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Introduction
All traditional learning algorithms still cannot learn a 
new data set without mixing with the previously 
learned data set.
All traditional neural networks cannot learn a new 
training data set if the old training data set is 
discarded.
Many learning algorithms use so many epochs in 
learning process because of optimization techniques.
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VEBF neural network
We proposed a new neural network with the 
incremental learning capability called versatile elliptic 
basis function neural network (VEBF neural network).
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VEBF neural network
The output of the kth hidden neuron can be calculated 
by 
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The output of the pth output neuron can be calculated 
by 
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Decision Function
We define the decision function, D(x), for predicting 
the class label of the new input vector x as follows.
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Recursive Mean Computation

new oldμ αμ β= +
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TheoremTheorem 1.1. Let X = {x1, x2,…xN} be a set of N data 
vectors  and  μold be the mean vector of the data set X. 
If xN+1 is the new data vector added into the data set X 
then
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Recursive Covariance Computation

new oldS Sα κ= +

TheoremTheorem 2.2. Let X = {x1, x2,…xN} be a set of N data 
vectors, μold the mean vector of the data set X, and Sold
the covariance matrix of the data set X. If a new data 
vector xN+1 is added into the data set X then
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Recursive Covariance Computation
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Orthonormal Basis Computation

Calculate the mean vector.

Calculate the covariance matrix.

Calculate the eigenvalues of covariance matrix:

λ1

 

> λ2

 

> ... > λn

Calculate the eigenvalues of covariance matrix:
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,…,
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{u1, u2,…, un} is the orthonormal basis.
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The Proposed Learning Algorithm

Geometrical Growth Criterion
◦

 
If there is the nearest neuron, then the temporary 
parameters are calculated as follows.

temp KC Cα β= +

temp KS Sα κ= +

◦
 

The temporary
 

output of the closest hidden neuron 
is computed using the new temporary parameters.
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◦
 

If ϕcs

 

(x) > 0 or there is no nearest neuron, then a 
new hidden neuron is allocated and added into the 
network.

The Proposed Learning Algorithm

1KC + = x

1 0KS + =

1 0K
j ja a+ =

1 1KN + =
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The Proposed Learning Algorithm

Parameter Adjustment
◦

 
If ϕcs

 

(x) ≤
 

0, then the parameters of the nearest neuron 
are adjusted

 
as follows.
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The Proposed Learning Algorithm

Merging Strategy
◦

 
we define the merging function as follows.
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If merging criterion,
 

φ(Cx, Cy
 

)
 

≤ θ then these two 
hidden neurons are merged into one new hidden 
neuron. 
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The Proposed Learning Algorithm

The new parameters of this new hidden neuron can be 
computed as follows.
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The two spiral data set trained by our proposed algorithm.

Experimental Results
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Experimental Results (Multi-Class Classification)

Iris Data Set
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Experimental Results (Multi-Class Classification)

Ecoli Data Set
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Experimental Results (Multi-Class Classification)

Yeast Data Set
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Experimental Results (Multi-Class Classification)

Image Segmentation Data Set
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Experimental Results (Multi-Class Classification)

Waveform Data Set



33

Experimental Results (Multi-Class Classification)

Balance Scale Data Set
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Experimental Results (Multi-Class Classification)

Zoo Data Set
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Experimental Results (Two-Class Classification)

Heart Data Set
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Experimental Results (Two-Class Classification)

Spambase Data Set
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Experimental Results (Two-Class Classification)

Sonar Data Set
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Experimental Results (Two-Class Classification)

Liver Data Set
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Conclusion
In this paper, a versatile hyper-ellipsoidal basis 
function for function approximation in high 
dimensional space is proposed.
The basis function can be translated and rotated to 
cover the input data in high dimensional space 
depend upon the distribution of the data set in the 
high dimensional data space.
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Conclusion
The performance of proposed learning algorithm 
has been compared with other sequential well 
known learning algorithms such as RBF, MRAN, and 
EMRAN on three real world problems in the 
function approximation area.
The results indicate that the average accuracy of 
the testing set of the proposed model is better 
than the other models.
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Conclusion
A very fast one-pass-throw-away learning algorithm 
based on hyper-ellipsoid function and VEBF neural 
network is proposed.
This neural network trained by the proposed 
algorithm uses only one pass to learn a data set.
the hidden neurons in the network can be merged 
into the new neuron whenever the condition is 
reached.
From the preliminary results, we can seen that the 
performance of the proposed learning is higher than 
RBF and MLP.
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Thank You
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