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Abstract Outlier detection is a popular technique that can be utilized in many modern applications like finan-

cial analysis and fraud detection. As data description becomes complex, operated datasets’ dimensionalities keep

monotone increasing. However, current researches find that it is extremely difficult to pick out outliers directly

from high dimensional datasets owing to the curse of dimensionality. Moreover, general methods need some decisive

parameters to be decided in advance. Such parameters usually have close connection with data distribution. There-

fore, users always have no idea about proper parameters without identifying datasets beforehand. To address these

problems, we introduce a method to discover exceptional objects that match users’ intentions in high dimensional

datasets. Compared with determining proper parameters, users are more easily to provide some outlier examples

including their intensions. We make good use of outlier examples, examine behaviors of projections of these exam-

ples and find an optimal subspace. The concept of DB- (Distance-Based) Outliers is employed to detect outliers

in the optimal subspace. Our proposed method is robust to tolerate noises or inconsistencies interfusing in outlier

examples. Experiments operate on both synthetic and real datasets. The results show that our proposed approach

is effective and efficient at detecting outliers corresponding with users ’intensions in high dimensional datasets.
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1. Introduction

An outlier is an observation that deviate so much from

other observations as to arouse suspicion that it was gener-

ated by a different mechanism [19]. Detecting outliers from

large datasets is very subservient in extensive areas. Un-

usual objects often involve useful information that may be

more interesting than common objects. Techniques of out-

lier detection can be used in many popular applications such

as credit card fraud, money laundering and the analysis of

statistic data of professional athletes. Such applications gen-

erally process high dimensional datasets. Scholars have made

numerous researches on this topic. However, there are still

some Gordian knots which perplex them. The most insur-

mountable problem is the curse of dimensionality. As dimen-

sionality of a dataset becomes higher, the distribution of data

points becomes sparser. That is to say every data point be-

comes a good outlier candidate in high dimensional datasets.

Many existed methods like Distance-Based method [3] and

Density-Based method [7] will be meaningless when dealing

with high dimensional datasets.

Subspace-Based method [5], [9] supplies us with a new

viewpoint on the curse of dimensionality. In paper [5], it

has certified that meaningful outliers are likely to be defined

by examining the behavior of the data in low dimensional

projections. Thus, we employ Subspace-Based method to

simplify high dimensional data problems by examining the

behaviors of projections.

Another thorny problem in outlier detection researches is

that current algorithms usually require a few predefined pa-

rameters. These crucial parameters exposit the structure or

distribution of data points to some certain degree and affect

results directly. Therefore, it is quite difficult to decide such

parameters before identifying datasets. By comparison, users

generally know their problem domain or at least can describe

the problem phenomenon, so extracting some outlier exam-

ples seems much easier than determining vital parameters for

users. We grasp this point, and take full advantage of user-

provided outlier examples to release users from predefining

boring parameters.

Example-Based method has been shown to be promising

in discovering hidden user views of outliers in paper [1]. We
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utilize it not only to supersede annoying parameters but also

to seek optimal projection namely the most suitable sub-

space where outlier examples are isolated more significantly

than in any other subspaces. In our proposed method, user-

provided outlier examples are vital nexus between Subspace-

Based and Example-Based algorithms. Since all the out-

lier examples are not always absolutely suitable. Sometimes,

noises or inconsistencies may interfuse in. In such case, we

can not discover an optimal subspace in which all examples

display abnormal behaviors. Therefore, we excogitate an im-

proved robust approach to filter noise outliers.

Here we employ the notion of Distance-Based outlier to

pick out DB-Outliers matching user intentions in the op-

timal subspace. The Distance-Based method is a classic,

commonly used and simple approach in outlier detection.

Besides, distance is an extensively and frequently utilized

standard in many technical and knowledge areas.

Our previous work [1] also proposed an Example-Based

method for detecting outliers. However, it did not take the

problem of high dimensionality in to account. Another pre-

vious work [2] aimed at solving the curse of dimensionality

with a Grid-Based method introduced in [5], [9]. Despite that

the approach proposed in paper [2] considered high datasets;

the Grid-Based algorithm cannot ensure the quality of re-

sults. In other words, Grid-Based method is not applicable

for some datasets. The comparison experiments between the

method given in [2] and our proposed method are shown in

Section 4.3.

Our primary method on Example-Based DB-Outlier de-

tection in high dimensional datasets and preliminary exper-

iments are demonstrated in paper [10]. The experimental

results in [10] show that our simple primary method worked

well in detecting 2-D (two dimensional) optimal subspaces

and picking out DB-Outliers from the optimal subspaces.

However, the primary method cannot abide noises or incon-

sistencies. The advanced robust method is proposed in pa-

per [11]. In [11], we introduce an improved approach that can

filter noise outlier examples. Experiments on both synthetic

and real datasets in [11] verified that our robust method is

promising and has better quality than our previous work [2].

In this paper, we plan to introduce the skeleton of our pro-

posed method, and mainly show experiments including the

verification experiments and comparison experiments carried

out between our robust method and the previous work [2].

Results of experiments proved that our method is effec-

tive and efficient in discovering outliers based on user view-

points in high dimensional datasets. Moreover, our proposed

method has better quality issue than our previous method.

2. Related Work

Along with the intensive study of outlier detection, various

methods have been proposed. Here we broadly classify the

existing approaches to outlier detection into two categories.

One is a group of methods focussing on low dimensional

datasets, the other group targets high dimensional datasets

as well.

2. 1 Methods For Low Dimensional Datasets

Examples of this kind of techniques are listed as follows:

（ 1） Distribution-Based Method [12], [15], [19].

（ 2） Clustering-Based Method.

（ 3） Density-Based Method [7].

（ 4） Distance-Based Method [3].

（ 5） LOCI [1], [16].

The Distribution-Based methods usually choose a standard

distribution models (e.g. Normal, Poisson, etc.) which befit

the data best, and detect outliers deviating from such mod-

els. It is a kind of classical methods in statistics [12], [15], [16].

A great amount of efforts and tests have been done on this

category of methods. In spite of that, there is a fatal de-

fect of Distribution-Based methods. For most applications

of outlier detection, the underlying distribution is unknown

and difficult to describe, especially when processing high

dimensional datasets. As dimensionality grows high, con-

structing appropriate high dimensional distribution models

become costly and inaccurate.

Many Clustering-Based approaches detect outliers as by-

products [14]. According to the notion of clustering ap-

proaches, outliers are defined as those data points locating

out of clusters. Intuitively speaking, outcomes highly rely on

clustering algorithms and parameters. Therefore, this kind

of methods is not optimal enough for searching outliers. In

addition, due to the curse of dimensionality, the Clustering-

Based method is meaningless for high dimensional datasets.

The Density-Based method introduces a LOF (local out-

lier factor) for each object to indicate its degree of “outlier-

ness” [7]. The LOF of a data point is dependent on local

density which is calculated with a parameter. In high di-

mensional datasets, the concept of locality is feeble to detect

outliers for the sparsity of data. Furthermore, the parameter

used for defining the local neighborhood of objects also rest

with users.

The Distance-Based method detects outliers by means of

calculating mutual distances of data points. It is a simple

and extensively utilized method. However, as we already ex-

plained, the Distance-Based method fails to deal with high

dimensional datasets.

LOCI is the abbreviation of Local Correlation Integral.

LOCI algorithm proposed MDEF (Multi-granularity Devi-

— 2 —



ation Factor) to measure “outlier-ness” of neighbor objects

in different scales. Objects whose MDEF values are suffi-

ciently large, namely deviate significantly in neighborhoods

of some scales are marked as outliers. In [1], the authors also

utilized LOCI algorithm to detect outliers with a few out-

lier examples provided by users. Since the LOCI approach

decides neighborhoods by full dimensional distances, like the

Distance-Based method, it also fails to deal with high dimen-

sional datasets.

2. 2 Methods For High Dimensional Datasets

The second category of recent outlier detections uses sub-

spaces of the original high dimensional space. The Subspace-

Based scheme brings us a novel solution on outlier studies

that amplified our field of view. This kind of approaches

extracts only interrelated attributes to constitute meaning-

ful subspaces. Most traditional algorithms have been tested

and certified to be available for handling low dimensional

datasets. Therefore, if the dimensionalities of problem spaces

are decreased to low range, existing methods can be put into

full play. However, not all methods can be combined with the

Subspace-Based scheme favorably. Papers [2], [5], [9] demon-

strate the hybrid schemes of Subspace-Based and Grid-Based

approaches, and [18] mixes the Clustering-Based algorithm

into the Subspace-Based method. In this paper, we also

choose the Subspace-Based approach to solve high dimen-

sional space problem. As we mentioned, Grid-Based and

Clustering-Based algorithms are not optimal enough to de-

tect high quality outliers. Our proposed method commend-

ably integrates Subspace-Based and Example-Based meth-

ods and utilizes the concept of DB-Outlier to yield better

quality of results.

3. Proposed Method

The sepcific description of our priamry and amended

method are presented in [10] and [11] respectively. Here we

just give a brief introduction on our advanced robust method.

The main inputs of our method are outlier examples. First,

we look for the most suitable subspace where outlier exam-

ples are isolated more significantly than in any other sub-

space. Such optimal subspace generally has low dimension-

ality because outlier examples have only a portion of the ex-

ceptional attributes in the real world. If noise is interfused in

outlier examples, we prefer that the subspace be the optimal

subspace, where as many outlier examples perform abnormal

appearances as possible. After discovering the optimal sub-

space, we seek objects that also reside in sparse areas, just as

with outlier examples in this subspace. Such objects having

similar characteristics to outlier examples will be reported as

outliers.

There is a problem in looking for the most suitable sub-

space: before examining all subspace candidates whose di-

mensionalities vary from 1 to the total dimensions, we can-

not confirm which subspace is the one required. Let the full

dimensionality of a dataset be d, and the dimensionality of

the optimal subspace be k, (d
k) combination of candidates

should be examined. Because of the uncertain value of k,

there are altogether
Pd

k=1(
d
k) = 2d−1 possible combinations

that should be checked in seeking out the most appropriate

combination. If d is big, it becomes exhausting or even im-

possible to discover such desired subspace by examining all

candidate combinations. Therefore, the brute force method,

which checks all candidate combinations, is infeasible when

dealing with high dimensional datasets. For this reason, we

exploit a Genetic Algorithm (GA) to select the optimal sub-

space in less time.

In this paper we detect DB-Outliers from high dimensional

datasets, so at first, we plan to interpret the notion and two

detection algorithms of DB-Outlier.

3. 1 Fundamental Concept

The notion of DB-Outlier studied here is the same as Knorr

and Ng’s work [3]:

An object O in a dataset T is a DB(p, D)-Outlier if at

least fraction p of the objects in T lie greater than distance

D from O.

The parameter p is the minimum fraction of objects

in a dataset that must reside outside an outlier’s D-

neighborhood. For convenient explanation and calculation,

we employ another parameter M, which denotes the maxi-

mum portion of objects within an outlier’s D-neighborhood

as follows:

M = N(1 − p) N : datasize (1)

The detection of DB-Outliers can be elucidated as detecting

those objects that have no more than M neighbors in their

D-neighborhoods.

3. 2 Detecting Algorithms

Two algorithms are used to mine DB-Outliers in our pro-

posed method. One is the simple algorithm; the other is the

Cell-Based algorithm [3].

3. 2. 1 Simple Algorithm

The simple algorithm executes based on the definition of

DB-Outlier. It examines the D-neighborhood centered at

each object. As soon as M data points are found in an

object’s D-neighborhood, algorithm marks this object as a

non-outlier and changes to examine another object. If, af-

ter checking all the mutual distances of an object, it finds

no more than M D-neighbors, this object is recognized as a

DB-Outlier. This algorithm is easy. However, it takes much

time to calculate mutual distances.
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3. 2. 2 Cell-Based Algorithm

The Cell-Based algorithm (see [3] for detailed direction)

uses a cell structure’s properties to rule out non-outliers

quickly. It quantizes all data objects into a space that has

been partitioned into cells. Such cells have a particular size

correlating with parameter D. The majority of non-outliers

can be eliminated from outlier candidates by counting the

number of objects in these cells. Hence, a Cell-Based al-

gorithm can save a lot of processing time; nevertheless, the

Cell-Based algorithm shows worse performance than a sim-

ple algorithm when the dimensionality of a dataset is high

(more than 4 [3]). It implies that if the optimal projection’s

dimensionality is lower than 5, we prefer the Cell-Based al-

gorithm to identify DB-Outliers; otherwise, we choose the

simple algorithm.

3. 3 Procedure of Proposed Method

（ 1） Detecting Most Suitable Subspace with a GA

Except noises, outlier examples should be recognized as

outliers in the optimal subspace. Therefore, at first, we de-

tect a subspace in which most outlier examples reside lonelier

than in any other subspaces with a Genetic Algorithm.

（ 2） Parameter Selection

After discovering the most suitable subspace, some pairs of

parameters p and D are selected automatically to detect DB-

Outliers in this subspace. Such outliers have similar charac-

teristics to outlier examples.

（ 3） Outlier Report

With different parameters (p, D), we may receive differ-

ent results in the same subspace. Hence, in the parameter

section step, we produce several pairs of parameters (p, D)

in order to get precise results. In the last step, we not only

report outliers detected in the most suitable subspace, but

also report the“ outlier-ness”degree of each outlier.

Since the detailed description has been shown in [11], in

this paper we mainly demonstrate some extensive experi-

ments to certify the efficiency of our method and compare

the results between our proposed method and the one pro-

posed in [2].

4. Experimental Evaluation

This section presents our experimental methodology and

the comparison performances between our proposed method

and our previous work [2]. All of our experiments were run

on a Microsoft Windows XP machine having 1GB of main

memory.

4. 1 Datasets

Here we list the datasets used in our experiments. We

test our amended robust method on one synthetic, five

real, and one commingled dataset (see Table 1 for descrip-

tions). The comparison experiments are operated on two

synthetic datasets and one real dataset (see Table 2 for de-

tails). Comparison experiments is carried out between the

robust method and previous approach [2].

4. 2 Verification Experiments and Results

In this section, we mainly demonstrate experiments to test

our method over the synthetic and real datasets listed in Ta-

ble 1. In our experiments, we select 5 objects as normal data

(g=5) for calculating ANO, and do the calculation 5 times

(q=5) to produce a credible average ANO. If a majority of

outlier examples perform ordinary behaviors in a subspace,

we do not compute the Fitness Value of such subspace and

let it be 0, even though some ANO values of isolated outlier

examples may be extraordinarily high. In our experiments,

10 pairs of (p, D) are created in the optimal subspace for

detecting outliers.

Figure 1 shows the distributions of two subspaces (a) (b)

of the synthetic datasets. We input two groups of outlier ex-

amples including noise. The two groups of outlier examples

are isolated in subspace (a) (except noise) but performing

ordinary appearances in subspace (b). The first group of

examples reside farther from the great major points. Our

method is to discover subspace (a) as the optimal projec-

tion. The results of the two groups of inputs are shown

in Figure 2. Figure 2 (1) shows outliers detected with the

first group examples, and (2) shows the result for the second

group. The detected outliers in both results have more than

60% “outlier-ness” degrees. The result demonstrates that

outcomes have a close relationship with input examples. We

also input some outlier examples (containing noises) isolated

in 3-D and 4-D subspaces, and the optimal subspaces are de-

tected precisely with our approach. Due to the difficulty of

ploting out 3-D and 4-D graphics, we only list the summary

of these experimental results in Table 3.

Figure 1 Outlier Examples in Synthetic Dataset
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Table 1 Datasets for Verification of Robust Method (Dim denotes the dimensionality.)

Dataset Dim Description

Synthetic Data 30 10,000 data points, which are normally distributed in 30 dimen-

sions.

Abalone Data 8 Abalone data, obtained from the UCI machine learning reposi-

tory, 4177 examinations of abalones with 8 attributes.

NBA Data 20 Statistic NBA players’ data extracted from the official NBA web-

site, 425 instances of players with 20 attributes.

Exchange Rate Data 30 Money exchange rate data, 1,000 data points, which are holding

two attributes that record the recent 4 years’ highest and low-

est exchange rate between the New Zealand dollar and Japanese

Yen, and distributed uniformly in the remaining 28 dimensions.

Housing Data 14 Housing data, obtained from the UCI machine learning reposi-

tory, 506 instances with 14 attributes.

Automobile Data 26 Automobile data, obtained from the UCI machine learning

repository, 205 instances with 26 attributes.

Wine Data 13 Wine data, obtained from the UCI machine learning repository,

178 instances with 13 attributes.

Table 2 Datasets for Comparison (Dim denotes the dimensionality.)

Dataset Dim Description

Synthetic Data I 30 10,000 data points, which are normally distributed in 30 dimen-

sions.

Synthetic Data II 30 10,000 data points, which are uniformly distributed in 28 dimen-

sions and holding a group of outliers in the remaining oblique line

distributed 2-D subspaces.

Abalone Data 8 Abalone data, obtained from the UCI machine learning repository,

4177 examinations of abalones with 8 attributes.
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Figure 2 Detected Outliers in Synthetic Dataset

For the other datasets, we provide only one group of outlier

examples (Each group contains a few noise examples). Fig-

ure 3 shows the results of the abalone dataset. Since most

outlier examples are isolated in the Diameter-Whole Weight

subspace, our proposed method marked this subspace as the

optimal subspace and reported DB-Outliers detected in this

subspace. Generally, the attributes of real datasets are not

independent, so outlier examples are sometimes isolated in

not only one subspace. In addition to the most suitable sub-

space having the biggest Fitness Value, the second optimal

subspace may also be promising. Figure 4 exhibits the distri-

butions of the best three subspaces of the NBA dataset with

outlier examples. FTA, FTM, FGA and FGM are abbre-

viations of Free Throw Attempts, Free Throw Made, Field

Goals Attempts, and Field Goals Made, respectively. Out-

liers picked up in the best three subspaces are some special

players. The optimal subspace of the money exchange rate

dataset is composed of real attributes, which means outlier

examples give normal behaviors in artificial subspaces. Fig-

ure 5 is the description of the money exchange rate dataset.

With the purpose of testifying that our robust method is

extensively applicable, we test our method with three other

real datasets. For the housing dataset, we input a few out-

lier examples having abnormal behaviors in CRIM-DIS sub-

space. CRIM records per capita crime rate by town and DIS

means weighted distances to five Boston employment centres.

Figure 6 demonstrates the appearances of input outlier ex-

amples, detected DB-Outliers with “outlier-ness”>= 60 in the

optimal subspace and detected DB-Outliers with “outlier-

ness”>= 80 in the optimal subspace. For the automobile

dataset, we also input a group of outlier examples having

anomalous behaviors in wheel-base and engine-size subspace.

Figure 7 shows the results of automobile dataset. For the

wine dataset, we input a group of outlier examples having

anomalous behaviors in a 3-D subspace. Figure 8 shows the

behaviors of outlier examples in three projections of the op-

timal subspace and the 3-D optimal subspace. The result of

detected DB-Outliers is also illustrated in Figure 8.

Table 3 is a summary evaluation of our robust proposed

Figure 3 Abalone Dataset

Suitable Subspace 1 Suitable Subspace 2 Suitable Subspace 3Suitable Subspace 1 Suitable Subspace 2 Suitable Subspace 3

Figure 4 NBA Dataset

Figure 5 Exchange Rate Dataset

Figure 6 Housing Dataset

method. Dim is the dimensionality of the optimal subspace,

p−Size stands for population size of the GA and Accuracy de-

scribes the probability of discovering the optimal subspaces

during 10 trials. Since there are three suitable subspaces

of the NBA data based on user examples, the Accuracy of

the NBA dataset denotes the number of times the best three
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Figure 7 Automobile Dataset

Outlier Examples in Subspace 1 Outlier Examples in Subspace 2 Outlier Examples in Subspace 3

Outlier Examples in Optimal Subspace Detected Outliers in Optimal Subspace

Outlier Examples in Subspace 1 Outlier Examples in Subspace 2 Outlier Examples in Subspace 3

Outlier Examples in Optimal Subspace Detected Outliers in Optimal Subspace

Figure 8 Wine Dataset

subspaces are found. Sub−T records the average time to

discover the optimal subspace.

Table 3 Summary of Robust Method

Dataset Dim p−Size Trials Accuracy Sub−T(ms)

2 80 10 100% 286547

Synthetic Data 3 80 10 100% 690281

4 80 10 100% 759434

Abalone Data 2 100 10 100% 218599

NBA Data 2 100 10 100% 80755

Exchange Rate Data 2 50 10 100% 15635

Housing Data 2 200 8 100% 81931

Automobile Data 2 100 8 100% 13312

Wine Data 3 250 8 100% 128994

4. 3 Comparison Experiments and Results

The objective of this series of experiments is to contrast the

results between our method and the previous work demon-

strated in paper [2]. We intend to compare the processing

time and quality of the two methods. Such experiments were

made on two synthetic and one real dataset (see Table 2 for

descriptions). Noise is not interfused in the experiments here,

since the method [2] cannot tolerate noise examples.

The outcomes of our proposed method (new method) and

the previous approach are illustrated in Figure 9, and the

comparative evaluation is summarized in Table 4. ϕ is a

virtual parameter that had to be predefined in the previ-

ous approach. Out−T denotes the time to detect outliers in

the optimal subspace. The experimental data in Table 4 are

gathered from the results of synthetic data I.

Synthetic Dataset IISynthetic Dataset I Real Dataset

Φ=15

New
Method

Previous
Method 

Synthetic Dataset IISynthetic Dataset I Real Dataset

Φ=15Φ=15

New
Method

Previous
Method 

Figure 9 Comparison Results

Table 4 Summary of Comparison Results

Type of Method p−Size Sub−T(ms) Out−T(ms)

New (Simple Algorithm) 80 95586 317925

New (Cell-Based Algorithm) 80 - 147156

Previous (ϕ=15) 80 11881 79

Previous (ϕ=22) 80 18625 125

Figure 9 gives strong evidence that our proposed method

has better quality and can process more kinds of datasets.

Beyond that, our method does not need solid, predefined in-

puts. The unpredictable parameter ϕ plays an important

role in detecting outliers. It not only affects the quality is-

sue, but also the performance issue. However, the processing

time for our method is no better than the previous approach.

5. Conclusions and Future Work

In this paper, we discussed a method to detect outliers

from high dimensional datasets under users’ intentions. Most

traditional techniques need decisive parameters to be decided

in advance. Actually, such crucial parameters are generally

easily predefined. Users are relatively expert in their prob-

lem domain. Therefore, they are likely to provide multiple
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outlier examples suggesting what they want to detect. To

address the problem with the curse of dimensionality, we

employ a Subspace-Based method to bring down the dimen-

sionality of detected spaces. Thus, we propose a method

whose central ideas are making the best of users’ examples

to omit boring predefined parameters. We do so by detect-

ing an optimal subspace where these examples perform more

abnormal behaviors than in others, and picking out outliers

having similar characteristics to examples.

Experiments demonstrate that our proposed method works

well with different kinds of datasets, including synthetic and

real datasets. It can cope with arbitrary dimensional sub-

spaces. In addition, a few dummy outlier examples (noise)

cannot influence the outcome. Our new method can manage

more types of datasets than our previous work. The previ-

ous work still needs a predefined decisive parameter, despite

utilization of the outlier examples it made. However, the

previous method’s time performance is better than ours.

Improvement to addressing the problem of processing time

is our future research issue. In the future, we plan to do re-

search on producing hybrid methods to improve processing

time.
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