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a b s t r a c t

Outlier detection is an important task in data mining with numerous applications, including credit card fraud

detection, video surveillance, etc. Although many Outlier detection algorithm have been proposed. However,

for most of these algorithms faced a serious problem that it is very difficult to select an appropriate param-

eter when they run on a dataset. In this paper we use the method of Natural Neighbor to adaptively obtain

the parameter, named Natural Value. We also propose a novel notion that Natural Outlier Factor (NOF) to

measure the outliers and provide the algorithm based on Natural Neighbor (NaN) that does not require any

parameters to compute the NOF of the objects in the database. The formal analysis and experiments show

that this method can achieve good performance in outlier detection.

© 2015 Elsevier B.V. All rights reserved.
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. Introduction

Outlier detection is an important data mining activity with nu-

erous applications, including credit card fraud detection, discov-

ry of criminal activities in electronic commerce, video surveillance,

eather prediction, and pharmaceutical research [1–9].

An outlier is an observation that deviates so much from other

bservations so that it arouses that it is generated by a different

echanism [8]. At present, the studies on outlier detection is very

ctive. Many outlier detection algorithms have been proposed. Out-

ier detection algorithm can be roughly divided into distribution-

ased, depth-based, distance-based, clustering-based and density-

ased act.

In distribution-based methods, the observations that deviate

rom a standard distribution are considered as outliers [7]. But

istribution-based methods not applicable to dataset that multi-

imensional or the distribution unknown. The depth-based [10,11]

ethods can improve this problem. Depth-based methods relies on

he computation of different layers of k–d convex hulls. In this way,

utliers are objects in the outer layer of these hulls. However, the ef-

ciency of depth-based algorithms is low on 4-dimensional or more

han 4-dimensional dataset. In clustering-based methods, the out-

iers are by-products of clustering, such as DBSCAN [12], CLARANS

13], CHAMELEON [14], BIRCH [15], and CURE [16]. But the target of

lustering-based methods is finding clusters, not detecting outliers,

o the efficiency of detecting outliers is low too.

The distance-based algorithms was widely used for the effec-

iveness and simplification. In paper [4], a distance-based outlier is
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escribed as the object that with pct% of the objects in database

aving a distance of more than dmin away from it. However, since

istance-based algorithms do not take into account the changes of

ocal density, so distance-based algorithms can only detect the global

utliers, fail to detect the local outliers.

The local outliers have received much attention recently. The

ensity-based methods can solve this problem well. And many

ensity-based outlier detection algorithms have been proposed. In

aper [17], authors define the concept of a local outlier factor (LOF)

hat a measure of outlier degree in density between an object and

ts neighborhood objects. The article [18] made an improved on LOF

nd proposed an outlier detection algorithm, which defined the influ-

nced outlierness (INFLO) computed by considering both neighbors

nd reverse neighbors as the outlier degree. This results in a mean-

ngful outlier detection.

Given our motivation, through the above analysis, although the

ensity-based methods can solve problem of local outliers well,

ensity-based methods face the same problem that parameter se-

ection as the first four methods. All of these algorithms almost can-

ot effectively detect the outliers without appropriate parameter. In

ther words, most of these algorithms have high dependency to the

arameter. Once the parameter changed, the result of outlier detect-

ng would have obvious difference. So the selection of parameter

s very important for outlier detection algorithm. In fact, however,

etermination of parameter is dependent on the knowledge of re-

earcher’s experience and a lot of experiment. For example, it is dif-

cult to select an appropriate parameter k that the number of neigh-

ors when use LOF or INFLO to detect the outlier on database.

More detailed analysis of the problem with existing approaches

an be available in paper [19]. Paper [19] also propose a new out-

iers detection algorithm (INS) using the instability factor. INS is

http://dx.doi.org/10.1016/j.knosys.2015.10.014
http://www.ScienceDirect.com
http://www.elsevier.com/locate/knosys
http://crossmark.crossref.org/dialog/?doi=10.1016/j.knosys.2015.10.014&domain=pdf
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insensitive to the parameterk when the value of k is large as shown

in Fig. 7(c). However, the cost is that the accuracy is low when the ac-

curacy stabilized. Moreover INS hardly find a properly parameter to

detect the local outliers and global outliers simultaneously. In other

words, when the value of k is well to detect the global outliers, the

effect on local outliers detection is bad, and vice versa.

In this paper, in order to solve the above problem, we first intro-

duce a novel concept of neighbor named Natural Neighbor (NaN) and

its search algorithm (NaN-Searching). Then we obtain the number

of neighbors, the value of parameter k, use the NaN-Searching algo-

rithm. We also define a new concept of Natural Influence Space (NIS)

and Natural Neighbor Graph (NNG), and compute the Natural Outlier

Factor (NOF). The bigger the value of NOF is, the greater the possibil-

ity of object is outlier.

The paper is organized as follows. In Section 2, we present the ex-

isting definition and our motivation. In Section 3, properties of Natu-

ral Neighbor are introduced. In Section 4, we propose a outlier detec-

tion algorithm based on Natural Neighbor. In Section 5, a performance

evaluation is made and the results are analyzed. Section 6 concludes

the paper.

2. Related work

In this section, we will briefly introduce concept of LOF and INS.

LOF is a famous density-based outlier detection algorithm. And INS

is a novel outlier detection algorithm proposed in 2014. Interested

readers are referred to papers [17] and [19].

Let D be a database, p, q, and o be some objects in D, and k be a pos-

itive integer. We use d(p,q) to denote the Euclidean distance between

objects p and q.

Definition 1 (k-distance and nearest neighborhood of p). The

k-distance of p, denoted as kdist(p), is the distance d(p,o) between p

and o in D, such that:

(1) For at least k objects o′ ∈ D/{p} is holds that d(p, o′) <= d(p, o),
and

(2) For at most (k − 1) objects o′ ∈ D/{p} it holds that d(o, o′) < d(p,

o)

The kdist(p) can reflect the density of the object p. The smaller

kdist(p) is, the much denser the area around p is.

Definition 2 (K-Nearest neighborhood). The k-nearest neighborhood

of p, NNk(p) is a set of objects X in D with d(p, X) <= kdist(p):

NNk(p) = {X ∈ D/{p}|d(p, X) <= kdist(p)}.

Note that the number of objects in k-nearest neighborhood of p

may be more than k. In other words, there may be more than k objects

within NNk(p).

Definition 3 (Reachability distance of p w.r.t object o). The reachabil-

ity distance of object p with respect to object o is defined as follows:

reach − distk(p, o) = max{k − distance(o), d(p, o)} (1)

Definition 4 (Local reachability density of p). The local reachability

density of an object p is the inverse of the average reachability dis-

tance from the k-nearest-neighbors of p. This is defined as follows:

lrdk(p) = 1

/∑
o∈NNk(p) reach − distk(p, o)

|NNk(p)| (2)

Essentially, the local reachability density of an object p is the re-

ciprocal of the average distance between p and the objects in its k-

neighborhood. Based on local reachability density, paper [17] defines

the local outlier factor as follows:

LOFk(p) =
∑

o∈NNk(p)
lrdk(o)
lrdk(p)

|NNk(p)| (3)
Obviously, LOF is the average of the ratios of the local reachabil-

ty density of p and p’s k-nearest-neighbors. We can think about it in

his way that LOF is the ratios of the local reachability density of p

nd the average local reachability density of p’s k-nearest-neighbors.

ntuitively, p’s local outlier factor will be very high if its local reacha-

ility density is much lower than those of its neighbors. In this way,

he bigger p’s local outlier factor is, the more likely p is outlier.

Although LOF has been used widely, there are some problem ex-

sted in it. It is the main problem that LOF is sensitive to parameters.

o solve this problem, paper [19] proposed a new algorithm (INS) us-

ng the instability factor. The follows are some briefly introduce to

NS.

efinition 5 (The k center of gravity). The k center of gravity of p is

efined as a centroid of the objects in NNk(p), which is given by

k(p) = 1

k + 1

∑
q∈NNk(p)

Xq (4)

here Xq = (xq1, xq2, !‘, xqd) is the coordinates of the object q ob-

erved in a d-dimensional space (under the assumption that the

pace is Euclidean).

Let i(p) denote the distance between mi(p) and m(i+1)(p), which

s defined by the following equation:

(p) = d(mi(p), m(i+1)(p)), i = 1, 2, . . . , k − 1 (5)

efinition 6 (Absolute difference). The absolute difference between

i(p) and θ(i+1)(p), denoted as �θ i(p), which is defined as:

θi(p) = |θi(p) − θ(i+1)(p)|, i = 1, 2, . . . , k − 2 (6)

efinition 7 (Instability factor). The instability factor, and INS(p,k)

re defined by the following equation:

NS(p, k) =
k−2∑
i=1

�θi(p) (7)

INS improve the problem that are sensitive to parameter. The

hanges of accuracy, using INS, were minor when the parameter is

hanged. And INS can be flexibly used for both local and global de-

ection of outliers by controlling its parameter. But the accuracy is

ot high when the accuracy stabilized. Moreover INS hardly find a

roperly parameter to detect the local outliers and global outliers si-

ultaneously.

Though above analysis, we know that LOF and INS have their own

dvantages and disadvantages. However, no matter LOF or INS, there

s a same problem that parameter selection. It is difficult to select an

ppropriate parameter k that the number of neighbors.

In order to solve the problem that parameter selection, we intro-

uce the concept of Natural Neighbor. Natural Neighbor can adap-

ively obtain the appropriate value of k that the number of neighbors

ithout any parameters. The outlier detection algorithm that we pro-

osed in this paper use the k as parameter to detect the outliers. In

he section that follows, a detailed introduction will be made to Nat-

ral Neighbor.

. Natural Neighbor and NOF algorithm

.1. NaN definition and algorithm

Natural Neighbor is a new concept of neighbor. The concept orig-

nates in the knowledge of the objective reality. The number of one’s

eal friends should be the number of how many people are taken him

r her as friends and he or she take them as friends at the same time.

or data objects, object y is one of the Natural Neighbor of object x if

bject x considers y to be a neighbor and y considers x to be a neigh-

or at the same time. In particular, data points lying in sparse region

hould have small number of neighbors, whereas data points lying in
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Fig. 1. Sparse and dense.
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ense region should have large number of neighbors. Here note that

sparse” and “ dense” is comparative. As shown in Fig. 1, y is sparser

han x, but y lies in a dense region relative to z.

The key idea of Natural Neighbor is that the object lying in sparse

egion should possess little energy, whereas object lying in dense

egion should possess higher power. The whole computational pro-

edure of Natural Neighbor can automatically fulfilled without any

arameters. If the formation of K-Nearest Neighbor is regarded as

n active neighbor searching procedure, then the forming of Natural

eighbor is completely passive.

The search cost of KNN and RNN for each object in the database is

uge. So we introduce the KD-tree into the Natural Neighbor search-

ng. Here we do not gave a detailed description of KD-tree. Detailed

escription can be found in paper [20]. The Natural Neighbor search-

ng algorithm as the Algorithm 1.

lgorithm 1 NaN-Searching(SetOfPoints) SetOfPoints is UNCLASSI-

IED.

1) Initializing: r = 1,Rnb(i) = 0, NNr(i) = ∅,RNNr(i) = ∅,NaN(i)=∅

2) kdtree=creatKDTree(SetOfPints) //create a KD-tree

3) Use kdtree to find the rth neighbor y for each data point x.

a. Rnb(y) = Rnb(y)+1

b. NNr(x) = NNr(x) ∪ {y}

c. RNNr(y) = RNNr(y) ∪ {x}

4) Compute the number of data point x that Rnb(x)=0

a. If the number does not changed for 3 times goto step 5

b. else

r = r + 1 and goto step 3

5) supk = r and output the max Rnb(i)

Rnb(i) is the times that point i is contained by the neighborhood of

ther points, which the number of i’s reverse neighbor. NNr(x) is the

-neighborhood. RNNr(y) is the r-reverse-neighborhood. supk is the

verage value of the number of each point’s neighbors, called Natural

igenvalue. The value size of supk to a certain stand the complexity

f the distribution of data objects. If the distribution of data objects

s regular or the size of dataset is small, the value of supk is small. On

he contrary, the value of supk will be corresponding increased. How-

ver, no matter how increased the value of supk is, the value is still

uch smaller than the size of dataset. Since KD-tree is introduced

nto NaN-Searching, the time complexity of NaN-searching algorithm

s O(N∗logN).N is the number of data in SetOfPoints.

efinition 8 (Natural Neighbor – NaN). Based on the Natural Neigh-

or searching algorithm, the following will be shown, if point x be-
ongs to the neighbors of point y and y belongs to the neighbors of

oint x, then x is called as y’s Natural Neighbor (NaN). In the same

ay, y is Natural Neighbor of x.

Compared with the published concept of neighbor that has been

sed widely [21], k-nearest neighbor proposed by Stevens [22], the

ain difference is that Natural Neighbor is a scale-free concept of

eighbor, the great advantage is that the search method of Natu-

al Neighbor is non-parameter. Scale-free means that the number of

eighbors for each object are not necessarily identical. However, the

umber of neighbors for each object are equal, the number is k, in the

oncept of k-nearest neighbor.

.2. Natural Neighborhood Graph

Through the above NaN-Searching algorithm, we can obtain two

igenvalue Rnb(i) and supk. Therefore, we can define different neigh-

orhood graph by connected to each point in a different way, as the

ollowing definition.

efinition 9 (NNG). Natural Neighborhood Graph (NNG) which can

e comprised by connecting each point i to its natural neighbors.

efinition 10 (MNG). Maximum Neighborhood Graph (MNG) which

an be comprised by connecting each point to its max{Rnb(i)} nearest

eighbors.

It is possible that different point have different number of nat-

ral neighbors in NNG. It has to be noted that all points have the

ame number of neighbors similar to k-nn graph but k is the value

f max{Rnb(i)} in MNG. And the value of max{Rnb(i)}, named Natural

alue, is adaptively obtained by NaN-searching algorithm. Based on

NG, we propose a novel non-parameter outlier detection algorithm

etailed introduced in the following section.

.3. NOF related definition and algorithm

No matter density-based and distance-based approaches have

heir particular weakness, such as the low density patterns problem

nd the local density problem analyzed in paper [19]. In fact, many

ensity-based approaches can solve the problem of the above with

ppropriate parameters. So in this paper committed to find the ap-

ropriate parameter k using Natural Neighborhood search method

escribed in Section 3. In this section, we will introduce our new

easure and related properties.

efinition 11 (Natural Outlier). If the Rnb(i) remains zero after the

nd of Algorithm 1. Then, the point that remained Rnb(i)=0 is called

atural Outlier.

Through experiment we find that the number of points that

nb(i)=0 do not decreased as Algorithm 1 repeats a certain stage. The

oint that remained Rnb(i)=0 is Natural Outlier. In fact, the Natural

utlier of dataset must be the outlier of the dataset.

efinition 12 (Natural Influence Space). The Natural Influence Space

s defined as:

IS(p) = NNk(p) � RNNk(p), k = max (Rnb(i)) (8)

There must note that k is not a parameter that set artificially, but

he Natural Value. Therefore, there is non-paramete when obtain the

IS(p).

efinition 13 (Natural Outlier Factor). The Natural Outlier Factor

NOF) is defined as:

OF(p) =
∑

q∈NIS(p) lrdk(q)

|NIS(p)|∗lrdk(p)
, k = max (Rnb(i)) (9)

Based on the algorithm1, we propose a outlier detecting algorithm

ased on Natural Neighbor. The NOF algorithm will make use of the
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Fig. 2. Detection results of data1 by LOF, INS and NOF. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

Fig. 3. Detection results of data2 by LOF, INS and NOF. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
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MNG, explained in Definition 11, to detect outlier. The NOF algorithm

as Algorithm 2.

Algorithm 2 NOF-NAN(DataSet, n) //n is the number of output outlier.

• Output: top-n NOF of DataSet

(1) Using the NAN-searching algorithm to construct the MNG, and

obtain the k=max(Rnb(i)).

(2) Compute the k-distance for each point of DataSet.

(3) compute the local reachability density for each point of DataSet.

(4) compute the NOF for each point of DataSet.

(5) Sort the NOF(x) and output the top-n point.

As most recent studies of outlier detection have done, the pro-

posed method ranks outliers by scoring the degree of outlierness

(NOF). Therefore, n objects with the highest Natural Outlier Factor are

declared as outliers at the final step of the NOF algorithm. Unlike ex-

isting outlier detect algorithm that the value of parameter k must be

pre-determined, the value of parameter k of the proposed method is

obtained adaptively using Algorithm 1, which is one of its strengths.

The main cost of time is that obtaining the neighbors of each points

in Algorithm 1. Hence, thesame as Algorithm 1, the time complexity

of NOF is O(N∗logN).

4. Performance evaluation

4.1. Metrics for measurement

For performance evaluation of the algorithms, we use two met-

rics, namely Accuracy and Rank-Power [23], to evaluate the detection

results. Let N be the number of the true outliers that dataset D con-

tains. And let M be the number of the true outliers that detected by an

algorithm. In experiment, we detect out N most suspicious instances.
hen the Accuracy (Acc) is given by:

cc = M

N
(10)

If using a given detection method, true outliers occupy top posi-

ions with respect to the non-outliers among N suspicious instances,

hen the Rank-Power (RP) of the method is said to be high [24]. If n

enotes the number of outliers found within top N instances and Ri

enote the rank of the ith true outlier, then the RP is given by:

P = n(n + 1)

2
∑n

i=1 Ri

(11)

RP can obtain the maximum value 1 when all n true outliers are

ocated in top n positions. And larger values of these metrics imply

etter performance.

.2. Synthetic examples

In order to show the effectiveness of the proposed method and

he Natural Value obtained by the Natural Neighbor search method

n density-based approaches, comparative study based on five syn-

hetic datasets was conducted. These five synthetic datasets, taken

rom [19], contain various cluster patterns, different degrees of clus-

er density, and different cluster sizes in order to evaluate the NOF

ethod in a harsh testing environment. We compared the perfor-

ance of our method with those two existing approaches (the LOF

nd the INS). In agreement with the previous results, the objects with

he highest oulierness scores by each method are colored red in fol-

ow experiments.

Figs. 2–6 show the outlier detection results of the three methods.

here must be noted that the value of parameter K is Natural Value

NV), marked in red in Table 1, that obtained by Algorithm 1, not arti-

cially set, in this experiment. Fig. 2 shows the results of the three



J. Huang et al. / Knowledge-Based Systems 92 (2016) 71–77 75

Fig. 4. Detection results of data3 by LOF, INS and NOF. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

Fig. 5. Detection results of data4 by LOF, INS and NOF.

Fig. 6. Detection results of data5 by LOF, INS and NOF. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
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pproaches on data1. This dataset consists of two clusters, one is

ense, another is sparse. A total of 1050 objects are included in data1,

f which 41 objects are outliers. The results of LOF and NOF are simi-

ar, and outperforms the INS on local outlier detection on data1. INS is

ailed to detect the local outliers that located in the red circle. How-

ver, from the results of Fig. 7a, we can see that the accuracies of LOF

nd INS are very close to the highest that they can get, and NOF is the

est, when the value of parameter k is assigned Natural Value (k =
0).

Data2 consists of 1000 objects, four formal clusters and 85 out-

iers, as shown in Fig. 3. From the results, shown in Fig. 3, we can see

hat the global outliers detection effect of NOF is poor than INS , but

etter than LOF. However, the effect of LOF and NOF is better than

NS in local outliers detection(some local outlier was marked in the

ed square). So the accuracy of NOF is highest among the three meth-

ds when the value of parameter k is assigned Natural Value (k = 17).

ut, as shown in Fig. 7b, the accuracy of LOF and INS is close to the
ighest too, when the value of parameter k is assigned Natural Value

k = 17).

Data3 shown in Fig. 4 involves a local density problem. A total of

641 objects are included in this dataset, and 45 objects are supposed

o be outliers. The result of INS is the worst of the three methods. INS

rroneously detect the normal points that are located in black square

s ouliters, and some real outliers that are located in red square can-

ot be detected. Although some real outliers cannot be detected by

OF and NOF too, the effect of LOF and NOF is obviously better than

NS. As shown in Fig. 7c, we can see that the accuracy of NOF and LOF

s higher than INS. Yet despite all, the accuracy of LOF and INS is close

o the highest too, when the value of parameter k is assigned Natural

alue (k = 13).

Data4 shown in Fig. 5 involves a low density patterns problem. A

otal of 880 objects are included in this dataset and 72 objects are

utliers. From the results, shown in Fig. 5, we can see that the results

or the three methods are almost identical. This further proved the
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Fig. 7. Detection accuracies of the three detection methods over a range of k values.

Table 1

Performance of the synthetic dataset.

Database N K LOF INS NOF

Acc RP Acc RP NV Acc RP

Data1 41 10 0.85 0.97 0.93 0.99 20 0.98 1

20 0.95 1 0.93 0.99

50 0.85 0.98 0.90 0.98

100 0.90 0.99 0.87 0.98

Data2 85 10 0.70 0.90 0.77 0.91 17 0.88 0.96

17 0.82 0.96 0.75 0.93

50 0.90 0.99 0.75 0.92

100 0.91 0.98 0.71 0.88

Data3 45 7 0.97 0.98 0.80 0.97 13 0.91 0.99

13 0.91 0.99 0.82 0.95

25 0.87 0.98 0.73 0.96

50 0.73 0.91 0.47 0.77

Data4 80 10 0.70 0.95 0.92 0.99 28 0.91 1

28 0.91 0.99 0.92 0.99

50 0.87 0.99 0.90 0.99

100 0.77 0.98 0.88 0.99

Data5 100 10 0.75 0.95 0.74 0.93 31 0.75 0.97

31 0.74 0.96 0.74 0.92

50 0.69 0.96 0.73 0.92

100 0.51 0.70 0.72 0.91
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effectiveness of Natural Value. As shown in Fig. 7d, the accuracy of

these three methods are almost identical too, when the value of pa-

rameter k is assigned Natural Value (k = 28). This result indicate that

Natural Value not only is available to NOF, but also is available to LOF

and NOF. It is possible that Natural Valuer is available to other outlier

detection algorithms.

As shown in Fig. 6, Data5 have low density patterns and different

degrees of clusters with manifolds. Data 5 consists of 1400 objects, of

which 100 objects are outliers. The result of INS is the worst one. INS

erroneously detect the points, located in the red square, that belong

to the cluster with manifold as outliers. The results of LOF and NOF is

almost identical. Furthermore, from the result of Fig. 7e, we can see

that the accuracy of LOF and INS is very close to highest, and the ac-
uracy of NOF is highest among these three methods when the value

f parameter k is assigned Natural Value (k = 31).

In order to strengthen the effectiveness of Natural Value. We also

ake an experiment on above five datasets, and plot the situation

hat accuracy changed with the value of k, shown in Fig. 7 and Table 1.

he results show that NOF has a good effect, shown in Figs. 2–6, on all

f the five datasets. As shown in Table 1, the Acc and RP of NOF is the

ighest, marked in red, for data1 and data3–5. Though the Acc and

P of NOF is not the highest for Data2, NOF does not need artificial

arameter and the Acc and RP of NOF are close to the best result,

arked in red, that is obtained by LOF when k = 50,100 that hard to

now in practical application. Moreover, no matter LOF or INS, use

atural Value as the value of parameter k, the experimental effect is

he best or close to the best of all the results. In other words, these

esults prove that Natural Value not only appropriate to NOF, but also

an be applied to LOF and INS.

.3. Real data examples

We also applied the proposed method to two real-world-datasets.

he wine dataset contains 113 objects that was group into 3 clusters.

he iris dataset contains 106 objects that were grouped into 3 clus-

ers too. Both datasets are obtained from the University of Califor-

ia, Irvine (UCI) machine learning repository. In this paper, we select

wo clusters among the three clusters as normal objects and select

objects from the remaining cluster as outliers. Since both of the

atasets are multi-dimensional, we employed principal component

nalysis for the purpose of visualization. Each dataset was plotted on

he space of two principal components. After computing the outlier-

ess scores using the three methods, we find out 6 suspicious objects

nd compute the ACC and RP. The results are shown in Table 2. From

he results of Table 2, we can see that the Natural Value is 20 and 15,

nd the Acc = 1 and RP = 1 of NOF is the highest for Wine and Iris

atasets. For Wine dataset, LOF can get the best result too, Acc = 1

nd RP = 1, when k = 50. But it must use more time than k = 20 (Nat-

ral Value). For Iris dataset, when the value of k is small the effect of

OF is bad, but the effect of INS is bad when the value of k is large.
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Table 2

Performance of the synthetic dataset.

Database N K LOF INS NOF

Acc RP Acc RP NV Acc RP

Wine 6 10 0.67 0.56 0.67 1 20 1 1

20 1 1 0.50 0.85

50 1 1 0.67 0.83

Iris 6 7 0.33 0.60 1 1 15 1 1

15 1 1 1 1

50 1 1 0.67 0.67
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[

[

o matter LOF or INS get the best results that Acc = 1 and RP = 1

hen the value of parameter(k) is Natural Value.

. Conclusions and further study

In this study, we propose a new density-based algorithm for out-

ier detection. The proposed method combine the concept of the Nat-

ral Neighbor and previous density-based methods. As the most of

he previous outlier detection methods, an object with a high out-

ierness scores is a promising candidate for an outlier. But unlike

he most of the previous outlier detection approaches, our method

s non-parametric. We use Algorithm 1 to adaptively obtain the value

f k, named Natural Value. Experimental results clearly indicate that

he effectiveness of the proposed method for both synthetic as well

s the real datasets (Wine and Iris). Moreover, In addition to the NOF,

atural Value can be used in other outlier detection algorithm such

s LOF and INS, and get nice results. Through the above analysis, we

onfirmed that the proposed method can accurately detects outliers

rom most patterns, and the proposed approach is non-parametric,

nd the Natural Value is applicable to other outlier detection meth-

ds. In order to further prove the effectiveness of Natural value, we

ill apply the Natural Value to more outliers detection and cluster-

ng algorithms in further studies.
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