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In the era of big data, it is increasingly common that large amount of data is generated across multi- 

ple distributed sites and cannot be gathered into a centralized site for further analysis, which invalidates 

the assumption of traditional clustering techniques based on centralized models. The major challenge is 

that these distributed datasets cannot be trivially merged due to issues such as privacy concerns, limited 

network bandwidth among sites and limited computational capacity of a single site. To tackle this chal- 

lenge, we propose an efficient distributed clustering scheme using boundary information (DCUBI), which 

features good flexibility and scalability. The main procedure of DCUBI consists of three steps: local-global- 

local. Firstly, each local site extracts the boundary points from its own local data and applies traditional 

clustering on boundary points only. Secondly, labeled boundary points from each site are sent to the 

central site as local representatives where boundary and cluster fusion is conducted to form the global 

clustering model. Finally, the global boundary and cluster information is sent back to each local site for 

refined local clustering. To demonstrate the effectiveness of DCUBI, we plug the well-known DBSCAN 

algorithm into DCUBI and comprehensive experiments are conducted using datasets with different prop- 

erties. Experiment results clearly verify the quality of clustering by DCUBI as well as its superior time 

efficiency when the volume of data in each site is large. Furthermore, other popular clustering techniques 

especially those with high time complexity such as spectral clustering and affinity propagation clustering 

are also plugged into DCUBI to demonstrate the flexibility of the proposed scheme. 

© 2017 Elsevier B.V. All rights reserved. 

1

 

t  

s  

n  

t  

f  

b  

u  

f  

i  

i  

W  

1  

l  

l  

g  

s  

t  

d  

n

 

n  

g  

C  

t  

[  

b  

m

 

a  

l  

e  

w  

d  

t  

s  

t  

t  

h

0

. Introduction 

Traditional data mining techniques often require direct access

o the entire dataset, which is assumed to be stored in the same

ite. Note that, in streaming data mining, although algorithms do

ot need to access all data points simultaneously, they still need

o be processed in a single site. On distributed computing plat-

orms such as Hadoop, although data can be assigned to a num-

er of computing nodes, all data points are still regarded as a

nity logically and different nodes can exchange data or other in-

ormation frequently with little restriction. However, it is becom-

ng more and more common that data is intrinsically generated

n or gathered from geographically distributed sites. For example,

almart, the world leading multinational retail corporation, runs

1,545 stores in 28 countries as of June 30, 2016 [1] , featuring the

argest civil database in the world [2] . Since each store collects a

arge amount of data on a daily basis, it is generally difficult to

ather the data into a centralized site to do further analysis due to

ecurity concerns, limited network bandwidth and limited compu-

ational capacity of a single centralized site [3,4] . As a result, tra-
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itional data mining techniques relying on centralized models are

o longer suitable for this class of distributed data mining tasks. 

Clustering is one of the most widely studied data mining tech-

iques in centralized data mining. Many centralized clustering al-

orithms have been introduced and analyzed in the literature [5] .

ompared to the long history of research on centralized clustering

echniques, the work on distributed clustering is relatively limited

2,3,6–10] . Furthermore, the results of distributed data mining may

e varied due to varying conditions in data distributions, creating

ore challenges for distributed clustering [11] . 

To solve the task of distributed clustering in the above scenario,

 small number of representatives from each local site can be se-

ected and sent to a central site for global clustering. In this way,

ach site only needs to reveal a small amount of local information

hile the central site only needs to perform clustering on selected

ata points, instead of the entire dataset from each site, alleviating

he data privacy and transmission problems properly. Under the as-

umption that each cluster can be represented by a solid object,

he boundary points of a dataset can be adopted as the represen-

atives of clusters. They are located at the margins of densely dis-

ributed data, which contain important characteristics of the distri-

ution of data and can be used to decide whether a point belongs

o a specific cluster [12] . 

https://doi.org/10.1016/j.neucom.2017.11.014
http://www.ScienceDirect.com
http://www.elsevier.com/locate/neucom
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To achieve flexible and scalable clustering on distributed

datasets, in this paper, we propose a general scheme for distributed

clustering using boundary information (DCUBI), which employs a

three-step clustering procedure: local–global–local. Firstly, each lo-

cal site carries out boundary extraction independently. Then, clus-

tering is executed on the boundary points instead of the origi-

nal data and a local clustering model is determined consisting of

labeled boundary information. Secondly, generated local models

from all local sites are sent to a central site for global boundary

and cluster fusion to obtain the global boundary information and

the corresponding clustering results. Finally, the global information

is sent back to local sites, which can be used to partition their local

data to form the final clustering results. There are a number of is-

sues that need to be properly addressed to ensure the effectiveness

of the proposed scheme. For example, a data point regarded as a

noise in a local site may turn out to be contained within a cluster

from a global point of view. In addition, some boundary points of

a local dataset may not qualify as boundary points when merged

with boundary points from other sites. 

A major benefit of DCUBI is that it strategically exploits bound-

ary information of the original dataset, effectively reducing the

volume of data to be clustered at each local site and achieving

significant time savings for each local site, which is highly desir-

able in big data analytics. This is particularly important for tra-

ditional clustering methods featuring competent performance in

tackling challenging clustering problems but with high time com-

plexity. Many traditional clustering algorithms featuring high time

complexity can be easily plugged into DCUBI to accomplish dis-

tributed clustering tasks in a time efficient way. Since boundary

points usually only account for no more than 10% of the origi-

nal data, the pressure of data transmission and privacy is reduced

significantly. In this paper, we mainly use DBSCAN (Density Based

Spatial Clustering Applications with Noise) [13] as the base cluster-

ing method due to its popularity, effectiveness and high time com-

plexity, which is O ( n 2 ) in the worst case and at least O ( n 4/3 ) for

dimensions higher than 3 [14] . The main objective is to demon-

strate the good scalability of DCUBI with little negative impact on

the quality of clustering. We also plug two other clustering tech-

niques Affinity Propagation Clustering (APCLUSTER) [15] and Spec-

tral Clustering (SC) into DCUBI to further demonstrate its flexibility.

In summary, the main contributions of DCUBI are as follows: 

• The concept of boundary points is introduced into distributed

clustering and traditional clustering algorithms with high time

complexity can be used to solve distributed clustering tasks in

an efficient way, especially when each site owns a large amount

of data. 

• Efficient strategies are proposed to merge boundary points from

different local sites to obtain global boundary points, which can

be used to refine the clustering results in each local site. 

The rest part of this paper is organized as follows. Section 2

gives some critical review of existing distributed clustering tech-

niques and boundary extraction algorithms. The proposed dis-

tributed clustering scheme using boundary information is dis-

cussed in details in Section 3 . Experiment results are presented in

Section 4 and this paper is concluded in Section 5 with some di-

rections for future work. 

2. Related work 

2.1. Distributed clustering 

Distributed clustering aims to handle datasets inherently resid-

ing on distributed sites, which cannot be sent to a central site

for clustering due to typical issues including privacy concerns and
imited transmission bandwidth. Unlike centralized clustering, dis-

ributed clustering relies heavily on the network structure because

ifferent networks have their own properties and task objectives

4] . In general, distributed data mining can be categorized into

wo classes: facilitator–worker networks and peer-to-peer (P2P)

etworks [16] . The facilitator–worker paradigm demands a reli-

ble facilitator to aggregate all representative information from dis-

ributed sites. By contrast, the P2P paradigm does not require a

entral server and all sites have limited view of the entire net-

ork and only exchange necessary information to perform their

wn local clustering tasks [4,16] . Implementing local clustering on

ach individual site is normally the first step in both paradigms

nd then a set of representatives is selected to communicate with

ther peer sites or the facilitator. 

Based on the two types of networks, the goal of distributed

lustering can be divided into two categories: globally optimized

lustering and locally optimized clustering [16] . Globally optimized

lustering focuses on the global grouping pattern of datasets from

ll local sites as if they are stored in a centralized site while lo-

ally optimized clustering creates a unique set of clusters at each

ite taking into account of the information from other sites. 

Facilitator–worker networks are suitable for distributed cluster-

ng tasks whose objectives are to get the global view of the data

ather than obtaining more precise clustering results for each indi-

idual site. There are two common data partition patterns among

ocal sites: homogeneous and heterogeneous. Homogeneous parti-

ion means that each site contains different objects with the same

et of features while heterogeneous partition means that each site

ontains the same objects with different feature subsets. In this pa-

er, our focus is on the facilitator–worker network with homoge-

eous data, aiming to achieve globally optimized clustering results

fficiently. 

In theory, many traditional centralized clustering algorithms

an be adopted in the local clustering process but the cluster-

ng results may not be easily described or represented by a sim-

le prototype [17] . In density based distributed clustering (DBDC)

6] , which adopts the facilitator–worker network, each local site

mplements DBSCAN on its own data and selects a specific set

f core points to represent local clusters. Central site receives

ll local representatives and applies DBSCAN to form the global

lustering model. Finally, central site sends the global clustering

odel back to each local site to update their local clustering

odels. However, the time complexity of DBDC is high, which is

nacceptable if the local site has a large quantity of data and

he number of sites is large. The total time complexity of DBDC

s O ( n 2 ) + O ( ( n s · r a v g ) 
2 ) + O ( n log ( n s · r a v g ) ) with kd-tree for neigh-

orhood query [18] , where n is the average amount of data in each

ite, r avg is the average amount of local representatives sent to the

entral site and n s is the number of sites. Note that two sets of

arameters are required for local DBSCAN and global DBSCAN, re-

pectively, creating challenging parameter tuning issues in the ap-

lication of the algorithm. 

Scalable density based distributed clustering (SDBDC) [2] fol-

ows the similar procedure of DBDC. The main difference is in the

epresentative selection process. SDBDC selects a set of data points

ased on their representation quality from local sites directly with-

ut clustering. All representatives selected are located in the rela-

ively central part of clusters and if the percentage of representa-

ives is small, all representatives tend to come from dense clusters

nd sparse clusters may be neglected. In this case, a large number

f representatives are needed to ensure a proper local clustering

odel. 

In summary, DBDC directly applies DBSCAN on the original

ataset in each local site, potentially resulting in a time consuming

rocess for large datasets due to the high time complexity of DB-

CAN. Although SDBDC avoids conducting clustering using DBSCAN



Q. Tong et al. / Neurocomputing 275 (2018) 2355–2366 2357 

o  

a  

u  

c  

c  

t  

t  

i  

i  

a  

c  

i

2

 

c  

o

 

o  

t  

a  

m  

l  

a  

d  

f  

t

 

d  

e  

r  

v  

i  

n  

r  

d

 

g  

s  

c  

r  

t  

s

 

B  

i  

o  

T

r  

 

o  

l  

c  

A  

o  

O

 

t  

v  

I  

s  

f  

a  

Fig. 1. Examples of boundary points. The three red lines represent the desired tan- 

gent planes of three different boundary points x 1 , x 2 and x 3 , respectively. (For inter- 

pretation of the references to color in this figure legend, the reader is referred to 

the web version of this article.) 
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n local sites, the representatives selected are not always appropri-

te for specifying clustering patterns. In our work, we propose to

se boundary points as the representatives to not only lower the

omputational cost by reducing the number of data points to be

lustered in each local site but also generate more principled pro-

otypes for the original data as far as clustering is concerned. Fur-

hermore, with boundary points as the representatives, many ex-

sting clustering techniques can be readily incorporated as the def-

nition of boundary points is independent of the specific clustering

lgorithms in use. As a result, DCUBI is expected to be both effi-

ient in handling large datasets at local sites and flexible in work-

ng with various clustering algorithms. 

.2. Boundary points 

Existing works on boundary point detection can be generally

ategorized into three themes: density-based [19 –21] , concave the-

ry based [22,23] and graph based [24 –26] . 

Concave theory based methods mainly look for the envelope

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

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

pproach to figure out every boundary point one by one. These

ethods can extract a series of refined boundary points regard-

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

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

ata points can be encompassed by the current boundary points

ound in previous steps. Furthermore, they cannot be easily ex-

ended to dimensions higher than 3 [23] . 

Graph based detection methods consider all data points in the

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

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

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

ariation of distances between a boundary point and its neighbors

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

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

esult, existing research on the boundary points based on Delaunay

iagram is often limited to low dimensions (less than 3) [24,25] . 

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

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

ide of the tangent plane passing through it. The tangent plane

an be viewed as a plane that divides the space into two sepa-

ate regions: one with high density of points and the other is rela-

ively sparse. Fig. 1 shows three examples with different curvature

hapes where the red lines represent the desired tangent planes. 

Note that locating the tangent planes is difficult in practice.

ORDER [12] takes advantage of the reverse kNN to avoid explic-

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

f a boundary point is much smaller than that of interior points.

he definition of the reverse kNN is [27] : 

kN N ( x i ) = 

{
x j 

∣∣∀ x j , x i ∈ kN N 

(
x j 

)}
(2.1)

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 [19 –21] . In practice, the normal

ector of the tangent plane is also the direction of density gradient.

n [20] , 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 [19,21] ,

ccording to Theorem 1 , the normal vector is defined as the vec-
or pointing from x to the average position of the neighbors of x ,

hich is also called mean shift ( Theorem 1 ). 

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

ollows : 

V (x ) = ρ · 1 
k 

k ∑ 

i =1 

u i 

 i ( x ) = x i − x 

(2.2) 

where x i ∈ kNN ( x ) . 

Next, the relative location (the dense side or sparse side of the

angent plane) of the neighbor of the object x can be readily de-

ided. Note that, for a boundary point, its normal vector must point

o the dense side of the tangent plane. So, for neighbors located at

he same subspace (the tangent plane divides the whole space into

wo subspaces) as the normal vector, the angles between each u i ( x )

nd the normal vector should be within [0, π2 ]. As a result, if for

ost u i ( x ) of an object x , the angles between u i ( x ) and the normal

ector are within [0, π2 ], x is considered as a boundary point. Var-

ous methods have been used in quantitative evaluation by count-

ng the number of neighbors with angles between [0, π2 ] with the

ormal vector or adding up the cosine values of the angles be-

ween each u i and the normal vector. 

. DCUBI 

The proposed DCUBI employs the distributed facilitator–worker

etwork: each local site extracts the local boundary points and

mplements clustering on the local boundary points only; the

lobal/central site collects the boundary and cluster information

rom all local sites and carries out boundary and cluster fusion to

btain the labeled global boundary; local sites partition their local

ata based on the labeled global boundary points received from

he global site. The general structure of DCUBI is shown in Fig 2 . 

.1. Local clustering and local model 

In this paper, we use a modified

oundary extraction method ( Algorithm 1

28] ). In order to eliminate the impact of noises, the algorithm

rst calculates 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



2358 Q. Tong et al. / Neurocomputing 275 (2018) 2355–2366 

Fig. 2. The structure of DCUBI. Local sites extract the local boundary and implement clustering on local boundary; the global/central site implements boundary fusion and 

cluster fusion to form the global model and local sites then partition their own data according to the global model. 

Algorithm 1 

Boundary extraction. 

Input: D, k, αnoise , αboundary 

Output: Boundary, NV 

1: scores ← −∞ 

2: For each x ∈ D do 

3: Find kNN ( x ) 

4: k N N average ( x ) ← Average distance of k N N ( x ) to x 

5: end for 

6: Sort kNN average in descending order. Mark first αnoise as noises 

7: for each x ∈ D do 

8: if x is not the noise then 

9: Exclude the noises in the kNN(x) 

10: Find the NV(x) of x 

11: Calculate cos ( NV ( x ), u i ( x )) 

12: scores (x ) ← 

∑ 

i =1 

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

13: end if 

14: end for 

15: Sort sores in decending order. Select first αboundary as Boundary 

16: return Boundary, NV of boundary points 
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2  
likely to be larger than those of non-noise points. A percentage

value of noise points αnoise is used to identify noises. After the

elimination of noise points, the normal vector of each non-noise

point in the dataset can be calculated according to Theorem 1 .

Since the normal vector may be biased by the extremely large

magnitude of u i ( x ), the calculation of normal vector is modified as

follows: 

NV (x ) = 

k ∑ 

i =1 

( x i − x ) 

| x i − x | = 

k ∑ 

i =1 

u i (x ) 

| u i (x ) | (3.1)

With the normal vectors obtained, for each object x , the algorithm

calculates the sum of the cosine values between u ( x ) and NV ( x ) as
i 
ts score: 

cores (x ) = 

∑ 

i =1 

cos ( u i (x ) , NV (x )) (3.2)

Boundary points typically feature larger scores than others as

he cos ( u i ( x ), NV ( x )) values for x i located on the same side of the

angent plane as the normal vector are greater than zero while

thers are negative. Finally, points with top n ·αboundary scores

re returned as boundary points along with their normal vectors

here n is the size of original dataset and αboundary is the percent-

ge of points selected as boundary points. 

Once the local boundary points are extracted using Algorithm 1 ,

BSCAN is performed on boundary points only, instead of the

hole local dataset. Once the boundary points are grouped into

uitable clusters, the boundary information of each local site, in-

luding normal vectors and cluster labels, is transmitted to the

entral site for further global analysis in the form of < boundary,

ormalvector, localclusterid > . 

.2. Global model 

On the global/central site, the key task is boundary fusion and

luster fusion to form the global boundary and global cluster infor-

ation. 

The global/central site collects all the local

oundary information from local sites in the form

f 
⋃ 

i =1 , 2 , ... , n s 

< boundar y i , normalv ecto r i , localclusteri d i > where n s 

s the number of local sites. The overall relative relationships

mong cluster boundaries from different sites can be quite com-

licated. So, we start by considering circumstances involving only

 sites and each site only features one cluster, which can be
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Algorithms 2 

Boundary combination. 

Output: boundary global , clustersid global 

1: boundar y global ← 

⋃ n s 
i =1 

boundar y i 
2: for each site ∈ siteid do 

3: for each cluster site from site do 

4: for each cluster not from site do 

5: Determine the relationship between the boundary points in cluster site with boundary points of cluster 

6: if points in ∪ points close not empty then 

7: Combine cluster site and cluster 

8: Delete points in from boundary global 

9: end if 

10: end for 

11: end for 

12: end for 

Fig. 3. The four different situations of boundary data fusion and the corresponding fusion results. 

Algorithm 3 

Position determination. 

Input : point,boundary,normvector 

1: near _ boundary ← k N N( boundary, point ) 

2: y ← a v g(near _ boundary ) 

3: u (y ) ← point − y 

4: NV ← a v g(norm v ector(near _ boundary )) 

5: if cos ( u ( y ), NV ) ≥ 0 then 

6: point is inside boundary 

7: else if a v g( distance ( point, near _ boundary ) ) ≤ threshold then 

8: point is close to boundary 

9: end if 

Output: The relationship between point and boundary 
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sed as the foundation for handling more complex situations.

urthermore, the cluster boundaries from the same site are known

o be separate as they correspond to different local clusters. Since

e assume that each cluster is a solid object without holes, there

re four possible relationships between two clusters from different

ites, as shown in Fig. 3 . In Fig. 3 (1-a), boundary points of cluster i 
rom site i and boundary points of cluster j from site j cross each

ther. In Fig. 3 (1-b), boundary points of cluster i from site i are

ompletely surrounded by the boundary points of cluster j from site

 . The two cluster boundaries may be also tangent or separate, as

hown in Fig. 3 (1-c) and Fig. 3 (1-d), respectively. 

The global boundaries for the four situations are shown in 

ig. 3 (2-a)–Fig. 3 (2-d), respectively. It is clear that for the situation

n Fig. 3 (1-d), cluster i and cluster j will still be two separate clus-

ers in the final global results and the boundary points of global
esults will be kept unchanged from local boundary points. The

eason is that the two sets of boundary points from two clus-

ers are rather far away from each other and consequently the

lobal clustering results are as same as the local ones. For the

ther three cases, the two clusters will be merged as a new sin-

le cluster in the global clustering results and the boundary points

orresponding to the new cluster will be updated as some old

oundary points are no longer qualified as boundary points. In

hese three situations, points from the same global cluster are dis-

ributed to different local sites, updating local clustering results

ccordingly. 

For cases in Fig. 3 (1-a) and (1-b), some or all boundary points

f one cluster are surrounded by the boundary of another clus-

er. These two situations can be identified by the fact that one or

ore boundary points of a cluster are surrounded by the boundary

oints of another cluster (the set points in is not empty). The case

n Fig. 3 (1-c) can be identified by checking the distance between

he boundary points from two clusters and when the minimum

istance is sufficiently small (the set points close is not empty), the

wo clusters can be merged. The details of cluster processing are

resented in Algorithm 2 . 

The issue of determining whether a boundary point of a cluster

s surrounded by the boundary points of another cluster can be

educed to the problem of determining the relationship between a

ingle point and a series of points. For a point x to be surrounded

y a set of points boundary, x must be located in the denser area of

oundary , which means that x must be located at the same region

s the normal vector of boundary , as shown in Theorem 2 . 
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Fig. 4. Point j is the closest boundary point of cluster B for boundary point i of 

cluster A. Note that the cosine distance between the vector from point j to point i 

and the normal vector of point j is greater than 0 as the current set of boundary 

points is insufficient for specifying the shape of cluster B. (For interpretation of the 

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

article). 
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Theorem 2. A point x is surrounded by a set of boundary points

boundary if : 

cos (x − y, NV (y )) ≥ 0 (3.3)

where y ∈ 1 NN ( boundary, x ). 

According to Theorem 2 , the nearest neighbor y of x in bound-

ary is identified first and the cosine distance between x –y and the

normal vector of y is calculated. The result is then used to deter-

mine whether x is surrounded by boundary : if the cosine distance

is smaller than 0, then x is regarded as not being surrounded by

boundary ; Otherwise, x is surrounded by boundary . 

To make our method more robust, especially in the presence

of isolated boundary points located inside the cluster (inner points

misidentified as boundary points), we can use the m nearest neigh-

bors in boundary of x instead of the nearest neighbor. We calculate

the average position of the m neighbors denoted by y as well as

the average vector of the normal vectors of the m neighbors de-

noted by NV . Then, the cosine distance between x –y and NV is

obtained and if the value is greater or equal to 0, x is regarded

as being surrounded by boundary . The implementation details are

presented in Algorithm 3 . 

3.3. Local data partition 

After obtaining the global boundary and cluster information,

the global model is sent back to each local site where original data

points are to be clustered. All former non-noise points still belong

to a certain global cluster, which is the same cluster as their near-

est global boundary points. Meanwhile, former local noise points

may now belong to a cluster or still be regarded as noises. If a for-

mer noise point is surrounded by the boundary of a global cluster

(which can be checked using Algorithm 3 ), it will be assigned to

this cluster. Otherwise, it is still regarded as a noise point. 
Fig. 5. The original datasets and the extr
.4. Discussion 

The time complexity of DCUBI-DBSCAN mainly consists of three

arts: local processing for local models, global data fusion for the

lobal model and final local processing for final local data parti-

ion. Local processing consists of boundary detection and DBSCAN,

hich has the worst total time complexity of O (n log (n ) + r 2 ) when

dopting kd-tree where n is the number of data points and r

s the number of points selected as boundary points, which is

uch smaller than n . Since we select boundary points from the

riginal dataset and traditional clustering algorithms are only ap-

lied to these boundary points, the execution time of local clus-

ering can be reduced significantly, especially for clustering algo-

ithms with high time complexity. Global processing has time com-

lexity O (( c avg · n s ) 
2 n avg log ( n avg ))where c avg is the average cluster

umber of each site and n avg is the average number of boundary

oints in each cluster. The final local partition has time complexity

 ( n log ( n b )) where n b is the number of global boundary points. Due

o the flexibility of DCUBI, many traditional clustering algorithms

an be adopted as required. In particular, centralized clustering al-

orithms with high time complexity are expected to receive more

enefits in terms of time savings from our scheme. 

The possible factors that may influence the clustering results of

CUBI-DBSCAN are analyzed as follows: 

a) In high dimensional spaces, the Euclidean distance cannot re-

liably characterize the relative distances among data points.

Since DCUBI relies on the kNN search, the boundary points de-

tected may not be accurate for high dimensional datasets. The

proposed method can reliably deal with datasets less than 10

dimensions. The performance of other neighborhood queries

in high dimensional spaces will be investigated in our future

work. 

b) If the number of boundary points selected is insufficient, espe-

cially when the original dataset is small, the boundary points

cannot describe the cluster shape properly as they cannot form

a tightly enclosed shape. 

In Fig. 4 , an insufficient number of boundary points marked

n red are selected for both cluster A and cluster B. For bound-

ry point i of cluster A, its closest boundary point of cluster B is

oint j . Since the angle between the normal vector of point j and

he vector from point j to point i is less than 90 °, our algorithm

ill assume that point i is surrounded by the boundary points of

luster B and cluster A and cluster B will be merged incorrectly. 

. Experiments 

We mainly evaluated the effectiveness and scalability of DCUBI

ith DBSCAN and other well-known centralized clustering algo-

ithms (APCLUSTER and SC) were also plugged into DCUBI to

emonstrate its flexibility. We conducted the experiments on a

inux Workstation with dual Intel Xeon 2.0 GHz CPUs and 128 GB

AM. The effectiveness of DCUBI was measured using four popular

etrics: Adjusted Rand-Index (AR), Rand-Index (RI), Mirkin’s-Index
acted boundaries in two local sites. 
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Fig. 6. Four different relationships between the two clusters from two local sites. The three columns (from left to right) show the original data, the boundaries extracted 

separately and the global boundary after fusion. 
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MI) and Hubert’s-Index (HI) [29] . All metric values have maximum

alues 1 and a large value indicates that the two partitions are

imilar for AR, RI and HI while the reverse is the case for MI. The

fficiency of DCUBI was measured by the total time consumed lo-

ally and globally. 

.1. Quality 

.1.1. Basic fusion 

Firstly, we evaluated the effectiveness of boundary and cluster

usion based on the different situations discussed in Section 3.2 .

wo local sites were set up with each site having only a single

luster. Site 1 had a heart shape 2D data with 10,456 points and

ite 2 contained a smaller heart shape dataset with 8358 points.

n this experiment, 5% of data points were selected as boundary

oints, as shown in Fig. 5 . The four different relationships between
he two clusters are shown in Fig. 6 in which the three columns

epresent the original data, the original boundaries extracted and

he global boundary. The metric values were 1 for AR/RI/HI and 0

or MI, which indicates that the clustering results of DCUBI were

he same as the centralized clustering (ground truth). 

According to Fig. 6 , data in the first three cases were merged

nto a new single cluster while in the last case the two clus-

ers from the two sites were kept unchanged. Note that when

wo clusters are intersected with each other or one cluster is sur-

ounded by another one, some boundary points will become the

nner points of the new cluster and will be removed from the

lobal boundary point set. 

.1.2. Multiple fusion 

In the second experiment, there were six local sites with each

ite containing different numbers of clusters of varying sizes,
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Fig. 7. The original datasets in six local sites (1-a–1-f) and their corresponding boundaries (2-a–2-f). 

Fig. 8. The effect of boundary fusion: the combination of the original data from each local site (a); the original boundaries from each local site (b) and the resulting global 

boundaries (c). 
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as shown in Fig. 7 (1-a)–Fig. 7 (1-f). The data sizes were 24,300,

20,0 0 0, 90 0 0, 25,0 0 0, 90 0 0 and 15,0 0 0, respectively, and 1% of

data points were selected as the boundary points. The correspond-

ing local models (clusters and boundaries) are presented in Fig.

7 (2-a)–(2-f). The combination of all original data is presented in

Fig. 8 (a) while Fig. 8 (b) shows all original boundaries. After data
usion, the resulting global boundaries are shown in Fig. 8 (c), rep-

esenting three global clusters. The final data partition pattern of

ach site is presented in Fig. 9 . 

In Fig. 8 , we can see that the situation was quite complex with

ultiple sites and clusters. However, after boundary fusion imple-

ented in the global/central site, global boundaries can represent



Q. Tong et al. / Neurocomputing 275 (2018) 2355–2366 2363 

(a) (b) (c)

(d) (e) (f)

Site 1 Site 2 Site 3

Site 4 Site 5 Site 6

Fig. 9. The final data partition pattern in each local site. Data points belonging to the same global cluster are marked in the same color. Note the difference in grouping 

pattern compared to Fig. 7 . (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.) 

Fig. 10. The original data with three clusters and 34,500 points. 

Table 1 

The clustering quality with different site numbers using uniform partition. 

Site number 2 4 8 16 32 64 

AR 0.9789 0.9786 0.9786 0.9618 0.9687 0.5871 

RI 0.9897 0.9895 0.9895 0.9813 0.9847 0.7867 

MI 0.0103 0.0105 0.0105 0.0187 0.0153 0.2133 

HI 0.9793 0.9790 0.9790 0.9626 0.9693 0.5734 
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Table 2 

The clustering quality with different site numbers using random partition. 

Site number 2 4 8 16 32 64 

AR 0.9791 0.9786 0.9783 0.6757 0.5352 0.5046 

RI 0.9897 0.9895 0.9894 0.8312 0.7484 0.7320 

MI 0.0103 0.0105 0.0106 0.1688 0.2512 0.2680 

HI 0.9794 0.9790 0.9787 0.6624 0.4981 0.4640 
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he shape of global clusters properly, which can be exploited for

efining the local data partition in each site. For example, in site 4,

here were three clusters in the original local model while two of

hem were merged together once the global information was in-

roduced, as these two clusters were contained in the same global

luster. 

.1.3. #Site vs. effectiveness 

In the third experiment, we investigated the impact of site

umber on clustering quality. The original dataset had 34,500

oints consisting of 3 clusters, as shown in Fig. 10 . Furthermore,

e tested both uniform partition (same number of data points for

ach local site) as well as random partition (different number of

ata points for each local site) to provide more insights into the

erformance of distributed clustering. 

We first divided the dataset uniformly among sites with the

umber of sites varied from 2 to 64 and extracted 10% data from

ach local site as boundary points. The AR/RI/MI/HI values for dif-

erent site numbers are presented in the Table 1 . 
Next, we randomly divided the dataset among sites. To account

or the randomness, the AR/RI/MI/HI values in Table 2 were aver-

ged over 5 trials. 

According to Tables 1 and 2 , the general trend is that when the

umber of sites became large, the quality of distributed cluster-

ng dropped. This phenomenon was due to the fact that the data

ize of a single site could be quite small with a large number of

ites and 10% of data points were not sufficient to represent the

hape of clusters properly, leading to the issue described in Section

.4 ( Fig. 4 ) where two separate clusters are merged into a single

luster by mistake. 

.2. Time efficiency 

.2.1. #Site vs. running time 

The running time of DCUBI consists of three parts: local cluster-

ng (including boundary extraction), global cluster fusion and up-

ating of all local clustering results. For local clustering in the first

nd last steps, since all sites can process their data in parallel, the

ongest processing time was regarded as the running time of local

lustering. 

In the experiment, the original dataset contained 30 0,0 0 0 data

oints of 8 dimensions, which was composed of three Gaussian

lusters located relatively distant from each other. We randomly

ivided the 30 0,0 0 0 points equally among different sites while the

umber of sites varied from 2 to 20 and 1% of data points were se-

ected as the boundary points. The time consumed by each part for

ach site number is shown in Fig. 11 . Note that, the final cluster-

ng results were the same as the ground truth as the gaps among

hese clusters were large. 
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Fig. 11. The time consumed by each part of DCUBI with different numbers of sites. 
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Fig. 12. The speedup curves with regard to the size of the Gaussian mixture datasets. It shows that the local clustering procedure of DCUBI features good scalability and is 

significantly more time efficient than performing traditional clustering on the original dataset. 
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In Fig. 11 , when the site number increased from 2 to 20, the

total running time dropped from 164.8 s to 22.3 s. The main source

for time savings was from the local clustering, as each site had less

amount of data to be processed by DBSCAN. By contrast, when the

number of sites increased, the processing time on the global site

went up as more sites were involved in the cluster fusion process.

Note that as more and more sites are involved in the distributed

clustering, the amount of time saved by local clustering may be

less significant than the extra time required by global fusion and

the overall running time will not keep reducing. 

4.2.2. Scalability of local clustering 

As shown in Fig. 11 , if the local site has a large amount of data,

the main time consumed in DCUBI is on the local clustering pro-

cess. Compared to other distributed clustering methods, we first

extract the boundary points and clustering is only implemented on

the boundary points instead of performing clustering first and then

the local model extraction. In this experiment, we compared the

total time for boundary extraction and clustering on boundaries

with the time required by DBSCAN on the original dataset. The

datasets adopted followed the same distribution as the dataset in

4.2.1 but with different data sizes varied from 12,0 0 0 to 192,0 0 0.

The two methods produced identical clustering results and the
peedup curves for different αboundary values are plotted in Fig. 12 .

he speedup was up to more than 80 times in our experiments

ith data size of 192,0 0 0, which implies significant time savings

or local sites with large volume of data. Also, the less the number

f boundary points extracted, the less the processing time required

y the local clustering procedure of DCUBI. 

.3. Real dataset 

We further tested DCUBI on a real dataset about the major

elony incidents of New York City [30] . We chose the 2D crime

ocation data related to Queens, Brooklyn and Staten Island with

2,693 incidents on distinct locations in total. The dataset was dis-

ributed equally to different numbers of sites varied from 2 to 10

nd 10% of data points were selected as boundary points. Table 3

hows the comparison between our distributed clustering and cen-

ralized DBSCAN clustering (ground truth), showing extremely sim-

lar clustering results. 

.4. Flexibility 

The efficiency and effectiveness of the proposed distributed

lustering scheme have been demonstrated in the above
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Fig. 13. The dataset in site 1 (left), the dataset in site 2 (middle) and the global dataset (right). 

Fig. 14. The local models, global models and final clustering results of DCUBI-SC and DCUBI-APCLUSTER. The first row is the results of DCUBI-SC while the second row is the 

results of DCUBI-APCLUSTER. The first two columns represent the local models and the third column represents the global models. The fourth and fifth columns represent 

the final data partition of each site. Data points belonging to the same global cluster are marked in the same color in the last two columns. (For interpretation of the 

references to color in this figure legend, the reader is referred to the web version of this article). 

Table 3 

The clustering results of the felony incident dataset with 

different site numbers. 

Site number 2 4 6 10 

AR 0.9970 0.9951 0.9937 0.9352 

RI 0.9991 0.9986 0.9981 0.9816 

MI 0.0 0 09 0.0014 0.0019 0.0184 

HI 0.9982 0.9971 0.9963 0.9631 
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xperiments. Since DCUBI is a general distributed clustering

cheme, similar to DBSCAN, other clustering algorithms especially

hose with high time complexity can be also readily plugged into

CUBI. SC and APCLUSTER are two famous clustering algorithms

ith competent performance while both suffer from high time

omplexity: the time complexity of SC is O ( n 3 )and the time com-

lexity of APCLUSTER is O ( n 2 t ) where t is the number of iterations.

e applied these two clustering algorithms directly into DCUBI

ithout any modification to demonstrate the flexibility of DCUBI.

he dataset in each local site and the global dataset are shown

n Fig. 13 . The local models, global models as well as the final

artitions of the two clustering methods are shown in Fig. 14 .

n this relatively simple task, both algorithms produced correct

esults. Note that, two local clusters were merged into a single

luster after taking the global model into consideration, which is

emonstrated in Fig. 14 . In fact, any clustering algorithm that can

roperly group boundary points into clusters can be incorporated

nto the framework of DCUBI. 

. Conclusion 

In this paper, we presented DCUBI, a flexible and scalable

istributed clustering scheme, to deal with distributed clustering

roblems efficiently and effectively. The main idea is to perform

tandard clustering on selected boundary points first on each local

ite, to achieve efficient local clustering and obtain local models.
hen, boundary points and their cluster labels are sent to a cen-

ral site as the local representatives. The central site implements

oundary as well as cluster fusion to form labeled global boundary

oints as the global model. Finally, local sites update their local

lustering results with the help of the global model. By doing so,

lustering can be done both effectively and efficiently without the

eed to put all the data into a centralized site. 

In the experimental studies, we chose DBSCAN as the base clus-

ering algorithm in the hope to overcome its high time complexity

ssue and extend it to the scenario of distributed clustering. Exten-

ive experiments on both synthetic and real-world datasets con-

rmed that the proposed distributed clustering scheme can effi-

iently handle a variety of distributed datasets effectively, achiev-

ng almost identical clustering results as the original DBSCAN. We

lso demonstrated that other popular clustering algorithms with

igh time complexity such as APCLUSTER and SC can be directly

lugged into the framework of DCUBI. Certainly, other clustering

lgorithms with low time complexity can be also employed in the

ocal clustering process if the clustering tasks are simple. 

As to future work, it is important to further reduce the time

omplexity of boundary point selection and improve the applica-

ility of DCUBI to higher dimensional problems. To reduce the bur-

en on communication between the central site and local sites,

t is also desirable to minimize the number of boundary points

eeded while maintaining the clustering quality. 
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