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Abstract. DBSCAN is one of the most popular clustering algorithms that could handle
clusters which have characteristics of arbitrary shape, multiple densities and noises. How-
ever, its accuracy depends on the right selection of the two parameters, MinPts and Eps.
There have been numerous research works to overcome this issue by developing parameter
free clustering algorithm. We propose a clustering algorithm which uses Data Point Po-
sitioning Analysis (DPPA) to analyze the relationship of each point to all points based on
two nearest neighbor concepts, namely 1-NN and Max-NN. The algorithm is applied on
13 benchmark datasets that have been applied in many clustering algorithms with three-
dimensional data and subsequently on higher dimensional data with sixteen attributes.
The performance of the algorithm is visually compared with the three-dimensional graph
plotting at various angles to determine the actual number of clusters. For the higher
dimensional data, Silhouette coefficient is used to measure the performance. For both ex-
perimental results, the DPPA algorithm is compared against DBSCAN. The results show
that the DPPA algorithm is comparable to the performance of DBSCAN algorithm such
that it manages to detect arbitrary cluster shapes, identify the number of clusters and
manage the data sets with noises.
Keywords: Clustering algorithm, Unsupervised learning, Parameter free clustering al-
gorithm, DBSCAN

1. Introduction. Clustering is an unsupervised machine learning technique that is ex-
tensively used for analyzing unlabeled data for different purposes such as image segmen-
tation, text retrieval or business data analytics [1]. The traditional clustering techniques
have been extensively applied to these problems, but they require some pre-conditions
such as prior knowledge about the nature of data to initiate a good guess about the
number of clusters such as in K-means algorithm [2], the number of neighbors such as
KNN algorithm [3] and the feature selections to discriminate the clusters effectively when
using algorithms such as hierarchical clustering or agglomerative clustering which require
comparisons of data points based on their feature similarities or dissimilarities. Another
challenge is that some of these traditional techniques do not exhibit optimal performance
for clusters with irregular shapes and noises. Hence, more robust algorithms that do not
depend on the prior knowledge of the number of clusters are developed such as DBSCAN
[4], DDC [5], DSETS [6], Mean-shift algorithm [7,8] and Affinity Propagation [9]. The
interests to reduce the dependability to initial parameters had been shown within the
research on DBSCAN algorithm itself as well as other alternative algorithms which work
towards parameter free algorithm. It is called as parameter free algorithm as the aim of
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the algorithm is to bypass the manual guess in the initial parameter setting prior to its
execution. Hence, the focus of this work is mainly on parameter free algorithm.

2. Related Work. The past researches in reducing the burden in setting the initial
parameters for DBSCAN are classified into three types which are

• Automatic parameter determination algorithm – the standard MinPts and Eps are
required but these parameters are determined automatically;
• Reduced DBSCAN parameter algorithm – either the MinPts or Eps parameters is
avoided to reduce the dependencies to both parameters;
• Alternative parameter free determination algorithm – an alternative strategy to avoid
using both MinPts and Eps or any manual parameter setting. Hence, some of these
algorithms are alternative to DBSCAN and may be dependable to other parameters
but free from the need of setting the parameters manually.
◦ Automatic parameter determination algorithm – The work by Chen [10]
seeks to improve the DBSCAN as it can handle multi-density data distribu-
tion. It scans each data to determine the M value which is the number of data
points surrounding it using the Eps that is to automatically determine using the
non-parametric kernel density estimation. The data object that has the largest
M will be the core object for the cluster. The MinPts is determined based on
the M value of the current core object and the maximum M value for the entire
datasets. Each data point is analyzed in order to determine the M value and this
process is repeated after the core object is known. The time complexity for this
algorithm is O(n2). The strength of the algorithm is that it is adaptive to the
variations of the density subject to the accuracy in determining the bandwidth
h value of KDE. DSETS-DBSCAN is another type of algorithm that determines
DBSCAN parameters automatically based on the concept of dominant set of da-
ta [11]. Dominant sets satisfy the constraints of high internal similarity and low
external similarity. The process reveals partitions of data sets which are then fed
to DBSCAN as cluster. Subsequently, DBSCAN procedure is applied using fixed
MinPts = 3 and Eps that is derived from dominant sets. A similar attempt by
Sharma and Sharma [12] proposes the use of KNN method (instead of dominant
sets) as an alternative to find the kernel of the density. The kernel that has been
determined is converted as cluster in which the standard DBSCAN procedure is
applied. The MinPts is calculated based on the size of the clusters and Eps is
calculated based on the maximum distance of 3rd nearest neighbor for all points.
The values of MinPts and Eps can be automatically determined using an opti-
mization method such as genetic algorithm. Azhir et al. [13] introduce NSGA-II
(Non-dominated Sorting Genetic Algorithm) which starts with initial generation
of population. DBSCAN method is applied to generating possible clusters. The
objective functions are calculated using the fitness function and the standard
genetic algorithm procedures (mutation, selection and crossover) are performed
iteratively. The DBSCAN procedure is applied when data point is assigned in-
crementally to cluster. The process is repeated until the best value of MinPts
and Eps are obtained. Another strategy in determining the two DBSCAN param-
eters automatically is to perform geometrical analysis on the data sets. Kinsuk
et al. [14] apply Convex Hull and Voronoi to constructing the corresponding
Empty Circle (EC) in which the radius (Eps) is determined and uses Silhouette
Score to determine the MinPts. Another recent work is done by Mu et al. [15]
where each data is profiled with KNN graph. The valley of the graph is used
to calculate the Eps and MinPts. The fitness function is applied to determining
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the best values of both parameters. Another interesting work in determining the
two DBSCAN parameters is done by Hossain et al. [16] in which the mean value
of the distance for a data point to all other points is calculated and this is re-
peated for all data points. The data point with the smallest minimum value is
considered as having the highest density. Subsequently the MinPts is calculated
by incrementally increasing the Eps value until the local minima is reached.
◦ Reduced DBSCAN parameter algorithm – The radius is the most chal-
lenging parameter to be determined as the distance is subject to the scale of x
and y axes. Kinsuk et al. [14] apply computational geometry such as Voronoi and
Convex Hull and empty circles to determining the Eps value while the MinPts
is a fixed value. Another work that focuses on one of the DBSCAN parameters
which is Eps itself is discussed by Lai et al. [17] using Multiverse Optimization
(MVO) method. It is also worth to mention the work by Lv et al. [18] in au-
tomating the determination of nearest neighbor using locality sensitive hashing
method to create an influence space. This approach reduces the computational
time for searching the nearest neighbor as in the traditional DBSCAN.
◦ Alternative parameter free determination algorithm – Frey and Dueck
introduce affinity propagation as the clustering technique which has been suc-
cessfully implemented in various pattern recognition problems [19]. Each data
point communicates with each other in exchanging messages (called responsibil-
ity and availability) and this is done iteratively to determine good exemplars.
Some criteria preferences must be set to determine the affinity of the exemplars
in the network. Even though there are no initial parameters that need to be
pre-determined, the performance of this algorithm depends on the well-defined
criteria preferences to achieve its optimal goal. Another weakness is that it is
not capable of handling arbitrary shapes of clusters. Due to this reason, Chen
et al. [20] combine DBSCAN and Affinity Propagation techniques called AP-
SCAN to take the advantage of both capabilities. APSCAN uses AP technique
to determine the exemplars of the datasets in which these exemplars are used
to determine the densities. The density has two pieces of information which are
the Radius and Number, whereby the Radius is the average distance of the ex-
emplar to all points and the Number is the number of points that fall in between
the Radius-neighborhood. The approach has used both parameters (Radius and
Number) as an alternative to Eps and MinPts. Ding et al. [21] propose EPFC
algorithm where the average value of nearest neighbor points is calculated based
on all data sets. Each data point is examined based on its distance with the
nearest neighbor, and two decisions will either be made to split the group or
add the data points depending on the distance being calculated. Yaşar et al. [22]
propose another parameter free algorithm that is independent of the two stan-
dard DBSCAN parameters called FN-DBSCAN-GM. Gaussian Means is used to
determine the center of the data sets. K-means algorithm is deployed to assign
each new data point. A new cluster is added if the new data point does not
follow the Gaussian distribution. That means the core point is determined by
the center of Gaussian and radius is calculated accordingly. The remaining un-
assigned data points are considered as noises. Another work that is worth to
mention is using natural nearest neighbor as reported by Wu [23] and Bryant
and Cios [24]. Each point searches for its nearest neighbor and vice versa, reverse
nearest neighbor data point to that point and establish the relationship. This
process is repeated for all data points and the point that has the most reverse
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nearest neighbor is of high density. The eigenvalues determine whether the clus-
ter has outliers or nicely dense cluster. The K-means algorithm is applied as the
indications on the number of clusters are known. Mean-shift algorithm is another
popular algorithm being widely used for image processing and clustering which
depends on the estimation of kernel density and mapping the surrounding points
to the central points with high density. It can handle arbitrary shape but perfor-
m poorly on ill-defined window size as the density is dependable to the window
scaling [25]. Another work that proposed a parameter free algorithm is discussed
in [26] where the radius is determined automatically based on the window size
and the data distribution.

Based on the brief literature review, the two dominant research attempts are, firstly to
find methods in automating the determination of two DBSCAN parameters and second-
ly to find alternative to the DBSCAN parameters. The example of the former is using
non-parametric KDE to find MinPts, DSETS-DBSCAN to determine the core objects of
the clusters, NSGA-II to generate possible clusters for DBSCAN and Convex Hull and
Voronoi to determine the Eps. For these approaches, the burden of determining the two
DBSCAN initial parameters has been reduced to either Eps orMinPts only. The examples
of the latter are related to finding the alternative to MinPts and Eps. That means, the
MinPts and Eps are avoided entirely, and the examples of such works are AP (Affinity
Propagation), APSCAN, EPFC, FN-DBSCAN-GM, Mean-shift algorithm. Our interest
in this research falls under this category which is to find an alternative to parameter free
algorithm by analyzing the data points and the relationships of the datapoints.

3. Data Point Positioning Analysis. Our proposed algorithm falls under the third
type of parameter free algorithm work in which alternative parameters are used and they
are determined automatically. In developing this algorithm, we set the following goals
which are derived based on the strength and capabilities of the previous algorithm in this
category:
Goal 1 (arbitrary shape): the ability to handle an arbitrary shape of clusters;
Goal 2 (independent parameters): the determination of the parameters should not be

dependent to any determination of another parameters that are manually determined.
For example, the determination of kernel density is dependent to the h value of KDE
function which is set manually;
Goal 3 (handling noise): able to detect data points that do not exhibit visually close

to clusters or potentially form new clusters;
Goal 4 (window size): the performance of the algorithm should be independent to the

window size or scaling of the axis.

3.1. Modifying DBSCAN with Data Point Positioning Analysis (DPPA).
Eps-neighborhood in DPPA – the Eps is the radius that is used to connect to the

nearest data points. Instead of using Eps, a radius range is used in which any distance
between two points that fall between this radius range is considered as nearest neighbor.
The radius range is the minimum and maximum value of the potential distance between
any two points in the entire data set. To automatically determine the Eps value, the data
points distribution needs to be analyzed to have a good estimation of the Eps value.

Definition 3.1. (Radius Range): λ(min(φ),max(φ)) is the radius range, λ, for the data
sets X.

Definition 3.2. (min(φ)): Given α – a set of all minimum distance for each point in
data set X:
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α = {∀xi ∈ X, ∀xj ∈ X|[(minx1
(dist(x1, xj), . . . , dist(x1, xn))), . . . ,

(minxm
(dist(xm, xj), . . . , dist(xm, xn)))]}

If there are N number of data points, there are N number of minxj
as each data point is

measured against all points in the data set X and minxj
is the smallest distance for data

point xj. Hence, min(φ) is the smallest value for min [minx1
,minx2

, . . . ,minxN
] as shown

in Figure 1.

Figure 1. Determination of min(φ) value

Definition 3.3. (max(φ)): max(φ) = max{minx1
,minx2

, . . . ,minxN
}. Among all the

minimum value obtained from α (Definition 3.2), find the largest value and assigned to
(max(φ)). Since the selection is made by selecting the highest value among the minimum
distance, this ensures that all data points that are connected to other data points are on-
ly their nearest neighbor. Figure 2 shows several minxj

for different data point and the
max(φ) will the highest value among the minxj

.

Figure 2. Determination of max(φ) value

Border point in DPPA – the search for the neighboring data points is a one-way
search. This is simply done by placing a mark to the data points that have been visited
before. Hence, if a data point is at the border, it is most likely that it will not move
forward as all the points that are pointing towards the border point have been marked as
visited.

Definition 3.4. Border point (xi): if xi is a border point, ∃xj where j = {1, . . . , N},
xj −→

dist≤λ
xi, mark xj and xi has no neighboring point to be visited.

Figure 3 shows three data points pointing towards a data point (hollow blue color) which
should be considered as border point. The data points xi, xj, and xk register the border
point as the neighboring point to be visited. These data points (xi, xj, and xk) will be
marked as visited and hence the border point will not have any neighboring data point to
be visited and it will be considered as border point.
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Figure 3. Determination of border point

Core points in DPPA – core points which are the data points at the high-density
area are not used in DPPA. DPPA searches for the data point that has the longest link
called Max-NN (Maximum Nearest Neighbor).

Definition 3.5. (Max-NN): Given a data point xi, ∃xj , xi+ε ∈ X (datasets), where
max(φ) ≥ dist(xi, xi+ε) ≥ min(φ). nxi

is the number of neighboring data point series

presented as follows: nxi
=

∑m

i=0

(

min(φ) ≤ dist(xi, xi+ε) ≤ max(φ)→ add 1
add 0

)

. xi+ε

refers to any other data point where the distance between two data points xi and xi+ε is
within the largest distance and lowest distance that were calculated in Definition 3.2 and
Definition 3.3.
Figure 4 shows an example of Max-NN for a data point xi. There are several possible

paths to establish data point series, and the path to the border point is called Max-NN.
Every path from xi is registered and the number of data points that are traversed will be
counted, so Max-NN value is the total data points that it traverses. There are four solid
blue dots which are the border points and the longest Max-NN for xi is shown by the arrow.

Figure 4. Determination of the Max-NN for data point xi

Definition 3.6. (1-NN): the first encountered nearest neighbor that is within the range
of λ. A data point xi could have one or more 1-NN.

Merging clusters in DPPA – if xi is a data point and xj is 1-NN to xi, then xi and
xj ∈ C cluster. Hence, ∀xk that are in Max-NN will be in C cluster.
Assume single cluster data points as shown in Figure 5, using the concepts discussed

above, Table 1 is constructed to demonstrate the building of 1-NN and Max-NN.
The link denoted as (→), between two data points is only generated if both data points

are within the radius range (λ). In the 1-NN, each data point will generate its nearest
neighbor within the radius range as shown in Figure 5. For example, x1 does not generate
x14 in the 1-NN as its nearest neighbor as it does not consider as nearest neighbor. 1-NN
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Figure 5. Single cluster data points

Table 1. The building of 1-NN and Max-NN

Data
point

1-NN Max-NN

x1 x2

x1 → x2 → x4 (3 data points)
x1 → x2 → x3 → x4 (4 data points)
x1 → x2 → x3 → x5 → · · · → x13 (9 data points)
x1 → x2 → x3 → x5 → · · · → x15 (11 data points)
x1 → x2 → x3 → x5 → · · · → x16 (12 data points)

x1 x3

x1 → x3 → x5 → x6 → · · · → x13 (8 data points)
x1 → x3 → x5 → x6 → · · · → x15 (10 data points)
x1 → x3 → x5 → x6 → · · · → x16 (11 data points)

x2
x1 – not generated as

x1 is already visited in 1-NN
Not generated as 1-NN is not available

x2 x4 Not generated as 1-NN is not available

x2 x3

x2 → x3 → x5 → x6 → x7 → · · · → x13 (8 data points)
x2 → x3 → x5 → x6 → x7 → · · · → x15 (10 data points)
x2 → x3 → x5 → x6 → x7 → · · · → x16 (11 data points)

x2 x5

x2 → x5 → x6 → x7 → · · · → x13 (7 data points)
x2 → x5 → x6 → x7 → · · · → x15 (9 data points)
x2 → x5 → x6 → x7 → · · · → x16 (10 data points)

x3 x5

x3 → x5 → x6 → x7 → · · · → x13 (7 data points)
x3 → x5 → x6 → x7 → · · · → x15 (9 data points)
x3 → x5 → x6 → x7 → · · · → x16 (10 data points)

x3
x2 – not generated as

x2 is already visited in 1-NN
Not generated as 1-NN is not available

x3
x1 – not generated as

x1 is already visited in 1-NN
Not generated as 1-NN is not available

x4
x2 – not generated as

x2 is already visited in 1-NN
Not generated as 1-NN is not available

x5
x3 – not generated as

x3 is already visited in 1-NN
Not generated as 1-NN is not available

x5 x6 . . .

x6
x5 – not generated as

x5 is already visited in 1-NN
. . .

x6 x7 . . .

x7
x7 – not generated as

x7 is already visited in 1-NN
. . .

x7 x8 . . .

. . . . . .
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will be constructed for all data points before Max-NN is generated. The generation of 1-
NN will avoid any infinite loop as a data point will not be generated if it has been visited.
That means, each data point will be visited once from the same path, for example, the
path from x1 → x2 will be considered the same as x2 → x1; hence, it will not be generated
as shown in the third row in Table 1. For Max-NN, the generation of data point series
will depend on what has been declared in the 1-NN. For example, for x1, there are two
paths, x1 → x2 and x1 → x3, the next link will refer to x2 and x3 in the 1-NN column,
respectively to check its next neighboring data point, and this step continues until it
reaches the terminal data point or border point.
The merging of the data points into a common cluster will begin with the data point

link that shows the longest path (for example, the longest link for x1 is x1 → x2 → x3 →
x5 → · · · → x16 (12 data points)) and each data point will be stored in the first cluster
Ci. This is followed by the data points in the subsequent link and the data points that
are already in the cluster will be ignored. Based on the Max-NN in Table 1, all the data
points are in the same cluster.
The following algorithm below describes the entire processes as discussed above.

1) Given a collection of data points pi ∈ δ, for each data point, calculate the distance
d(pi, pi+1), for ∀pi+1 ∈ δ and i = {1, . . . , m} where m is the number of data points
in δ. The distance is measured based on the coordinates x, y and z where

d(pi, pi+1) =

(

2

√

(

pxi − pxi+1

)2
+
(

p
y
i − p

y
i+1

)2
+
(

pzi − pzi+1

)2
)

.

2) For ∀pi, determine min(d(pi, pi+1)), i = {1, . . . , m}

stores

−→ φ (min(d(pi)), . . . ,min(d(pm))) .

3) Determine radius range, λ(min(φ),max(φ)) where φ is some scalar value.
4) For each point pi ∈ δ,

a) find npi =
∑m

i=0

(

min(φ) ≤ d(pi) ≤ max(φ)→ add 1

add 0

)

where npi is the number

of neighbors for data point pi that has distance within radius range λ.
b) build the neighbor-link table for 1-NN and Max-NN for each data point d(pi) as

shown in Table 2.

Table 2. Neighbor-link for 1-NN and Max-NN

Data point 1-NN Max-NN
pi pa where a is some index pi → pa → pd → pe
pi pb where b is some index
pi pc where c is some index
pa pd
pd pe

Note: 1-NN: some data point pi where min(φ) ≤ d(pi) ≤ max(φ) for each
data point pi where i = {1, . . . ,m}.
Max-NN: a linkage of data points begins with pi and followed by
every 1-NN of pi until pi has no 1-NN.

5) Sort the pi in the neighbor-link table based on the npi in an ascending order
a) Place pi in cluster Ci followed by all pk that are in Max-NN.
b) Place all pj of 1-NN for pi to Ci.
c) Next pi+1, if pi+1 ∈ Ck, then Ci ← Ck, pi ← pi+1 and go to a).
d) Repeat until no more data point.
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4. Dataset and Experimental Results.

4.1. DPPA’s experiments on datasets. The algorithm is tested on various datasets
which are made available at (https://github.com/deric/clustering-benchmark/tree/mas
ter/src/main/resources/datasets/artificial). 13 datasets have been selected at random to
test the performance of the algorithm. The objectives of the experiments are

a) to examine the ability of DPPA to find the clusters on three dimensions data sets (x,
y, and z axes). The correct number of clusters can be determined by plotting into
three-dimensional plot at various angles which will be shown for each result of the
experiment;

b) to examine the ability of the DPPA to handle arbitrary shapes such as non-globular
shape or contiguity-shape or elongated shape, ring-type shape;

c) to examine the ability of DPPA to handle various densities;
d) to examine the ability of DPPA to handle noises.

The evaluation of the DBSCAN clustering performance can be based on Silhouette
Method or Visual Cluster Interpretation. Since the experimental data that are being used
in three dimensional, the performance of DPPA will be based on Visual Cluster Inter-
pretation. The experimental results are demonstrated by showing the original plotting of
datasets in 2D graph (left column), 3D graph to show the number of clusters at different
dimension (middle column) and the performance of DPPA algorithm (right column) as
shown in Table 3.

In summary, the modified DPPA is able to detect the number of clusters as shown in
the three-dimensional plots, to handle clusters with arbitrary shapes such as non-globular

Table 3. Experimental results for DPPA

Data set name Middle Column: Right Column: Result
(Left Column) 3D graph from DPPA algorithm

Data set name 1: Aggregation [27] Analysis – Based on the three-dimensional plot,
there are 7 main clusters with two data points (nois-
es) that are treated as an additional cluster. These
clusters are made of arbitrary shapes and various
densities. The performance of DBSCAN has been
studied and shown in [28] and [29].

Data set name 2: Flame [30] Analysis – Based on the three-dimensional plot,
there are 2 main clusters with two data points (nois-
es) that are treated as additional cluster. The clus-
ter at the bottom is non-globular shape and these
clusters have different densities.

(Continued)
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Data set name 3: Jain [31] Analysis – Based on the three-dimensional plot, there
are 3 main clusters. Cluster 1 and Cluster 2 are actual-
ly separated if it is viewed at different angles on three-
dimensional plot. These clusters are made of arbitrary
shapes (one of them is non-globular) and have various
densities. The result shown by DBSCAN is shown in [29].

Data set name 4: R15 [32] Analysis – Based on the three-dimensional plot, there are
15 main clusters of similar shapes of similar densities. At
two dimensional plots, eight inner clusters appear to be
closed to each other, but they are separated by the third
axis (Z axis) based on the three-dimensional view. The
result shown by DBSCAN is shown in [29].

Data set name 5: Spiral [33] Analysis – The ability to determine clusters based on spi-
ral shape has been the advantage to the DBSCAN com-
pared to other types of clustering technique. The modified
DPPA demonstrates similar capability. It can also handle
contiguity-based cluster shape.

(Continued)



INT. J. INNOV. COMPUT. INF. CONTROL, VOL.19, NO.6, 2023 1815

Data set name 6: Handl [34] Analysis – Based on the three-dimensional plot, there are
3 main clusters, and they are mainly separated at Z axis.
These clusters show different densities for each cluster.

Data set name 7: Circle [35]

Data set name 8: Shapes [36] Analysis: There are 4 clusters of arbitrary shapes but
spaced out by the Z axis as shown in the three-
dimensional plot. These clusters also present different
densities.

Data set name 9: Cassini [37] Analysis: There are 3 arbitrary shapes clusters and two
of them are elongated.

(Continued)
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Data set name 10: Donutcurves [38] Analysis – There are 4 clusters with different
shapes and densities and they are identifiable as
separate clusters. It can also handle ring-type clus-
ter.

Data set name 11: Pathbased [33] Analysis – There are 3 main clusters with differ-
ent shapes (contiguity-based) and with different
densities.

Data set name 12: Compound [39] Analysis – There are 5 main clusters with an ad-
ditional cluster that is actually noise (labeled as
Cluster 1). The value of the Z dimension is sig-
nificant to be able to separate the Cluster 2 and
Cluster 1. The result also demonstrates the abil-
ity to handle noises, arbitrary shapes and various
densities.

(Continued)
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Data set name 13: Hepta [40].
This data set is strongly recom-
mended to be tested for newly
developed algorithm.

Analysis – DPPA is able to detect 7 clusters correct-
ly and this is the minimum required capability of any
newly developed algorithm to test using this data sets.

or congruity-based shapes and also to separate noises that surrounded the main cluster
as shown in the data set Compound or Flame. The algorithm given is designed for three-
dimensional data sets but extendable to higher dimensional data.

4.2. Comparing DPPA with DBSCAN. DBSCAN is a prominent clustering algori-
thm for clustering data with noises and arbitrary shapes. The proposed DPPA algorithm
is compared to DBSCAN with Eps = 0.3 and MinPts = 5. The results and analyses are
shown in Table 4.

Table 4. Experimental results (Comparison between DBSCAN and DPPA)

Data set name Middle Column: Right Column:
(Left Column) DBSCAN DPPA

Data set name 1: Aggregation [27] Analysis – DBSCAN detects 7 clusters while DPPA
detects 7 major clusters with two data points which
are noises (labelled as cluster 8).

Data set name 2: Flame [30] Analysis – Both DBSCAN and DPPA detect 2 major
clusters. DBSCAN identifies 7 data points as outliers
while DPPA detects 2 data points as outliers.

(Continued)
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Data set name 3: Jain [31] Analysis – DBSCAN detects 4 major clusters while DPPA
detects 3 major clusters. In the previous Table 2, the 3-D
shows there are 3 major clusters.

Data set name 4: R15 [32] Analysis – DBSCAN detects 9 major clusters while DPPA
detects 15 major clusters. In the previous Table 2, the 3-D
shows there are 15 major clusters.

Data set name 5: Spiral [33] Analysis – Both DBSCAN and DPPA detect 3 major clus-
ters. Both algorithms are performing well on linked based
clusters with clear separation between the clusters.

Data set name 6: Handl [34] Analysis – DBSCAN detects 3 major clusters with 6 da-
ta points labelled as outliers while DPPA detects 3 major
clusters.

Data set name 7: Circle [35] Analysis – Both DBSCAN and DPPA detect 2 major clus-
ters.

(Continued)
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Data set name 8: Shapes [36] Analysis – Both DBSCAN and DPPA detect 4 ma-
jor clusters.

Data set name 9: Cassini [37] Analysis – Both DBSCAN and DPPA detect 3 ma-
jor clusters.

Data set name 10: Donutcurves [38] Analysis – DBSCAN identifies 3 major clusters as
the bottom circle is considered as connected while
DPPA detects 4 major clusters. In the previous
Table 2, the 3-D shows that the bottom circle is
at different height and separated.

(Continued)
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Data set name 11: Pathbased [33] Analysis – DBSCAN detects 4 major clusters with
data points that are labelled as outliers while DP-
PA identifies 3 major clusters. The previous Table 2
shows that there are 3 major clusters.

Data set name 12: Compound [39] Analysis – Both DBSCAN and DPPA detect 6 major
clusters.

Data set name 13: Hepta [40].
This data set is strongly recom-
mended to be tested for newly de-
veloped algorithm.

Analysis – DPPA detects 6 major clusters while DB-
SCAN shows overlappings of clusters of various den-
sities.

There are 7 datasets which show similar results while 5 datasets show discrepancies
between DBSCAN and DPPA. 3-D diagram which is shown in previous Table 3 is referred,
in order to visually inspect the position of the data points and the clusters.

4.3. Comparing DBSCAN and DPPA at higher dimensions. DPPA and DB-
SCAN are also tested on datasets that consist of 100K data with 8 attributes. The data is
made available at (https://www.kaggle.com/datasets/iammustafatz/diabetes-prediction-
dataset?resource=download).
Both algorithms are applied on the original data and the attributes are applied without

any feature selection. Both algorithms show 8 clusters as shown in Figure 6.
The Silhouette coefficient for both algorithms (DBSCAN and DPPA) is 0.485, which is

reasonable since the clusters shown in Figure 6 are close to each other and they are not
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Figure 6. DPPA (left) and DBSCAN (right) on high dimension data.
DBSCAN Eps – 15 and MinPts – 5

departed with huge distance based on the two-dimensional plot. It can also be concluded
that the performance of DPPA is equally comparable with DBSCAN.

4.4. Time complexity analysis T( ) for DPPA algorithm. Time complexity is being
used to analyze the performance of an algorithm [41]. Similar step is taken to evaluate
the behaviour of the DPPA algorithm with respect to the time complexity. The following
is the analysis and explanation on the complexity analysis of the algorithm as shown in
Table 5.

Based on the calculation above, time complexity is taken by the largest value of the

summation of all time complexity analysis which reveals O
(

n2

2

)

. Hence, it has better

time complexity than the worst case of traditional DBSCAN which is O
(

n2
)

. Neverthe-
less, DBSCAN performs better in the best-case scenario where the time complexity is
O(n logn).

5. Conclusion. This work falls under the third category of many research work in man-
aging the issues of DBSCAN initial parameterization which are MinPts and Eps. Since
DPPA does not depend on both parameters, the new algorithm in searching for the nearest
neighbor has been changed which uses 1-NN and Max-NN concepts. With these concepts,
to find the suitable radius Eps and the minimum number of points, MinPts is no longer
needed as the radius range, λ, is automatically calculated by analyzing the positioning of
the data points and the distancing between them. The calculation involves measuring the
minimum distance of each data point to all data points and repeat for all available data
points. The lowest and highest values of all minimum distance will be assigned as the
radius range. Instead of searching the nearest neighbor in a circle manner based on the
Eps, the new algorithm searches the links of data points based on its nearest neighbor that
falls within the radius range. Hence, two clusters can be connected as long as there are
few data points from both clusters that are near within the λ range. The proposed DPPA
algorithm is applied to 13 benchmark data sets, and it is demonstrated that it manages to
identify the right number of clusters, manage clusters with arbitrary shapes and handle
the data sets with noises. The 13 data sets are used as benchmark for newly proposed
clustering algorithm. For each data set, the DPPA algorithm automatically calculates the
(max(φ)) and (min(φ)). The robustness is measured based on the ability to detect the
number of clusters, the ability to cluster of arbitrary shape (like non-globular) which is
shown at every data set in the experimental result. The experiment is extended to test a
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Table 5. Analysis of DPPA algorithm

Algorithm Explanation
Time complexity

analysis

1. Given a collection of data points
pi ∈ δ, for each data point, calculate
the distance d(pi, pi+1), for ∀pi+1 ∈ δ

and i = {1, . . . ,m} where m is the
number of data points in δ. The
distance is measured based on the co-
ordinates x, y and z where d(pi, pi+1)

=
(

2

√

(

px
i
−px

i+1

)2

+
(

p
y
i
−p

y
i+1

)2

+
(

pz
i
−pz

i+1

)2

)

.

This is performed with nested
loop (two-for loop). The out-
er loop and inner loop have
the same loop-size which is
n, number of data. The worst
case and best case are the
same as this step is indepen-
dent on the position of the da-
ta.

n(n−1)
2 = T

(

n2

2

)

2. For ∀pi, determine min(d(pi, pi+1)),
i = {1, . . . ,m}
stores
−→ φ(min(d(pi)), . . . , min(d(pm))).

Since the distance is already
calculated in Step 1, the sear-
ching will be
Worst case: T(n− 1)
Best case: T(1)

The constant will be
ignored; hence we
adopt T(n).

3. Determine radius range, λ(min(φ),
max(φ)) where φ is some scalar value.

The searching for λ(min(φ),
max(φ)) will be made in lin-
ear.
Worst case: T(n− 1)
Best case: T(1)

The constant will be
ignored; hence we
adopt T(n).

4. For each point pi ∈ δ,

a) Find npi =
∑m

i=0
(

min(φ) ≤ d(pi) ≤ max(φ)→ add 1

add 0

)

where npi is the number of neigh-
bors for data point pi that has
distance within radius range λ.

b) Build the neighbor-link table for
1-NN and Max-NN for each data
point d(pi) as shown below.

Note:
1-NN: Some data point pi where
min(φ) ≤ d(pi) ≤ max(φ) for each data
point pi where i = {1, . . . ,m}.
Max-NN: A linkage of data points be-
gins with pi and followed by every 1-NN
of pi until pi has no 1-NN.

Worst case:
A data point builds a link
to all data points (note: this
happens to a case where the
point that links end to end
between two extreme sides in
the cluster and having the
highest Max-NN such that
Max-NN < n. Hence, the
algorithm behavior will be
T(n).
Best case:
The smallest link of Max-NN
is to have only one neighbor;
hence the behaviour is con-
stant.

Worst case: T(n)
Best case: T(1)

5. Sort the pi in the neighbor-link table
based on the npi in an ascending order

a) Place pi in cluster Ci followed by all
pk that are in Max-NN.

b) Place all pj of 1-NN for pi to Ci.
c) Next pi+1, if pi+1 ∈ Ck, then Ci ←

Ck, pi ← pi+1 and goto a).

Repeat until no more data point.

Each link with the longest
link will be placed in a cluster
together with all the points
connected to its chain. This
will be repeated until no
more data points are avail-
able. This step has the same
performance for both best
and worst cases.

T(n) as the perfor-
mance is influenced
by the number of da-
ta, n.
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higher dimensional data set with 16 attributes and 100K data, the Silhouette coefficient
for both DPPA and DBSCAN is the same.

DPPA relies on the distance calculated between the data points to determine its nearest
neighborhood. There are two implications to this method which are i) the distance cal-
culated by measurement may not correctly reflect the distance visually measured; hence
what is considered as near distance in visual sense may not be the same as calculated and
ii) the data points differences probably will be calculated more accurately if each point
has feature values associated to it, such as financial or business information. It will be an
interesting investigation which is left as the future work [41]. The weakness of the DPPA
algorithm is that it has to test all points to ensure that it has measured the (max(φ))
and (min(φ)) accurately. The performance of the algorithm is still acceptable with 100K
data; however, it may face challenges with trillions of data. Hence, the proposed future
research work is to perform partitions on the datasets and merge the 1-NN and Max-NN.
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