Egyptian Informatics Journal 33 (2026) 100850

Contents lists available at ScienceDirect

Egyptian Informatics Journal

o %

ELSEVIER

journal homepage: www.sciencedirect.com

Full Length Article

Localized angle-based unsupervised outlier detection

Wei Zheng *¢, Lili Huang ™, Haigiang Liu®, Fa Zhu"®, Achyut Shankar ‘®, Imad Rida °®,
Davide Moroni

2 School of Computer Engineering, Jinling Institute of Technology, Nanjing 211169, PR China

Y College of Information Science and Technology & College of Artificial Intelligence, Nanjing Forestry University, 210034, PR China

¢ Jiangsu Key Laboratory of Data Science & Smart Software, Jinling Institute of Technology, Nanjing 211169, PR China

4 School of ComputerScience Engineeringand Technology, Bennett University, Greater Noida, 201310, UttarPradesh, India

€ Laboratoire Biomécanique et Bioingénierie UMR 7338, Centre de Recherches de Royallieu, Université de Technologie de Compiégne, Compiégne, France
f Institute of Information Science and Technologies *’A. Faedo”, National Research Council, Via G. Moruzzi 1, Pisa, Ttaly

ARTICLE INFO ABSTRACT

Keywords:

Unsupervised outlier detection
Influence set

Reverse nearest neighbor
K-nearest neighbors
Angle-based outlier detection

The angle-based outlier detection (ABOD) is proposed to tackle the “curse of dimensionality” that exists in
distance-related or density-related outlier detectors. However, ABOD may fail on multimodal datasets since it
only considers global information. Furthermore, ABOD needs to calculate the angles between difference vectors
from an instance to each pair of instances in the dataset except itself. Its time complexity reaches O (n°). In order
to address these two issues, this paper proposes localized angle-based outlier detection (LABOD) which first finds
the influence set, and then calculates the variance of angles between the difference vector from an instance to the
mean of its neighbors in the influence set and the difference vectors from the instance to its neighbors in the
influence set. The influence set consists of the nearest neighbor set and the reverse nearest neighbor set. Because
the variance is defined by the angles in a local region, the proposed method can overcome the drawbacks of
ABOD. The experiments performed on both synthetic and benchmark datasets demonstrate that LABOD is su-

perior to ABOD.

1. Introduction

As an important task in the community of data mining, outlier
detection is widely used in many fields, such as Email spam detection
[1], network intrusion or abnormal detection [2,3], medical diagnosis
[4,5], malware detection (Alabri & Mohammad 2023), video or hyper-
spectral image anomaly detection [6,7,8] and industrial damage
detection [9,10]. The aim of outlier detection is to identify the objects
that do not conform the major distribution [11]. These objects are
termed as outliers, anomalies or noises, which may be more important
and meaningful than others. For instance, we pay more attention to
minor patients in medical diagnosis and emergent events in smart
transportation. Outliers or noises also exist in keyword spotting [12],
video [13], neural network compressing [14,15] and large models [16].
The previous work about outlier detection can be categorized as unsu-
pervised, semi-supervised, and unsupervised approaches according to
the availability of label information. Supervised approaches, also called
supervised novelty detection, include one-class classification and its
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variants, such as [17,18,19,20,21]. However, it is very time-consuming
and expensive to collect labels. In some real-world applications, there
are only a few instances with positive labels and many unlabeled in-
stances. These problems are termed as semi-supervised outlier detection
(Villa-Pérez 2021). More commonly, we only have massive unlabeled
instances and need to find which ones do not follow the major distri-
bution (termed unsupervised outlier detection). Unsupervised outlier
detection has fewer limitations and is more widely used than others.
Unsupervised outlier detection does not require any training set. In
general, it assigns a score or degree to each instance, then outputs a
ranked list according to scores. The top-ranked instances are considered
as outliers. The scores may be obtained by either the distance-based
method or the density-based method. One weakness of these methods
is the “curse of dimensionality” or “distance concentration effect” which
occurs when dimensionality increases [22,23]. In order to avoid the
“distance concentration effect”, Kriegel et al., [24] introduced angle
information into outlier detection. They examined the spectrum of an-
gles between difference vectors from each instance to all pairs in the rest
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Fig. 1. An illustration of angle-based outlier detection.

instances. The outlier is the instance with a highly fluctuating spectrum.
Their method is called angle-based outlier detection (ABOD). However,
the time complexity of their method is O(n®) if not considering any
speedup strategies. Another drawback of ABOD is that it may fail on
multimodal datasets since it only considers global information and ne-
glects the internal structure of dataset. In order to address the drawbacks
of ABOD, this paper proposes a localized angle-based outlier detection
(LABOD). For each instance, LABOD first finds its influence set; then
calculates the variance of the angles between the difference vector from
this instance to the mean of instances in its influence set and the dif-
ference vectors from this instance to instances in its influence set; last
scores this instance by the variance of cosine similarities. The influence
set consists of the nearest neighbor set and the reverse nearest neighbor
set. The contributions of this paper are summarized as follows:

First, localized angle-based outlier detection (LABOD) is proposed
for unsupervised outlier detection.

Second, local information and cosine similarity are incorporated into
LABOD to address the limitations of ABOD.

Third, the effectiveness of LABOD is demonstrated through extensive
experiments on various toy and real-world benchmark datasets.

The rest of this paper is organized as follows. The basic review of
unsupervised outlier detection is provided in Section 2. A localized
angle-based method is proposed for unsupervised outlier detection in
Section 3. The validation on toy and benchmark datasets is conducted in
Section 4. Section 5 concludes the discussion.

2. Related works
2.1. A review of unsupervised outlier detection

Outlier detection has been studied in several research communities
since the 19th century, such as statistics, data mining, machine learning,
and pattern recognition. The nearest neighbor-based approaches are
widely used in unsupervised outlier detection, such as neighborhood

Fig. 2. An illustration of angle-based outlier detection for a dataset containing
two clusters.
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rough set based outlier detection [8], three-way neighborhood based
outlier detection [25], and neighborhood representation based outlier
detection [26]. The nearest neighbor-based outlier detection methods do
not need any distribution hypotheses. Generally, it assumes that normal
instances are in dense neighborhoods while outlier instances are far
from their closest neighbors in nearest neighbor-based outlier detection
methods [27].

The nearest neighbor-based outlier detection can be categorized into
two classes: distance-based method and density-based method. In
distance-based nearest neighbor outlier detection, each instance is
assigned an outlier score by the distance to its k™ nearest neighbor [28]
or the sum of distances to k-nearest neighbors [29]. The score charac-
terizes how an instance is an outlier. The higher the score is, the higher
the probability of the instance is an outlier is. The k-nearest neighbors of
an instance can be regarded as a hypersphere whose radius is the dis-
tance to its k™ nearest neighbor and center is itself. Therefore, the
density of an instance’s neighborhood can be estimated by the inverse of
the distance to its k™ nearest neighbor. The distance-based methods
have the problem that instances with the same distances may have
different densities [30]. Breunig et al., [31] used relative density instead
of distance, termed the local outlier factor (LOF). They scored the
instance by the ratio of the average local density of the k-nearest
neighbors and the local density of the instance itself. The local density is
termed the local reachability density in [31]. It is defined as the recip-
rocal of the average reachability distance in its neighborhood. LOF is the
most widely used density-based unsupervised outlier detection method.
Many variants are stemmed from LOF. In order to explain the meaning of
outlier scores, Kriegel et al. [32] normalized the scale into [1]. They
used the reciprocal of the probability distance to estimate density. Thus,
the score could be interpreted as the probability of that an instance is an
outlier. Jin et al. [33] considered k-nearest neighbors as well as reverse
k-nearest neighbors when estimating the density distribution. They
pointed out that estimating density distribution based on k-nearest
neighbors would induce the wrong estimation when the instance from a
sparse cluster was close to a denser cluster. Hautamaki et al. [34]
defined the reverse k nearest neighbor count as an outlier score. If the
number of an instance’s reverse k nearest neighbors is less than a user-
specified threshold, the instance is regarded as an outlier. However, the
experiments in [34] still performed on low-dimensional datasets. Aydin
[35] quantified neighborhood densities to draw neighborhood bound-
aries for outlier detection.

Kriegel et al. [24] used the variance of angles between difference
vectors which are between an instance and all pairs in the remaining
instances to discern outliers in a high-dimensional dataset. The angle
variance of an outlier is higher than that of a normal instance. The first
work to utilize angle in outlier detection is termed as angle-based outlier
detection (ABOD). ABOD can alleviate the “distance concentration ef-
fect” as it uses angle information which is not sensitive to increasing the
dimensionality. However, ABOD may fail on multimodal datasets since
merely global information is used. Additionally, the time complexity of
ABOD is 0 (n%). Here, n is the number of instances. Pham and Pagh
(2012, August) introduced a random projection-based technique to
speed up ABOD. However, their method is still not suitable for multi-
modal datasets. In this paper, we consider the angles in a local region
consisting of the nearest neighbor set and the reverse nearest neighbor
set to avoid the assumption that there is only one distribution. Addi-
tionally, the time complexity drops to O (n?) rather than O (n°) any
more. Furthermore, the random projection-based technique can also be
easily incorporated into our method.

Reconstruction is another approach for outlier detection, including
principal component analysis (PCA) [36] and autoencoders [37]. It
searches an optimal subspace which minimizes the reconstruction error
of targets. Many variants of autoencoders for outlier detection are pro-
posed, such as Self-Adversarial Variational Auto-encoders [38], Condi-
tional Variational Auto-encoders [39], and Vector Quantized
Variational Auto-Encoders [40]. However, all of these outlier detection



W. Zheng et al.

Fig. 3. Nearest neighbor sets and reverse nearest neighbor sets. The circles are
k-nearest neighbors whose k is set to 3.

methods need a separate training set, which consists of massive targets,
to learn the representation in the optimal subspace. The targets for
training like the positive class in one-class classification [41]. Genera-
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2.2. Angle-based outlier detection (ABOD)

In angle-based outlier detection (ABOD), both the distance between
the points and the directions of distance vectors are considered. The
angles between difference vectors from an instance to all pairs of the
remaining instances can reveal their similarity to other points or out-
liers. A simple illustration is shown in Fig. 1. For a point outside a cluster
(such as x; in Fig. 1), the fluctuation of angles is small. Therefore, the
variance of the angles is small as well. The point is an outlier. The reason
is that most of the points are in the same direction of the outlier. When a
point is located at the boundary of a cluster (such as x; in Fig. 1), the
fluctuation of angles is higher than an outlier but smaller than a point
within the cluster (such as x3 in Fig. 1).

Kriegel et al. [24] utilized angle-based outlier factor (ABOF) to
disclose the divergence of the directions of one to others. Let D be a
dataset, x4 € D, (xg,xc)(xs,xc)D\{xa} be a pair in the remaining set
D\{x,}. The ABOF is formally defined as follows.

Definition 1 (ABOF, [24] Given a dataset D € R™¢, a point x4 € D, a
norm ||| : R>R{. The scalar product is represented as (-,-):R%x
RY>R. For two points xz,x¢ € D, AB and AC represents the difference

vectors x4 —xp and x4 —X¢, respectively. The angle-based outlier factor
of x4 (ABOF(x,)) is defined as

Exg eD\{xp} ZxceD\{xA X}
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tive adversarial networks (GANSs) learn an encoder as well as a generator
and discriminator in the training process [42]. The generator and
discriminator help GANs outlier detection to avoid computationally
expensive recovering operation in reconstruction outlier detection.
However, it still needs a training set to learn the encoder, which differs
from the method in this paper.

ng eD\{xs} Zxc eD\{xp.xp}

—1l
[[AB[[]lAC]

The ABOF(x,) is the variance of the angles of difference vectors from
x4 to all pairs in D\{x4 }. In angle-based outlier detection (ABOD), each
point in D is scored by an ABOF. All instances in D are ranked according
to the scores in ascending order. Obviously, the points in Fig. 1 would be
sorted as x1, X2, and x3. The top-rank is the outlier (x;), the next rank is
the boundary point (xz), and the lowest rank is the inner point (x3).
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Fig. 4. The influence set of an instance x;, € D. (a) x, is within a cluster; (b) x; is at the boundary of a cluster; (c) x, is an outlier.
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Fig. 5. The angle between difference vector x, —u, and different vector from x, to an instance in INS(x,). (a) X, is within a cluster; (b) x;, is at the boundary of a

cluster; (c) x, is an outlier.
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Fig. 6. The artificial synthetic datasets. (a) Gaussian distribution; (b) two-Gaussian distribution with overlapping region; (c) two-Gaussian distribution without

overlapping region.

Table 1
The results of artificial synthetic datasets.
Gaussian
AUC P@n AP
(mean. + std.) (mean. =+ std.) (mean. =+ std.)
ABOD 0.970 + 0.024 0.978 + 0.021 0.963 + 0.028
FastABOD 0.987 + 0.008 0.992 + 0.012 0.984 + 0.006
LABOD (ours) 0.997 + 0.002 0.997 + 0.002 0.992 + 0.004
Two-Gaussian with overlapping region
ABOD 0.918 + 0.018 0.926 + 0.017 0.915 + 0.021
FastABOD 0.954 + 0.013 0.962 + 0.012 0.948 + 0.012
LABOD (ours) 0.973 £ 0.009 0.978 + 0.011 0.971 + 0.010
Two-Gaussian without overlapping region
ABOD 0.725 + 0.016 0.746 + 0.014 0.726 + 0.017
FastABOD 0.945 + 0.014 0.958 + 0.011 0.948 + 0.013
LABOD (ours) 0.968 + 0.010 0.972 + 0.008 0.962 + 0.011

Since the distance is only used as a weight for the variance of angles,
ABOD can overcome the ‘curse of dimensionality’ which occurs in
distance-based unsupervised outlier detection methods, such as LOF
[31]. However, the time-complexity of ABOD is O (n3) which is unat-
tractive compared to previous distance-based methods. For example, the
time complexity of LOF is O (nz). Another weakness is that ABOD only
considers global information and neglects the internal structure of the
dataset. It may fail when a dataset contains more than one cluster. Fig. 2
is an illustration of a dataset containing two clusters.

In Fig. 2, x4, xp, and x¢ are three points in the dataset. Obviously, the
angle between difference vectors x4 —xp and x4 —xc¢ is high even x, is
an outlier.

3. Localized angle-based outlier detection

In order to address the weaknesses in ABOD, we propose a localized
version. In this paper, it is denoted as localized angle-based outlier
detection (LABOD). In LABOD, the localized angle-based outlier factor is
defined in a local region, which consists of the nearest neighbor set and
the reverse nearest neighbor set.

3.1. Reverse nearest neighbor set and influence set

Given a dataset D € R™, a point x4 € D. Let NNk (x,) represent the
k-nearest neighbor set of x,, then the reverse nearest neighbor set is
defined as
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Definition 2 (reverse k-nearest neighbor set, Korn et al., 2000)
Given a dataset D € R™Y, a point X, € D. The reverse k-nearest neighbor set
of x; is represented as RNN (X,) = {xq|xq€ D\{x,},X, € NNi(xg) }.

The RNNj is an inverse relation of NNi. For an instance x4, NNi (x,)
contains no less than k instances, while the corresponding RNNj (xq)
may be empty, contain less than or more than k instances. A simple
illustration is shown in Fig. 3.

In Fig. 3, the number of nearest neighbors is set as 3, then NNy (a) =
{b,c,d}, NNy(b) = {c.d,e}, NNx(c) = {a,b,d}, NNy(d) = {b,c,e},
NNy (e) ={b,c,d}, and NNi(f) = {c,d, e}. The reverse nearest neighbor
sets are RNNy(a) = {c}, RNNi(b) = {a,c,d, e}, RNNx(c) = {a,b,d, e},
RNNi(d) = {a,b,c,e},RNNi(e) = {b,d,f}, and RNNi(f) = @. Obvi-
ously, both nearest neighbor and reverse nearest neighbor are asym-
metrical. For instance, b is in NNi(a), but a is not in NNi(b); f is in
RNN;y (e), but RNNi(f) is empty. In this paper, we use the union of the
nearest neighbor set and the reverse nearest neighbor set as a local re-
gion which is defined as the influence set.

Definition 3 (influence set, Korn et al., 2000) Given a dataset
D € R™4, an instance x, € D. The influence set of x, is represented as
INS(x,) = NNi(xp) URNN(x;,).

3.2. Localized angle-based outlier detection via influence set

In the influence set, let y, represent the mean of the points in INS (xp)
W, = mquele(xp)xq)' The influence set of an instance is intui-
P

tively classified as three cases: the instance is in a cluster (Fig. 4 (a)); the

The Samples at Top Ranks Found by ABOD in Two-Gaussian Distribution he Samples at Top Ranks Found by FastABOD in Two-Gaussian Distribution The Samples at Top Ranks Found by LABOD in Two-Gaussian Distribution
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instance is located at the boundary of a cluster (Fig. 4 (b)); and the
instance is an outlier (Fig. 4 (c)).

In Fig. 4 (a), the instances in influence set are around x;, and widely
distribute in all directions. In Fig. 4 (c), most of the instances in influence
set gather in a narrow direction range along x, —p,. In Fig. 4 (b), the
distribution of the instances in influence set is more widely than that in
Fig. 4 (c) but less widely than that in Fig. 4 (a). Different from ABOD in
Fig. 1, the above intuition is also suitable for the dataset containing more
than one cluster, such as the toy dataset in Fig. 4.

The distribution of instances in influence set is relative to the vari-
ance of angles between the difference vector x, —p, and different vectors
Xp —Xq (xq € INS(x,)). The corresponding angles in Fig. 4 are shown in
Fig. 5. In each subfigure, ¢ is an angle between difference vector x, —p,
and difference vector from x, to an instance in INS(x;).

It can be found that the angles are widely distributed in all directions
when X, is within a cluster and concentrated in a small direction range

Table 2

The details of benchmark datasets.
Name #Instance #Outliers #Features
Lymphography 148 6 3
HeartDisease 270 120 13
Ionosphere 351 126 32
Arrhythmia 450 206 259
Shuttle 1013 13 9
Wilt 4839 261 5

4+ ordinary instance
+ + outlier
O toprank

ordinary instance
outlier
top rank

4+ ordinary instance
+  outlier
top rank

(a) (b)

Fig. 7. The top rank instances in Two-Gaussian distribution without overlapping region. The stars are ordinary instances. The pluses are outliers. The circles are the

instances at top ranks. (a) ABOD; (b) FastABOD; (c) LABOD.
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Fig. 8. The comparison between ABOD, FastABOD and LABOD with different dimension on two-Gaussian distribution without overlapping region. (a) AUC; (b) P@n;

(c) AP.
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Table 3

The performance comparison of ABOD, FastABOD and LABOD on benchmark datasets.
Name ABOD FastABOD LABOD

AUC P@n AP AUC P@n AP AUC P@n AP
Lymphography 0.421 0.479 0.465 0.712 0.732 0.726 0.825 0.837 0.831
HeartDisease 1.000 1.000 1.000 0.776 0.783 0.771 0.822 0.841 0.833
Ionosphere 0.715 0.736 0.724 0.919 0.932 0.925 0.939 0.952 0.947
Arrhythmia 0.750 0.763 0.752 0.779 0.793 0.784 0.932 0.946 0.938
Shuttle 0.923 0.941 0.936 0.720 0.747 0.739 0.821 0.834 0.828
wilt - - - 0.600 0.632 0.619 0.827 0.837 0.832
approximate angle-based outlier factor (approxABOF) instead of ABOF
Table 4 as:

The running time of benchmark datasets.

Name ABOD (sec.) FastABOD (sec.) LABOD (sec.)
Lymphography 0.082 0.062 0.009
HeartDisease 0.314 0.224 0.007
Ionosphere 7.442 5.778 0.266
Arrhythmia 19.720 15.533 0.143
Shuttle 66.413 47.098 0.244
Wilt 3318.8 1601.19 3.462

when x;, is an outlier. It can be reflected in the variance of these angles.
We define the localized angle-based outlier factor (LABOF) as follows.

Definition 4 (LABOF) Given a dataset D € R4, a point x, € D. The
influence set of x;, is INS(x,). The u, represents the mean of instances in
influence set. The localized angle-based outlier factor (LABOF(x;)) is
defined as

<xp — s Xp — xq>

LABOF(x,) = VAR e — [l — ]

xq€INS(xp )

2 2
(0 —ttp 2Xp—xq) )
Dy ems(xy) T[T ]| > [R—
_ xg€INS(xp) =y [ o= |
|INS(x;) | |INS(x;)

In localized angle-based outlier detection (LABOD), each instance is
assigned with a LABOF. Then, all instances are sorted according to
LABOF values in descending order. The outliers are at the top ranks. The
procedure is summarized as following algorithm.

Algorithm 1 (Localized Angle-Based Outlier Detection, LABOD):

Input: dataset D = {x;}1, € R™4, the parameter of nearest neighbors k, the number
of outliers r
Output: outlier scores S = {s;}{, and r outliers
fori=1:n
find NN(x;) and RNN(x;) in D\x;;
set INS(x;) = NN(x;) URNN(x;);
calculate LABOF(x;) according to Equation (2) and set s; = LABOF(x;);
end
sort D according to outlier scores S in descending order;
output S and top r instances as outliers.

In Algorithm 1, when finding the influence set of an instance, it needs to
calculate (n—1) times distances between two instances. The time
complexity of finding the influence set is O(n?) if not considering any
speedup strategy. Thus, the time complexity of LABOF is O(kn?)
(k ~ |INS(-)|<n).

4. Connections to FastABOD

Kriegel et al. [24] proposed an approximation approach for ABOD,
termed as FastABOD. In FastABOD, Kriegel et al. defined the

Definition 5 (approximate ABOF, [24] Given a dataset D € R™d g
point x4 € D, a norm ||-|| : R2>R. The scalar product is represented as
(-,-) : R? x R?=R. For two points xp,xc € NNi(x4), AB and AC repre-
sents the difference vectors x4 —xp and x, —xc, respectively. The
approximate angle-based outlier factor (approxABOF(x,)) is defined as

—_— —
AB,AC>
approxABOF(xa) = VAR, xcenN(ea) | 77—
8] [ac]
2
—_——

- 5 AB AC)
xpENN (x4) £<xcENNk(xa)\{x8} | T 22 A 21 1 AB 1211 A
P | AB || AC)| | AB ||| AC|P

= 1
ZXB ENNy (xa) ZXC€NN1< (xa)\{x5} W ©)
2
— ——
. (AB.AC)

ZXBENNk(xA)EXCQNNk(XA)\{XE} AR AL | ABRI2I AR
|AB||||AC]| | AB|||AC]*

D N x4) Do NN 0\ ()
[|AB||[|AC]]

The time complexity of approximate ABOD is O (n? + nk?).

The differences between LABOD and FastABOD are listed as:

First, the angle is between the difference vector to the mean vector of
the influence set and the difference vectors to the points in the influence
set.

Second, the influence set is used as a local region instead k-nearest
neighborhood. Korn & Muthukrishnan (2000) pointed out that the in-
fluence set could capture local information better than k-nearest
neighborhood.

5. Connections to ABID

Angle based intrinsic dimensionality (ABID) is another angle-based
approach, which considers the expectation of the angle spectrum in k-
nearest neighbourhood [43]. The ABID is defined as follows:

Definition 6 (ABID, [43] Given a dataset D € R™, a point x4 € D,
the angle-based intrinsic dimensionality estimator for x4 is defined as
follows:

IDypm (xa; k) = E[C(Bk (xA))z] ! @

where By(xa) are the directional vectors from x4 to its k nearest

neighbor and C(By(x;)) are the pairwise cosine similarities of different

vectors in By (xa).
Obviously, the vector can be

directional represented

Bi(xa) = x4 —X), (), € kNN(x,)), the cosine similarity can be repre-
sented as follows
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The ROC Curve of Lymphography
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The ROC Curve of HearDisease
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Fig. 9. The ROC curves of bechmark datasets. (a) HeartDisease; (b) Ionosphere; (c) Arrhythmia; (d) Shuttle; (e) Waveform; (f) Wilt.

(xA - prva 7x7{>

CBA) = iy~ s — 4]

x4, x} € kNN(x4) 5)
The differences between LABOF and ABID include two aspects. The
first is the directional vector and the cosine similarity. The directional

vector in LABOF is defined as the difference between a point and the

mean of the points, x4 —p, in its neighborhood and the difference be-
tween a point and the point in its neighborhood, x4 —x/,. The cosine
similarity in LABOF is used to measure the similarity between x4 —p and
X4 —x),. The second is that the influence set, including k-nearest neigh-
bors and reverse nearest neighbors, is used the neighborhood in LABOF
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Table 5
The AUC value comparison of LOF, AntiHub, ABID, BLDOD and LABOD on
benchmark datasets.
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Table 7
The AP comparison of LOF, AntiHub, ABID, BLDOD and LABOD on benchmark
datasets.

Datasets LOF AntiHub ABID BLDOD LABOD (ours) Datasets LOF AntiHub ABID BLDOD LABOD (ours)
Lymphography 0.766 0.816 0.814 0.809 0.825 Lymphography 0.820 0.800 0.837 0.813 0.837
HeartDisease 0.771 0.809 0.804 0.834 0.822 HeartDisease 0.808 0.819 0.822 0.814 0.841
Ionosphere 0.874 0.929 0.900 0.904 0.939 Ionosphere 0.893 0.928 0.956 0.923 0.952
Arrhythmia 0.865 0.930 0.947 0.927 0.932 Arrhythmia 0.886 0.927 0.955 0.947 0.946
Shuttle 0.820 0.801 0.830 0.803 0.821 Shuttle 0.797 0.799 0.813 0.840 0.834
Wilt 0.813 0.820 0.818 0.829 0.827 Wilt 0.819 0.837 0.822 0.819 0.837
Avg. 0.818 0.851 0.852 0.851 0.861 Avg. 0.837 0.852 0.867 0.859 0.875
Table 6 Table 8

The P@n comparison of LOF, AntiHub, ABID, BLDOD and LABOD on benchmark
datasets.

Datasets LOF AntiHub ABID BLDOD LABOD (ours)
Lymphography 0.812 0.810 0.802 0.817 0.837
HeartDisease 0.796 0.837 0.816 0.802 0.841
Ionosphere 0.893 0.935 0.954 0.957 0.952
Arrhythmia 0.872 0.936 0.955 0.903 0.946
Shuttle 0.824 0.803 0.819 0.798 0.834
Wilt 0.808 0.815 0.827 0.801 0.837
Avg. 0.834 0.856 0.862 0.846 0.875

other than k-nearest neighbors any more.
6. Experiments and simulations

In this section, LABOD is first compared with ABOD [24], FastABOD
[24] to show its merits to original models, then compared with several
classical or state-of-the-art unsupervised outlier detection models,
including LOF [31], Antihubs [44], ABID [43], and Boundary-aware
Local Density based Outlier Detection (BLDOD) [35]. Here, we do not
compare LABOD with popular autoencoder or GANs based outlier
detection methods. These outlier detection methods are closer to one-
class classification which need a training set consisting of massive tar-
gets (normal or positive samples). However, LABOD and compared
outlier detection methods in this section do not have this limitation.

The ABOD is an angle-based unsupervised outlier detection algo-
rithm. The FastABOD is a simple version of ABOD. Here, we do not
compare with the ABOD with a random projection-based technique
since this technique can be easily incorporated into LABOD. The LOF is a
classical density-based unsupervised outlier detection algorithm. The
Antihub is a high-dimensional unsupervised outlier detection algorithm.
The ABID is another angle-based algorithm which has been successfully
used in intrinsic dimensionality. BLDOD is a state-of-the-art unsuper-
vised outlier detection model. All codes are implemented via mex
interface in Matlab environment and compiled by VC++2010. All ex-
periments are run on a Windows 7 machine with an Intel® Core™ i5-
6200U CPU @2.30 GHz and 16 GB DRAM.

First, the proposed unsupervised outlier detection method is evalu-
ated on three artificial synthetic datasets. Second, several benchmark
datasets are used to verify the proposed method. The experimental re-
sults are reported in terms of the receiver operating characteristic curve
(ROC curve) [45], the value of the area under the ROC curve (AUC
value) [46], P@n, and AP [47].

6.1. Experiments on artificial synthetic datasets

In this sub-section, we first generate a Gaussian distribution dataset,
a two-Gaussian distribution with overlapping region, and a two-
Gaussian distribution without overlapping region. In the Gaussian dis-
tribution dataset, we generates 400 normal instances and 20 outliers. In
both two-Gaussian distribution with overlapping region and two
Gaussian distribution without overlapping region datasets, we generates
800 normal instances and 40 outliers. When the dimension is set as 2, the

The performance of LABOD when k = 20 and k = floor(10lnn).

Datasets k=20 k = floor(10Inn)

AUC P@n AP AUC P@n AP
Lymphography 0.825 0.837 0.837 0.811} 0.823] 0.823]
HeartDisease 0.822 0.841 0.841 0.812) 0.831} 0.831)
Ionosphere 0.939 0.952 0.952 0.928] 0.943] 0.943|
Arrhythmia 0.932 0.946 0.946 0.932] 0.938] 0.938)
Shuttle 0.817| 0.821] 0.826] 0.821 0.834 0.834

Wilt 0.815} 0.818] 0.818] 0.827 0.837 0.837

artificial datasets are illustrated in Fig. 6.

In FastABOD, LB-ABOD, and LABOD, the number of nearest neigh-
bors (k) is selected in the range from 20 to 200 step by 20. The experi-
ments are repeated 10 times. The best AUC values are reported in
Table 1. The results are shown as mean =+ std.

In Table 1, the results show that LABOD is superior to both ABOD and
FastABOD. Specifically, it can be found that ABOD fails in the two-
Gaussian distribution without overlapping region. The reason is that
ABOD does not suit for multimodal datasets since it only considers
global information. LABOD performs better than FastABOD since both
the nearest neighbor set and the reverse nearest neighbor set are used in
LABOD. The result of one trail of two-Gaussian distribution and
Gaussian distribution are shown in Fig. 7. The stars are ordinary in-
stances. The pluses are outliers. The circles are the instances at top
ranks. We highlight 40 instances at the top ranks in Fig. 7.

In Fig. 7, it can be found that all top rank instances in ABOD are
around the top right cluster (shown in Fig. 7 (a)). ABOD fails in the two-
Gaussian distribution. Both FastABOD misses more outliers than LABOD
in the two-Gaussian distribution without overlapping region.

Furthermore, LABOD is evaluated on high dimensional Two-
Gaussian distribution without overlapping region to evaluate the influ-
ence of dimension on the performance. The dimensions are set to 5, 10,
20, 50 and 100. The experiments are repeated 10 times. The associated
results are reported in Fig. 8.

From the results in Fig. 8, it can be found that ABOD, FastABOD and
LABOD are all not sensitive to the dimension of artificial dataset; ABOD
still fails on high-dimensional two-Gaussian distribution dataset.

6.2. Experiments on benchmark web problem

In this subsection, we use several benchmark datasets from [48],
July) to verify the proposed method. The details of the benchmark
datasets are listed in Table 2.

The number of features ranges from 3 to 259. The number of in-
stances ranges from 148 to 4839. In this experiment, we first compare
LABOD with both ABOD and FastABOD. The results are reported in
terms of the receiver operating characteristic curve (ROC curve) [45],
the value of the area under the ROC curve (AUC value), and running
time. The parameter k in both FastABOD and LABOD is selected in
{20,40,60,80,100}. The AUC value is reported in Table 3.

From Table 3, it can be found that LABOD performs better than
ABOD on Lymphography, Ionosphere and Wilt and performs better than
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FastABOD on all datasets. In Wilt, ABOD does not identify any outliers.
The corresponding running time is reported in Table 4.

From Table 4, it can be found that LABOD is much faster than both
ABOD and FastABOD. The ROC curves are listed in Fig. 9. Since ABOD
cannot identify any outliers in Wilt, we only draw the ROC curves of
FastABOD and LABOD in Wilt.

In Fig. 9, we obtain the same conclusion as that from Table 3.
Furthermore, LABOD is compared with LOF, AntiHub, ABID and
BLDOD. The results are reported in Tables 5-7 for AUC, P@n and AP,
respectively.

From the results in Tables 5-7, it can be found that LABOD performs
better than LOF, AntiHub, ABID and BLDOD on most benchmark data-
sets. Especially, the average result of LOF is worst since LOF is sensitive
to high-dimensional datasets.

Furthermore, in order to eliminate the influence of parameter k on
LABOD, we further set k = 20 and k = floor(10lnn) to avoid parameter
fine-tuning. The associated results are reported in Table 8.

In Table 8, ‘|’ represents the result is worse than parameter fine-
tuning. It can be found that when k = 20, LABOD performs the same
on Lymphography, HeartDisease, Ionosphere and Arrhythmia; when
k = floor(10lnn), LABOD performs the same on Shuttle and Wilt. If the
size of dataset is smaller than 1000, we can set k = 20 directly; other-
wise, we can set k = floor(10lnn) without parameter fine-tuning.

7. Discussion and conclusions

This paper proposes a localized angle-based outlier detection
(LABOD) to address the issues in previous angle-base outlier detection
(ABOD), not considering the internal structure of the dataset and high
time complexity. In LABOD, each instance is scored by the variance of
the angles between the different vectors from this instance to the mean
of its influence set and the difference vectors from this instance to the
instance in its influence set. Compared with FastABOD, an approxima-
tion of ABOD, LABOD use the influence set instead of the nearest
neighbor set and the angles only need to calculate O (k) instead of O .
Experiments on both synthetic datasets and benchmark datasets
demonstrate that LABOD performs better and faster than both ABOD and
FastABOD.

8. Compliance with ethical standards

All authors declare that they have no conflict of interest. This article
does not contain any studies with human participants or animals per-
formed by any of the authors. Informed consent was obtained from all
individual participants included in the study. This paper is supported in
part by the Foreign Expert Project (Grant No. G2023015005L) and
Major Project of the Natural Science Foundation of the Jiangsu Higher
Education Institutions of China (Grant No. 21KJA120001).

CRediT authorship contribution statement

Wei Zheng: Writing — review & editing, Writing — original draft,
Methodology, Investigation, Funding acquisition. Lili Huang: Valida-
tion, Software. Haiqiang Liu: Writing — review & editing, Validation,
Software. Fa Zhu: Writing — review & editing, Writing — original draft,
Supervision, Methodology. Achyut Shankar: Writing — review & edit-
ing, Supervision, Investigation. Imad Rida: Writing — review & editing,
Supervision. Davide Moroni: Writing — review & editing, Supervision,
Investigation.

Declaration of competing interest

The authors declare that they have no known competing financial
interests or personal relationships that could have appeared to influence
the work reported in this paper.

Egyptian Informatics Journal 33 (2026) 100850
References

[1] Nasreen G, Khan MM, Younus M, Zafar B, Hanif MK. Email spam detection by deep
learning models using novel feature selection technique and BERT. Egypt Inf J
2024;26:100473.

[2] Alazab M, Khurma RA, Castillo PA, Abu-Salih B, Martin A, Camacho D. An effective
networks intrusion detection approach based on hybrid Harris Hawks and multi-
layer perceptron. Egypt Inf J 2024;25:100423.

[3] Al-Fawa’reh M, Al-Fayoumi M, Nashwan S, Fraihat S. Cyber threat intelligence
using PCA-DNN model to detect abnormal network behavior. Egypt Inf J 2022;23
(2):173-85.

[4] Han C, Rundo L, Murao K, Noguchi T, Shimahara Y, Milacski ZA, et al. MADGAN:
unsupervised medical anomaly detection GAN using multiple adjacent brain MRI
slice reconstruction. BMC Bioinf 2021;22(2):1-20.

[5] Togo R, Watanabe H, Ogawa T, Haseyama M. Deep convolutional neural network-
based anomaly detection for organ classification in gastric X-ray examination.
Comput Biol Med 2020;123:103903.

[6] Yan C, Zhang S, Liu Y, Pang G, Wang W. Feature prediction diffusion model for
video anomaly detection. In: In Proceedings of the IEEE/CVF International
Conference on Computer Vision; 2023. p. 5527-37.

[7] Gao L, Sun X, Sun X, Zhuang L, Du Q, Zhang B. Hyperspectral anomaly detection
based on chessboard topology. IEEE Trans Geosci Remote Sens 2023;61:1-16.

[8] Gao L, Cai M, Li Q. A relative granular ratio-based outlier detection method in

heterogeneous data. Inf Sci 2023;622:710-31.

Burghardt A, Kurc K, Szybicki D. Automatic detection of industrial robot tool

damage based on force measurement. Tehnicki Vjesnik 2020;27(5):1385-93.

[10] Mir-Haidari SE, Behdinan K. Application and implementation of the bond graph
methodology on the structural damage detection and monitoring of aeroengines.
Aerosp Sci Technol 2021;106910.

[11] Ma MQ, Zhao Y, Zhang X, Akoglu L. The need for unsupervised outlier model
selection: a review and evaluation of internal evaluation strategies. ACM SIGKDD
Explor Newsl 2023;25(1):19-35.

[12] Qin H, Ma X, Ding Y, Li X, Zhang Y, Ma Z, et al. Bifsmnv2: pushing binary neural
networks for keyword spotting to real-network performance. IEEE Trans Neural
Networks Learn Syst 2023;35(8):10674-86.

[13] Qin H, Ke L, Ma X, Danelljan M, Tai YW, Tang CK, et al. BiMatting: Efficient video
matting via binarization. Adv Neural Inf Proces Syst 2023;36:43307-21.

[14] Qin H, Ding Y, Zhang X, Wang J, Liu X, Lu J. Diverse sample generation: pushing
the limit of generative data-free quantization. IEEE Trans Pattern Anal Mach Intell
2023;45(10):11689-706.

[15] Qin H, Zhang X, Gong R, Ding Y, Xu Y, Liu X. Distribution-sensitive information
retention for accurate binary neural network. Int J Comput Vis 2023;131(1):26-47.

[16] Qin H, Ma X, Zheng X, Li, X., Zhang, Y., Liu, S., Luo, J., Liu, X. & Magno, M..
(2024). Accurate LoRA-Finetuning Quantization of LLMs via Information
Retention. Proceedings of the 41st International Conference on Machine Learning,
235:41498-41516.

[17] Scholkopf B, Platt JC, Shawe-Taylor J, Smola AJ, Williamson RC. Estimating the
support of a high-dimensional distribution. Neural Comput 2001;13(7):1443-71.

[18] Zhu F, Yang J, Gao C, Xu S, Ye N, Yin T. A weighted one-class support vector
machine. Neurocomputing 2016;189:1-10.

[19] ZhuF, Ye N, Yu W, Xu S, Li G. Boundary detection and sample reduction for one-
class support vector machines. Neurocomputing 2014;123:166-73.

[20] Jumutc V, Suykens JA. Multi-class supervised novelty detection. IEEE Trans
Pattern Anal Mach Intell 2014;36(12):2510-23.

[21] Zhu F, Zhang W, Chen X, Gao X, Ye N. Large margin distribution multi-class
supervised novelty detection. Expert Syst Appl 2023;224:119937.

[22] Beyer K, Goldstein J, Ramakrishnan R, Shaft U. When is “nearest neighbor”
meaningful?. In Database Theory—ICDT’99: 7th International Conference
Jerusalem, Israel, January 10-12, 1999 Proceedings 7 (pp. 217-235). Springer
Berlin Heidelberg; 1999.

[23] Zimek A, Schubert E, Kriegel HP. A survey on unsupervised outlier detection in
high-dimensional numerical data. Statist Anal Data Mining: ASA Data Sci J 2012;5
(5):363-87.

[24] Kriegel HP, Schubert, M., & Zimek, A. (2008, August). Angle-based outlier
detection in high-dimensional data. In Proceedings of the 14th ACM SIGKDD
international conference on Knowledge discovery and data mining (pp. 444-452).

[25] Zhang X, Yuan Z, Miao D. Outlier detection using three-way neighborhood
characteristic regions and corresponding fusion measurement. IEEE Trans Knowl
Data Eng 2024;36(5):2082-95.

[26] Yang J, Chen Y, Rahardja S. Neighborhood representative for improving outlier
detectors. Inf Sci 2023;625:192-205.

[27] Chandola V, Banerjee A, Kumar V. Anomaly detection: a survey. ACM Comput
Surveys (CSUR) 2009;41(3):1-58.

[28] Ramaswamy S, Rastogi R, Kyuseok S. Efficient algorithms for mining outliers from
large data sets. In: In: Proceedings of the ACM SIGMOD’00; 2000. p. 427-38.

[29] Angiulli F, Pizzuti C; 2002. Fast outlier detection in high dimensional spaces. In:
Proceedings of PKDD’02, Helsinki, Finland, pp 15-26.

[30] Kriegel HP, Kroger P, Zimek A. Outlier detection techniques. Tutorial at KDD;
2010, 10, 1-76.

[31] Breunig MM, Kriegel HP, Ng RT, Sander J. LOF: identifying density-based local
outliers. In: In Proceedings of the 2000 ACM SIGMOD International Conference on
Management of Data; 2000. p. 93-104.

[32] Kriegel HP, Kroger P, Schubert E, Zimek A; 2009. LoOP: local outlier probabilities.
In Proceedings of the 18th ACM conference on Information and knowledge
management (pp. 1649-1652).

[9

—


http://refhub.elsevier.com/S1110-8665(25)00243-9/h0005
http://refhub.elsevier.com/S1110-8665(25)00243-9/h0005
http://refhub.elsevier.com/S1110-8665(25)00243-9/h0005
http://refhub.elsevier.com/S1110-8665(25)00243-9/h0010
http://refhub.elsevier.com/S1110-8665(25)00243-9/h0010
http://refhub.elsevier.com/S1110-8665(25)00243-9/h0010
http://refhub.elsevier.com/S1110-8665(25)00243-9/h0015
http://refhub.elsevier.com/S1110-8665(25)00243-9/h0015
http://refhub.elsevier.com/S1110-8665(25)00243-9/h0015
http://refhub.elsevier.com/S1110-8665(25)00243-9/h0020
http://refhub.elsevier.com/S1110-8665(25)00243-9/h0020
http://refhub.elsevier.com/S1110-8665(25)00243-9/h0020
http://refhub.elsevier.com/S1110-8665(25)00243-9/h0025
http://refhub.elsevier.com/S1110-8665(25)00243-9/h0025
http://refhub.elsevier.com/S1110-8665(25)00243-9/h0025
http://refhub.elsevier.com/S1110-8665(25)00243-9/h0035
http://refhub.elsevier.com/S1110-8665(25)00243-9/h0035
http://refhub.elsevier.com/S1110-8665(25)00243-9/h0035
http://refhub.elsevier.com/S1110-8665(25)00243-9/h0040
http://refhub.elsevier.com/S1110-8665(25)00243-9/h0040
http://refhub.elsevier.com/S1110-8665(25)00243-9/h0050
http://refhub.elsevier.com/S1110-8665(25)00243-9/h0050
http://refhub.elsevier.com/S1110-8665(25)00243-9/h0070
http://refhub.elsevier.com/S1110-8665(25)00243-9/h0070
http://refhub.elsevier.com/S1110-8665(25)00243-9/h0075
http://refhub.elsevier.com/S1110-8665(25)00243-9/h0075
http://refhub.elsevier.com/S1110-8665(25)00243-9/h0075
http://refhub.elsevier.com/S1110-8665(25)00243-9/h0045
http://refhub.elsevier.com/S1110-8665(25)00243-9/h0045
http://refhub.elsevier.com/S1110-8665(25)00243-9/h0045
http://refhub.elsevier.com/S1110-8665(25)00243-9/h0200
http://refhub.elsevier.com/S1110-8665(25)00243-9/h0200
http://refhub.elsevier.com/S1110-8665(25)00243-9/h0200
http://refhub.elsevier.com/S1110-8665(25)00243-9/h0205
http://refhub.elsevier.com/S1110-8665(25)00243-9/h0205
http://refhub.elsevier.com/S1110-8665(25)00243-9/h0210
http://refhub.elsevier.com/S1110-8665(25)00243-9/h0210
http://refhub.elsevier.com/S1110-8665(25)00243-9/h0210
http://refhub.elsevier.com/S1110-8665(25)00243-9/h0215
http://refhub.elsevier.com/S1110-8665(25)00243-9/h0215
http://refhub.elsevier.com/S1110-8665(25)00243-9/h0080
http://refhub.elsevier.com/S1110-8665(25)00243-9/h0080
http://refhub.elsevier.com/S1110-8665(25)00243-9/h0085
http://refhub.elsevier.com/S1110-8665(25)00243-9/h0085
http://refhub.elsevier.com/S1110-8665(25)00243-9/h0090
http://refhub.elsevier.com/S1110-8665(25)00243-9/h0090
http://refhub.elsevier.com/S1110-8665(25)00243-9/h0095
http://refhub.elsevier.com/S1110-8665(25)00243-9/h0095
http://refhub.elsevier.com/S1110-8665(25)00243-9/h0100
http://refhub.elsevier.com/S1110-8665(25)00243-9/h0100
http://refhub.elsevier.com/S1110-8665(25)00243-9/h0115
http://refhub.elsevier.com/S1110-8665(25)00243-9/h0115
http://refhub.elsevier.com/S1110-8665(25)00243-9/h0115
http://refhub.elsevier.com/S1110-8665(25)00243-9/h0055
http://refhub.elsevier.com/S1110-8665(25)00243-9/h0055
http://refhub.elsevier.com/S1110-8665(25)00243-9/h0055
http://refhub.elsevier.com/S1110-8665(25)00243-9/h0060
http://refhub.elsevier.com/S1110-8665(25)00243-9/h0060
http://refhub.elsevier.com/S1110-8665(25)00243-9/h0125
http://refhub.elsevier.com/S1110-8665(25)00243-9/h0125
http://refhub.elsevier.com/S1110-8665(25)00243-9/h0130
http://refhub.elsevier.com/S1110-8665(25)00243-9/h0130
http://refhub.elsevier.com/S1110-8665(25)00243-9/h0145
http://refhub.elsevier.com/S1110-8665(25)00243-9/h0145
http://refhub.elsevier.com/S1110-8665(25)00243-9/h0145

W. Zheng et al.

[33]

[34]

[35]
[36]

[37]

[38]

[39]

[40]

Jin W, Tung, A. K., Han, J., & Wang, W. (2006, April). Ranking outliers using
symmetric neighborhood relationship. In Pacific-Asia conference on knowledge
discovery and data mining (pp. 577-593). Springer, Berlin, Heidelberg.
Hautamaki V, Karkkainen, I., & Franti, P. (2004, August). Outlier detection using
k-nearest neighbour graph. In Proceedings of the 17th International Conference on
Pattern Recognition, 2004. ICPR 2004. (Vol. 3, pp. 430-433). IEEE.

Aydin F. Boundary-aware local density-based outlier detection. Inf Sci 2023;647:
119520.

Lee YJ, Yeh YR, Wang YCF. Anomaly detection via online oversampling principal
component analysis. IEEE Trans Knowl Data Eng 2012;25(7):1460-70.

Chen Z, Yeo CK, Lee, B. S., & Lau, C. T. (2018, April). Autoencoder-based network
anomaly detection. In 2018 Wireless Telecommunications Symposium (WTS) (pp.
1-5). IEEE.

Wang X, Du Y, Lin S, Cui P, Shen Y, Yang Y. adVAE: a selfadversarial variational
autoencoder with Gaussian anomaly prior knowledge for anomaly detection.
Knowl-Based Syst 2020;190:105187.

Pol AA, Berger V, Germain, C., Cerminara, G., & Pierini, M. (2019). Anomaly
detection with conditional variational autoencoders. In 2019 18th IEEE
international conference on machine learning and applications (pp. 1651-1657).
IEEE.

Marimont SN, Tarroni, G. (2021). Anomaly detection through latent space
restoration using vector quantized variational autoencoders. In 2021 IEEE 18%
international symposium on biomedical imaging (pp. 1764-1767). IEEE.

10

[41]

[42]

[43]

[44]

[45]

[46]

[47]

[48]

Egyptian Informatics Journal 33 (2026) 100850

Ruff L, Vandermeulen R, Goernitz N, Deecke, L., Siddiqui, S. A., Binder, A, ... &
Kloft, M. (2018, July). Deep one-class classification. In International conference on
machine learning (pp. 4393-4402). PMLR.

Zenati H, Foo CS, Lecouat B, Manek, G., & Chandrasekhar, V. R. (2018). Efficient
gan-based anomaly detection. arXiv preprint arXiv:1802.06222.

Thordsen E, Schubert E; 2020. ABID: Angle Based Intrinsic Dimensionality. In
International Conference on Similarity Search and Applications (pp. 218-232).
Springer, Cham.

Radovanovi¢ M, Nanopoulos A, Ivanovi¢ M. Reverse nearest neighbors in
unsupervised distance-based outlier detection. IEEE Trans Knowl Data Eng 2014;
27(5):1369-82.

Metz C. Basic principles of ROC analysis. Seminars in Nuclear Medicine. 1978.
Bradley A. The use of the area under the ROC curve in the evaluation of machine
learning algorithms. Pattern Recogn 1997;30(7):1145-59.

Campos GO, Zimek A, Sander J, Campello RJ, Micenkova B, Schubert E, et al. On
the evaluation of unsupervised outlier detection: measures, datasets, and an
empirical study. Data Min Knowl Disc 2016;30(4):891-927.

Radovanovi¢ M, Nanopoulos, A., & Ivanovi¢, M. (2010, July). On the existence of
obstinate results in vector space models. In Proceedings of the 33rd international
ACM SIGIR Conference on Research and Development in Information Retrieval
(pp. 186-193). ACM.


http://refhub.elsevier.com/S1110-8665(25)00243-9/h0065
http://refhub.elsevier.com/S1110-8665(25)00243-9/h0065
http://refhub.elsevier.com/S1110-8665(25)00243-9/h0225
http://refhub.elsevier.com/S1110-8665(25)00243-9/h0225
http://refhub.elsevier.com/S1110-8665(25)00243-9/h0235
http://refhub.elsevier.com/S1110-8665(25)00243-9/h0235
http://refhub.elsevier.com/S1110-8665(25)00243-9/h0235
http://refhub.elsevier.com/S1110-8665(25)00243-9/h0175
http://refhub.elsevier.com/S1110-8665(25)00243-9/h0175
http://refhub.elsevier.com/S1110-8665(25)00243-9/h0175
http://refhub.elsevier.com/S1110-8665(25)00243-9/h0180
http://refhub.elsevier.com/S1110-8665(25)00243-9/h0185
http://refhub.elsevier.com/S1110-8665(25)00243-9/h0185
http://refhub.elsevier.com/S1110-8665(25)00243-9/h0190
http://refhub.elsevier.com/S1110-8665(25)00243-9/h0190
http://refhub.elsevier.com/S1110-8665(25)00243-9/h0190

	Localized angle-based unsupervised outlier detection
	1 Introduction
	2 Related works
	2.1 A review of unsupervised outlier detection
	2.2 Angle-based outlier detection (ABOD)

	3 Localized angle-based outlier detection
	3.1 Reverse nearest neighbor set and influence set
	3.2 Localized angle-based outlier detection via influence set

	4 Connections to FastABOD
	5 Connections to ABID
	6 Experiments and simulations
	6.1 Experiments on artificial synthetic datasets
	6.2 Experiments on benchmark web problem

	7 Discussion and conclusions
	8 Compliance with ethical standards
	CRediT authorship contribution statement
	Declaration of competing interest
	References


