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Abstract. As a critical step for unsupervised learning, clustering is widely used 

in scientific data analysis and engineering systems. However, the shortage of 

categories information makes clustering an inconvenient issue. As an efficient 

and effective supervised learning algorithm, Extreme Learning Machines 

(ELMs) can be also adaptive for clustering tasks by constructing class labels 

properly. In this paper, we present a new clustering algorithm, K-means ELM 

Clustering (KELMC), which uses the output of an extreme learning machine 

instead of the similarity metrics in k-means. Extreme learning machine in 

KELMC is trained from potential cluster centers with its categories artificially 

labeled. For further improvement, we tried KELMC on an ELM-AE-PCA feature 

space and proposed another algorithm called EP-KELMC. Empirical study on 

UCI data sets demonstrates that the proposed algorithms are competitive with the 

state-of-the-art clustering algorithms. 
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1 Introduction 

Data clustering is an inevitable step in most of scientific data analysis and in engi-
neering systems. Generally speaking, clustering is a task of grouping similar objects 
together [1]. Since each algorithm has their own characters, researchers have proposed 
many principles and models for different kinds of problems. Therefore, a large family 
of clustering algorithms were developed by researchers to adapt different kinds of 
situations. Methods such as k-means clustering [3,4], k-centers clustering [3], and the 
expectation maximization (EM) [5] were proposed in the early stage of machine 
learning, and keep a practical applicability until now. Laplacian eigenmaps (LE) [6] 
and spectral clustering (SC) [7] both use spectral techniques for clustering and get 
wonderful results in some data sets. Deep auto encoder (DAE) [8] processes the abil-
ity to capture multi-modal aspects of the input distribution. 

The emergent machine learning technique, extreme learning machines (ELMs) 
[9-14], has become a hot area of research over the past years. ELM can be used for 
regression, classification, clustering and feature learning with its ability to approxi-
mate any objective function with fast learning speed and good generalization capabil-
ity [9-11]. Recently, new variants of clustering methods based on ELM are emerging 
in an endless stream. Qing He et al. proposed ELM kMeans [15] algorithm which 
transform the original data into the ELM feature space and use k-means to clustering. 
Gao Huang et al. proposed unsupervised ELM (US-ELM) [16] based on manifold 
regularization framework. Kasun L.L.C. et al. proposed Extreme Learning Machine 
Auto Encoder Clustering (ELM-AEC) [17] which extends ELM for clustering using 
Extreme Learning Machine Auto Encoder (ELM-AE) [18]. Y. Miche et al. proposed a 
SOM-ELM [19] clustering algorithm which projects the data samples to the cluster 
center space and using a heuristic method to optimization. 

But above all, most of clustering algorithms, such as LE, SC, DA, ELM kMeans, 
US-ELM, ELM-AEC and so on, follow a unified framework that consist of two stag-
es: 1) feature mapping or embedding and 2) clustering using k-means. They all re-
ceived remarkable results by modifying the feature mapping strategy. In this paper, 
we present an improvement of k-means algorithm, K-means ELM Clustering 
(KELMC), which uses the outputs of an extreme learning machine instead of the sim-
ilarity metrics in k-means. Extreme learning machine in KELMC is trained from po-
tential cluster centers with its categories artificial labeled. This means a non-linear 
and evolvable similarity measurement was introduce in k-means. And inspired by the 



[17], which proposed ELM-AEC and shows that performing k-means clustering on 
the embedding ELM auto encoder feature space produces wonderful results, we pro-
posed another improvement algorithms called K-ELMs Clustering on ELM-AE-PCA 
feature space (EP-KELMC). 

The rest of the paper is organized as follows. In Section 2, we give a brief review 
of ELM and ELM-AEC. Section 3 introduces our two clustering algorithms. Exten-
sive experimental result on clustering are presented in Section 4. Finally, some con-
cluding remarks are provided in Section 5. 

2 ELM 

2.1 Brief review of ELM 

ELM, proposed by Huang et al. [13], has been widely adopted in pattern classification 
in recent years. It has many advantages, which not only avoids many problems en-
countered by traditional neural network learning algorithms based on gradient such as 
local minima, various training parameters, but also learns much faster with higher 
generalization performance than the established learning methods on the basis of gra-
dient. ELM is a kind of generalized single hidden layer feed-forward networks 
(SLFNs). The essence of ELM is that the hidden layer of SLFNs need not to be tuned. 
The structure of the ELM is shown in Fig 1. 

 

Fig. 1. Single hidden layer feed-forward networks [13] 

Given 𝑁  arbitrary distinct samples �𝐱𝑗, 𝒕𝑗�, 𝑗 = 1,2, … ,𝑁 , where 

𝐱j = �𝑥𝑗1, 𝑥𝑗2, … , 𝑥𝑗𝑑�
𝑇 ∈ ℝ𝑑 , and 𝒕𝑗 = �𝑡𝑗1, 𝑡𝑗2, … , 𝑡𝑗𝑚�

𝑇
, the output function of 

SLFNs with 𝐿 hidden nodes in the output layer can be expressed by Eq. 1: 



𝑓�𝐱𝑗� = ∑ 𝜷𝑖𝐺�𝐚𝑖 , 𝑏𝑖 , 𝐱𝑗� = 𝐨𝑗 , 𝐚𝑖 ∈ ℝ𝑑, 𝑏𝑖 ∈ ℝ,𝛽𝑖 ∈ ℝ𝑚𝐿
𝑖=1        (1) 

where 𝐚𝑖 = [𝑎𝑖1, 𝑎𝑖2, … , 𝑎𝑖𝑑]𝑇 is the weight vector connecting the ith hidden neuron 
and input neurons, and  𝑏𝑖  is the bias of the ith hidden neurons, 
𝜷𝑖 = [𝛽𝑖1,𝛽𝑖2, … ,𝛽𝑖𝑚]𝑇 is the weight vector connecting the ith hidden neuron and the 
output neurons.  

For Extreme Learning Machine, all the equations above can be written compactly 
as 𝑯𝜷 = 𝑻. In general, regularized ELM [20] is to solve the following learning 
problems: 

min𝜷
1
2
‖𝜷‖2 + 𝐶

2
‖𝑻 − 𝑯𝜷‖2                     (2) 

where 𝐶 is a penalty coefficient on the training errors. We have the following closed 
form solution for (2): 

𝜷 = �𝑯𝑇𝑯 + 𝑰
𝐶
�
−1
𝑯𝑇  𝑻                      (3) 

 or 𝜷 = 𝑯𝑇  �𝑯𝑯𝑇 + 𝑰
𝐶
�
−1
𝑻                     (4) 

where 𝑰 is an identity matrix. 

2.2 Extreme Learning Machine Auto Encoder for Clustering 

Extreme Learning Machine Auto Encoder for Clustering (ELM-AEC) [17] was pro-
posed by Kasun L.L.C. et al. in 2014. It shows that k-means clustering in the embed-
ding space of ELM-AE produces better results than clustering in the original space. 
They considered the Singular Value Decomposition (SVD) [21] of input data as: 

𝑫 = 𝑼𝜮𝑽                             (5) 

where 𝑼 = [𝒖1,𝒖2, … ,𝒖𝑁] is the eigenvectors of the gram matrix 𝑫𝑫𝑇 , 𝜮 =
[𝝈1,𝝈2, … ,𝝈𝑛] is the singular value of 𝑫, 𝑽 = [𝒗1,𝒗2, … ,𝒗𝑛] is the eigenvectors of 
the covariance matrix 𝑫𝑇𝑫, 𝑁 is the number of input data and 𝑛 is the dimension 
of each data. 



Theorem 1. [22] The embedding 𝑫𝑽𝑇  reduces the distances between the data 
points in the same cluster, while the distances between data points in different clus-
ters are not changed. 

Theorem 1 shows that, projecting the input data 𝑫 along the eigenvectors of the 
covariance matrix 𝑽𝑇 is as similar as k-means clustering the data points. And it pre-
sents that k-means produces better results on the embedding 𝑫𝑽𝑇  than on original 
space. It has been shown that ELM-AE learns the variance information [18]. In [17], 
Kasun L.L.C. et al. shows that k-means clustering in the embedding 𝑫𝜷𝑇  produces 
better results than clustering in the original space 𝑫. 

3 Methodology 

3.1 K-means ELMs clustering — KELMC 

In k-means, clusters assignment always follow the nearest cluster center principle with 
Euclidean distance as its similarity measurement. In this paper, we proposed an im-
proved clustering method for k-means based on ELM which changes the clusters as-
signment rules in k-means by using an extreme learning machine. 

As we can see in the Fig 2, the proposed method primarily involves the following 
processes. a) Randomly choose k clustering centers. b) Tag centers and build training 
data. c) Train ELM and update 𝛽. d) Cluster data with ELM. e) Justify termination 
conditions. f) Compute new cluster centers. Algorithm 1 describes KELMC algorithm. 
The following steps are introduced in detail. 

Randomly choose k clustering centers
Given a data set 𝑫 =  {𝒙𝑖|𝒙𝑖 ∈ ℝ𝑛 , 𝑖 = 1,⋯ ,𝑁}, where 𝑛 is the dimension of each 

data and the number of data is 𝑁. Like k-means, KELMC takes 𝑘 initial clustering 
centers as exemplar set 𝑬(0) = {𝑒𝑖|𝑒𝑖𝜖𝑫, 𝑖 = 1,⋯ , 𝑘}, where 𝑘  is the number of 
clusters. And clustering centers could be random values or random data points. 

.  

Tag centers and build train data
After get the initial exemplar set 𝑬(0), we should tag centers with the train label 

which is typically given by a 1-in-all code. The configuration of target output, 
T= {𝒕𝑖|𝒕𝑖 ∈ ℝ𝑘, 𝑖 = 1,⋯ , 𝑘}, is set according to train label. Then, we build initial train 
data 𝑻𝑫(0) =  {(𝒆𝑖 , 𝒕𝑖)|𝒆𝑖 ∈ 𝑫, 𝒕𝑖 ∈ 𝑻, 𝑖 = 1,⋯ , 𝑘}. If at least after a round of itera-

.  



tion, another form of exemplar set, 𝑬(𝑚) = �𝒆𝑖𝑗�𝒆𝑖𝑗𝜖𝑫, 𝑖 = 1,⋯ , 𝑘, 𝑗 = 1,⋯ ,𝜌� 
where 𝑚 is the number of iteration and 𝜌 is the number of exemplars for each clus-
ter, is used in proposed methods. In later iteration, we could use knowledge of data 
distribution learned by ELM to pick up more exemplars for each cluster. Therefore, 
we get training data 𝑻𝑫(𝑚) =  ��𝒆𝑖𝑗 , 𝒕𝑖��𝒆𝑖𝑗 ∈ 𝑫, 𝒕𝑖 ∈ 𝑻, 𝑖 = 1,⋯ , 𝑘, 𝑗 = 1,⋯ ,𝜌�. 

Train ELM and update β
Only in the initial phase, ELM needs to assign arbitrary input weight 𝐰𝑖, bias 𝑏𝑖, 

𝑖 = 1,⋯ ,𝑁�  where 𝑁�  is the number of hidden neurons and set activation 
tion 𝑔(𝑥), regularization factor 𝛾. After that, we should calculate the hidden layer 
output matrix 𝑯(𝑚) and get the target output matrix 𝑻(𝑚). Then, update the output 
weight 𝜷(𝑚). 

.  

Clustering data with ELM
In this process, we use ELM to clustering the whole data set, and get labeled data 

𝑳𝑫(𝑚) =  ��𝒙𝒊, 𝒕𝒊
(𝑚)��𝒙𝒊 ∈ 𝑫,  𝒕𝒊

(𝑚) ∈ 𝑻, 𝑖 = 1,⋯ ,𝑁� . It must be noted that using 

ELM to clustering is equal to using ELM to classify. The reason why we called it 
“clustering” is that proposed methods use the auto generated label without the need 
for manual labeling. 

.  

Justify termination conditions
Algorithm will be terminated, if the condition meet any of the following situations: 

.  

1) No change in the prediction label of data points, formally: 
 �𝑳𝑫(𝑚) − 𝑳𝑫(𝑚−1)�

0
< ℇ                     (6) 

where ℇ is the threshold of label differences.  
2) Reached the maximal iteration number limit, formally: 

𝑚 > 𝑀𝑎𝑥𝐼𝑡𝑒𝑟𝑎𝑡𝑖𝑜𝑛                        (7) 
where 𝑚 is the number of iteration and 𝑀𝑎𝑥𝐼𝑡𝑒𝑟𝑎𝑡𝑖𝑜𝑛 is the limitation of iteration. 

Compute new cluster centers
In order to minimize the within-cluster sum of squares (WCSSs), calculating the 

new mean value in each of the new clusters is a general measure. We make use of 
ELM in a reversed way. For each cluster, we pick up 𝜌 data points as its new exem-

.  



plar set (belong to this cluster) which is closest to the mean. After this step, we can get 
the new exemplar sets 𝑬(𝑚) = �𝒆𝑖𝑗�𝒆𝑖𝑗𝜖𝑫, 𝑖 = 1,⋯ , 𝑘, 𝑗 = 1,⋯ ,𝜌�. 

 

Fig. 2. Flow diagram of KELMC 

Algorithm 1. k-ELMs Clustering (KELMC) 

Input: Data set 𝑫 =  {𝒙𝑖|𝒙𝒊 ∈ ℝ𝑛, 𝑖 = 1,⋯ ,𝑁}, activation function 𝑔(𝑥), hid-
den neuron number 𝑁�, number of clusters k, number of exemplar for each cluster 
𝜌, and regularization factor 𝛾. 

Output: The labeled data 𝑳𝑫(𝑚). 
Initialization: Randomly choose k clustering centers and build initial train data, 

then assign arbitrary input weight 𝐰𝑖 and bias 𝑏𝑖 and calculate 𝜷(0) based on 
initial train data. 

For 𝑚 =  1 ∶  𝑀𝑎𝑥𝐼𝑡𝑟𝑒𝑎𝑡𝑖𝑜𝑛 

 1. Use ELM (with 𝜷(𝑚−1)) cluster the data set, and get labeled data 𝑳𝑫(𝑚); 
 2. Compute new cluster centers and get new exemplar set 𝑬(𝑚); 



 3. Tag centers and build train data 𝑻𝑫(𝑚); 
 4. Calculate the hidden layer output matrix 𝑯(𝑚) and get the target output 

matrix 𝑻(𝑚); 
 5. Update the output weight 𝜷(𝑚); 
 6. If �𝑳𝑫(𝑚) − 𝑳𝑫(𝑚−1)�

0
< ℇ, jumps to end 

End 

3.2 KELMC in ELM-AE-PCA feature space 

In order to further improve the performance of the algorithm, we try KELMC on dif-
ferent kinds of feature spaces. In [17], the experiments show that performing k-means 
clustering on the ELM-AE feature space (embedding 𝑫𝜷𝐴𝐸𝑇 , where 𝜷𝐴𝐸𝑇  stands for 
the output weights of ELM-AE) get better results than performing k-means clustering 
in the original data space. And Ding C. et al. [22] have proved that using principal 
component analysis (PCA) [23] to get PCA feature space (embedding 𝑫𝑽𝑇) can re-
duces the distances between the data points in the same cluster, while the distances 
between data points in different clusters are not changed. We made a combination 
with these two ideas to get an ELM-AE-PCA embedding and perform proposed 
KELMC in this embedding space.  

Firstly, we transform the original data into the ELM-AE feature space. Then, pro-
jecting the current space to PCA feature space and get ELM-AE-PCA embedding. 
Finally, we operate KELMC on ELM-AE-PCA embedding space. Algorithm 2 de-
scribes EP-KELMC algorithm. 

Algorithm 2. KELMC in ELM-AE-PCA embedding space 

Input: Data set 𝑫 =  {𝒙𝑖|𝒙𝒊 ∈ ℝ𝑛, 𝑖 = 1,⋯ ,𝑁}, activation function 𝑔(𝑥), hidden 
neuron number 𝑁�, number of clusters k, number of exemplar for each cluster 𝜌, reg-
ularization factor 𝛾, regularization factor 𝛾𝐴𝐸  for ELM-AE, number of embedding 
dimension 𝑛𝑒 for PCA. 

Output: The labeled data 𝑳𝑫(𝑚). 
1. Calculate and normalize ELM-AE output weights 𝜷𝐴𝐸  for input data 𝑫. 
2. Create and normalize the ELM-AE embedding 𝑫𝜷𝐴𝐸𝑇 . 
3. Calculate ELM-AE embedding’s SVD 𝑫𝜷𝐴𝐸𝑇 = 𝑼𝜮𝑽, which equals a PCA 

transform on ELM-AE embedding. 
4. Create and normalize the ELM-AE-PCA embedding 𝑫𝜷𝐴𝐸𝑇 𝑽𝑇. 
5. Operate KELMC on ELM-AE-PCA embedding 𝑫𝜷𝐴𝐸𝑇 𝑽𝑇 . 



4 Experiments 

We evaluated our algorithms on a wide range of clustering tasks. Comparisons are 
made with the related state-of-the-art algorithms, e.g., k-means, ELM kMeans [15], DA 
[8], SC [7], LE [6], US-ELM [16] and ELM-AEC [17]. All algorithms were imple-
mented using MATLAB R2014a on a 3.10GHz machine with 4GB of memory and 
Windows 8 (64bits) operating system. 

The data sets used for testing our two proposed algorithms include six UCI data sets, 
namely Iris, Wine, Segment, Synthetic Control, Libras Movement and Seeds. The 
characteristics of these data sets are presented in Table 1.  

Table 1. Details of the data sets 

Data sets Cluster Dimension N 
Iris 3 4 150 

Wine 3 13 178 
Segment 7 19 2310 

Synthetic Control 6 60 600 
Libras Movement 15 90 360 

Seeds 3 7 210 
In our experiment, we run two proposed methods on all the data sets. For comparison 

purposes, we also present the results of seven other clustering algorithms, k-means, 
ELM kMeans, deep auto encoder (DA), spectral clustering (SC), Laplacian eginmaps 
(LE), unsupervised ELM (US-ELM), and Extreme Learning Machine Auto Encoder 
Clustering (ELM-AEC). Among these seven algorithms, the results of k-means and 
ELM kMeans are tested by ourselves on all the data sets. K-means algorithm is the 
original version in MATLAB R2014a and ELM kMeans is implemented by ourselves 
according to the [15]. Our ELM-AEC’s MATLAB version is from Kasun L.L.C. in 
[17], but we only have best configuration of parameters in first three data sets (Iris, 
Wine and Segment). The rest of experimental results for DA, SC, LE, and US-ELM 
are quoted from [16].  

 
 
 
 
 



Table 2. Performance comparison in UCI data sets 

Algorithms Accuracy Iris Wine Segment 
Synthetic 
Control 

Libras 
Movement 

Seeds 

k-means 
Average 85.37±7.88 95.34±0.49 58.78±2.99 71.97±5.12 46.76±1.88 89.05±0.01 

Best 88.67 96.63 72.21 83.50 51.67 89.05 

LE[6] 
Average 80.85±13.82 96.63±0 62.39±5.03 

 

Best 89.33 96.63 68.27 

SC[7] 
Average 76.16±8.92 93.32±11.36 65.64±4.72 

Best 84.00 96.63 77.10 

DA[8] 
Average 89.69±14.01 95.24±0.48 59.06±4.03 

Best 97.33 95.51 62.21 

US-ELM[16] 
Average 86.06±15.92 96.63±0 64.22±5.64 

Best 97.33 96.63 74.50 

ELM-AEC[17] 
Average 96.00±0 97.26±0.36 72.20±3.35 

Best 96.00 97.75 78.57 
ELM kMeans 

[15] 
Average 89.67±1.92 94.94±0.71 61.57±1.24 75.72±3.45 50.00±2.07 92.62±0.26 

Best 92.67 96.63 64.37 83.33 53.33 92.86 

KELMC 
Average 94.22±1.24 97.19±0 69.40±0.38 67.92±5.23 50.79±1.70 95.24±0 

Best 96.67 98.31 71.90 76.33 55.83 95.24 

EP-KELMC 
Average 95.11±0.54 98.50±0.92 67.18±1.30 81.56±4.98 52.96±2.24 95.81±1.14 

Best 96.67 98.88 71.65 87.67 59.17 96.67 

5 Conclusion 

In this paper, we have proposed two algorithms, KELMC and EP-KELMC, to extend 
the traditional ELM for clustering task. The proposed KELMC is an improved 
k-means algorithm which changes the cluster assignment rules with an ELM instead of 
the nearest cluster center. An ELM is suitable for this task through its fast nonlinear 
cost function. Compared to the k-means algorithm, the proposed KELMC has better 
performance on most of six UCI data sets. In order to obtain further improvement in 
performance, we try KELMC in the ELM-AE-PCA feature space and propose 
EP-KELMC which receives comparable results in six UCI data sets. EP-KELMC also 
led to competitive results with several state-of-the-art clustering algorithms. In future 
works, we have two aspects to follow up. First, we need to prove the convergence of the 



proposed algorithm by theoretical and mathematical derivations. Second, during the 
experiments, we found KELMC has an ability to eliminate the interference of the 
noise characteristics. It will be used in some data sets which has useless information 
in feature expression. 
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