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Abstract 

Clustering of stream data is a one of the challenging task in data mining. Stream data is a 

sequence of ordered data without any boundaries. Now a days, stream data is generated by 

multiple real time applications like user clicks on WWW, smart phone GPS tracking data, 

data from sensor devices, stock market data, communication network data, patients 

continuous monitoring data, and so on. In general, clustering of stream data is performed in 

two steps, one is data summarization into micro clusters, and second one is merging of micro 

clusters into clusters based on similarities. In this paper, we conducted details survey on 

cluster data mining techniques, algorithms that are used to cluster data streams, number of 

techniques used to cluster stream data using density based clustering, and various methods 

used to form grid clusters, and its applications. In this study, we compared various density 

based clustering, types of data used, objectives, input data applied, outcome generated, time 

complexity of clustering methods, and space complexity of each clustering methods. 

 

Keywords: Data Mining, Clustering, Density Based Clustering, Complexities, DBSCAN, 

Applications 

 

1. Introduction 

KDD is a process of identifying useful 

patterns from data warehouse. In spatial 

data mining (SPM) use spatial data with 

multi dimensions. In spatial database store 

data which is obtained from satellite, 

patient x-ray data, and so on [23]. SPM is 

a method of identifying patterns from 

spatial database and process is hard when 

compared with conventional clustering 

methods. In SPM, handle data types, data 

models, relationships, topology, 

preprocessing, and efficiency. Spatial data 

can be applied to decision tree 
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classification, neural networks, fuzzy 

logic, many classification and clustering 

algorithms [22]. Day by day development 

in networking, users may use many 

network devices like smart phone, sensor 

devices to capture data, hours together use 

of social media, these may generate large 

volume of data. With human 

understanding capability it is difficult to 

analyze all these data, number of 

clustering techniques are introduces to 

form clusters [24].  

 

Clustering is used in many applications 

like medical field, environment 

monitoring, outlier detection, 

recommendations, and so on [19]. 

Clustering is a one of the data mining 

technique useful to arrange input data into 

smaller groups called clusters. Clustering 

algorithms broadly divided into seven 

categories, partitioning, grid, hierarchical, 

density, model, graph, and combination of 

these techniques [20]. In density based 

techniques user need not to mention 

number of clusters and algorithm accept 

input of any size and shape. In this paper 

we study the complete set of algorithms 

used for clustering stream data, its 

applications, types of data used, and 

evaluated performance of each technique. 

 

II. Related Work 

Clustering is a method of grouping data 

into smaller clusters based on distance 

measures like similarity or dissimilarity 

between data samples [25]. DBSCAN is a 

method to cluster data samples based on 

density [17]. DBSCAN has more 

advantage and will be able to calculate two 

parameter values EPS and MINPTS with a 

challenge of highly dependent data 

samples [26]. To solve this problem 

authors proposed hierarchical based 

clustering (DBHC). They used KNN to 

calculate values of EPS and MINPTS [21]. 

In general real time database data is not 

uniformly distributed and because of this it 

will generate more EPS values [16]. Based 

on number of EPS values DBHC method 

will run DBSCAN many times to produce 

clusters [18]. DBHC produce less number 

of clusters by merging same samples when 

compared with DBSCAN method [13]. 

Authors used UCI repository data as input 

to DBHC, execute algorithm to produce 

clusters, and evaluate performance with 

other clustering algorithms [1]. 

 

Authors [2] worked on arbitrary data with 

distance parameter and apply density 

based clustering (DBC) algorithm to 

produce clusters with high quality [7]. To 

extract knowledge patterns they used 
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similarity measures [15]. Authors designed 

experimental framework to accept high 

dimensional data as well as big size data 

and used approximation technique to form 

clusters [12]. Performance of their 

algorithm is compared with conventional 

K-means and proposed method of 

clustering is shows better results than k-

means algorithm [2]. Clustering technique 

is used in many applications [9]. DBSCAN 

is one of the unsupervised techniques to 

form high density clusters by separating 

samples with low density [6]. Authors 

proposed a new method AOAOBL based 

on optimization learning technique to 

overcome problems of DBSCAN [11]]. 

They evaluate proposed algorithm with ten 

types of datasets and their method shows 

better result than DBSCAN [3]. 

 

DBSCAN has many features then other 

clustering algorithm, number of clusters 

need not to be fixed in advance, algorithm 

will apply for any type of dataset with 

various shapes, outliers are identified 

during clustering process, and there is no 

outlier sensitivity maintained [10]. 

Disadvantages of DBSCAN are required 

more computations to calculate values 

when dense values varied during clustering 

process [8]. Authors [4] proposed two 

phase method of clustering, first step is 

improved version of DBSCAN, and 

second step is DP (Density peak) 

algorithm working based on decision tree 

at the time of choosing centers of clusters 

[14]. Cluster centers are selected 

automatically based on decision tree, and 

initial centers of clusters changed 

automatically [5]. 

 

III Comparative Study 𝑛𝑝 = 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑜𝑖𝑛𝑡𝑠, 𝑛𝑐 = 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑐𝑙𝑢𝑠𝑡𝑒𝑟𝑠, 𝑛𝑐𝑠 = 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑐𝑜𝑛𝑠𝑡𝑟𝑎𝑖𝑛𝑡𝑠, 𝑛𝐴 = 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝐴𝑔𝑒𝑛𝑡𝑠,  𝑇𝐷 = 𝑇𝑖𝑚𝑒 𝑟𝑒𝑞𝑢𝑖𝑟𝑒𝑑 𝑡𝑜 𝑃𝑟𝑜𝑐𝑒𝑠𝑠,  𝐷𝑠 = 𝐷𝑎𝑡𝑎 𝑠𝑖𝑧𝑒,  𝑛𝑝𝑐 = 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑜𝑡𝑒𝑛𝑡𝑖𝑎𝑙 𝑐𝑙𝑢𝑠𝑡𝑒𝑟𝑠,  𝑛𝑖𝑝𝑐 =𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑖𝑛𝑡𝑒𝑟𝑒𝑠𝑡𝑒𝑑 𝑝𝑜𝑡𝑒𝑛𝑡𝑖𝑎𝑙 𝑐𝑙𝑢𝑠𝑡𝑒𝑟𝑠,  𝐿𝐶 = 𝑙𝑒𝑣𝑒𝑙 𝑜𝑓 𝑐𝑙𝑢𝑠𝑡𝑒𝑟𝑖𝑛𝑔,  𝑛𝑑𝑝𝑐 =𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑑𝑒𝑙𝑒𝑡𝑒𝑑 𝑝𝑜𝑡𝑒𝑛𝑡𝑖𝑎𝑙 𝑐𝑙𝑢𝑠𝑡𝑒𝑟𝑠,  𝑛𝑐𝑔 = 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑐𝑙𝑢𝑠𝑡𝑒𝑟 𝑔𝑟𝑖𝑑𝑠,  𝑛𝑔 = 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑔𝑟𝑖𝑑𝑠,  𝑇𝑂 = 𝑂𝑟𝑑𝑒𝑟 𝑜𝑓 𝑇𝑟𝑒𝑒, 𝑆𝑗 = 𝑠𝑖𝑧𝑒 𝑜𝑓 𝑗𝑜𝑏,  𝐼𝐷𝑆 − 𝐼𝑛𝑡𝑟𝑢𝑠𝑖𝑜𝑛 𝐷𝑒𝑡𝑒𝑐𝑡𝑖𝑜𝑛 𝑆𝑦𝑠𝑡𝑒𝑚, 𝑀𝐸 = 𝑀𝑜𝑛𝑖𝑡𝑜𝑟𝑖𝑛𝑔 𝐸𝑛𝑣𝑖𝑟𝑜𝑛𝑚𝑒𝑛𝑡, 𝑆𝑑𝑔 = 𝑠𝑖𝑧𝑒 𝑜𝑓 𝑔𝑟𝑖𝑑.  
 

More number of conditions is used in semi 

supervised technique of clustering. All 
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previous researchers worked on either 

condition based or parameter based 

clustering methods. In conditional based 

clustering method, conditions are applied 

to divide the data samples into smaller 

group of samples called clusters, and 

whereas parameter based clustering use 

certain measures and divide data samples 

into clusters by following supervised 

learning method. Almost all types of 

clustering follow conditions based 

clustering methods to cluster data samples, 

if conditions are good algorithm cluster 

data samples accurately, and if conditions 

are not correctly fixed then algorithm 

shows low performance and accuracy also 

low. We conduct detailed survey on 

density based clustering algorithms, types 

of data used in each algorithm, list of input 

parameters, and list of outcomes, and 

complete data is listed in table 1. 

 

S.No Algorithm Kind of 

Data 

Objective Input Output 

1 DENS continuous 

data 

clustering 

streams 

radius, threshold, 

weight, decay 

arbitrary type of 

clusters 

2 CDENS continuous 

data 

constraint based 

clustering 

cradius, oradius, 

min neighbors, 

constraints, 

decay 

 

constraint based 

arbitrary type of 

clusters 

3 RDENS continuous 

data 

accuracy of 

clusters 

radius, threshold, 

weight, decay 

arbitrary type of 

clusters 

4 HDENS continuous 

data 

quality of 

clusters 

radius, threshold, 

weight, decay 

arbitrary type of 

clusters 

5 SDS continuous 

data 

clustering within 

sliding window 

radius, wsize, 

weight 

clusters within 

wsize 

6 SOS continuous 

data 

automation of 

clustering  

radius threshold 

7 FLOCKS continuous 

data 

flocks based 

clustering 

radius, threshold, 

weight, decay 

arbitrary type of 

clusters 

8 SOPTICS continuous 

data 

visualization of 

clusters 

m_list, distance  clusters within 

time 

9 HDDS categorical 

data 

high dimensional 

data clustering 

radius, threshold, 

weight, decay 

arbitrary type of 

clusters 

10 PDCS continuous 

data 

high dimensional 

data clustering 

radius, threshold, 

weight, decay 

arbitrary type of 

clusters 

11 ExCC continuous 

data 

clustering of 

heterogeneous 

data 

grid values of 

granularities 

arbitrary type of 

clusters 

12 DCUS continuous 

data 

clustering of 

uncertain values 

dimension, 

density 

arbitrary type of 

clusters 

13 MRS continuous accuracy of data, threshold, clusters with 
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data clusters decay resolution 

14 DDS continuous 

data 

quality of 

clusters 

data, threshold, 

decay 

arbitrary type of 

clusters 

15 DUCS not defined only one scan for 

clustering 

data in the form 

of streams 

connected 

components of 

cluster 

16 PKSS continuous 

data 

high dimensional 

data clustering 

tree, density arbitrary type of 

clusters 

17 DENGRIS

S 

continuous 

data 

clustering within 

window 

data, window 

size 

arbitrary type of 

clusters 

Table 1: Density based algorithms data, objective, input, and output 

 

Active learning algorithm is also one of 

the clustering algorithm where as a pair of 

conditions are used to form clusters. In this 

method of clustering authors [5] identify 

K-Neighbors of various clusters and then 

select data points and conditions. Min-

Max parameter is also used to choose data 

samples of high uncertain values and this 

method is not appropriate to cluster data 

samples with high dimensions. Active 

learning algorithm generates conditions 

based on KNN graph and these conditions 

may degrade performance of a clustering 

technique. We conduct detailed survey on 

density based clustering algorithms, types 

of algorithm is used to cluster data 

samples, type of data used like  noisy data, 

high dimensional data, and evolving data, 

and complete data is listed in table 2.  

  

S.No 

Algorithm Evolving 

Data 

Noisy 

Data 

High 

Dimensional 

data 

1 DENS yes yes no 

2 CDENS yes yes no 

3 RDENS yes yes no 

4 HDENS yes yes no 

5 SDS yes yes no 

6 SOS yes yes no 

7 FLOCKS yes yes no 

8 SOPTICS yes yes no 

9 HDDS yes yes yes 

10 PDCS yes yes yes 

11 ExCC yes yes no 

12 DCUS no yes no 

13 MRS yes yes no 

14 DDS yes yes no 

15 DUCS yes yes no 

16 PKSS yes yes no 

17 DENGRISS yes yes no 

Table 2: Density based algorithms and 

type of data used in clustering 

 

Earlier methods on clustering, DBSCAN, 

and improved versions of these methods 

are grouped data samples based density. In 

DBSCAN first calculate density of each 

data samples by identifying points and 

then applied threshold value to identify 

inside data points, boundary data points, 

and outliers. All inside data points are 

grouped into cluster first, boundary points 

assigned to clusters, and outliers are 

removed from data points. DENCLUE 
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clustering algorithm is working on density 

of kernels, and or neighbors of nearest.  

We conduct detailed survey on density 

based clustering algorithms, applications, 

parameters used for evolution, time and 

space complexities of clustering algorithm, 

and complete data is listed in table 3. 

 

S.No Algorithm Application Metrics Time complexity Space 

1 DENS IDS Purity 𝑂(𝑛𝑐) 𝑛𝑐 

2 CDENS ME RI 𝑂(𝑛𝑐 +  𝑛𝑐𝑠) 𝑛𝑐 + 𝑛𝑐𝑠 

3 RDENS IDS Purity 𝑂(𝑛𝑐 + 𝑇𝐷) 𝑛𝑐 + 𝐷𝑠 

4 HDENS IDS Purity 𝑂(𝑛𝑐) 𝑛𝑐 

5 SDS IDS Purity NA 𝐿𝑊 

6 SOS IDS Purity 𝑂(𝑛𝑝2𝑙𝑜𝑔𝑛) 𝑛𝑐 

7 FLOCKS IDS Purity 𝑂(𝑛𝑐) + 𝑂(𝑛𝑎) 𝑛𝑐 +  𝑛𝑎 

8 
SOPTICS ME NA 

𝑛𝑐 𝑂(𝑛𝑐∗ log(𝑛𝑐)) 

9 HDDS ME, IDS Purity 𝑂(𝑛𝑐) + 𝑂(𝑛𝑝𝑐) 𝑛𝑐 

10 
PDCS IDS Purity 

𝑂(𝑛𝑐) + 𝑂(𝑛𝑖𝑝𝑐) +𝑂(𝑛𝑑𝑝𝑐) 

𝑛𝑐 

11 
ExCC IDS Purity 

𝑂(𝑛𝑐𝑔) 𝑛𝑔 + 𝑠𝑑𝑔  + 𝑠𝑔 

12 DCUS ME Quality 𝑂(𝑛𝑔) 𝑛𝑔 

13 

MRS IDS Purity 

𝑂(𝑛𝑔  ∗ 𝐿𝑐) + 𝑂(2𝑛𝑔 ∗  𝐿𝑐)   + 𝑂(𝑛𝑔 ∗  log (𝑛) 

𝑛𝑔 ∗  𝐿𝑐 

14 DDS IDS NA 𝑂(𝑛𝑔2) 𝑛𝑔 

15 DUCS ME Quality 𝑂(𝑛𝑔) 𝑛𝑔 

16 
PKSS IDS Purity 

𝑂(log 𝑇𝑜), 𝑂(𝑇𝑜) 𝑙𝑜𝑔𝑇𝑜𝑛𝑔 
 

17 DENGRISS NA Purity 𝑂(𝑛𝑔) 𝑛𝑔 

Table 3: Density based algorithms Applications, metrics, time complexity, space 

 

DBSCAN and DENCLUE clustering 

algorithms are not accepting object stream 

data to cluster. A stream data is a sequence 

of ordered data samples without 

boundaries. All data cannot be stored into 

stream and also random access of all data 

is not feasible. Streams are used to handle 

dynamic data and clusters are created and 

some old clusters are disappearing. Over 

last decade, researchers on this problem 

proposed number of algorithms, all are 

working in two phases, and also working 

in dual mode (offline or online). In order 

to solve this problems micro clustering is 

introduced, where all data points’ density 

values are calculated and form micro 

clusters, and again this micro clusters are 

clustered into main clusters. We conduct 
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detailed survey on density based clustering 

algorithms, execution time of clustering 

algorithms, and complete data is tabulated 

in table 4 and 5.  

 

S.No Algorithm Method Time 

Complexity 

1 DBSCAN Density 𝑂(𝑛2) 

2 DBSCAN R* Tree 𝑂(𝑛 𝑙𝑜𝑛 𝑛) 

3 IDBSCAN Boundary 

objects 

𝑂(𝑛 𝑙𝑜𝑔𝑚𝑛 ) 

4 LDBSCAN Leader based 

clustering 

𝑂((𝑛+ 𝑘)2) 

5 FDBSCAN Points 

representation 

technique 

𝑂(𝑛 log 𝑛) 

6 RDBSCAN Set Theory 𝑂((𝑛+ 𝑘)2) 

7 TIDBSCAN Triangle 

Inequality 

𝑂(𝑛3) 

Table 4: Density based algorithms and 

time complexity 

 

 

S. No. Algorithm Preproce

ssed 

Evaluation Subspace 

extraction 

cluster 

1 DBSCAN No Samples 

within radius 

All subspaces 

within 

threshold 

Uniform 

cluster 

2 DENCLUE Yes Analytical 

sum 

Kernel 

functions 

Arbitrary 

cluster shapes 

3 GDBSCAN Yes Samples 

within radius 

All subspaces 

within 

threshold 

 

Uniform 

cluster 

4 PDBSCAN Yes Samples 

within radius 

All subspaces 

within 

threshold 

Uniform 

cluster 

5 SDBSCAN Yes Samples 

within radius 

All subspaces 

within 

threshold 

Clustering 

based on 

sampling 

theorem 

6 SNNDBSCA

N 

No Links of 

samples 

within radius 

Uniform 

spaces 

Arbitrary 

cluster shapes 

7 IDBSCAN Yes Samples 

within radius 

All subspaces 

within 

threshold 

Arbitrary 

cluster shapes 
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8 STDBSCAN Yes Samples 

within radius 

with density 

All subspaces 

within 

threshold 

cluster shapes 

based on 

temporal data 

Table 5: Density based algorithms and its features 

 

Conclusion 

Clustering is one of the Data Mining 

methods useful to group input data of 

different sizes into smaller clusters based 

on some parameters. Clustering of data can 

be done in many ways, density based 

clustering is one of the method to form 

clusters based on density of data samples 

and group high density data samples to 

clusters. In this paper, we conducted 

detailed survey on density based clustering 

techniques, applications, limitations, types 

of data used in clustering, delimitations, 

various sizes of data used, space occupied 

by each clustering technique, and running 

time of each technique. 
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