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Abstract 

The Internet of Things (IoT)-based automated water surveillance system is 

crucial for fish farming, as it helps control risks and improve output and 

productivity. However, the industry faces challenges such as a lack of 

understanding of organism selection based on water purity indicators, a 

shortage of premium seeds and species, and imbalanced datasets. Existing 

systems also lack optimal feature selection methods, as well as modern 

machine learning and deep learning approaches. To address these issues, a 

novel system is proposed that integrates an aquaponic ecosystem containing 

fish, plants, and bacteria to balance water quality parameters and boost 

productivity. The system collects data from IoT devices, performs a data 

cleaning process using missing values, and outliers handling. Then, it 

performs a feature extraction process to select the optimum features. Next, it 

employs the novel H-SMOTE approach to tackle the issue of imbalanced 

datasets. The system uses multi-model categorization to cultivate fish in cold 

waters, warm-water aquatic plants, and bacteria in an aquaponic 

environment. The system uses a voting principle to identify the most 

effective prediction model. The proposed system achieves 99.50% accuracy 

for water quality prediction for aquaponic farming, addressing the 

limitations of existing systems and improving prediction accuracy and 

overall aquaponic farming productivity. 

Keywords: Water Quality Prediction, Aquaponic Farming. 

 

 

1. Introduction 

Aquaculture, or the cultivation of aquatic organisms, has emerged as a critical alternative for 

combating global food scarcity, improving food security, and driving economic growth. Over the last 

three decades, fish farming has become widely used, considerably increasing fish production and 

stability [1]. Notably, China, a key contributor to global aquaculture output, demonstrates the critical 

role aquaculture plays in addressing food emergencies and preserving livelihoods [2,3]. However, the 

increasing aquaculture business faces a wide range of issues, including resource depletion and 

environmental damage [4]. High breeding density and enhanced yields of intensive industrial 

aquaculture operations can lead to incorrect feeding procedures and degradation of water quality 

[5,6]. The delicate balance of aquatic ecosystems emphasizes the importance of maintaining 

appropriate water quality parameters to protect aquatic animals' health and production [7]. To solve 

these difficulties, novel solutions are required to reduce environmental impact and improve operating 
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efficiency. One significant challenge is water quality management, which is critical to the health and 

growth of cultured species [8,9]. Traditional water quality management techniques are frequently 

reactive and labor-intensive, relying on repeated sampling and analysis that may fail to capture the 

dynamic nature of aquatic habitats [10,11]. To deal with this problem we would move toward 

machine Learning.  

A Machine learning is a kind of intelligent technology that offers predictive skills with data-driven 

insights. ML algorithms can process massive volumes of data from several sensors in real time, 

detecting patterns and abnormalities that human operators may miss [12,13]. Farmers who integrate 

machine learning into aquaculture can shift from reactive to proactive management, detecting 

possible hazards before they become serious [14]. For example, ML can predict oxygen depletion 

events, allowing for proactive aeration to maintain ideal levels for fish survival [15]. Similarly, ML 

may improve feeding schedules based on the stock's expected growth rates and health indicators, 

decreasing waste and improving feed conversion rates [16,17]. Furthermore, ML models can aid in 

disease detection and prevention by analyzing behavioral and physiological data for early signs of 

stress or illness [18,19]. The use of ML in aquaculture is consistent with the broader goals of 

precision farming, which strives to increase productivity while minimizing environmental impact 

[16-19]. Aquaculture operations that use machine learning for water quality prediction can improve 

resource usage and animal welfare, as well as contribute to the worldwide endeavor of sustainable 

food production [20].  

To address the complexity of water quality management in aquaculture, researchers have tried a 

variety of approaches, including traditional prediction methods and machine learning (ML) models 

[20,21]. Traditional approaches are simple to adopt, but they fail to capture the nonlinear and 

dynamic nature of water quality data [22]. In contrast, machine learning methods show promise for 

precise and efficient water quality prediction. These models include a variety of techniques [23]. 

We're using support vector Machine, decision tree, and random forest algorithms. Studies have 

demonstrated that ML models can reliably predict crucial water quality parameters for aquaculture 

operations, such as pH, dissolved oxygen, turbidity, and salinity [21-23]. Notably, ML algorithms 

such as LSTM and ARIMA have been particularly effective for real-time water quality boundary 

prediction, allowing aqua farmers to take preemptive actions [24]. The implementation of machine 

learning (ML) in aquaculture water quality management represents a substantial departure from 

traditional prediction methodologies [25]. Traditional techniques, while simpler to execute, 

frequently fail to account for the intricate and changing patterns found in aquatic environments 

[26,27]. In contrast, ML models flourish in such a complicated environment [28]. They excel at 

deciphering the nonlinear correlations and temporal dynamics that characterize water quality data, 

resulting in a more nuanced knowledge and control over the aquaculture environment [29]. The 

robustness and flexibility of support vector models (the SVM), decision trees (the DT), and random 

forest algorithms (RF) distinguish them from other machine learning (ML) systems [30,31]. These 

models have contributed to improving the precision and accuracy of water quality forecasts while 

also adjusting to the specific needs of diverse aquaculture systems [32]. We've made tremendous 

progress with LSTM and ARIMA. Empirical research has shown that machine learning models can 

predict crucial quality of water indicators such as alkalinity, oxygen dispersion, turbidity, as well as 

salinity—parameters required for aquatic species survival and growth [33,34]. 
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These models include ARIMA (Autoregressive Integrated Moving Average) and LSTM (Long 

Short- Term Memory) systems [35]. These networks, which are a form of neural network with 

recurrent connections, are particularly excellent at capturing long-term relationships, making them 

ideal for aquaculture time- series prediction applications [36,37]. ARIMA models, known for their 

ability to anticipate time series, improve LSTMs by giving accurate short-term projections [38]. The 

combination of LSTM and ARIMA models is a powerful tool for real-time water quality boundary 

prediction [39]. This competence enables aquaculture producers to forecast and respond swiftly to 

possible changes in water conditions, maintaining the sustainability and productivity of their 

aquaculture operations [40,41]. Farmers may employ powerful machine learning algorithms to 

optimize resource allocation, increase fish welfare, and ultimately contribute to the global goal of 

sustainable food production [42]. 

Aquaculture is vital to supplying the increasing demand for aquatic goods, and fish farming is an 

important part of the industry [43]. Aquaculture includes a wide range of marine creatures farmed in 

various aquatic settings, such as food fish and ornamental species [44]. However, maintaining 

suitable water quality requirements is critical to the success of aquaculture operations since it ensures 

the health and production of aquatic species [45]. Failure to maintain proper water conditions may 

have a severe influence on fish health and production, reducing the overall viability of aquaculture 

operations. Industrial aquaculture activities, although important to fulfill global demand, provide 

significant challenges in terms of water quality management [42-45]. High breeding rates and 

intensive agricultural techniques may lead to nutrient buildup and water quality deterioration, 

necessitating adequate monitoring and control strategies. Traditionally, aqua farmers used manual 

evaluation techniques, which are time-consuming and prone to mistakes [46]. However, using 

contemporary technology, particularly machine learning (ML) models, provides a realistic option for 

enhancing water quality monitoring and prediction in aquaculture. support vector algorithms (SVM) 

are two machine learning technologies that have shown great potential in accurately forecasting 

water quality indicators [45,46]. 

These models use previous data to estimate future patterns, allowing aquaculture farmers to make 

more educated decisions and proactively manage risks [47]. Furthermore, advances in machine 

learning technology,

such as LSTM and ARIMA models, offer real-time prediction of water quality dynamics, allowing 

for prompt action in critical situations [48]. 

The implementation of machine learning (ML) algorithms in aquaculture has considerable potential 

for enhancing productivity and assuring the sector's sustainability [49]. Machine learning algorithms 

allow for proactive management of aquaculture operations by providing aquafarmers with accurate 

and timely information on water quality indicators, reducing the danger of disease outbreaks and 

environmental harm [50]. Aquafarmers may also improve resource allocation and overall operational 

efficiency by using ML- based systems, which are a low-cost and effective alternative to traditional 

monitoring approaches [46-50]. Despite their potential benefits, adopting and deploying machine 

learning models in aquaculture presents additional obstacles [51]. The scarcity of data, especially on 

small-scale industrial farms, creates a considerable hurdle to constructing accurate prediction models 

[52]. Furthermore, the intricate nature of aquatic ecosystems and the way that many environmental 

factors interact make it necessary to use strong modelling tools that can capture relationships that are 
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not linear and change over time [53]. Addressing these difficulties would necessitate cross-

disciplinary collaboration as well as novel data collection and analysis methods [54,55]. Researchers 

can improve the accuracy and reliability of ML models for aquaculture water quality prediction by 

combining data from diverse sources, such as sensors, satellites, and environmental monitoring 

stations [56]. Furthermore, ongoing research efforts focused on enhancing modeling methodologies 

and exploring innovative algorithms hold potential for overcoming current limitations and achieving 

real- world outcomes. Aquaculture can fully utilize the potential of machine learning [57,58]. 

Given the growing importance of aquaculture in global food security and economic development, 

ongoing research and innovation in water quality management are required [59]. Drawing on current 

research publications, this study intends to contribute to the continuing discussion about water 

quality prediction in aquaculture and provide ways for increasing productivity and sustainability in 

the sector [60,61]. We a thorough assessment and analysis of the available literature, we hope to 

identify important issues and possibilities in water quality management and investigate the potential 

of machine learning (ML) models in tackling these challenges [59-61]. In the future, increasing 

collaboration among researchers, industry stakeholders, and policymakers will be critical to 

developing effective solutions for water quality management in aquaculture [62,63]. 

Leveraging advances in machine learning technology and incorporating data-driven techniques into 

aquaculture practices can improve the resilience and sustainability of aquaculture operations while 

also ensuring the continuing supply of high-quality aquatic products for global consumers [64,65]. 

Together, we can use innovation to create a more resilient and sustainable future for aquaculture. We 

cannot over emphasize the importance of water quality control in aquaculture [66]. As the 

aquaculture industry expands to meet the growing demand for aquatic products, maintaining 

appropriate water conditions becomes critical to the health and production of aquatic species [67,68]. 

Machine learning (ML) models present a possible option for improving water quality prediction and 

management, allowing aquaculture farmers to make more informed decisions and effectively manage 

risks [65-68]. Drawing on existing research publications, this work adds to the continuing discussion 

about water quality management in aquaculture [69]. It presents solutions to increase productivity 

and sustainability in the sector [70]. Through interdisciplinary collaboration and new ideas, we can 

create a more resilient and sustainable aquaculture future, ensuring the continuous supply of high-

quality aquatic goods for global consumers [71-72]. 

2. Literature Survey & Research Gaps 

Bhushankumar Nemade and Deven Shah [73] developed an IoT-based water quality prediction 

system for aquaponics farming, using IoT sensors for data collection and the novel M-SMOTE 

algorithm to address class imbalance. The system achieved 99.13% accuracy with XGBoost and 

Random Forest classifiers. This system is crucial for risk management and productivity in 

aquaponics, with significant environmental benefits. 

Chiang Liang Kok, I Made Bagus Pradnya Kusuma, Yit Yan Koh, Howard Tang, and Ah Boon 

Lim [74] developed an automated water quality management system for aquaponics using PID 

calculations. The system controlled a BLDC motor, aeration pump, and heater with PWM signals. 

Independent testing confirmed functionality, with PID settings ensuring stable water levels in 

vegetable and fish tanks. Future work could integrate machine learning for dynamic adjustments and 
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compare control strategies for efficiency. Long-term studies are needed to assess the system's 

sustainability and productivity in urban aquaponics. 

Andres Felipe Zambrano, Luis Felipe Giraldo, Julian Quimbayo, Brayan Medina, and 

Eduardo Castillo [75] used machine learning to predict water quality in fish farming. The study 

utilized a random forest model to accurately estimate ammonium and ammonia levels based on pH 

and temperature, comparing its performance with linear regression and neural networks. The 

research highlights the potential to reduce comprehensive measurements by accurately forecasting 

key water quality variables, even with limited data. It emphasizes the importance of optimizing data 

collection frequency and suggests a need for developing new machine learning techniques or hybrid 

models for sparse data. The study also points out the necessity for accessible tools for fish farmers, 

especially in resource-limited settings, and the need for models capable of long-term forecasting. 

Aldhyani et al. [76] conducted a study utilizing artificial intelligence to predict water quality indices 

(WQI), splitting the dataset into 70% for training and 30% for testing. They evaluated several 

algorithms, including NARNET, LSTM, SVM, KNN, and Naive Bayes. The NARNET model with 

12 hidden layers and the LSTM model with 200 hidden layers achieved high accuracy, with an R-

value above 93.93%. The SVM algorithm excelled in water quality classification. The study 

emphasizes the potential of AI in environmental monitoring, highlighting the importance of 

predictive modeling in water quality management. However, the research's focus on a single region 

limits its broader applicability. This summary covers the study's key aspects and acknowledges its 

limitations. 

A. Najah et al. [77] ANN models, including MLP-NN and RBF-NN, effectively predicted water 

quality in the Johor River basin, with RBF-NN showing superior error distribution. RBF-NN models 

outperformed LRMs and MLP-NN in speed and efficiency. The study recommends investigating 

advanced ANNs for better accuracy. There's potential for more dynamic ANN models and 

optimization techniques to further improve water quality predictions. 

Avila et al. [78] The study evaluated statistical models for water quality prediction in the Oreti 

River, focusing on E. coli levels and rainfall impact on water modes. E. coli concentrations showed 

variability, with mostly acceptable levels for recreation. Rainfall influenced water modes, with more 

Amber and Red modes during higher rainfall. Bayesian networks excelled in predicting red mode 

days, with low error rates. Bayesian networks are optimal for real-time water quality prediction, with 

potential for future enhancements and policy-making applications. While the Bayesian network 

model shows promise for real-time water quality prediction in the Oreti River, further research is 

needed to assess its effectiveness in different environmental conditions and geographic locations. 

Additionally, integrating spatial components into the model could enhance its predictive accuracy, 

offering a more comprehensive tool for environmental management and policy-making. 

3. Proposed Methodology 

Farmers' lack of skill and understanding presents hurdles to aquaponic farming. Adopting current 

technology is critical for growing the aquaponics sector. This includes monitoring water quality, 

selecting disease-free seeds and species, and conducting effective breeding operations. Our 

suggested method is designed to predict suitable cold- and warm-water fish, plants, and beneficial 

microbes for freshwater fish farming. Furthermore, it offers tactics and treatments for the efficient 
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cultivation of fish while taking into account additional aquatic creatures which include plants and 

microbes maintain the health of the ecosystem. The system has six components: Real-time data 

collection: Sensor gadgets collect crucial data. Data cleaning comprises removing missing data and 

outliers. Feature extraction is the process of identifying relevant qualities from sensory input. 

unbalanced Data Handling: The H-SMOTE approach is designed to handle imbalanced datasets. 

Preferred Classifiers: We use some models to categorize. Optimal Prediction: A voting-based method 

guarantees accurate projections. Aquaponic farmers may enhance their operations by using 

technology and prediction tools. 

 

Fig. 1 Water Quality Prediction Framework for Aquaponic Farming. 

 3.1 Real-Time Data Collection 

The water's pH indicators were initially obtained using devices with Internet of Things sensors in 

different places. The collected data is statistically stated as follows: 

Ss= {S1, S2, S3, …Sm}. 

where Ss represents the dataset and Sn denotes the quantity of data sensor S. 

3.2 Data Cleaning Process for Handling Missing Values and Outliers 

In our suggested system, we use data cleaning to improve the quality of our dataset. We specifically 

tackle two typical issues: missing numbers and outliers. When encountering missing values, we take 

a basic technique. For instance, if the twentieth value is absent, we calculate the average of the two 

values before it (18th and 19th) and following it (21st and 22nd). This average replaces the missing 

20th value. Correcting outliers can improve dataset integrity. To overcome this, we use the median 

method to adjust records with outliers. In circumstances when more than one number is absent, we 

compute the mean of the two nearest values. By using these data cleaning approaches, we ensure that 

our dataset is reliable and accurate for further analysis and modelling. 

3.3 Feature Selection 

At this step, we employ a correlation matrix and a heatmap to identify essential traits. We priorities 

variables with the greatest effect on the prediction variable. 

3.4 Imbalanced data handling. 
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In our suggested approach, we divide the dataset into nine unique categories. Initially, we see a 

non-uniform distribution of these classes. For a classification issue with 7,338 occurrences (rows), 

the class ratios (given as percentages) are as follows: NS:P:C: B:BW: BP: BPW: BC: BCCP = 

6:4:6:7:17:13:25:10:13 the distribution of classes is given in Table1. 

The dataset has Class imbalance hampers multiclass categorization. To overcome this problem, we 

recommend employing a number of performance metrics like as accuracy, recall, F1-Score, Kappa, 

and ROC curves. Skewed datasets should not be evaluated just on the basis of accuracy. 

To address the imbalance, consider the following approaches: 

Over-sampling is the process of randomly adding occurrences (rows) within the minority cohort into 

the training dataset, using replacement. 

Under-sampling is a manner of removing occurrences (rows) of a class with too many copies. 

Optimization Challenges: 

Selecting examples from the minority class, selecting sample features, sample kinds, sampling 

rates, and developing a technique for distributing minority class samples are all part of a 

complicated optimization issue. 

By carefully resolving class imbalance, we improve the resilience and reliability of our 

classification system. 

Table 1 Distribution of classes in percentage. 

Categorical label for dependent variable Labelled dependent variable Distribution % 

NS 1 5 

P 2 5 

C 3 7 

B 4 6 

BW 5 16 

BP 6 14 

BPW 7 26 

BC 8 11 

BCP 9 12 

 

1. Nitrogen Species: Nitrogen species are vital in aquaponics systems. Understanding 

and regulating these characteristics is critical to sustaining water quality. The key nitrogen species 

are: Ammonia (NH3-N) concentrations should be less than 0.2 mg/L, whereas NO2-N levels should 

be below 0.1 mg/L. Proper nitrogen species control promotes the health and well-being of fish, 

plants, and microbes in the aquaponic system. 

2. Phosphorus (P) is an essential component for aquaponics systems, affecting plant 
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growth and overall System wellness. Important information about phosphorus in aquaponics. 

Phosphorus is required for energy transmission, cell division, and photosynthesis in plants. Plant 

Access: Maintaining an ideal phosphorus level ensures that plants have enough access to this 

nutrient. pH Influence: Phosphorus solubility is influenced by pH. Most plants can efficiently use 

phosphorus between 5.5-7.5. Regular monitoring is important to prevent deficits or excesses. 

3. Fish breathing emits CO₂ into the water, which affects pH.CO₂ spontaneously 

transforms into carbonic acid (H₂CO₃) when in contact with water. As CO₂ levels rise, the pH of 

water lowers. Higher fish stocking density causes increased CO₂ emission, reducing pH 

levels (12). 

4. Carbonate hardness (sometimes called alkalinity) assesses water's buffering ability. 

Carbonate hardness affects pH because it acts as a buffer, lowering the pH. Well water is often hard 

because it contains natural minerals and carbonates24.Maintaining proper CO₂ levels in aquaponics 

is crucial for plant development and system health. Carbon dioxide availability influences 

photosynthesis, nutrient intake, and ecological equilibrium. Monitoring CO₂ levels promotes a 

healthy habitat for fish and plants. 

5. Boron has a critical role in plant physiological activities, including growth. Cell Wall 

Formation Boron helps to strengthen and stabilize cell walls. Sugar Transport It promotes the flow of 

sugars throughout plants. Reproduction Boron is necessary for floral growth and seed formation. 

Maintaining adequate boron levels in aquaponics promotes healthy plant growth and reproduction. 

Boron deficiency can cause toxicity. Inadequate boron causes symptoms such as deformed leaves, 

poor blooming, and limited fruit set. Excess boron can be hazardous to plants, resulting in leaf burn 

and reduced development. Boron levels are regularly monitored to help avoid imbalances. Water 

Testing and Management Start-up systems should be evaluated on a daily basis to ensure that 

settings are adjusted swiftly. Once stable, weekly testing is sufficient. Boron influences DO levels, 

which affect fish and beneficial bacteria12. Boron affects pH stability, nutritional availability, and 

microbial activity. 

To enhance the development of new instances for underrepresented classes, SMOTE disregards 

neighboring samples and instead draws from examples from other classes, resulting in increased 

class overlap and noise. Furthermore, SMOTE struggles with data that is highly dimensional, which 

might result in redundant observations for minority groups. As a consequence, adopting SMOTE 

usually results in datasets with many duplicates, which reduces model accuracy—a key downside of 

the SMOTE technique. In response to these constraints, Section 3.4.1 offers H-SMOTE, a novel 

modified approach for synthetic minority oversampling designed to address imbalanced class 

concerns. H-SMOTE begins with outlier detection and mitigation, using the Remove Outlier function 

to find and remove anomalies via the score, or Z approach. This equation computes the score for Z 

by adding Equations 3 and 4, which establish a mean as well as standard deviation, correspondingly. 

Equations 5 and 6 identify upper and lower bounds, while Eq. 7 locates outliers, which are 

subsequently eliminated by Eq. 8, resulting in a devoid-of-noise collection. The collected data is next 

segmented into dependent and independent factors using Eq. 9, yielding a Sx and Sy dataset that is 

sent to the H-SMOTE function. The dominant class's length is estimated using Eq. 10, which is 

indicated by CMJ, while the minority class's list is established using Eq. 11 and given to CMN. Eq. 

12 computes the aggregate amount of minority classes (M), whereas Eq. 13 calculates the minority 
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category's ratio to the dominant class. A ratio less than 0.8 suggests a class inequality. The aggregate 

amount of G synthetic samples generated for minority

groups are calculated using Eq. 14. Equations 15 and 16 are then utilized to produce G samples and 

include them in the dataset. This method creates a fresh dataset that is devoid of outlier values, 

making it appropriate for preparing specimens for minority classes. 

3.4.1 H-SMOTE Algorithm 

 Define Remove Outliers (Dataset):  

Problem description: Use the Z-score approach to eliminate outliers from the dataset.  

Input: A dataset with attribute ranges and bounds.  

Output: A dataset devoid of noise and outliers.  

S → Dataset for columns in dataset columns: z = (x-μ)/σ # µ denotes mean and σ represents standard 

deviation. (1)  

 

μ = 
 ∑        

   

           
 (2)  

 

σ = √
∑              

   

           
 (3)  

 

# Finding the Boundary Values.  

 

GBx =   + z *   (4) 

KBx =   - z *   (5) 

# Identifying Outliers  

OV = dataset[(S(col[i]) > GBx) OR(S(col[i] < KBx)] (6) 

# Removing outliers and creating a new dataset. ND 

NR = S[(S(col[i]) < GBx) AND (S(col[i] > KBx) (7)  

Sx, Sy → Split (NR) (8)  

Return Sx and Sy.  

Algorithm H-SMOTE (Dataset, Sy)  

Problem description: Perform oversampling for minority classes without overlapping.  

Input: A dataset including dependent feature Sx and independent feature Sy.  

Output: Data for minority classes created synthetically with no class overlap.  

Sx, Sy = Remove Outlier (dataset, Sy); # Detect and mitigate outliers.  

CMT = Max (Count (Sy)) (9).  

SET CMP = CK - CMT (10).  

M < -length (CMP) (11). 

J=0  

WHILE J<M:DO 
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Ratio = count (CMP[J])/count (MJ) (12) 

If the ratio is less than 0.8, then  

G = [count (Mv) - count (CMP[J])] *β # Where 0 < β ≤ 1 (13)  

For z: 1 to G, use Si = Xi + (QZi - Wi) * τ to generate a new synthetic sample (14).  

Where τ is random (0,1).  

End For  

Dataset → Si # Newly produced sample added to dataset (15)  

L = L+1 ENDWHILE      

The approach is repeated until the dataset includes unique samples from the attribute's   authorized 

range.  

3.5 Aquaponics Farming Prediction 

In the context of aquaponics farming prediction, we compare six classifier algorithms using 

performance criteria such as accuracy, execution time, precision, and recall. These classifiers are 

trained and assessed using a validation dataset. The proposed classifier incorporates CatBoost, 

gradient boost, XGBoost, a decision tree, Random Forest, with KNN. Each model has distinct 

characteristics for water quality measures. The proposed system employs the selected classifier to 

choose the optimal prediction model for incoming input data and then makes predictions. 

4 Result and Discussion 

The study evaluates the effectiveness of an Internet of Things (I prediction system designed to 

identify water quality for fish from cold waters, warm-water fish, plants, and microbes. The Python-

based solution utilizes a data set given by the West Bengal Pollution Control Board, which comprises 

7338 freshwater records from rivers and lakes throughout 27 Indian states. The dataset includes 

essential parameters. pH, oxygen concentration, temperature, ammonia, nitrite, and nitrate are among 

the variables examined. The data is broken down into three categories: 70% for training, 15% for 

validation, and 15% for testing. Several classification algorithms are utilized, and their performance 

is assessed using several measures, including accuracy, precision, recall, F1-measure, Kappa, ROC 

curve, Matthew's correlation coefficient (MCC), and execution time. For the optimum prediction, a 

voting method is employed, with performance indicators including accuracy, Kappa, the F1 

measurement, and time to execution. The evaluation is divided into three stages: first, without 

utilizing any data augmentation techniques (H-SMOTE), secondly with the H-SMOTE methodology, 

and finally, execution time with and without H-SMOTE. 

4.1 Model Achievement Without the H-SMOTE 

The suggested system's performance is evaluated without using the H-SMOTE approach. Classifiers 

such as CatBoost, Gradient Boosting, XGBoost, Decision Tree, Random Forest, and KNN are 

evaluated using performance metrics such as accuracy, AUC curve, recall, precision, F1 score, 

Kappa, and MCC. With the exception of KNN, all classifiers achieve a prediction accuracy of more 

than 93%. 
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Fig. 2 Performance of the suggested system free from H-SMOTE. 

4.2 Model Achievement with the H-SMOTE 

The proposed technique's functionality is assessed through the H-SMOTE method. Classifiers such 

as CatBoost, Gradient Boosting, XGBoost, Decision Tree, Random Forest, and KNN are evaluated 

using indicators of performance such as accuracy, AUC curve, recall, precision, F1 score, Kappa, and 

MCC. Except for the KNN classifier, the suggested system obtains a prediction accuracy of more 

than 96%. Particularly, the XGBoost and Random Forest classifiers acquire accuracy rates of 96% 

and 99.50%, respectively. 

 

Fig. 3 Performance of the suggested system with H-SMOTE. 

5 Conclusion  

India ranks 3 for marine output and 2 in aquaculture. The seafood sector engages over 154 lakh 

persons and contributes to one percent of India's gross domestic product. The National Fisheries 

Development Board (NFDB) of India estimates that fishing-related businesses generated Rs 334.41 

billion in export revenue. Aquaponic systems may help fish breeders make more money. To maintain 

an optimal environment for fish, plants, and bacteria throughout an ecological framework, the 

Internet of Things (IoT) system analyses water quality data and offers a method for balancing factors 

including pH, temperature, DO, ammonia, nitrate, and nitrite. The proposed method for aquaponic 

culture of a variety of species, including cold-water fish, warm-water fish, bacteria, and plants for 

aqueous production, yields a most exact prediction imaginable. It is based on a voting system that 

uses a variety classifier. To attain the highest possible prediction result of 99.50%, the proposed 

approach includes an effective system for data cleaning, feature selection, and handling of 

imbalanced data using H-SMOTE, as well as innovative classification and optimal prediction 
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methods based on the voting principal technique. In the future, the suggested technique is expected 

to apply a return-on-investment approach to improve aquaponics farming and better prediction 

systems for other aquatic animal farms.  
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