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Abstract. Data mining in large-scale instructional platforms may suffer from high data
dimensionality and complex data formats. Density Peaking Clustering (DPC), as a clus-
tering algorithm, does not rely on the assumption of data distribution and is able to
discover clusters of arbitrary shapes, which is useful for dealing with complex or irregu-
lar datasets. However, the DPC algorithm also has its limitations, such as the difficulties
that may be encountered when dealing with clusters with different densities and the rel-
atively high computational complexity of the algorithm. Therefore, in order to perform
data mining effectively in Spark teaching platform, this paper proposes an automatic
determination of centre DPC (NPADPC) based on normalisation process and gives the
corresponding parallelisation design method. First, the principle of DPC is analysed.
Then, a DPC based on normalisation processing is provided, the basic idea of which is
to normalise the local density (ρ) and distance (δ) in the decision function to ensure
that these two parameters are uniformly distributed across different data sets. For each
data point, a Gaussian kernel function is used to compute the local density and distance
to ensure that these parameters are comparable across different datasets and different
feature spaces. Then, the dataset to be clustered is partitioned into intervals such that
the data in each interval is traversed in this interval. The experimental results show that
the average accuracy of NPADPC ranges from 0.9287 to 0.9458 and is generally higher
than the mean value of DPC for data on large online learning platforms. The running
time of the parallel NPADPC algorithm decreases significantly as the data samples rise.
Keywords: Data mining; Clustering algorithm; Peak density; Parallel computing;
Gaussian kernel function; KNN

1. Introduction. Data mining techniques have emerged as a way to make use of data
and to obtain knowledge and information from data. However, traditional data mining
techniques are still somewhat inadequate to deal with modern massive data although they
can still be of significant effectiveness in most cases [1, 2]. Therefore, while researching
new data mining algorithms, it has become a hot research topic to study how to apply
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these data mining algorithms to contemporary massive data and improve the operation
efficiency of the algorithms [3, 4, 5].

Traditional data mining algorithms applied directly to distributed databases are not
effective as it implies a significant communication overhead, and the computational envi-
ronment thus becomes an important change in exploiting the scalability of the system for
high performance data mining implemented in a distributed manner [6]. In traditional
data mining techniques, centralised approaches are largely unsuitable due to the sheer
volume of data, the infeasibility of storing data centrally at multiple sites, bandwidth con-
straints, energy constraints and privacy concerns [7]. Therefore, it is important to develop
a more adaptable and flexible mining framework to discover hidden, useful and meaning-
ful patterns and it is particularly important to obtain information from distributed and
complex databases rather than centralised databases. Big data mining research focuses
on data mining in distributed environments [8].

Clustering-based data mining in Spark’s parallelised teaching platform demonstrates
high research value, mainly in its ability to efficiently process large-scale teaching data [9,
10]. Using Spark’s distributed computing framework, multi-dimensional data such as
students’ learning behaviours, grades, and interactions can be quickly clustered and anal-
ysed. This kind of analysis helps educators to identify students’ learning patterns and
group characteristics, which can lead to more accurate allocation of teaching resources
and formulation of personalised teaching strategies. For example, clustering can identify
students’ common problems with specific course content. In addition, clustering analysis
can provide data support for course design and help educators optimise course structure
and content to better suit the learning needs of different students [11]. Therefore, cluster-
ing data mining on the Spark platform can not only improve the quality of teaching and
students’ learning experience, but also promote the innovation of educational research
and practice, which has far-reaching educational significance and application prospects.
Data mining in large-scale teaching platforms may have the problems of high data dimen-
sionality and complex data format. Density Peaking Clustering (DPC), as a clustering
algorithm [12, 13], does not rely on the assumption of data distribution and is able to
discover clusters of arbitrary shapes, which is very useful for dealing with complex or
irregular datasets. Therefore, the aim of this study is to apply DPC to a Spark-based
teaching platform and improve it in order to achieve accurate and efficient data mining
tasks.

1.1. Related work. In the field of data mining and analysis, clustering is one of the
important algorithms, the purpose of which is to be able to divide the data with high
correlation in the same dataset together, thus forming a cluster. Density-based clustering
is different from other clustering methods in that it does not need to point out the number
of clusters to be clustered before clustering, and density-based algorithms are insensitive
to noise points, and are able to get rid of the disadvantage of distance-based clusters that
can only find circular clusters, and identify clusters of arbitrary shapes and sizes, and
thus have a wide range of applications in the field of data mining.

Kerm [14] proposed a new local density estimation method, given the number of clusters,
which can automatically perform clustering and improve the clustering without human in-
tervention. Li et al. [15] proposed a fuzzy density clustering method for effective selection
of clustering centres, which can effectively and adaptively select the clustering centres and
obtain better clustering results. Das et al. [16] proposed a method with low computational
complexity for automatic selection of clustering centres and used the Canopy algorithm
to automatically decide the threshold value of clustering centres. Hulme et al. [17] pro-
posed a selection mechanism for automatically determining the number of cluster centres
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based on the B-DPC algorithm for cluster boundary partitioning, which improves the
basic density peak clustering and also reduces the computational complexity by down-
grading the dimensionality. Li et al. [18] improved the DPC algorithm by maximising the
average profile index to develop an automatic clustering centre-of-mass selection method
that utilises the density estimation entropy approach to select and optimise the DPC
parameters. He and Tan [19] used an automatic cluster centroid selection strategy for the
purpose of automatic cluster centre selection and adopted a new method to calculate the
relative density, i.e., nearest neighbour information. The proposed algorithm based on
this is able to cluster any dataset quickly and accurately using decision diagrams. Seyedi
et al. [20] proposed a new density peak clustering method called IDPC which not only
uses local density to identify cluster centres but also proposes a new label propagation
method to form clusters.

Mehmood et al. [21] proposed a Sheather-Jones based adaptive estimation method to
determine the truncation distance for clustering algorithms. Cui et al. [22] proposed an
overdiffusion-based method, which is a nonparametric method for estimating the prob-
ability distribution of a given dataset, that takes into account both the choice of the
truncation distance and the boundary correction of the kernel density estimation. Based
on thermal diffusion in an infinite domain, Nutz et al. [23] proposed a new method for
automatically extracting the threshold of the original dataset using the potential entropy
of the data field, which enables a clustering process for adaptive density peak detection.

1.2. Motivation and contribution. The algorithms presented above are all further
improvements to the DPC algorithm for cluster centre selection. Although most of the
studies have analysed the potential of each data sample point as a cluster centre, no in-
depth research has been done on how to correctly select the cluster centres. In summary,
the research of DPC algorithm on automatic determination of cluster centres has also
achieved some results, but the problem of how to select the number of cluster centres
efficiently and reasonably is still an urgent problem. Therefore, in order to solve the
above problem, an automatic determination of centre DPC based on normalization process
(NPADPC) is proposed. The main innovations and contributions of this work include: (1)
Aiming at the problem of the traditional DPC method, which needs to rely on experience
to select the clustering centre, a method based on the normalisation process to determine
the clustering centre automatically is provided. In addition, a strategy is developed
to dynamically adjust the truncation distance so that it can be automatically adjusted
according to the local density distribution of the data set. For each data point, a Gaussian
kernel function is used to compute the local densities and distances, ensuring that these
parameters are comparable across datasets and different feature spaces. (2) Aiming at the
problem that the proposed NPADPC algorithm has high computational complexity and
low running efficiency in Spark teaching platform, a parallel NPADPC algorithm based
on Spark is proposed.

2. Principles of peak density clustering.

2.1. Dataset segmentation. Density Peaking Clustering (DPC) is a density-based clus-
tering algorithm proposed by Alex Rodriguez and Alessandro Laio in 2014. The core idea
of the algorithm is to find peaks of density in the data space, which are considered to be
the core of the clustering [24, 25]. The algorithm does not require a pre-specified number
of clusters, is able to recognise clusters of arbitrary shape and is robust to noisy points.

Let N datasets X be classified into k classes, which are mathematically represented as
C = {C1, C2, . . . , Ck}, where k ≤ N , X = C1 ∪ C2 · · · ∪ Ck, and Ci ∩ Cj = ∅(i ̸= j).
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The distance from point xi to point xj is rij, then the distance from xi to xj is shown as
follows:

rij =
√

|xi1 − xj1|2 + |xi2 − xj2|2 + · · ·+ |xin − xjn|2 (1)

2.2. Local density and distance. For each point in the dataset, the number of points
in its neighbourhood is calculated as the local density of that point. The local density ρi
of the data point xi is shown below:

ρi =
∑
j

χ
(
rij − rc

)
(2)

where rc is the truncation distance and χ denotes the density kernel function.

χ(x) =

{
1, x < 0,

0, x ≥ 0,
(3)

Let the kernel function be a Gaussian function, then ρi can be expressed as:

ρi =
∑
j

exp
(
−

r2ij
2 r2c

)
(4)

For each point, find the nearest point in its neighbourhood that has a local density
greater than that point and calculate the distance between them. The minimum distance
corresponding to a point xi is denoted as the distance to the nearest point to xi with a
density value greater than ρi:

δi =

{
minj(rij), ∃ j s.t. ρj > ρi,

maxj(rij), otherwise,
(5)

Determine the point i as a centroid of the cluster according to Equation (4) and Equa-
tion (5).

In order to prevent the situation where only one of the values of ρi and δi is larger and
the other smaller, Equation (6) is generally used for the calculation:

γi =
ρi
δi

(6)

2.3. Decision function. Combining local densities and distances, a decision function is
defined for each point, which is used to evaluate whether the point is a clustering centre
or not. The cluster centre points are selected for clustering based on a combination of
ρi, δi and γi values. Figure 1 expresses the selection process of cluster centroids more
intuitively.

It can be seen that the samples are initially distributed into 3 categories and the respec-
tive distances are calculated based on the distribution of features of each sample point
according to Equation (1).

2.4. Cluster centre selection and assignment. Based on the value of the decision
function, the clustering centres are selected, usually those points with high decision func-
tion values. The point with the highest decision function value is selected as the clustering
centre and then this process is iterated until the desired number of clusters is reached or
the stopping condition is satisfied [26]. Finally, the other points are assigned to the near-
est cluster centres to form clusters. The density ρ and distance value δ are calculated
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Figure 1. Distribution of data points

according to Equation (4) and Equation (5), respectively, and their generated 2D decision
distribution graphs are shown in Figure 2.

It can be seen that the 3 clustering centroids are 10, 12 and 25. After selecting the
centroids, all the sample points are classified according to the number of centroids. For
the remaining points to be classified, the category closest to the centroid is selected as
the clustering category for that point according to the density value.
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Figure 2. Decision chart

3. Automatic determination of the centre DPC based on the normalization
process.

3.1. Basic idea. The traditional DPC method has the defect of needing to rely on expe-
rience to select the clustering centre, so this paper provides an automatic determination
of centre DPC (NPADPC) based on the normalization process, whose basic idea is to
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normalize the local density (ρ) and distance (δ) in the decision function to ensure that
these two parameters are uniformly distributed across different datasets.

For each data point, a Gaussian kernel function is used to compute the local density
and distance, ensuring that these parameters are comparable across datasets and different
feature spaces [27]. Normalisation reduces the subjectivity of parameter selection and
improves the stability and adaptability of the algorithm. Based on the normalised local
density and distance, a decision function is constructed which is able to combine these
two parameters to evaluate the potential of each data point as a clustering centre. In
addition, a strategy is developed to dynamically adjust the truncation distance so that it
can be automatically adjusted according to the local density distribution of the dataset.
In this paper, a density-based method, such as KNN, is used to determine the appropriate
truncation distance.

3.2. Calculation of local densities and distances. First, we compute the local den-
sity of each data point, i.e. the number of neighbouring points within a given truncation
distance. Also, for each point, we find the nearest point in its neighbourhood whose local
density is greater than that point and calculate the distance between them.

The local density ρi of each data point i is calculated, usually by determining a trun-
cation distance δ to limit the size of the neighbourhood.

ρi =
n∑

j=1

Kδ(dij) (7)

where Kδ is the Gaussian kernel function, and dij is the distance between point i and
point j.

For each data point i, find the nearest point j whose local density in its neighbourhood
is greater than ρi and calculate the distance between i and j to obtain δi.

δi = min
j ̸=i, ρj>ρi

dij (8)

3.3. Normalisation. Normalisation of local density and distance is used to avoid the
problem of inconsistent clustering results in different datasets or feature spaces due to
differences in magnitude or data distribution. This is usually achieved by dividing the
local density and distance of each point by the maximum of all points.

Local densities were normalised to avoid the effect of magnitudes between different
datasets.

ρ′i =
ρi

max(ρ1, ρ2, . . . , ρn)
(9)

Similarly, distances were normalised to maintain consistency across datasets.

δ′i =
δi

max(δ1, δ2, . . . , δn)
(10)

3.4. Construction of the decision function. Combining the normalised local densities
and distances, we construct a decision function that evaluates the potential of each point
to become a clustering centre. The decision function used is a combination of local density
and distance.

The normalised local density ρ′i and the normalised distance δ′i are combined to con-
struct the decision function γi.
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γi =
ρ′i
δ′i

(11)

3.5. Selection of clustering centres. By analysing the values of the decision function
γi, the point with the highest γ value is selected as the clustering centre. The number of
clustering centres is determined by setting a threshold method.

γi = ρ′i · (δ′i)β (12)

where α and β are parameters used to adjust the relative importance of ρ′i and δ′i. Once
the clustering centres are selected, we form clusters by assigning each data point to the
nearest clustering centre. This process can be done by calculating the distance of each
point to each cluster centre and assigning the point to the nearest centre. The clusters
are formed by

Ck =
{
i | argmin

j
∥xi − µj∥2 ≤ dist(xi, Ck)

}
(13)

where Ck is the k-th cluster, µj is the mean of the j-th cluster centre, and ∥ · ∥2 denotes
the square of the Euclidean distance.

3.6. KNN-based dynamic adjustment of truncation distance. The selection of the
truncation distance rc is very important during the implementation of the DPC algorithm.
rc determines both the clustering accuracy and the execution efficiency of DPC. DPC is
poor in dealing with the uneven distribution density of sample points due to the large
influence of rc, so this paper adopts the KNN algorithm [28,29] to improve DPC.
Let the entire set of samples to be clustered be X, where xi ∈ X, dist( ·, ·) is the density

distance function, and NNk(xi) denotes the set of points that are the kth closest to xi.
The KNN representation of xi is shown below:

KNN(xi) = {xj ∈ X | dist(xi, xj) ≤ dist(xi,NNk(xi))} (14)

The density of KNN is shown below [30]:

ρi = exp
(
−1

k

∑
xj∈KNN(xi)

dist(xi, xj)
2
)

(15)

δi =

{
minj

(
dist(xi, xj)

)
, ∃ j s.t. pj > pi,

maxj
(
dist(xi, xj)

)
, otherwise,

(16)

Next, a local density map is constructed which shows the local density of each point in
the dataset. The local density can be estimated by calculating the average of the KNN
distances for each point:

ρi =
1

K

K∑
k=1

di,k (17)

di,k = min
j ̸=i

∥xi − xj∥, for k = 1, . . . , K (18)

where di,k is the distance between the point xi and its k nearest neighbour, and ∥ · ∥
denotes the Euclidean distance or other distance measure.

Using a local density map, a density threshold τ is determined. First, the local den-
sities ρi of all the data points are ranked, from smallest to largest. This paper uses the
Cumulative Density Distribution (CDF), which is the proportion of points less than or
equal to each local density value. A local density value that makes the cumulative density
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reach a particular value is chosen as τ . The cumulative density distribution is calculated
as:

F (ρ) =
1

n

n∑
i=1

I(ρi ≤ ρ) (19)

where I is the indicator function that takes the value of 1 when ρi ≤ ρ and 0 otherwise.
Dynamically adjust the truncation distance δ according to the density threshold τ . The

truncation distance δ should be greater than the minimum distance in the local density
map and at the same time less than the density threshold τ .

δ = max
(
min distance in ρi, τ

)
(20)

Based on the updated cluster centres, each data point is assigned to the nearest cluster
centre to form clusters.

Ck =
{
xi | argmin

j
∥xi − xj∥ ≤ δ

}
(21)

where Ck is the k-th cluster, and ∥xi − xj∥ denotes the distance between the point xi

and the cluster centre xj.
Through these steps, the truncation distance can be dynamically adjusted according

to the local density distribution of the dataset, which improves the performance and
adaptability of the density peak clustering algorithm. This method is especially suitable
for the case of uneven data density, which can better identify and separate clusters. After
optimising the DPC using KNN, the rc parameter selection of the DPC is no longer
necessary, but the k value of the nearest neighbours needs to be selected. After obtaining
the samples to be clustered, the distance between two and two of the sample points to be
clustered is calculated to generate a collection of distance matrices. Then calculate the
density value and distance value of each sample point and select the sample point with
the larger of the two as the centroid of the sample clustering. Calculate the distance value
of the remaining nodes relative to each centre point, and select the category to which the
closer centre point belongs as the category of each remaining node.

4. Parallel NPADPC based on Spark teaching platform.

4.1. Pedagogical platform overview. Apache Spark is an open source distributed
computing system designed for large-scale data processing. It originated from AMPLab
at UC Berkeley and aims to address the shortcomings of the Hadoop MapReduce model in
terms of iterative computation, real-time processing, and in-memory computation [31, 32].
Spark provides an easy-to-use programming model and a rich set of APIs with support
for a variety of programming languages such as Scala, Java, Python, and R. It is designed
to be used in a variety of applications such as data processing, data management, and
data analytics.

Spark improves processing speed by executing computations in memory, enabling faster
processing of large-scale datasets compared to Hadoop MapReduce.Spark provides a sim-
ple and intuitive programming model that makes the development of parallel applications
easier through the RDD (Resilient Distributed Dataset) abstraction.Spark supports a
variety of computational modes, including batch processing Spark supports a variety of
computational modes, including batch processing, interactive querying, stream process-
ing, and machine learning, making it a versatile platform for processing big data.Spark can
run in small clusters up to large clusters of thousands of machines, providing excellent hor-
izontal scalability.Spark is fault-tolerant through the lineage information of RDDs, which
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enables recomputation of lost data in the event of node failures.Spark Spark has a rich
ecosystem of components, including Spark SQL (for structured data processing), Spark
Streaming (for real-time data processing), MLlib (for machine learning), and GraphX (for
graph computation). these features make Spark a popular choice for big data processing
and analytics, especially for scenarios that require fast iteration and real-time processing.
The structure of the Spark ecosystem is shown in Figure 3.
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Figure 3. Spark ecosystem

The Spark-based Parallelisation Teaching Platform is a teaching platform based on the
Apache Spark distributed computing framework, which aims to provide efficient parallel
computing capabilities and rich teaching resources to help teachers and students better
understand and apply parallel computing technologies.

Through the Spark-based parallelisation teaching platform, teachers can create and
publish parallel computing courses and assignments, including theoretical knowledge lec-
tures, practical case studies and programming practice. Students can complete course
learning, assignment submission and experimental practice on the platform, and with the
computing resources and tools provided by the platform, they can deeply understand the
principles and technologies of parallel computing and improve their parallel programming
ability. The features of the platform include:

(1) Distributed computing support: Spark-based parallelisation teaching platform pro-
vides distributed computing resources and tools to support theoretical learning and prac-
tical operation of parallel computing.

(2) Rich teaching resources: The platform provides rich teaching resources, including
course handouts, experimental cases, programming examples, etc., to help students better
learn and apply parallel computing technology.
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(3) Real-time interaction and feedback: The platform supports real-time classroom
interaction and online feedback, so teachers and students can communicate and solve
problems in a timely manner to improve teaching effectiveness and learning experience.

(4) Automated assessment and feedback: The platform provides an automated assign-
ment assessment and feedback system to help teachers efficiently assess students’ learning
outcomes and provide personalised learning advice and guidance to students.

The Spark-based parallelisation teaching platform can effectively promote the teaching
and learning of parallel computing technology, cultivate students’ parallel programming
ability, and problem solving ability, and promote teachers’ and students’ in-depth explo-
ration and application in the field of parallel computing.

4.2. Design of the parallel NPADPC algorithm. Although the proposed NPADPC
algorithm can discover arbitrary shape clusters and automatically determine the number
of clustering centres, its calculation of local density and distance in its decision function
requires traversing the entire dataset, resulting in a relatively low running efficiency in the
Spark teaching platform. In order to solve the problem of high computational complexity
and low running efficiency of NPADPC algorithm, this paper proposes a parallel NPADPC
algorithm based on Spark.

Firstly, parallel computing frameworks such as Apache Spark are utilised to speed up
the clustering process. The overall running time of the algorithm can be significantly
reduced by partitioning the dataset into multiple small chunks and performing local clus-
tering on multiple compute nodes simultaneously. The entire dataset is then divided into
multiple data partitions, each containing an approximately equal number of data points.
This ensures that each compute node handles roughly the same amount of data, thereby
achieving load balancing. Next, the NPADPC algorithm is applied independently on
each data partition for local clustering. This means that each partition determines its
clustering centre and clustering result independently. Finally, after the local clustering is
completed, the clustering results of all partitions are combined for global clustering. This
step involves the merging of clustering centres across partitions and the redistribution of
data points to ensure that the final clustering results reflect the global structure of the
entire dataset. The steps of the parallel NPADPC algorithm are as follows:

Step 1: Partition the large dataset into multiple smaller data partitions (or chunks) for
parallel processing on different compute nodes.

Step 2: Calculate the local density ρi and distance δi on each data partition. The local
density ρi is calculated as

ρi =
∑

j∈Nδ(i)

Krc

(
dij

)
(22)

where Nδ(i) is the set of neighbouring points of point i within the truncation distance rc,
Krc is the Gaussian kernel function, and dij is the distance between point i and point j.
Step 3: Calculate the distance δi as

δi = min
j∈Nρ(i)

dij (23)

where Nρ(i) is the set of neighbouring points whose local density ρj of point i is greater
than ρi.
Step 4: Select local clustering centres independently on each data partition, usually

choosing the point with the highest local density as the clustering centre.
Step 5: Assign each data point to its nearest local clustering centre to form local

clusters.
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Step 6: Bring together all the local clustering centres and determine the global cluster-
ing centre by global clustering method (K-Means).

Step 7: Re-allocate all data points using the global clustering centres to form the final
clustering result.

5. Experimental results and analyses.

5.1. Description of the experimental environment. In order to validate the perfor-
mance of the parallel NPADPC algorithm in big data clustering, a validation analysis is
performed. The source of experimental data is an online large-scale learning platform,
as shown in Table 1. Firstly, different sample sizes are clustered and simulated to gen-
erate the decision diagram of DPC and analyse its performance; then DPC and parallel
NPADPC are used to perform clustering operations respectively.

Table 1. Sample set of online learning platforms

Data set number Sample size Number of attributes Number of categories
1 2000 17 8
2 3000 20 8
3 4000 25 8
4 5000 35 8

The Spark cluster built for the experiment consists of a cloud platform, mainly two
Dell PowerEdge R930 rackmount servers. A heterogeneous five-node distributed com-
puting platform was built using these two servers as the basis. The parameters of the
hardware of the server platform are shown in Table 2. The Spark platform requires many
components of the Hadoop platform such as HDFS, YARN, etc. to run the data. The
cluster uses virtualisation technology to virtualise each server into multiple logical hosts,
i.e., each server is partitioned into multiple mutually independent and non-interfering
virtual environments. One logical computer is used as the master node of the cluster
and the remaining logical computers are used as data nodes. Logical computers can be
specifically configured as well as added or deleted according to the requirements of the
experiment. The operating system of each logical computer is Ubuntu 16.04 LTS, and
the Spark version number is 2.4.0. The two servers used are heterogeneously constructed
for cluster distribution, as shown in Table 3.

Table 2. Parameters of experimental platform hardware environment

Basic parameter Instructions
Processing unit 2×Intel Xeon E7-4820 v4; 2.0 GHz 25 M cache; 6.4 GT/s OPII10C/20T
RAM 256 G
Hard drive Mechanical HDD: 2×480 G, SSD: 2 T
CD or DVD Drive DVD-ROM, SATA, Internal
Network card Quad-Port Gigabit Ethernet Card

Each machine needs to deploy a Java environment, and the experimental uniform ver-
sion number is 1.8. In addition, in order to facilitate the communication access between
each cluster node, it is necessary to establish a master node to the slaver node confi-
dential communication, that is, the public key of the master master node is added to
the granting of each slaver node’s information in the key pool. Subsequently, according
to the Spark cluster configuration needs to modify the corresponding configuration files:
hdfs-site.xml, core-site.xml, mapred-site.xml, yarn-site.xml and so on.
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Table 3. Node cluster deployment

Node type Hostname (of a networked computer) IP
Master Masrero1 192.168.24.10
Slaver Slaver01 192.168.24.01
Slaver Slaver02 192.168.24.02
Slaver Slaver03 192.168.24.03
Slaver Slaver04 192.168.24.04
Slaver Slaver05 192.168.24.05

5.2. Decision map performance. In the DPC clustering process, the core element is to
obtain a decision map that is effective in terms of accuracy. The decision map is used to
select the appropriate centroids of the clustering categories and then the sample categories
are obtained based on the distance of the sample points from each centroid. The decision
map solved by the parallel NPADPC algorithm for dataset 1 is shown in Figure 4.

Figure 4. Decision diagram (dataset 1)

As a whole, the local density ρ maximum increases when the sample size becomes
larger. This is because an increase in sample size increases the number of nodes within
the cluster centre threshold while the number of cluster centres remains the same, so the
density value increases. The distance of the vertical axis from the point of local density
maximum, on the other hand, does not change much, which indicates that the increase in
the number of samples has less effect on δ, mainly because the number of cluster centre
points does not change.

Parallel NPADPC clustering was performed for four datasets with different sample sizes
and the statistical results are shown in Table 4.

It can be seen that for all datasets the average accuracy of NPADPC ranges from
0.9287 to 0.9458 and is generally higher than the mean value of DPC (from 0.8927 to
0.9098), which indicates that NPADPC also outperforms DPC in the average case. The
minimum value of accuracy for NPADPC (0.9199) is higher than the DPC accuracy
minimum (0.8839), which indicates that the performance of NPADPC in the worst case
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Table 4. Clustering accuracy of parallel NPADPC and DPC

Data set Sample size NPADPC DPC
Min. Max. Ave. Min. Max. Ave.

Dataset 1 2000 0.9199 0.9322 0.9287 0.8839 0.8962 0.8927
Dataset 2 3000 0.9236 0.9417 0.9372 0.8876 0.9057 0.9012
Dataset 3 4000 0.9307 0.9443 0.9419 0.8947 0.9083 0.9059
Dataset 4 5000 0.9412 0.9534 0.9458 0.9052 0.9174 0.9098
Dataset 5 6000 0.9409 0.9533 0.9455 0.9049 0.9173 0.9095

is also better than the performance of DPC in the worst case. When the sample size is
boosted from 2000 to 5000, the average clustering accuracy improves by 1.93%. This may
be due to the fact that the increase in sample size enables more comprehensive access to
the density values of the nodes when performing the normalised nearest neighbour density
solution, which prompts the DPC to obtain better clustering results, thus improving the
accuracy of big data clustering, and also suggests that parallel NPADPC clustering is
particularly suitable for big data clustering.

5.3. Running time comparison. The experimental results of the performance compar-
ison between the parallel NPADPC algorithm and the DPC algorithm executed on the
above four test sets are shown in Figure 5, with the time unit of min.

D a t a s e t  1 D a t a s e t  2 D a t a s e t  3 D a t a s e t  4 D a t a s e t  50

5 0

1 0 0

1 5 0

2 0 0

2 5 0

 D P C   P a r a l l e l  N P A D P C
Figure 5. Comparison graph of running time

It can be seen that the DPC algorithm is slightly faster than the parallel NPADPC
algorithm when the amount of data is small. However, as the number of data samples
increases, the disadvantage of its computational efficiency slowly manifests itself. At
Dataset 5, its computation time is much higher than that of the parallel NPADPC algo-
rithm. When the amount of computation is small, the parallel NPADPC algorithm has
a larger running expense when the number of data samples is small because it needs to
partition the data, thus incurring some extra communication time. However, as the data
samples rise, the advantages of the parallel NPADPC algorithm come out clearly.
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6. Conclusion. In this work, an automatic determination of centre DPC (NPADPC)
based on normalisation process is proposed. Firstly, an automatic determination of cluster
centres based on normalisation processing is provided to address the problem of traditional
DPC methods that need to rely on experience to select cluster centres. In addition, a
strategy for dynamically adjusting the truncation distance is developed so that it can be
automatically adjusted according to the local density distribution of the dataset. Secondly,
a parallel NPADPC algorithm based on Spark is proposed to address the problem that
the proposed NPADPC algorithm has high computational complexity and low running
efficiency in the Spark teaching platform. The calculation of ρ (local density) and δ
(distance) is completed in each interval independently distributed, after which each node
is clustered using the NPADPC algorithm, and finally the results after clustering in each
interval are re-clustered. Experiments show that as the data sample rises, the efficiency
advantage of the parallel NPADPC algorithm comes out clearly. When the sample size is
raised from 2000 to 5000, the average clustering accuracy is increased by 1.93%.
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