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Abstract: Data mining plays a critical role in sustainable decision-making. Although the k-prototypes
algorithm is one of the best-known algorithms for clustering both numeric and categorical data,
clustering a large number of spatial objects with mixed numeric and categorical attributes is still
inefficient due to complexity. In this paper, we propose an efficient grid-based k-prototypes algorithm,
GK-prototypes, which achieves high performance for clustering spatial objects. The first proposed
algorithm utilizes both maximum and minimum distance between cluster centers and a cell, which
can reduce unnecessary distance calculation. The second proposed algorithm as an extension of the
first proposed algorithm, utilizes spatial dependence; spatial data tends to be similar to objects that
are close. Each cell has a bitmap index which stores the categorical values of all objects within the
same cell for each attribute. This bitmap index can improve performance if the categorical data is
skewed. Experimental results show that the proposed algorithms can achieve better performance
than the existing pruning techniques of the k-prototypes algorithm.
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1. Introduction

Sustainability is a concept for balancing environmental, economic and social dimensions with
decision-making [1]. Data mining in sustainability is a very important issue since sustainable
decision-making contributes to the transition to a sustainable society [2]. Data mining has been applied
to solve wildlife preservation and biodiversity, balancing socio-economic needs and the environment,
and large-scale deployment and management of renewable energy sources [3]. In particular, there is
growing interest in spatial data mining in making sustainable decisions in geographical environments
and national land policies [4].

Spatial data mining has become more and more important as spatial data collection increases due
to technological developments, such as geographic information systems (GIS) and global positioning
system (GPS) [5,6]. The four main techniques used in spatial data mining are spatial clustering [7],
spatial classification [8], the spatial association rule [9], and spatial characterization [10]. Spatial
clustering is a technique used to classify data with similar geographic and locational characteristics
into the same group. It is an important component used to discover hidden knowledge in a large
amount of spatial data [11]. Spatial clustering is also used in hotspot detection, which detects areas
where specific events occur [12]. Hotspot detection is used in various scientific fields, including crime
analysis [13–15], fire analysis [16] and disease analysis [17–20].
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Most spatial clustering studies have focused on finding efficient way to isolate groups used for
numeric data such as location information of spatial objects. However, many real-world spatial objects
have categorical data, not just numeric data. Therefore, if the categorical data impacts spatial clustering
results, the error value may be increased when the final cluster results are evaluated.

We have presented an example of disease analysis clustering using only spatial data. Suppose we
are collecting disease-related data for a region in terms of disease location (the latitude and longitude
on the global positioning system) and type of disease. The diseases are divided into three categories
(i.e., p, q and r). Figure 1 shows 10 instances of disease-related data. If the similar data are grouped
into three groups by only disease location, three groups are formed as follows: c1(p1, p2, p3, q4), c2(q1,
q2, q3), and c3(r1, r2, r3). The representative attribute of cluster c1 is set to p, so we are only concerned
with p. Therefore, when q occurs in the cluster c1 area, it is difficult to cope with. This is because three
clusters are constructed using only location information of disease occurrence (spatial data). If the
result from this example was used to affect a policy decision, it could result in a decision maker failing
to carry out the correct policy. This is because the decision maker cannot carry out the policy on avian
influenza in the area (20, 50).
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Figure 1. An example of clustering using location data.

Real world data is often a mixture of numeric data as well as categorical data. In order to apply
the clustering technique to real world data, algorithms that consider categorical data are required.
A representative clustering algorithm that uses mixed data is the k-prototypes algorithm [21]. The basic
k-prototypes algorithm has large time complexity due to the processing of all of the data. Therefore,
it is important to reduce the execution time in order to process the k-prototypes algorithm on large
amounts of data. However, only a few studies have been conducted on how to reduce the time
complexity of the k-prototypes algorithm. Kim [22] proposed a pruning technique to reduce distance
computation between an object and cluster centers using the concept of partial distance computation.
However, this method does not have high pruning efficiency due to the comparison of objects one by
one with the cluster center.

In an effort to improve performance, we propose an effective grid-based k-prototypes algorithm,
GK-prototypes, for clustering spatial objects. The proposed method makes use of the grid-based
indexing technique, which improves pruning efficiency by comparing distance between cluster centers
and a cell instead of distance between cluster centers and an object.

Spatial data can have geographic data as categorical attributes that indicate the characteristics
of the object as well as the location of the object. Geographic data tends to have spatial dependence.
Spatial dependence is the property of objects that are close to each other having increased
similarities [23]. For example, soil types or network types are more likely to be similar at points
one meter apart than at points one kilometer apart. Due to the nature of spatial dependence, the
categorical data included in spatial data is often skewed because of the position of the object. In an
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effort to improve the performance of a grid-based k-prototypes algorithm, we take advantage of spatial
dependence to the bitmap indexing technique.

The contributions of this paper are summarized as follows:

• We proposed an effective grid-based k-prototypes algorithm; GK-prototypes, which improves the
performance of a basic k-prototypes algorithm.

• We developed a pruning technique which utilizes the minimum and maximum distance on
numeric attributes and the maximum distance on categorical attributes between a cell and a
cluster center.

• We developed a pruning technique based on a bitmap index to improve the efficiency of the
pruning in case the categorical data is skewed.

• We provided several experimental results using real datasets and various synthetic datasets.
The experimental results showed that our proposed algorithms achieve better performance than
existing pruning techniques in the k-prototypes algorithm.

The organization of the rest of this paper is as follows. In Section 2, we overview spatial data
mining, clustering for mixed data, the grid-based clustering algorithm and existing pruning technique
in the k-prototypes algorithm. In Section 3, we first briefly describe notations and a basic k-prototypes
algorithm. The proposed algorithm is explained in Section 4. In Section 5, experimental results on real
and synthetic datasets demonstrate performance. Section 6 concludes the paper.

2. Related Works

2.1. Spatial Data Mining

Spatial data mining collectively refers to techniques that find useful knowledge from a set of
spatial data. In general, spatial data mining has been broadly divided into the following areas:
classification, association rule mining, co-location pattern mining, and clustering. Spatial classification
is the task of labeling related groups according to specific criteria through spatial data attributes
such as location information. As a method, research has been conducted on methods using decision
trees [8], artificial neural networks [24,25], and multi-relational techniques [26]. Spatial association
rule mining finds associations between spatial and non-spatial predicates. In [9], an efficient technique
for mining strong spatial association rules was proposed. Mennis et al. demonstrates the application
for the mining association rule from spatio-temporal databases [27]. Spatial co-location pattern mining
discovers the subsets of Boolean spatial features that are frequently located together in geographic
proximity [28]. Researches have been conducted to find spatial co-location patterns in spaces using
Euclidean distance [29] and road network distance [30]. Spatial clustering is generally classified into
partitioning based algorithms [31,32], density based algorithms [33,34], and grid-based algorithms
(see Section 2.3). Among the partitioning based methods, the best known algorithm is a k-means [31]
algorithm that classifies a dataset into k groups. Density-based spatial clustering of applications
with noise (DBSCAN) [33] which is well known among the density based methods, determines the
neighborhood of each datum and finds the groups considering the density of the data. Since all of
the above algorithms are algorithms for numeric data, they are not directly applied to mixed data
including categorical data.

2.2. Clustering for Mixed Data

Since real data is composed not only of numeric data but also of categorical data, clustering
algorithms have been developed to handle mixed data (numeric and categorical data). The k-prototypes
algorithm is the first proposed clustering algorithm to deal with mixed data types (numeric data and
categorical data), which integrates k-means and k-modes algorithms [21]. Ahmad and Dey proposed a
clustering algorithm based on k-means that handles mixed numeric and categorical data [35]. They
proposed a distance measure and new cost function based on the co-occurrence of values in dataset,
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and provided a modified description of the cluster center to overcome the numeric data-only limitation
of k-means algorithm. Hsu and Chen proposed a clustering algorithm based on variance and entropy
(CAVE) which utilizes variance to measure the similarity of numeric data and entropy to calculate the
similarity of categorical data [36]. Bohm et al. developed INTEGRATE to integrate the information
provided by heterogeneous numeric and categorical attributes [37]. They used probability distributions
based on information theory to model numeric and categorical attributes and minimized cost functions
according to the principle of minimum description length. Ji et al. developed a modified k-prototypes
algorithm which uses a new measure to calculate the dissimilarity between data objects and prototypes
of clusters [38]. The algorithm utilizes the distribution centroid rather than the simple modes for
representing the prototype of categorical attributes in a cluster. Ding et al. proposed an entropy-based
density peaks clustering algorithm which provides a new similarity measure for either numeric or
categorical attributes which has a uniform criterion [39]. Du et al. proposed a novel density peaks
clustering algorithm for mixed data (DPC-MD) which uses a new similarity criterion to handle the
three types of data: numeric, categorical, or mixed data for improving the original density peaks
clustering algorithm [40]. Gu et al. proposed a modified k-prototypes algorithm to obtain the capacity
of self-adaptive in discrete interval determination, which has overcome the shortcomings from common
methods in conditional complementary entropy [41]. Davoodi et al. proposed a deep rule-based fuzzy
system (DRBFS) which deals with a large amount of data with numeric and categorical attributes. The
DRBFS provides an accurate in mortality prediction in the intensive care units in which the hidden
layer is represented by interpretable fuzzy rules [42].

2.3. Grid-Based Clustering Algorithm

This subsection introduces grid-based algorithms mentioned in Section 2.2 in more detail.
Grid-based techniques have the fastest processing time. They depend on the number of the grid
cells instead of the number of objects in the data set [43]. The basic grid-based algorithm is as follows.
A set of grid-cells is defined. In general, these grid-based clustering algorithms use a single uniform
or multi-resolution grid cell to partition the entire dataset into cells. Each object is assigned to the
appropriate grid cell and the density of each cell is computed. The cells which maintain a degree of
density below a certain threshold are eliminated. In addition to the density of cells, the statistical
information of objects within the cell is computed. After that, the clustering process is performed on
the grid cells by using each cell’s statistical information instead of the objects itself.

The representative grid-based clustering algorithms are STING [44] and CLIQUE [45]. STING is a
grid-based multi-resolution clustering algorithm in which the spatial area is divided into rectangular
cells with a hierarchical structure. Each cell at a high level is divided into several smaller cells in
the next lower level. For each cell in the pre-selected layer, the relevancy of the cell is checked by
computing the confidence interval. If the cell is relevant, we include the cell in a cluster. If the cell
is irrelevant, it is removed from further consideration. We look for more relevant cells at the next
lower layer. This algorithm combines relevant cells into relevant regions and returns the clusters
obtained. CLIQUE is a grid-based and density-based clustering algorithm used to identify subspaces
of high dimensional data that allow better clustering quality than original data. CLIQUE partitions the
n-dimensional data into non-overlapping rectangular units. The units are obtained by partitioning
every dimension into certain intervals of equal length. The selectivity of a unit is defined as the total
data points contained within it. A cluster in CLIQUE is a maximal set of connected dense units within
a subspace. In a grid-based clustering study, the grid is used so that clustering is performed on the grid
cells, instead of on the objects themselves. Chen et al. [46] proposes an algorithm called GK-means,
which integrates grid structure and spatial index with a k-means algorithm. It focuses on choosing
the better initial centers in order to improve the clustering quality and reduce the computational
complexity of k-means.

Choi et al. proposed a k-partitioning algorithm for clustering large-scale spatio-textual dataset
which uses a grid-based space partitioning scheme [47]. The fundamental idea of this algorithm is
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that an object in a cell is already spatially close to the other objects in the same cell, so it is sufficient
to estimate their text cohesion. The grid-based approach has the disadvantage that the number of
objects in each cell can be significantly different depending on how data points are distributed in space.
To overcome this problem, this algorithm divides the entire set of objects into four subsets. The same
partitioning process is performed repeatedly for each subset in such a way that all objects in each
subset reside in one of the four quadrants. In this way, each cell will have a similar number of objects,
even if they are not equal in length.

Most existing grid-based clustering algorithms regard objects in same cell of grid as a data point to
process large scale data. Thus, the final clustering results of these algorithms are not the same as a basic
k-prototype cluster result; all the cluster boundaries are either horizontal or vertical. In GK-means,
the grid is used to select initial centers and remove noise data, but not used to reduce unnecessary
distance calculation. To the best of our knowledge, a grid-based pruning technique that improves the
performance of the k-prototypes algorithm has not been previously demonstrated.

2.4. Existing Pruning Technique in the K-Prototypes Algorithm

The k-prototypes algorithm spends most of the execution time computing the distance between
an object and cluster centers. In order to improve the performance of the k-prototypes algorithm,
Kim [22] proposed the concept of partial distance computation (PDC) which compares only partial
attributes, not all attributes in measuring distance. The maximum distance that can be measured in
one categorical attribute is 1. Thus, the distance that can be measured from the categorical attributes
is bound to the number of categorical attributes, m-p. Given an object o and two cluster centers
(c1 and c2), if the difference between dr(o, c1) and dr(o, c2) is more than m-p, we can know which clusters
are closer to the object without the distance by using the categorical attributes. However, PDC is
still not efficient because all objects are involved in the distance calculation and the characteristic
(i.e., spatial dependence) of spatial data is not utilized in the clustering process.

3. Preliminary

In this section, we present some basic notations and definitions before describing our algorithms,
and then discuss the basic k-prototypes algorithm. We summarize the notations used throughout this
paper in Table 1.

Table 1. A summary of notations.

Notation Description

O a set of data
oi i-th data in O
n the number of objects
m the number of attributes of an object
ci the i cluster center point
gk a cell of grid

d(oi, cj) a distance between an object and an cluster center
dr(oi, cj) a distance between an object and an cluster center for only numeric attributes
dc(oi, cj) a distance between an object and an cluster center for only categorical attributes

dmin(gi, cj) the minimum distance between a cell and a cluster center for only numeric attributes
dmax(gi, cj) the maximum distance between a cell and a cluster center for only numeric attributes

The k-prototypes algorithm integrates the k-means and k-modes algorithms to allow for clustering
data points described by mixed numeric and categorical attributes. Let a set of n objects be
O = {o1, o2, . . . , on} where oi = (oi1, oi2, . . . , oim) is consisted of m attributes. The purpose of clustering
is to partition n objects into k disjoint clusters C = {C1, C2, . . . , Ck} according to the degree of similarity
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of objects. The distance is used as a measure to group objects with high similarity into the same cluster.
The distance d(oi, Cj) between oi and Cj is calculated as follows:

d(oi, Cj) = dr(oi, Cj) + dc(oi, Cj) (1)

where dr(oi, Cj) is the distance between numeric attributes and dc(oi, Cj) is the distance between
categorical attributes.

dr
(
oi, Cj

)
=

p

∑
k=1

∣∣∣oik − cjk

∣∣∣2 (2)

dc
(
oi, Cj

)
=

m

∑
k=p+1

δ
(

oik, cjk

)
(3)

δ
(

oik, cjk

)
=

{
0, when oik = cjk
1, when oik 6= cjk

(4)

In Equation (2), dr(oi, Cj) is the squared Euclidean distance between an object and a cluster center
on the numeric attributes. dc(oi, Cj) is the dissimilar distance on the categorical attributes, where oik
and cjk, 1 ≤ k ≤ p, are values of numeric attributes, oik and cjk, p + 1 ≤ k ≤ m are values of categorical
attributes. That is, p is the number of numeric attributes and m-p is the number of categorical attributes.

Consider a set of n objects, O = {o1, o2, . . . , on}. oi = (oi1, oi2, . . . , oim) is an object represented by m
attribute values. The m attributes consist of mr (the number of numeric attributes) and mc (the number
of categorical attributes), m = mr + mc. The distance between an object and a cluster center, d(o, c), is
calculated by Equation (1). We adopt the data indexing technique based on the grid for pruning. The
grid is decomposed into rectangular cells. We define the cells that make up the grid.

Definition 1. A cell g in 2-dimension grid is defined by a start point vector S and an end point vector,
cell g = (S, T), where S = [s1, s2] and T = [t1, t2].

Figure 2 depicts a fixed grid-based indexing a collection of 17 points and illustrates an example of
definition of cells. Because objects have two numeric attributes, cells are defined in 2-dimension grid
as follows: g1 = ([0, 0], [10, 10]), and g2 = ([20, 20], [30, 30]).
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Definition 2. The minimum distance between a cell gi and a cluster center cj for numeric attributes, denoted
dmin(gi, cj), is:

dmin(gi, cj) =
√

∑mr
i=1

∣∣cji − ri
∣∣2, (5)
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where ri =


si i f cji < si
ti i f cji > ti
oi otherwise .

We use the classic Euclidian distance to measure the distance. If a cluster center is inside the cell,
the distance between them is zero. If a cluster center is outside the cell, we use the Euclidean distance
between the cluster center and the nearest edge of the cell.

Definition 3. The maximum distance between a cell gi and a cluster center cj for numeric attributes, denoted
dmax(gi, cj), is:

dmax(gi, cj) =
√

∑mr
i=1

∣∣cji − ri
∣∣2, (6)

where ri =

{
ti, cji ≤ si+ti

2
si, otherwise

To distinguish between the two distances dmin and dmax, an example is illustrated in Figure 3,
showing a cluster center (c1), two cells (g1 and g2) and the corresponding distances.
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In a grid-based approach, dmin(g, c) and dmax(g, c) for a cell g and cluster centers c, are measured
firstly before measuring the distance between an object and cluster centers. We can use dmin and dmax

to improve performance of k-prototypes algorithm. Figure 3 shows an example of pruning using dmin
and dmax. The object consists of 4 attributes (2 numeric and 2 categorical attributes).

In Figure 4, the maximum distance between g1 and c1, dmax(g1, c1) = 17(
√
(8− 0)2 + (15− 0)2).

The minimum distance between g1 and c2, dmin(g1, c2) = 20 (
√
(26− 10)2 + (22− 10)2). The dmax(g1,

c1) is three less than dmin(g1, c2). Therefore, all objects in g1 are closer to c1 than c2, if we are considering
only numeric attributes. To find the closest cluster center from an object, we have to measure the
distance by categorical attributes. If the difference between dmin and dmax is more than mc (maximum
distance by categorical attributes), however, the cluster closest to the object can be determined without
using the distance, but instead by using categorical attributes. In Figure 4, the categorical data of c1

is (a, z), and the categorical data of c2 is (b, y). Assume that there are no objects in g1 with ‘a’ in the
first categorical attribute and ‘z’ in second categorical attribute. Since dc(o, c1) of all objects in g1 is 2,
maximum distance of all objects in g1 is dmax(g1, c1) + 2. The maximum distance between c1 and objects
in g1 is not less than the minimum distance between c2 and objects in g1. We can know that all objects
in g1 are closer to c1 than c2.
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Lemma 1. For any cluster centers ci, cj and any cell gx, if dmin(gx, cj) − dmax(gx, ci) > mc then, ∀o∈gx, d(o, ci)
< d(o, cj).

Proof. By assumption, dmin(gx, cj) > mc + dmax(gx, ci). By Definition 2 and 3, dmin(gx, ci) ≤ d(ci, o) ≤
dmax(gx, ci) + mc, and dmin(gx, cj) ≤ d(cj, o) ≤ dmax(gx, cj) + mc. d(ci, o) ≤ dmax(gx, ci) + m < dmin(gx, cj) ≤
d(cj, o). ∀o∈gx, d(ci, o) < d(cj, o).

Lemma 1 is the basis for our proposed pruning techniques. In the process of clustering, we first
exploit Lemma 1 excluding cluster centers to be compared to objects.

4. GK-Prototypes Algorithm

In this section, we present two pruning techniques that are based on grids, for the purpose
of improving the performance of the k-prototypes algorithm. The first pruning technique is KCP
(K-prototypes algorithm with Cell Pruning) which utilizes dmin, dmax and the maximum distance on
categorical attributes. The second pruning technique is KBP (K-prototypes algorithm with Bitmap
Pruning) which utilizes bitmap indexes in order to reduce unnecessary distance calculation on
categorical attributes.

4.1. Cell Pruning Technique

The computational cost of the k-prototypes algorithm is most often encountered when measuring
distance between objects and cluster centers. To improve the performance, each object is indexed
into a grid by numeric data in the data preparation step. We set up grid cells by storing two types of
information. (a) The first is a start point vector S and an end point vector T, which is the range of the
numeric value of the objects to be included in the cell (see Definition 1). Based on this cell information,
the minimum and maximum distances between each cluster center and a cell are measured. (b) The
second is bitmap indexes, which is explained in Section 4.2.
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Algorithm 1 The k-prototypes algorithm with cell pruning (KCP)
Input: k: the number of cluster, G: the grid in which all objects are stored per cell
Output: k cluster centers

1: C[ ]← Ø // k cluster centers
2: Randomly choosing k object, and assigning it to C.
3: while IsConverged() do
4: for each cell g in G
5: dmin[], dmax[]← Calc(g, C)
6: dminmax← min(dmax[])
7: candidate← Ø
8: for j←1 to k do
9: if (dminmax + mc > dmin[j] ) // Lemma 1
10: candidate← candidate ∪ j
11: end for
12: min_distance← ∞
13: min_cluster← null
14: for each object o in g
15: for each center c in candidate
16: if min_distance > d(o, c)
17: min_cluster← index of c
18: end for
19: Assign(o, min_cluster)
20: UpdateCenter(C[c])
21: end for
22: end while
23: return C[k]

The details of cell pruning are as follows. First, we initialize an array C[j] to store the position of k
cluster centers, 1≤ j≤ k. Various initial cluster centers selection methods have been studied to improve
the accuracy of clustering results in the k-prototypes algorithm [48]. Since we aim at improving the
clustering speed, we adopt a simple method to select k objects randomly from input data and use them
as initial cluster centers.

In general, the result of the clustering algorithm is evaluated after a single clustering process
has been performed. Based on these evaluation results, it is determined whether the same clustering
process must be repeated or terminated. The iteration is terminated if the sum of the difference between
the current cluster center and the previous cluster center is less than a predetermined value (ε) as
an input parameter by users. In Algorithm 1, we determine the termination condition through the
IsConverged() function (line 3).

The Calc(g, C) function calculates the minimum and maximum distances between each cell g
and k cluster centers (C) for each cluster center (line 4). The min and max distance tables for c1 and
c2 are created as shown on the right side of Figure 5. The smallest distance among the maximum
distance for g1 is stored in the dminmax (line 5). In this example, 14.42 is stored in the dminmax. In the
iteration step of clustering (line 6), the distance between objects and k cluster centers is measured by
cells. The candidate stores the index number of the cluster center that needs to be measured from
the cell. Through Lemma 1, if dminmax+mc is greater than dmin[j], the j cluster center is included in
the distance calculation, otherwise it is excluded (lines 8–11). For all cluster centers, only the cluster
centers are to be measured and the distance from objects in the cell are finally left in the candidate. If
the number of categorical attributes is 4, the sum of 4 and the maximum distance (14.42) between c1

and g1 is less than the minimum distance (19) between c2 and g1 in this example. Therefore, the objects
in g1 are considered to be closer to c1 than c2, without calculating the distance to c2. Only c1 is stored in
the candidate, and c2 is excluded. All objects in the cell are measured from the cluster centers in the
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candidate, d(o, c), (line 16). An object is assigned to the cluster where d(o, c) is computed as the smallest
value using the Assign(o, min_cluster) function. The center of the cluster to which a new object is added
is updated by remeasuring its cluster center using the UpdateCenter(C[c]) function. This clustering
process is repeated until the end condition the IsConverged() returns a false.
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Figure 5. An example of minimum and maximum distance tables between 9 cells and 2 cluster centers. Figure 5. An example of minimum and maximum distance tables between 9 cells and 2 cluster centers.

4.2. Bitmap Pruning Technique

Spatial data tend to have similar categorical values in neighboring objects, and thus categorical
data is often skewed. If we can utilize the characteristics of spatial data, the performance of the
k-prototypes algorithm can be further improved. In this subsection, we introduce the KBP which can
improve the efficiency of pruning when categorical data is skewed.

The KBP stores categorical data of all objects within a cell in a bitmap index. Figure 6 shows
an example of storing categorical data as a bitmap index. Figure 6a is an example of spatial data.
The x and y attributes indicate location information of objects as numeric data, and z and w attributes
indicate features of objects as categorical data. For five objects in the same cell, g = {o1, o2, o3, o4, o5},
Figure 6b shows the bitmap index structure where a row presents a categorical attribute and a column
presents the categorical data of objects in same cell. A bitmap index consists of one vector of bits per
attribute value, where the size of each bitmap is equal to the number of categorical data in the raw
data. The bitmaps are encoded so that the i-th bit is set to 1 if the raw data has a value corresponding
to the i-th column in the bitmap index, otherwise it is set to 0. For example, value 1 in z row and c
column from the bitmap index means that value c exists in z attribute of the raw data. When the raw
data is converted to a bitmap index, object id information is removed. We can quickly check for the
existence of the specified value in the raw data using the bitmap index.
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A maximum categorical distance is determined by the number of categorical attributes (mc). If the
difference of two numeric distances between one object and two cluster centers, |dr(o, ci) − dr(o, cj)|,
is more than mc, we can determine the cluster center closer to the object without categorical distance.
However, since the numeric distance is not known in advance, we cannot determine the cluster center
closer to the object using only categorical distance. Thus, the proposed KBP is utilized in reducing
categorical distance calculations in the KCP. Algorithm 2 describes the proposed KBP. We explain only
the extended parts from the KCP.

Algorithm 2 The k-prototypes algorithm with bitmap pruning (KBP)
Input: k: the number of cluster, G: the grid in which all objects are stored per cell
Output: k cluster centers

1: C[ ]← Ø // k cluster center
2: Randomly choosing k object, and assigning it to C.
3: while IsConverged() do
4: for each cell g in G
5: dmin[], dmax[]← Calc(g, C)
6: dminmax← min(dmax[])
7: arrayContain[]← IsContain(g, C)
8: candidate← Ø
9: for j←1 to k do
10: if (dminmax + mc > dmin[j] ) // Lemma 1
11: candidate← candidate ∪ j
12: end for
13: min_distance← ∞
14: min_cluster← null
15: distance← null
16: for each object o in g
17: for each center c in candidate
18: if (arrayContain [c] == 0)
19: distance = dr(o, c) + mc

20: else
21: distance = dr(o, c) + dc(o, c)
22: if min_distance > distance
23: min_cluster← index of cluster center
24: end for
25: Assign(o, min_cluster)
26: UpdateCenter(C)
27: end for
28: end while
29: return C[k]

To improve the efficiency of pruning categorical data, the KBP is implemented by adding two steps
to the KCP. The first step is to find out whether the categorical attributes value of each cluster centers
exists within the bitmap index of the cell by using the IsContain() function (line 7). The IsContain()
function compares the categorical data of each cluster center with the bitmap index and returns 1
if there is more than one of the same data in the corresponding attribute. Otherwise, it returns 0.
Demonstrated in Figure 6b, assume that we have a cluster center, ci = (2, 5, D, A). The bitmap index
does not have D in the z attribute and A in the w attribute. In this case, we know that there are no
objects in the cell that have D in the z attribute and A in the w attribute. Therefore, the maximum
categorical distance between all objects belonging to a cell and cluster center ci is 0. Assume that
we have another cluster center, cj = (2, 5, A, B). The bitmap index has A in the z attribute and B in
the w attribute. In this case, we know that there are some objects in the cell that have A in the z
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attribute or b in the w attribute. If one or more objects with the same categorical value are found in
the corresponding attribute, the categorical distance calculation must be performed for all objects in
the cell in order to determine the correct categorical distance. Finally, arrayContain[i] stores the result
of the comparison between the i-th cluster center and the cell. In lines 8–12, the cluster centers that
need to measure distance with each cell g are stored in the candidate, similar to the KCP. The second
extended part (lines 18–23) is used to determine whether or not to measure the categorical distance
using arrayContain. If arrayContain[i] has 0, the mc is directly used as the result of the categorical
distance without measuring the categorical distance (line 19).

4.3. Complexity

The complexity of the basic k-prototypes algorithm depends on the complexity of the classic
Lloyd algorithm O(nkdi), where n is the number of objects, k the number of cluster centers, d the
dimensionality of the data and i the number of iterations [49]. The complexity of the basic k-prototype
algorithm is mainly dominated by the distance computation between objects and cluster centers.
If our proposed algorithms cannot exclude objects from a distance computation in the worst case, the
complexities of the proposed algorithms are also O(nkdi). However, our proposed algorithms based
on heuristic techniques (KCP and KBP) can reduce the number of cluster centers to be computed,
k’ ≤ k, and the number of dimensions to be computed, d’ ≤ d. Therefore, the time complexities of our
proposed algorithms are O(nk’d’i), k’ ≤ k and d’ ≤ d.

For space complexity, KCP requires O(nd) to store the entire dataset, O(gmr), where g is the number
of cells, to store the start point vector S and the end point vector T of each cell, O(ktmc), where t is
the number of categorical data, to store the frequency of categorical data in each cluster and O(kd)
to store cluster centers. KBP requires O(gtmc) to store the bitmap index in each cell, where g is the
number of cells. Therefore, the space complexities of KCP and KBP are O(nd + gmr + ktmc + kd) and
O(nd + gmr + ktmc + kd + gtmc), respectively.

5. Experiments

In this section, we evaluate the performance of the proposed GK-prototypes algorithms.
For performance evaluation, we compare a basic k-prototypes algorithm (Basic), partial distance
computation pruning (PDC) [22] and our two algorithms (KCP and KBP). We examined the
performance of our algorithms as the number of objects, the number of clusters, the number
of categorical attributes and the number of divisions in each dimension increased. In Table 2,
the parameters used for the experiments are summarized. The righthand column of the table illustrates
the baseline values of the various parameters. For each set of parameters, we perform 10 sets of
experiments and the average values are reported. Even under the same parameter values, the number
of clustering iterations will vary if the input data is different. Therefore, we measure the performance
of each algorithm with the average execution time it takes for clustering to repeat once.

Table 2. Parameters for the experiments.

Parameter Description Baseline Value

n no. of objects 1000 K
k no. of clusters 10

mr no. of numeric attributes 2
mc no. of categorical attributes 5
s no. of division in each dimensions 10

The experiments are carried out on a PC with Intel(R) Core(TM) i7 3.5 GHz, 32GB RAM. All the
algorithms are implemented in Java.
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5.1. Data Sets

The experiments use both real datasets and synthetic datasets. We generate various synthetic
datasets with numeric attributes and categorical attributes. For numeric attributes in each dataset,
two numeric attributes are generated in the 2D space [0, 100] × [0, 100] to indicate an object’s location.
Each object is assigned into s × s cells within a grid using numeric data. The numeric data is generated
according to uniform distributions in which numeric data is selected [0, 100] randomly or with
Gaussian distributions with mean = 50 and standard deviation = 10. The categorical data is generated
according to uniform distributions or skewed distributions. For uniform distributions, we select a
letter from A to Z randomly. For skewed distributions, we generate categorical data in such a way
that objects in same cell have similar letters based on their numeric data. For real datasets, we use the
postcodes with easting, northing, latitude, and longitude which contains 1,048,576 British postcodes
(from https://www.getthedata.com/open-postcode-geo).

5.2. Effects of the Number of Objects

To illustrate scalability, we vary the number of objects from 100 K to 1000 K. Other parameters are
given baseline values (Table 2). Figures 7–10 show the effect of the number of objects. Four graphs are
shown in a linear scale. For each algorithm, the runtime per iteration is approximately proportional to
the number of objects.

In Figure 7, KBP and KCP outperforms PDC and Basic. However, there is little difference in the
performance between KBP and KCP. This is because if the categorical data has uniform distribution,
most of the categorical data exists in the bitmap index. In this case, KBP is the same performance
as KCP.

In Figure 8, KBP outperforms KCP, PDC and Basic. For example, KBP runs up to 1.1, 1.75 and
2.1 times faster than KCP, PDC and Basic, respectively (n = 1000 K). If categorical data is on a skewed
distribution, KBP is effective at improving performance. As the size of the data increases, the difference
in execution time increases. This is because as the data size increases, the amount of distance calculation
increases, while at the same time the number of objects included in the cluster being pruned increases.
In Figure 9, KCP outperforms PDC. Even if the numeric data is on a Gaussian distribution, cell pruning
is effective at improving performance.

In Figure 10, KBP outperforms KCP, PDC and Basic on real datasets. For example, KBP runs up to
1.1, 1.23 and 1.42 times faster than KCP, PDC and Basic, respectively (n = 1000 K). KBP is effective at
improving performance because the categorical data of the actual data is not uniform. As the size of
the data increases, the difference in execution time increases. The reason is because as the data size
increases, the amount of distance calculation increases, while at the same time the number of objects
included in the cluster being pruned increases.

https://www.getthedata.com/open-postcode-geo
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5.3. Effects of the Number of Clusters

To confirm the effects of the number of clusters, we vary the number of clusters, k, from 5 to 20.
Other parameters are kept at their baseline values (Table 2). Figures 11–14 show the effects of the
number of clusters. Four graphs are also shown in a linear scale. For each algorithm, the runtime is
approximately proportional to the number of clusters.
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In Figure 11, KBP and KCP also outperform PDC and Basic. However, there is also little difference
in performance between KBP and KCP. This is because if the categorical data has uniform distribution,
most of the categorical data exists in the bitmap index similar to Figure 7.

In Figure 12, KBP outperforms KCP, PDC and Basic. For example, KBP runs up to 1.13, 1.71
and 2.01 times faster than KCP, PDC and Basic, respectively (k = 10). This result indicates that KBP
is effective for improving performance even if categorical data is on a skewed distribution. As the
number of clusters increases, the difference in execution time increases. This is also because as the
data size increases, the amount of distance calculation increases, while at the same time the number of
objects included in the cluster being pruned increases in a similar way to Figure 8. In Figure 13, KCP
also outperforms PDC and Basic. Even if the numeric data is on a Gaussian distribution, KCP is also
effective at improving performance.

In Figure 14, KBP outperforms KCP, PDC and Basic on real datasets. For example, KBP runs
up to 1.09, 1.68 and 2.14 times faster than KCP, PDC and Basic, respectively (k = 10). As the number
of clusters increases, the difference in execution time increases. This is also because as the data size
increases, the amount of distance calculation increases, while at the same time the number of objects
included in the cluster being pruned increases in a similar way to Figure 8. In Figure 14, KCP also
outperforms PDC and Basic. Even if the numeric data is on a Gaussian distribution, KCP is also
effective at improving performance.
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5.4. Effects of the Number of Categorical Attributes

To confirm the effects of the number of categorical attributes, we vary the number of categorical
attributes from 5 to 20. Other parameters are given baseline values. Figure 15 shows the effect of
the number of categorical attributes. The graph is also shown in a linear scale. For each algorithm,
the runtime per iteration is approximately proportional to the number of categorical attributes. KBP
outperforms KCP and PDC. For example, KBP runs up to 1.13 and 1.71 times faster than KCP and PDC,
respectively (mc = 5). Even if the number of categorical attributes increases, the difference between the
execution time of KCP and PDC is kept almost constant. The reason is that KCP is based on numeric
attributes and is not affected by the number of categorical attributes.
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5.5. Effects of the Size of Cells

To confirm the effects of the size of cells, we vary the number of cells from 5 to 20. Other
parameters are given baseline values (Table 2). Figure 16 shows the effect of the number of divisions
in each dimension. KBP and KCP outperform PDC. In Figure 16, the horizontal axis is the number
of divisions of each dimension. As the number of divisions increases, the size of the cell decreases.
As the cell size gets smaller, the distance between the cell and cluster centers can be measured more
accurately. There is no significant difference in execution time according to the size of the cell by each
algorithm. This is because the distance calculation between the cell and the cluster center is increased
in proportion to the number of cells. The bitmap index stored by the cell is also increased.
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6. Conclusions

In this paper we proposed an efficient grid-based k-prototypes algorithm, GK-prototypes, that
improves performance for clustering spatial objects. We developed two pruning techniques, KCP
and KBP. KCP, which uses both maximum and minimum distance between cluster centers and
a cell, improves performance more than PDC and Basic. KBP is an extension of cell pruning
to improve the efficiency of pruning in case a categorical data is skewed. Our experimental
results demonstrate that KCP and KBP outperform PDC and Basic, and KBP outperforms KCP,
except with uniform distributions of categorical data. These results lead us to the conclusion that
our grid-based k-prototypes algorithm achieves better performance than the existing k-prototypes
algorithm. The grid-based indexing technique for numeric attributes and a bitmap indexing technique
for categorical attributes are effective at improving the performance of the k-prototypes algorithm.

As data has grown exponentially and more complex, traditional clustering algorithms face great
challenges dealing with them. In future work, we may consider optimized pruning techniques of the
k-prototypes algorithm in a parallel processing environment.
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