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Abstract: This paper develops the machine vision based detection method to detect glass products defects. The 
novel segmentation method based on unsupervised learning is proposed to segment the defect regions and 
background. The fuzzy support vector machine was adopted as classifiers for the extracted features. The 
experimental results indicated the accuracy rate can reach up to 96.7 % by using the methods developed to 
detect glass bottles defects. Copyright © 2013 IFSA. 
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1. Introduction 
 

Large numbers of glass products are used in life 
and production. For example in China over  
35 millions tons of beers were produced in 2012 with 
the majority of beer products packed in glass bottles. 
To ensure the quality of the final products, it is 
necessary to detect the glass products for defects. In 
many cases, this kind of work is performed manually. 
However, manual detection is not only expensive 
time-consuming, but also very difficult to guarantee 
the quality.  

The machine vision detection system has been 
successfully applied in the field of the integrated 
circuit, intelligent vehicle, image analysis, fruit and 
food quality detection etc. [1-6]. It also offers certain 
solutions for glass products detection. The method 
described in the article [5] gives much attention to 
cracks in the upper portion of glass bottles. But the 
crack problem is one of the defects. The detection 
precision of other defects is not desirable using this 
method.  

In this paper, a new machine vision method has 
been developed, which can be used to detect the glass 

products. The system took image photos of glass 
products by a digital camera, and then extracted and 
analyzed the features of the images to determine the 
defects of the glass products 

 
 

2. Illumination System 
 

A plate LED light was used when the camera 
took a picture of the glass products. The glass 
products were placed between the light and the 
camera, constituting the transmission-illumination 
relationship, shown in Fig. 1. In this case, breakages 
and stains on the glass products can be clearly 
displayed, which is beneficial to the next step of glass 
product detection.  

 
 

3. Detection Methods  
 
3.1. Possible Defective Region Segmentation 

 
The glass products defects in captured image 

were dark in region. To segment these regions, the 
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image segmentation need be used. The gray level of 
motion regions is different from the background in 
differenced image. So in this method the region 
segmentation is key thing for detect regions. Many 
algorithms for converting a gray image into a binary 
image are presents. However the image of glass has 
different characters. The gray of background in 
image is varied, so the segmentation result using 
tradition algorithms is not ideal. To segment these 
image, a novel algorithm based unsupervised learning 
is presented. Clustering can be used to divide 
a digital image into distinct regions for border 
detection or object recognition [6, 7]. This paper puts 
forward to a novel methods based on unsupervised 
pattern classification. This method firstly uses Fuzzy 
C-means methods to classify the image, and then 
chooses the samples which is high-confidence by 
fuzzy voting. These samples are used to train the 
fuzzy support vector machines. Finally the image is 
classified by trained fuzzy SVM. 

 
 

 
 

Fig. 1. The illumination of the glass product. 
 
 

The fuzzy c-means objective function 1{ }N
K kx = for 

partitioning into clusters is given by:  
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where 1{ }c
i iv =  are the prototypes of the clusters and 

the array [ ]ikv U= represents a partition matrix, 
U u∈ , namely 
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The parameter is a weighting exponent on each 

fuzzy membership and determines the amount of 
fuzziness of the resulting classification. The FCM 
objective function is minimized when high 
membership values are assigned to voxels whose 
intensities are close to the centroid of its particular 
class, and low membership values are assigned when 
the voxel data is far from the centroid.  

Because the pixels in image are not isolated 
points, the features which can represent the 
characters of region are chose. The three features are 
used for FCM, which are as follow. 

The feature 1( , )fs x y  of point (x, y) is: 
 

1( , ) ( , )fs x y gray x y= , (3) 
 

where gray(x, y) is the gray level of point (x, y). 
The feature 2 ( , )fs x y  is: 
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where gray(x, y) is gray level of point (x, y). 

2 ( , )fs x y  is average gray level of the 9 point in 
neighborhood of point (x, y). 

The feature 3( , )fs x y  is: 
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(5) 

 
where gray(x, y) is gray level of point (x, y),  
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After classifying the image by FCM according to 

the features, the high-confidence samples are chose 
by following condition. First the membership value 
of the sample is larger than a threshold: 

 
( , ) mfm x y T> , (6) 

 
where ( , )fm x y  is a membership value of point  

(x, y) which is assigned by FCM, and the mT  is a 
threshold which is 0.8 in this paper. 

Second condition is that there are 2 points in 
neighborhood of the sample which also meets the 
first condition. 

After choosing the samples, these samples are 
used to train the fuzzy support vectors. The 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. The 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 [8, 9]. 

The fuzzy theory uses fuzzy sets instead of 
normal sets. It can process the fuzzy information. The 
fuzzy theory simulates the way of human thinking. Its 
fault tolerance is good. A fuzzy support vector 
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machine neural network was used in this study as the 
classifier. It combined the fuzzy theory with the 
support vector machines. We used an optimization 
method adopted from a genetic crossbred algorithm 
to select the optimized parameters.  

The fuzzy support vector machine consists of the 
fuzzy layer and the SVMs. The structure is shown  
in Fig. 2. 

 
 

 
 

Fig. 2. The structure of the FSVM. 
 
 
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: 
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(7) 

 
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 [10]. Hence, the hybrid kernel is 
applied in this study. The kernel function adopted in 
this paper is as follows: 
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(8) 

 
Genetic algorithms (GA) constitute the global 

optimization techniques known to be successful in 
many domains. Thus, a GA based selection of 
components for fuzzy support vector machine was 
proposed in this study. This method was employed to 
firstly optimize fuzzy support vector machines. 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 adopted 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 fuzzy support vector machines. 

The flow chart of this algorithm is shown  
in Fig. 3.  

 

 
 

Fig. 3. The flow chart. 
 
 
By this method, chromosomes are encoded as 

the real number. The structure of chromosomes is as 
follows:  

 
1 1 1 2( , , , ,  , ,  ,  , )a b am bm nGF GF GF GF KP KP KP  (9) 
 

where kKP  is a parameter of the kernel function. 

The akGF  and bkGF  are the parameters of Gaussian 
functions in fuzzy layer. 

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 is given by: 

 

1
1

1k
k

Fit
C

=
−

 (10) 

 
where the kC  is the accuracy of classification, 

nk ,1= . This accuracy is obtained by u-fold 
cross-validation. In u-fold cross-validation, the 
training sets are firstly 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 VC 
dimension，which is hard to calculate directly. So 
the RT is employed [12]P. RT is:  



Sensors & Transducers, Vol. 25, Special Issue, December 2013, pp. 85-90 

 88 

svNRT
l

= , (11) 

 
where l is the number of train data set, and svN  
denotes the number of support vectors.  

And another fitness function is given by: 
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In reproduction，one half is selected according to 

fitness function 1kFit , and the other half is selected 

according to fitness function 2kFit . The elitist 
selection (10 %) and roulette wheel selection 
operators are employed for reproduction.  

The crossover operator is as follows: 
For two Chromosomes ),,,( 21 ni aaaA =  and 

),,( 21 ni bbbB = , the Chromosomes are 

),,,( ''
2
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crossover，where  
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where iβ  is the random number in [0, 1]. 
The mutation operator is given by:  
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where rad is the random number, and  
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t is the number of generation now, T the maximum 
generation, r 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:  
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where f is the hybrid fitness, which is given by: 
 

1 20.6 0.4k kf Fit Fit= +  (18) 
 

And bf is the bigger f of the two chromosomes, 

maxf is the maximal f in population, f  is the mean f 
of population. 

The probability of mutation is: 
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where f is the hybrid fitness of the chromosomes to 
be mutated, and is calculated by formula 25. maxf  

and f are the same as formula 17. 
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. 

The results of segmentation are shown in  
the Fig. 4. 

 
 

 
 

Fig. 4. The segmentation result. 
 
 

3.2. Classification  
 
The defective region is in dark. So the average 

gray level of the whole glass products and the 
segmented regions are calculated. If the mean gray 
level in some regions is below the whole glass 
product’s， these regions may be defective. Some 
features are extracted in these regions. 

 
(1)b dF Num= , (20) 

 

where dNum  is the number of possible defective 
regions.  

If there are more possible defective regions with 
low mean gray level, the glass products can be not 
good.  

 

1
(2)

dN

b n
n

F Area
=

=∑ , (21) 

 

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

defective regions. If this feature is big, the glass 
products may be defective. 
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(3)b mF Area= , (22) 
 

where mA  is the maximum area in all possible 
defective regions. 

The feature 4 and the 2 following features show 
the characters of possible defective regions, 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; so if this feature is large, this 
region may be a defective one. 

 
(4)b mF G= , (23) 

 

where mG  is the mean gray level in the 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 is low, this region may be a 
defective one. 
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where ( )jP j  is the probability density function of 

the gray level j in the region，of which the area is the 
maximum.  

The gray level of pixel in defective region is not 
different. So if this feature is bigger, this region may 
be the defective one. 

 
(6)b gF Area= , (25) 

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

When the mean gray level of the region is the 
maximum, it is another most possible defective 
region. This feature and the 2 following features 
show the characters of this region. And they have the 
same meaning as features 3-5. 

 
(7)b gF G= , (26) 

 

where gG  is the mean gray level in the region, in 
which the mean gray level is the maximum.  
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where ( )jP j  is the probability density function of 
gray level j in the region ,where the mean gray level 
is the maximum. 

Then a classifier need be used to classify whether 
the region is the defect. The defects are diversified, 
so the glass products detection is a small- size sample 

problem. And the defects in image are hardly 
described. The fuzzy support vector machine 
proposed in this paper is used to classify these 
regions. 

 
 

4. Experiments 
 

Experiments were conducted to examine this 
method. A prototype equipped with an annular 
conveyor was developed according to section 2. The 
glass bottles were used as detection objects. The  
500 images of glass bottle have been captured 
separately using this prototype. 

First, the images of glass bottle were compared to 
the real bottles so as to identify the glass bottles. 
Then the features from the 300 images were extracted 
according to the rules described in section 3, which 
would be used as a base for learning the fuzzy 
support vector machine After the fuzzy support 
vector machine were trained, they started to judge the 
features extracted from the other images. In crossbred 
genetic algorithm, the initial population is randomly 
crafted in 10 regions. The number of population is 
20. The terminated threshold is 0.5. In comparison 
with the fuzzy support vector machine, the SVM and 
neural networks were also applied. The RBF kernel 
function was selected for the SVM. The function is as 
follows: 

 
2*( ) exp( )

iRBFK x r x x= − −  (37) 
 
According to experience, the r is set as 0.5. The 

number of neurons in hidden layer of neural networks 
is the number of neurons in 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  
10 times and shown in Table 1. 

 
 

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

 

 
Support 
vector 

machine 

Neural 
network 

Fuzzy 
support 
vector 

machine 
Good(90) 95.6 95.6 96.7 
Bad(110) 95.5 93.6 96.4 

 
 
The experiment results indicated that the fuzzy 
support vector machine neural networks were 
superior to the support vector machine and the neural 
network respectively.  
 
 
5. Conclusion  

 
This study offers an intelligent detection method 

to examine the glass products defects. The possible 
defective regions of glass products were segmented 
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by the novel segmentation methods based on 
unsupervised learning，and the features were 
summarized after comparing to the real glass product 
defects. Then these features were classified by fuzzy 
support vector machine. As a result, the classifier 
possesses not only good generalization ability but 
also strong anti-noise ability. Experiments have been 
performed on the prototype to prove whether the 
methods can work effectively. The results showed the 
method developed in this study was able to detect 
defective glass bottles with an accuracy rate up  
to 96.7 %.  
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