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Abstract This paper develops a computerized empty
glass bottle inspection method. Wavelet transform and
morphologic methods were employed to extract features of
the bottle body and the finish from images. Fuzzy support
vector machine neural network was adopted as classifiers
for the extracted features. Experimental results indicated
that the accuracy rate can reach up to 97% by using the
method developed to inspect empty glass bottles.

Keywords machine vision, support vector machine
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1 Introduction

Large numbers and various shapes of glass bottles are used
as containers for food and drink. For example, in China
over 31 million tons of beer were produced in 2008 with
the majority of beer products packed in glass bottles. To
ensure the quality of the final products, it is necessary to
check the empty glass bottles for cleanness and breakage
before the products are canned. In many cases, this kind of
work is performed manually. However, manual inspection
is not only expensive and time-consuming, but it is also
very difficult to guarantee the quality.
Machine vision inspection system has been successfully

applied in the field of integrated circuits, fruit and food
quality inspection, etc. [1–4]. It also offers certain
solutions for bottle inspection, but this method can only
be used to inspect the bottle finish. The method described
in Ref. [5] gives much attention to cracks in the upper
portion of glass bottles. The captured image is corrected by

adaptive gray correction and then translated into a binary
image. The binary image is judged according to conditions.
However, the crack problem is only one of the defects. The
inspection precision of other defects is not desirable using
this method. Reference [6] proposes a method to inspect
defects for empty water bottles. The defects are detected
based on the variations of intensity of the images within the
image segment. In this method, the decision (if the bottles
are defective) is made solely dependent on pixel intensity,
which is heavily influenced by noise.
Empty bottle inspection is one of the typical machine

vision inspection problems. The difficulties in this
inspection lie in its diversity, uncertainty and noise. The
properties of body defects are diversified in position, shape
and optic performance. Therefore, the features of defects in
the captured image are uncertain and hardly distinguished.
There are noises in bottle images. And some shadows exist
in the bottle image since one cannot expect to get the same
bottle optic performance. Because of the influence of
environmental factors like ambient light, noises would
exist in bottle images. All these difficulties make bottle
inspection one of the difficult problems in intelligent
inspection. For these reasons, we have developed a new
machine vision method that can be used to inspect the
bottle body and the finish. The system takes image photos
of empty glass bottles by a digital camera, extracts and
analyzes the features of the images to determine the
clearness and breakage of the empty bottles using a fuzzy
support vector machine neural network.

2 Illumination system

A plate light emitting diode (LED) light is used when the
camera takes a picture of the glass bottle body. The empty
bottle is placed between the light and the camera,
constituting the transmission-illumination relationship,
shown in Fig. 1. In this case, breakages and stains on the
bottle body can be clearly displayed, which is beneficial to
the next step of bottle inspection. Two cameras capture
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images of the bottle body respectively from the back and
face to avoid omitting defects.

In addition, to obtain a clear image of the bottle finish, an
LED light in an umbrella shape is used, shown in Fig. 2.
The breakages or stains of the bottle finish can be detected
by comparison of the intensity of brightness, in which the
areas of breakages or stains are darker.

3 Features of bottle

3.1 Marking and locating regions of interest

Since not all the information on the images of the bottles is
used for further processing, it is necessary to mark the
region of interest (ROI) manually in advance to reduce the
processing cost. Because the defects could be everywhere,
the shape of ROI is decided mainly according to the shape
of the bottle. In Fig. 3, the regions of interest are marked

with a dotted line. The computer only processes the image
data within the region of interest.

3.2 Features of bottle body

3.2.1 Possible defective region identification

The body defect in the captured image is in the dark region.
To label these regions, watershed transform is used.
Watershed transform is a popular segmentation method
coming from the field of mathematical morphology [7].
The intuitive description of this transform is quite simple:
if the image is considered as a topographic relief, where the
height of each point is directly related to its gray level and
rain is considered gradually falling on the terrain, and then
the watersheds are the lines that separate the “lakes”
(actually called catchment basins) that form. Generally,
watershed transform is computed on the gradient of the
original image, so that the catchment basin boundaries are
located at high gradient points. However, the traditional
watershed transform generally leads to over-segmentation
due to noise and other local irregularities of the gradient.
To avoid this problem, this paper introduces some prior
information to improve watershed transform.
The gradient of the image is calculated by morphology.

The morphologic gradient can depend less on edge
directionality [8].
The morphologic gradient of the image is computed by

dilation and erosion [9]:

gi ¼ ðf i� biÞ – ðf i� biÞ, (1)

where f i� bi is the gray-scale dilation of fi by bi, and
f i� bi is the erosion.
The edge is a set of points lying on the boundary

between two regions. Though the edge cannot fully
describe the boundary, it can show the information of the

Fig. 1 Illumination of bottle body. (a) Illumination; (b) captured
image

Fig. 2 Illumination of bottle finish. (a) Illumination; (b) captured
image

Fig. 3 Regions of interest. (a) ROI of bottle body; (b) ROI of
bottle finish
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defect region and background. Therefore, the edge is used
to modify the gradient of the image. According to the
characteristics of the defective region, the Sobel edge
detection is selected. Modified gradient is described as
follows.

gdðx,yÞ

¼
giðx,yÞ þ C, if   there  is  edge  point  in NBðx,yÞ,
giðx,yÞ, else,

(

(2)

where NB(x, y) is the 3�3 neighborhood of the point (x, y),
and C is the constant.
The defective region of the bottle wall is the dark region,

so the gray level of these regions is relatively low. Hence,
the regional minima of the image should be in the object
region. Regional minima are connected components of
pixels with the same intensity value, tm, whose external
boundary pixels all have a value greater than tm. This paper
uses the regional minima as the markers.
The images of the bottle wall are segmented by the

modified watershed transform, and the results are like Fig. 4.
The modified watershed transform can segment the

possible defective regions, and reduce over-segmentation.

3.2.2 Features

The defective region is in dark, so the average gray level of
the whole bottle body and the identified regions are

calculated. If the mean gray level in some regions is below
the whole bottle body’s, these regions may be defective.
Some features are extracted in these regions:
1) Feature 1:
The area of possible defective regions is denoted as

Fb (1):

Fbð1Þ ¼ Nd, (3)

where Nd is the number of possible defective regions.
If there are more possible defective regions with low

mean gray level, the body might not be good.
2) Feature 2:

Fbð2Þ ¼
XNd

n¼1

An, (4)

where An is the area of the possible defective region.
This feature indicates the area of all possible defective

regions. If this feature is big, the bottle body may be
defective.
3) Feature 3:

Fbð3Þ ¼ Am, (5)

where Am is the maximum area in all possible defective
regions.
4) Feature 4:

Fbð4Þ ¼ Gm, (6)

where Gm is the mean gray level in a region, of which the
area is the maximum in all possible defective regions.
The gray level of the defective region is low. If the mean

gray level of a region is low, this region may be a defective
one.
Feature 4 and the two following features show the

characteristics of a possible defective region, of which the
area is the largest. This region is one of the most possible
defective regions. The size of the defective region is not
too small; thus, if Feature 4 of a region is large, this region
may be a defective one.
5) Feature 5:

Fbð5Þ ¼
XGmþ1

j¼Gm – 1

PmðjÞ, (7)

where PmðjÞ is the probability density function of the gray
level j in a region, of which the area is the maximum.
The gray level of the pixel in defective region is not

different. Therefore, if this feature of a region is bigger, this
region may be the defective one.
6) Feature 6:

Fbð6Þ ¼ Ag, (8)

where Ag is the area of a region, in which the mean gray
level is the maximum in all possible defective regions.

Fig. 4 Results of watershed transform. (a) Images of bottle wall;
(b) results of modified watershed transform; (c) results of classic
watershed transform
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When the mean gray level of a region is the maximum, it
is another possible defective region. This feature and the
two following features show the characteristics of this
region. Also, they have the same meaning as Features 3–5.
7) Feature 7:

Fbð7Þ ¼ Gg, (9)

where Gg is the mean gray level in a region, in which the
mean gray level is the maximum.
8) Feature 8:

Fbð8Þ ¼
XGgþ1

j¼Gg – 1

PgðjÞ, (10)

where PgðjÞ is the probability density function of gray level
j in a region, where the mean gray level is the maximum.

3.3 Features of bottle finish

3.3.1 Scanning methods

While extracting features of the bottle finish, in view of the
bottle finish shape, the circular law is used to carry out
scanning. In scanning, the bottle finish center is taken as
the center of a circle; each point is scanned by changing the
radius and central angle. Because the round size of a real
glass bottle finish ring varies in reality, the round width of
the ring in the finish image can be also varied. Hence, the
scope of the ring’s radius is given in advance. The ring’s
radius of the normal bottle finish lies within this range. The
scanning point is obtained by

x ¼ xC þ rcos�,

y ¼ yC – rsin�,

(
(11)

where (xC, yC) is the center of the bottle finish, the scope of
the r is (r1, r2), and θ ranges from 0° to 359°.
In scanning, the average gray level of the central angle θ

is calculated by

Lð�Þ ¼

Xr2
r1

gðx,yÞ

r2 – r1
, (12)

where g(x, y) is the gray level of (x, y), and (x, y) is decided
by Eq. (11).
Lð�Þ of the bottle finish is shown in Fig. 5.

3.3.2 Features

When the quality of the bottle finish meets the standard, its
image should be a ring with a consistent width and a
smooth gray level. L(θ) will thus make little changes in
different central angles. Otherwise, L(θ) would have
significant changes. There are jagged noises and other
information in the curve of L(θ). The multilevel approx-
imation coefficients of one-dimensional (1D) wavelet
transform [10] are used to reduce the noise. The
Daubechies wavelet is chosen. The multilevel approxima-
tions of L(θ) are shown in Fig. 6.
Level 3 approximation coefficients not only keep the

essential information but also reduce the noise. Therefore,
they are chosen as the base of the features. These features
are expressed as follows:

Ff ðiÞ ¼
CAðiÞ, if   CAðiÞ  is  an  extreme,

0, others,

(
(13)

where CA(i) are the level 3 approximation coefficients.

Fig. 5 L(θ) of bottle finish. (a) Bottle finish; (b) L(θ)
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4 Classifier based on fuzzy support vector
machine neural network

Bottle defects are diversified, so the bottle inspection is a
small-sized sample problem. Also, the defects in the image
are hardly described. To solve these problems, we propose
a fuzzy support vector machine neural network.
Support vector machines (SVMs) are proposed initially

in the field of machine learning, to classify problems on
(typically large) sets of data having an unknown
dependency on (possibly many) variables. SVMs are
based on structural risk minimization methods, and
produce a decision surface as the optimal hyperplane that
separates the two classes with maximal margin [7,11].
SVMs have been used as one of the highest performance
classifying systems because of their ability to generalize
well. For SVM, some parameters, for example, kernel
functions, need to be chosen. It is a difficult task to choose
the parameters related to the model of the object. In

practice, the SVMs obtained from the learning are
insufficient to completely classify all unknown samples.
Also, SVMs cannot ensure to provide the global optimal
classification performance over all samples.
Neural networks (NNs) have been exploited in many

applications and a few learning algorithms have been
developed. One of the main applications employed is data
classification. Studies have reported that SVMs are
generally able to deliver higher classification accuracy
than other data classification algorithms [12,13]. Never-
theless, NNs can adjust the parameters more easily than
SVMs.
Fuzzy theory uses fuzzy sets instead of normal sets. It

can process the fuzzy information. Fuzzy theory simu-
lates the way of human thinking. Its fault tolerance is
good. A fuzzy support vector machine neural network is
used in this study as the classifier. It combines fuzzy
theory with SVMs. We use an optimization method
adopted from a genetic crossbred algorithm to select the

Fig. 6 Multilevel approximations. (a) Originality; (b) level 2 approximation; (c) level 3 approximation; (d) level 4 approximation
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primary parameters. Since SVM resembles NN in
structure, back propagation (BP) learning method is
adopted to optimize the parameters of the fuzzy support
vector machine neural networks.

4.1 Fuzzy support vector machine (FSVM)

FSVM consists of fuzzy layer and SVMs. The structure is
shown in Fig. 7.
Fuzzification is the function of the fuzzy layer. The

features are inputted into the fuzzy layer, and translated
into fuzzy outputs. This layer uses Gaussian function as the
membership function. The function is as follows:

�iðxiÞ ¼ e
–

xi – ai
bi

� �2

: (14)

Then, SVMs are used as the classifier for fuzzy outputs.
Research shows that the use of the hybrid kernel yields a

better performance than those with a single common kernel
[14]. Hence, the hybrid kernel is applied in this study. The
kernel function adopted in this paper is as follows:

Kðx,x�i Þ ¼ k1ðx%x�i Þd þ k2e
– r x – x�ij j2 : (15)

Genetic algorithms (GAs) constitute the global optimi-
zation techniques known to be successful in many
domains. Thus, a GA based selection of components for
FSVM is proposed in this study. This method is employed
to first optimize FSVM. The accuracy of classification and
the risk of classifier are often used to evaluate the
performance of classification. But the traditional GA
only performs optimization process according to one
goal. This paper adopts a crossbred genetic algorithm,
which simulates crossbreeding in biology. There are two
different fitness functions, with which the individuals are
selected for breeding. So this algorithm suits the
optimization of FSVMs.
The flow chart of this algorithm is shown in Fig. 8.
By this method, chromosomes are encoded as the real

number. The structure of chromosomes is as follows:

ðGFa1,GFb1,:::,GFam,GFbm,KP1,KP2,:::,KPnÞ, (16)

where GFak and GFbk , k = 1,2,…,m, are the parameters of
Gaussian functions in the fuzzy layer, KPk , k = 1,2,…,n,
are parameters of the kernel function.
The initial population is randomly crafted in different

regions. There are two fitness functions, with which the
individuals are selected for breeding. The two fitness
functions are produced according to the accuracy of
classification and the risk of the classifier. One fitness
function is given by

Fitk1 ¼
1

1 –Ck
, (17)

where Ck , k ¼ 1,2,:::,n, is the accuracy of classification.
This accuracy is obtained by u-fold cross-validation. In u-
fold cross-validation, the training sets are first divided into
u subsets of equal size. Sequentially, one subset is tested
using the classifier trained on the remaining u–1 subsets.
The risk can be estimated by Vapnik and Chervonenkis

(VC) dimension, which is hard to calculate directly.
Therefore, RT is employed to denote the leave-one-out
bound [11].

RT ¼ Nsv

l
, (18)

where l is the number of training data set, and Nsv denotes
the number of support vectors.
Another fitness function is given by

Fitk2 ¼
5

RTk
: (19)

In reproduction, one half is selected according to fitness
function Fitk1, and the other half is selected according to
fitness function Fitk2. The elitist selection (10%) and
roulette wheel selection operators are employed for
reproduction.

Fig. 7 Structure of FSVM
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The crossover operator is as follows. For two chromo-
somes Ai ¼ ða1,a2,:::,anÞ and Bi ¼ ðb1,b2,:::,bnÞ, the
chromosomes after crossover are Aíi ¼ ðaí1 ,aí2 ,:::,aín Þ
and Bíi ¼ ðbí1 ,bí2 ,:::,bín Þ, where

aíi ¼ βiai þ ð1 – βiÞbi, (20)

bíi ¼ βibi þ ð1 – βiÞai, (21)

where βi is a random number in [0,1].
The mutation operator is given by

aíi ¼
ai þ f ðt, aimax – aiÞ, rad ¼ 0,

ai – f ðt, ai – aiminÞ, rad ¼ 1,

(
(22)

where rad is a random number, and

f ðt,yÞ ¼ y 1 – r 1 – t
T

� �2
� �

, (23)

where t is the number of current generation, T is the
maximum generation, r is a random number in [0,1].
The probabilities of crossover and mutation are decided

adaptively, that is to say, these probabilities relate to the
situation of evolution.
The probability of crossover is calculated by

PC ¼
fmax – fb
fmax – f

, fb > f ,

0:8, fb£ f ,

8<
: (24)

where f is the hybrid fitness, which is given by

f ¼ 0:6Fitk1 þ 0:4Fitk2, (25)

and fb is the bigger f of the two chromosomes, fmax is the
maximal f in the population, f is the mean f of the
population.
The probability of mutation is

PM ¼
0:5ðfmax – f Þ

fmax – f
, f > f ,

0:5, f£ f ,

8<
: (26)

where f is the hybrid fitness of the chromosomes to be
mutated, and is calculated by Eq. (25), fmax and f are the
same as Eq. (24).
The procedure would not be terminated until both the

changes of average fitness 1 and average fitness 2 between
two neighboring populations are less than the thresholds.

4.2 Fuzzy neural networks

The best parameters cannot be obtained only by GA.
Therefore, the NNs learning methods were used in our
study to optimize the parameters on the bases of the result
of crossbred genetic algorithm. Since SVM is reported to
be similar to NN [15,16], it is logical to consider FSVM as
the fuzzy neural network. The structure of fuzzy neural
networks is shown in Fig. 9.
Layer 1 is the fuzzy layer, of which the function is to

transform input vectors to fuzzy variables. The relations of
the input with the output are as follows:

�iðxiÞ ¼ e
–

xi – ai
bi

� �2

, (27)

I ð1Þi ¼ xi, (28)

Oð1Þ
i ¼ �iðI ð1Þi Þ, (29)

where i = 1, 2,…,n, n is the number of input vectors.
Layer 2 is the middle layer.

I ð2Þi ¼ Oð1Þ
i , (30)

Oð2Þ
i ¼ I ð2Þi : (31)

Layer 3 is the kernel function layer; the relations
between the input and the output are as follows:

I ð3Þ ¼ Oð2Þ, (32)

Fig. 8 Flow chart of proposed algorithm
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Oð3Þ
j ¼ Kj

�
I ð3Þ,x�j

�
, (33)

Kjðx,x�j Þ ¼ k1jðx%x�j Þdj þ k2je
– rj x – x

�
jj j2 , (34)

where j = 1, 2,…,k, k is the number of the support vectors
in the FSVM, Kðx,x�Þ is the kernel function.
Layer 4 is the output layer; the relations between the

input and the output are as follows:

I ð4Þ ¼
Xk
j¼1

Oð3Þ
j $Wj, (35)

Y ¼ Oð4Þ ¼ I ð4Þ: (36)

The learning algorithm of networks is adopted in a
gradient descent way. The initial parameters are given
according to the FSVM trained. Therefore, x�j are the
support vectors, Wj are αj which are the Lagrange
multipliers corresponding to support vectors in FSVM,
and ai and bi are the same as the fuzzy layer in FSVM. The
detailed learning algorithm is introduced in the Appendix.

5 Procedures of inspection methods

5.1 Procedure of bottle body inspection

The procedure of bottle body inspection methods in this
paper are summarized as follows.
Step 1 The regions of interest are marked as Fig. 3(a).
Step 2 The possible defective regions in the bottle

body images are segmented by the modified watershed
transform.
Step 3 The eight features of bottle body are extracted

by Eqs. (3)–(10) in these possible defective regions.

Step 4 The FSVM is constructed, and the parameters
are optimized by the crossbred genetic algorithm.
Step 5 This FSVM is taken as the NN, and the initial

parameters of the NNs are decided by this FSVM.
Step 6 This NN is learned by gradient descent

methods.
Step 7 Finally, this NN is used to classify the features,

and the inspection results of the bottle body are obtained.

5.2 Procedure of bottle finish inspection

Step 1 The regions of interest are marked as Fig. 3(b).
Step 2 The circular law is performed to scan, the curve

Lð�Þ is obtained by Eq. (12).
Step 3 The features of the bottle finish are calculated

according to Eq. (13).
Steps 4–6 They are the same as the bottle body

inspection.
Step 7 The features of the bottle finish are classified

by the fuzzy support vector machine neural network.

6 Experiments

Experiments were conducted to examine this method. A
prototype equipped with an annular conveyor was
developed according to Sect. 2. 500 images of each bottle
finish and bottle body have been captured separately using
this prototype. The bottle inspection method developed in
this study was programmed by C language on a P4 2.6.
First, the images of the bottle finish and bottle body were

compared to the real empty bottles to identify the empty
bottles. Then the features from the 300 images were
extracted according to the rules described in Sect. 3, which
would be used as a base for learning the fuzzy support
vector machine neural networks. After the fuzzy support
vector machine neural networks were trained, they started

Fig. 9 Fuzzy neural network
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to judge the features extracted from the other images. In
crossbred genetic algorithm, the initial population is
randomly crafted in ten regions. The number of the
population is 20. The terminated threshold is 0.5. In
training fuzzy neural networks, the learning rate is 0.01. In
comparison with the fuzzy support vector machine neural
network, the SVM and NNs were also applied. The RBF
kernel function was selected for the SVM. The function is
as follows:

KRBFðx,x�i Þ ¼ e – r x – x�ij j2 : (37)

According to experience, r is set as 0.5. The number of
neurons in the hidden layer of neural networks is the
number of neurons in the input layer adding one. The BP
method is applied to train neural networks, and the learning
rate is 0.4. The means were calculated based on the
experiments repeated ten times and shown in Tables 1
and 2.
Experiment results indicated that the fuzzy support

vector machine neural network is superior to the support
vector machine and the neural network.

7 Conclusion

This study offers an intelligent inspection method to
examine empty glass bottles. Clear images of the bottle
finish and bottle body were obtained through a specially-
designed machine vision system. The regions of interest in
the image were marked and located. The possible defective
regions of the bottle body were labeled by morphologic
methods, and the features were summarized after compar-
ing with the real glass bottle defects. The bottle finish
features were extracted by the method based on 1D wavelet
transform, which can reduce the noise and features
number. Then these features were classified by fuzzy
support vector machine neural networks. The fuzzy
support vector machine neural networks combined the
fuzzy theory with the SVMs, and utilized an optimization

method based on a genetic crossbred algorithm to choose
the parameters primarily. Then the BP learning method is
adopted to optimize the parameters of the fuzzy support
vector machine neural networks. As a result, the classifier
possesses not only good generalization ability but also
strong anti-noise ability. The performance of the fuzzy
support vector machine neural networks is better than
SVM and BP NN, and it is adaptable to the bottle
inspection, often with a problem of uncertainty and noise.
Experiments have been performed on the prototype to
prove whether the methods can work effectively. The
results showed that the method developed in this study was
able to detect defective glass bottles with an accuracy rate
up to 97%.

Appendix

The learning algorithm of fuzzy neural networks is as
follows.
The learning errors of networks are defined as follows:

J ¼ 1

2
ðD – Y ÞTðD –Y Þ, (A:1)

where D is the anticipant output. If the empty bottle is
good, D is defined as 0.8; otherwise, D is defined as – 0.8.
The revised formula of network’s weight Wj is

ΔWj ¼ –
∂J
∂Wj

¼ ðD – Y ÞOð3Þ
j , (A:2)

where j ¼ 1,2,:::,k, and k is the number of support vectors.

Wjðt þ 1Þ ¼ WjðtÞ þ ηΔWj, (A:3)

where η is the learning rate.
The revised equations of the factors in wavelet basis

function are

Δk1j ¼ –
∂J
∂k1j

¼ ðD – Y ÞWj

�
I ð3Þx�j

�dj
, (A:4)

Table 1 Comparison of accuracy of detecting glass bottle body using three methods*

samples accuracy/%

SVM NN fuzzy support vector machine neural network

good (112) 95.0 94.8 97.0

bad (88) 96.8 95.0 97.7

* The bottle body inspection speed is about 674 bottles per minute. The defect larger than 1.5 mm2 can be detected by the method proposed in this paper.

Table 2 Accuracy comparison of detected glass bottle finish using three methods**

samples accuracy/%

SVM NN fuzzy support vector machine neural network

good (121) 96.5 96.3 97.7

bad (79) 97.4 97.3 98.5

** The inspection speed is about 645 bottles per minute. The inspection method proposed in this paper can detect the defect that is larger than 0.5 mm2 on the bottle
finish.
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Δk2j ¼ –
∂J
∂k2j

¼ ðD – Y ÞWje
– rj I

ð3Þ – x�jj j2 , (A:5)

k1jðt þ 1Þ ¼ k1jðtÞ þ ηΔk1j, (A:6)

k2jðt þ 1Þ ¼ k2jðtÞ þ ηΔk2j, (A:7)

Δdj ¼ –
∂J
∂dj

¼ ðD –Y ÞWj

h
k1j

�
I ð3Þx�j

�dj
ln
�
I ð3Þx�j

�i
, (A:8)

Δrj ¼ –
∂J
∂rj

¼ – ðD – Y ÞWj

�
k2je

– rj I
ð3Þ – x�jj j2 I ð2Þ – x�j

��� ���2�, (A:9)

Δx�j ¼ –
∂J
∂x�j

¼ðD – Y ÞWj

h
k1jdj

�
I ð3Þx�j

�dj – 1
I ð3Þ

þ k2je
– rj I

ð3Þ – x�jj j2�2rj I ð3Þ – x�j��� ����i, (A:10)

djðt þ 1Þ ¼ djðtÞ þ ηΔdj, (A:11)

rjðt þ 1Þ ¼ rjðtÞ þ ηΔrj, (A:12)

x�j ðt þ 1Þ ¼ x�j ðtÞ þ ηΔx�j , (A:13)

Δai ¼ –
∂J
∂ai

¼
Xk
j¼1

ðD – Y ÞWj

h
k1jdj

�
I ð3Þx�j

�dj – 1
x�j

þ k2je
– rj I

ð3Þ – x�jj j2� – 2rj I
ð3Þ – x�j

��� ����i

$2e
–

I ð1Þi – ai
bi

� �2

I ð1Þi – ai
b2i

, (A:14)

Δbi ¼ –
∂J
∂bi

¼
Xk
j¼1

ðD – Y ÞWj

h
k1jdj

�
I ð3Þx�j

�dj – 1
x�j

þ k2je
– rj I

ð3Þ – x�jj j2� – 2rj I
ð3Þ – x�j

��� ����i

$2e
–

I ð1Þi – ai
bi

� �2�
I ð1Þi – ai

�2

b3i
, (A:15)

where i ¼ 1,2,:::,n, n is the number of input vector.

aiðt þ 1Þ ¼ aiðtÞ þ ηΔai, (A:16)

biðt þ 1Þ ¼ biðtÞ þ ηΔbi: (A:17)
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