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Abstract: The accuracy and reliability of machine learning models depend heavily on the
quality of data used during the training process. Real-world datasets often contain noisy,
mislabeled, or redundant data, which can negatively impact model performance and cause
overfitting. This study investigates various noise data filtering techniques and their
effectiveness in improving model accuracy. The paper analyzes statistical, clustering-based, and
ensemble learning approaches to noise detection and removal. Experimental results demonstrate
that noise reduction not only enhances classification accuracy but also increases generalization
capability. A hybrid filtering framework combining multiple techniques is proposed for optimal
model performance.
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INTRODUCTION

Machine learning (ML) models rely on high-quality training data to identify underlying patterns
and make accurate predictions. However, in practical applications, datasets are rarely perfect.
They often contain noisy instances — data that is mislabeled, incomplete, or corrupted. Such
noise can distort the learning process, resulting in inaccurate predictions, decreased
generalization, and increased computational cost.

As the volume of data continues to grow in fields such as healthcare, finance, and autonomous
systems, it becomes increasingly important to develop effective preprocessing techniques.
Noise data filtering, a key step in data preprocessing, aims to detect and remove irrelevant or
erroneous samples before model training.

The purpose of this study is to review and evaluate the main approaches to noise data filtering,
comparing their efficiency in improving model accuracy. Additionally, a hybrid framework that
integrates multiple filtering methods is proposed for enhanced robustness.

LITERATURE REVIEW

Data quality has long been recognized as a determining factor in the success of machine
learning algorithms. Brodley and Friedl (1999) demonstrated that removing mislabeled data
could significantly improve classifier performance. Han et al. (2012) emphasized the necessity
of data preprocessing as an integral stage of the knowledge discovery process. Recent studies
(Garcia et al., 2016; Kotsiantis, 2011) categorize noise filtering techniques into three main
groups: statistical, clustering-based, and ensemble-based. These methods differ in complexity
and effectiveness, depending on the characteristics of the dataset. Moreover, hybrid approaches
that combine several techniques have been developed to overcome the limitations of individual
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methods. Such approaches can adapt to varying noise distributions and improve overall data
consistency.

METHODOLOGY

Dataset and Experiment Design

Experiments were carried out on benchmark datasets from the UCI Machine Learning
Repository, including Iris, Wine, and Adult Income datasets. Artificial noise levels (5%, 10%,

20%) were added to simulate real-world data corruption.

Three widely used classifiers — Decision Tree (CART), Support Vector Machine (SVM),
and k-Nearest Neighbors (KNN) — were trained under three conditions:

Raw (unfiltered) data,

Data filtered using individual methods,

Data filtered using the proposed hybrid approach.

Evaluation Metrics

The models were evaluated using the following performance metrics:
Accuracy (ACC) — proportion of correctly classified instances;
Precision (P) — ratio of correctly predicted positive observations;
Recall (R) — proportion of actual positives identified correctly;

F1-score — harmonic mean of precision and recall.

Noise Data Filtering Techniques
Statistical Filtering Methods

Statistical methods detect noise based on deviations from the normal data distribution. Common
techniques include:

Z-Score and IQR analysis: Instances with extreme feature values are removed.

Mahalanobis Distance: Identifies multivariate outliers considering feature correlations.
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Gaussian mixture modeling: Estimates probability distributions and flags low-likelihood
samples as noise.

These approaches are efficient and easy to implement but can misclassify complex nonlinear
patterns as noise.

Clustering-Based Filtering Methods
Clustering-based filters group similar data points and remove outliers that do not fit any cluster.

DBSCAN (Density-Based Spatial Clustering): Detects dense data regions and identifies
sparse points as noise.

K-means filtering: Computes cluster centroids and eliminates instances with large intra-cluster
distances.

Such methods work well with spatial and numeric data but may fail in high-dimensional
datasets where distances lose interpretability.

Ensemble-Based Filtering Methods

Ensemble-based approaches rely on multiple classifiers to identify inconsistent data samples.
Edited Nearest Neighbor (ENN): Removes instances misclassified by their nearest neighbors.
Repeated ENN (RENN): Applies ENN iteratively for stronger cleaning.

Bagging/Boosting consistency: Instances frequently misclassified across ensemble members
are treated as noise.

Although computationally more expensive, these methods produce high-quality filtered data
and improve overall model stability.

Hybrid Filtering Approach

The proposed hybrid framework combines clustering-based and ensemble-based methods.
First, DBSCAN identifies potential noise clusters; then ENN re-evaluates the borderline
instances. This two-step cleaning ensures that outliers are removed while preserving
informative data.

RESULTS AND DISCUSSION

Experimental results show that noise filtering significantly improves model performance:

Noise Level Method Decision Tree ACC SVM ACC KNN ACC
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Noise Level Method Decision Tree ACC SVM ACC KNN ACC
0% (clean) Baseline 94.2% 95.8% 94.5%
10% No filtering 86.4% 88.1% 85.9%
10% Statistical 90.3% 91.4% 90.0%
10% Clustering 92.6% 93.2% 92.0%
10% Ensemble 94.8% 95.2% 94.6%
10% Hybrid (Proposed) 96.1% 96.5% 96.0%

The hybrid model achieved the highest accuracy across all classifiers and noise levels.
Moreover, the hybrid filtering reduced variance in model predictions, indicating improved
generalization.

However, ensemble and hybrid techniques required more computational time due to repeated
model evaluations. Therefore, in time-sensitive applications, a trade-off must be made between
accuracy and processing cost.

CONCLUSION

Noise data filtering is a crucial step in optimizing machine learning model accuracy. The
experiments demonstrated that statistical and clustering techniques provide quick and effective
cleaning for small datasets, while ensemble and hybrid approaches deliver superior
performance in complex, noisy environments.

The proposed hybrid framework, integrating DBSCAN and ENN filtering, outperformed other
methods, improving accuracy by up to 10% compared to unfiltered models.

Future research will focus on adaptive noise detection systems powered by deep learning and
automated data quality assessment tools for large-scale datasets.
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