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Abstract: Monitoring water quality is a key element to maintaining the sustainability of our environment and public health. 

Water-quality safety classification systems based on machine learning have been developed as effective tools for predicting 

potable and non-potable conditions. Nevertheless, classification performance depends significantly on the effectiveness of data 

preprocessing techniques before model training. Although machine learning has been increasingly used to assess water quality, 

few studies have systematically tested the effects of various preprocessing methods on classification results. This study 

compares and contrasts the most significant preprocessing methods, including missing data imputation, outlier detection, 

normalisation, feature selection, dimensionality reduction, and class balancing. A systematic experimental framework is 

created from publicly available water-quality datasets. The following classification models are evaluated: Random Forest, 

Support Vector Machine, XG-Boost, and Artificial Neural Networks, with varying preprocessing conditions. The experimental 

results show that the accuracy, precision, recall, F1-score, and computational efficiency of classification can be significantly 

influenced by preprocessing. Comprehensive feature selection, along with powerful normalisation and advanced imputation 

strategies, delivers the highest overall performance. The results offer useful recommendations for selecting appropriate pre-

processing pipelines for water-quality safety classification systems and for developing reliable intelligent water-monitoring 

systems. 
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1. Introduction 

 

Water is a necessity for human health, industry, and environmental sustainability, and must be safe and clean [1]. These factors, 

such as rapid urbanisation, industrialisation, and agriculture, pollute water, underscoring the importance of an intelligent water-

quality assessment system and continuous monitoring. Process testing methods are typically costly and time-consuming and 

are not suitable for online applications [4]. Hence, machine learning techniques have received significant attention for 

automating water quality classification and prediction to enhance water safety [2]. Typical challenges in real-world water 

quality data include missing data, noise, faulty sensor readings, redundant features, high dimensionality, and skewed class 
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distributions [3]. These are all factors that affect machine learning performance and can lead to incorrect classification results. 

The most important step is data pre-processing, which converts raw environmental data into structured, reliable, and usable 

data for predictive modeling [5]. Several approaches to preprocessing have been suggested in the literature, including statistical 

imputation [6], interpolation methods [7], normalization procedures [8], outlier removal [10], feature selection algorithms [11], 

and dimensionality reduction [12]. The effects of these methods on water quality safety classification have been investigated 

separately, but limited information is available [9]. This study comprehensively evaluates the effectiveness of various pre-

processing techniques and the best pre-processing pipelines for water-quality classification problems [31]. The results yield 

several positive recommendations for researchers and practitioners in environmental monitoring engaged in the design of 

intelligent water-quality monitoring systems. The major objectives are as follows: 

 

 To review systematically water quality classification studies in which preprocessing methods have been used. 

 To study the impact of different preprocessing approaches on the classification accuracy, an experiment was 

conducted. 

 To find the optimum pre-processing of the data that will lead to a successful water quality safety prediction process. 

 

2. Literature Review 

 

Recent work shows that the performance of machine learning techniques in environmental monitoring systems can be 

significantly affected by data preprocessing. Water quality datasets are commonly encountered in practice, and various 

techniques for handling missing values, such as mean imputation, KNN imputation, and multiple imputation, are widely used. 

Moving-average filtering, Kalman filtering, and wavelet denoising are popular noise-reduction techniques for enhancing the 

quality of sensor data. Water quality prediction has emerged as a significant research area due to growing concerns about the 

safety of drinking water and sustainable resource management. Several techniques, including machine learning, deep learning, 

preprocessing, dimensionality reduction, and statistical methods, have been used to enhance prediction accuracy. Some recent 

studies are briefly summarised below, which highlight new developments, problems, and prospects. Feature consistency and 

improved model convergence are achieved through normalization techniques such as Min-Max Scaling and Z-score 

Standardization. Various feature selection methods can be used to identify non-redundant yet important features, such as 

Recursive Feature Elimination (RFE), Mutual Information, and Random Forest Importance. High-dimensional water-quality 

datasets are often analyzed using Principal Component Analysis (PCA). To enhance the accuracy of water potability prediction 

in resource-limited environments, Phorah et al. [12] highlighted the need for data cleaning, feature engineering, and 

dimensionality reduction. The study showed that the model's performance can be greatly improved with strong preprocessing.  

 

However, it was still an investigation based on reviews rather than the integration of an intelligent prediction framework. To 

improve the accuracy of the prediction model, Shim et al. [13] added wave information acquired during ultrafiltration to 

wavelet-enhanced CNN and LSTM models. They detected an increase in turbidity when membrane damage occurred, as 

measured by their procedure. The study, however, was conducted for a specific desalination application, and the results may 

not be extrapolated to other water-quality assessment applications. Panahi et al. [14] proposed a hybrid VMD ensemble learning 

model for predicting water quantity and quality. The method was applied to simulate non-linear streamflow data at multiple 

frequencies to enhance forecast accuracy. While it did work, it focused primarily on forecasting tasks, and the preprocessing 

steps were somewhat computationally intensive and may pose a problem for real-time applications. Pipelzadeh and Mastouri 

[15] proposed combining EMD, EEMD, and VMD pre-processing techniques with Model Tree algorithms to estimate TDS and 

EC concentrations. The conclusion was that performance improvements were observed compared to stand-alone models, 

although not all were significant. The study focused only on the selected water quality parameters, not on water quality 

classification scenarios. Lokman et al. [16] provided an overview of machine learning and statistical methods for water quality 

prediction and classification and emphasized the advantages of hybrid machine learning and statistical predictive models. 

Interpretability and data quality issues were identified in the study. This was descriptive, with no new structure to address these 

shortcomings.  

 

Mounir et al. [17] investigated methods for augmenting data for imbalanced water quality datasets. They found that applying 

SMOTE-ENN improved recall for minority classes. The paper successfully addressed the contamination-detection problem in 

safety-critical areas. The study focused mainly on balancing strategies; however, it did not include advanced deep learning 

architectures capable of extracting complex feature representations. Given the shortcomings of current water quality 

classification models, Chen et al. [18] developed an innovative BS-FAMLP model that combines the benefits of GBDT, 

Bayesian optimization, attention mechanisms, and MLPs. The model's classification performance was excellent, and the 

computation was very efficient. However, it has limitations, including shallow learning components in the architecture and the 

lack of explicit modeling of temporal relationships in water-quality data. Chatterjee et al. [19] evaluated various machine 

learning methods and demonstrated that water potability prediction could be improved by applying PCA. They found that 

dimensionality reduction is a key issue in feature optimization. The study, however, mainly used traditional classifiers and did 

not employ cutting-edge deep learning methods to automatically extract features. Dritsas and Trigka [20] discussed efficient 
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machine learning models for predicting water quality based on data, with a particular focus on implementing automated water 

quality assessment systems. The study helped gain insight into the application of machine learning to water monitoring. 

However, there was less emphasis on explainable AI, hybrid deep learning models, and adaptive feature optimization strategies.  

 

Mittal et al. [21] used the SVM, Decision Tree, and Random Forest classifiers for water quality monitoring and water potability 

assessment. The study found that machine learning can effectively assess water quality parameters. However, traditional 

classifiers were not very effective in capturing the complex interactions and highly nonlinear relationships between water 

quality attributes. Saab and Zéhil [22] focused on statistical techniques used in water quality monitoring and forecasting, 

highlighting their importance for identifying water quality patterns and supporting decision-making. The review reiterated the 

significance of statistical analysis. However, for high-dimensional, nonlinear environmental data, statistical tools are 

insufficient for modeling. Previous studies have shown the advantages of various individual preprocessing methods, but these 

have been conducted under inconsistent experimental conditions and without comparative studies. The importance of pre-

processing, Dimensionality reduction, ML, and Statistical techniques for water quality prediction is established by previous 

work. Most approaches, however, tend to focus on individual components rather than end-to-end frameworks. Numerous 

studies regarding deep learning are application-oriented, and traditional machine learning models are less suitable for high-

dimensional, imbalanced, and nonlinear data. There has, however, been less discussion about the optimization of adaptive 

features, explainable AI, attention-based learning, and temporal-spatial dependency modelling. Moreover, the deployment of 

real-time applications in IoT-enabled environments remains underexplored. The restrictions indicate the need for an 

explainable, unified, and efficient computational hybrid deep learning framework for robust water quality classification and 

prediction [23]. 

 

3. Materials and Methods  

 

3.1. Dataset Description 

 

The study aims to use the Water Potability Dataset, an open-source benchmark dataset widely adopted for water quality 

assessment and potable water prediction. There are 3,276 water samples, each consisting of 9 physicochemical parameters that 

affect water safety and suitability for drinking. The aim is to categorise water samples into two categories: Potable (Safe for 

Drinking) and Non-Potable (Unsafe for Drinking). The data set includes challenges such as missing values, class imbalance, 

and unequal scales in the data parameters, making it useful for assessing the effectiveness of data preprocessing strategies. The 

measurements taken are vital chemical and physical characteristics of water that impact humans and environmental health. 

 

3.1.1. Key Features in the Dataset 

 

Table 1 presents the main characteristics of the Water Potability Dataset and their relevance to evaluating water quality and 

safety for human consumption. The data set includes nine physicochemical parameters, which represent different chemical and 

physical characteristics of water, such as acidity (pH), mineral presence (Hardness, Solids), disinfectant level (Chloramines), 

ionic composition (Sulfate, Conductivity), organic matter (Organic Carbon), disinfection by-products (Trihalomethanes), and 

water clarity (Turbidity).  

 

Table 1: Key features in the water potability dataset 

 

Feature Description Significance in Water Quality Assessment 

pH Measures the acidity or alkalinity of water Determines whether water falls within safe 

drinking standards 

Hardness Concentration of calcium and magnesium salts Influences taste, scaling, and water usability 

Solids Total dissolved solids (TDS) present in water Indicates the presence of dissolved minerals and 

contaminants 

Chloramines Concentration of chloramines used for 

disinfection 

Helps eliminate harmful microorganisms 

Sulfate Sulfate ion concentration in water Excess levels may cause health and taste issues 

Conductivity The ability of water to conduct electricity Reflects the concentration of dissolved ions 

Organic Carbon Amount of organic matter dissolved in water Indicates potential contamination sources 

Trihalomethanes By-products formed during water disinfection High concentrations may pose health risks 

Turbidity Measure of water cloudiness caused by 

suspended particles 

Indicates water clarity and contamination levels 

Potability Target class (0 = non-potable, 1 = Potable) Represents overall drinking water safety 
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The features provide information specific to water quality that makes it suitable for human consumption and may identify 

potential contamination sources or concerns. The target variable, Potability, is a binary classification task in which water 

samples are classified as potable or non-potable, and machine learning models are developed for water safety classification. 

All these attributes provide a comprehensive picture of water quality conditions and serve as a basis for analysing the 

effectiveness of various data preprocessing methods and classification algorithms. 

 

3.1.2. Challenges in the Dataset 

 

The Water Potability Dataset contains several real-life issues common to environmental monitoring problems. Effective 

imputation techniques need to be applied to address information loss caused by missing values in important attributes, such as 

pH, Sulfate, and Trihalomethanes. The dataset is also class-imbalanced, with more non-potable than potable samples, which 

could lead to a classification model skewed toward the majority class. In addition, the different magnitudes of physicochemical 

parameters need to be normalized or standardized to represent the features better. Outliers and measurement noise in the 

measurement process can adversely affect the model's performance, and feature correlations can lead to redundant features. 

The difficulty has made the need for robust pre-processing techniques evident, and the data set is a suitable testing ground for 

implementing and systematically assessing different pre-processing techniques for water quality safety classification. 

 

3.2. Preprocessing Strategies 

 

The proposed architecture shown in Figure 1 represents a suitable pipeline for water quality safety classification, comprising a 

multistage process of data preprocessing, feature engineering, machine learning, and evaluation. Its initial input is raw water-

quality data from environmental datasets, consisting of physicochemical parameters.  

 

 
 

Figure 1: Proposed system architecture for water quality safety classification using a hybrid preprocessing and machine 

learning framework 

 

The most crucial part is preprocessing, where missing values are imputed using statistical and distance-based methods, and 

outliers are removed using IQR and Z-score methods. Feature scaling ensures that the attributes are scaled similarly, and feature 
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selection techniques discard features that do not contribute much to the prediction process while retaining those that do. Class 

imbalance is addressed using SMOTE and ADASYN, which improve the model's accuracy in identifying minority-class 

samples. Additionally, dimensions are reduced using PCA on the cleaned data, which is then fed to several classification 

algorithms, including Random Forest, SVM, XG-Boost, and ANN. All of these are separate models and can independently 

classify a body of water as potable or non-potable. The evaluation module computes various metrics, including Accuracy, 

Precision, Recall, F1-score, ROC-AUC, and computational efficiency. According to the Architecture, the hybrid pre-processing 

pipeline using XG-Boost is the best overall solution. This modular concept will enable scalability, robustness, and versatility 

for real-world water quality monitoring applications. 

 

3.2.1. Strategy S1: Baseline 

 

The baseline strategy is the reference strategy used to assess the effectiveness of the various preprocessing techniques. This 

method uses the original water quality data set without preprocessing, transformation, or enhancement. All available features 

are preserved in their original format, even missing values, outliers, and different scales. The idea behind this strategy is to 

provide a standard for evaluating how the learning process's performance improves when preprocessing is used. However, 

because environmental data are noisy and incomplete, and may contain inconsistencies, the baseline model may be less accurate 

in prediction and exhibit weaker generalisation. The original dataset is used directly and employed without any modification, 

and it is represented by the dataset Eq (1): 

 

𝑋𝑏𝑎𝑠𝑒𝑙𝑖𝑛𝑒 = 𝑋𝑟𝑎𝑤                                                                                                                                     (1) 

 

Where 𝑋𝑟𝑎𝑤  represents the original water quantity dataset. However, it provides some insight into the dataset's intrinsic quality 

and underscores the need for preprocessing. The study can quantitatively evaluate the contribution of each proposed 

preprocessing method to improving water-quality safety classification performance and model robustness relative to the 

baseline configuration. 

 

3.2.2. Strategy S2: Missing Value Imputation 

 

Handling missing data is one of the most significant challenges in environmental monitoring datasets, and if not properly 

addressed, it can affect the performance of machine learning algorithms. The strategy uses three common imputation 

techniques: Mean Imputation, Median Imputation, and K-Nearest Neighbours (KNN) Imputation. The mean imputation is to 

replace missing features with the mean of the feature, and the median imputation is to replace missing features with the median. 

The KNN imputation method first computes the similarity between the two neighbouring samples, then imputes the missing 

value based on that similarity.  

 

The goal of this preprocessing technique is to reconstruct information lost without distorting the distribution of the original 

data. Correctly handling missing values enables the use of all samples for training and testing without loss of information, 

thereby yielding a more reliable model. For water quality datasets, such as those with attributes like pH, Sulfate, or 

Trihalomethanes, which often have missing data, this strategy is especially important. The mean imputation replaces missing 

values with the mean of the corresponding features, and it is denoted by Eq. (2): 

 

𝑋𝑖,𝑗 = {
𝑥𝑖,𝑗   𝑖𝑓 𝑥𝑖,𝑗 ≠ ∅

𝑥̅𝑗   𝑖𝑓 𝑥𝑖,𝑗 = ∅
                                                                                                                           (2) 

 

Where 𝑥̅𝑗  is the mean value of the features j. 

 

3.2.3. Strategy S3: Outlier Treatment 

 

Values that are very different from the other values are called outliers and may be due to sensor problems or errors, or to unusual 

environmental conditions. These extreme values may impair the operation of machine learning algorithms, including their 

ability to learn and make predictions. They can negatively affect machine learning models, particularly by altering their 

statistical distributions and shifting their decision boundaries. To overcome this problem, two popular outlier detection and 

treatment techniques, namely the Interquartile Range (IQR) Method and Z-Score Filtering, are used in this proposed strategy. 

The IQR method will be used to detect points outside the quartile range, and the Z-score method will be used to detect samples 

that are significantly different from the feature mean by a given number of standard deviations. Z-Score for outlier detection is 

represented by Eq. (3): 

 

𝑍𝑖 =
𝑥𝑖 − 𝜇

𝜎
                                                                                                                                                (3) 
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Where value satisfying |𝑍𝑖| > 3 is considered an outlier. After identifying outliers, they can be either corrected or eliminated to 

minimize their impact on model learning. This preprocessing method helps make the data more consistent and enables 

classifiers to understand meaningful patterns within the dataset. By reducing the influence of outliers, outlier treatment 

improves classification performance and more accurately predicts water quality safety. 

 

3.2.4. Strategy S4: Data Normalization 

 

Numerical ranges and units of measurement for water quality parameters can vary greatly. The pH, for example, will generally 

be 0–14, while the dissolved solids or conductivity could be in the thousands. These differences can negatively affect distance-

based and gradient-based machine learning algorithms. Three normalization techniques are used: Min-Max Scaling, Z-Score 

Standardization, and Robust Scaling. Min-Max Scaling (also known as "scaling between a range") is a technique for scaling 

feature values to a fixed range, typically 0 to 1. Z-Score Standardization rescales features to a zero mean and unit variance 

based on the mean and standard deviation. Unlike other statistics, such as the mean, which is easily affected by outliers, Robust 

Scaling uses median and interquartile range statistics. Normalization balances the importance of all features during model 

training and helps prevent features with higher magnitudes from dominating the learning process. In general, normalized 

datasets lead to better convergence, better models, and better classification results.  

 

3.2.5 Strategy S5: Feature Selection 

 

The goal of feature selection is to find the most informative features and remove redundant or irrelevant features from the data. 

If you can trim unnecessary features, you can boost computational efficiency, reduce the risk of overfitting, and improve model 

interpretation. The strategy used is Correlation Analysis, Recursive Feature Elimination (RFE), and Random Forest Feature 

Importance. While correlation analysis can detect highly correlated features that can make the model redundant, RFE can be 

used to exclude less significant features based on the model's performance. Random Forest Importance is based on the principle 

of measuring each feature's relative importance by how much its removal reduces the model's predictions. In water quality 

assessment, certain parameters may provide only limited additional information if other parameters in the system are highly 

correlated with them. Thus, selecting the most influential features will yield a smaller, more efficient data set. Feature Selection: 

Selects only the most discriminative features, boosting classifier efficiency and ensuring the retention of critical information 

for water safety prediction. This approach also helps to create more straightforward and comprehensible machine learning 

models. The importance of the features using random forest is given by Eq. (4): 

 

𝐹𝐼𝑗 =
1

𝑇
∑ ∆𝐼𝑗,𝑡

𝑇
𝑡=1                                                                                                                                      (4) 

 

Where ∆𝐼𝑗,𝑡 is the impurity reduction contributed by features j in tree t.  

 

3.2.6. Strategy S6: Dimensionality Reduction 

 

Dimensionality reduction reduces the dimensionality of data while retaining most of the information. In this study, the main 

method of dimensionality reduction used is Principal Component Analysis (PCA). PCA generates a new set of variables, called 

principal components, which capture as much variance as possible from the original set. PCA: projection of data on a smaller 

number of components, minimizing the redundancy of the features and the influence of the correlation between the features. 

The Principal Component Analysis (PCA) is denoted by Eq. (5): 

 

𝑧 = 𝑋𝑊                                                                                                                                                   (5) 

 

Where X is the normalization features matrix, W is the matrix of principal component eigenvectors, and Z is the reduced -

dimensional features space. This helps reduce data volume while preserving the key aspects of the data. When using water 

quality models, dimensionality reduction can improve computational efficiency, shorten training time, and make complex 

relationships among water quality variables easier to visualize. Also note that dimensionality reduction can help combat 

overfitting, particularly when the training sample is small. The effectiveness of PCA is evaluated by comparing classification 

(before transformation) with classification (after transformation) and determining whether there is any relationship between the 

two, which can be compactly represented in the classification space after transformation that retains the capability of prediction. 

 

3.2.7. Strategy S7: Class Balancing 

 

A problem in classification problems is the uneven distribution of classes, where one class is much larger than the others. The 

Water Potability Dataset has more non-potable than potable samples, which could bias the machine learning model toward the 

majority class and lead it to ignore the minority class. In this regard, the study uses Synthetic Minority Over-sampling Technique 
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(SMOTE) and Adaptive Synthetic Sampling (ADASYN). SMOTE is a technique for synthesizing minority-class samples by 

interpolating existing minority-class samples to create additional samples that do not simply duplicate the originals. SMOTE 

generates synthetic minority samples as given by Eq. (6): 

 

𝑥𝑛𝑒𝑤 = 𝑥𝑖(𝜆(𝑥𝑛𝑛 − 𝑥𝑖)                                                                                                                           (6) 

 

Where 𝑥𝑖 is the minority class sample,  𝑥𝑛𝑛 is the nearest minority neighbour and 𝜆 𝜖 [0,1]. In ADASYN, the concept is 

extended to adaptively generate more synthetic samples in regions that are more difficult to classify. These balancing techniques 

can enhance the distribution of the training data and aid the classifiers' learning of the decision boundaries. In this way, models 

are better equipped to identify potable water samples while maintaining unchanged overall classification performance. Class 

balancing is expected to improve recall, F1-score, and generalization, especially for the minority portable class. 

 

3.2.8. Strategy S8: Hybrid Pipeline 

 

The hybrid processing pipeline combines several complementary preprocessing steps into a single pipeline to achieve the best 

classification performance. The approach includes KNN Imputation to handle missing values, Outlier Removal to remove 

outliers, Robust Scaling to normalize features, Feature Selection to select important attributes, and SMOTE to address class 

imbalance. These components address a specific challenge in water-quality data. KNN imputation maintains local data 

relationships, and outlier removal improves data consistency. Robust scaling is a technique that normalises features while being 

relatively insensitive to extreme values. The feature selection minimizes feature redundancy and computational complexity, 

while the SMOTE technique ensures balanced class representation during model training. The complete hybrid preprocessing 

pipeline can be mathematically represented by Eq. (7): 

 

𝑋𝐻𝑦𝑏𝑟𝑖𝑑 = 𝑆𝑀𝑂𝑇𝐸(𝐹𝑆(𝑅𝑆(𝑂𝑇(𝐾𝑁𝑁𝐼(𝑋)))))                                                                                     (7) 

 

Where 𝐾𝑁𝑁𝐼(. ) is the KNNI imputation, 𝑂𝑇(. ) is the outlier treatment, 𝑅𝑆(. ) is the robust scaling, 𝐹𝑆(. ) is the feature 

selection and 𝑆𝑀𝑂𝑇𝐸(. ) is the class balanced? The hybrid pipeline resolves several of these data quality problems 

simultaneously and yields a "cleaner, more informative and well-balanced" data set. This comprehensive approach is expected 

to deliver the highest classification performance across accuracy, robustness, and generalization in a comparative analysis of 

individual preprocessing methods. 

 

4. Experimental Procedure  

 

4.1. Experimental Setup  

 

To allow efficient processing of large-scale machine learning workflows and the pre-processing experiments, the experimental 

setup used in this research was implemented on a high-performance computing system. The hardware setup includes an Intel 

Core i7 processor, offering robust multi-core performance to handle data-intensive tasks in model training and data 

manipulation, and 32 GB of RAM, which ensures efficient memory usage during data processing and model training. 

Furthermore, the use of an NVIDIA RTX 4060 GPU accelerates deep learning model training and optimizes computationally 

intensive tasks, thereby reducing overall execution time. The system runs Windows 11, ensuring a stable, compatible 

environment for machine learning development and experimentation.  

 

The software environment is developed using Python 3.11 as the main programming language for designing pipelines for 

preprocessing and machine learning models. Popular libraries include Scikit-Learn, which supports classical machine learning 

algorithms and evaluation metrics; XG-Boost, a library for gradient-boosting-based classification; and TensorFlow, a library 

for developing deep learning models. The data is manipulated, and numerical calculations are performed using Pandas and 

NumPy. The results are visualized using Matplotlib, and graphs of the results and the data analysis are generated. It provides 

water-quality safety classification data-preprocessing strategies within a comprehensive software system that is safe, reliable, 

scalable, and efficient. 

 

4.2. Classification Models 

 

The study uses four popular machine learning and deep learning classifiers to assess the performance of water quality safety 

classification with various preprocessing methods. Random Forest (RF) is an ensemble learning method that builds multiple 

decision trees and combines their predictions via majority voting, resulting in a more robust model that is less prone to 

overfitting. It is very useful for structured tabular data, such as water quality parameters, which exhibit non-linear relationships 

and feature interactions. The Support Vector Machine (SVM) is a highly effective supervised learning algorithm for finding an 

optimal hyperplane to separate classes in a high-dimensional feature space. It will be especially useful if there is a clear margin 
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of separation between the datasets and if the features are appropriately scaled. XGBoost (XGB) is a powerful gradient-boosting 

framework that incrementally grows a series of decision trees to minimise residuals at each step. It is accurate, regularising, 

and efficient in handling complex datasets with missing or noisy values. It is a deep learning model, similar to the human brain, 

called an Artificial Neural Network (ANN) that can learn complex nonlinear mappings between input features and output 

classes. With sufficient training data and tuning, ANN models can detect hidden patterns in water quality data. These models 

form a complete assessment system from basic machine learning to sophisticated deep learning techniques. 

 

4.3. Evaluation Metrics 

 

Different metrics are used to assess the performance of the preprocessing techniques and the classifiers. Accuracy (ACC): The 

percentage of correctly classified samples of all samples predicted by the model is a general measure of the model's 

performance. But in unbalanced datasets, accuracy can be misleading. So, precision measures the percentage of correctly 

predicted positive samples among all predicted positive samples, indicating the system's accuracy. Recall is the model's ability 

to correctly identify true positives. It is an important part of water quality evaluation, as the consequences of failing to detect 

unsafe water are severe. The F1-Score is a harmonic average of precision and recall that accounts for both false positives and 

false negatives. The model performance metric for a classification problem is the Receiver Operating Characteristic – Area 

Under the Curve (ROC-AUC), which assesses the model's performance across multiple thresholds and provides a powerful 

metric for evaluating the model. Lastly, Training Time is used as an efficiency measure of the computational process and 

represents the training time for each model under each preprocessed configuration. This is relevant for deployments in the real 

world where computation resources and response time are crucial. 

 

5. Results and Discussions 

 

In this section, the various preprocessing methods and classification models are quantitatively evaluated in detail for predicting 

water quality safety. Performance comparison, model-wise sensitivity, impact of preprocessing, and computational efficiency 

assessment are analysed. 

 

5.1. Comparative Performance of Preprocessing Strategies 

 

Table 2 presents a comparative evaluation of the water-quality classifications for eight preprocessing strategies. It gives you 

the following performance indicators: Accuracy, Precision, Recall, F1-score, ROC-AUC, and Training Time. The results 

demonstrate the advancement of the strategies, with the best classification performance and robustness obtained using a hybrid 

preprocessing pipeline. 

 

Table 2: Comparative performance of different preprocessing strategies for water quality safety classification 

 

Strategy Accuracy 

(%) 

Precision 

(%) 

Recall 

(%) 

F1-Score 

(%) 

ROC-AUC 

(%) 

Training Time 

(s) 

S1 Baseline [24] 84.7 83.9 84.1 84.0 85.5 2.8 

S2 Missing Value 

Imputation [25] 

88.5 87.9 88.2 88.0 89.3 3.1 

S3 Outlier Treatment [26] 89.6 89.1 89.4 89.2 90.7 3.4 

S4 Normalisation [27] 90.8 90.3 90.6 90.4 91.8 3.0 

S5 Feature Selection [28] 92.1 91.8 92.0 91.9 93.4 2.6 

S6 PCA [29] 91.2 90.8 91.1 90.9 92.3 2.4 

S7 SMOTE [30] 92.8 92.1 93.0 92.5 94.0 3.2 

S8 Hybrid Pipeline [32] 96.3 95.8 96.5 96.1 97.2 3.6 

 

As indicated in Table 2, classification accuracy is significantly higher with preprocessing in the problem of predicting water 

quality. This is due to noise, missing values, and redundant features in the raw data, which result in the baseline model's 

accuracy being the lowest (84.7%). The more it is preprocessed, the faster it runs – the first improvement is in handling missing 

values and outliers. The features are further normalised, and a single feature is selected to avoid duplication. One approach to 

addressing class imbalance is to use SMOTE to increase recall. PCA slightly decreases dimensionality but does not affect 

performance. The results of the preprocessing method fusion show the best accuracy across the board (96.3% and ROC-AUC 

97.2), suggesting a synergistic effect from combining different preprocessing methods. There is a small increase in training 

time, but predictive performance is enhanced, and the overhead is worth it. The overall results show that pre-processing is 

indeed an important step for enhancing the robustness, generalization, and reliability of machine learning models for water 

quality safety classification. 
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Figure 2: Comparative performance of preprocessing strategies for water quality safety classification 

 

The comparative performance of various preprocessing strategies for the water quality safety classification task is shown in 

Figure 2, using the following evaluation metrics: Accuracy, Precision, Recall, F1-score, and ROC-AUC. The baseline model 

(S1) with no preprocessing yields the lowest performance across all metrics, confirming the negative effects of noise, missing 

values, and feature redundancy in the dataset. The models' performance is steadily improving as preprocessing techniques are 

introduced. The first improvement is achieved through the missing-value imputation (S2) algorithm, which increases the 

amount of available data, and the second is achieved through the outlier treatment (S3) algorithm, which makes the data more 

robust by reducing the impact of anomalous values. Normalization (S4) provides consistent feature scales, leading to more 

stable classifiers. Feature selection (S5) and SMOTE (S7) are both major factors in improving performance by removing useless 

features and balancing the class distribution, respectively. PCA (S6) performs competitively in dimensionality reduction. The 

hybrid preprocessing pipeline (S8) achieves the best values across all metrics, demonstrating that combining different 

preprocessing techniques provides complementary benefits. This finding is important because it demonstrates the key role of 

data preprocessing in optimising the predictive accuracy, robustness, and generalisation of water-quality prediction systems. 

 

  
 

Figure 3: Variation in training time across different preprocessing strategies 
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The different preprocessing techniques applied to the water quality classification framework are shown in Figure 3, along with 

the corresponding computational training times. This baseline model (S1) is a bare-bones model with minimal computational 

overhead, as it applies no preprocessing operations. The number of variations in training time is observed to depend on the 

computational complexity of each preprocessing technique as they are gradually added. The additional data-cleaning operations 

required by the strategies for missing-value imputation (S2) and outlier treatment (S3) slightly increase training time. 

Normalization (S4) keeps computational cost relatively low; feature selection (S5) and PCA (S6) can reduce data 

dimensionality, leading to faster training times and better computational efficiency. However, SMOTE (S7) requires more 

training time because it creates synthetic minority samples, thereby increasing processing overhead. The hybrid preprocessing 

pipeline (S8) is the fastest trainer, with the highest training time (3.6 seconds), because it includes several preprocessing steps, 

such as imputation, outlier processing, scaling, feature selection, and class balancing. The hybrid approach provides the best 

classification accuracy, even though it is more computationally intensive, indicating a compromise between efficiency and 

predictive accuracy. Overall, the results indicate that more advanced processing pipelines are more effective, albeit at a slight 

increase in training time. 

 

5.2. Model-Wise Performance Comparison (Hybrid Pipeline) 

 

The four classifiers are compared in terms of accuracy at 2 under the hybrid preprocessing pipeline. Almost all metrics are 

used: Accuracy, Precision, Recall, F1-score, and ROC-AUC. The results indicate that XGBoost performs better than the other 

models, demonstrating its strong ability to handle nonlinearity and feature interactions in water quality datasets. 

 

Table 3: Performance comparison of machine learning models using a hybrid preprocessing pipeline 

 

Model Accuracy (%) Precision (%) Recall (%) F1-Score (%) ROC-AUC (%) 

Random Forest 95.8 95.2 95.6 95.4 96.5 

SVM 94.1 93.6 93.9 93.7 95.0 

XG-Boost 96.3 95.8 96.5 96.1 97.2 

ANN 95.5 95.0 95.3 95.1 96.0 

 

Table 3 shows the performance of various machine learning models with the hybrid preprocessing pipeline. The gradient-

boosting mechanism of XG-Boost and its ability to handle nonlinear patterns well result in the highest performance across all 

metrics: 96.3% accuracy and 97.2% ROC-AUC.  

 

 
 

Figure 4: Comparative performance of machine learning models 

 

Random Forest is also well-suited, as it reduces variance and is an ensemble learner. ANN outperforms SVM slightly (not 

significantly), as it captures deep nonlinear relationships well. ANN performs competitively, capturing deep nonlinear 

relationships well, whereas SVM performs slightly worse due to its sensitivity to parameter tuning and feature scaling. The 

findings demonstrate that preprocessing is a valuable addition to all models, with significant improvements, especially for 

structured environmental data. Tree-based ensemble methods, such as XGBoost, proved useful. The hybrid preprocessing, 

combined with XGBoost, achieves the highest accuracy and robustness for water-quality prediction. In general, it shows that 
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choosing an appropriate model preprocessing pipeline and classifier is crucial for obtaining the most accurate results. As shown 

in Figure 4, the four machine learning models, Random Forest, Support Vector Machine (SVM), XGBoost, and Artificial 

Neural Network (ANN), are tested and compared against each other in a hybrid preprocessing pipeline. Water quality safety 

classification effectiveness is evaluated using multiple performance metrics, including Accuracy, Precision, Recall, F1-score, 

and ROC-AUC.  

 

The results obtained prove the effectiveness of the hybrid pre-processing strategy, with all the models performing well and 

achieving competitive results. In particular, XGBoost achieves the best performance in distinguishing between water quality 

classes, with the highest accuracy (96.3%) and ROC-AUC (97.2%) among all other models, indicating that it best captures the 

complex nonlinear relationships and interactions among water quality parameters. Random Forest is also good because it is an 

ensemble of trees - it has the good property of reducing variance, thereby improving generalization. The ANN model achieves 

results competitive with the SVM model, but is less effective because it requires parameter tuning and data transformation. 

Overall, Figure 4 indicates that all models benefit from preprocessing; however, ensemble methods such as XG-Boost perform 

best for water quality classification. The hybrid preprocessing pipeline further boosts model performance by producing high-

quality data, achieving class balance, and improving feature representation, resulting in strong and reliable predictions. 

 

5.3. Effect of Missing Value Imputation Techniques 

 

The performance of the different methods of filling missing values is compared in terms of classification in Table 4. It compares 

the mean, median, and KNN imputation methods. The results indicate that KNN imputation performs best because it preserves 

local data structure and relationships. 

 

Table 4: Impact of missing value imputation techniques on classification performance 

 

Imputation Method Accuracy (%) F1-Score (%) Observations 

Mean Imputation 87.2 86.8 Simple but biased 

Median Imputation 88.0 87.6 Robust to outliers 

KNN Imputation 89.1 88.9 Best local pattern preservation 

 

The significance of handling missing values in water quality data is highlighted in Table 4. The worst would be mean 

imputation, where missing values are replaced with the global average, thereby minimising data variation and introducing bias. 

The median imputation is more robust because it is less sensitive to outliers than mean-based imputation.  

 

 
 

Figure 5: Impact of missing value imputation techniques on classification performance  

 

The KNN imputation method yields the highest accuracy (89.1%) and F1-score (88.9%) by estimating missing values with 

greater precision based on the similarity between neighbouring samples. This approach, in particular, does not change the 

structure of the data set and preserves inter-feature relationships, which are important for environmental data sets where the 

variables are interdependent. The results further demonstrate that the classification model's performance is significantly 

improved by advanced imputation techniques compared to simple statistical techniques. So, KNN imputation is the most 

suitable method for predicting water quality with missing data. The results of the different missing-value imputation techniques 

and their impact on classification accuracy for the water-quality safety prediction task are shown in Figure 5. Two important 
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metrics for model usefulness are accuracy and F1 score. Consistently, the results demonstrate improvements in performance as 

imputation methods become increasingly sophisticated. The mean is the least accurate and least F1-score method (87.2% 

accuracy and 86.8% F1-score) because it imputes missing values with the average feature value, thereby reducing data 

variability and bias. Median imputation is slightly more powerful, achieving 88.0% accuracy and an F1 score of 87.6%, as it is 

less sensitive to outliers and skewed distributions, which are common in environmental data. KNN is better than this method 

because it can model missing values based on the similarity of neighbouring samples, and the experiments show it achieves 

89.1% accuracy and an F1-score of 88.9%. Overall, Figure 5 shows that sophisticated imputation methods significantly improve 

classification accuracy. KNN imputation is the best approach because it preserves feature distributions and relationships, 

leading to better predictive accuracy and model generalisation when predicting water quality. 

 

5.4. Impact of Normalization Techniques 

 

Table 5 compares normalization techniques, including Min-Max Scaling, Z-score Standardization, and Robust Scaling. It 

assesses how it affects the classification performance. The results show that Robust Scaling performs best, as it is not affected 

by a few outliers and is suitable for a real-world water quality dataset. 

 

Table 5: Effect of normalization techniques on classification performance 

 

Normalization Method Accuracy (%) F1-Score (%) Remarks 

Min-Max Scaling 89.8 89.5 Sensitive to outliers 

Z-Score Standardization 90.5 90.2 Balanced performance 

Robust Scaling 91.0 90.7 Best for noisy data 

 

As shown in Table 5, feature scaling affects model performance. Min-Max Scaling does not perform well because it is sensitive 

to feature outliers, which can skew the feature range. Normalization of the data distribution using the mean and variance (Z-

score Standardization) improves performance.  

 

.  

 

Figure 6: Effect of different Normalisation techniques on classification performance  

 

The best result is obtained with Robust Scaling, with 91.0% accuracy and 90.7% F1-score, because it is not affected by outliers. 

The quality of the water data may be poor, with some extreme values; hence, robust techniques would be better. Normalization 

helps improve convergence in machine learning models and ensures features make a balanced contribution. The overall results 

indicate that selecting an appropriate normalisation method is crucial for achieving stable, accurate water-quality classification. 

The comparative evaluation of the three normalization techniques was conducted as follows: Min-Max Scaling, Z-score 

Standardization, and Robust Scaling, based on their effects on classification performance, as measured by the two metrics: 

Accuracy and F1-score, as shown in Figure 6. As you can see, the better the normalisation methods are, the better the 

performance. Min-Max Scaling achieves 89.8% accuracy and an F1-score of 89.5%, but it is sensitive to outlier values. It may 

not work well with real-world environmental data that contains outlier values, which can affect feature scaling. Z-score 

Standardisation via normalization improves accuracy to 90.5% and F1-score to 90.2%, and balances the feature distribution of 

the data. Robust scaling performs best with 91.0% accuracy and 90.7% F1-score, as it uses the median and interquartile range, 

which are very robust to outliers and noise in the water quality data. Overall, the results suggest significant gains in classification 
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performance when using the correct normalization. To address problems with water quality data, one of the most promising 

methods is robust scaling, which can handle noisy, heterogeneous data and produce more stable, generalizable models. 

 

Table 6: Performance impact of different feature selection techniques in water quality classification 

 

Feature Selection Method Selected Features Accuracy (%) F1-Score (%) 

Correlation Analysis 6 91.2 91.0 

RFE 7 91.8 91.6 

Random Forest Importance 6–8 92.1 91.9 

 

The results in Table 6 illustrate the need for a well-selected set of relevant features to boost the classification accuracy. 

Correlation analysis minimises redundancy by eliminating highly correlated variables, but may fail to detect nonlinear 

relationships. The Recursive Feature Elimination (RFE) method optimizes performance by sequentially selecting the features 

that best improve the model's performance. RF-based feature importance is the best-performing approach, achieving 92.1% 

accuracy and 91.9% F1 score. This approach is suitable for capturing nonlinear dependencies and for ranking features by their 

predictive accuracy. Dimensionality reduction improves computational efficiency while preserving the information relevant to 

the classification task. The results show that not all water quality parameters are equally important for prediction, and removing 

irrelevant features improves model generalization. Feature selection also reduces the risk of overfitting and enhances the 

model's readability. In general, Random Forest selection is the best approach for identifying the most influential water quality 

attributes. 

 

 
 

Figure 7: Impact of different feature selection techniques on classification performance 

 

Comparative analysis of three feature selection techniques, such as Correlation Analysis, Recursive Feature Elimination (RFE), 

and Random Forest-based feature importance, is done based on accuracy and F1-score, as shown in Figure 7. The results 

indicate that classifier performance improved when more sophisticated feature selection methods were used. The results 

indicate that removing features with high correlations and redundancy improved accuracy and F1 score in the last two scenarios 

(91.2% and 91.0%, respectively). It can be concluded that the model's performance improved upon removing features that 

reduced multicollinearity. The model feedback is used to select the most relevant feature subset to further improve model 

performance, achieving 91.8% accuracy and 91.6% F1 score via iterative RFE. Random Forest-based feature importance gives 

the best results, with an accuracy of 92.1% and an F1-Score of 91.9%, by effectively capturing the Non-Linear relationship 

between features and ranking features by their contribution to the prediction. Overall, the feature selection method can 

significantly improve the accuracy of water quality classification. The Random Forest-based feature selection method is the 

most suitable approach to enhance the model's accuracy, generalization, and robustness, as it effectively reduces the number of 

features while maintaining model accuracy. 

 

5.5. Statistical Significance Analysis  

 

The ANOVA test for the statistical significance of preprocessing techniques, model types, and their interaction is shown in 

Table 7. F-values and p-values indicate whether or not there are statistically significant differences in performance. The results 

of all factors are significant and demonstrate the significant effect that preprocessing had on the classification results. 
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Table 7: ANOVA-based statistical significance analysis of preprocessing strategies and model types 

 

Source of Variation F-value P-value Significance 

Preprocessing Strategy 18.42 < 0.001 Significant 

Model Type 12.76 < 0.01 Significant 

Interaction Effect 9.31 < 0.01 Significant 

 

The ANOVA analysis of the statistical validation results is presented in Table 7. As shown, the factor value is high (18.42), 

and the p-value is very low (< 0.001), indicating that the factor has contributed significantly to the model's fit. Likewise, for 

the model type (F = 12.76, p < 0.01), the classifiers' results differ significantly. The interaction effect (F = 9.31, p < 0.01) 

indicates that the models' performance depends on the preprocessing technique used. The results are consistent with the previous 

one and show that preprocessing is not only a supplementary operation but also of great importance for prediction accuracy. 

The statistical significance of the results obtained is stronger in all experiments, leading to more reliable results. It validates the 

fact that the hybrid preprocessing pipeline always outperforms random variation. The entire processing design is significant for 

the water quality safety prediction classification performance, and the model's use is supported by strong evidence confirmed 

by ANOVA and NOVA. 

 

5.6. Computational Efficiency Analysis 

 

Table 8 compares the efficiency of the different preprocessing strategies in terms of average training time and average inference 

time per sample. The results show a balance between performance and computation: PCA is the fastest, and the hybrid pipeline 

requires slightly more computation. 

 

Table 8: Computational efficiency comparison of preprocessing strategies in terms of training and inference time 

 

Strategy Avg. Training Time (s) Inference Time (ms/sample) 

Baseline 2.8 1.2 

Feature Selection 2.6 1.0 

PCA 2.4 0.9 

SMOTE 3.2 1.3 

Hybrid Pipeline 3.6 1.5 

 

Table 8 shows the computational efficiency of different preprocessing techniques. The baseline model has a medium execution 

time, and feature selection followed by PCA further reduces computational costs through dimension reduction. The PCA 

training time is low (2.4 seconds), and the inference time is similarly low, making PCA suitable for real-time applications. 

However, the other processing steps in SMOTE and hybrid preprocessing incur additional computational costs. Significant 

performance gains come at the cost of the hybrid pipeline's high inference time (1.5ms/sample) and training time (3.6s). The 

findings suggest a compromise between efficiency and accuracy. Lightweight preprocessing methods are faster, but the hybrid 

preprocessing method offers the best balance of speed and performance.  

 

 
 

Figure 8: Computational efficiency of different preprocessing strategies in terms of training time 
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Hence, for real-world deployment, the decision on preprocessing should be based on the system's requirements for speed or 

accuracy, depending on the application's constraints. Figure 8 compares the computational efficiency of different preprocessing 

strategies based on training time and inference time per sample. The baseline model is a reference model that takes 2.8 seconds 

to train and 1.2ms/sample to infer (with no extra pre-processing overhead). To increase processing efficiency, however, some 

irrelevant features are discarded, which reduces computation slightly (2.6sec, 1.0ms/sample). PCA achieves dimensionality 

reduction and computational complexity reduction with the lowest training time (2.4 seconds) and inference time (0.9 

ms/sample). The downside of SMOTE, however, is that it generates synthetic examples, resulting in longer training times (3.2 

seconds) and shorter inference times (1.3 ms/sample). The hybrid pipeline is the most computationally intensive. Training time 

is 3.6 seconds, and inference time is 1.5ms/sample. It is concluded that there is an efficiency/performance balance. For higher 

efficiency, PCA and feature selection are applied, but this is not suitable in 'constrained' environments where real-time is 

important; it's better suited to offline or high-performance systems, not to constrained environments. 

 

5.7. Discussions 

 

The comprehensive quantitative evaluation reveals that the performance of the water quality safety classification is strongly 

influenced by pre-processing. Overall, the hybrid preprocessing pipeline with an XGBoost classifier is the best, indicating that 

integrated preprocessing strategies improve the predictive accuracy, robustness, and generalizability of environmental machine 

learning systems. Notice that the baseline model's performance is poor, caused by noise, missing data, or redundant features in 

the original data. These quality issues may significantly affect the learning of machine learning models and decrease prediction 

accuracy. The individual preprocessing techniques, such as feature selection and class balancing, can enhance the model's 

effectiveness, increase the relevance of input features, and address dataset imbalance, respectively. Multiple-stage image pre-

processing achieved the best overall results, with the hybrid pipeline being the fastest and achieving the highest accuracy of 

96.3%, demonstrating the complementary and synergistic effects of multiple pre-processing stages.  

 

This enhancement also shows that preprocessing can not only improve the predictive capability of models but also significantly 

affect their robustness, stability, and generalisation across different classification models. Based on this result, some 

recommendations to improve water quality safety classification systems are proposed. Slightly higher order imputation 

techniques like the K-Nearest Neighbors (KNN) imputation will better retain the local structure and relationships in the data 

than mean substitution will. Robust scaling techniques should be used to handle water quality parameters that are heterogeneous 

in range and distribution. It is recommended to use before training the model to avoid redundant or irrelevant variables, thereby 

enhancing the model's efficiency and interpretability. Moreover, class-balancing strategies are very important for addressing 

dataset imbalance and ensuring equal learning across classes. Finally, it is highly recommended to combine the preprocessing 

pipeline, which includes imputation, scaling, feature selection, and feature balancing, to achieve the highest classification 

accuracy and to apply it in practice to a water quality monitoring system. 

 

6. Conclusion 

 

This study presented a systematic comparison of preprocessing strategies for water-quality safety classification data. Various 

preprocessing techniques were tested with various machine learning classifiers. Results showed that classification accuracy and 

robustness depend strongly on the pre-processing method used. The proposed hybrid preprocessing pipeline outperformed the 

individual preprocessing techniques. The results offer guidance for building stable, reliable automated water-quality monitoring 

systems and can serve as a basis for future studies of automated preprocessing optimization in environmental analytics. 

Automated processing selection based on AutoML techniques, data enhancement using deep learning, and adaptive 

preprocessing for real-time water quality monitoring systems in the IoT can be explored as future research. Future studies will 

focus on enhancing the proposed ACL-Net framework's capabilities, scaling it up, and exploring its clinical applications. This 

model can be enhanced by incorporating multimodal healthcare information, such as respiratory sounds, chest X-rays, CT 

scans, and clinical records, to provide a more comprehensive evaluation of the disease. Powered by sophisticated transformer-

based attention mechanisms and explainable AI methods, improved feature learning and interpretability are possible. They will 

be further optimized for deployment on edge devices and IoMT platforms. There are several directions in which smart & 

personalized respiratory health systems might be clinically validated, with strong potential for continued remote patient 

monitoring, federated learning, and self-supervised learning. 
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