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Abstract. Clustering is a technique to find the intrinsic structure between data and is a fundamental 
problem in many data-driven application fields. Currently, clustering is generally modeled as an 
unsupervised learning task, aiming to mine similar features between different samples and cluster 
samples with similar features into clusters. Ideally, objects in the same cluster are expected to be 
similar in the clustering results, while objects in different clusters are quite different. This study 
summarizes the research status of clustering algorithms in recent years. Specifically, the relevant 
critical steps of clustering algorithms are first introduced. From two aspects of partition and 
hierarchical clustering, representative clustering algorithms such as K-means, K-medoids, 
CLARANS, BIRCH, DBSCAN, and CURE are further detailed. This study also analyzes and 
summarizes the above algorithms in terms of critical technologies, algorithm ideas, benefits, and 
shortcomings and compares the distance accuracy of different algorithms on standard data sets. 
The above work will provide a valuable reference for cluster analysis and data mining research. 

Keywords: Clustering; unsupervised learning; feature representation. 

1. Introduction 

In different environments, people often need to group things to facilitate management.  People 

label things with the same or similar characteristics and put them into groups, while things without 

similar characteristics are classified into different groups.  One needs to ensure that the grouping is 

correct so that nothing is placed in the wrong group.  Grouping an already-tagged thing is easy 

because the tag is given in advance.  However, in many cases, the labels are not given in advance, 

and we need to extract the similarities of various things to group them.  This grouping of unlabeled 

things is called unsupervised classification, and the process of extracting and learning the features of 

these things is called unsupervised learning.  It is one of the most commonly used unsupervised 

learning algorithms.  The clustering challenge is a fundamental issue in machine learning, computer 

vision, data compression, and other research.  Also, it plays an incredibly significant role in 

identifying data's inherent structure. 

The study of cluster analysis has a lengthy history, and its significance and intersecting properties 

with other research areas were recognized decades ago.  Clustering algorithms in pattern recognition 

are mainly used in speech and character recognition.  In machine learning, clustering algorithms are 

used in image segmentation and machine vision, mainly for data compression and information 

retrieval in image processing.  In addition, the essential clustering applications are data mining, also 

called multi-relational data mining, and spatiotemporal database applications, such as GIS.  

Moreover, sequence and heterogeneous data analysis are also essential applications of clustering.  

Conventional clustering methods have been relatively well developed. However, the number and 

complexity of stored data have increased due to the geometric growth of human activities, and the 

difficulty of clustering tasks has increased as the connections between data and the characteristics of 

the data itself have become more complicated.  With the improvement, it has faced problems such 

as high computational complexity, low dimensionality degradation effect, and decreased clustering 

effect.  The importance of data lies in the data itself and in a series of analytical activities based on 
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the data, helping people to discover underlying information and produce meaningful, in-depth 

information. 

After a long development, unsupervised learning has relatively perfect research ideas and 

component analysis methods, and the accuracy is also constantly improving.  This paper focuses on 

clustering algorithms in the field of unsupervised learning algorithms.  The first half introduces the 

basic concept of clustering algorithm and feature extraction.  The central part discusses two 

clustering algorithms based on different classification methods: the partition clustering algorithm and 

the hierarchical clustering algorithm.  In the partition clustering algorithm, we focus on three 

classical algorithms: K-means, K-medoids, and CLARANS, and in the hierarchical clustering 

algorithm, we focus on BIRCH, DBSCAN, and CURE, and their advantages and limitations are 

compared. 

In this paper, three classical algorithms are selected in the partition and hierarchical clustering 

algorithms, and their applicability, limitations, efficiency, parameters, and so on are discussed.  

Finally, a summary table shows the differences between various algorithms.  At the end of the paper, 

a summary and some views on the future development trend are summarized. 

2. Representation Clustering Teachniques 

2.1. Key Steps of Clutering 

2.1.1 Feature Representation  

As a way of data classification, the main difference between clustering and classification is that 

clustering is an unsupervised learning algorithm, while classification belongs to a supervised learning 

algorithm. As a typical unsupervised learning algorithm, clustering is mainly used to automatically 

classify similar samples into a category. 

Representation is one of the core themes of deep learning. A classic unsupervised learning task is 

to find the best representation of data, remove irrelevant factors that do not affect the overall situation 

or have minimal influence factors, and find the most core and simple critical representation of data. 

Here, the simple representation includes low latitude, sparse, and independent representation. 

(1)Low latitude Representation. Compress the information in X into a more miniature 

representation as much as possible, which usually produces elements with smaller or weaker 

dependencies than the original high-dimensional data. 

(2)Sparse Representation. Embedding the data set into the representation with most input items 

being zero is usually used when the dimension needs to be increased so that most of the zero 

representations will not lose a lot of information. 

(3)Independent Representation. Try to separate the sources of changes in data distribution so that 

the representation dimensions are independent. 

2.1.2 Feature Dimension Reduction 

Feature dimensionality reduction refers to reducing the number of random variables to obtain a 

group of "uncorrelated" principal variables under certain conditions. Two commonly used 

dimensionality reduction methods include feature selection and principal component analysis. 

Feature selection aims to find the main features from the original ones because we are all valuable 

features for learning during training. If there are problems in the features themselves or the correlation 

between features is strong, it will significantly impact algorithm learning and prediction. 

The methods of feature selection include filtering and embedding. Filter mainly explores the 

characteristics of the feature itself, the relationship between the feature and the feature and the target 

value. Standard used filter methods include the variance selection method such as low variance 

feature filtering, correlation coefficient, etc. For the embedding methods, which aim to automatically 

select features according to the correlation between features and target values, the standard methods 

mainly include the decision tree, information entropy, information gain, regularization technologies 

and convolutional neural network.The methods of feature selection include filtering and embedding. 
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2.1.3 Similarity Measurement 

After clustering, the similarity between objects in a cluster is an important criterion to judge 

whether a cluster is good or bad. In the same cluster, the greater the similarity between objects, the 

better the clustering effect. The similarity between objects is mainly determined by the distance 

between them. Many clustering methods use distance measurement to determine the similarity and 

dissimilarity between any two objects. 

2.2. Partitioned Clustering 

According to the different clustering methods, the two standard clustering algorithms are divided 

clustering algorithm and hierarchical clustering algorithm. The partition clustering algorithm divides 

the data set into k parts by optimizing the evaluation function, which requires 𝐾  as the input 

parameter[2]. The most representative partitioned clustering algorithms[3] includes the K-NN[4], K-

medoids and CLARANS[5], which will be introduced in detail step by step. 

2.2.1 K-NN 

The k-nearest neighbor algorithm (K-NN) is a supervised learning algorithm, which is 

nonparametric. Its input is composed of the k closest training instances in the dataset and the output 

is contributed to whether the K-NN is intended for classification or regression.[6] If K-NN is used for 

classification, the output will be a class. The object’s class will be defined by the vote of its neighbors, 

to be precise, the algorithm will count the number of each neighbor’s vote, and the object is allocated 

to a class, which is most commonly appear among its 𝐾 nearest neighbors , where 𝐾 is a positive 

and small integer. If 𝐾 = 1, the only nearest neighbor’s class will be allocated to the object. If K-NN 

is used for regression, the output will be the attribute value of the object, which is the average of the 

𝐾 nearest neighbors’ values. 

K-NN is an algorithm that relies on distance for classification, and therefore its accuracy can be 

significantly improved if distinct features stand for different types of physical units or have sunstantial 

variations[7,8]. Euclidean distance is frequently used to represent distance if variables are continuous. 

However, if variables are discrete, such as classifying text or classifying pictures, an alternative metric, 

the overlap metric (or Hamming distance) can be applied. For example, in the circumstance of gene 

expression microarray data, K-NN utilizes correlation coefficients as metrics. Usually, being learned 

with specific algorithms such as great marginal nearest neighbor or neighborhood component analysis, 

can benefit the distance metrics and thus lead to significant improvement of classification accuracy 

of K-NN. For classification and regression, weights can be assigned to the neighbors’ contributions 

so that near neighbors contribute more to the mean than far neighbors. As d is defined as the distance 

away from the neighbor, the typical solution to weight each neighbor is to assign them a weight of 

1/d. 

The neighbors come from a group of objects with known category (for K-NN classification) or 

object attribute values (for K-NN regression). This can be considered as the training set of the 

algorithm, where the training samples are vectors that each of them has already assign to a label of 

class and they are in a multidimensional feature space. Moreover, there are only feature vectors and 

training samples’ labels in the training phase of the algorithm. In the case of classification, k is a 

constant that is defined by users and a vector without a label (a query point or test point) is classified 

by assigning the most frequent label of the k training samples to that query point. 

2.2.2 K-medoids 

The k-medoids algorithm is a clustering algorithm that resembles k-means[9]. K-means[9] and k-

medoids algorithms are both local (dividing the data set into groups) and seek to minimize the distance 

between the dots marked as clusters and the points specified as the clusters' centres. Compared with 

the k-means algorithm, k-medoids select accurate data points to be centred and therefore have more 

interpretable cluster centres than k-means. Usually, the medoid of a cluster is considered as the one 

in the cluster with the least averaged divergence from all objects in the cluster, i.e., it is the cluster 

point that is closest to the centre, however as the cluster centre is determined by the average of the 
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cluster's points, it might not be one of the input data points. In addition, k-medoids can be used for 

discretionary similarity measures, while k-means usually demand Euclidean distance to obtain a 

reasonable solution. Since k-medoids minimize the sum of pairwise similarities rather than the sum 

of squares of Euclidean distances, it is more stable to noise and outliers than k-means. K-medoids is 

a conventional cluster partitioning technique that divides a dataset of n objects into k clusters, where 

the number of clusters k is assumed to be known in advance. In contrast, the particular value of k that 

is good or bad can be evaluated using methods such as the silhouette method to evaluate. 

The specific implementation steps of the algorithm are as below. (1) 𝐾 data samples are randomly 

selected as reference points 𝑂𝑗 among the data samples (j =  1,2,3. . . . K). (2) Assign the remaining 

sample points to 𝐾 cluster classes. (3) Randomly select a non-reference point sample 𝑂 and swap 

𝑂 and 𝑂1 reference points. Repeat the action in (2) to generate a new set of cluster classes. Calculate 

the objective function 𝑆. If S < 0, swap 𝑂 and 𝑂1 and keep the new cluster classes; otherwise, keep 

the original centroids and clusters. Repeat this step until 𝐾 centroids no longer change. 

2.2.3 CLARANS 

The CLARANS algorithm combines the sampling technique (CLARA) with PAM. The main idea 

is that instead of considering the whole data set, a small part of the actual data is selected as a 

representative of the data. Then the PAM method is used to choose the centroids from the sample. If 

the sample is selected in a very unexpected way, then it should be close to representing the original 

data set. The representative object (centroid) selected from it is likely to be similar to the 

representative object selected from the entire data set.CLARA takes multiple samples of the data set, 

applies the PAM algorithm to each sample, and returns the best clustering result as the output.  

The specific steps of the algorithm are as below. 

(1) Input parameters numlocal and maxneighbor. numlocal indicates the number of samples, 

maxneighbor indicates the number of nodes that a node can compare with any particular neighbour 

Let: i=1, where i is used to indicating the number of samples that have been selected min-cost is the 

minimum cost, initially set to a great number.  

(2) Make the current node current to any of the nodes in G_n.  

(3) Set the value of j equal to 1, where j is used to indicate the number of neighbours that have 

been compared with the current.  

(4) Consider a random neighbour S of the current point and calculate the cost difference between 

the two nodes. The surrogate value is defined by the sum of the dissimilarity (distance or similarity) 

between each object and its cluster centroid. The cost difference is the difference in cost between two 

random domains.  

(5) If the cost of S is lower, the current node equals S and goes to step (3).  

(6) Otherwise, let j=j+1. If j<= max neighbour, then goes to step (4).  

(7) Otherwise, when j>maxneighbor, the current node is the minimum cost node for this selection. 

If its cost is less than the min-cost, let min-cost be the cost of the current node and the best node be 

the current node.  

(8) Let i= i+1. if i > numlocal, output the best node and abort the whole operation. Otherwise, go 

to step (2). 

2.3. Hierarchical Clustering 

Hierarchical clustering[10] is composed of various levels of segmentation clustering with nested 

relationships between the levels. Compared to segmented clustering algorithms, its main advantage 

is that it does not require any input parameters, and its shortcoming is that termination conditions 

must be designated. 

2.3.1 BIRCH  

BIRCH is a comprehensive hierarchical clustering method whose basic idea is to compress data 

objects into many sub-clusters and then perform the clustering process on these sub-clusters[11]. The 

information about a cluster is represented using triples of -cluster features, allowing the representation 
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of a cluster point to be made up of the appropriate cluster characteristics rather than specific -cluster 

points. Clustering is obtained by constructing clustering feature trees that satisfy the constraints of 

branching factors and group diameters. A highly balanced tree with two parameter branch factors is 

the clustering feature tree (and class diameter). While the class diameter represents the restriction on 

the diameter size of a class of points, that is, the range within which these points may be collected 

into a class, the branching factor determines the maximum number of children per node of the tree. 

BIRCH could perform good clustering through one scan, which showed that the algorithm was 

suitable for large data volumes. BIRCH algorithm is only suitable for convex and spherical 

distribution of classes, and the BIRCH algorithm is not feasible for invisible high-dimensional data 

because the BIRCH algorithm needs to provide correct clustering number and cluster diameter 

restrictions. BIRCH algorithm flow is shown in figure 1 below: 

 

Figure 1 The overview of BIRCH algorithm 

The whole methodology is implemented in 4 steps: 

(1) Scan all the data, create the first CF tree, group the dense data into clusters, and consider the 

sparse data as a collection of isolated points. 

(2) This phase is optional. Phase 3's global or semi-global clustering method needs input ranges to 

work quickly and accurately. In light of the previous step, this one creates a more compact CF tree. 

(3) A global/semi-global technique is employed to cluster all leaf nodes in order to account for the 

split brought on by the input order and page size. 

(4) This phase is likewise a choice. The data points are redistributed to the closest seeds using the 

stage 3 centroids as seeds to make sure that duplicates are placed in the same clusters and cluster 

names are added. 

2.3.2 DBSCAN 

Martin Ester develops DBSCAN(Density-based spatial clustering of applications with noise). 

Hans-peter Kriegel et al. proposed a density-based spatial data clustering method in 1996, the most 

commonly used method[11]. The algorithm takes a region with sufficient density as the distance 

centre. It keeps growing the region since a cluster can be uniquely determined by any central object 

in it [4]. The notion of density-based clustering is utilized by the algorithm, that is, the quantity of 

objects (points or other spatial objects) in a specific region of the clustering space does not fall below 

a given threshold. This method allows finding arbitrary clusters in a noisy spatial database and reduce 

the density. 

A significant enough adjacent area connection can effectively deal with abnormal data, mainly 

used for spatial data clustering. 

Pseudo-code of algorithm implementation: 

Input sample data D(x1,x2... xn). 

Parameter neighbourhood radius R and sample number threshold M were set. 

Initialize the core point collection ω = ∅. 
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Iterating each sample data to determine whether it is a core point is based on a neighbourhood 

drawing with r as the radius to determine whether the number of samples in the neighbourhood is 

more excellent than M. If it is, adds it to the core point set; otherwise, skip it. 

The number of initialization clusters is k=0. 

Iterate over the set of core points. 

Then, all samples in the neighbourhood of the core point are added to the queue. If a 

neighbourhood is also a core point, all samples in its neighbourhood are also added to the queue until 

the queue is empty. 

All of the samples that I just walked through are grouped into one cluster 

And then iterate over the remaining core points in the OMEGA until all the core points have been 

traversed. 

It can be said that each iteration of a large loop generates a cluster class, and steps 6-9 are very 

similar to BFS's (breadth-first search) implementation of queuing, enqueuing adjacent nodes, and 

then enqueuing the current node, continuously adding adjacent elements of each node in the paired 

column to the queue until the queue is empty and the iteration ends. 

2.3.3 CURE 

CURE(Chustrring Using Reprehensives) better solved the problem of preference for sphericity 

and similar size by Using a brand-new hierarchical clustering technique that chose a middle ground 

between the representative object-based approach and the basic centroid approach. It chooses a 

predetermined number of representative points from the data space rather than a single centroid or 

objects representing a cluster. Combining random sampling with partitioning, the technique divides 

the sample into smaller portions, with each partition being somewhat clustered, and these results are 

then grouped into groups. The CURE algorithm yields some interesting results: CURE can find 

exciting shapes, filter boundary points, sampling and partitioning can reduce input size, and for large, 

high-dimensional databases, the CURE time complexity is quadratic concerning sample size, 

independent of the overall database size. Although the CURE algorithm has the above advantages, 

the clustering results are sensitive to the input parameters, and expert knowledge is needed to set the 

appropriate parameter values. 

CURE algorithm, the basic process can be expressed as the following figure (figure 2); the first 

part of randomly selected sample points from the original data set as a subset of the subset is divided 

again after the partition on the set of operation CURE clustering algorithm for each set of clusters, 

and remove the outliers, and then to CURE these cluster further hierarchical clustering, And delete 

the outliers, and finally divide the remaining data set sample points in the disk. 

 

Figure 2 The basic process of CURE 

The advantages of K-NN and K-medoids are their simplicity and ease of implementation.  The 

disadvantages are their sensitivity to outliers, and sometimes, the centroids are not meaningful.  The 

advantages of CLARANS are that it can handle outliers efficiently, and the disadvantages are its high 

cost. 

BIRCH algorithm benefits fast clustering speed, noise point identification, and preliminary 

classification of data sets.  However, the BIRCH algorithm has the disadvantages of poor 

performance for high-dimensional feature data and non-convex data sets and may lead to different 

classification distribution from accurate data.  The advantage of the DBSCAN clustering algorithm 

is that it does not need to specify the number of partitions but automatically divides them through the 

calculation process.  The disadvantage is that it is challenging to process high-dimensional data.  

When the datasets’ density is uneven and the cluster spacing changes significantly, the clustering 
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impact is low. The advantage of the CURE clustering algorithm is that it can find clusters in complex 

spaces and is less affected by noise.  The disadvantage is that there are many parameters, including 

sampling size, number of clustering, shrinkage ratio, etc.  There is a sampling error.  It is 

challenging to find spatial clusters with very complex shapes (such as hollow shapes) sensitive to 

spatial data density differences.  Although THE CURE clustering algorithm is designed for large 

databases, the efficiency is still insufficient when the data volume increases rapidly. 

3. Experiments 

3.1. Common Data Sets 

Standard clustering analysis datasets include clustering and classification datasets, and common 

indicators of datasets include record count, feature number, category, simple distribution and other 

indicators. The details are as follows: 

Table 1. Cluster dataset information 

datasets record count feature number category simple distribution overlap 

iris 150 4 3 50/50/50 No 

wine 178 13 3 59/71/48 No 

emotions(music) 593 72 6 173/166/264/148/168/189 YES 

yeast 2417 103 14 mixed distribution YES 

scene 2407 294 6 427/364/397/433/533/431 YES 

wdbc 569 30 2 212/357 No 

breasttissue 106 9 6 21/15/18/16/14/22 No 

seeds 210 7 3 70/70/70 No 

glass 214 9 6(7) 70/76/17/13/9/29 No 

 

Table 2. Classified dataset information 

Datasets sample size characteristic number category simple distribution missing value 

appendicitis 106 7 2 21/85 No 

balance 625 4 3 288/49/288 No 

banana 5300 2 2 2924/2376 No 

yeast 2417 103 14 Mixed distribution YES 

bands 365(539) 19 2 230/135 Yes 

bupa 345 6 2 145/200 No 

 

3.2. Evaluation Indicators 

In order to judge the effect of clustering, we usually use the following evaluation indicators: Purity, 

Rand index (RI) and F-score. 

3.2.1 Purity 

Clustering purity is also known as the accuracy of clustering. It is the simplest and most intuitive 

method in the evaluation standard of clustering results. The calculation formula of purity is defined 

as follows: 

𝑃 = (𝛺, 𝐶) =
1

𝑁
∑ 𝑚𝑎𝑥

𝑗
|𝜔𝑘 ∩ 𝐶𝑗|

𝑘

 

Where 𝑁 represents the total number of samples; 𝛺 = {𝑤1, 𝑤2, ⋯ , 𝑤𝑘} represents clusters after 

clustering, while 𝐶 = {𝐶1, 𝐶2, ⋯ , 𝐶𝐽} represents the correct category, 𝜔𝑘 represents all samples in 



Highlights in Science, Engineering and Technology AMMSAC 2022 

Volume 16 (2022)  

 

175 

the 𝑘 cluster after clustering, 𝐶𝑗 represents the real sample in the 𝑗 category. Here, the value range 

of 𝑃 is [0,1]. The larger the value, the better the clustering effect. 

3.2.2 Feature Representation  

For Rand coefficient and F value, we first need to give the definitions that follow: 

TP: stands for the quantity of two related sample points in a cluster. 

FP: indicates the quantity of two different sample points in a cluster. 

TN: indicates the quantity of two clusters with two different sample points. 

FN: indicates the number of comparable sample points in two clusters. 

With the above four definitions, we can define the calculation formula of Rand coefficient[12], F 

value[13], Precision[14] and Recall[15]: 

𝑅𝐼 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝐹𝑃+𝐹𝑁+𝑇𝑁
                                (1) 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
                               (2) 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
                                   (3) 

𝐹𝛽 = (1 + 𝛽2)
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛∙𝑅𝑒𝑐𝑎𝑙𝑙

𝛽2∙𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
                          (4) 

Here, 𝑅𝐼 and 𝐹𝛽, the range of value is [0,1], and the greater it is, the better the clustering effect 

is. 

3.3. Performance Comparison 

We select and compare the representative algorithms, and the five clustering methods are 

summarized in the Table 3 below. 

Table 3. Performance of different algorithms[16] 

Category Algorithm 
Time 

complexity 
Scalability 

Suitable 

for large 

scale data 

Suitable for 

high 

dimensional 

data 

Sensitive 

of noise 

Partition 

k-means Low O(knt) Middle Yes No High 

K-medoids 
High 

O(k(n−k)ˆ2)) 
Low No No Little 

Hierarchy 

CLARANS High O(nˆ2) Middle Yes No Little 

BIRCH Low O(n) High Yes No Little 

CURE 
Low O(s 

ˆ2*logs) 
High Yes Yes Little 

 

4. Discussion and Conclusion  

Considering the ongoing advancement of deep learning algorithms, clustering algorithms for 

convolutional neural networks-based clustering have made some progress, have become an effective 

model for the combination of deep learning and machine learning, and have achieved relatively good 

performance on many public datasets. Therefore, the subsequent research can start from the following 

aspects: 

(1) Data preprocessing. The data problem must be resolved as the initial step in any clustering 

algorithm. As a result of different application problems, different models need to be used, and it is 

imperative whether data suitable for clustering can be constructed through data preprocessing or 

throughout the feature extraction procedure.  
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(2) The underlying issue of high computational complexity and inadequate dimensionality 

reduction impact in the clustering process still exists with the enormous development of information, 

which leads to the decline of the clustering effect. In the future, we can explore how to rely on 

unsupervised, semi-supervised, self-supervised and other methods to help neural networks perform 

repeated optimization, such as using comparative learning to represent data better or in complex 

problems with the assistance of well-designed model architectures—disassembly of the clustering 

task. 

(3) In the deep clustering of GNN, how to fully exploit the graph details and the properties and 

characteristics of the graph structure still lacks a reasonable and holistic solution or idea. The problem 

of fully extracting information from large-scale or cross-directional datasets can be solved by building 

a knowledge graph.  

(4) Graph data structure is very different, with heterogeneity and dynamics. Therefore, how to 

solve the problem of graph heterogeneity and dynamics according to the critical subgraph structure 

is a direction worth exploring. 

(5) The clustering methodology is used for discovering the intrinsic between data structure and is 

a fundamental problem in many data-driven application fields. This paper summarizes the research 

status of methodologies for clustering in recent decades. Specifically, the relevant critical steps of the 

clustering algorithm are first introduced. The representative clustering algorithms are further 

introduced in detail from the two aspects of partition and hierarchical clustering, and the common 

problems and application directions in the research process are summarized.  
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