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DESCRIPTION

Technical Field
[001] This disclosure relates generally to clustering methods, and more particularly relates

to method and system for clustering data samples and managing clusters of large datasets.

Background
[002] Clustering may be used to find meaningful groups of entities and to differentiate

clusters formed for a dataset. However, the clustering of large datasets has become a challenging
issue. The increased size of datasets has boosted demand for efficient clustering techniques that
satisfy memory use, document processing and execution time requirements because clustering
algorithms are expensive in terms of memory and time complexities. Such clustering algorithms
that handle large dataset may perform poor in terms of accuracy of clusters formed. Moreover,
existing clustering algorithms do not provide with the flexibility to continue clustering a dataset
with pre-existing clusters. In such a case, either clusters need to be re-formed from scratch or a
clustering model may be used to predict the number of clusters for a new sample.

[003] Accordingly, there is a need for efficient, scalable and accurate method and system
for managing volumes of data and to cluster such data easily for data analytics while ensuring the

compactness within clusters and separation of individual clusters.

SUMMARY
[004] In accordance with an embodiment, a method of clustering data samples is disclosed.
The method may include receiving a plurality of batches, each of the plurality of batches including
a plurality of samples, and creating a set of clusters from a first batch of the plurality of batches,
using a clustering technique. Each cluster of the set of clusters may include one or more samples.
The one or more samples are determined based on variability of the one or more samples and
cluster attributes associated with each cluster. The method may further include reconfiguring the
set of clusters that includes at least one of: repopulating the existing set of clusters with samples
from remaining batches of the plurality of batches; and adding a new set of clusters to the existing
set of clusters and populating the new set of clusters with samples from the remaining batches of

the plurality of batches.



[005] In another embodiment, a system for clustering data samples is disclosed. The system
may include a processor and a memory communicatively coupled to the processor. The memory
may be configured to store processor-executable instructions. The processor-executable
instructions, on execution, cause the processor to receive a plurality of batches, each of the plurality
of batches including a plurality of samples, and create a set of clusters from a first batch of the
plurality of batches, using a clustering technique. Each cluster of the set of clusters may include
one or more samples. The one or more samples are determined based on variability of the one or
more samples and cluster attributes associated with each cluster. The processor-executable
instructions, on execution, further cause the processor to reconfigure the set of clusters that
includes at least one of: repopulating the existing set of clusters with samples from remaining
batches of the plurality of batches; and adding a new set of clusters to the existing set of clusters
and populating the new set of clusters with samples from the remaining batches of the plurality of

batches.
[006] It is to be understood that both the foregoing general description and the following
detailed description are exemplary and explanatory only and are not restrictive of the invention, as
claimed.

BRIEF DESCRIPTION OF THE DRAWINGS
[007] The accompanying drawings, which are incorporated in and constitute a part of this

disclosure, illustrate exemplary embodiments and, together with the description, serve to explain
the disclosed principles.

[008] FIG. 1 is a block diagram that illustrates an environment for a distance-based
clustering system for managing clusters of large datasets, in accordance with an embodiment of
the disclosure.

[009] FIG. 2 is a block diagram that illustrates an exemplary distance-based clustering
system for managing clusters of large datasets, in accordance with an embodiment of the
disclosure.

[010] FIG. 3A-3B collectively illustrate exemplary operations for distance-based clustering
system for managing clusters of large datasets, in accordance with an embodiment of the
disclosure.

[011] FIG. 4 is a flowchart that illustrates an exemplary method for managing clusters of

large datasets, in accordance with an embodiment of the disclosure.



DETAILED DESCRIPTION

[012] Exemplary embodiments are described with reference to the accompanying

drawings. Wherever convenient, the same reference numbers are used throughout the drawings to
refer to the same or like parts. While examples and features of disclosed principles are described
herein, modifications, adaptations, and other implementations are possible without departing from
the spirit and scope of the disclosed embodiments. It is intended that the following detailed
description be considered as exemplary only, with the true scope and spirit being indicated by the
following claims. Additional illustrative embodiments are listed below.

[013] The following described implementations may be found in the disclosed system and
method for managing clusters of large datasets. A dataset may correspond to a collection of related
sets of information that can have individual or multidimensional attributes. The large datasets may
include massive volumes of data and loading the same altogether in memory for further processing
may not be manageable. The large datasets may include structured data sources and formats.
Exemplary aspects of the disclosure provide a distance-based clustering method that may address
memory and time complexity, while maintaining the benchmark accuracy of existing clustering
algorithms. The disclosed distance-based clustering method may allow to continue clustering new
data points when pre-defined clusters are already formed. The disclosed distance-based clustering
method may provide flexibility to introduce a sample to a pre-existing cluster or allowing a new
sample to form its own cluster. The disclosed distance-based clustering method may facilitate data
analysis for applications associated with the large datasets, such as, without limitation,
telecommunications, healthcare, bioinformatics, banking, marketing, biology, insurance, city
planning, earthquake studies, web document classification and transport services.

[014] FIG. 1 is a block diagram that illustrates an environment for a system for managing
clusters of large datasets, in accordance with an embodiment of the disclosure. With reference
to FIG.1, there is shown an environment 100. The environment 100 includes a distance-based
clustering system 102, a database 104, an external device 106, and a communication network 108.
The distance-based clustering system 102 may be communicatively coupled to the database
104 and the external device 106, via the communication network 108.

[015] The distance-based clustering system 102 may include suitable logic, circuitry,
interfaces, and/or code that may be configured to cluster new data points after a pre-defined clusters

are already formed. In accordance with an embodiment, the distance-based clustering system 102



may be configured to provide flexibility to introduce a sample to a pre-existing cluster or allowing
a new sample to form its own cluster. Therefore, the distance-based clustering system 102 may
automatically group similar items to discover hidden similarities and key concepts while
combining a large amount of data into a few clusters to develop meaningful insights. This enables
users (not shown in FIG. 1) to comprehend a large amount of data corresponding to the large
dataset.

[016] In accordance with an embodiment, various distance metrics may be used by the
distance-based clustering system 102 for creating multi-dimensional matrices. The various
distance metrics may include, without limitation, Euclidean distance, Manhattan distance,
Minkowski distance, and Jaccard distance.

[017] By way of example, the distance-based clustering system 102 may be implemented
as a plurality of distributed cloud-based resources by use of several technologies that are well
known to those skilled in the art. Other examples of implementation of the distance-based
clustering system 102 may include, but are not limited to, a web/cloud server, an application server,
a media server, and a Consumer Electronic (CE) device.

[018] The database 104 may include suitable logic, circuitry, interfaces, and/or code that
may be configured to capture datasets that may be generated by various sources such as, but not
limited to, meteorological departments, telecommunications systems, and sensors. The data size
may vary from terabyte to petabyte and the actual novelty of the idea will be visible when the size
of data increases, but the algorithm also works on smaller datasets

[019] For example, the database 104 may also store metadata along with the dataset and
may be accessed via the communication network 108. While the example of FIG. 1 includes a
single database (the database 104) as part of the distance-based clustering system 102, it should be
understood that the distance-based clustering system 102 may also be located elsewhere in the
environment 100. For example, a discrete storage device may be coupled with the distance-based
clustering system 102, via a local connection or over the communication network 108.

[020] The external device 106 may include suitable logic, circuitry, interfaces, and/or code
that may be configured to render display of meaningful insights of the large dataset from the
distance-based clustering system 102. This enables users associated with the external device 106
to comprehend a large amount of data corresponding to the large dataset. The functionalities of the

external device 106 may be implemented in portable devices, such as a high-speed computing



device, and/or non-portable devices, such as a server. Examples of the external device 106 may
include, but are not limited to, a smart phone, a mobile device, and a laptop.

[021] The communication network 108 may include a communication medium through
which the distance-based clustering system 102, the database 104, and the external device 106 may
communicate with each other. Examples of the communication network 108 may include, but are
not limited to, the Internet, a cloud network, a Wireless Fidelity (Wi-Fi) network, a Personal Area
Network (PAN), a Local Area Network (LAN), or a Metropolitan Area Network (MAN). Various
devices in the environment 100 may be configured to connect to the communication network 108,
in accordance with various wired and wireless communication protocols. Examples of such wired
and wireless communication protocols may include, but are not limited to, a Transmission Control
Protocol and Internet Protocol (TCP/IP), User Datagram Protocol (UDP), Hypertext Transfer
Protocol (HTTP), File Transfer Protocol (FTP), Zig Bee, EDGE, IEEE 802.11, light fidelity(Li-
Fi), 802.16, IEEE 802.11s, IEEE 802.11g, multi-hop communication, wireless access point (AP),
device to device communication, cellular communication protocols, and Bluetooth (BT)
communication protocols.

[022] FIG. 2 is a block diagram of an exemplary distance-based clustering system 102 for
managing clusters of large datasets, in accordance with an embodiment of the disclosure. FIG. 2 is
explained in conjunction with elements from FIG. 1.

[023] With reference to FIG. 2, there is shown a block diagram 200 of the distance-based
clustering system 102. The distance-based clustering system 102 may include a processor 202, a
memory 204, an input/output (I/0) device 206, a network interface 208, and a persistent data
storage 210.

[024] The processor 202 may be communicatively coupled to the memory 204, the 1/0
device 206, the network interface 208, and the persistent data storage 210. In one or more
embodiments, the distance-based clustering system 102 may also include a provision/functionality
to capture dataset via one or more databases, for example, the database 104.

[025] The processor 202 may include suitable logic, circuitry, interfaces, and/or code that
may be configured to create clusters and update with each batch of the large dataset. The processor
202 may be implemented based on a number of processor technologies, which may be known to
one ordinarily skilled in the art. Examples of implementations of the processor 202 may be a
Graphics Processing Unit (GPU), a Reduced Instruction Set Computing (RISC) processor, an
Application-Specific Integrated Circuit (ASIC) processor, a Complex Instruction Set Computing



(CISC) processor, a microcontroller, Artificial Intelligence (Al) accelerator chips, a co-processor,
a central processing unit (CPU), and/or a combination thereof.

[026] The memory 204 may include suitable logic, circuitry, and/or interfaces that may be
configured to store instructions executable by the processor 202. Examples of implementation of
the memory 204 may include, but are not limited to, Random Access Memory (RAM), Read Only
Memory (ROM), Electrically Erasable Programmable Read-Only Memory (EEPROM), Hard Disk
Drive (HDD), a Solid-State Drive (SSD), a CPU cache, and/or a Secure Digital (SD) card.

[027] The 1/0O device 206 may include suitable logic, circuitry, and/or interfaces that may
be configured to act as an 1/O interface between a user and the distance-based clustering system
102. The user may include a data analyst who operates the distance-based clustering system 102.
The 1/0 device 206 may include various input and output devices, which may be configured to
communicate with different operational components of the distance-based clustering system 102.
Examples of the 1/0 device 206 may include, but are not limited to, a touch screen, a keyboard, a
mouse, a joystick, a microphone, and a display screen.

[028] The network interface 208 may include suitable logic, circuitry, interfaces, and/or
code that may be configured to facilitate different components of the distance-based clustering
system 102 to communicate with other devices, such as the external device 106, in the environment
100, via the communication network 108. The network interface 208 may be configured to
implement known technologies to support wired or wireless communication. Components of the
network interface 208 may include, but are not limited to an antenna, a radio frequency (RF)
transceiver, one or more amplifiers, a tuner, one or more oscillators, a digital signal processor, a
coder-decoder (CODEC) chipset, an identity module, and/or a local buffer.

[029] The network interface 208 may be configured to communicate via offline and online
wireless communication with networks, such as the Internet, an Intranet, and/or a wireless network,
such as a cellular telephone network, a wireless local area network (WLAN), personal area
network, and/or a metropolitan area network (MAN). The wireless communication may use any of
a plurality of communication standards, protocols and technologies, such as Global System for
Mobile Communications (GSM), Enhanced Data GSM Environment (EDGE), wideband code
division multiple access (W-CDMA), code division multiple access (CDMA), LTE, time division
multiple access (TDMA), Bluetooth, Wireless Fidelity (Wi-Fi) (such as IEEE 802.11, IEEE
802.11b, IEEE 802.11g, IEEE 802.11n, and/or any other IEEE 802.11 protocol), voice over
Internet Protocol (VolP), Wi-MAX, Internet-of-Things (loT) technology, Machine-Type-



Communication (MTC) technology, a protocol for email, instant messaging, and/or Short Message
Service (SMS).

[030] The persistent data storage 210 may include suitable logic, circuitry, and/or interfaces
that may be configured to store databases, program instructions executable by the processor 202,
and operating systems. The persistent data storage 212 may include a computer-readable storage
media for carrying or having computer-executable instructions or data structures stored thereon.
Such computer-readable storage media may include any available media that may be accessed by
a general-purpose or special-purpose computer, such as the processor 202.

[031] By way of example, and not limitation, such computer-readable storage media may
include tangible or non-transitory computer-readable storage media including, but not limited to,
Compact Disc Read-Only Memory (CD-ROM) or other optical disk storage, magnetic disk storage
or other magnetic storage devices (e.g., Hard-Disk Drive (HDD)), flash memory devices (e.g.,
Solid State Drive (SSD), Secure Digital (SD) card, other solid state memory devices), or any other
storage medium which may be used to carry or store particular program code in the form of
computer-executable instructions or data structures and which may be accessed by a general-
purpose or special-purpose computer. Combinations of the above may also be included within the
scope of computer-readable storage media.

[032] Computer-executable instructions may include, for example, instructions and data
configured to cause the processor 202 to perform a certain operation or a set of operations
associated with the distance-based clustering system 102. The functions or operations executed by
the distance-based clustering system 102, as described in FIG. 1, may be performed by the
processor 202. In accordance with an embodiment, additionally, or alternatively, the operations of
the processor 202 are performed by various modules.

[033] FIG. 3A-3B collectively illustrate exemplary operations for distance-based clustering
system 102 for managing large datasets, in accordance with an embodiment of the disclosure. FIG.
3A-3B are explained in conjunction with elements from FIG. 1 to FIG. 2.

[034] With reference to FIG. 3A, there is shown a diagram 300A that illustrates a set of
operations for the distance-based clustering system 102, as described herein.

[035] At 302, a data acquisition may be performed. In the data acquisition operation, the
processor 202 may acquire samples as input for the distance-based clustering system 102 using a
conventional clustering algorithm 302A. The samples may be further processed in a batch wise

manner. By way of an example, a first batch goes into the conventional clustering algorithm and



consecutive batches (such as, a second batch, a third batch and so forth) are clustered, as described
herein, which considers output of previous clustering algorithm.

[036] In accordance with an embodiment, the conventional clustering algorithm may be
used to cluster the first batch of large dataset. The number of clusters to be formed may depend on
a threshold value provided to a cluster-based model. In accordance with an embodiment, the
threshold value may be generated based on an empirical probability density function.

[037] At 304, generation of clusters may be performed. In accordance with an embodiment,
the processor 202 may be configured to generate a plurality of clusters from the first batch of large
dataset.

[038] At 306, sample selection under each cluster may be performed. In accordance with
an embodiment, the processor 202 of the distance-based clustering system 102 may be configured
to select adequate samples from each cluster generated in step 304. The selected samples may
represent the clusters in terms of variability and cluster properties. The selection of the samples
may facilitate in reduction of a total number of the samples. Consequently, the distance-based
clustering system 102 may limit the memory and time complexity for large datasets.

[039] At 308, creation of three-dimensional (3D) matrix may be performed. In accordance
with an embodiment, the processor 202 may be configured to calculate a distance of each sample
in a new batch with themselves and with each sample in pre-existing clusters.

[040] At 310, creation of two-dimensional (2D) matrix may be performed. In accordance
with an embodiment, the processor 202 may be configured to determine largest distance of each
sample with every other sample in each of the pre-existing clusters, thereby reducing the 3-
dimensional matrix to a 2-dimensional matrix.

[041] At 312, selection of minimum distance may be performed. In accordance with an
embodiment, the processor 202 may be configured to select the smallest distance in the 2D matrix
created in step 310. The entities having the smallest distance value may correspond to the closest
element. The selection of the entity for clustering may be a recurring step for a given batch and the
recurring step may continue till the smallest distance value is lower than a predefined threshold
value. The operations 308-312 have been explained in detail in conjunction with FIG. 3B.

[042] At 314, creation of new clusters may be performed. In accordance with an
embodiment, the processor 202 may be configured to create new clusters depending on whether
the smallest distance is between two samples in the new batch. The sample-pair may be placed into

one of the pre-existing clusters based on minimum distance calculation in consecutive iterations.



[043] At 316, merging of samples with pre-existing clusters may be performed. In
accordance with an embodiment, the processor 202 may be configured to merge the samples with
the pre-existing clusters based on maximizing the inter-cluster distance and minimizing the intra-
cluster distance. By way of an example, when the smallest distance is between a sample in new
batch with a cluster of a previous batch, the sample may be placed in the pre-existing cluster.
Simultaneously, the distance of the cluster with respect to other samples in the new batch may be
updated.

[044] At 318, creation of new clusters or absorption of samples in pre-existing clusters may
be performed. In accordance with an embodiment, the processor 202 may be configured to create
new clusters for new samples or be absorbed in pre-existing clusters, at the end of each batch. For
each sample in the batch, operations 312-316 get repeated.

[045] At 320, sample selection under each cluster may be performed. In accordance with
an embodiment, the processor 202 may be configured to select sample under each cluster. As
clusters are created and updated with each batch, the sample selection approach from clusters as
described in step 306 helps in reducing the total samples in a cluster, thereby making the dataset a
lot scalable.

[046] With reference to FIG. 3B, a block diagram 300B with operations 308-312 for
dimensionality reduction of datasets is illustrated in detail, in accordance with an embodiment of
the disclosure. FIG. 3B is explained in conjunction with FIG. 1 to FIG. 3A

[047] In accordance with an embodiment, the processor 202 of the distance-based
clustering system 102 may be configured to create multi-dimensional matrix (such as, the 3D
matrix and the 2D matrix) for generating distance of each sample in the new batch with themselves
and with each sample in the pre-existing clusters. Further, the processor 202 of the distance-based
clustering system 102 may be configured to reduce dimension of the multi-dimensional matrix
(such as, reducing 3D matrix to 2D matrix), while keeping track of the sample pairing information
simultaneously.

[048] For creation of 3D Matrix when new samples may be introduced in a clustering plane,
the processor 202 may be configured to calculate the distance of new samples with every other
sample in each cluster. Additionally, the processor 202 may be configured to calculate the distance
of every sample in the new batch within themselves.

[049] For creation of 3D Matrix, the processor 202 may be configured to determine the

largest distance of each sample with every other sample in a cluster, thereby reducing the 3D matrix



to a 2D matrix. This utilizes the concept of furthest neighbor linkage, which is largest distance over
all possible pairs.

[050] Additionally, or optionally, 1D matrix may be created from 2D matrix. In accordance
with an embodiment, for creation of 1D Matrix, the processor 202 may be configured to reduce the
2D matrix to a single dimension by taking the smallest distance from each row and keeping the
sample-pairing information stored in the 2D matrix. Thus, the similarity of a sample with another
cluster is the similarity of two furthest point in those two groups.

[051] In accordance with an embodiment, the processor 202 may be configured to
determine minimum distance in the matrix, thereby choosing the minimum value in the single
dimension distance matrix. This is equivalent to choosing a pair which are closest entities in the
clustering plane.

[052] In accordance with an embodiment, the processor 202 may be configured to extract
the pairing information for minimum value. The extraction of the pair information for the sample
from the 2D matrix may be based on the index of minimum value selected in previous step.

[053] In accordance with an embodiment, the processor 202 may be configured to select
the sample pair/sample cluster pair. At this step, the information may be known for where each
new sample will go, whether a new sample will merge in existing cluster or form a cluster of its
own by pairing with a new sample.

[054] FIG. 4 is a flowchart that illustrates an exemplary method 400 of clustering data
samples, in accordance with an embodiment of the disclosure.

[055] At step 402, a plurality of batches may be received. Each of the plurality of batches
may include a plurality of samples.

[056] At step 404, a set of clusters may be created from a first batch of the plurality of
batches, using a clustering technique. Each cluster of the set of clusters may include one or more
samples. The one or more samples are determined based on variability of the one or more samples
and cluster attributes associated with each cluster of the set of clusters. The set of clusters are
created based on a second predetermined threshold. The second predetermined threshold value
may be determined based on an empirical probability density function.

[057] At step 406, the set of clusters may be reconfigured. The reconfiguring may include
at least one of: repopulating 406A the existing set of clusters with samples from remaining batches
of the plurality of batches; and adding 406B a new set of clusters to the existing set of clusters and

populating the new set of clusters with samples from the remaining batches of the plurality of
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batches. Reconfiguring the set of clusters may further include computing a distance for each sample
of the remaining batches with remaining samples of the remaining batches and with each sample
of the existing set of clusters; determining a maximum distance value for each sample of the
remaining batches with samples in the existing set of clusters; iteratively selecting one or more
close samples from the samples of the remaining batches and existing clusters, wherein selecting
the one or more close samples is based on a smallest distance value from amongst the maximum
distance values; and reconfiguring the set of clusters based on the selected one or more close
samples. Selecting one or more close samples may include iteratively comparing the smallest
distance value with a first predetermined threshold value, and selecting a close sample having an
associated smallest distance value less than the first predetermined threshold.

[058] Furthermore, one or more computer-readable storage media may be utilized in
implementing embodiments consistent with the present disclosure. A computer-readable storage
medium refers to any type of physical memory on which information or data readable by a
processor may be stored. Thus, a computer-readable storage medium may store instructions for
execution by one or more processors, including instructions for causing the processor(s) to perform
steps or stages consistent with the embodiments described herein. The term “computer-readable
medium” should be understood to include tangible items and exclude carrier waves and transient
signals, i.e., be non-transitory. Examples include random access memory (RAM), read-only
memory (ROM), volatile memory, nonvolatile memory, hard drives, CD ROMs, DVDs, flash
drives, disks, and any other known physical storage media.

[059] It will be appreciated that, for clarity purposes, the above description has described
embodiments of the disclosure with reference to different functional units and processors.
However, it will be apparent that any suitable distribution of functionality between different
functional units, processors or domains may be used without detracting from the disclosure. For
example, functionality illustrated to be performed by separate processors or controllers may be
performed by the same processor or controller. Hence, references to specific functional units are
only to be seen as references to suitable means for providing the described functionality, rather
than indicative of a strict logical or physical structure or organization.

[060] Although the present disclosure has been described in connection with some
embodiments, it is not intended to be limited to the specific form set forth herein. Rather, the scope
of the present disclosure is limited only by the claims. Additionally, although a feature may appear

to be described in connection with particular embodiments, one skilled in the art would recognize
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that various features of the described embodiments may be combined in accordance with the
disclosure.

[061] Furthermore, although individually listed, a plurality of means, elements or process
steps may be implemented by, for example, a single unit or processor. Additionally, although
individual features may be included in different claims, these may possibly be advantageously
combined, and the inclusion in different claims does not imply that a combination of features is
not feasible and/or advantageous. Also, the inclusion of a feature in one category of claims does
not imply a limitation to this category, but rather the feature may be equally applicable to other

claim categories, as appropriate.
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We claim:
1. A method (400) for clustering data samples, the method (400) comprising:
receiving (402) one or more batches, each of the one or more batches comprising a
plurality of samples;
creating (404) a first set of clusters from a first batch of the one or more batches, wherein
each cluster of the first set of clusters comprises a first and second set of data samples, and wherein
the first and second set of data samples are determined based on differences of the cluster
attributes associated with each cluster; and
reconfiguring (406) the first set of clusters, wherein the reconfiguring comprises at least
one of:
repopulating (406A) the first set of clusters with samples from remaining
batches of the one or more batches; and
adding (406B) a second set of clusters to the first set of clusters and populating
the second set of clusters with samples from the remaining batches of the one or more
batches.

2. The method (400) of claim 1, wherein reconfiguring (406) the first set of clusters comprises:

computing a distance for each sample of the remaining batches with remaining samples
of the remaining batches and with each sample of the first set of clusters;

determining a maximum distance value for each sample of the remaining batches with
samples in the first set of clusters;

iteratively selecting one or more close samples from the samples of the remaining batches
and the first set of clusters, wherein selecting the one or more close samples is based on a smallest
distance value from amongst maximum distance values; and

reconfiguring the first set of clusters based on the selected one or more close samples.

3. The method (400) of claim 2, wherein selecting one or more close samples comprises:
iteratively comparing the smallest distance value with a first predetermined threshold
value; and
selecting a close sample including an associated smallest distance value less than the first

predetermined threshold.
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4. The method (400) of claim 1, wherein the first set of clusters are created based on a second

predetermined threshold value.

5. A distance-based clustering system (200) for clustering data samples, the system comprising:
a memory (204);
an input/output (1/0) device (206);
a network interface (208);
a persistent data storage (210); and
a computer processor (202) coupled to the memory (204), the 1/O device (206), the network
interface (208), and the persistent data storage (210) wherein the computer processor (202) is
configured to:
receive one or more batches, wherein each of the one or more batches comprises a plurality
of samples;
create a multi-dimensional matrix for generating a distance of each of the plurality of
samples;
reduce dimension of the multi-dimensional matrix to a single dimension based on a sample
pairing information, wherein the sample pairing information is extracted from the multi-
dimensional matrix based on an index of minimum value;
determine a minimum distance between each of the samples in the batch; and
create subsequent clusters based on the minimum distance between two samples in the

new batch.

6. The distance-based clustering system of claim 5, wherein creation of the set of clusters
comprises:

computing a distance for each sample of the remaining batches with remaining samples of the
remaining batches and with each sample of the first set of clusters;

determining a maximum distance for each sample of the remaining batches with samples in the
first set of clusters;

iteratively selecting one or more close samples from the samples of the remaining batches and the
first set of clusters, wherein selecting the one or more close samples is based on a smallest distance

from amongst maximum distances; and
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reconfiguring the set of clusters based on the selected one or more close samples.

7. The distance-based clustering system of claim 5, wherein the multi-dimensional matrix
comprises: a three-dimensional (3D) matrix and a two-dimensional (2D) matrix for generating the
distance of each sample in the new batch with themselves and with each sample in the clusters.
8. The distance-based clustering system of claim 5, wherein the multi-dimensional matrix is
reduced to a single dimension by considering smallest distance from each row and retaining the
sample-pairing information stored in the multi-dimensional matrix.

9. The distance-based clustering system of claim 5, wherein the processor (202) is configured to
create the 3D matrix by calculating the distance of each sample in a new batch with themselves
and with each sample in clusters

10. The distance-based clustering system of claim 9, wherein the processor 202 is configured to
determine largest distance of each sample with every other sample in each of clusters to reduce

the 3-dimensional matrix to a 2-dimensional matrix.
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ABSTRACT

METHOD AND SYSTEM FOR CLUSTERING DATA SAMPLES

Method (400) and system for clustering data samples is disclosed. The method (400) may
include receiving (402) a plurality of batches, each of the plurality of batches including a plurality
of samples, and creating (404) a set of clusters from a first batch of the plurality of batches, using
a clustering technique. Each cluster of the set of clusters may include one or more samples. The
one or more samples are determined based on variability of the one or more samples and cluster
attributes associated with each cluster. The method may further include reconfiguring (406) the set
of clusters that includes at least one of: repopulating (400A) the existing set of clusters with
samples from remaining batches of the plurality of batches; and adding (400B) a new set of clusters
to the existing set of clusters and populating the new set of clusters with samples from the

remaining batches.
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Receive a one or more batches 402

i

Create a set of clusters from a first batch of the one or more
batches, using a clustering technigue 404

r
Reconfigure the set of clusters 406

Repopulate the existing set of clusters with samples from
remaining batches of the one or more batches using a
clustering technique 406A

Add a new set of clusters from the one or more batches
using a clustering technigue 406B
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