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Abstract—Cluster analysis, generally known as clustering, is
a technique for separating data into groups (clusters) of similar
objects. Except if the system is completely retrained, traditional
clustering classifiers wiil be unable to Jeurn new information and
knowledge (attributes, examples, or classes). Only incremental
learning, which outperforms when new daia ohjects are iniro-
duced into an existing database, can solve this problem. These
evolutiopary strategies are applied to dynamic databases by
updating the data. We'll choose to study the Incremental Density-
Based Spatiai Clustering of Applications with Noise algorithm
because of its eapacity to discover arbitrary clusters and identify
noise. In this study, a modified version of the Incremental Density
Based Clustering Algorithm using an Adaptive Median Filtering
Technique was veed. The difference between our previous pro-
posed AMF-IDBSCAN and the proposed algorithm developed in
this work is in the evaluntion performance stage, The key idea
consists of a database change in the case of introducing new data
items to an existing database i srder fo improve performance,
We conducied several experiments on benchmark and synthetic
data collected from the University of California Irvine repository
in terms of the Generalized Dunn Index, Davies Bouldin Index,
and change of time (milliseconds) with the increment of data
in the original daiabase. Experimenis with daiaseis of various
sizes and dimensions show that the proposed algorithm enhances
clustering when compared to several current incremental well-
known technigues.

Index Terms—incremental clustering,
dian filtering, AMF-IDBSCAN

DRBSCAN, Adaptive me-

L. INTRODUCTION

Data mining is a multidisciplinary ficld that has a variety
of definitions [1]. Data analysis is primarily concemed with
several large data repositorics in the database management
business, andt aims to find real, valuable, novel, and under-
standable patierns in existing data.

In data mining, clustering is a common daia discovery
approach, Tt divides a data set into subsets or clusters with
similar traits or properties [2]. Its goal is to partition the data
into groups (clusters) of objects that are comparable [3], Ttems
in the same cluster are more similar to one another than objects
in other clusters, Clustering is frequently utilized in domains
such as artificial intelligence, pattern recognition, statistics,
and other data processing.

978-1-6654-8042-0/22/$31.00 ©2022 IEEE

T

There have been numerous clustering algorithms devel-
oped, which can be classified into the following basic types
[41 hierarchical clustering methods (BIRCH. CHAMELEON,
efc.), partitioning algorithms (K-means. K-medoids), density-
based algorithms (DBSCAN, OPTICS). and grid-based algo-
rithms (STING, CLIQUE). The distinction between traditional
clustering methods (batch mode) and incremental clustering
methods is that incremental clustering’s capacity to process
new data added to the data collection without requiring a full
re<clustering. During clustering, this enables dynamic tracking
of database updates. Incremental learning has received a
great deal of press in recent years because it provides for
cffective data reuse, quick and pragmatic learning based on
context, knowledge augmentation, learning in dynamic and big
databases, exploration, and smarl decision-making [5]. We are
interested in evolving incremental clusiering to clusier data
items, which is the procedure of incrementally upgrading an
existing collection of clusters rather than mining them from
scratch with each database update [61. Evolving clustering
algorithms enable gradual structural and parameitic modifica-
tions to be made using various data-driven processes [7]. The
DBSCAN (Density-Based Spatial Clustering of Applications
with Noise) clustering algorithm is the subject of ovr research.
DBSCAN’s core concept is that each object in a cluster must
be surrounded by a specific number of other objects. When
compared to other clustering technigues, this one is superior.
DBSCAN offers a number of best features, and it’s been
utilized by a great number of rescarchers in recent years due
to its various extensions and applications.

We were particularly interested in the incremental version
of DBSCAN because (1) it can find clusters of any shape; (2)
it only requires two parameters and is unconcerned about the
ordering of the points in the database; (3) it reduces the search
space and allows for incremental updates in the clusters [8]:
and (4) it is more adaptable to various datascts and data space
without requiring any special software [9].

In this paper, we propose a modificd version of the AMFE-
IDBSCAN algorithm developed by [10]. We remember the
principle of the AMF-IDBSCAN: our algorithm is divided
into three parts, Tt preprocesses the original database after
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importing it to prepare for the clustering phase and minimize
the dataset’s volume using Canopy clustering. The findings of
the first stage are then applied to the results of the DBSCAN
algorithm to create a new database. The incremental dataset is
then subjected to the incremental DBSCAN algorithm. To re-
duce noise and ontliers, the adaptive median filtering approach
is used to incorporate the findings of the preceding phase.
The resulis are then compared, and the overall performance is
cvaluated.

The evaluation performance stage compares the efficiency
of the modified evolving AMF-IDBSCAN algorithm to static
DBSCAN, and incremental DBRSCAN of [11],in terms of the
Dunn Index and Davies-Bouldin criteria, as well as the change
in time (milliseconds) with the increment of data in the original
database. In this last one. the data increment is known as the
percent delta change. We chose to compare these algorithms
because they give reasconably different results, given that if we
compare it with other.

The rest of the paper is organized as follows: In the
next section, we survey in brief the literature of enhanced
incremental DBSCAN algorithms. In section 3, we describe
our proposed modified AMF-IDBSCAN algorithm. Section
4 describes the experiment we conducted and the results
obtained by our algorithm. Finally, we draw some conclusions
and show ongoing research aspects in Section 5.

II. RELATED WORK

In the literature, there are several algorithms for improving
DBSCAN. We'll go over the most well-known and recent ones
in this part:

IDBSCAN [12] proposes an improved version of the in-
cremental DBSCAN technique for constructing and updat-
ing arbitrary-formed clusters in large datasets incrementally.
The proposed approach enhances incremental clustering by
restricting the search space to partitions rather than the original
dataset, resulting in significanl performance improvements
when compared to other incremental clustering algorithms.

[13] offers an incremental DBSCAN that is combined with
a suitable noise removal and outlier detection strategy mspired
by the box plot method to improve this algorithm. To frame the
remaining number of clusters, it employed a network measure
for dense regions.

An enhancement of the DBSCAN algorithm is proposed by
[10] based on incremental clustering called AMF-IDBSCAN
which builds incrementally the clusters of difterent shapes and
sizes in large datasets and climinates the presence of noise
and outliers. The proposed AMF-IDBSCAN algorithm uses
a canopy clustering algorithm to pre-clustering datasets (o
decrease the volume of data, applies an incremental DBSCAN
for clustering the data points. and Adaptive Median Filtering
(AMF) technique for post-clustering to reduce the number of
outliers by replacing noise with chosen medians,

111, PROPOSED MODIFIED AMF-TDBSCAN CLUSTERING
ALGORITHM

We remember the principle of our algorithm AMF-
IDBSCAN, developed by Chefrour and Souici-Meslati [10]:

78

It is an upgraded incremental DBSCAN that uses a canopy
clustering method and an adaplive median fillering technique
to address the limitations of classic clusiering algorithms,
excessive complexity and non-scalability,

The proposed AMF-IDBSCAN is divided into four stages:
Preclustering using Canopy clustering is the first step. The
clustering of data items is the second phase, which employs
incremental DBSCAN.

Post-clustering is the third phase, which uses the Adaptive
Median Filtering approach to lower the number of outliers by
replacing them with specified medians. In the last phase, multi-
ple evaluation metrics are employed to assess the performance
of clustering algorithms.

f
.
Fig. 1. The methodology of the modihed AMF-IDBSCAN clustening algo-
il

The difference between the modified version proposed in

this work and the AMF-IDBSCAN algorithm is:

« Determine the static DBSCAN cxecution time (T1) on
the original database.

« Determine the time required to execute incremental DB-
SCAN and AMF techniques on the incremental database
(T2).

« Compare (T1, T2):

1) If (T2 < T1) np to a ceriain threshold value in the
database, then keep the results and determine the
real threshold value;

2) Otherwise, go to step 1 of the AMF-IDBSCAN
algorithm (pre-clusiering step).

Pseucode Algorithm

Inpat
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D: a dataset containing n objects X1, X2, X3... Xn:

n: number of data items;

Minpts: Minimum number of data objects ;

eps: radius of the cluster;

C'N: canopies centers.

Output

K: a Set of clusters;

A single value: I, v, .... or imed

Procedure

BEGIN

1) Run Canopy clustering:

= Put all data into a List, and initialize two distance
radius about the loose threshold T'1 and the tight
threshold T2(T1 > T2).

Randomly select a point as the first initial center of

the Canopy cluster, and delete this object from the

List.

Get a point from the List, and calculate the distance

d ta each Canopy clusters.

If d < T2, the point belongs to this cluster;

if T2 <= d <<= T, this point will be marked with

a weak label;

1f the distance d to all Canopy center is greater than

T'1, then the point will be classed as a new Capopy

cluster center.

Finally, this point should be eliminated from the

List;

Run the step (Get a point from the List) repeatedly

uniil the list is empty, and recalculate the canopy

cenlers CN.

2) Run the actual DBSCAN algorithm and clustered the
new data item C; properly based on the radius(eps)
and the Minpis crileria. Repeat till all dala ilems are
clustered:

= Choosing Canopy Centers C'NV;

+ Attribute data points D to canopy centers C'IV;

= Apply the DBSCAN algorithm with radiusse <=
canopy radius with dist(CN, C;) < Minpts;

= Repeat the iteration until all data are clustered.
DBSCAN T1i (Processing Time),

3) Run the incremental DBSCAN:

+ Let, A represents the already existing clusters.

= When new data is coming into the database, the
new data will be directly clustered by calculating
the minimum mean(M ) between that data and the
core objects of existing clusters.
Fori=1tondo
find some meanM in some cluster X, in K such
that dis(Cy, M) is the smallest;
IF (dis(C, M) is minimum) and(C;
(size(Ky) >= Minpts) then
K, = K,UGC,; ;
Else
It dis(C;! = min)||(Ci > eps)||(size(K,) <
Minpts) then

= cps) and

79

C; take Outlier(Q;).
= Elimination of noise objects O;:
The new dataset contains (); and the clusters closest
to it.
4) Adaptive Median Filtering Technigue:
« Fori =1 to m do where m is the number of outliers
Mustraie a new rectangle on a hyperplane;
Let:
I, y... be the selected noise data () at the coor-
dinates ( (x,y,...); corresponding the data dimen-
sions)
Lnin be the minimum noise value;
I, be the maximum noise value in the window:
W be the current window size applied; (It contains
K clusters and O;);
W0z be the maximum window size that can be
reached:;
Ied be the median of the window assigned
Algorithm
Level A: Ay = L,ed — I,in
Ag = Ied — [nas
IfA, >0AND A; <0, Go o level B
Else increase the window size
If window size W <= I,,ax repeat level A
Else output Iz, y...
Level B; By = I, y, —ILnin
By = I,,y,.~1l,in
It By > 0 And B, < 0 ouiput I, y,..
Else output I, ed.
Repeat step b till all the daia samples are clusicred.
Incremenial DBSCAN T2 (Processing Time).
5) Evaluate performance:
+ Compare (T1,72);
1f (T2 < T1) up to a certain threshold value in
the database then keep the same results else go to
1 {carry out the canopy clustering).
END.

IV. EXPERIMENTS AND RESULTS
A. Performance metrics

Cluster validity refers to the process of evaluating the results
of a clustering method. Cluster validity can be studied in three
methods. The first is based on external criteria that assess the
results of a clustering algorith using a pre-specified structure
that is placed on a dataset and reflects our knowledge about the
data set’s clustering structure. The second is based on internal
criteria, in which the clustering results are evaluated using
values that involve the data set’s vectors. The third method
of determining clustering validity is based on relative criteria,
which involves comparing a clustering structure to alternative
clustering schemes produced by the same algorithm but with
different input parameter values [14].

We used relative criteria in our study since internal and
external criteria have the disadvantage of requiring a great
deal of computation {15].



The 7th Intemational Conference on image and Signal Processing and their Applications (ISPA) - May 8 & 8, 2022, Moslaganem, Algeiia

Dunn’s index vD: This index (see Eq. 1) is used to find
compact and well-separated clusters:

vD = Miniemin e,z V(i ¢)/Matredlc € k) (1)
where

';‘{Cnc_r) = ﬂwﬂ(d{a:.,;:j Hei€es 2 €

J(Uk) = Nl d(z;,z; )|z ; Ec;

d is a distance function and C3, C;, U are the sets whose
clemenis are the data points assigned o (he corresponding
iehs jen and ke clusters respectively. The main disadvantage
of direct implementation of Dunn’s index is that it is com-
putationally expensive (o calculate as the number of clusters
and total points grows. The number of clusters that maximize
v is considered the optimal number of clusters [15]. Larger
values of v[) correlate to the right clusters, and the number
of clusters that maximize vi) is considered the best number
of clusters.

Davies-Bouldin index: The ratio of within-cluster scatter (0
between-cluster separation (see Eq. 2) determinces this index:

DBI = I/rr.Zmazf,—_tj({Sn{Q-] + Sn(@;))/(8(Q:4.Qy))

i=1
(2)
Where n is the number of clusters, 5, is the average distance
between cluster centers, and §((J;, ;) is the distance between
cluster centers. As a result, if the clusters are compact and far
apart, the ratio is low. For a decent cluster, the Davies-Bouldin
index will have a tiny value [15].

B. Databases Description

We chose five data sets from the UCI machine learning
repository (o validate the accuracy and efficiency of our pro-
posed method (3D Road Network, Wine, Glass identification,
Letter recognition, and Fisher’s Tris) (see Table, I). Three of
them are small data sets, while the other two are comsidered
large data. We compare the efficiency of the proposed modified

TABLE I
DESCRIPTION OF UCI DATABASES

Datasel No. of No. of | Attribute Data
instances | attributes tvpe Lypes
3D Road Netwark | 434874 q Numerical Real
Wine 178 13 Numerical | Multivariate |
Glass Idenuficaton 214 iU Numerical Real
Letter recognition 20000 16 Nuinerical Intcger
Fisher's Inis 130 4 Numerical Real

The % delta change in the original database refers to this
data increment. Experiments compare our modified incremen-
tal DBSCAN clustering algorithm to the other algorithms,
The tables and figures below show how DBSCAN clustering
functions with changing database data.

Remarks: The static DBSCAN algorithm was applied to
80% of each dataset, with the remaining 20% used for incre-
mentation.

Table. 1I shows the results of clustering obtained using
DBSCAN to group (80%) of the data for each database by
changing the input parameters (MinPts and ¢, which take the
values: 8,5 : 5.5 and 7.5 respectively) for each run:

TABLE 11
THE DBSCAN ALGORITHM RESULTS
UCT Dutasets Numnber of | Number of Evaluation
data lines clusters Davies | Dunns
Bould Index
D Road 347900 2 03424 | 04962
Notomnk z U.2093 G654
7000 5 61277 | 03985
143 2 0.394% | 0.3106
Wine 143 3 03719 | 0.4534
143 4 0.2453 | 0.5%1
Glass 173 2 02578 | 04343
Idemtification 33 3 D —
73 4 02253 | 05213
16000 2 0.2213 | 04578
Letter : :
Recognition 16000 3 0.3158 | 0.6653
16000 4 02343 | 03277
120 bl 02456 | 0.4836
Fisher's Tris 120 3 0.2i36 | 06021
120 4 0.2845 | 03210

We have chosen for each databace a partition that gives the
best values of Davies Bouldin and Dunns Index (great valuc
of v and a small value of DBI). We take the DBSCAN
algorithm results (see Table. ) and apply the incremental
DBSCAN algorithm [11] and our proposed modified AMF-
IDBSCAN algorithm to group the 20% of new data lines
for each dataset with the input parameters (MinPis and «)
cquivalent to the line that gives the best results in »D and
DBI. The results (see Table. IIT) arc as follows:

Note that the number of clusiers in the proposed modified
AMP-IDBSCAN algorithm is the same or greater compared
with the incremental DBSCAN algorithm of [11] results,

We opted to display the results of the first dataset to
calculate the change in time (milliseconds) with the increase
of data in the original database (3D Road Network). The rest

AMF-IDBSCAN algorithm to DBSCAN, and the incremental
DBSCAN, in terms of the Dunn Index and Davies-Bouldin
criteria, as well as the change in time (milliseconds) with the
increment of data in the original database, using the following
equation (see Eq. 3).

YychangeinD B = ((newdata — olddeta))/ (olddata + 100)
3

80

is the same.

The time slowly increases with the increase of data in the
original datzhase, (as seen in Fig. 2 and Table. IV). When
new data is entered into the old database, the existing and
suggested incremental AMF-DBSCAN clustering algorithms
are applied to the ncw data. These two techniques cluster new
data without having to rerun the DBSCAN algorithm.

Fig. 3 and Fig. 4 show how the time in incremenial
databases rapidly increascs as the number of data increases. By
integrating the above two results (see Fig. 5), we can see that
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TABLE IIT

COMPARISON OF THE RESULTS OF THE INCREMENTAL DRSCAN
ALGORITHM [11] AND THE PROPOSED MODIFIED AMF-IDBSCAN

RESULTS
UCT Datasets | Num, of | Inc DBSCAN Algerithm of [11]
data lines | Num. of Lvaluation of clus
clusters Davies Dunas
Bouldin Index
3D Road 56074 2 0.2546 06059
Network
Wine 35 3 0.2365 0.5958
Glass 41 4 0.1986 0.6695
Tdentification
Tetter 000 3 0.2546 0.:6579
R.ecugm'liun
Thisher's 30 4 0.2056 0.6235
Trs
{"UCT Datasets | Num.of Mod AMF-IDBSCAN
data lines | Num. of | Evaluation of clus
clusiers Davies Dunns
Bould Index
3D Road 26974 3 0.2179 07142
Network
Wine 35 4 0.2168 0.6125
Glass 41 4 .1795 N.6R45
Identificaiion
Letter 4000 4 0.1974 0.7076
Recognition
Fisher’s 30 4 0,1947 0.0859
Tris
TABLE IV
TIME VS. DATA IN ACTUAL DBSCAN CLUSTERING
Ori#nal data | Time (ms)
1 5520
120000 34,923
130000 46,739
140000 55. 063
TABLEV

TIME VS. INCREMENTAL DATA IN INCREMENTAL DBSCAN
CLUSTERING [11]

Original data | Time (ms)
10000 76.762
20000 77.533
30000 336.208 |
50000 616.283

TABLE VI

TIME V3. INCREMENTAL DATA IN MODIFIED AMT-TDBSCAN
CLUSTERING

dats | Time (ms)
16000 28845
20000 §0.632
30000 196.564 |
0000 388512
50000 44.495

™ -+
P
w0
85} _.
i ; |
! 45
.
5 =
R R e
Fig. 2. Graph of actual DBSCAN result.
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Fig. 3. Graph of existing incremental DBSCAN result.

the proposed modificd AMFP-IDBSCAN clustering performs
better than DBSCAN clustering and incremental DBSCAN
clustering of [11] for what percent of delta change [insertion
ol some new data items into an already existing database(see
Table. VII).

71 is calculated as follows: v = (120000/ -
110000) /110000 = 100 = 9.09%, and we apply the same
formula for the other gamma.

Time frrs)

AR B T

Fig. 4. Graph of proposed modified AMF-IDBSCAN result.
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Fig. 5. Graph of actual DBSCAN vs. the two incremental DBSCAN,

TABLE VI
TIME VS, Yy CHANGE IN DB FOR THE TWO INCREMENTAL DATA
DBSCAN ALGORITHMS

[ Actual % gamma Incr- Incr
(time ms) time{mis) time(ms)
in DB IDBSCAN proposed
[11) algorithm
34923 Y1 = 0.00 26.762 28,543
46,739 7z — 18,18% 77.535 80.632
55063 73 = 21.277 173.797 196,564
68861 74 = 36.36 336,203 IRE512

C. Performance evaluation

The comparison is based on the idea that the suggested
medified AMF-IDBSCAN method can be casily compared for
every percent of delta change in the database. This comparison
is based on the premise that cach percent of delta change in
the database is handled differently. The suggesied developing
AMF-IDBSCAN clustering algorithm is better than incremen-
tal DBSCAN clustering because it requires loss time for the
specific change of data in the databasc, whereas incremental
DBSCAN [11] take significantly longer. These algorithm take
longer because they need more time to correctly handle and
cluster noisy data. However, the suggesied modified devel-
oping AMF-IDBSCAN algorithin never wastes lime dealing
with outliers because it employs Adaptive Median Filtering to
climinate noise and outliers.

V. CONCLUSION AND PERSPECTIVES

In this study. we offer a modified AMEFE-IDBSCAN, an im-
proved version of the original incremental DBSCAN method
that incorporates the concepts of deusity, closeness, and noise
removal. The performance of this proposed approach when
combined with the Adaptive Median Filtering technique for
the climination of outliers generated by incremental DBE-
SCAN is compared in this paper. The proposed approach
outperforms DBSCAN in terms of execution time and tine
change (milliseconds) with data increment in the original
database, according o our tests. We want to extend our re-
search into more incremental clustering methods in the future,
such as COBWEB and incremental OPTICS..... Additionally,
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incremental supervised algorithms such as incremental SVM,
learn++, and others,
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