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Outlier detection is an important task in data mining with numerous applications, including credit card
fraud detection, video surveillance, etc. Outlier detection has been widely focused and studied in recent
years. The concept about outlier factor of object is extended to the case of cluster. Although many outlier
detection algorithms have been proposed, most of them face the top-n problem, i.e., it is difficult to know
how many points in a database are outliers. In this paper we propose a novel outlier cluster detection
algorithm called ROCF based on the concept of mutual neighbor graph and on the idea that the size of
outlier clusters is usually much smaller than the normal clusters. ROCF can automatically figure out the
outlier rate of a database and effectively detect the outliers and outlier clusters without top-n parameter.
The formal analysis and experiments show that this method can achieve good performance in outlier

© 2017 Elsevier B.V. All rights reserved.

1. Introduction

Outlier detection is an important data mining activity with nu-
merous applications, including credit card fraud detection, discov-
ery of criminal activities in electronic commerce, video surveil-
lance, weather prediction, and pharmaceutical research [1-9].

An outlier is an observation that deviates so much from other
observations so that it arouses that it is generated by a different
mechanism [8]. In many fields, outliers are more important than
the normal data, as they may demonstrate either deviant behav-
ior or the beginning of a new pattern, and may cause damage to
the user. At present, the studies on outlier detection is very active.
Many outlier detection algorithms have been proposed. Outlier de-
tection algorithms can be roughly divided into distribution-based
methods, depth-based methods, distance-based methods, density-
based methods and clustering-based methods etc.

Each type of the outlier detection algorithms has its advantages
and disadvantage. In distribution-based methods, the observations
that deviate from a standard distribution are considered as outliers
[7]. Hence distribution-based methods can simply and effectively
detect out the outliers, if we know the distribution of the datasets.
However, distribution-based methods are not applicable to datasets
that are multidimensional or where the distribution is unknown.
The depth-based [10,11] methods can address this problem. Depth-
based methods relies on the computation of different layers of k-d
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convex hulls. In this way, outliers are objects in the outer layer of
these hulls. However, the efficiency of depth-based algorithms is
low on 4-dimensional or more than 4-dimensional datasets.

The distance-based algorithms are widely used for its effective-
ness and simplification. In paper [4], a distance-based outlier is de-
scribed as the object that with pct% of the objects in database hav-
ing a distance of more than d,,;, away from it. However, distance-
based algorithms don’t take into account the changes of local den-
sity, so distance-based algorithms can only detect the global out-
liers, fail to detect the local outliers. The density-based methods
can solve this problem well. Many density-based outlier detection
algorithms have been proposed, such as LOF [12], INFLO [13] and
INS [14].

However, all of the above outlier detection algorithms only re-
gard the outlier as a single point that deviates from a certain clus-
ter. Therefore, in order to analyze the outliers, researchers must
further process these outliers after outlier detection, such as paper
[15] does. In order to solve the problem of outlier cluster, many
cluster-based outlier detection algorithms are proposed. However,
although cluster-based outlier detection algorithm can detect the
outlier clusters, these methods need too many parameters. For in-
stance, Duan et al. proposed a cluster-based outlier detection algo-
rithm (CBOF) [20] need four parameters. In order to solve the pa-
rameter selection problem, A non-parameter outlier detection algo-
rithm called NOF based on Natural Neighbor is proposed in paper
[16]. Nonetheless, almost all of the existing outlier detection algo-
rithms, even NOF, must need a parameter n to specify the number
of the outliers or « that the percentage of outliers in a dataset,
which is known as the top-n problem. However, it is well known
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that researchers are hard to know the number of outliers contained
in a dataset.

In order to overcome these above mentioned problems, we pro-
pose a novel outlier cluster detection algorithm called ROCF which
does not require the top-n parameter. Firstly, we propose a pre-
liminary clustering algorithm that is devoted to outlier cluster de-
tection based on MUtual Neighbors Graph (MUNG) constructed by
connecting each point to its mutual neighbors. After that, we pro-
pose an outlier cluster detection approach based on the idea that
the size of outlier clusters is usually much smaller than the nor-
mal clusters. Then we detect which clusters are outlier clusters
via Decision Graph instead of parameter n or o by manually set.
We also figure out the outlier rate of database, finally output the
outliers and outlier clusters. Therefore the proposed algorithm can
detect outliers and outlier clusters. Moreover, although ROCF need
parameter k, the number of neighbors, to construct mutual neigh-
bor graph, ROCF doesn’t need parameter n or o.

The paper is organized as follows. In Section 2, we present the
existing definition and our motivation. In Section 3, the proposed
outlier clusters detection algorithm and its related definitions will
be described in detail. In Section 4, a performance evaluation is
made and the results are analyzed. Section 5 concludes this paper.

2. Related work

As a primary method of data mining and data analysis, outlier
detection get more and more attentions. A lot of outlier detec-
tion algorithms have been proposed. However, most of the exist-
ing outlier detection algorithms are hard to detect the outlier clus-
ters, such as distribution-based, depth-based, distance-based and
density-based algorithms. Cluster-based algorithms can solve this
problem well, and many cluster-based outlier detection algorithms
have been proposed. OFP [17], FindOut [18], FindCBLOF [19] and
CBOF [20] are the representative cluster-based outlier detection al-
gorithms. Recently some cluster-based outlier detection algorithms
were proposed as well. For example, Min et al. [21] proposed an
efficient outlier detection algorithm based on data clustering over
massive data, and Jobe et al. [22] proposed a cluster-based outlier
detection scheme for multivariate data.

In the following contents, we will briefly introduce the con-
cept of CBOF. To compute cluster based outlier factor of point p,
denoted as CBOF(p), CBOF must cluster the datasets firstly. There-
fore, CBOF needs a clustering algorithm, and LDBSCAN [23] is used
in CBOF. LDBSCAN computes the local outlier factor (LOF) of each
point of dataset firstly, then defines the core point, as the following
definition.

Definition 1. (Core point): A point p is a core point w.r.t. LOFUB if
LOF(p) < LOFUB.

Here, LOFUB is a parameter which should be manually set. If
LOF(p) is small enough, it means that point p is not an outlier and
must belong to a cluster. Therefore, it can be regarded as a core
point. Then LDBSCAN continues to extend from Core point until all
of the points are visited. After clustering the datasets, CBOF finds
the boundary between normal and abnormal clusters.

Definition 2. (Upper bound of the cluster-based outlier): Suppose
D is the dataset, and C = {C1,C,, ..., G} is the set of clusters in the
sequence that |C;| > |G| > ... > |C,|. Given parameter alpha, the
value of UBCBO is i if (|C;|+ |G| +... 4 |Cl(_1)) = |D| * alpha and
(IGI +ICl2 + ... +[Cli—2)) < |D| x alpha.

For example, if alpha is set to 90%, we intend to regard clus-
ters which contain 90% of data points as normal clusters, and the
others are abnormal clusters.

Definition 3. (Cluster-based outlier): Let C;, G, ..., G, be the clus-
ters of the database D discovered by LDBSCAN. Cluster-based out-
liers are the clusters in which the number of the objects is no
more than |Cypcpol-

After discovering the cluster-based outliers, CBOF also computes
the cluster-based outlier factor as follows.

Definition 4. (Distance between two clusters): Let C;, C; be the
clusters of the database D. The distance between C; and G, is de-
fined as

dist (Cy, G;) = min{dist(p, q)|p € C1,q € G} (1)

Definition 5. (Cluster-based outlier factor): Let C; be a cluster-
based outlier and C, be the nearest non-outlier of C;. The cluster-
based outlier factor of C; is defined as

Ird(p;)
G|

CBOF (Cy) = |Gy| = dist (Cy, Cp) * )
pieC;

(2)

Here, |C| is the number of the objects in C Ird(p;) is the local
reachability density of p;. The outlier factor of cluster C; captures
the degree to which we call C; an outlier cluster.

Though above definitions and analysis, we can see that the
computation of CBOF is based on the clustering result. Therefore,
once the result of clustering is undesirable, the CBOF(p) is unrep-
resentative, which lead to the result of outliers detecting is un-
desirable. Moreover, there are too many parameters in CBOF. The
first step of CBOF needs three parameters (k, pct and LOFUB) to
cluster the database. Then CBOF also need parameter alpha to dis-
covery the cluster-based outliers. However, it is well known that
these parameters are hard to set by researchers.

In this paper, we propose a novel outlier cluster detection al-
gorithm called ROCF. First, ROCF briefly clusters the dataset via
constructing Mutual Neighbors Graph, then constructs the Decision
Graph. Finally, ROCF detects out the outliers and outlier clusters
though Decision Graphs instead of parameter n or «. The detailed
introduction will be made in the following section.

3. The proposed algorithm

In this section, the proposed algorithm (ROCF), and its related
concept will be introduced in detail. Let D be a database, p and ¢
be some objects in D, and k be a positive integer to indicate the
number of neighbors of each object.

Definition 6. (Mutual Neighbor (MN)): If p is the neighbor of q,
and q is the neighbor of p at the same time. Then we call p is a
Mutual Neighbor of q, and similarly, q is a Mutual Neighbor of p.

Definition 7. (MUtual Neighbor Graph (MUNG)): MUtual Neighbor
Graph can be constructed by connecting each point to its mutual
neighbors.

Note that the number of neighbors of each point is k. However,
it is possible that different points have different numbers of mu-
tual neighbors. As shown in Fig. 1, point A that lies in the dense
region possesses more mutual neighbors than points that lies in
the sparse region. Moreover, point B is a local outlier and does not
have any mutual neighbors. In addition, from Fig. 1, we can see
that the number of mutual neighbors of some points, such as point
A, will rise up with the value of k increasing. However the num-
bers of mutual neighbor of some points, such as point B and the
three points located to the right of B, is unchanged. The reason is
that point B is a local outlier, and these three points form a outlier
cluster that will be defined in Definition 10.

In order to detect out the outlier clusters, we first need to clus-
ter the datasets. From Fig. 1, we can see that MUNG has roughly
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Fig. 1. The example of Mutual Neighbors (k = 3, 4).

clustered the datasets. Therefore, in this paper, we propose a rough
clustering algorithm that is devoted to detect the outliers and out-
lier clusters based on MUNG, as shown in Algorithm 1.

Algorithm 1 RoughlyCluster(D,k).
e Output: The rough clustering results C = {C;, G, ..., Gy}

(1) Constructing the Mutual Neighbor Graph; n=1;
(2) Randomly select an object x; visited(x)=true; G, = C; U MN(x);
(3) while exist y € C; and visited(y) # true
a. then visited(y) = true; C; = G UMN(y);
(4) if exist z € D and visited(z) # true then n=n+1; goto Step2;

In fact, some clustering algorithms that based on mutual
neighbor graph have been proposed. For example, in paper [25],
M.R. et al. proposed a clustering and outlier detection algo-
rithm (CMKNNG) based on the Connectivity of the Mutual K-
Nearest-Neighbor Graph. The Mutual K-Nearest-Neighbor Graph of
CMKNNG needs to be connected while the mutual neighbor graph
of Algorithm 1 does not. Moreover, the clustering procedure of
Algorithm 1 is simpler than CMKNNG. It is important to note that
the clustering results of Algorithm 1 are not necessarily right. A
large complex manifold cluster may be divided into two or more
than two clusters by Algorithm 1, when the parameter k is set to
a small value. However, this result does not influence outlier clus-
ter detection. Since once a cluster is normal, even it comes from
a large cluster, the size of this cluster must be much bigger than
outlier cluster.

In this paper, after clustering the datasets, we propose a novel
outlier cluster detection algorithm (ROCF) based on the idea that
the size of outlier clusters is usually much smaller than the normal
clusters. For example, consider the 2d data set in Fig. 2. There are
four clusters in this figure, C;(20), C3(30), C5(300) and C4(10000).
Obviously, C; and C, should be regarded as outlier clusters.

Definition 8. (Transition Level (TL)): Suppose C = {C;,C,, ..., Gy} is
the set of clusters in the sequence that |G| < |CG;| < ... < |Gy]. The
Transition Level of C;, denoted as TL(C;), is defined as the ratio of
the size of G;,; and the size of C;. The formulation as the following
equation.

G

TLE) = T

i=12,..

n-1 (3)
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Fig. 2. The example data of normal clusters and outlier clusters.

Based on the above definition, in Fig. 2, we can obtain that
TL(C;) = 1.5, TL(G) = 10 and TL(C3) = 33.3. The size of C, is the
maximum. Therefore, it is impossible that C,4 is outlier cluster. We
can see that the value of TL(C,) is much larger than TL(C;). How-
ever, a large value of TL(C;) does not definitely means that C; is
outlier cluster. For example, TL(C3) is the largest, but C3 is not an
outlier cluster. Hence, we define the Relative Outlier Cluster Fac-
tor(ROCF) as the following definition.

Definition 9. (Relative Outlier Cluster Factor (ROCF)): The relative
outlier cluster factor of cluster C;, denoted as ROCF(C;), is defined
as follows.

(G) [Ciy1l

ROCF(C)=1—-¢ Gl =1-¢ 67,

i=1,2,....n-1 (4)

The range of ROCF((;) is (0,1). A high value of ROCF((;) indicates
that C;, Gy, ..., G are good candidates for outlier clusters. Note that
ROCF(G;) is relative to G ;. Fig. 3 shows the Decision Graph(DG) of
the dataset in Fig. 2. From Fig. 3, we can obviously find that C;
and G, are outlier clusters. And the outlier clusters is defined as
the follow definition.

Definition 10. (Outlier Clusters): Let C1,G,, ..., Cy, be the clus-
ters of the database D discovered by Algorithm 1. If ROCF(Cp) =
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Fig. 3. The Decision Graph of the example data.

max{ROCF (G;)} and ROCF(C,) > 0.1, then Cy,Gy, ..
clusters.

.,Cp are Outlier

Note that the value scope of b is [0,n-1]. The proposed algo-
rithm ROCF presumes that the largest cluster C, must be a nor-
mal cluster. The definition of outlier clusters is applied to any
dataset that contains outlier clusters. If all of clusters, discovered
by Algorithm 1, are normal clusters, then the value of b is equal
to 0, and the change of ROCF is very little and the value of ROCF
is small. Through a number of experiments, generally, we find that
the value of b is less than 0.1 or even smaller when all clusters in
a dataset are normal. Because, if ROCF(C},) < 0.1, then we can prove
that |Cy,11/1Cy|?> < 0.1. |Cp111/ICp|? < 0.1 implies that the change of
size from Cp to Cp,q is little. Therefore, we think that there are
no outlier clusters when ROCF(C,) < 0.1. As shown in Fig. 4.b, for
instance, we can see that the original dataset includes some scat-
tered outliers, but don’t contains outlier clusters. So, from Fig. 4.a,
we can see that the value of ROCF of all clusters is small (smaller
than 0.04) and not much changes. Thus we can judge whether

0121

0.1F

0.06 [
0.04 -

0.02

(a) The Decision Graph

a database contains outlier clusters and detect out these outlier
clusters via Decision Graph. The outliers, marked as red color in
Fig. 4.b, don’t assigned to any cluster when clustering the database
using Algorithm 1. So RCOF can detect the scattered outliers too.

Definition 11. (Outlier Rate): Let Cq,Cy,...,C; be the clusters of
dataset D discovered by Algorithm 1, and C;,G,, ..., G, be Outlier
clusters. Then the Outlier Rate(OR) of dataset D is defined as the
following equation.

b G

OR=1-
DI

(5)

OR is the percentage of outliers and outlier clusters in a
database. The significance of OR is that it can be used in any out-
lier detection algorithm. In other words, all of the existing outlier
detection algorithms need the parameter « or n, but the value of
o or n is hard to set by researchers. Now, the value of @ or n that
needed by the other outlier detection algorithm can be set equal
to the value of OR.

Based on the above concept and definitions, we propose a novel
outlier clusters detection algorithm(ROCF) without top-n parame-
ter, as shown in Algorithm 2.

In algorithm ROCF, C = {Cy, Gy, !*, Gy} is the rough clustering re-
sult discovered by Algorithm 1. Parameter k is number of neigh-
bors of each point same as in Algorithm 1. So, indeed, after clus-
tering the datasets, ROCF doesn’'t need any parameters when de-
tecting the outlier clusters.

The proposed algorithm ROCF first uses Algorithm 1 to roughly
cluster the dataset, and Then comparing the size of each cluster
with k. If the size of C; is smaller than k, then C; is marked as
outlier cluster and deleted from C, so ROCF can detect the iso-
lated outliers. Afterwards, the proposed algorithm computing the
ROCF of clusters which still remain in C and construct the Deci-
sion Graph. At last, ROCF finds the boundary b between outlier
clusters and normal clusters via Decision Graph, and outputs the
outlier clusters OC = {Cy,C,, ..., Cp}. In this way, ROCF can not only
detect the isolated outleirs, but also the outlier clusters. Moreover,
the greatest strength of ROCF is that ROCF doesn’t need parameter
nor «.
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(b) The detection result

Fig. 4. The instance that no outlier clusters.
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Algorithm 2 ROCF(C k).
\\C = {Clv C2a EER Cn}

e Output: OC = {C1, G, ...,G} \\b=0,1,2,..,n-1

(1) for VG c C
a. if size(G;) < k then C; is marked as outlier cluster and delete
C; from C;
(2) fori=1:size(C) -1,

G
a. TLG) =

TL(G;)
b. ROCF(G)=1—-¢ G ;

(3) Construct and display the Decision Graph.

(4) Find the value of b that ROCF (C,) = max{ROCF (C;)}.
a. if ROCF(Cp) < 0.1 then b=0;

n ;
(5) Compute the value of OR=1 — Z"%]‘C".
(6) Output OR and the outlier clusters OC = {Cy, Gy, ..., Cp}.

4. Performance evaluation

In order to show the effectiveness of the proposed method, per-
formance evaluation based on both synthetic datasets and real-
world datasets is conducted. In the experiment, we compared our
method with two representative approaches (LOF and CBOF), since
almost all of the existing outlier detection algorithms face the top-
n problem.

4.1. Metrics for measurement

For performance evaluation of the algorithms, we use two met-
rics, namely Recall and Precision [24], to evaluate the detection re-
sults. Let PN be the number of the true outliers that dataset D con-
tains. Let TP be the number of instances that are correctly classified
as outliers by an algorithm, and FP be the number of instances that
are wrongly classified as outliers. Then the Recall (Re) and Preci-
sion (Pr) are defined as follows.

TP

Re = PN (6)
TP

Pr=1p1Fp )

The possible maximum value of Re and Pr is 1, and the possible
minimum value of Re and Pr is 0. The bigger the value of Re and
Pr is, the better the results of outlier detection are.

4.2. Synthetic examples

We first conduct comparison experiments based on three syn-
thetic datasets. Fig. 5 shows the three original datasets. Synthetic
dataset D1, taken from paper [14], contains different degrees of
cluster density and size, and some sparse outliers. D2, taken from
paper [14], contains various cluster patterns and some dense out-
liers. D3 contains one normal cluster and three small outlier clus-
ters. In agreement with the previous results, the outlier or outlier
clusters detected by each method are colored red in the following
experiments. Note that the value of parameter alpha of CBOF is the
rate of normal objects.

The experimental results on D1 are shown in Fig. 6. A total of
1641 objects are included in D1, of which 45 objects are outliers
or outlier clusters. In the experiment of LOF, we set the value of
top-n = 45. Thus, the experimental result of LOF on D1 is good,
and the value of Re and Pr is 0.93, as shown in Table 1. How-
ever, if the value of top-n is smaller (bigger) than 45, the value
of Pr(Re) is improved while the value of Re(Pr) becomes lower. The
experimental result of CBOF is not as good as LOF. Because some
outliers are clustered into the sparse cluster during clustering, so
these outliers can not be detected. Although Pr =1, the value of
Re of CBOF is the lowest(0.24). In order to improve Re of CBOF,
we set alpha = 0.85. But the value of Pr becomes undesirable, only
0.19. As shown in Fig. 6.c, we obtain the boundary b that ROCF(b)
is the maximum via Decision Graph. Here b = 2 means that there
are two outlier clusters. Then output the outliers and outlier clus-
ters as shown in Fig. 6.d. The values of Re and Pr of ROCF are
0.933 and 1. The greatest strength is that the OR of D1, obtained
by ROCF algorithm, is 0.026, which is very close to the real out-
lier rate (0.027). So ROCF algorithm solves the top-n problem via
constructing the Decision Graph.

The experimental results on D2 are shown in Fig. 7. A total of
879 objects are included in D2, of which 79 objects are outliers or
outlier clusters. As shown in Fig. 7.a, we set top-n = 50 for LOF.
The real outliers of D2 is 79 that we don’t know previously. There-
fore the results of LOF is undesirable, and the value of Re is only
0.63, as shown in Table 2. However, if we set the value of top-n
with correct value, the result of LOF is well (Re = 0.93, Pr = 0.93).
As the experiment on D1, if the value of top-n is larger than the
number (79) of real outliers, the value of Pr becomes lower (0.77).
As shown in Fig 7.b, we set alpha = 0.9 of CBOF. CBOF algorithm
detect out 87 outliers that 12 normal objects are mistakenly re-
garded as outliers. The value of Re of CBOF is 0.95, while the value
of Pris only 0.86. As same as experiment on D1, we first construct
the Decision Graph of D2, then find the boundary b between nor-
mal clusters and outlier clusters via Decision Graph. Here the value
of b is 2. So D2 is detected out two outlier cluster by ROCF al-
gorithm. Finally, output the outlier detecting results of ROCF al-
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Fig. 5. The original datasets.
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Fig. 7. Detection results and Decision Graph of D2.

gorithm that shown in Fig 7.d, ROCF detect out 74 outliers. The
value of Re and Pr are 0.94. Although the Re of ROCF is lower than
CBOF, ROCF doesn’t need the top-n parameter that CBOF needed,
and the Pr of ROCF is higher than CBOF. Moreover, ROCF can adap-
tively compute the OR = 0.085 that is very close to the real outlier
rate (0.090) of D2.

The experimental results on D3 are shown in Fig. 8. A total of
254 objects are included in D3, of which 20 objects are outliers or
outlier clusters. From the result shown in Fig. 8.a, we set parame-
ter top-n = 30 for LOF, we can see that some normal objects are
detected as outliers. Moreover, since mistaken value of top-n pa-
rameter, although the Re of LOF is 0.9, the Pr of LOF is low, only
0.57, as shown in Table 3. Even the value of top-n is 20 that the
correct value, the Pr is only 0.70. If the value of top-n becomes
smaller (10) than 20, the value of Re would become smaller (0.35).
So, through the above analysis, we can conclude that LOF is not
applicable to detect the outlier clusters. As shown in Fig. 8.b, the
result of CBOF is better than LOF. CBOF algorithm correctly detect
out the four outlier clusters. However, CBOF still mistakenly re-

gard some normal objects as outliers. Therefore, the value of Re
of CBOF is 1 while the value of Pr of CBOF is only 0.87. As same
as the above two experiments, we first find the value of boundary
b between normal clusters and outlier clusters via Decision Graph,
shown in Fig. 8.c. Here the value of b is 4. So D3 is detected out 4
outlier clusters by RCOF algorithm. Finally output the experimental
result that shown in Fig. 8.d. The greatest strength is that the value
of Re and Pr of ROCF are the highest, equal 1, and the OR = 0.079
that obtained by ROCF equal to the value of real outlier rate (0.079)
of D3.

4.3. Real data examples

We also applied the proposed method to real-world datasets
(Iris) that obtained from the University of California, Irvine (UCI)
machine learning repository. The iris datasets contains 150 ob-
jects that are grouped into 3 classes (“setosa”, “versicolor” and
“virginica”). In this experiment, we select “setosa” class as nor-
mal cluster and respectively select 10 objects from “versicolor” and
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Fig. 8. Detection results and Decision Graph of D3.
Table 3
Recall and Precision of the three methods experiment on D3.
LOF CBOF ROCF
k n Re Pr k alpha Re Pr k OR Re Pr
10 10 0.35 0.70 5 0.99 1 0.87
20 0.70 0.70 0.90 1 0.87 5 0.079 1 1
30 0.90 0.57 0.85 1 0.87

“virginica” classes as two small outlier clusters. So, in this real-
world-datasets experiment, the real datasets contains 70 objects
that consist of one normal cluster (50 objects) and two small out-
lier clusters. Each small outlier cluster contains 10 objects and each
objects is 4 dimensions.

The experimental results are shown in Table 4. From the results
of Table 4, we can see that Re = 0.25 and Pr = 0.5 of LOF when
top-n = 10 that smaller than the real number of outliers. Although
the Re and Pr of LOF are both improved when top-n = 20, the
value of Re and Pr is still only 0.70. If we further increase the value
of top-n(30), though the value of Re is 1, the value of Pr of LOF is
decreased to 0.67. This result further demonstrate that LOF is not
applicable to detect the outlier clusters. The result of CBOF shows

that Re =0 and Pr = 0 when alpha = 0.9 and 0.8. However, when
alpha = 0.68 means that outlier rate is equal to OR(0.32), the value
of Re is 1 and Pr is 0.95. But we know that the value of alpha is
very difficult to know in advance. As same as the experiment on
Synthetic datasets, ROCF first construct the Decision Graph shown
in Fig. 9. Then ROCF find the largest value of ROCF(C},) that b is
the boundary between normal clusters and outlier clusters. Here
b = 2 means that ROCF algorithm successfully detect out two out-
lier clusters. Moreover, the value of OR that obtained by ROCF is
0.32 that very close to the value(0.29) of real outlier rate of the
dataset. The Re (1) and Pr (0.5) of ROCF are the maximum value in
this experiment.
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Table 4
Recall and Precision of the three methods experiment on Iris.
LOF CBOF ROCF
k n Re Pr k alpha Re Pr k OR Re Pr
20 10 0.25 0.50 8 0.90 0 0
20 0.70 0.70 0.80 0 0 9 0.32 1 0.95
30 1 0.67 0.68 1 0.95
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Fig. 9. The Decision Graph of Iris.

5. Conclusions

In this study, we propose a novel outlier cluster detection algo-
rithm(ROCF) without top-n parameter. The proposed outlier detec-
tion algorithm is cluster-based, so ROCF can detect the outlier clus-
ters that are hard to detect out by other distance-based or density-
based outlier detection algorithms, such as LOF. Unlike most of
cluster-based outlier detection algorithms that need many param-
eters, ROCF only need one parameter k to indicate the number of
neighbors. Moreover, ROCF can automatically figure out the outlier
rate of a dataset via constructing the Decision Graph. Therefore,
the proposed algorithm can detect the outliers and outlier clusters
without parameter top-n («) to specify the number of outliers, or
the percentage of outliers in a database. Through the above ex-
perimental analysis, we confirmed that the proposed method can
accurately detect outliers and outlier clusters without parameter
top-n, and automatically figure out the value of outlier rate of the
datasets.
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