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Tab.2 Twelve UCI datasets
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Tab.3 Performance indicators of outlier detection by dif-
ferent methods in artificial dataset
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Tab.4 Comparison of clustering effects before and after

removing outliers by KLOD method in artificial

dataset
HopgR Dunnff%  CH#H%L JEi=E-13 STRAL
A o A ST 0.4095 587.7159  0.5441  4.0315
bR B AR 0.4824 628.4395  0.6355  4.3268
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Tab.5 Constructs UCI datasets with outliers
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Tab. 6 Comparison of detection results with different methods in twelve UCI datasets
R KLODJj % KNN7J7 i LOF /7
FPRME  MRREME O AEGREE RieE O R MRBHME MERRE BEE TBHME RN ER AT
Iris 1.000 0 5 0 0.4000  0.6000 2 3 0.6000  0.4000 3 2
Wine 0.7500  0.2500 6 2 0.3750  0.6250 3 5 0.6250  0.3750 5 3
Seeds 0.7500  0.2500 6 2 0.5000  0.5000 4 4 0.3750  0.6250 3 5
Thyroid 0.8000  0.2000 4 1 0.4000  0.6000 2 3 0.8000  0.2000 4 1
Whbe 0.8000  0.2000 4 1 0.6000  0.4000 3 2 0.6000  0.4000 3 2
Aggregation 1.000 0 15 0 0.8700  0.1300 13 2 0.3300 0.6700 5 10
Vowel 1.000 0 5 0 0 1.0000 0 5 0.4000  0.6000 2 3
Jain 1.000 0 10 0 0.6000  0.4000 6 4 0.7000  0.3000 7 3
Wdbc 0.6000  0.4000 6 4 0.6000  0.4000 6 4 0.3000  0.7000 3
Yeast 0.4054  0.5946 75 110 0.2649 0.7351 49 136 0.1514  0.8486 28 157
Page Blocks  0.4000  0.6000 4 6 0.1000  0.9000 1 9 0.4000  0.6000 4 6
Pen Digits 0.5000  0.5000 5 5 0.3000  0.7000 3 7 0.4000  0.6000 4 6
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Tab.7 Comparison of clustering effect before and after removing outliers by KLOD method in nine UCI datasets
— S R s AR B RE
Dunn# $1 CHHE% |z SHRH Dunnii #( CHIR %K |EzEe STR#
Iris 0.3626 469.3304 20.3218 6.4088 0.604 1 576.8686 20.9299 10.2840
Wine 0.0394 340.4017 24.1400 10.7546 0.0751 337.4735 23.8106 13.4792
Seeds 0.0593 155.9754 9.0970 5.6559 0.0673 172.956 6 7.9647 5.7966
Thyroid 0.0249 232.0610 4.2987 6.1075 0.0527 276.768 1 4.3282 8.7195
Aggregation 0.0172 1698.4208 0.6055 2.5794 0.0326 1856.0150 1.3420 11.4857
Vowel 0.0416 1751.6323 0.3674 1.4926 0.0556 1766.9117 0.7030 2.1105
Yeast 0.0260 237.0314 0.0144 1.1709 0.0271 293.5319 0.0335 2.9325
Page Blocks 0.0022 3126.5723 0.1374 1.069 1 0.0040 3145.2793 0.1380 1.1471
Pen Digits 0.0317 2383.5902 0.1573 55.0716 0.0329 24478901 0.1976 60.9416
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Abstract:

Objective Outliers are defined as data points generated for various special reasons. They are often regarded as noise points due to their deviation

from normal data points and are considered points of research value, occupying a small proportion of the dataset. The task of outlier detection in-
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volves identifying these points and analyzing their potential abnormal information through the analysis of data attribute features. This process
aims to uncover unusual patterns or behaviors within the dataset that can provide insights into unique phenomena or anomalies. Most clustering-
based outlier detection methods primarily detect outliers in the dataset from a global perspective, with weaker performance in detecting local out-
liers. Hence, an improved K-means clustering algorithm is proposed by introducing fast search and discovering density peak methods. A local out-
lier detection method, named KLOD (local outlier detection based on improved K-means and least squares methods), is developed to achieve pre-
cise detection of local outliers.

Methods The K-means clustering algorithm is characterized by hard clustering, meaning that after clustering the dataset, each data point has a
clear association with one cluster or another. This property makes it suitable for outlier detection, as outliers significantly affect the clustering pro-
cess. However, selecting initial cluster centers and determining the number of clusters is crucial as they directly impact the clustering effective-
ness. To select the accurate cluster center, clustering by fast search and finding density peaks is utilized to compute the local density and relative
distance of data points, constructing a decision graph based on these metrics. The challenge lies in accurately determining the cutoff distance d,,
making it difficult to precisely identify the number of cluster centers from the decision graph obtained using a single d_ value. The elbow method
is employed to determine the optimal number of clusters for an unknown dataset for the best clustering effectiveness to address the challenge of
determining the number of clusters. When clustering data into different numbers of clusters, the cost function value changes accordingly. The
number of clusters is depicted on the x-axis, and the cost function value is on the y-axis. The changes in the cost function value with the number of
clusters are recorded and plotted as a line graph. When there is no significant decrease in the cost function value with an increase in the number of
cluster centers, the position of the “elbow” is observed to determine the optimal number of clusters. After determining the initial cluster centers
and the number of clusters £, the dataset is clustered using the K-means clustering algorithm to obtain £ clusters and their corresponding cluster
centers. The objective function value for each data point in each dimension within each cluster is then computed. Then, the objective function val-
ues for each dimension of the data points in each cluster are sorted in ascending order. The objective function values, sorted in ascending order,
are fitted using the least squares approach to obtain a curve. The derivative of this fitted curve is then calculated to obtain the slope, providing in-
sight into the rate of change of the objective function values within each cluster. Each dimension’s degree of dispersion and information content
can vary in the dataset, so different weights are assigned to each dimension. Information entropy is employed to measure the dataset’s degree of
dispersion, and higher weightage is given to dimensions with higher outlier degrees to represent their impact on the overall dataset. By incorporat-
ing information entropy, each dimension’s objective function value for each data point is weighted by the corresponding change rate. This process
results in the final anomaly score, and the top-n data points with high anomaly scores are considered outliers.

Results and Discussions The experimental results indicated that in the artificial dataset, KLOD, KNN, and LOF all detect sparse local outliers ef-
fectively. However, the LOF algorithm struggles to detect outliers within outlier clusters. Additionally, the KNN method cannot detect local out-
liers within densely distributed clusters when there is a considerable distance between normal data points. In contrast, the KLOD method analyzes
each cluster individually, addressing the issue of uneven cluster densities. The KLOD method analyzes each dimension of the data points within
each cluster separately, achieving accurate detection. In the UCI dataset, the KLOD method achieves optimal detection accuracy in 10 datasets,
with detection accuracy on par with KNN and LOF in 2 datasets. Compared to the KNN and LOF algorithms, KLOD also demonstrates high ac-
curacy in outlier detection. The fast search density peak method is applied to calculate the local density and relative distance of data points, and
the y value of each data point is determined based on these two metrics to improve the K-means clustering algorithm. However, the size of y is in-
fluenced by the cutoff distance d,, making it difficult to intuitively choose £ initial cluster centers. Hence, the elbow method selects the k data
points with the largest y values as initial cluster centers for the K-means clustering algorithm. Least squares fitting is employed to fit the objective
function values for each dimension sorted in ascending order. This method highlights the degree of outlierness of outliers, incorporating more out-
lier information into the final anomaly score.

Conclusions Experimental results on artificial and UCI real datasets demonstrated that the KLOD method can detect local outliers with moderate
outliers. Compared to the KNN and LOF methods, it significantly improves detection accuracy. However, due to limitations of the K-means al-
gorithm itself, its clustering performance is poor for datasets containing arbitrarily shaped clusters, affecting detection performance. Therefore, fu-

ture studies can focus on enhancing the performance of outlier detection methods on datasets with arbitrary cluster shapes.
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