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ABSTRACT:

The data stream problem has been studied
extensively in recent years because thecollection of streaming
data is very easy. So Clustering of streaming data is essential
for classification and decision making. Yet, a lot of stream
data is high dimensional in nature. Finding clustering in high
dimensional data is a difficult task because of high
dimensional data comprises hundreds of attributes.Density-
based clustering algorithms treat clusters as the dense
regions it’s useful for the clustering of High dimensional data
than conventional algorithms. Propose a new, high
dimensional, projected data stream clustering method, called
HPStream method. The method is implementing by combining
a fading cluster structure, and the projection based clustering
methodology.

Index Terms—Clustering Data Streams, High Dimensional
Data, projected clustering, High Dimensional Data Mining

1. INTRODUCTION

Data streams are very important in recent
years because of data streams constantly generate more
data, to make this information/data understandable is
important, it has to be processed.So clustering of data
streams is important. However, a lot of stream data is
high dimensional in nature. High-dimensional data is
inherently more complex in clustering, classification,
and similarity search.

Many applications of clustering are
characterized by high dimensional data where each
object is described by hundreds or thousands of
attributes. Typical examples of high dimensional data
can be found in the areas of computer vision
applications, pattern recognition, and molecular
biology, CAD (Computer Aided Design) databases.
One example is the following basic facial recognition
algorithm(Fig.1.)[7].

FIG 1:Facial Recoghition
Let’s look at the concrete example of a picture [8]:

1,000 1.000 1,000 1.600 1.000 1.000 1.000 1.000 1.000 1.000 0.953 0.834 0.6200.699 0.62 0.545 0.540 1.000 0.526 1.000 0.522 0.483 0.471 1.000 0.522 0.576 0.658
1,000 1,600 1,000 1,00 1.000 1000 1.000 1,000 1.000 1.000 0.722 0.638 1.0000.785 0.743 0,792 0.801 0.875 0.712 1.000 0.444 0.947 0.431 1,000 0.793 1.000 0.635
1,000 1,000 1,000 1,000 1,000 1,000 1.000 1,000 1.000 1,000 1.000 0.658 0.633 0,569 0.561 0.589 0,640 0,659 0.845 0.932 0.512 0.575 0.941 1,000 0.991 1.000 0.892
1,000 1.000 1,000 1.600 1.000 1.000 1.000 1.000 1.000 0.932 0.639 0.575 0.5440.501 0.489 0.470 0.454 0,576 0.576 0.581 0.707 0.992 1,000 1.000 1.000 1.000 1.000
1,000 1,000 1,000 1,000 1.000 1.000 1.000 1,000 0.711 0.644 0.569 0.541 0.4610.430 0.425 0.381 0364 0,437 0.562 0.509 0.528 0.678 1,000 0.991 1.000 1.000 1000
1,000 1.000 1,000 1.600 1.000 1.000 1.000 0.680 0.584 0.578 0.513 0.430 0.429 0.405 0.425 0.381 0.401 0,387 0.367 0.484 0.428 0.483 0,659 0.936 1.000 1.000 1.000
1,000 1.000 1,000 1.600 1.000 0.761 0.677 0,610 0.565 0.511 0.498 0.457 0.416 0.396 0.388 0.369 0.355 0,359 0.468 0.392 0.380 0.487 0.499 0.595 0.744 1.000 0.485
1,000 1,000 1,000 1,000 0,861 0.640 0.579 0.560 0.542 0.476 0.470 0.441 0.405 0,389 0,392 0.396 0,436 0,355 0.327 0.394 0.407 0.393 0.374 0.523 0.766 0.676 0.437
1,000 1.000 1.000 0.827 0,646 0.575 0.556 0.545 0.489 0.505 0.489 0.478 0.411 0.387 0.404 0.401 0.391 0.452 0.352 0.292 0.367 0.375 0.418 0.422 0.510 0.578 0.538
0.909 1,000 0.860 0,675 0.598 0.528 0.535 0.500 0.497 0.517 0.468 0.520 0.623 0.619 0.507 0.472 0,385 0.298 0.254 0.272 0.283 0331 0.354 0.318 0.462 0.491 0.426
1.000 0,989 0,693 0,561 0.546 0.523 0.532 0,452 0.441 0.461 0.649 0.659 0.6950.686 0,632 0,672 0,612 0,396 0.365 0.339 0.358 0.295 0,310 0336 0,363 0.418 0.458
0.969 0.845 0.606 0.530 0.521 0.494 0.437 0.396 0.421 0.626 0.698 0.741 0.737 0.763 0.743 0.729 0.690 0,638 0.565 0.506 0.435 0.358 0.3110.299 0.313 0.402 0.488
1,000 1,000 0590 0.509 0.486 0.445 0.411 0.372 0.569 0.675 0.732 0.747 0.756 0.767 0.756 0.743 0.681 0650 0.622 0.573 0.467 0.405 0.286 0.274 0.358 0.419 0.445
1,000 0.924 0.554 0.517 0.450 0.416 0.443 0.373 0.585 0.700 0.727 0.736 0.776.0.772 0.785 0.740 0.700 0,653 0.626 0.550 0.502 0.431 0.338 0.279 0.295 0.330 0.446
1,000 1.000 0.557 0.517 0.457 0.396 0.393 0.445 0.635 0.658 0.707 0.719 0.7510.757 0.792 0.764 0.714 0,634 0.642 0.597 0.542 0.419 0.341 0.289 0.291 0.326 0.380
1.000 1,000 0,556 0.494 0,432 0.428 0.361 0,524 0.623 0.663 0.670 0.711 0.7480.771 0.775 0.772 0.724 0,598 0.482 0.434 0.378 0.354 0.414 0307 0.282 0.278 0.402
0763 1.000 0.617 0.529 0,389 0.408 0.357 0.484 0.590 0.646 0.687 0.718 0.724 0.748 0.717 0.65 0.4310.280 0.560 0.494 0.483 0.439 0.472 0.273 0.234 0.275 0.306
1,000 1,000 0.750 0.476 0.380 0.344 0.328 0.490 0.550 0.623 0.593 0.595 0.521 0.646 0.683 0,638 0.570 0,411 0.421 0,519 0.500 0.566 0.521 0.286 0.249 0.234 0.258
0.754 0,830 1.000 0.471 0.435 0.326 0.327 0.488 0.474 0.421 0.388 0.418 0.534 0.527 0.656 0.640 0.601 0.584 0.627 0.590 0.613 0.585 0.523 0.438 0.328 0.487 0.200
0.929 0.672 0.503 0.654 0.388 0.335 0.306 0.475 0.416 0.475 0.345 0.413 0.574 0.585 0.559 0.616 0.550 0,649 0.686 0.658 0.667 0.587 0.564 0.486 0.416 0.545 0.263
1.0000.758 0,639 0,726 0.931 0.330 0.299 0.398 0.543 0.535 0.621 0.671 0.646 0,644 0517 0,605 0,517 0,546 0.616 0.714 0,683 0.609 0,578 0.563 0.478 0.314 0.252
1,000 0.790 0.507 0.701 0.897 0.382 0.296 0.358 0.563 0.618 0.674 0.683 0.666 0.605 0.526 0,620 0.527 0.514 0.616 0.666 0.670 0.628 0.549 0.512 0.262 0.3210.254
0.760 0,587 0.639 0557 0,681 0.593 0.397 0.340 0.575 0.574 0.647 0.691 0.666 0.620 0.506 0.614 0,550 0,532 0.487 0.589 0.610 0.6 16 0.504 0.482 0,310 0.271 0.237
0577 0,599 0.443 0,561 0,657 0,363 0.914 0.626 0.482 0.553 0.631 0,678 0.722 0,561 0.523 0,639 0,634 0.510 0.481 0.558 0.533 0597 0.570 0.509 0.342 0.263 0.243
0639 0.615 0.748 0.639 0.911 0.796 0.647 0.614 0.529 0.553 0.588 0.651 0.644 0.585 0.433 0.606 0.588 D.467 0.313 0.363 0.349 0.415 0.578.0.512 0.305 0.274 0.256
0569 0,661 0.486 0605 0.448 0.494 0.705 0.730 0.579 0.532 0.526 0.623 0,518 0.387 0.310 0.338 0,466 0.378 0.559 0.479 0.444 0.430 0.494 0.465 0.232 0.248 0.237
0.493 0,522 0.508 0.553 0.458 0.457 0.435 0.74 0.636 0.434 0.553 0.578 0.369 0.394 0.502 0.539 0.532 0.555 0.601 0.582 0.543 0.498 0,328 0.237 0.242 0.252 0.273
0.8910.817 0.441 0.445 0.473 0.452 0.720 0.423 0.700 0.492 0.525 0.509 0.463 0.614 0.466 0.477 0.603 0,615 0.509 0.517 0.563 0.405 0.224.0.258 0.234 0.211 0.228
0,543 0,548 0.598 0.433 0,386 0,627 0.482 0.345 0.835 0751 0.581 0,502 0.482 0.610 0.531 0.524 0,615 0625 0.562 0.481 0,566 0.306 0.266 0.407 0.366 0.243 0.252
0762 0.720 0.506 0.496 0.495 0.698 0.386 0.627 0.555 0.317 0.491 0.294 0.382 0,393 0.572 0.449 0.405 0.407 0.357 0.567 0.518 0.243 0.255 0.465 0.415 0.323 0.248
04720437 0,618 0.547 0,500 0.439 0.580 0.579 0.474 0.406 0.320 0.302 0.233 0.262 0.387 0622 0.556 0,499 0.580 0.558 0.378 0.214 0.364 0.502 0.413 0.311 0.269
0461 0,503 0.513 0.432 0,537 0,537 0.467 0.530 0.387 0.504 0.353 0,362 0.456 0,222 0.241 0.342 0,510 0,622 0.454 0.441 0.285 0.218 0,545 0.502 0.445 0.508 0.623
0.529 0.464 0.455 0.824 0.476 0.411 0.498 0.405 0.408 0.400 0.382 0.387 0.482 0.422 0.210 0.242 0.281 0,309 0.255 0.241 0.213 0.549 0.569 0.522 0.500 0.493 0.529
0.383 0,458 0.482 0.370 0,384 0.361 0.400 0.391 0.320 0.319 0.425 0.377 0.433 0,528 0.497 0.285 0,247 0.198 0.226 0.410 0,570 0.597 0.576 0.588 0.531 0.493 0.546
0.459 0.476 0.391 0.431 0.563 0.321 0.364 0.382 0.365 0.368 0.405 0.287 0.263 0.508 0.606 0.569 0.503 0,554 0.551 0.591 0.622 0.647 0.612 0.648 0.534 0.537 0.546

FIG 2: Storage of Digital Cameraimage[8]

Suppose you have “n” images, each with a
resolution of “m” pixels by “k” pixels. We can view
each pixel within the image as a variable so that each of
the n images resides in an m x k dimensional space.
From there a training set of images is used to recognize
new faces. Depending on the application and the
images, we may be able to represent the training/new
images with lower dimensions.

In the data stream domain, the clustering
problem requires a process which can continuously
determine the dominant clusters in the data without
being dominated by the previous history of the stream.
The high-dimensional case presents a special challenge
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to clustering algorithms even in the traditional domain
of static data sets. Some recent work on high-
dimensional data uses techniques for projected
clustering which can determine clusters for a specific
subset of dimensions [1]. Of course, these subsets of
dimensions may vary over the different clusters. Such
clusters are referred to as projected clusters.

2. LITERATURE SURVEY

1. Evolution-Based Clustering of High Dimensional
Data Streams with Dimension Projection:

Authors: Chairukwattana R.,
Rakthanmanon T., Waiyamai K

Kangkachit T.,

SE-Stream is an evolution-based stream
clustering method that supports high-dimensional data
streams. SE-Stream is able to monitor and detect a
change in the clustering structure during the
progression of data streams. SE-Stream reduces the
complexity of stream processing by determining a
suitable subset of dimensions of each active cluster to
express cluster specific characteristics during the
progression of data streams. With the elimination of
redundant operations, SE-Stream is improved both in
terms of cluster quality and execution time.

The authorsChairukwattana R., Kangkachit
T., Rakthanmanon T., Waiyamai K in [4], SE-Stream
algorithm is improved for effectively clustering over
high-dimensional data streams. It implemented with E-
Stream, the ability to monitor and detect a change of
clustering structure is still continued. SE-Stream
improves the dimension projection technique of its
concentrates only on active clusters during the streams
progression. Because of active clusters contain an
enough number of members and they can be described
by a small number of projected dimensions. It will also
do, several redundant operations for determining cluster
merge or split areeliminated. As result, the complexity
of SE-Stream is decreased as well as its computation
time.

2. Density-Based Clustering over an Evolving Data
Stream with Noise

Authors: Feng Cao, Martin Ester,WeiningQian,Aoying
Zhou

Clustering is an important task in mining
developing data streams. Presentlylot of clustering
algorithms for data streams. Present a dense Stream, a
new approach for discovering clusters in an evolving
data stream. The “dense” micro-cluster (named core-
micro-cluster) is introduced to summarize the clusters
with arbitrary shape, while the micro-clusters are
merged created as macro clusters based on their
similarity.

The authors Feng Cao, Martin
Ester,WeiningQian,Aoying Zhou in [5], proposed
Dense Stream, an effective and efficient method for
clustering an evolving data stream. The method can
discover clusters of arbitrary shape in data streams, and
it is insensitive to noise. The structures of p-micro
clusters and o-micro clusters maintain sufficient
information for clustering, and a novel pruning strategy
is designed to limit the memory consumption with
aprecision guarantee. Our experimental performance
evaluation over a number of real and synthetic data sets.

3. Density Micro-Clustering Algorithms on Data
Streams: A Review

Authors: AminehAmini, Teh Ying Wah

Data streams are large, fast-changing, and in-
finite. Applications of data streams can vary from
important scientific and astronomical applicationsto
crucial business and financial ones. Applications want
algorithms to make a single pass with confined time
and memory. Mining information streams are
concerned with extracting knowledge systems
represented in models and patterns in non-stopping data
streams. Clustering is an outstanding task in mining
data streams, which organization similar objects in a
cluster. Several clustering algorithms have been
introduced in recent years for data streams which can
be primarily based on distance, they can only discover
simplest spherical shapes. Therefore, density-based
clustering algorithms are adopted for records streams
with theability for not only discovering the arbitrary
shape clusters but additionally for providing protection
towards the outliers. In fact, in density-based clustering
algorithms, dense regions of items within the
information space are taken into consideration as
clusters, which might be isolated by using low-density
location (noise). However, in the clustering data
streams, due to positive characteristics, it is impossible
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to document all of the records. Microclusters are a
method in movement clustering that maintains the
compact data about the records objects in data streams.
The micro cluster is a temporal extension of the
clustering characteristic, which compresses the records
correctly.

The authors Amineh Amini, Teh Ying Wah in
[12], intend to study the amazing density-
basedclustering algorithms on data streams the usage of
micro-clusters. In this method, algorithm characteristics
and examine their merits and limitations.Clustering data
streams place additional constraints on clustering
algorithms. Data streams require algorithms to make an
unmarried pass over the information with bounded
memory and constrained processing time, whereas the
move may be especially dynamic and evolve through
the years. Several clustering algorithms are added for
data streams which are distance based and can't take
care of the interwoven clusters. Besides that, saving the
data streams is impossible, because of the limitless
characteristic.  Consequently,  micro-cluster s
introduced to a record of summary data. Here discover
four density-based clustering algorithms using micro-
clusters. These algorithms utilize the density-based
clustering because of ability to discover any shape
clusters and micro-clusters as a general summarization
of incoming data streams for fixing data mining
problems on streams. The algorithms are two phase,
online and offline, in which the online phase maintains
the micro clusters and offline phase generate the final
clusters based on DBSCAN.

4. Clustering Data Streams Based on Shared Density
between Micro-Clusters:

Authors:Michael Hahsler, Matthew Bolanos

Nowadays data is received automatically from
many different kinds of equipment's like Smart
Mobiles, sensor, Satellites are just a few of them. It has
to be processed, so clustering of data streams is an
important technic for data classification data and
engineering  (decision making). Microclustersare
summarized the data stream in real-time with an online
process from alarge number of data sets. Micro-clusters
represent local density estimates by aggregating the
information of many data points in a defined area[Fig
3.a]. On demand, a (modified) conventional clustering
algorithm is used in a second offline step to re-cluster

the micro-clusters into larger final clusters. For re-
clustering, the centers of the micro-clusters are used as
pseudo points with the density estimates used as their
weights. Here describes DBSTREAM, the first micro-
cluster-based online clustering component that
explicitly captures the density between micro-clusters
via a shared density graph.

_— Area of low density

4
<P

MC,

MC,

(a) Micro-cluster based

(b) Grid based

Fig 3. Problem with re-clustering when dense areas are
separated by Small areas of low density with (a) micro
clusters and (b) grid cells

The authors Michael Hahsler, Matthew Bolanos in [2],
developed the first data stream clustering algorithm
which expressed records the density in the area shared
by micro-clusters and this information is used for re-
clustering[Fig 3]. Here introduced the shared density
graph [Fig 3]with the algorithms needed to maintain the
graph in the online component of a data stream mining
algorithm. Although they showed that the worst-case
memory requirements of the shared density graph grow
extremely fast with data dimensionality, complexity
analysis and experiments reveal that the procedure can
be effectively applied to data larger number of smaller
micro-clusters to achieve comparable results.

5. A New Shared Nearest Neighbor Clustering
Algorithm and its Applications:

Authors: Michael

Kumar

LeventErtoz, Steinbach, Vipin

Clustering depends critically on density and
distance (similarity), but these concepts become
increasingly more difficult to define as dimensionality
increases. In the[5] authors offer definitions of density
and similarity that work well for high dimensional data
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(actually, for data of any dimensionality). In particular,
authors use a similarity measure that is based on the
number of neighbors that two points share, and define
the density of a point as the sum of the similarities of a
point’s nearest neighbors. Authors then present a new
clustering algorithm that is based on these ideas. This
algorithm eliminates noise (low-density points) and
builds clusters by associating non-noise points with
representative or core points (high-density points). This
approach handles many problems that traditionally
plague clustering algorithms, e.g., finding clusters in
the presence of noise and outliers and finding clusters
in data that has clusters of different shapes, sizes, and
density. authors have used our clustering algorithm on a
variety of high and low dimensional data sets with good
results, but authors of [5] present only a couple of
examples involving high dimensional data sets: word
clustering and time series derived from NASA Earth
science data.

The authorsLeventErtdz, Michael Steinbach,
Vipin Kumar in[6] have introduced a new clustering
algorithm which combines a number of ideas to
overcome many of the challenges traditionally plague
clustering algorithms, e.g., finding clusters in the
presence of noise and outliers and finding clusters in
data that has clusters of different shapes, sizes, and
density. In addition, our clustering approach works well
for high dimensional data, where the concepts of
distance and density are often ill-defined. To overcome
the problems with distance in high dimensionality,
LeventErtdz, Michael Steinbach, Vipin Kumar use a
distance measure which is based on the number of
neighbors that two points share. To handle problems
with density, LeventErtéz, Michael Steinbach, Vipin
Kumar define the density of a point as the sum of the
similarities of a point’s nearest neighbors. The key
aspects of our clustering algorithm, besides its use of
more effective notions of density and distance, are that
it eliminates noise (low-density points) and builds
clusters by associating non-noise points  with
representative or core points (high-density points).

6. Density-Based Clustering for Real-Time Stream
Data:

Authors: Y. Chen and L. Tu.

Existing data-stream clustering algorithms
such as Clustering Stream are based on k-means. These

clustering algorithms are incompetent to find clusters of
arbitrary shapes and cannot handle outliers. Further,
they require the knowledge of k and user-specified time
window. To address these issues, this paper proposes
D-Stream, a framework for clustering stream data using
a density-based approach. The algorithm uses an online
component which maps each input data record into a
grid and an offline component which computes the grid
density and clusters the grids based on the density. The
algorithm adopts a density decaying technique to
capture the dynamic changes of a data stream.
Exploiting the intricate relationships between the decay
factor, data density, and cluster structure, our algorithm
can efficiently and effectively generate and adjust the
clusters in real time. Further, a theoretically sound
technique is developed to detect and remove sporadic
grids mapped to by outliers in order to dramatically
improve the space and time efficiency of the system.
The technique makes high-speed data stream clustering
feasible without degrading the clustering quality. The
experimental results show that our algorithm has
superior quality and efficiency, can find clusters of
arbitrary shapes, and can accurately recognize the
evolving behaviors of real-time data streams.

The authors Y. Chen and L. Tu [10] propose
D-Stream, a new framework for clustering real-time
stream data. The algorithm uses an on- line component
which maps each input data record into a grid and an
offline component which computes the density of each
grid and clusters the grids using a density-based
algorithm. In contrast to previous algorithms based on
k-means, the proposed algorithm can find clusters of
arbitrary shapes, automatically determine the number
of clusters, and is immune to outliers. The algorithm
also proposes a density decaying scheme that can
effectively adjust the clusters in real time and capture
the evolving behaviors of the data stream. Further, a
sophisticated and theoretically sound technique is
developed to detect and remove the sporadic grids in
order to dramatically improve the space and time
efficiency without affecting the clustering results. The
technique makes high-speed data stream clustering
feasible without degrading the clustering quality.

111.CONCLUSION

In recent years, the management and
processing of High Dimensional data streams has
become a subject of dynamic research in numerous
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fields of computer science such as, e.g., database
systems, and data mining. Lot of research work has
been carried in this field to develop an efficient
clustering algorithm for High Dimensional data
streams. High Dimensional data are frequently large
and may contain outliers. Therefore, careful
examination of the earlier proposed algorithms is
necessary. In this paper we surveyed the current studies
on High Dimensional Data clustering. These studies
arestructured into many categories based upon
clustering. Most clustering algorithms are not capable
to make High dense clusters. In addition, this paper
discusses about possible high dimensional data
clustering algorithms. Finally, this study may promote
the development of new High dimensional data mining
methods, such as fading cluster structure and projection
based clustering.
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