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Abstract: Data normalization is a critical step in machine learning workflows, particularly for clustering 
algorithms sensitive to feature scaling. This paper introduces a modified Robust Scaling method defined as X1
= X−median(X) / mean(X), which combines the resilience of the median with the global sensitivity of the mean. 
The proposed scaling method is evaluated on standard datasets, including Iris and Wine, using K-means 
clustering. Results demonstrate that X1 scaling effectively handles outliers, enhances clustering accuracy. 
Additionally, we provide a detailed analysis of sorted label accuracy, confusion matrices, and the optimal 
random initialization seed for clustering. The findings highlight the potential of X1 scaling as a robust 
alternative for preprocessing in machine learning tasks. 

Keywords: Clustering Algorithms; K-Means Clustering; Robust Scaling; Confusion matrix; 
Clustering accuracy; Machine Learning 

I. INTRODUCTION 

1. Background 

Clustering is a fundamental technique in data analysis and machine learning that plays a crucial 
role in uncovering hidden patterns, organizing information, and facilitating decision-making [1]. Its 
importance can be highlighted through the following aspects: 

a. Unsupervised Learning Foundation 

Clustering is a cornerstone of unsupervised learning, where the goal is to analyze and group 
data without predefined labels. It helps in discovering the intrinsic structure of data, making it 
valuable for exploring datasets where labeled information is unavailable or expensive to obtain [2]. 

b. Pattern Discovery and Knowledge Extraction 

Clustering algorithms group similar data points based on defined criteria (e.g., distance, density, 
or connectivity). This allows analysts to Identify natural groupings or segments in the data and 
Extract meaningful insights, such as customer segments, disease subtypes, or document topics [3]. 

c. Data Preprocessing and Feature Engineering 

Clustering can be used as a preprocessing step to improve other machine learning tasks by 
Reducing the complexity of large datasets by grouping similar instances and creating additional 

features, such as cluster assignments, to enhance supervised learning models[4]. 

d. Applications Across Domains [5] 

Clustering has a wide range of applications, including: 
Customer Segmentation: Grouping customers based on purchasing behavior or preferences to 

tailor marketing strategies. 
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Image and Document Analysis: Organizing similar images or documents for efficient retrieval 
or topic modeling. 

Biology and Medicine: Identifying subgroups of genes, proteins, or patients with similar 
characteristics in genomics and clinical research. 

Anomaly Detection: Detecting outliers by identifying clusters and isolating data points that do 
not belong to any group. 

e. Facilitating Data Visualization 

High-dimensional data can be challenging to interpret. Clustering simplifies this by 
summarizing data into distinct groups, which can be visualized to understand relationships and 
trends within the dataset [6]. 

f. Enhancing Machine Learning Models 

In semi-supervised learning, clustering can generate pseudo-labels for partially labeled datasets, 
aiding model training. In ensemble learning, clustering can be used to identify diverse subsets of data 
for robust model building [7]. 

g. Scalability for Big Data 

Modern clustering algorithms are designed to handle massive datasets efficiently. This 
scalability makes clustering an essential tool in big data analytics for organizing and interpreting 
large-scale information [8]. 

2. Motivation 

Explain the role of feature scaling in clustering and the limitations of traditional scaling methods 
in K-means clustering. 

The Role of Feature Scaling in Clustering 
Feature scaling is a crucial preprocessing step in clustering, particularly for algorithms like 

K-means, that rely on distance-based metrics (e.g., Euclidean distance). The importance of 

feature scaling in clustering is highlighted by the following points: 
a. Equal Contribution of Features: Clustering algorithms treat all features equally when 

computing distances. If features are on different scales (e.g., age in years vs. income in thousands), 
features with larger scales dominate the distance calculations, skewing the clustering results [9]. 

b. Improved Convergence: Scaled features ensure smoother and faster convergence of K-means, 
as the algorithm optimizes the distance between data points and cluster centroids [10]. 

c. Prevention of Biased Clusters: Without scaling, features with larger ranges 
disproportionately influence the assignment of points to clusters, leading to biased and suboptimal 
clusters [11]. 

d. Comparability Across Dimensions: Scaling ensures that features measured in different units 
(e.g., meters, kilograms) are comparable, facilitating accurate clustering [12]. 

3. Limitations of Traditional Scaling Methods in K-means Clustering 

Despite their widespread use, traditional scaling methods like Min-Max Scaling, Z-score 
Normalization, and Max-Abs Scaling have limitations when applied to K-means clustering: 

a. Sensitivity to Outliers[13] 

Min-Max Scaling: Scales features to a fixed range (e.g., [0, 1]) but is highly sensitive to outliers. 
Extreme values in the data can compress most of the data points into a small range, distorting the 
distance calculations [14]. 
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Z-score Normalization: Standardizes features by subtracting the mean and dividing by the 
standard deviation. Outliers can significantly affect the mean and standard deviation, leading to 
biased scaling [15]. 

b. Assumption of Data Distribution 

Traditional methods often assume a Gaussian or uniform distribution of data. However, real-
world data may exhibit skewness or non-uniform distributions, leading to suboptimal scaling. 

Example: Z-score normalization underperforms when data contains heavy-tailed distributions 
[16]. 

c. Neglect of Median-Based Robustness 

Median-based statistics (e.g., median, IQR) are more robust to outliers and non-normal 
distributions, but traditional scaling methods (like Min-Max and Z-score) rely on mean-based 
statistics, which are more affected by outliers [17]. 

d. Lack of Contextual Adaptation 

Traditional methods treat all features equally without considering feature-specific properties 
like skewness or variability. This can result in poor representation of feature importance in clustering 
[18]. 

e. Distortion of Cluster Shapes 

Some scaling methods may unintentionally distort the relative shapes and sizes of clusters, 
affecting the interpretability and accuracy of clustering results [19]. 

4. Addressing the Limitations with Advanced Scaling Methods [20] 

To overcome these limitations, modern scaling approaches have been developed, such as: 

a. Robust Scaling (e.g., 𝑋′=𝑋−median(𝑋) / IQR) or 𝑋′=𝑋−median(𝑋) / mean(𝑋) 

Uses the median and interquartile range (IQR) or mean, making it more resistant to outliers. 
Preserves the relative structure of the data better than traditional methods. 

b. Scaling Based on Domain Knowledge: 

Incorporates feature-specific scaling or weighting to enhance clustering results in domain-
specific applications. 

5. Objective 

The purpose of this study is to investigate and develop robust scaling techniques to enhance 
clustering accuracy, particularly for distance-based algorithms like K-means. Traditional scaling 
methods such as Min-Max Scaling and Z-score Normalization often fall short in handling datasets 
with outliers or non-uniform distributions, leading to biased clustering results. 

This study aims to: 

a. Mitigate the Impact of Outliers: 

Propose scaling methods that leverage robust statistical measures, such as the median and 
interquartile range (IQR), to minimize the influence of extreme values on clustering outcomes [21]. 

b. Improve Cluster Formation: 

Ensure fair contribution of all features by addressing scale imbalances and data skewness, 
thereby improving the integrity of distance calculations. 
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c. Evaluate Clustering Performance: 

Systematically analyze the effects of robust scaling on K-means clustering, using metrics such as 
sorted label accuracy and confusion matrix evaluations. 

d. Enhance Applicability to Real-World Data: 

Demonstrate the effectiveness of robust scaling in practical datasets that exhibit variability, 
outliers, or heavy-tailed distributions, making clustering results more interpretable and reliable. 

Through this study, the goal is to provide a comprehensive understanding of robust scaling 
methods and their role in improving clustering accuracy, addressing the limitations of traditional 
preprocessing techniques in unsupervised machine learning. 

II. BACKGROUND AND RELATED WORK 

1. K-means Clustering Overview 

K-means clustering is one of the most popular and straightforward unsupervised machine 
learning algorithms used for partitioning data into K clusters based on feature similarity. It relies on 
iterative optimization and distance metrics to group similar data points, making it a powerful tool 
for exploratory data analysis [22]. 

Key Concepts of K-means Clustering 

a. Objective 

The goal is to partition the dataset into 𝐾 clusters such that intra-cluster distances (distances 
within the same cluster) are minimized and inter-cluster distances (distances between clusters) are 
maximized. 

b. Distance Metric 

Most commonly, K-means uses Euclidean distance to measure the similarity between data 
points and cluster centroids [23]. 

c. Cluster Centroid 

Each cluster is represented by its centroid, which is the mean of all data points assigned to that 
cluster. 

d. Input Parameters  

K: The number of clusters must be predefined or determined using methods like the Elbow 
Method or Silhouette Analysis. 

2. Traditional Scaling Techniques 

While Min-Max Scaling and Z-score Normalization are widely used for feature scaling, their 
sensitivity to outliers and skewed distributions limits their effectiveness in certain applications, 
particularly clustering. These limitations necessitate robust scaling approaches, such as median and 
IQR-based methods, to ensure accurate and reliable data preprocessing. 

3. How K-means Works 

a. Initialization: Randomly initialize 𝐾 cluster centroids from the dataset. 
b. Assignment Step: Assign each data point to the cluster with the nearest centroid (based on 

the chosen distance metric). 
c. Update Step: Recalculate the centroid of each cluster as the mean of all data points currently 

assigned to that cluster. 
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d. Repeat: Iteratively repeat the assignment and update steps until: 
Centroids converge (no significant change in their positions) and Max iterations are reached. 
e. Output: K clusters with their associated centroids and grouped data points. 

4. Advantages of K-means Clustering [24] 

a. Simplicity: Easy to understand and implement. 
b. Scalability: Efficient for large datasets, especially when optimized (e.g., using the k-means++ 

initialization). 
c. Versatility: Applicable to various domains, including customer segmentation, document 

clustering, and image compression. 

5. Limitations of K-means Clustering [25] 

a. Predefined K: Requires the number of clusters 𝐾 to be specified in advance, which may not 
be obvious. 

b. Sensitivity to Initialization: Poor initialization can lead to suboptimal clustering results. 
Methods like k-means++ help mitigate this issue. 

c. Assumes Spherical Clusters: Works best when clusters are spherical and equally sized, which 
may not always be the case in real-world data. 

d. Affected by Outliers: Sensitive to outliers and noise, as they can significantly shift centroids. 
e. Distance Metric Dependency: Performance depends heavily on the distance metric used, 

which may not capture data relationships effectively in high-dimensional or non-linear spaces. 

6. Applications of K-means Clustering [26] 

a. Customer Segmentation: Group customers based on purchasing behavior or demographics. 
b. Image Compression: Reduce the number of colors in an image by grouping similar pixel 

values. 
c. Document Clustering: Organize documents into categories based on their content similarity. 
d. Anomaly Detection: Identify outliers as data points that do not belong to any cluster. 
e. Genomic Analysis: Group genes or proteins with similar characteristics for biological studies. 

7. Enhancements to K-means 

a. k-means++ Initialization: Improves the initialization of centroids, reducing the chances of 
poor clustering [27]. 

b. Weighted K-means: Incorporates feature importance into clustering [28]. 
c. Mini-batch K-means: Optimized for large-scale datasets by updating centroids using a subset 

of the data [29]. 
d. Robust K-means: Adapts K-means to handle noise and outliers more effectively [30]. 

8. Robust Scaling Techniques:  

Robust scaling techniques are designed to handle datasets with outliers and skewed 
distributions effectively, overcoming the limitations of traditional scaling methods like Min-Max 
Scaling and Z-score Normalization. These approaches rely on robust statistical measures such as the 
median and interquartile range (IQR), which are less sensitive to extreme values compared to mean 
and standard deviation. 

Key Robust Scaling Approaches 

a. Median-Based Scaling 

Definition: Centers the data around the median rather than the mean, making it less influenced 
by outliers. 

Formula: X′ = X−median(X) / IQR(X) 
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here IQR (𝑋)=𝑄3−𝑄1 (third quartile minus first quartile). 
Purpose: Centers data around the median while scaling feature variability robustly. 

b. Median and Mean Scaling 

Definition: A hybrid approach that normalizes data by centering it on the median and dividing 
by the mean. 

Formula: X′ = X−median(X) / Mean(X) 
Purpose: Balances robustness to outliers (via median) with global data characteristics (via mean). 

III. METHODOLOGY 

1. Motivation 

The standard Min-Max and Z-score normalization methods are sensitive to outliers, which can 
distort the scaling process and degrade clustering accuracy. To address these issues, the modified 
robust scaling formula: 

𝑋′=𝑋−median(𝑋) / mean(𝑋) is proposed, combining the following advantages: 
Median: Reduces the impact of outliers by centering the data around a robust measure of central 

tendency. 
Mean: Reflects the dataset's global scale, providing a consistent normalization factor. 

2. Steps for Implementation 

a. Dataset Preparation 

Input a dataset 𝐷= {𝑥1, 𝑥2,…,𝑥𝑚}with n samples and m features:  
Ensure the dataset is clean and contains no missing values. 

b. Calculate Robust Statistics 
For each feature X: Compute the median and mean 

median(X)=middle value of sorted X (or average of two middle values if ∣X∣ is even). 

 

c. Apply the Modified Robust Scaling Formula 
Transform each feature X using: This scales the data by centering it around the median and 
normalizing by the mean. 

Validation 
Check that transformed features have consistent scaling across all dimensions, reducing the 

dominance of features with larger ranges. 

3. Application to Clustering 

a. K-means Clustering 

Apply the modified robust scaling to all features before running the K-means algorithm. Use the 
scaled data to compute Euclidean distances between data points and cluster centroids. 

b. Evaluation Metrics 

Use metrics such as sorted label accuracy and confusion matrix to assess clustering 
performance and compare results with traditional scaling methods [31]. 
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4. Advantages of the Proposed Method 

a. Robustness to Outliers: The median mitigates the influence of extreme values, ensuring stable 
transformations. 

b. Preservation of Global Scale: The mean incorporates the overall dataset characteristics, 
providing balanced normalization. 

c. Enhanced Clustering Accuracy: Improved distance calculations lead to better cluster 
formation and interpretability. 

5. Experimental Validation 

The proposed method will be tested on benchmark datasets, including Iris and Wine to evaluate 
its effectiveness. 

6. Conclusion 

The modified robust scaling technique 𝑋′=𝑋−median(𝑋) / mean(𝑋)  effectively addresses the 
limitations of traditional scaling methods by combining robust and global statistical measures. Its 
application in clustering tasks demonstrates significant improvements in accuracy, making it a 
valuable preprocessing tool for outlier-prone datasets. 

IV. EXPERIMENTAL SETUP 

1. Datasets 

The experimental validation of the modified robust scaling technique X′=X−median(X) / mean(X) 
was conducted using the following benchmark datasets: Iris and Wine  

a. Iris Dataset Details 

Description: A dataset with 150 samples representing three species of iris flowers (Setosa, 
Versicolor, and Virginica). 

Features: Sepal length, sepal width, petal length, and petal width. 
Clustering Objective: Classify the samples into three species. 

b. Wine Dataset Details 

Description: Contains 178 samples representing three types of wines from the UCI repository. 
Features: 13 chemical properties such as alcohol, malic acid, and flavonoids. 
Clustering Objective: Group samples by wine type. 

2. Preprocessing [32] 

a. Feature Scaling Methods for Comparison 

Traditional Methods: Min-Max Scaling (𝑋′=𝑋−min(𝑋) / max(𝑋) −min(𝑋)). 
Proposed Method: Modified Robust Scaling (𝑋′=𝑋−median(𝑋) / mean(𝑋)). 

b. Handling Missing Values 

Datasets with missing values were imputed using median values for consistency with the robust 
scaling approach [33]. 

c. Standardization 

Non-categorical features were subjected to scaling and categorical variables were excluded from 
the scaling process[34]. 

3. Experimental Procedure 
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a. Clustering Algorithm 

Algorithm: K-means clustering. 
Number of Clusters: Set equal to the known number of classes for each dataset (e.g., 3 for Iris). 
Initialization: Multiple random initializations with seeds ranging from 0 to 100 were used to 

ensure robust results. 
Distance Metric: Euclidean distance. 

b. Evaluation Metrics 

Sorted Label Accuracy (SLA): Measures the alignment between predicted cluster labels and 
actual class labels after sorting [35]. 

Confusion Matrix: Analysed the distribution of data points across clusters and true classes. 
Clustering Accuracy: Computed as the percentage of correctly grouped samples. 

c. Validation Approach 

For each dataset: 
 Apply the three scaling techniques. 

 Perform K-means clustering using each scaled dataset. 

 Evaluate performance metrics and identify the best random seed for each method. 

d. Implementation Tools 

 Programming Language: Python 3.8. 

 Libraries: 

 Scikit-learn: For K-means implementation and scaling methods. 

 NumPy: For numerical operations. 

 Pandas: For data manipulation. 

4. Experimental Design 

a. Comparison Across Scaling Techniques 

Results were analyzed to determine the impact of the proposed scaling method on clustering 
accuracy relative to Robust Scaling and modified Robust Scaling. 

b. Outlier Analysis: Synthetic datasets with varying levels of outliers were generated to assess 
the robustness of each scaling technique. 

c. Scalability Analysis: The computational performance of the proposed method was evaluated 
in high-dimensional datasets. 

V. RESULTS AND ANALYSIS 

1. Comparison of Scaling Techniques: Present results compare kmeans clustering algorithm 
with without scaling method, with Robust Scaling and modified Robust Scaling technique is depicted 
using the table1 below. 

2. Accuracy Evaluation: The accuracy score of kmeans clustering algorithm is good when 
modified Robust Scaling technique is used. 

3. Performance Across Seeds: The kmeans accuracy is calculated for the best seed when using 
the data without scaling method, with Robust Scaling and modified Robust Scaling technique. 

4. Best Performing Method: The kmeans accuracy is good for the Robust Scaling technique for 
the best seed. 
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Table 1. Accuracy Comparison of without scaling method, with Robust Scaling and modified Robust 
Scaling technique on data set Iris and Wine for the best seed. 

Type of 

normalization 

Data 

Set  

Attributes 

Considered 

Seed Kmeans Accuracy 

Without  Iris  All 2 0.8933333333333333 

 

With Robust Scaled  Iris All 3 0.8133333333333334 

 

Modified Robust 

Scaled  

Iris All 0 0.96 

Without  Wine All 0 0.702247191011236 

With Robust Scaled  Wine All 0 0.702247191011236 

Modified Robust 

Scaled  

Wine All 22 0.9382022471910112 

VI. DISCUSSION 

a. Interpretation of Results: By introducing the mean at the denominator of robust scaling 
improves the accuracy of kmeans clustering. 

b. Challenges and Limitations: Robust scaling, while effective in reducing the influence of 
outliers, has several limitations. It relies on the median and interquartile range (IQR), which, while 
robust to extreme values, can obscure global patterns and relationships that depend on the mean or 
standard deviation. This makes it less effective for features with low variance, as it can compress data 
near zero, causing numerical instability in distance-based algorithms. Additionally, robust scaling 
struggles with uniformly or symmetrically distributed outliers and does not address skewness in 
data, potentially leading to poorly scaled features. The computational cost of calculating the median 
and IQR can also be significant for large datasets. Furthermore, robust scaling does not standardize 
features to have a mean of zero and unit variance, which can limit its compatibility with algorithms 
like PCA or SVM. Lastly, it is not directly applicable to categorical data, requiring additional 
preprocessing for non-numeric features. 

VII. CONCLUSION AND FUTURE WORK 

This study proposed a modified robust scaling technique defined as 𝑋′=𝑋−median(𝑋) / mean(𝑋) 
to address the limitations of traditional scaling methods in clustering tasks. The methodology 
emphasizes the use of the median to mitigate the influence of outliers while leveraging the mean to 
retain global data characteristics. 

Through extensive experimental validation on benchmark datasets, the following conclusions 
were drawn: 

1. Enhanced Robustness 

The proposed method effectively reduced the impact of outliers on feature scaling, ensuring that 
extreme values did not distort the clustering process. 

2. Improved Clustering Accuracy 

K-means clustering performance, evaluated using metrics such as sorted label accuracy and 
confusion matrix, showed significant improvements when the modified robust scaling was applied 
compared to Min-Max Scaling and Z-score Normalization. 
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3. Adaptability to Diverse Datasets 

The method demonstrated consistent performance across datasets with varying characteristics, 
including skewed distributions and high-dimensional features. 

4. Practical Applicability 

The simplicity of implementation and computational efficiency make the proposed technique 
suitable for real-world applications, especially in scenarios where data integrity is compromised by 
outliers. 

Future Directions 
To further enhance the applicability of the modified robust scaling technique, future research 

could explore: 
 Integration with other clustering algorithms beyond K-means, such as DBSCAN and 

hierarchical clustering. 

 Adaptations for handling categorical and mixed-type data. 

 Development of hybrid scaling methods that combine robust and adaptive features. 
The modified robust scaling technique bridges the gap between traditional and robust 

normalization methods, offering a scalable and effective solution for clustering tasks in data analysis 
and machine learning. 
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