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Abstract 

Extreme Learning Machine (ELM)has gained  importance among 
various learning algorithms particularly related to multi 
classification problems. In this paper, kernel-based ELM is used 
to identify common skin disorders such as Bacterial Infection, 
Fungal Infection, Eczema and Scabies. A proper diagnosis of 
these diseases at primary stage is very essential to prevent future 
complications. The various kernel functions like Radial Basis 
Function, Polynomial kernel, Exponential Chi-Square kernel 
with ELM are applied on the skin dataset. In our study we 
measure accuracy and leaning time obtained using these kernels 
with ELM and Support Vector Machine (SVM). We also analyze 
our dataset on Conventional Single Layer feed Forward Network 
(SLFN). A comparative study of accuracy and learning time of 
all these learning algorithms is made and it is observed that ELM 
gives optimum learning time with good classification accuracy 
using exponential chi-square kernel. 
 
Keywords: 27TExtreme Learning Machine, Single Layer Feed 
Forward Network, Support Vector Machine, Skin Diseases, 
Exponential chi-square kernel, Classification. 

1.  Introduction 
Extreme Learning Machine (ELM) was originally 

developed for single hidden layer feed forward neural 
network-SLFN[1].Artificial Neural Network (ANN) based 
classifiers can integrate both structural and statistical 
information and achieve better performance than that of 
minimum distance classifiers[2].However, conventional 
feed forward neural network use gradient descent method 
to train network, which might get the algorithm stuck  at 
local optimum. Also, all parameters of the network need  
to be tuned iteratively, so learning speed is very slow [1]. 
ELM is a single layer feed forward neural network (SLFN), 
which randomly chooses input weights and analytically 
determines the output weights. When input weights are 
taken arbitrary and hidden neurons are specified, SLFN is 
considered as linear system and output weights are 
calculated analytically. This makes learning speed of the 
network extremely fast. According to Bartlett SLFNs tend 
to have good generalisation performance if it not only 
minimizing training error but also having smaller norms of 
weights [3]. The learning algorithm of ELM not only 

reduces training time but also minimizes norm of weights. 
Due to these properties, ELM achieves good generalisation 
with extremely high speed. Hidden nodes of ELM need 
not be neuron alike. The universal approximation 
condition is necessary and sufficient condition for feature 
mapping [4].Even though hidden nodes are given 
arbitrarily, ELM maintains the universal   approximation 
capability of SLFNs([5]-[7]). Authors of ([4], [8]) show 
that maximal margin property of SVM is consistent with 
minimum norm of output weight of ELM. But, 
generalization ability of ELM is similar or better than that 
of SVM [7]. ELM is suitable for many nonlinear activation 
functions and kernel functions. Due to its remarkable 
efficiency and impressive generalization performance it 
has been applied to many fields of classification and 
regression. It has been extended   for clustering, feature 
selection, representational learning and many other 
learning tasks also. Its applications can be found in various 
domains such as biomedical engineering, robotics, system 
identification and control. It overcomes the problem of 
slow training speed and local optimum of conventional 
neural network learning algorithm. For multi classification 
problems it achieves good classification accuracy with 
remarkable learning speed compared to support vector 
machine (SVM). In [8] authors have proposed kernel ELM. 
They have tested Gaussian kernel and Polynomial kernels 
with ELM on various data sets. But, these kernels are not 
suitable for various applications. Authors in [9] have 
developed a learning algorithm which automatically learn 
data dependent optimal kernel according to application. 
Since input weights and biases are randomly chosen, 
hidden layer output matrix may not be full column rank 
(non singular matrix), which sometimes makes the linear 
system unsolvable and lowers the prediction accuracy. To 
overcome this problem in [10] authors have proposed a 
new algorithm called effective extreme learning algorithm 
(EELM). EELM trains the input weights and biases and 
makes the hidden layer output matrix full rank. Deep 
leaning (DL) is a multilayer network. It can extract the 
significant features learning from lower layer to higher 
level ([11], [12]). It is good at extracting features. 
However, it uses gradient descent method, which takes too 
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much time in adjusting parameters during training. So, in 
DL training speed is very slow. In [13] convolutional 
extreme learning machine with kernels (CKELM) was 
proposed. The hidden layer of CKELM is not single layer 
but adds convolution layers and subsampling layers. It is 
based on DL but do not use gradient descent algorithm to 
adjust parameters. It uses random weights during training. 
Thus, CKELM uses features of convolution neural 
network (CNN) with ELM. So, in CKELM features are 
extracted with less training time. 
Skin diseases such as Bacterial Infections, Fungal 
Infections, Scabies and Eczema are very common in 
developing countries. In [14] Parikh & Shah discussed the 
importance of proper diagnosis of these diseases at 
primary stage. In [14], authors used ANN with single as 
well as with two hidden layers and SVM with RBF and 
Polynomial kernels to diagnose these diseases. In [15] 
authors used the same data set and obtained classification 
accuracy with various kernels using SVM. In this paper we 
use ELM with Polynomial kernel functions, Radial Basis 
Function and Exponential chi-square kernel function to 
diagnose these diseases and obtain good classification 
accuracy with less learning time compare to SVM.  
The rest of the paper is organized as follows. We review 
Machine learning techniques namely Conventional single 
hidden layer feed forward neural network (SLFN), 
Extreme learning machine (ELM) and Support vector 
machine (SVM) in section 2. We also present a 
comparative study of various features of SLFN, ELM and 
SVM in this section. Data description, Experiments and 
result analysis are discussed in section 3. Conclusion is 
given in section 4. 

2. Machine Learning Techniques 
2.1  Conventional Single Hidden Layer Feed 
Forward Neural Network(SLFN) 
Feed forward neural networks were very popular learning 
algorithm in 90’s because of their ability to approximate 
complex nonlinear functions and provide model for many 
natural and artificial phenomena. 
It consists of one layer of input nodes, one layer of hidden 
nodes and one layer of output units. In conventional feed 
forward networks input weights and hidden layer biases 
need to be adjusted. More over the learning algorithm use 
gradient descent method, which is generally slow and an 
improper learning step may lead to local minimum.  
SLFNs for N arbitrary distinct samples  ( )ii Tx ,  where 

[ ] nT
iniii Rxxxx ∈= ,...2,1  and [ ] mT

imiii RtttT ∈= ,...2,1 with 

hn  hidden units and activation function ( )xg , the output is 
mathematically calculated as  

( ) jiji
n

i
i obxwg

h
=+∑

=
.

1
β , j=1, 2,...,N    

where [ ]Tiniii wwww ,...2,1= is the weight vector 

connecting the thi  hidden node and the input nodes, 
[ ]Timii ββββ ,...2,1= is the weight vector connecting the 

thi  hidden node and the output nodes, ib  is the 

threshold for the thi  hidden node. To train an SLFN, 
values of iw , ib , ( )hi ni ,...,2,1=β  are to be train in 
such a way that the cost function  
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Here ( )xg  is an activation function such as sigmoid 
function, radial basis function, sine, cosine, exponential 
function and many other nonregular functions [16]. In 
order to minimize cost function, conventional SLFN use 
gradient based algorithms and weights are iteratively 

adjusted as 
( )
w
wEww kk ∂

∂
−= − η1  where η   is the 

learning rate. If η  is very small then learning time is 
very large and if η is very large then algorithm is 
unstable and there may be a risk of divergence. Another 
drawback of the learning algorithm is that it may stop in 
local optimum. But, these draw back can be  overcome 
using  ELM. 

2.2  Extreme Learning Machine (ELM) 
ELM is also single hidden layer feed forward network, 
where hidden layer need not be neuron alike. In ELM 
input weights iw  and biases ib ( hni ,...,2,1= , where 

hn be the number of hidden nodes) are assigned 
randomly. 
Hidden nodes are crucial but need not be tuned in ELM. 
They are randomly initiated and remains unchanged 
([1],[7]). Also, ELM maintains universal approximation 
capability even though hidden nodes are provided 
arbitrarily. 
For N arbitrary distinct samples  ( )ii Tx ,  where 

[ ] nT
iniii Rxxxx ∈= ,...2,1  and [ ] mT

imiii RtttT ∈= ,...2,1 , 
n is number of features and m is number of classes, the 
objective is to find the weight vector   

[ ] mnT
n h

h R ×∈= ββββ ,...2,1 which minimize 

02 =−THβ with minimum norm of output weight β . 
There are two stages for ELM training.  
In the first stage of ELM, hidden layer nodes hn  are 
randomly initialized using non linear piecewise 
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continuous activation function  ( )xg  such as sigmoid 
function, Gaussian function and many more. For ELM 
hard limit and multiquadratic also give good 
generalization performance [19]. For activation function 
one may use kernel functions such as Radial Basis 
Function, Polynomial kernel, Exponential chi-square 
kernel etc. The hidden nodes map input nodes to feature 
map. The hidden node weights are randomly generated. 
They are independent of training instances.  
The hidden layer output matrix 
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In the second stage, weights [ ]Tn,...,2,1 hβββ=β , which 
connects hidden layers with nodes nRhR to output nodes      
(m ≥ 1) are obtained by  

Minimizing   2TH −β  = ( )∑ 
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The objective function of ELM is given by, 

∑ −+
=

N

i
THC

1

22

22
1min ββ

β
, 

where  C  is a regularization parameter which is the trade 
off between norm of output weights and the training error 

TH −β . 
The objective of the ELM is not only to minimize training 
error but also find optimum solution with minimum norm.  
Thus, it tends to have good generalization performance.[3] 
. If the number of training samples N and the number of 
hidden nodes hn  are equal, then the hidden matrix H is 
square and invertible. But, in most cases hn  << N. In this 
case H is not a square matrix and the linear system 

0=−THβ can be solved using Moore-Penrose inverse. 
The output layer weight β are estimated by the following 
equation: 

TH
C
IHHTH TT

1
*

−
+ 






 +==β ,  

where I is hh×  identity matrix, [ ] mNT
m RtttT ×∈= ,...,2,1  

is the target vector. +H is the Moore-Penrose generalized 
inverse of the matrix H. TH + can be solved using 
Gaussian elimination method, orthogonal projection 
method, iterative method etc. 
. 

2.3 Support Vector Machine(SVM) 
SVM was originally developed by Vapnik in 1995[18]. It 
is based on statistical learning theory. It is also called large 
margin classifier. It was originally developed for binary 
classification, but, it can be use for multi classification 
using one to one or one to all techniques. It can classify 
nonlinear function using kernel function. It uses kernel 
trick in which, in the feature space no need to calculate 
highly non linear kernel functions. Instead due to kernel 
trick only scalar product is required in feature space. In 
feature space it finds optimal separating hyper plane by 
solving quadratic programming optimization problem. 
 For N training samples   
( ) { }{ }NiyRxyx i

n
iii ,...,2,11,1,,, =−∈∈ ,  the objective 

function is to minimize 

∑ξ+
=

N

1i

2
i

2 Cw
2
1

, with 

( ) .N,...3,2,1i0,1bx.wy iiii =∀≥ξξ−≥+  
 where C is a positive constant, which is the trade off 
between marginal error and testing error . 
Solving dual problem of this quadratic problem, optimum 
value of w  can be obtained, which maximize the margin 
by the separating hyper plane 0=+⋅ bxw and the decision 
function is given by  

( ) ( ) 







+∑α=

∈
bx,xkysignxf ii

SVi
i , 

where training sample ix with corresponding non zero iα
is called support vector ( )SV . ( ) ( ) ( )xxk φφ ..., =  is called 
kernel function. Kernel plays a very important role in 
performance of SVM [19]. Most popular kernel functions 
are Radial Basis Function, Polynomial kernel, Sigmoid 
kernel etc.  
Differences and Relationship of various Features of 
Traditional SLFN, ELM and SVM are summarized in 
Table 1. 

Table: 1 Comparison Study  of features of  Conventional  SLFN, ELM and SVM 
 SLFN ELM SVM 
Optimum value Local Optimum Global Optimum Global Optimum 
Computing Time High Very Low  High 
Multi classes Single ANN for m classes Single ELM for m classes m or m(m-1)/2 for m classes 
Affected by Sample 
Complexity  

No No Yes 

Hidden Layer Nodes Need to be tuned. Input randomly and then it Not Require 
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is fix during entire process  
Generalization performance Poor Very Good Very Good 
Learning Methodology Easy compare to SVM Extremely Easy Complex 
Input weights User define Random Random 
Output weights Need to be tuned Determine Analytically Need to be tuned 
Parameter adjustments Required for many  

parameters 
Required for only one 
parameter  

Required for many  
parameters 

Effect of user Specified 
Parameter 

Very sensitive Least human Intervention Sensitive for kernel choice 
and kernel parameters 

Universal Approximation 
Condition 

Satisfied Satisfied Not satisfied 

 
 

3. Data Description, Experiments and Result 
Analysis 

In our study we apply learning algorithm to diagnose 
common skin diseases such as Bacterial Infection, Fungal 
Infection, Scabies and Eczema. The data was collected 
from Department of Skin & V.D., Shrikrishna Hospital, 
Karamsad, Gujarat, India. Our dataset contains 470 

patients’ information. Each patient is investigated using 47 
features. Out of 470 samples, 139 samples are of Bacterial 
infection, 146 are of Fungal Infection, 98 are of Eczema 
and 87 are of Scabies. The attributes information use in 
analysis is given in Table 2. 

 
Table 2: Input Attributes used for Analysis 

 Chief Complaints & OPD 
1. Pain   2

 
Fever 3. Itching 

 Seasonal relation 
4. Summ

 
5
 

Winter 6. Monsoon     
 Past History 
7. Diabetes 

 
8
 

Family History 
 Occupational History 
9. Hot and humid environment 11

 
Excessive sun exposure  

10.. Exposure to irritants 
 Type of Lesion 
12. Macules 16

 
Nodule 

13. Patches 17
 

Plaques 
14. Papules 18

 
Vesicles 

15. Pustule 19
 

Bullae 
 Colour 
20. Erythematous 22

 
Hypopigmented 

21. Hyperpigmented   
 Associated With 
23. Lichenification 26

 
Scaling 

24. Oozing 27
 

Excoriation 
25. Crusting 28

 
Discharge 

 Shape 
29. Linear 30

 
Annular 31

 
Grouped 

 Sites 
32. Webspaces 37

 
Abdomen 42

 
Back 

33. Wrist 38
 

Genitals 43
 

Buttocks 
34. Forearm 39

 
Thigh 44

 
Palms & Soles 

35. Arm  40 Legs  
36.. Chest 41

 
Dorsa of  feet 

45. Hair 46
 

Nail 47
 

Face 
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For comparative study, we use conventional SLFN and 
SVM along with ELM. Table 3 summarizes learning 
time and accuracy, when above three learning 
algorithms are applied on the data set. 
In each case, we use 70% data for training and 30% data 
for testing purpose. Partitions are done by random 
process. All simulations for SLFN, ELM and SVM are 
carried out in MATLAB R2015b running in i5-44605 
CPU @ 2.90GHz. Results are finalized taking averages 
of 100 trials. For SLFN, we use Neural Network 
toolbox of MATLAB. The network is created using 

newff() matlab inbuilt function. We use ‘logsig’ as 
activation function. Training is done using Levenberg-
Marquardt algorithm. Results are taken for 10, 20 and 
47 hidden nodes in hidden layer.  In ELM, classification 
accuracy is obtained using Polynomial kernel, RBF 
kernel and Exponential chi-square kernel. Parameters 
are set using grid search algorithm.  For SVM also we 
use same kernels as in ELM.  In SVM classification was 
done using LIBSVM 3.20 with MATLAB interface 
[20]. To decide parameters, we use 10 fold cross 
validation. 

 
Table 3: Performance result of Conventional SLFN, SVM and ELM for 70-30% data partition 

 Learning Time 
(seconds) 

Classification 
Accuracy  

Conventional 
SLFN 

10 hidden nodes 43.89 91.24% 
20 hidden nodes 79.52 90.60% 
47 hidden nodes 14.42 93.70%. 

ELM  

Polynomial Kernel 
d

1
T )cyx( +α  

5 hidden nodes, 
α =1 

1c =0.8 
d =3 

Regularization 
parameter C=8 

0.0072 88.65% 

RBF Kernel 






 −γ− 2yxexp  

5 hidden nodes 
γ =0.8 

Regularization 
parameter C=8 

0.0061 92.20% 

Exponential Chi-square 














∑ 














+

−
γ− 2

2

yx

yx
exp

 

5 hidden nodes 
γ =0.98 

Regularization 
parameter C=64 

0.0324 92.91% 

SVM 

Polynomial Kernel 
dT )cyx( +α  

α =2 

1c =10 
d =3 

Regularization 
parameter C=64 

0.0241 90.78% 

RBF Kernel 






 −γ− 2yxexp  

γ =0.1 
Regularization 

parameter C=64 
0.0187 90.78% 

Exponential Chi-square 














∑ 














+

−
γ− 2

2

yx

yx
exp

 

γ =0.1 
Regularization 

parameter C=64 
0.1614 90.78% 

 
 

4. Conclusions 
The simulation results show that the accuracy obtained 
using Conventional SLFN is highest among the three 
learning algorithms under study. But it may be due to 
local optimum. We also find that using SLFN, learning 

time is very high compared to ELM and SVM. 
Comparative study shows that the highest accuracy 
obtained by ELM is 92.91% using exponential chi-
square kernel, which is better than that of the highest 
accuracy obtained by SVM. Also to achieve this 
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accuracy, ELM is taking about 398% less learning time 
than that of  SVM for the data set under study. So, we 
observe that ELM has better scalability compared to 
SLFN and SVM.   
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