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Self-adaptive Online Sequential Learning Radial Basis Function Clas-
sifier Using Multi-variable Normal Distribution Function

Keming Dong*, Hyoung Joong Kim* and S.Suresh

Abstract

Online or sequential learning is one of the most basic and powerful method to train neuron network, and it has been widely used in
disease detection, weather prediction and other realistic classification problem.

At present, there are many algorithms in this area, such as MRAN, GAP-RBFN, OS-ELM, SVM and SMC-RBF. Among them,
SMC-RBF has the best performance; it has less number of hidden neurons, and best efficiency. However, all the existing algorithms
use signal normal distribution as kemnel function, which means the output of the kernel function is same at the different direction. In
this paper, we use multi-variable normal distribution as kernel function, and derive EKF learning formulas for multi-variable normal
distribution kernel function. From the result of the experience, we can deduct that the proposed method has better efficiency perfor-

mance, and not sensitive to the data sequence.
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I. Introduction

In some real world classification problem such as weather
prediction, disease detection, you can't get all the training data
at one time. However, to the classic machine leaming algo-
rithm, you can start training the network only when you get
enough data, and if there is more data, then you should retrain
the network using all the data. Because of this, the concept of
online leaming is proposed. Online learning can be summa-
rized as the model which learns one instance (or one set of in-
stances) at a time. In this case, the leaning network can "grow"
one training data by one training data.

Among various classification methods, neural network has
showed a very good performance on many classification prob-
lems. Because of the simple architecture and good perfor-
mance, RBFN is very popular among all neural network algo-
rithms.

RBF has three layers: the input layer, hidden layer and out-
put layer. Every input neuron just transmits its input value to
all the hidden neurons. In every hidden neuron, there is a
Gaussian Function whose input is the input feature vector, and
output is the result of Gaussian Function. Then the hidden
nheurons transmit its value to every output neuron multiplying
a weight vector. At last, every output neuron sums up all the
outputs of every hidden neuron. The architecture of RBF net-
work is shown in Figure 1

In classical RBF networks, the number of hidden neurons
should be input before training, then the network uses K-
means clustering algorithm to get the right parameter values of
expect values y and variance ¢ of every Gaussian Function.
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Then using Least Square method, it can estimate right weight
values of the interconnection between every hidden neuron
and output neuron. In the Resource Allocation Network
(RAN), you don't have to input the number of hidden neurons
before training; it will decide to add neuron according to the
error computed using the new training sample with the system.
Replacing LS method with Kalman Filter, it changes to RAN-
EKF. MRAN just add pruning method to RAN. To make the
algorithm more quickly, EMRAN introduces winner neuron
concept, i.e., the nearest neuron from the current training sam-
ple, only the winner neuron's parameters will be updated by
EKF. The Growing And Pruning RBFN (GAP-RBFN) uses
the distance between the current sample and the nearest neu-
ron in the same class and error as adding condition, and in
learning part, only the nearest neighbor neuron can be updated
by EKF (Extend Kalman Flitter). If the significance of nearest
neighbor neuron is less than one threshold, then it can be
pruned away from network. Recently S.Suresh has developed
a sequential algorithm called Sequential Multi-Category Clas-
sifier using Radial Basis Function (SMC-RBF). This algo-
rithm is better than other algorithms considerably. The effi-
ciency is higher but the number of hidden neuron is less than
the existing algorithms. It predicts class for every example,
depending on the prediction and the error the network make
the network make the decision to add or to learn.

Although the performance of all the existing RBF algo-
rithms is good enough for application, but they all have some
public problems. One problem is that all the existing algo-
rithms use signal normal distribution function as kernel func-
tion, so if two different examples have the same distance to the
center of one neuron then the output of the neuron is same,
which means there is no difference between this two different
examples to this neuron, but it is not true. The second problem
is that all the existing algorithms have sequence learning prob-
lem, which means that the performance is sensitive to the data
sequence. The third problem is that you should configure so
many parameters before you apply the algorithm to classifica-
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tion problem, in other words, it is not self-adapting.

Because of these problems, we propose a new algorithm
called SOSM-RBF, which is the multi-variable normal distri-
bution version of SOS-RBF. In this method, we replace the
signal normal distribution with multi-variable normal distribu-
tion function as kerne! function, and find the corresponding
extend Kalman Filter formula for the multi-variable distribu-
tion kemel function. We also find a new leaning and adding
mechanism in order to solve the sequence problem and self-
adapting problem. From the result, we can conclude that the
proposed method successfully solve the self-adapting problem,
and is better than the other a{gorithms on sequence probiem.

The organization of this paper is as follows: Section 2 de-
scribes the new Self-adaptive Online Sequential leaming RBF
Classifier using Multi-variable normal distribution(SOSM-
RBF). Section 3 performance comparison results for SAG-
RBF along with RAN, MRAN, OS-ELM, SVM and SMC-
RBF on the criterions of efficiency, number of hidden neurons,
Self-Adapting Growing ability and performance on random
sequential training samples. Section 4 summarizes the conclu~
sions from this study.

ol

IL. SOSM-RBF algorithm

In this section, we firstly describe some concepts in multi-
category classification problem, and then provide the mathe-
matical model of RBF. After that, the main ideas behind
SOSM-RBF aigorithm are described.

The learing mechanism of human can be briefly reduced
to reduction and inference, and multi-classification problem is
a very common form of reduction, so multi-classification
makes great senise in machine learning.

In order to divide the samples to different classes, we
should extract some features which have relationship with cri-
terion for classification. So to classier in machine learning, we
use some features to stand for every sample. Let the training
sample is(x;, ¥;), i=1, 2... N. X, y; stands for the input fea-
tures and class label of i™" samples. If the order is not impor-
fant, we just use X,y..

Before using training data, we firstly normalize value
range of x to [-1, 1]. If the sample belongs to j class, then
the j™ element of y is one and all others are -1.

Generally speaking, the model of RBF network can be
generalized as follows:

f(x) = g + ity ax®ic(), )

Where @y (x) is the response of the k™ hidden neuron
tothe input x and o is the weight connecting the k™ hid-

den unit to the output unit. ®, (x) is a gaussian function given

by )
di(x) = exp (-;E fx — welD 2)

Where iy is the k™ neuron center and oy is the cova-
riance matrix of the k™ neuron.
The predicted class label \"c for the new training sample is
given by
t=arg maXieq,,n, i 3)

1. The Idea of the Algorithm

Dropping Condition: if £ # c andE < ¢, then drop
this sample, i.e., do not use this example. If new sample satis-
fies such a condition, then it shows that the current system is
efficient enough, so we don't have to use this sample. Adding
the dropping mechanism, we can prevent overtraining prob-
lem and also because we don't use this sample, so the time for
training is less.

Adding Condition: The one of the following conditions
must be satisfied for an observation (x;,y;) to be used to add
a new hidden unit to the network:

C#*c
te2e, @

‘Where E is the maximum error in the current sample and
£, Is the threshold for adding neuron. Since, the coded class
label y and its predicted value (¥) are within the limit of +1 or
-1, the threshold is initialized at maximum value of 1.5. Here,
the threshold is adapted based on the in incremental know-
ledge added to the network, ie.,

g,=0¢;, — (1 —0)E (5)

Where ¢ the control parameter, usually kept very close to
one.

And the new hidden neuron will be as follows:

Whew = €
{ Hnew = X (6)
Znew = KX = el * Ingenx

Where x is a positive constant which controls the overlap
between the hidden neurons, and 5, is the nearest neuron in
the same class.

Learning Condition: The following conditions must be
satisfied to make the network leam.

t=c
{E =g )
Where g is the threshold for adapting the network para-
meters. Hence, g is restricted between {0.75 0.05]. Similar
t0 &4, £ 15 also adapted based on the knowledge present in the
current sample.
g=og — (1 —o)E 8)
However, our method uses multi-variable normal distribu-
tion as kernel function, so we should derive a new set of EKF
formula.
The mathematic model of SOSM-RBEF is as folfows:
f(x) = o + Ty APy (%) 9
and ®y(x) isas bellows:

Py (%) = exp (-— S = ) I (x = m()) (10
Where 1 is the k™ neuron center and T is the cova-
riance matrix of the kP neuron.

In order to accelerate the learning speed, we choose two
neurons which are the nearest to the current example to learn.
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The parameter of the network is
w = [ag, oy, pr; a2, Hz'z]

Where *; are parameters of the first nearest neuron, *,
are the second nearest neuron. E_l' is the lowest triangular
elements vector in column sequence, and so is .

The parameter w is adapted using EKF as follows:

Wi = W4 +Kiei (11)

Where K; is the Kalman gain matrix given by:

Ki = PaBi[Ri + B{P_,B]™  (12)

B; is the gradient matrix and has the following form:

Bi = [Loy )L Z71 0% — ) [y * 03 (x)]7, (x; —
M1) (5 — wy)lay * oy 1T, o, Gt = 1) (x; =
Hz)loz * oz x1™) (13)

R; is the variance of the measurement noise. P, is the er-

ror covariance matrix which is updated by,

Pi = [Iz*z - KiB;r]Pi—l + qu*z ( 14 )
q is a scalar that determines the allowed random step in the
direction of the gradient matrix. If the number of parameters to
be adjusted is z, P, is a z*z positive definite symmetric matrix.
When a new hidden neuron is allocated, the dimensionality of

P, increases to,
P, 0 )
15
( 0 pOszz ( )

Where the new rows and columns are initialized by P,.
Py .is an estimate of the uncertainty when the initial values as-
signed to the parameters. The dimension z of the identity
matrix 7 is equal to the number of new parameters introduced
by the new hidden neuron.

Skipping Condition: if the situation doesn't satisfied any
condition, the current sample does not contain any significant
information at this moment, so skip this sample, i.e., move this
sample to unused data set, and use it in the next circle.

Then repeat these steps until the unused data set is empty.
To summarize, the SOSM-RBF algorithm in a pseudo code
form is given below.

2. SOSM-RBF Algorithm

Given a input feature x and its corresponding coded label ,
and we assume that (x, y) is the current training sample:
1. Compute the network output:

9 =0 + Ty o Pic(x) (16)
2. Calculate the sample error e:

= Yi_y\li lfYISI\I<1
= {0, otherwise (17)
and predicted class label

C=argmaxie;; % (18)

3. Skip Condition: If E is less than 0.05, the current
sample is discarded from the leaming process.

4. Growing Condition: If the predicted class label is
different from the original class label or maximum er-
ror is greater then self-adaptive threshold, add a new
newron(¢ # c ORE = ¢,)

Wpew = € Upnew = X;
Znew = KlIX; — Parll * Tngenx

5. Learning Condition: If the maximum error is greater

than threshold and predicted class label is same as the
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priginal class label, the network parameters using
EKF.

6. Otherwise, the current observation does not contain
significant information at this stage. Hence the sam-
ples is not used and kept in reserve for future fine tun-
ing the network parameters.

7. Repeat the above steps until all the samples are uti-
lized. Now, use the sample in reserve ft fine tuning the
RBEF classifier using the same leaming process.

III. Performance

In this section, we present performance evaluation of
SOSM-RBEF classifier using three real-world classifica-
tion problems from UCI Machine Learning Repository,
namely: image segmentation, vehicle classification and
glass identification problem. The detailed specification
on number of inputs, number of classes and number of
training/testing samples are given in Table 1

Table 1. Specification of UCI classification data set

Date set | Features classes Samples
Training Testing
Image 19 7 210 2100
Vehicle 18 4 424 422
Glass 9 7 109 105

The performance of the SOSM-RBF is compared
with MRAN, GAP-RBFN, OS-ELM and support vector
machine. The control parameters used in the sequential
learning algorithms MRAN, GAP-RBFN and SMC-
RBF are optimized as highlighted in[8]. The average
and overall classification accuracies as described in Ta-
ble 2

Table 2. Parameters for all algorithms

Data Set Methods NO of | Samples| Testing
neurons | used Average | Overall
Image SVM 96 210 190.62 | 90.62
Segmen- OS-ELM 100 210 90.67 90.67
tation MRAN 76 210 |86.52 86.52
GAP-RBF 83 210 |87.19 87.19
SMC-RBF 43 210 |91.00 91.00
SOSM-RBF 46 198 |91.55 91.55
Vehicle SVM 96 424 | 68.72 | 97.99
OS-ELM 100 424 |68.95 67.56
MRAN 76 424 |59.54 59.83
GAP-RBF 83 424 |59.24 58.23
SMC-RBF 43 424 |74.18 73.52
SOSM-RBF 123 400 |75.00 76.25
Glass SVM 102 109 |64.23 60.01
OS-ELM 60 109 [67.62 70.12
MRAN 51 109 [63.81 70.24
GAP-RBF 75 109 |58.29 52.24
SMC-RBF 58 109 [78.09 77.96
SOSM-RBF 83 103 {85.25 §0.01

From Table 2, we can say that comparing to existing
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methods; our method has almost best efficiency. In ad-
dition, the performance of our method is not sensitive to
the sequence of training samples. To Self-Adapting
property, you don't have to input any initial parameter
value using our method. Please also remember that, our
method just uses part of training data for training, but
gets the best results both on efficiency.

IV. Conclusion

In this paper, we present a new un-sequential and
self-adapting Growing algorithm. In this method, we
use multi-variable normal distribution function as kernel
function, and deduct corresponding learning equation.
In order to prevent the overlap problems, we introduce
drop part to algorithm.

From the results, we can find that the proposed algo-
rithm is not sensitive with the sequence of training sam-
ples. Unlike other methods, before using to a concrete
problems, you should input many parameter initial val-
ues, you just have to configure one value for SOSM-
RBF. At last, the efficiency performance of SOSM-RBF
is better than other methods.
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