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Abstract.

Purpose: This study aims to improve the accuracy of water quality classification models by addressing class imbalance
and data noise. Aquaculture water quality monitoring is essential to support sustainable aquaculture production and
maintain aquatic organism health. As aquaculture systems become more intensive, accurate predictive models are
needed for effective monitoring and decision-making. Therefore, this study proposes a stacking ensemble model
optimized using SMOTEENN hybrid balancing to improve classification performance on aquaculture water quality
datasets.

Methods: The proposed approach combines SMOTEENN hybrid balancing with a meta stacking ensemble framework.
First, Synthetic Minority Oversampling Technique (SMOTE) was applied to balance minority classes by generating
synthetic samples. Next, Edited Nearest Neighbor (ENN) was used to remove noisy data from both original and
synthetic datasets. After preprocessing, the classification process employed a meta stacking ensemble model consisting
of Extra Trees (ET) and Random Forest (RF) as base learners, while Logistic Regression (LR) served as the meta
learner. The model was evaluated using the Aquaculture Water Quality (AWQ) dataset.

Result: Experimental results show that the proposed model achieves the highest performance under the SMOTEENN
scenario, reaching an accuracy of 99.88%, outperforming SMOTE 99.20%, ENN 99.78%, and the original imbalanced
data 99.18%. The results indicate that combining class balancing and noise reduction significantly improves
classification performance.

Novelty: This study presents a novel integration of SMOTEENN hybrid balancing and meta stacking ensemble
learning, offering an effective solution for handling imbalanced and noisy environmental datasets in water quality
classification.
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INTRODUCTION

Water quality is one of the crucial aspects that directly affects human health [1] and various social and
economic activities such as industry and agriculture [2]. In the context of aquaculture, water quality plays a
vital role in maintaining aquatic organism health, supporting sustainable fish farming practices, and ensuring
ecosystem stability. Water quality degradation due to chemical, biological, and physical pollution is
becoming an increasingly complex global challenge as urbanization, industrialization, climate change, and
the intensification of aquaculture systems increase [3]. To overcome these problems, a fast, accurate, and
reliable water quality detection and evaluation system is needed [4].

In recent years, the use of machine learning techniques in water quality classification has experienced rapid
development [5]. These predictive models can assist in the decision-making process and accelerate the
assessment of water conditions based on available parameters [6]. However, the success of the model is
greatly influenced by the quality of the dataset used [7]. In aquaculture water quality datasets, common
problems such as class imbalance and the presence of data noise can cause a decrease in accuracy and prevent
the model from recognizing important patterns in the data [8], [9].

Several studies have attempted various approaches to improve the accuracy of classification models,
including performance enhancement techniques such as ensemble learning [2], [10] and resampling methods
[11], [12], [13]. Although class balancing and ensemble learning techniques have been widely applied [1],
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[2], their combined use, particularly integrating hybrid resampling techniques such as SMOTEENN within
a stacking ensemble framework for water quality classification, remains insufficiently explored.

Based on this gap, this study proposes a meta stacking ensemble model optimized with SMOTEENN hybrid
balancing. The proposed framework combines two base learners, Extra Trees (ET) and Random Forest (RF),
whose outputs are integrated using Logistic Regression (LR) as a meta learner [10], [14]. In addition,
SMOTEENN is employed to address class imbalance by generating synthetic samples and removing noisy
data simultaneously [15], [16].

METHODS

A. Data Description

This study uses the AWQ dataset, taken from the Mendeley Data repository
https://data.mendeley.com/datasets/y78ty2g293/1, containing 4,300 fish pond water samples with 14
features: Temperature, Turbidity, Dissolved Oxygen, Biochemical Oxygen Demand (BOD), CO2, pH,
Alkalinity, Hardness, Calcium, Ammonia, Nitrite, Phosphorus, H2S, and Plankton. Water quality is
categorized into three classes: Very Good (0), Good (1), and Poor (2), with distributions of 1,400, 1,400, and
1,500 samples, respectively. Details of the data description can be found in the Table 1.

Table 1. Data description
Features Median  Skewness

Temp 25.04 2.53
Turbidity 30.21 0.70
DO 5.00 111
BOD 2.24 221
Cco2 6.60 -0.16
pH 7.74 -0.38
Alkalinity 67.56 1.18
Hardness 111.06 0.91
Calcium 62.85 1.34
Ammonia 0.03 5.60
Nitrite 0.10 191
Phosphorus 0.98 0.58
H2S 0.02 3.23

Plankton 3729.40 0.22

B. Data Preprocessing

The preprocessing stage was carried out to produce a cleaner and more representative dataset. Skewness in
the dataset was reduced using Power Transformer with the Yeo—Johnson method, which empirically reduced
the skewness value of the features and produced a data distribution that was closer to symmetrical than the
initial condition. The Yeo-Johnson transformation is defined in (1):

(xg+1A-1

_ , A=*0
Yi = 4
In(x; +1), 4=0

@
Where x; represents the original value and y; represents the transformed value. After this stage, the data is
ready for resampling and noise handling.

C. SMOTE

Handle class imbalance by adding synthetic records from the minority class. If x; is a minority class record

and x,; is one of its closest neighbors, then the synthetic record is generated according to (2):

Xnew = X; + A(xzi - xi)'l € (0!1) (2)

This step allows for the evaluation of the effect of class balancing on model performance without removing
noise.

D. ENN
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Delete records whose labels differ from the majority of their nearest neighbors (k-NN). Deleted records are
considered noise. Formally, a sample is removed if the condition in (3) is satisfied:

x; is removed if y; # mode { y; | x; € Ny (x;) } 3

This stage evaluates the effect of noise cleaning without adding synthetic records. In this study, ENN was
applied with k = 3, which is the default value to balance noise removal sensitivity and class distribution.

E. SMOTEENN
SMOTEENN is a hybrid resampling approach that combines SMOTE and ENN to generate a balanced and
noise-reduced dataset. The procedure is expressed in (4):

D' = SMOTE(D), D" = ENN(D") ()

SMOTE was first used to balance class distribution, then ENN was applied to remove records that were
potentially noise in the oversampling dataset. This scenario provides a comprehensive analysis of the effects
of class balancing and noise removal simultaneously. Details of the data distribution for all resampling
schemes are shown in Table 2.

Table 2. Data distribution
Resampling Class0 Class1 Class2 Total Sampel

Raw Data 1400 1400 1500 4300
SMOTE 1500 1500 1500 4500
ENN 1400 642 471 2513
SMOTEENN 1031 762 471 2264

F. Classification Model

To evaluate the proposed approach, this study employs two classification schemes, namely a single classifier
scheme and a stacking ensemble scheme. In the single classifier scheme, Random Forest (RF) and Extra
Trees (ET) are independently trained using datasets generated from each resampling strategy (i.e., without
resampling, SMOTE, ENN, and SMOTEENN). This scheme aims to analyze the direct impact of resampling
strategies on the performance of individual models. In the stacking ensemble scheme, RF and ET are used
as base learners. Each base learner generates a class probability vector for each sample x;as defined in (5):

P (%) = [Pm1(X0), P2 (X0, s Prmc (%3] )

where Cdenotes the number of classes and mdenotes the base learner index. The outputs of all base learners
are then concatenated to form the second-level feature representation as expressed in (6):

z; = [p1(x), p2(x1), -, P (x1)] (6)

The probability vectors used to construct the second-level features are obtained using out-of-fold predictions
through 10-fold cross-validation on the training data to avoid information leakage. At the meta level, Logistic
Regression (LR) is employed as the meta-learner to generate the final prediction as shown in (7):

9, = arg max __exp(Wizitho) %
¢ ¢ Z£=1 exp (W} z;+by)

where w, and b, are the weight vector and bias term associated with class c, respectively. The complete
pipeline of the proposed method is illustrated in Figure 1, covering load dataset, preprocessing, resampling,
classification model, and model evaluation.
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Figure 1. Proposed method
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G. Model Evaluation

To ensure model performance consistency, all experiments were evaluated using stratified 10-fold cross-
validation. Classification performance was analyzed based on a confusion matrix that included true positive
(TP), true negative (TN), false positive (FP), and false negative (FN). [17], [18]. The confusion matrix
presents the relationship between model predictions and actual data conditions, thereby forming the basis for
calculating various evaluation metrics. [19], [20]. Based on the confusion matrix, several evaluation metrics
are used, namely accuracy, precision, recall, F1-score, and AUC.

Accuracy is defined in (8) which shows the proportion of correct predictions against all records [21]. Recall
is defined in (9) which measures the model's ability to correctly detect all positive records [22]. Precision is
defined in (10) which indicates the level of reliability of the positive predictions generated by the model [22].
The F1-score is formulated in (11) which represents a balance between precision and recall [23]. AUC (Area
Under the Curve) is calculated using (12) which measures the model's ability to distinguish between positive
and negative records [23].

TP+TN
TP+TN+FP+FN (8)
TP

TP+FN (9)

TP
TP+FP (10)
2-Pre‘ci‘sion-Recall (11)
Precision+Recall

1 ~ ~

mz:i:yi:l Zj:y]:o I(Z?L > PJ) (12)

RESULT AND DISCUSSION

This study evaluates the effect of resampling strategies on the performance of water quality classification
in datasets with different distribution characteristics, as well as their impact when combined with stacking
ensemble. The accuracy performance of each model can be seen in Table 3.

Table 3. The accuracy performance of each model

Dataset Model Raw Data SMOTE ENN SMOTEENN
AWQ LogisticRegression 82.13% 83.13% 92.12%  92.41%
AWQ SVM 94.51% 94.68% 99.69%  99.71%
AWQ DecisionTree 99.53% 99.53% 99.85%  99.85%
AWQ GradientBoosting 99.27% 99.20% 99.72%  99.67%
AWQ RandomForest 99.62% 99.64% 99.81%  99.76%
AWQ XGBoost 99.23% 99.20% 99.84%  99.76%
AWQ ExtraTrees 95.37% 95.48% 99.63%  99.62%

AWQ  Stacking (RF, ET,LR) 99.18%  99.20%  99.78%  99.88%

At baseline, the stacking ensemble achieved an accuracy of 99.18%. The highest increase in accuracy was
obtained when the model was optimized using the hybrid balancing method SMOTEENN, with accuracy
increasing to 99.88%. This improvement was higher than using SMOTE or ENN individually. SMOTE
increased accuracy to 99.20%, while ENN produced 99.78%. These results show that the hybrid approach
provides more consistent performance improvement compared to single resampling techniques. The overall
performance of SMOTEENN in each model can be seen in Table 4.
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Table 4. Model performance in the SMOTEENN scenario

Model Accuracy Precision Recall F1 AUC

LogisticRegression 92.41% 92.29% 9241%  92.09%  96.02%
ExtraTrees 99.62% 99.62% 99.62%  99.61%  99.99%
GradientBoosting 99.67% 99.68% 99.67% 99.67%  99.99%
SVM 99.70% 99.71% 99.70% 99.70%  99.97%
XGBoost 99.76% 99.76% 99.76% 99.76%  100%

RandomForest 99.76% 99.76% 99.76%  99.76%  99.99%
DecisionTree 99.85% 99.85% 99.85% 99.85%  99.85%

Stacking (RF, ET, LR) 99.88% 99.88% 99.88% 99.88%  99.99%

SMOTE and ENN operate in fundamentally different ways to improve model performance. SMOTE
increases minority class representation by generating synthetic samples, resulting in an addition of 200
synthetic samples, increasing the dataset size from 4,300 to 4,500. In contrast, ENN removes noisy samples
based on nearest neighbor’s disagreement, eliminating 1,787 samples from the dataset. When combined,
SMOTEENN first balances the class distribution and then applies noise filtering, resulting in a final dataset
of 2,264 samples. Compared to previous studies, the SMOTEENN-Stacking ensemble shows consistent
performance improvements. Comparison of accuracy with similar studies can be seen in Table 5.

Table 5. Comparison of accuracy with similar studies

Author Model Dataset  Accuracy
Hridoy et al. (2025) [24] LightGBM and XGBoost AWQ 99.6%
Arabelli et al. (2025) [25] DNN with Adam optimizer AWQ 97.41%
Naim et al. (2025) [26] HBA with XGBoost classifier AWQ 98.05%
Proposed Model SMOTEENNS-Stacking Ensemble ~ AWQ 99.88%

In the AWQ dataset, the best previously reported performance was achieved by Hridoy et al. (2025) [24]
using a LightGBM and XGBoost-based approach, with an accuracy of 99.60%. This is slightly higher than
other prior methods such as Naim et al. (2025) [26], which reported 98.05%, and Arabelli et al. (2025) [25],
which achieved 97.41% using a deep neural network. In this study, the proposed SMOTEENN-Stacking
ensemble achieves an accuracy of 99.88%, outperforming all compared methods and confirming that the
integration of SMOTE-based oversampling, ENN-based noise reduction, and stacking ensemble learning
significantly improves water quality classification performance compared to previous approaches.

CONCLUSION

This study evaluates the impact of SMOTE, ENN, and SMOTEENN resampling strategies on water quality
classification using multiple machine learning models and a stacking ensemble on the AWQ dataset. The
results show that resampling significantly improves performance compared to imbalanced data, with the
hybrid SMOTEENN approach providing the most consistent gains across all models by combining
oversampling and noise reduction. The stacking ensemble achieves the best overall performance, reaching
99.88% accuracy under SMOTEENN, outperforming all individual classifiers and baseline methods. These
findings confirm that the integration of SMOTEENN with ensemble learning is an effective and robust
approach for improving water quality classification performance.
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