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Many advanced clustering techniques are effective in dealing datasets in complicated situations. However, 

when facing large datasets, which are increasingly common in the era of big data, the time requirements 

of most existing techniques can quickly become intolerable. To tackle this challenge, in this paper, we 

propose Scalable Clustering Using Boundary Information (SCUBI), a highly flexible and scalable clustering 

scheme. The idea of SCUBI is to identify the boundary points of the original dataset in the first place 

and then group boundary points into suitable clusters using existing clustering techniques. Finally, the 

rest points are assigned to the same cluster as their nearest boundary points. To demonstrate the effec- 

tiveness and scalability of SCUBI, we plug the well-known DBSCAN algorithm into SCUBI. Comprehensive 

experiments are conducted using datasets with up to two million data points to compare the cluster- 

ing results and time efficiency between DBSCAN and SCUBI-DBSCAN. Experimental results show that our 

method can obtain almost identical clustering results as the standard DBSCAN while achieving orders 

of magnitude speedup especially on large datasets, which confirms the scalability of SCUBI. Experiments 

are also performed on other clustering algorithms with high time complexity to verify the flexibility of 

SCUBI. 

© 2017 Elsevier B.V. All rights reserved. 
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. Introduction 

Many clustering algorithms have already been proposed in the

iterature [1] . For example, K-means [2] , one of the fundamental

artitioning methods, has linear time complexity O ( knt ), where k

s the number of clusters, t is the iteration number and n is the

ize of the dataset. Although the time complexity of K-means is

ttractive, it is only suitable for compact and spherical clusters,

nd is sensitive to initial clustering center selection. DBSCAN

Density Based Spatial Clustering Applications with Noise) [3] , a

ensity based clustering technique, can discover arbitrarily shaped

lusters with good robustness against noises, which is one of the

ost well-known clustering methods and received the Test of

ime Award in KDD’14 [4] . Hierarchical algorithms are versatile

uch as single-linkage [5] or complete-linkage [6] , but they suffer

rom high time complexity of O ( n 2 ) or even O ( n 3 ) and are sensitive

o noises. 

Although traditional clustering algorithms can often produce

ompetent performance, users are now increasingly overwhelmed

y the volume of data, which creates significant challenges to

raditional clustering techniques. For example, DBSCAN features

t least O ( n 4/3 ) time complexity for dimensions higher than 3 [7] ,

esulting in weak scalability. Instead of trying to directly reduce
∗ Corresponding author. 

E-mail address: yuanb@sz.tsinghua.edu.cn (B. Yuan). 
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he time complexity of existing algorithms, we argue that it is

qually promising to investigate the possibility of selecting and

lustering a suitable set of prototypes from the original dataset. 

The boundary points of a dataset can be adopted as such

rototypes as they are located at the margin of densely distributed

ata, containing important characteristics of the distribution of

ata and can be used to decide whether a point belongs to a

pecific cluster or not [8] . 

A number of techniques for extracting boundary points have

een proposed and most of them are used in classification tasks

uch as SVM [9] to reduce the training time. Note that, for classifi-

ation tasks, the decision surface is mostly influenced by points in

egions where the two classes overlap or close to each other while

oints in other regions may have little effect in practice. Although

i [10] claimed that the decision surface outside the overlapping

egion will be arbitrarily formed without the boundary points,

he overlapping region still plays a more critical role in driving

he classifier to form the expected decision surface. By contrast,

e argue that boundary points are more attractive for clustering

ecause they represent the distribution of the dataset, which is

ssential for clustering. 

In order to improve the scalability of clustering, in this paper,

e propose a clustering scheme exploiting boundary points:

calable Clustering Using Boundary Information (SCUBI). The

eneral idea of SCUBI is to extract boundary points from the

riginal dataset as prototypes, which are subsequently grouped
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Fig. 1. Examples of boundary points. The red lines represent the desired tangent 

plane of three different boundary points x 1 , x 2 and x 3 . (For interpretation of the ref- 

erences to color in this figure legend, the reader is referred to the web version of 

this article.) 
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into clusters using existing clustering algorithms. The rest data

points are then assigned to the same cluster as their nearest

boundary points. There are only very few existing works on

clustering based on boundary points [11,12] in which boundary

points are only the by-products of the proposed new clustering

algorithms. Meanwhile, most of these methods are limited to 2D

datasets. Our proposed method is a generic clustering scheme

that can help many existing clustering algorithms with high time

complexity to reduce their running time with little extra effort s.

It is highly flexible and can dramatically increase the capability of

traditional clustering algorithms in handling large-scale datasets

with dimensions larger than 2. 

Many clustering methods with high time complexity can ben-

efit from SCUBI. In this paper, we mainly use DBSCAN as the base

clustering method due to its popularity, effectiveness as well as

high time complexity ( O ( n 2 ) in the worst case [13] ). The main

objective is to demonstrate the practicability of clustering based

on boundary points and the scalability of SCUBI, by significantly

improving the speed of DBSCAN with little negative effect on the

clustering result. In the experiments, we also plug Affinity Prop-

agation Clustering (APCLUSTER) [14] and Spectral Clustering (SC)

into SCUBI to demonstrate the flexibility of the proposed scheme. 

2. Boundary point extraction 

2.1. Boundary points 

Existing works on boundary point detection can be generally

categorized into three themes: density-based [15–17] , concave

theory based [18,19] and graph based [11,12,20] . 

Concave theory based methods mainly look for the envelope

of the dataset, which can be viewed as the boundary. They adopt

the convex theory combined with the k-nearest neighbors (kNN)

approach to figure out the boundary points one by one. These

methods can extract a series of refined boundary points regardless

of the distribution of the data. However, they are not robust

against noises as there is a need to iteratively check whether all

data points can be encompassed by the current boundary points

found in previous steps. Furthermore, they are not easy to be

extended to dimensions higher than 3 [18] . 

Graph based detection methods consider all data points in the

dataset as a whole. Normally, a Delaunay diagram is built where

each point corresponds to a node in the graph and each edge rep-

resents the distance between two points. The core idea is that the

variation of distances between a boundary point and its neighbors

is greater than that of interior points. However, building the Delau-

nay diagram for high dimensional datasets is time consuming. As a

result, existing research on the boundary points based on Delaunay

diagram is often limited to low dimensions (less than 3) [11,12] . 

In density-based boundary detection methods, a point is re-

garded as a boundary point if most of its neighbors lie on the

same side of the tangent plane passing through it. The tangent

plane can be viewed as a plane that divides the space into two

separate regions: one with high density of points and the other

is relatively sparse. Fig. 1 shows three examples with different

curvature shapes where the red lines represent the desired tangent

planes. In this paper, we choose this type of methods to extract

boundary points, which will be detailed in the next section. 

2.2. Density-based boundary point detection 

Note that locating the tangent planes is difficult in practice.

BORDER [8] takes advantage of the reverse kNN to avoid explicitly

determining the plane. It assumes that the reverse kNN value of

a boundary point is much smaller than that of interior points. The
efinition of the reverse kNN is [21] : 

kN N ( x i ) = { x j |∀ x j , x i ∈ kN N ( x j ) } 
BORDER can deal with datasets with simple shapes and with-

ut noises effectively. However, when the interior of a cluster has

ower density compared to the boundary region, it may incorrectly

hoose some interior points and miss out true boundary points.

lso, the reverse kNN is an expensive query: the time complexity

f the original reverse kNN is O ( n 3 ), although it can be reduced to

 ( n 2 log n ). 

Alternatively, the normal vector of the tangent plane instead of

he plane itself can be calculated [15–17] . Considered the tangent

lane represents the density divider, the normal vector of the tan-

ent plane can also be viewed as the direction of density gradient.

n [16] , the attractor of a point x is defined as the neighbor of x

haring the highest number of ɛ neighbors and the vector pointing

rom x to its attractor is regarded as the normal vector. In [15,17] ,

ccording to Theorem 1 , the normal vector is defined as the vector

ointing from x to the average position of the neighbors of x . The

elevant proof is also presented to demonstrate the effectiveness of

ensity gradient definition. Theorem 1 is similar to the concept in

he Mean Shift clustering. However, we adopt this idea to identify

he relative position of the points in the neighborhood rather than

ocate the position with the local maximum density in Mean Shift

lustering. 

heorem 1. The normal vector (density gradient) of an object x is as

ollows: 

V (x ) = ρ · 1 

k 

k ∑ 

i =1 

u i 

u i (x ) = x i − x (2.1)

where x i ∈ kNN (x ) 

roof. Suppose a hypersphere with radius r centered at the object

 is �(x ) = { y | distance (y, x ) ≤ r} , which contains k nearest points

nd whose volume is v . The expected vector of y in �( x ) can be

omputed as follows [22] : 

{ (y − x ) | �(x ) } ∼= 

∫ 
�(x ) 

(y − x ) 
p(y ) 

q 0 
dy (2.2)

where 

 0 = 

∫ 
�(x ) 

p(y ) dy ∼= 

p(x ) v (2.3)

nd p ( y )/ q 0 gives the conditional density function of y given �( x ). 

p ( y ) can be expanded around x by a Taylor series as follows: 

p(y ) ∼= 

p(x ) + (y − x ) T ∇p(x ) (2.4)

∇p ( x ) is the density gradient at the point x , which can be seen

s the normal vector at the point x . 
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Algorithm 1 Boundary extraction. 

Fig. 2. The ɛ neighborhood of object x contains object y , which actually belongs to 

a different cluster. However, the angle between the normal vectors of these two 

objects is greater than π /2. 
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Substitute ( 2.3 ) and ( 2.4 ) into ( 2.2 ): 

{ (y − x ) | �(x ) } ∼= 

∫ 
�(x ) 

(y − x ) (y − x ) 
T 1 

v 
dy 

∇p(x ) 

p(x ) 

= ρ ′ ∇p(x ) 

p(x ) 
(2.5) 

here ρ′ = 

∫ 
�(x ) (y − x ) (y − x ) T 1 

v dy . 

Thus, 

p(x ) = 

1 

ρ ′ · E{ (y − x ) | �(x ) } · p(x ) (2.6)

The value of E{ (y − x ) | �(x ) } for object x can be estimated by

he mean of its k-nearest neighbors. So the normal vector of the

ensity tangent planes is: 

V (x ) = ∇p(x ) = ρ · 1 

k 

k ∑ 

i =1 

( x i − x ) (2.7)

Since only the direction of the normal vector is concerned,

he value of ρ is not important. Next, the relative location (the

ense side or sparse side of the tangent plane) of the neighbor of

he object x can be readily decided. Note that, for the boundary

oint, its normal vector must point to the dense side of the

angent plane. So, for neighbors located at the same subspace as

he normal vector, the angles between each u i ( x ) and the normal

ector should be within [0, π /2]. As a result, if for most u i ( x )

f an object x , the angles between u i ( x ) and the normal vector

re within [0, π /2], x is considered as a boundary point. Various

ethods have been used in quantitative evaluation by counting

he number of neighbors with angles between [0, π /2] with the

ormal vector [16,17] or adding up the cosine values of the angles

etween each u i and the normal vector [15] . 

Based on the analysis of existing boundary detection tech-

iques, we present a modified boundary extraction method

 Algorithm 1 ). When searching for the k-nearest points of x , with

mall k values, the neighbors found are often concentrated in

 highly localized area compared to large k values. Since the

bjective of boundary detection is to conduct clustering of the

riginal dataset, the value of k should be varied according to the

roperties of datasets. If the inter-distance of clusters is large, k

an be set to a large number while if the inter-distance of clusters

s small, small k values are preferred. 

In order to eliminate the impact of noises, the algorithm first

alculates the average distance of x to its k-nearest neighbors.

ntuitively, the neighbor points of a noise point are sparse and

he average distance of a noise point to its k-nearest neighbors is

ikely to be larger than those of non-noise points. A percentage

alue of noise points αnoise or a threshold of the average distance

an be used to eliminate noise points. In the paper, we adopt the

ercentage value αnoise to identify noises. After the elimination

f noise points, the normal vector of each non-noise point in

he dataset can be calculated according to Theorem 1 . Since the

ormal vector can be biased by the extremely large magnitude

f u i ( x ), the calculation of normal vector is modified as follows: 

V (x ) = 

k ∑ 

i =1 

( x i − x ) 

| x i − x | (2.8) 

With the normal vectors obtained, for each object x , the algo-

ithm calculates the sum of the cosine values between u i ( x ) and

V ( x )as its score: 

cores (x ) = 

∑ 

i =1 

cos ( u i (x ) , NV (x )) (2.9) 

Boundary points typically feature larger scores than others as

he cos ( u ( x ), NV ( x )) values for x located on the same side of the
i i 
angent plane as the normal vector are greater than zero while

thers are negative. Finally, points with top m scores are returned

s boundary points along with their normal vectors. 

. Clustering 

.1. SCUBI 

In this paper, we mainly focus on plugging DBSCAN into SCUBI

o testify the efficiency and effectiveness of SCUBI. The target is

o achieve similar clustering results as the standard DBSCAN but

n a much more efficient manner. Once the boundary points are

xtracted using Algorithm 1 , clustering is performed on boundary

oints only, instead of the whole dataset. As long as the boundary

oints are grouped into suitable clusters, the rest data points can

e allocated to the same cluster as their nearest boundary points. 

Since boundary points only account for a small portion of the

hole dataset, the running time of DBSCAN can be significantly

educed, given its O ( n 2 ) time complexity in the worst situations.

n Algorithm 2 , Boundary and NV are the outputs from Algorithm

 , while ɛ and Minpts are the parameters of DBSCAN. Note that

he definition of neighborhood given in Definition 1 is slightly

ifferent from traditional DBSCAN for better performance. 

efinition 1. The neighborhood of object x w.r.t. ɛ and NV is

efined as : 

 ε (x ) = { y | dist(x, y ) ≤ ε, cos (NV (x ) , NV (y )) ≥ 0 } 
here dist ( x, y ) is the distance between object x and y and the

istance function used in the paper is the Euclidean distance. 

In some cases, two clusters may be close to each other, causing

otential issues as demonstrated in Fig. 2 . In Fig. 2 , the boundary

oints are marked in red. The two red arrows represent the
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Algorithm 2 DBSCAN on boundary points. 

Algorithm 3 SCUBI-DBSCAN. 
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normal vectors of boundary points x and y respectively. Since y

belongs to a different cluster but is within the ɛ neighborhood of

x , they may be incorrectly grouped into the same cluster. The good

news is that we can take advantage of the information of normal

vectors to eliminate y from the ɛ neighborhood of x . Since the

normal vector points to the area with high density, two nearby

boundary points from different clusters typically have normal

vectors pointing to reverse directions. Based on Definition 1 , y

will be excluded from the ɛ neighborhood of x , which reduces the

possibility of incorrect clustering. 

After all boundary points have been partitioned into suit-

able clusters, the rest objects in the dataset can be allocated to

the same cluster as their closest boundary points, as shown in

Algorithm 3 (SCUBI-DBSCAN). 

3.2. Discussion 

The time complexity of SCUBI-DBSCAN mainly consists of

three parts: kNN query for boundary extraction, DBSCAN on

boundary and 1NN for final partition. The time complexity of

the original kNN query is O ( n 2 ) and many techniques such as

kd-tree [23] have been developed to reduce the time complexity

to O ( n log n ). As to DBSCAN, according to [7] , the lower bound of its

time complexity is O ( n 4/3 ) while for the worst situation the time

complexity can raise up to O ( n 2 )for high dimensional datasets. So

an optimistic estimate of the time complexity of SCUBI-DBSCAN is

O (n log (n ) + m 

4 / 3 ) . Since m is the number of boundary points ex-
racted, which normally account for less than 10% of whole dataset,

n larger-scale datasets, significant time reduction can be expected.

ince in SCUBI-DBSCAN, clustering is an independent process

eparated from boundary extraction, many improved DBSCAN vari-

tions can be easily adopted to further improve the overall speed. 

The possible factors that may influence the clustering results of

CUBI-DBSCAN are analyzed as follows: 

(a) If the number of boundary points extracted is small, some

boundary points belonging to the same cluster may be

distant from each other. So, one cluster may be split into

multiple small clusters by DBSCAN with small ɛ values. If

there are two clusters located rather close to each other,

it is also possible that some boundary points belonging

to different clusters are closer to each other than those

belonging to the same clusters. So, the two clusters may be

merged to a single cluster by DBSCAN with large ɛ values. 

(b) Once boundary points are partitioned into clusters, rest

data points are assigned to the same cluster as their closest

boundary points. Theoretically, boundary points are not

dense enough to cover the entire surface of the cluster and

there may be an interior point x whose closest boundary

point is from another cluster, due to the large gaps among

the boundary points of the cluster that x should belong to. 

(c) In very high dimensional spaces, the Euclidean distance

cannot reliably characterize the relative distances among

data points. Since SCUBI relies on the kNN search, the

boundary points detected may not be accurate for high

dimensional datasets. 

For the first issue, we adopt the normal vector to redefine

he neighborhood of the boundary point in DBSCAN to minimize

he influence of nearby boundary points from other clusters. For

he second issue, in the experimental studies, we will show that

t rarely happens in practice. For the third issue, compared to

ther existing methods that can only deal with datasets of 2D or

D, our proposed method can deal with data in relatively high

imensionality (e.g. 10 dimensions) as we adopt the density of

he dataset adopted rather than its geometric characteristics. The

erformance of other distance metrics for high dimensional spaces

ill be investigated in our future work. 
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Table 1 

Summary of datasets. 

Dataset Number of features Number of objects 

Complex-shaped dataset 2 80 0 0 

Gaussian mixture dataset 8 Various 

PAMAP2 4 1 ,942,872 

Banana-shaped dataset 2 3800 
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Fig. 3. The speedup curves with regard to the size of the Gaussian mixture datasets. 

It shows that SCUBI-DBSCAN is significantly more time efficient than the standard 

DBSCAN and features good scalability. 

Fig. 4. The time consumption of each component in SCUBI-DBSCAN and the 

speedup curves with regard to different values of αand different dataset sizes. It 

shows that, on larger datasets, the proportion for boundary detection drops while 

the proportion for DBSCAN on boundary increases due to the larger time complex- 

ity of DBSCAN compared to boundary detection. 
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2  
. Experiments 

We conducted experiments on a Linux Workstation with dual

ntel Xeon 2.0 GHz CPUs and 128 GB RAM. The two major features

f our proposed clustering scheme are scalability and flexibility .

calability refers to the capability of handling large datasets (e.g.,

ith millions of records). So, in the first part of experiments,

e used SCUBI-DBSCAN to testify the scalability of the proposed

cheme. Flexibility means that our method can be combined with

arious clustering algorithms as necessary to reduce their practical

unning time, without the need to modify the algorithms them-

elves. So, in the second part of experiments, we directly plugged

C and APCLUSTER into SCUBI to testify the flexibility of SCUBI. 

Experiments were conducted on both synthetic and real-

orld datasets ( Table 1 ). The first three datasets were used to

onfirm the scalability of the proposed scheme while the banana-

haped dataset was adopted for testing the flexibility of SCUBI.

hese datasets were selected purposefully to evaluate the noise

esiliency, scalability and efficiency of the proposed scheme, com-

ared with the original clustering results. All kNN queries in our

xperiments were based on kd-tree. 

In the first part of experiments, the DBSCAN code in use was

eveloped by Michal Daszykowski written in Matlab [24] . The

ime efficiency was evaluated by the execution time with different

ata sizes. The effectiveness was measured using the similarity

easure Adjusted Rand-Index(AR) [25] . The value of AR is within

0, 1] and a large value indicates that the two partitions are

imilar. The parameter setting of DBSCAN can influence both the

lustering results and the execution time. To make the comparison

s fair as possible, we used the same ɛ for both algorithms. As to

he value of Minpts , smaller values were chosen for SCUBI-DBSCAN

ompared with DBSCAN due to the smaller number of boundary

oints to be extracted. 

In the second part of experiments, the APCLUSTER Matlab code

n use was from [26] while the SC Matlab code was provided by

27] . We compared the time consumption and clustering results

etween SCUBI and the original clustering algorithms. Note that,

e used α to represent the percentage of points to be selected as

he boundary points. 

.1. The Gaussian mixture dataset 

The Gaussian mixture dataset consists of eight 8-dimensional

atasets with various numbers of points to test the scalability

f the proposed method. The probability distribution func-

ion used was P (x ) = 1 / 3 · p 1 (x ) + 1 / 3 · p 2 (x ) + 1 / 3 · p 3 (x ) where

p i (x ) = N( μi , σ
2 
i 
) for i = 1, 2, 3 and the parameters of the three

ormal distributions were as follows: 

1 = [0 , 0 , ... , 0 ] T μ2 = [6 , 6 , ... , 6 ] T 

μ3 = [6 , 6 , 6 , 6 , −6 , −6 , −6 , −6 ] T 

1 = diag (0 . 5 , 0 . 5 , 1 , 1 , ..., 1) σ2 = diag (1 , 1 , 1 , 0 . 5 , 0 . 5 , . 1 , 1 , 1) 

3 = diag (1 , 1 , 1 , 1 , 0 . 5 , 0 . 5 , 0 . 5 , 0 . 5) 

As to scalability, speedup curves for different values of α are

lotted in Fig. 3 . Note that the AR values were all equal to 1,

ndicating identical clustering between SCUBI-DBSCAN and original

BSCAN. This is due to the properties of the datasets as the
hree Gaussians were relatively distant from each other. It is clear

hat the speedup value consistently increased when the dataset

ecame larger. In fact, SCUBI-DBSCAN was up to more than 80

imes faster than the standard DBSCAN in our experiments for

ata size of 192,0 0 0, which implies significant time savings for

arge scale real-world data mining tasks. Also, the less the number

f boundary points extracted, the less the processing time required

y SCUBI-DBSCAN. 

Since the main tasks of SCUBI-DBSCAN can be divided into

hree components: boundary extraction, DBSCAN on boundary

oints and final partition, we also tracked the time consumed

n these three parts respectively. The execution times of each

art of the algorithm for varying sizes of datasets and speedup

urves for varying values of α are presented in Fig. 4 . According

o Fig. 4 , DBSCAN takes four times processing time when the

ata size is doubled, which indicates that the time complexity of

BSCAN is almost O ( n 2 )in this case. For boundary detection, the

ime complexity is nearly O ( n log ( n )) for the dataset used. More

pecifically, the relative proportion of the boundary detection

oes down with the increasing size of dataset while the relative

roportion of DBSCAN on boundary points goes up. Meanwhile,

n larger datasets, the speedup value drops more rapidly as α
ncreases, compared to smaller datasets. 

.2. The complex-shaped dataset 

The complex-shaped dataset has seven clusters located close to

ach other with significant noises. The seven clusters have various

hapes and sizes, as shown in Fig. 5 (a). The clustering result of the

tandard DBSCAN is given in Fig. 5 (b). 

We varied the percentage of boundary points α from 0.5% to

0% respectively. The comparison between the clustering results
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Fig. 5. The complex-shaped dataset. (a) the original dataset; (b) the clustering re- 

sult based on the standard DBSCAN. The dataset is divided into seven distinct clus- 

ters. 

Fig. 6. The clustering result of SCUBI-DBSCAN and DBSCAN based on random sam- 

pling. Generally, the larger the value of α, the better the clustering result. Very high 

quality results can be expected with α greater than 10% while the performance of 

random sampling is clearly inferior. The standard deviation of clustering results of 

random sampling is also presented on the Random_AR bar. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 7. The clustering results of SCUBI-DBSCAN on the complex-shaped dataset with 

different α values. (a) α = 10% ; and (b) α = 20% . The left column shows the bound- 

ary points extracted; the middle column shows the clustering results of boundary 

points; the right column gives the final clustering results. 

Fig. 8. The banana-shaped dataset. (a) the original dataset; (b) the clustering result 

of the standard Spectral clustering; (c) the clustering result of the standard Affinity 

Propagation clustering. 

a  

1  

e  

m  

u  

o  

r

4

 

a  

o  

c  

i  

c  

f  

w  

n  

d  

e  

d

 

o  

c  

8  

s

 

S  

i  

a  

A  

q

of SCUBI and the clustering results based on random sampling are

presented in Fig. 6 . 

It is clear that once more than 10% points were selected as

boundary points for this dataset, the AR values were close to

1, indicating almost identical clustering results between SCUBI-

DBSCAN and the original DBSCAN. The proper value of αfor good

clustering results depends on the properties of the dataset. If the

distribution of the data is complicated, a large number of data

points are needed to specify the boundary of clusters. If the data

size is relative small, a small portion of the original dataset is not

sufficient either due to random factors. 

As to random sampling, the data points selected will vary

a lot, which will influence the stability of clustering results. As

shown in Fig. 6 , on complex datasets, its performance is generally

unacceptable, even with a large number of points sampled. For

example, for small clusters, it is possible that few if any points are

sampled from them and they may be completed missed out. 

In Fig. 7 , boundary points extracted are shown in the left

column with red circles while the clustering results of boundary

points and the whole datasets are shown in the middle column

and right column, respectively, with different α values (10% and

20%). It is clear that SCUBI-DBSCAN achieved almost identical

results as the original DBSCAN. Although the boundary points ex-

tracted were not always accurate (e.g., some interior points were

misclassified as boundary points), it had not significant influence

on the final clustering results as such interior points were largely

excluded by DBSCAN. 

4.3. PAMAP2 dataset 

PAMAP2 is a real-world dataset from the UCI machine learning

archive [28] representing the physical activity monitoring of 9

different people. The original dataset contains 3,850,505 instances

with 54 dimensions. By applying principle component analysis
nd other pre-processing procedures, the remaining dataset had

,942,872 instances with 4 dimensions. In our experiments, the

xecution time of DBSCAN was intolerable and had to be ter-

inated after running for more than 12 h. By contrast, when

sing 5% data points as the boundary points, the execution time

f SCUBI-DBSCAN was 987.78 s. The execution time was further

educed to 537.68 s when only 2% data points were selected. 

.4. The banana-shaped dataset 

The high scalability of SCUBI has already been confirmed in the

bove experiments. Since SCUBI is a general clustering scheme,

ther existing clustering algorithms with high time complexity

an be conveniently plugged into SCUBI to reduce their process-

ng times on large datasets. SC and APCLUSTER are two famous

lustering algorithms with good performance while both suffer

rom high time complexity: the time complexity of SC is O ( n 3 )

hile the time complexity of APCLUSTER is O ( n 2 t ) where t is the

umber of iterations. We applied these two clustering algorithms

irectly into SCUBI without any modification to evaluate the time

fficiency and clustering results on the banana-shaped dataset to

emonstrate the flexibility of SCUBI. 

The banana dataset (3800 points, 2 dimensions) consisting

f two banana shaped clusters is shown in Fig. 8 (a) while the

lustering results based on SC and APCLUSTER are shown in Fig.

 (b) and (c), respectively. The shapes of the two clusters are

imple and the inter-cluster distance is large. 

We set α to 1%, 4%, 8% and 10%, respectively. SCUBI-SC and

CUBI-APCLUSTER achieved the same clustering results as the orig-

nal clustering algorithms, and the values of AR were equal to 1 in

ll the experiments. Table 2 shows the execution time in seconds.

s to efficiency, the execution time of the original APCLUSTER was

uite long, leading to a large speedup value for SCUBI-APCLUSTER. 
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Table 2 

Experiment results on the banana-shaped dataset. 

α Execution time (s) 

SCUBI-SC SC SCUBI-APCLUSTER APCLUSTER 

1% 0 .52 3 .91 0 .55 78 .24 

4% 0 .54 0 .96 

8% 0 .55 1 .60 

10% 0 .56 1 .92 
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. Conclusions 

In this paper, we presented SCUBI, a highly scalable and flexible

lustering scheme, to accelerate traditional clustering algorithms

n the face of large-scale datasets. The main idea is to perform

tandard clustering on selected boundary points only, instead

f the entire dataset. The rest data points are then assigned to

he same cluster as their nearest boundary points. By doing so,

ithout the need to directly tackle the challenge of reducing the

ime complexity of existing clustering algorithms, their practical

unning time can be dramatically reduced. 

In the case studies, we chose DBSCAN as the base clustering

lgorithm in the hope to overcome its high time complexity

ssue while keeping its effectiveness in handling complex clusters.

xtensive experimental studies on both synthetic and real-world

atasets confirmed that the proposed clustering scheme can

andle a variety of datasets much more efficiently than the orig-

nal DBSCAN, especially on large-scale datasets while achieving

xtremely similar clustering results. We also directly applied

PCLUSTER and SC to SCUBI, which both achieved the same clus-

ering results as the original algorithms with significant savings on

he processing time. 

The proposed clustering scheme SCUBI is highly scalable to

andle datasets with millions of data points on which most

raditional clustering algorithms may need prohibitive amount of

xecution time. Meanwhile, it is flexible to be combined with var-

ous advanced clustering methods as required. As to future work,

t is important to further reduce the time complexity of boundary

oint selection and extend SCUBI to higher dimensional problems. 
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