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Abstract. Spatial clustering with constraints has been a new topic in spatial
data mining. A novel Spatial Clustering with Obstacles Constraints (SCOC) by
dynamic piecewise-mapped and nonlinear inertia weights particle swarm opti-
mization is proposed in this paper. The experiments show that the algorithm can
not only give attention to higher local constringency speed and stronger global
optimum search, but also get down to the obstacles constraints and practicalities
of spatial clustering; and it performs better than PSO K-Medoids SCOC in
terms of quantization error and has higher constringency speed than Genetic K-
Medoids SCOC.

Keywords: Spatial Clustering with Obstacles Constraints, Particle Swarm Op-
timization, Dynamic Piecewise Linear Chaotic Map, Dynamic Nonlinear Inertia
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1 Introduction

Spatial clustering with constraints has been a new topic in spatial data mining. Spatial
clustering with constraints has two kinds of forms [1]. One kind is Spatial Clustering
with Obstacles Constraints (SCOC), such as bridge, river, and highway etc. whose
impact on the result should be considered in the clustering process of large spatial
data. Ignoring the constraints leads to incorrect interpretation of the correlation among
data points. The other kind is spatial clustering with handling operational constraints,
it consider some operation limiting conditions in the clustering process. In this paper,
we mainly discuss SCOC.

Since K.H.Tung put forward a clustering question COE (Clustering with Obstacles
Entities) [2] in 2001, a new studying direction in the field of clustering research have
been opened up. To the best of our knowledge, only four clustering algorithms
for clustering spatial data with obstacles constraints have been proposed very re-
cently: COD-CLARANS [2] based on the Partitioning approach of CLARANS,
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AUTOCLUST+ [3] based on the Graph partitioning method of AUTOCLUST,
DBCluC [4-5] based on the Density-based algorithm, and GKSCOC [6] based on
Genetic algorithms (GAs) and Partitioning approach of K-Medoids. Although these
algorithms can deal with some obstacles in the clustering process, many questions
exist in them [6].

PKSCOC based on Particle Swarm Optimization (PSO) and K-Medoids is pre-
sented [7] by us. However, the performance of simple PSO depends on its parameters,
it often getting into local optimum and fails to converge to global optimum. A lot of
improved methods were presented by many scholars, e.g. the paper [8-9] presented
the Quantum PSO algorithm, and the paper [10-12] presented the Chaotic PSO algo-
rithm. Recently, Dynamic Piecewise-mapped and Nonlinear Inertia Weights PSO
(PNPSO) is proposed in [13]. Experiments and comparisons demonstrated that
PNPSO outperformed several other well-known improved PSO algorithms on many
famous benchmark problems in all cases.

This article developed a novel spatial clustering with obstacles constraints by
PNPSO to cluster spatial data with obstacles constraints, which called PNPKSCOC.
The contrastive experiments show that PNPKSCOC is better than PKSCOC in terms
of quantization error and has higher constringency speed than GKSCOC.

The remainder of the paper is organized as follows. Section 2 introduces PNPSO
algorithm. Section 3 presents PNPKSCOC. The performances of PNPKSCOC are
showed in Section 4, and Section 5 concludes the paper.

2 Dynamic Piecewise-Mapped and Nonlinear Inertia Weights PSO

2.1 Classical PSO

PSO is a population-based optimization method first proposed by Kennedy and Eber-
hart. The mathematic description of PSO is as the following. Suppose the dimension
of the searching space is D, the number of the particles is n. Vector

X, =(x,,X,,...,X,) Tepresents the position of the " particle and
pbest, = (p,,, Dy»-.., P;p) 1s its best position searched by now, and the whole particle
swarm's  best  position is  represented  as gbest =(g,,g,,....8,).Vector
V, = (V;,V;y»---» V) is the position change rate of the i" particle. Each particle updates
its position according to the following formulas:

Vi (t+1) = wv, (0) + ¢ rand O[p;y (1) - x4 (D] +c randOlg, (1) - x, (1)] (D
x,+)=x,@®)+v,@t+1),1<i<n, 1<d<D 2)

where c, and ¢ , are positive constant parameters, Rand() is a random function with

the range [0, 1], and w is the inertia weight. Eq.1 is used to calculate the particle's
new velocity, the particle flies toward a new position according to Eq.2.
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2.2 Coordinate PSO with Dynamic Piecewise Linear Chaotic Map and Dynamic
Nonlinear Inertia Weights

2.2.1 Dynamic Piecewise Linear Chaotic Map
The well-known Piecewise linear chaotic map is defined as follows [10]:

_{ x,/ pe, x,€(0,pc)
t+1 T

3)
(-x)/(1=p). x € (peD)

where pe is the control parameter and X is a variable. Although Eq.3 is determinis-
tic, it exhibits chaotic dynamics in (0, 1) when pc € (0,0.5) U (0.5,1) . The newly in-

troduced dynamic Piecewise linear chaotic map [14] is incorporated into the PSO
inertia weight which is described in equations (4) and (5).

o= amax - (amax - amin )( iter \J (4)

ier, ..

w=o+(—-a)Pmap (5)

where a is the dynamic chaotic inertia weight adjustment factor, a_, and a;, rep-

X
resent the maximum and minimum values of a respectively, iter is the current itera-
tion number, ifer_  is the maximum iteration number, and Pmap is the result of

max

Piecewise linear chaotic map.

2.2.2 Dynamic Nonlinear Equations

To achieve trade-off between exploration and exploitation, two types of dynamic
nonlinear inertia weights are introduced [13]. In this paper, the first type is proposed
in equations (6) and (7):

dnl =dnl_ +(dnl_ —dnl__ )( ter ] ©6)
ier, ..
it it dnl
w= Wmin + (Wmax - Wmin ) [M\J (7)
ier, ..

where dnl represents the dynamic nonlinear factor, w represents the inertia weight,

W, and w, . represent the maximum and minimum value of w respectively, dnl_

max min

and dnl_, represent the maximum and minimum value of dnl respectively,

iter represents the current iteration number, and ifer,  represents the maximum itera-

X

tion number.

2.2.3 Parallel Inertia Weight Adjustment
To avoid the premature convergence problem and to achieve the balance between
global exploration and local exploitation, dynamic Piecewise linear chaotic map and
dynamic nonlinear equations are used in parallel to dynamically adjust PSO inertia
weight w, which is described as follows[13]:
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Initialize all the parameters.
repeat
Evaluate the fitness values of all the particles

ift f, = f,,
Equations (4), (5), (1) and (2) are employed
Elseif f, < f,,

Equations (6), (7), (1) and (2) are employed
endif
until (a termination criterion is met)
where f; is the fitness value of particle i and f,,, is the average fitness value of the

whole population.

3 Spatial Clustering with Obstacles Constraints by PNPSO

3.1 Motivating Concepts

To derive a more efficient algorithm for SCOC, the following definitions are first
introduced.

Definition 1 ( Visibility graph). Given a set of m obstacle, O = (0,,0,,...,0,,) ,the visi-
bility graph is a graph VG = (V, E) such that each vertex of the obstacles has a corre-
sponding node in V , and two nodes v, and v, in V are joined by an edge in E if and

only if the corresponding vertices they represent are visible to each other.
To generate VG , we use VPIA (VGRAPH Point Incorporation Algorithm) as pre-
sented in [14].

Definition 2 (Obstructed distance). Given point p and point g , the obstructed distance
d,(p,q)is defined as the length of the shortest Euclidean path between two
points p and g without cutting through any obstacles.

We can use Dijkstra Algorithm to compute obstructed distance. The simulation re-
sult is in Fig.1 and the red solid line represents the obstructed distance we got.

Fig. 1. Visibility graph and Obstructed distance
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3.2 Spatial Clustering with Obstacles Constraints by Improved K-Medoids

K-Medoids algorithm is adopted for SCOC to avoid cluster center falling on the ob-
stacle. Square-error function is adopted to estimate the clustering quality, and its defi-
nition can be defined as:
Ne 2
E=% ¥ d(pmj) (8)
j=lpeC J

where n.is the number of cluster Cj s mj is the cluster centre of cluster Cj , d(p,q) is

the direct Euclidean distance between the two points p and g .

To handle obstacle constraints, accordingly, criterion function for estimating the
quality of spatial clustering with obstacles constraints can be revised as:

N
E,= 3 T ,(pm) ©)
j=1lpe Cj
where d,(p,q)is the obstructed distance between point p and point g .
The method of IKSCOC is adopted as follows [4].

1. Select c objects to be cluster centers at random;

2. Assign remaining objects to nearest cluster center;
3. Calculate E according to Eq.9;

4. While ( E, changed) do {Let current E = E_;
5. Select a not centering point to replace the cluster center mj randomly;

6. Assign objects to the nearest center;
7. Calculate E according to Eq.8;

8. If E>currentE, goto5;

9. Calculate E_;

10. If E, < current E , form new cluster centers}.
While IKSCOC still inherits two shortcomings, one is selecting initial value randomly

may cause different results of the spatial clustering and even have no solution, the
other is that it only gives attention to local constringency and is sensitive to an outlier.

3.3 Spatial Clustering with Obstacles Constraints Based on PNPSO and
Improved K-Medoids
In the context of clustering, a single particle represents the . cluster centroid. That
is, each particle X, is constructed as follows:
X; = (my e,y ) (10)

th

where m;; refers to the j™ cluster centroid of the i” particle in cluster C, - Here, the

objective function is defined as follows:
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=1
f(xl-)—/Ji (11)

N(,'
Ji= X X d,(pm)) (12)
Jj=1pe(;

The PNPKSCOC is developed as follows.

1. Execute the IKSCOC algorithm to initialize one particle to contain n. selected
cluster centroids;

2. Initialize the other particles of the swarm to contain ~. selected cluster cen-
troids at random;

3. Fortr=1tos do{

4. For i =1 to no_of_particles do {
5. For each object pdo {

6 Calculate d, (p,m,) ;
7. Assignobject p to cluster C;; such that d (p,m;)=minve=1,. N {d,(p.m.)}:
8

Evaluate fitness of particle according to Eq.11;
9. if f; > f,,. Update particles using equations (4), (5), (1) and (2);

avg

10.  Elseif f; < f, , Update particles using equations (6), (7), (1) and (2) ;

avg

11.  Update Pbest ;
12.  Update Pgbest ;

13.  Iflivll £¢, terminate }
14. Select two other particles j and k (i # j # k ) randomly;

15. Optimize new individuals using IKSCOC}
16. Output.

where ;  is the maximum number of iteration for PNPSO. STEP 16 is to improve

the local constringency speed of PNPSO.

4 Results and Discussion

We have made experiments separately by K-Medoids, IKSCOC, GKSCOC,
PKSCOC, and PNPKSCOC.n=50 , ¢,=¢, =2, t, =100. Fig.2 shows the results

on real Dataset. Fig.2 (a) shows the original data with river obstacles. Fig.2 (b) shows
the results of 4 clusters found by K-Medoids without considering obstacles con-
straints. Fig.2(c) shows 4 clusters found by IKSCOC. Fig.2(d) shows 4 clusters found
by GKSCOC. Fig.2 (e) shows 4 clusters found by PNPKSCOC. Obviously, the results
of the clustering illustrated in Fig.2(c), Fig.2 (d) , and Fig.2(e) have better practicali-
ties than that in Fig.2 (b), and the ones in Fig.2 (e) and Fig.2 (d) are both superior to
the one in Fig.2(c). So, it can be drawn that PNPKSCOC is effective and has better
practicalities.

max
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Fig.3 is the value of J showed in every experiment on Datasetl by IKSCOC,
PKSCOC, and PNPKSCOC respectively. It is showed that IKSCOC is sensitive to
initial value and it constringes in different extremely local optimum points by starting
at different initial value while PNPKSCOC constringes nearly in the same optimum
points at each time, and PNPKSCOC is better than PKSCOC.

Fig.4 is the constringency speed in one experiment on Datasetl. It is showed that
PNPKSCOC constringes in about 12 generations while GKSCOC constringes in
nearly 25 generations. So, it can be drawn that PNPKSCOC is effective and has
higher constringency speed than GKSCOC.

Therefore, we can draw the conclusion that PNPKSCOC has stronger global con-
stringent ability than PKSCOC and has higher convergence speed than GKSCOC.

(b)

(d) (e)

Fig. 2. Clustering Dataset
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Fig. 3. PNPKSCOC vs. IKSCOC, PKSCOC Fig. 4. PNPKSCOC vs. GKSCOC

5 Conclusions

In this paper, we developed a novel spatial clustering with obstacles constraints by
dynamic piecewise-mapped and nonlinear inertia weights particle swarm optimization
to cluster spatial data with obstacles constraints. The proposed method is also
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compared with some other algorithms to demonstrate its efficiency and the experi-
mental results are satisfied.
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