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Abstract—As is known, the extreme learning machine (ELM) 
algorithm is a new learning algorithm for the single hidden 
layer feedforward neural networks (SLFNs). This paper 
combines rough sets theory with extreme learning machine 
and proposes a new prediction algorithm of extreme 
learning machines based on rough sets theory. Firstly, using 
the rough sets theory to do attribute reduction, and then 
using ELM to train and predict the new datasets. Verified 
by the final experimental results and data analysis we know 
that compared with the traditional ELM the proposed 
algorithm has higher prediction accuracy and better 
efficiency. 
 
Index Terms—Extreme Learning Machine, Rough Sets, 
Attribution Reduction 
 

I.  INTRODUCTION 

Neural networks have been used widely in artificial 
intelligence, data mining and other aspects of applications. 
One of the neural networks called single hidden layer 
feedforward neural network for its strongly learning 
ability has been fully utilized in varieties of field, such as, 
signal processing, automatic control, image processing, 
market analysis, aviation and aerospace and medical 
diagnosis and so on. 

Rough sets theory is mainly based on the analysis of 
large amount of data, according to the two equivalence 
relations in a universe to weed out the compatible 
information, and find out the potential and valuable rules. 
Because of its well performance, rough sets theory is 
widely used in the field such as artificial intelligence and 
cognitive science, which include the presentation and 
reasoning of knowledge, data analysis, machine learning 
and knowledge discovery [1]. 

The combination of the two algorithms is rough neural 
network (RNN) and RNN plays full advantage of it. 
Generally, when neural network processing information, 
it cannot reduce the dimension of the input space 
dimension [2]. As a result, when the dimension of the 

input space is large, the network structure will be 
complex and training time becomes longer. However, 
rough sets theory can manage these problems. Through 
mining relationships between data, we can remove 
redundant information and simplify the input information. 
Neural networks have better suppression of noise 
interference ability while rough sets method is very 
sensitive to noise [3]. Therefore, put rough sets method as 
a front-end system of neural networks in order to use it to 
preprocess the input information. This can reduce the 
redundant attributes of the sample and improve the 
accuracy of the network training and reduce training time. 

Among all the current neural network method, ELM is 
proposed by Huang et al [4] at 2006 used to solve 
encountered in traditional neural network learning 
algorithm training slow and easy to fall into local 
minimum, and over-fitting and other issues. ELM can be 
randomly generated input layer and hidden layer 
connected weight and the hidden layer neuron threshold. 
Through continuous testing to adaptively set the hidden 
layer node number and randomly assign for the input 
weights and hidden layer bias, the output layer weights 
obtained by the least square method, the whole learning 
process completed through one mathematical change 
without iteration. The whole learning process needs only 
an iteration to complete. Compared with the traditional 
neural network training methods, ELM has the 
advantages of faster learning speed and better 
generalization performance which making it a very good 
development in the study. 

However, extreme learning machine algorithm also 
obtains several defects [5]: 

(1) ELM algorithm is based on the empirical risk 
minimization, without considering the structural risk and 
this may lead to over-fitting problems. 

(2) ELM directly calculates the least squares solution. 
The users cannot fine-tune according to the 
characteristics of the data sets. It is also poorly 
controllability. 

(3) When there are outliers in the data sets, the 
performance of model will be greatly affected, poor 
robustness. 
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To solve such problems, there are many researchers 
have proposed the improved algorithms about ELM and 
applied to practice them. The effect is very significant. 
For example, A. A. Mohammed, et al [6] introduced a 
new human face recognition algorithm based on 
bidirectional two dimensional principal component 
analyses (B2DPCA) and ELM; D.N.G. Silva, et al [7] 
optimize the ELM with the group search optimization 
algorithm; X. Zhang, et al [8] proposed the forgotten 
speed machine algorithm to solve the problem of online 
chaotic time series. 

In this paper, in order to improve the learning 
efficiency, training accuracy and classification accuracy 
of ELM, we propose a new algorithm: extreme learning 
machine based on rough sets, and verify the feasibility of 
the proposed algorithm through experiment. 

II.  RELATE THEORY 

A.  Rough Sets Attribute Reduction 
Rough set [9, 10] is a data analysis theory which was 

proposed by Professor Pawlak, a mathematician in 
Poland. This theory is used to analyze and deal with 
imprecise, incomplete and uncertain knowledge of 
mathematical tools. The main task of the rough set theory 
is approximate classification, knowledge reduction, 
attributes analysis and according to the decision table to 
produce optimal or suboptimal decision control algorithm, 
et al [11, 12]. The precondition of rough sets theory 
analysis and processing of data is without losing its 
original classification ability, and then granularity to data 
reduction. Currently, research about rough sets theory 
focuses on two aspects:  

1) Theory research. Mainly is perfect processing 
incomplete, imprecise, inaccuracies theory system. 

2) Application research. The main purpose is to extend 
rough sets outside computer technology in many fields 
multidisciplinary comprehensive application [13]. 

Generally speaking, knowledge (attributes) in 
knowledge base is not of equal importance, there is a 
certain redundancy which is not conducive to make 
correct and concise decisions. The attribute reduction 
requires under the condition of maintaining the 
classification of the knowledge base and decision-making 
capability unchanged, delete irrelevant or unimportant 
attributes. Usually, better attribute reduction has the 
following indicators: after attributes reduction fewer 
attributes reservation, fewer numbers of rules and fewer 
number of the final normalization rules. It has been 
demonstrated that seeking reduction of the decision table 
and the minimal reduction is a typical NP [14] problem. 
However, in practical applications, usually only obtain 
some sort of sub-optimal attribute reduction. 

In the paper, we use rough sets decision table attribute 
reduction algorithm to process the sample data sets. 
Attribute reduction of decision table refers to delete 
condition attributes which have no effect on the 
classification in the decision table. Thus according to the 
condition property and decision attributes after reduction 
gets the decision table corresponds to the decision-

making rules. Attribute reduction of decision table mainly 
includes general reduction algorithm, attribute reduction 
algorithm based on Pawlak attribute importance and 
attribute reduction algorithm based on discernibility 
matrix, et al [2]. 

We use the general reduction algorithm to do the 
attribute reduction of the data set, remove some of the 
irrelevant and redundant attributes, in order to improve 
the learning speed and classification accuracy of the 
algorithm. The sample data set attribute reduction steps 
based on rough sets [15]. First, get sample data into 
decision-making system. Without losing its original 
classification ability as a precondition, use reasonable 
discretization method generates a decision system. 
Second, use rough sets theory attribute reduction. 
Remove unnecessary condition attributes under the 
premise of maintaining the dependencies do not change 
between the decision table decision attribute and 
condition attributes. 

On the premise of does not influence the classification 
accuracy, through attribute reduction processing, we will 
be able to receive a new sample sets of fewer attributes, 
so that you can improve the performance of sample 
training and forecasting [16]. Granular reduction based 
on rough sets is under the granular criteria of keeping the 
same classification ability, to do data sets granularity 
divided use attribute reduction algorithm of rough set 
theory, delete the attributes which do not contribute to the 
classification, reserve the attributes that affect the ability 
to classify. The final result of the granular reduction is a 
streamlining data set of which per attribute affects the 
classification result of the original data set. 

B.  Data Normalization 
Usually, before training the data set, in order to speed 

up the training rate and erase the redundancy between the 
attributes of the samples, we can normalize the new 
samples obtained after the processing by rough sets, and 
then use them as the input of extreme learning machine 
[17]. We use the following linear map to normalize the 
samples: 

min( )

max( ) min( )
i i

i
i i

x x
x

x x

−
=

−
                      (1) 

After normalization, the value range of each attribute 
of the samples is 0 to 1. 

C.  Algorithm of ELM 
1. Algorithm thought of ELM 

Extreme learning machine is a learning algorithm for 
the single hidden layer feedforward neural networks used 
in classification and regression. The extreme learning 
machine used for single hidden layer feedforward neural 
network training can adaptively set the hidden layer node 
number and randomly assign for the input weights and 
hidden layer bias, the output layer weights obtained by 
the least square method, the whole learning process 
completed through one mathematical changes without 
iteration. The training speed compared with the 
traditional BP algorithm based on gradient descent has 
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been significantly improved (usually 10 times or more) 
[18]. 

In practical applications, firstly training on ELM and 
then predict. The training data set is mainly combined 
with the specific issues. The data sets include actual 
results and its related factors. During training, the 
influence factors and the corresponding results will be put 
into ELM for training, through an iteration to complete 
learning process. Then, with the trained ELM to predict, 
only need to input and the training data set is similar to 
the influencing factors. ELM model can be obtained the 
prediction results according to the memory. 

ELM is an easy to use and effective algorithm for 
single hidden layer feedforward neural network. The 
traditional neural network learning algorithm (e.g. BP 
algorithm) need to set up lots of artificial network 
training parameters, and can easily lead to local optimal 
solution. Extreme learning machine algorithm only need 
to set the number of hidden layer nodes, in the algorithm 
implementation process does not need to adjust the 
network input weights and hidden bias, and generates a 
unique optimal solution, with advantages of fast learning 
speed and generalization performance. 
2. Model of ELM 

For N arbitrary distinct samples ( , )i ix t , 

where 1 2[ , , , ]T n
i i i inx x x x R= ∈… and

1 2[ , , , ]T m
i i i imt t t t R= ∈… , standard SLFNs 

with N hidden nodes and activation function ( )f x are 
mathematically models as 

1 1
( ) ( , 1, ,)

N N

i i j i i j i j
i i

f f a x b t j Nxβ β
= =

= + = =⋅∑ ∑ …

 (2) 
Where 1 2[ , , , ]T

i i i ina a a a= … is the weight vector 
connecting the i th hidden node and the input nodes, 
and ib is the threshold of the i th hidden 

node. 1 2[ , , , ]T
i i i imβ β β β= … is the weight vector 

connecting the i th hidden node and the output 
nodes. i ja x⋅ denotes the inner product of ia and ix , and 
the activation function usually choose "Sigmoid", "Sine", 
"RBF". 

The above equation (2) can be written compactly as 
H Tβ =                               (3) 

where 1 1 1( , , , , , , , , )NN NH a a b b x x… … …
 

1 1 1 1

1 1

( ) ( )

( ( ))

N N

N NN N N N
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f a x b f a x b
×

+ +

=

+ +

⋅ ⋅⎡ ⎤
⎢ ⎥
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⎢ ⎥⋅ ⋅⎣ ⎦  

,

1
T
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β

β

β
×

⎡ ⎤
⎢ ⎥= ⎢ ⎥
⎢ ⎥⎣ ⎦

,
1
T

T
N N m

t

T

t
×

=

⎡ ⎤
⎢ ⎥
⎢ ⎥
⎢ ⎥⎣ ⎦  

H is called the hidden layer output matrix of the 
neural network; the i th column of H is the i th hidden 
node output with respect to inputs 1 2, , , Nx x x… . 

Theorem proving [19], as long as the number of hidden 
nodes is enough, when the activation function ( )f x is 
infinitely differentiable at any interval the parameters of 
the network does not all need to adjust. When the training 
starts, SLFN randomly assigns to the input connection 
weights a and hidden layer node bias b , moreover, while 
the training process unchanged it can approximate any 
continuous function. Generally, in order to get good 
generalization performance, take N N . 

When the input weights and hidden layer bias are 
determined in accordance with the random assignment, 
according to the input samples can get the hidden layer 
output matrix H . Therefore, training SFLN is converted 
into solving linear equations H Tβ = least squares 
solution. 

1 1

1 1

ˆ( , , , , , )

min ( , , , , , )

N N

N N

H a a b b T

H a a b b T
β

β

β

−

= −

… …

… …
             (4) 

The above equation (4) least squares solution of the 
above liner system is 

†ˆ H Tβ =                               (5) 

In the equation (5), †H represents Moore-Penrose [20] 
generalized inverse of the hidden layer output 

matrix H .Usually, the optimal solution β̂ contains the 
following features: 

(1)  According to β̂ , the algorithm can gain the 
minimal training error; 

(2) Can get the optimal generalization capability of the 
minimum paradigm of the output connection weights and 
network; 

(3) β̂ is unique. This can avoid producing the local 
optimal solution. 

In summary, given a training 
set ( , ) ( 1, 2, , )n m

i ix t R R i N∈ × = … ,activation function 

( )f x and hidden node number N , then the ELM 
algorithm can be can be summarized as follows 3 steps: 

Step 1: Definition of hidden layer node number N , 
randomly assign input weight ia and hidden layer 

bias , ( 1, 2, , )ib i N= … . 
Step 2: Calculate the hidden layer output matrix H . 
Step 3: According to the equation (4), calculate the 

output weight β . 
It can be seen that extreme learning machine is a very 

simple and fast neural network learning algorithm just 
need one iteration process. Compared with the BP 
algorithm, ELM can randomly initialize input connection 

JOURNAL OF COMPUTERS, VOL. 8, NO. 5, MAY 2013 1337

© 2013 ACADEMY PUBLISHER



weights and hidden layer neurons threshold by just tuning 
the number of hidden layer nodes N .In practical 

applications, N can be identified through constantly 
trying [21]. 

III.  EXTREME LEARNING MACHINE BASED ON ROUGH 
SETS 

A.  Algorithmic Model 
For the input sample data set X , rough sets decision 

table reduction general reduction algorithm description: 
For a given decision table, extract each condition 

attributes in decision table system ia , do the following 
procedure until the condition attribute set no longer 
change. 

First of all, randomly choose a condition attribute ia , if 

remove ia from the decision table and can make the 

equation ( { }) ( ) ( )
iP a PPOS Q POS Q− = establish, then 

illustrate that the condition attribute ia is not necessary to 

the decision attribute D , column of ia deleted directly 
from the decision table and then merge duplicate rows 
after you delete ia ; else, indicate that ia is necessary to the 
decision attribute D , you cannot delete it. 

And then, continue to repeat the above process until 
you cannot delete elements of the current the condition 
attribute set. According to the general reduction algorithm, 
you can get a decision table reduction results. At this time, 
the input sample data set X after attribute reduction 
become a new sample data set X̂ . 

Next, according to the experimental need randomly 
divide X̂ into two equal parts, respectively record as 
training set 1X and testing set 2X . For training set 1X , can 
obtain an equation H Tβ = depending on the model of 

ELM, in the equation, TH β、 、 are matrix about 1X , 
and then solve the equation to receive β , can get the 
ELM network structure, this can be used to do 
classification prediction for testing set. 
B. Algorithmic Flow 

The learning algorithm in this paper based on extreme 
learning machine algorithm, use the rough sets attribute 
reduction algorithm to process the input data set, remove 
redundant attributes, and reduce data set attributes and 
then training in ELM. 

Extreme learning machine based on rough sets 
algorithm steps are as follows: 

Step 1 Attributes reduction. Use attribute reduction 
algorithm to do granulation reduction, remove redundant 
attributes. 

Step 2 Data Normalization. Data sets normalization 
processing after attribute reduction 

Step 3 Training and prediction. After normalization 
processing put the data set into the ELM model for 
learning and prediction. 

The algorithm flow chart is shown in the following 
Figure 1. 

 
Figure1. Algorithm flow chart 

As can be seen from the flow chart of the algorithm, 
when using ELM learning, in the whole learning process, 
without iteration, only need a mathematical 
transformation to complete. The ELM algorithm 
transforms complex iteration process as well as problem 
of network parameters regulation during the iteration into 
mathematical formulas calculation successfully. So as to 
the maximum improve the efficiency of the algorithm. 
C. Algorithmic to Predict 

The extreme learning machine based on rough sets 
referred in the paper is mainly used on the sample data 
sets classification prediction. For testing set 2X , put into 
the trained network to predict and obtain a final 
classification result. Then compare the proposed 
algorithm and the traditional ELM with classification 
accuracy. There are two main standards to measure the 
pros and cons of the algorithm: 1) Training time and 
prediction time; 2) Testing set classification accuracy. 

On the comprehensive, when training network and 
using network testing, the shorter time consumed by the 
better, for the measure of the sample set classification 
accuracy using the following formula. 

1

Testing accuracy

Number of missclassification

Total number of samples
= −

               (6) 

Compare through equation (6), the higher testing 
accuracy the better and the more effective the algorithm 
is. 

IV.  EXPERIMENTAL ANALYSIS 

For further verify the availability and reliability of the 
algorithm, in the paper we use several classification data 
sets of the UCI knowledge base [22] to do experiment 
and comparison. The data sets used in the experiment 
mainly include: iris data set, soybean data set and zoo 

1338 JOURNAL OF COMPUTERS, VOL. 8, NO. 5, MAY 2013

© 2013 ACADEMY PUBLISHER



data set. First of all, after discretization of the continuous 
data sets, use the attribute reduction algorithm to reduce 
the data sets. And then after attribute reduction data sets 
normalization processing, the resulting data sets putting 
into the ELM training and prediction. 

In the experiment the data sets used include: iris data 
set, soybean data set and zoo data set. The basic features 
are shown in Table I. 

TABLE I 
BASIC FEATURE OF THREE DATA SETS 

Data sets Class Samples Condition 
attributes 

Iris 3 150 4 
Soybean 19 307 35 

Zoo 7 101 16 

A.   Rough Sets Attribute Reduction Result Analysis 
At first, conduct discretization of the continuous data 

sets, and then use the attribute reduction algorithm to 
reduce the data sets, before and after attributes reduction 
the number of data sets condition attributes is shown in 
Table II. 

TABLE II  
BEFORE AND AFTER ATTRIBUTES REDUCTION  

Data sets Number of condition attributes 
Before reduction After reduction 

Iris 4 3 
Soybean 35 12 

Zoo 16 6 
As can be seen from Table 2, the number of every data 

sets condition attributes are all changed after attribute 
reduction. By contrast, iris data set does not change much 
compared to the other two data sets. This shows that the 
other two data sets contain more redundant attributes. 
These attributes do not contribute to the final 
classification results of the data sets. After removal do 
not affect the classification result of the data sets. 
B.  ELM Classification Result Analysis 

The selected sample data sets are randomly divided 
into two equal parts, respectively as training set and 
testing set. The ELM model in the paper is based on 
single hidden layer feedforward neural network structure, 
the whole learning process needs only an iteration to 
complete. In this experiment, use the test data sets to test 
the trained network. The proposed algorithm and ELM 
algorithm training time and testing time as well as 
training accuracy and testing accuracy compared results 
are shown in Table III and Table IV. 

TABLE III  
TRAINING TIME AND TESTING TIME (S) COMPARISON 

Data 
sets 

ELM Proposed algorithm
Training 

time 
Testing 

time 
Training 

time 
Testing 

time 
Iris 0.0469 0.0313 0.0156 0.0313

Soybean 0.0781 0.0313 0.0156 0.0313
Zoo 0.0625 0.0313 0.0156 0.0313

We can see from Table 3, in the case of equal number 
of hidden layer neurons, training time and testing time of 
the two algorithms are almost same, the proposed 
algorithm than ELM slightly less, because training 
samples used in this proposed algorithm have been 

conducted attribute reduction and removed redundant 
attributes. This makes the algorithm processing time 
greatly reduced. 

TABLE IV  
TRAINING AND TESTING ACCURACY (%) COMPARISON 

Data 
sets 

ELM Proposed algorithm
Training 
accuracy

Testing 
accuracy 

Training 
accuracy 

Testing 
accuracy

Iris 0.9200 0.9067 0.9876 0.9876 
Soybean 0.5033 0.4771 0.6950 0.6804 

Zoo 0.9000 0.7200 0.9600 0.9600 
We can see from Table IV, the algorithm presented in 

the paper has a higher training accuracy than traditional 
ELM algorithm; from the testing accuracy, this proposed 
algorithm also better than ELM which indicates that the 
new algorithm has strongly availability and reliability. 

In order to be more intuitive to verify the proposed 
algorithm, we give the sample data sets prediction 
classification result figure using traditional ELM and the 
proposed algorithm. 
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Figure2. Testing set actual classification and predictive 

classification (ELM) 
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Figure3. Testing set actual classification and predictive 

classification (proposed algorithm) 

Figure 2 and Figure 3 are respectively traditional ELM 
and the proposed algorithm in dealing with iris data set, 
the testing set actual classification and predictive 

JOURNAL OF COMPUTERS, VOL. 8, NO. 5, MAY 2013 1339

© 2013 ACADEMY PUBLISHER



classification comparison chart. We can see from the 
figures, Classification accuracy of the proposed algorithm 
is higher than the traditional ELM algorithm. 

Here are the two algorithms predict results chart of 
processing soybean data set and zoo data set. 
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Figure4. Testing set actual classification and predictive 

classification (ELM) 
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Figure5. Testing set actual classification and predictive 

classification (proposed algorithm) 
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Figure6. Testing set actual classification and predictive 

classification (ELM) 
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Figure7. Testing set actual classification and predictive 

classification (proposed algorithm) 
From the above analysis it can be concluded that the 

extreme learning machine based on rough sets compared 
with traditional ELM has higher classification accuracy 
and classification speed. Through the improvement of 
ELM also increases the prediction accuracy of data 
sets. 
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Figure8. Prediction accuracy comparison of two algorithm 

Based on the above chart data analysis, when use the 
proposed algorithm and the traditional ELM algorithm to 
conduct the same experiment on three different data sets, 
during the experiment, the test indicators are the same, 
can be clearly see, the proposed algorithm compared with 
the traditional ELM algorithm can not only decrease in 
training time, but also get a significant improvement in 
data sets training accuracy and testing accuracy. At the 
same time, the proposed algorithm in the prediction 
processing of the sample data sets, also shows good 
performance. 

V.  CONCLUSIONS 

The extreme learning machine algorithm since put 
forward, has received widespread attention. ELM is a 
new and effective classification method, has been widely 
used in various fields. The presentation of ELM breaks 
the traditional BP algorithm parameter iterative 
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adjustment thought, so as to improve the learning rate. 
However, there is a certain lack of dealing with large 
sample problems, to further optimize the effect of ELM 
learning. In this paper, the rough set attribute reduction is 
performed on sample data sets, removed the redundant 
attributes and reduced the sample attribute dimension and 
then put into the ELM training and prediction. Make 
training time can be reduced in a certain extent and 
training accuracy and testing accuracy improved greatly. 

Therefore, the proposed algorithm has better 
classification accuracy and higher efficiency than the 
traditional ELM. It is an effective classification method. 
In the application layer surface, the algorithm can be 
applied to text classification, graphics and image 
processing and other fields. Especially when dealing with 
high dimensional complex and massive data problems, 
the traditional method is time-consuming and bad 
classification effect. How to research an effective 
algorithm for rapid processing of large sample data will 
be the next of research purposes. 
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