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Survey of Density Peak Clustering Algorithm
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(School of Science, East China Jiaotong University, Nanchang 330013, China)

Abstract ; Density peak clustering(DPC) is a novel clustering algorithm based on density and distance. It is widely
used in the field of data mining because of its simple principle, no iteration and the ability to process shape
datasets. However, DPC algorithm also has some defects,including the sensitive cutoff distance parameter, non—
automatic selection of initial clustering center, the chain problem in subsequent allocation and high time com-
plexity. This paper summarizes and arranges the research status of DPC algorithm. Firstly, it introduces the prin-
ciple and process of DPC algorithm. Secondly, in view of the deficiencies of DPC algorithm, the optimization of
DPC algorithm is summarized and analyzed, and the core technology, advantages and disadvantages of the opti-
mization algorithm are pointed out. Finally, the possible challenges and development trend of DPC algorithm in
the future are concluded.
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(a) Point distribution

(b) Decision graph
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Tab.1 The automation of DPC algorithm
The aspects of improvement
Imprhove Core idea S The Shortcoming
algorithm . Determine initial Improve
Determine d, Improve speed
center accuracy
A new parameter
ADPC-KNN KNN Automatic Non—-automatic No No K, and determine
the number of
clusters manually
Increase the time
Whale complexity and it
WOA-DPC optimization Non-automatic Automatic Yes No has poor clustering
algorithm effect on high—
dimensional datasets
The potential The clustering
Literature!! entropy of data Automatic Non-automatic Yes No effect of large
field datasets is poor
Increase the time
ADPC Gini index Automatic Automatic No No complexity of
algorithm
The parameters
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advance
Generalized
extreme value The parameters
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Chebyshev advance
inequality
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Tab.2 Optimizing density parametersand relative distance
The aspects of improvement
I . .
prove Core idea . Shortcoming
algorithm Determine d Determine Improve  Improve
¢ initial center ~ accuracy  speed
Optlrirt];lz%;\?ﬁl d&nsny A new parameter K is introduced,
NDPC-AC W > e Non—automatic ~ Non—automatic Yes No and the number of clusters needs
aggregation be d ined in advanc
hierarchical clustering to be determined in advance
The natural inverse The initial clustering center
Literature™! nearest nelghhor; Non-automatic ~ Non—automatic Yes No needs to be self} ?ted manually
Density adaptive through the decision graph, and
distance the time complexity is high
DPC—KNN- When the dataset appears
PCA KNN & PCA non—automatic ~ non—automatic Yes No vertical stripes, the clustering
effect is poor
The subordination of The threshold parameter and the
data points and parameter K need to be
Literature™ optimize the Non-automatic ~ Non—automatic Yes No determined, and the clustering
definition of local results are greatly affected by
density the value of K
The time consumption of
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RDPC-DSS The den.sny adaptive Non-automatic ~ Non—automatic Yes No distance is much greater than
distance .
DPC, and it is unable to process
large—scale datasets
Control parameter need to be
determined, which has a great
DPC-DBFN  The cluster backbone Non—automatic =~ Non—automatic Yes No impact on the clustering
performance; The initial center
be selected manually
The shared nearest The number of clusters and
SNN-DPC neighbor , a two—step Non—automatic ~ Non—automatic Yes No parameter K need to be known.
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Tab.3 Micro cluster merge to avoid chain problem
The aspects of improvement
Impliove Core idea S Shortcoming
algorithm . Determine initial ~ Improve  Improve
Determine d.
center accuracy speed
The density decay Parameter needs to be
DGDPC patterns form micro Non—automatic  Non—automatic Yes No determined in advance, and the
7 clusters and then ’ ’ h clustering effect of complex
merged datasets is poor
The density with KNN
LGD graph, and cluster.lng Non—automatic  Non—automatic Yes No The nearest neighbor parameter
based on connection
relationship

The natural nearest
DLDOPIEE_ neighbor, local core

Non—automatic
points, graph distance

Non-automatic Yes

Merge the micro
clusters with non—
prominent peak

PPC

Automatic Non—automatic Yes

Domain adaptive
density and micro
cluster merging

DADC

Non-automatic Automatic Yes

K and threshold are introduced

The clustering effect is greatly
affected by noise, and the
No clustering center when
performing DPC on micro
clusters needs to be determined

manually

Parameters and threshold are
introduced, and the
No Lo . .
optimization algorithm is greatly
affected by outliers

The threshold parameter for
judging micro clustering is
introduced

No

i AT 408 VAT 5 SR 7S 4 R AR X B RS 2 8 £ 58 DPC

MU Y R al £ HEAT R
BRI R R A2 2 HE B TR) RRAS BN B O SRR R

*4 RADPCEHEEE

F AR T T T HRIFEERL DPC 33k,

Tab.4 Increasing the speed of DPC
The aspects of improvement
Impr.ove Core idea d. . Shortcoming
algorithm . Determine initial ~ Improve  Improve
Determine
center accuracy speed

Using cover—tree to
find KNN and KNN
density

FastDpeak

Non-automatic Automatic No

Using grid to reduce
unnecessary calculation
of Euclidean distance

DGB

Non—automatic Non—automatic No

A fast and generic
construction of the

KNN graph

FastDP

Non—automatic Automatic No

The number of clusters needs to
be determined in advance.
Yes When the K value of the
’ nearest neighbor parameter is
larger, the storage space needs
to be larger

With the increase of data space

Yes dimension, the grid method may
be invalid
The K value of the nearest
Yes

neighbor parameter needs to be
determined in advance
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