at 11.62%. This 
finding suggests that DO is the primary parameter in evaluating water quality for 
aquaculture environments.

Among the five machine learning algorithms evaluated, the Random Forest 
model achieved the best performance, with an overall accuracy of 99.96%, followed 
by AdaBoost (99.92%), KNN (99.59%), SVM (98.84%), and Naïve Bayes (95.53%). The 
evaluation of model errors using three primary metrics, MSE, RMSE, and R2, pro-
duced the results summarized in Table 6. The random forest algorithm yielded the 
best outcomes across all three metrics, with MSE = 0.0004, RMSE = 0.0196, and R2 

= 0.9981, demonstrating its superior predictive accuracy and robustness for water 
quality classification and site recommendation in floating net cage applications.

Overall, the results of this study demonstrate that integrating IoT-based data 
acquisition with machine learning models provides a practical and reliable 
approach for assessing water quality in floating net cage systems. The high accuracy 
achieved by the random forest algorithm, supported by low error values and strong 
coefficient determination, confirms its suitability for real-time classification and 
decision support in aquaculture site selection. These findings underscore the signif-
icant role of DO in determining water suitability, reaffirming its crucial importance 
in maintaining fish health and preventing mass mortality. Moreover, the developed 
model offers practical benefits for fishermen and aquaculture managers, enabling 
them to make informed decisions regarding cage placement based on objective and 
data-driven insights. By leveraging artificial intelligence and IoT technologies, this 
study contributes to the development of innovative and sustainable aquaculture 
practices that can enhance productivity while preserving aquatic ecosystems.
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