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Abstract—Dynamic datasets undergo frequent changes with
time. Prominent applications such as recommender systems, web
search engines etc. work with dynamic datasets. Adopting naive
algorithms to process such changes may lead to computational
inefficiency. The overarching goal of our research is to design fast
incremental algorithms that efficiently process updates to these
datasets while avoiding redundant computation. In particular we
focus on designing incremental extension of selected algorithms
for the following data mining tasks:

• Density-Based Clustering: SNN-DBSCAN, MBSCAN.
• Anomaly detection based on kNN.

So far we have conducted a survey of various density based
clustering algorithms(DBCAs) proposed over past two decades.
In our survey we studied as many as thirty-three DBCAs. We
also developed an incremental version of SNN-DBSCAN (SNND)
algorithm, which is a robust density based clustering technique.
We particularly dwell on SNND as it enables detecting arbitrary
shaped clusters with varying sizes and densities. Our incremental
algorithm facilitates both insertion and deletion of data in batch
mode while detecting clusters dynamically. At present we are
developing an incremental version of the MBSCAN clustering
algorithm that relies on data distribution instead of any geometric
model to compute the density. We also aim to provide an
incremental alternative to the kNN based anomaly detection
method.

Keywords—Clustering, density, dynamic dataset, incremental
algorithm, anomaly detection.

I. INTRODUCTION

A. Motivation

Dynamic datasets undergo frequent changes in their size.
Such datasets are encountered in applications such as recom-
mender systems, search engines, e-commerce sites to name a
few. A typical data mining algorithm is given a static set of
input to find a solution. Such methods involve entire data each
time a change is inflicted resulting in redundant computation.
The change in input and output is minimal and therefore any
use of naive algorithm becomes a bottleneck. This issue can be
addressed by developing incremental methods that can handle
small frequent updates made to the dataset efficiently. The
efficiency is achieved by selectively handling the affected data
points due to updates.

B. Our contribution
We focus on designing incremental variants for data mining

tasks related to density based clustering and kNN based
anomaly detection. The following points provide a list of our
current contributions so far:
• Batch-Incremental SNN-DBSCAN or BISD algorithm

handles insertion and deletion of data in batch mode [1]
(In proceedings of 39thEuropean Conference on Infor-
mation Retreival 2017 @ Aberdeen Scotland.)

• A survey of density based clustering algorithms(DBCAs).
The survey covered thirty-three DBCAs since 1996. It
provides the following novelties: common framework for
the DBCAs, taxonomy, citation and conceptual depen-
dency percentage(refer Figure 4), applications of DBCAs
along with probable future directions (communicated to
Journal).

As a part of our ongoing work and future goals we aim to
make the following contributions:
• Provide an incremental alternative to MBSCAN [2] clus-

tering method. MBSCAN uses data distribution to com-
pute the proximity between points instead of any geo-
metric model (Baseline experiments done/ Incremental
method proposed).

• We aim to provide an incremental version of the kNN
based anomaly detection algorithm [3] which is one of
the most popular anomaly detection approach.

C. Importance of selected data mining tasks
1) Density based clustering:: Density based clustering al-

gorithms discover clusters and noises in spatial databases.
Unlike most other clustering paradigms viz. partitional, hi-
erarchical or spectral methods [4], DBCAs find clusters at
varied layers of granularity with appropriate noise filtering.
The density notion used by the DBCAs enables segregation
of compact regions from the sparse ones in high dimensional
space.

2) Anomaly detection:: Anomaly detection involves identi-
fication of objects that do not conform to the characteristics of
other objects in the dataset. Anomaly detection can be applied
in domains viz. detecting network intrusions, identify frauds,
monitoring system health, detect events in sensor networks.



II. PREVIOUS WORK

Related to BISD algorithm: The Jarvis & Patrick [6]
clustering scheme introduced the idea of shared nearest neigh-
bours(SNN) as a measure of similarity between the data points.
The concept of SNN dwells on the extent of overlap between
two data points in their k-nearest neighbors(KNN) [7] list.
SNND [5] is a combination of DBSCAN [8] and the shared
nearest neighbor technique. Incremental extension of SNND
viz. IncSNN-DBSCAN (InSD) [9] deals with point based
insertion. On larger datasets, the process becomes slow thereby
negating the advantages of an incremental method. Moreover,
InSD fails to handle the deletion of data points.

Related to MBSCAN algorithm: In order to remove
the limitations of geometric clustering model, a mass based
dissimilarity measure was proposed to determine the proximity
between data objects. The proposed algorithm: MBSCAN [2]
relies on the probability mass of the smallest region containing
the data points to find their similarity. The algorithm repli-
cates the traditional DBSCAN method while replacing the
neighborhood radius with a mass based measure. However,
the algorithm does not provide an incremental solution for
processing frequent updates in dynamic datasets.

III. BISD:BATCH INCREMENTAL SNN-DBSCAN

SNND [5] is a robust DBCA based on graphs. SNND
enables detection of arbitrary shaped clusters with varying
densities in Rd space. However, the algorithm works on a
static snapshot of data and fails to handle frequent updates
made to the dataset efficiently. BISD is our first contribution
in an effort towards designing faster incremental method for
SNND. Previous incremental version of SNND known as
IncSNN-DBSCAN(InSD)[7] fails to handle deletion of data.
Moreover it inserts points one at a time. The point based
insertion makes the process repetitive depending on the total
number of inserts. We proposed an incremental variant of
SNND called BISD [1] for addition and deletion of data
in batches. BISD over comes the problems associated with
InSD efficiently at elimination of redundant computation.
Depending on the percentage of points that are affected by
the entry of new points or removal of existing points, we
build a scheme to target only the affected points. As a result
of selective handling of affected data points(Type 1, Type 2
affected points), the unaffected points retain their original state
prior to any insertion or deletion(Figure 2 presents the BISD
flowchart) 1. Figure 1 shows the percentage of affected points
against entry of 10000 batches each of size 2 for 5D synthetic
dataset 2.

BISD is up to four orders of magnitude faster(in case
of deletion) than SNND and consumes up to 60% more
memory(in case of both addition and deletion) than SNND.
The output clusters produced by BISD are identical to SNND.
In Figure 3 the plot placed above shows the speedup of BISD

1Please refer to original paper [1] for the details of BISD.
2Datasets used for BISD evaluation: Mopsi2012, 5D points set, Birch 3,

KDD’99, KDD’04 [1].
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Fig. 1. Percentage of affected points against entry of 10000 batches for 5D
dataset
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Fig. 2. BISD algorithm flowchart

over SNND against percentage of points added to the base
dataset. We clearly observe that for minimal changes the
speedup is high and it gradually decreases as the percentage
of change effected in the dataset increases. The plot placed
below(refer Figure 3) shows an increasing trend in speedup of
BISD over the point based InSD algorithm. This is because
InSD gradually becomes slower when point wise insert is
made to a larger base dataset.

IV. MBSCAN [2]

MBSCAN [2] is the first DBCA to introduce a general
interpretation of dissimilarity depending on data distribution.
MBSCAN replaces the distance function with data dependent
dissimilarity measure removing the shortcomings of methods
based on distance functions. In MBSCAN, the dissimilarity
measure depends on the probability mass of the smallest
region covering two data instances. Let D be the dataset from
probability density function F and H ∈ H(D) is a hierarchical
partitioning model of the space into non-overlapping regions.
For two data instances a,b, the smallest local region covering
a and b wrt H and D is given as:
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Fig. 4. Conceptual dependency percentage graph from DBCAs survey

R(a, b|H;D) = argmin
r⊂H|{a,b}∈r

n∑
z∈D

1(z ∈ r) (1)

where 1(.) is an indicator function. The mass based dissimi-
larity estimated from a finite number of models Hi ∈ H(D),
i = 1,2,3,4,.....,t is:

me(a, b|D) =
1

t

t∑
i=1

P (R(a, b|Hi;D)) (2)

where P(R) = 1
|D|

∑
z∈D 1(z ∈ R). Instead of any conven-

tional distance metric to measure the proximity, the similarity
between two points me(a,b) is measured by using Equation
2. Unlike DBSCAN, instead of using ε-neighborhood, µ-
neighborhood is used to measure the mass based density. The
definition of µ-neighborhood is given as:

Mµ(a) = #{b ∈ D|me(a, b) ≤ µ} (3)

From Equation 3, it is evident that only those points b are
included as seed points for an object a if the mass based
dissimilarity between a and b is less than a certain threshold µ.
The method uses a recursion based partitioning scheme called
iForest(isolation forest) [2]. The iForest is a collection of
multiple iTrees. This procedure involves two input parameters:
#iTrees(t) and the size of the subsamples (ψ) required to
construct an iTree. Height of individual iTree is given as h
= dlog2 ψe [2].
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Fig. 5. Isolation tree consisting 8 data points with h=2.

The implementation is divided into two steps. The first
step constructs an iForest involving t iTrees. Multiple iTrees
represent the partitional model of R. Individual iTree is con-
structed on an independent basis making use of a subset D
(D ⊂ D and |D| = ψ). A fixed split attribute is chosen for
every point. A random split value is selected between the
maximum and minimum values of the split attribute. Split
value creates a partition of the subsample at each node into
two non-empty subsets. This procedure is repeated until every
point is separated or the maximum tree height(h) is reached.
Second step involves the parallel-axis split [2] at each node
of an iTree to construct the iForest. The iForest consists of t
iTrees. Each iTree is constructed making use of a subset D.
No replacements are done while sampling the subsets from
D. Figure 5 demonstrates a single iTree and the mass of some
pair of elements. MBSCAN then evaluates the µ-neighborhood
mass for each point using equation 3.



TABLE I
RESULTS OF MBSCAN ON VARIOUS DATASETS.

Dataset Size t ψ δcore µ Time Memory Mass-matrix
creation time

Percentage of
total time

Iriss 150 15 10 7 0.33852 0.4543 sec 3.99 MB 0.4487 sec 98.7 %
Libras 45 9 5 2 0.512 0.0105 sec 3.23 MB 0.0085 sec 80.9 %

Mopsi12 10000 100 100 7 0.2807 32454.3 sec 2.36 GB 32448.8 sec 99.9 %
Seeds 210 30 7 4 0.5422 0.2877 sec 4.28 MB 0.2823 sec 98.12 %
Wine 178 30 6 5 0.3126 0.2792 sec 4.5 MB 0.2735 sec 97.9 %

S1 5000 100 50 7 0.4498 3638.3 sec 497.05 MB 3637.3 sec 99.9 %
S2 5000 125 40 7 0.4356 2552.7 sec 528.83 MB 2551.6 sec 99.9 %

Experimental evaluation: We replicated the MBSCAN
method with seven datasets [10] on a Linux machine running
Ubuntu 16.04. Table I provides the results obtained on running
MBSCAN on these datasets. Mopsi12 leads to completion in
more than 9 hours consuming 2.36 GB of memory. On the
other hand, a run on Libras dataset is the least expensive
with an execution time of less than one-tenth of a second
and consuming about 3.23 MB of memory. From Table I
it is clear that the construction of mass-based dissimilarity
matrix consumes most of the time. This bottleneck leads us
to the motivation of building the mass-based dissimilarity
matrix incrementally. We propose incMBSCAN(incremental
MBSCAN) for constructing the mass-based matrix incremen-
tally. The following steps describe the algorithm in brief:
• Let a new point N enter the dataset increasing its size.
• N is inserted into the root of each iTree.
• The split attribute (q), and the split point (p) are already

determined in the non-incremental MBSCAN. N finds
its place accordingly and positions itself in the internal
nodes of the iTree wrt. p,q values of each node. Figure 6
demonstrates the placing of N in the iTree.

• In the mass-based dissimilarity matrix, an additional row
and column is added to accommodate the mass values
computed due to insertion of a new point.

• Update the µ-neighborhood mass, and identify the set of
core and non-core points incrementally.

• Detect clusters like MBSCAN.

V. CONCLUSION AND FUTURE WORK

In this paper, we briefly presented our overall research
goal and current contributions. We proposed an efficient batch
incremental version of SNND viz. BISD [1] overpowering
InSD [9]. The incremental extension of MBSCAN [2] is a
part of our ongoing research work. It facilitates point wise
addition of data. In order to speed up the processing of data
updates, we aim to perform batch-wise insertion in future.

We also intend to propose an incremental version of the
kNN based anomaly detection algorithm which is very com-
monly used. An incremental variant would enable detection
of anomalies for frequently changing datasets in an efficient
manner.
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