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Defect detection on an object surface is one of the most important tasks of an automated visual inspection system. The most modern
defect detection systems are required to operate in real-time and handle high-resolution images. One of main difficulties in system
applications is that it cannot be used for general inspection of various types of surface without tuning the internal parameters. In this
paper, we demonstrate how to solve the problem mentioned above by using simple variance profile values of pixel intensities and
applying it to the random-forest-based machine learning algorithm. Variance of Variance (VOV) profiles are used to describe the
texture of an object surface and to amplify the irregularity of intensity variations. The feature amplification property of the VOV
method can be applied generally to various types of surface and defect. For effective learning and reduction of false detection, a
defect-size insensitive approach and a hard sample retraining process are introduced. The experimental results demonstrate reliable
defect detection for various surface types without changing parameters.
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1. Introduction

Automated defect detection using a vision system is one of core
technologies for improvement in the productivity and maintenance of
high product quality in a factory. Methods of detecting defects on
surfaces in diverse conditions have been developed through many
studies in the last decade, and the result of the related studies has been
used as one of inspection tools being applied to actual systems. One of
the representative methods related to defect detection is to detect defects
using Independent Component Analysis (ICA), which analyzes main
components of the pixel’s intensity (i.e., brightness) variations of a
surface. The method using ICA is the most common for weak defects
such as a wafer with low contrast'> and the studies on detection of
defects on planes with more diverse textures* have been reported as the
main result. Also, a method of finding defects by analyzing the texture
or frequency of a defect has been studied,’” and studies on detection of
defects on different backgrounds such as wood,® fabric,”® and metal'’
have been in progress. As defect images are taken with the various
features of the background on them, the types of defect may be diversely
expressed with a wide spectrum in size from small defects such as dust
and ink-drop to big ones such as scratches, pin-holes, and oil-pollution.
The works presented by many researchers show that high detection
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performance was made when a specific method was applied to each of
different surface types. However, different methods should be selected
whenever the type of background changes due to different features
appearing on diverse surfaces. Furthermore, depending on the change
in the defect size, the inspection performance has been found to be
deteriorated in many cases. Accordingly, the demand for a general
detection method that can be used on diverse types of background
containing diverse defects is increasing.

The main contribution of the paper is to propose a simple but unique
defect detection method that can be applied to inspect diverse types of
defect on diverse surfaces. The method proposed utilizes features of the
defect and background in terms of Variance of Variance (VOV) where
simple information about variance of pixel intensities is used, and with
which it is intended to differentiate defects from the background through
a random forest'' based classifier. Also, a retraining process for false

classifications is applied to enhance the training performance.'

2. YOV Features

2.1 Modeling VOV features
A good feature in defect detection is thought to be the one that
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Fig. 1 Various Types of Surfaces and Defects
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Fig. 2 Definition of VOV

clearly differentiates a defect from the background. The feature most
widely used in a defect inspection process in the past was a frequency
of intensity, which is used as a representative value indicating the
changing rate in pixel intensity and differentiating the defect from the
background. Also, the frequency feature was used for defect detection
through versatile applications such as ICA and wavelet filters. However,
the main disadvantage of frequency feature is that, the more the
surfaces and objects are diversified, the more difficult it becomes to use
it as a feature because the frequency boundary becomes imprecise.

The Haar-like feature is one of the most famous features. Also,
many researchers have used it for object detection with the adaptive-
boosting algorithm.'> However, it needs additional processing like local
intensity normalization on a non-uniform background, and it is not easy
to use it on surfaces with texture and/or gradation. In light of these, in
this paper, VOV is employed as the representative feature that expresses
the change in background textures.

Though simple, VOV takes the role of amplifying variation of
intensity. With VOV, it is possible to find defects through irregular
changes different from the background. Accordingly, it enables
discrimination of defects by amplifying a small difference in the
change in intensity between the background and the defect into a large
difference in VOV value.

The definition of VOV and its calculation process are given in Fig.
2. Let x(i, /) be the intensity value of a pixel located in the i row and
the j™ column in a partial image (sampled and taken from an entire
image) of size mxm. To proceed, let us begin with the pixels placed in
a row on the image. For the intensity value of each pixel in the i row,
its variance can be calculated as shown in Eq. (1). The subscript r (c,
shown in later) denotes the row (column) in the image at hand.
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Fig. 3 Variance profiles of intensity values obtained from the
horizontal direction calculation for two sample images: (a) Image
containing defects, (b) Intensity profiles for the image in (a), (c) Image
without defects, (d) Intensity profiles for the image in (c), and (e)
Profiles of VOVs from (b) and (d)

m
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where x,(/)={x(i, /)| Vj } is a set of the intensity values of the pixels in
the i row, and X,(i) represents the mean value of x,(i). A set having

variance values for each row as its element is defined in Eq. (2).
2 2 2
=021, .., 0 ()} )

Using the elements of the variance set defined above, a new variance
value can be calculated and is called the VOV in the row direction
(row-VOV, briefly and denoted by 7,,,). With the similar manner, the
VOV in the column direction (column-VOV, briefly and denoted by
V.m) can be obtained.

[Var(o, ), Var(@ )= Wy Vi 3)

In the following, an illustrative example for finding VOV is given.
Figs. 3(a) and (c) present two sample images with the size of 50 by 50
pixels, respectively. The first image is taken from a region containing
defects on a wooden surface, and the second from the surrounding
region having minor defects. This first (second) image is referred to as
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defect (background) for brevity, hereafter.

From the first image, the intensity of respective pixel arrayed at
each row was extracted and its intensity profile for each row is given
in Fig. 3(b). With the same manner, the intensity profile for the second
image is given in Fig. 3(d). It is observed from the Figs. 3(b) and (d)
that the intensity distribution of the defect is more scattered than that
of the background, since the dark color features in the defects.

Variance of intensity values (of pixels) per each row in the sample
image was calculated via Eq. (1) for each data set expressed in Figs.
3(b) and (d). Their profiles are given in Fig. 3(e), where the dotted line
denotes the variance set for the defect image and the solid line for the
background image.

As shown in the plot, the magnitude of variance in the image of Fig.
3(a) is bigger than that of Fig. 3(c) for the majority of the section
except for a few rows due to the difference in the intensity between the
background and the defect. For calculation of mean and variance, the
integral image method is known to be very fast solution.'

Variance denotes the degree of scatteredness of sampling data.
Likewise, variance of variance measures how far a set of data having
values of variance is spread out. As shown above, the defect has higher
VOV than the background, as the spread of variance in the defect is
bigger than that in the background. The main character of VOV is to
summarize the distribution values of intensity into a single value.

The condition to be good feature in general detection methods is in
versatile expressions and simple calculation. Structural information on
a defect can be a good feature for a similarly shaped defect; however,
it needs too much information in proportion to the number of defect
types. The method employing VOV, which is proposed in this work,
provides a significant difference from the existing detection methods in
the point that in spite of its simplicity, it can express defects,
irrespective of the background type. Additionally, it can skip the local
intensity normalization, and is strong for illumination changes, because
variance can be expressed from the average of intensity on a local
window. Also, a defect-size insensitive approach is incorporated to
handle the changeable types of defect for different sizes and textures.
Consequently, high performance on defect detection can be achieved
by using a learning algorithm based on VOV properties.

2.2 Defect direction and window size

The employment of VOV, as a whole, shows high classification
performance without depending on the types of background. But,
performance deterioration can also be occurred depending on the defect
size and the direction of the background texture. Accordingly, the
inspection error can be reduced by employing features with different
window sizes and directions.

In Fig. 4, the VOV values for the same image are expressed using
two different window sizes. The employment of a small window size
can be feasible to extract small size defects; however, for the
background with big texture like wood, it is not easy to be used since
the background can be recognized as defects. Although, on the other
hand, the use of a big window size makes it possible to extract best a
defect with big texture, it is not a trivial task to extract small defect
with small texture. Thus, it can be seen that defects can be expressed
only when the window size is changed in proportion to the texture size
of the background.

(a) (b) (c) (d)

Fig. 4 Images of VOV values for two different window sizes: (a) Car
surface with w=5, (b) Car surface with w=15, (c) Wood surface with

w=5, and (d) Wood surface with w=15. Note: w is the window size

(a) (b) (c)

Fig. 5 Example images showing the directional characteristic of VOV:

(a) Original Image, and images from the application of (b) Row-VOV

and (c) Column-VOYV, respectively. Note: The window size is set to 5

The VOV value has directionality. This characteristic can be
explained in Fig. 5. Fig. 5(a) is an original image that shows the defect
placed lengthwise. The VOV value obtained through the variance
values in the horizontal direction is given in Fig. 5(b). With the same
manner, the VOV value through the variance values in the vertical
direction is given in Fig. 5(c). It is observed from the figures that the
row-VOV gives more apparent results than the column-VOV. The
directionality of a defect can also be considered by using the row-VOV
and column-VOV values together. In this paper, a parameter describing
the size of defect is defined as the product of the row- and column-
VOVs as shown in Eq. (4), and is called the VOV parameter:

o) =V, <V, @

c,w

where @(w) is the VOV parameter, and w is the window size. As
already mentioned before, V,,, and V., denote the row- and column-
VOVs, respectively. Note that the VOV parameter is the function of the
window size w. In Eq. (5), the optimum window size is represented as
one where the VOV difference between the defect image and the

background image is maximized.

W, = argm3x| wde/éu/(w)_ wbatk(w)| (5)

where @gpc(w) and @pa(w) are the VOV parameter of the defect
image and the background image, respectively.

3. Random Forests

Several features can be created from VOV values using different
window sizes and directions. Using a feature vector f created in this
way, classifiers in a classification method can be trained to recognize
defects. Adaptive-boosting and random ferns'> are one of the most

commonly used classification methods. Also, random forests are one
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Fig. 6 Random forest process

kind of supervised learning algorithms, and can carry out fast
classification using diverse features. Although adaptive-boosting and

1618 random forests

random ferns show good classification performance,
are chosen to be utilized in the work with the following reasons. First,
in terms of size in feature vectors, random forests can show outstanding
performance even for feature vectors with small dimensions. In this
work, for instance, we defined only 24 dimensional feature vectors
(i.e., feR*). It may not be enough in size for adaptive-boosting and
random ferns. Second, as already known, adaptive boosting is one of
binary classifiers and many classes in feature space can decrease
classification reliability. Also, binary features generated by random
ferns cannot work clearly on various surfaces, since intensity
comparisons of binary features can increase confusedness between
surface patterns and defects. However, random forests are able to solve
this problem by classifying features into classes based on types of
surface. In this work, various types of surface and defect are considered,
and training data sets, whose elements are not distributed continuously,
are used. In light of these, random forests are adopted in this work.

Fig. 6 describes the training process of random forests, which shows
the branches that appropriately classify the input feature at each node
of the " binary tree. A threshold value at each node that is compared
with a feature value is also given to separate effectively the defect and
background training samples. The threshold is usually selected to
minimize the entropy of the feature vector of each side samples after
division of training samples into two sides.'*?!

The bottommost node classified is called the leaf node. During
training, the class probability of a leaf node is built by the bin counter
increase for labeled samples which reach to this node. The number of
bins in the leaf node equals to the number of classes. After training,
each leaf node has the class probability by normalizing the bin count
values. During test, an input sample reaches a leaf node in each tree
and the leaf node suggests probability of each class. If we sum up the
class probability Py(c|f) for all trees, then the class with maximum
probability P(c|f) is selected. For defect detection, two classes of
defect and background are allowed. (See Eq. (7).)

p(cm:ipk(cm, n = # of trees (6)
=

if P(Cacpeer | £) > P(Chackgrouna | ) then defect else background (7)

One of the most important task in defect detection is to define a
feature vector whose elements can be used to differentiate (and/or
extract) common characteristics from training samples. The training
samples consist of the defect and background data taken from different
surfaces of diverse objects. In this work, we define and propose a 24
dimensional feature vector f=[f}, ..., f4]. The feature vector consists
of two basic feature groups such as 16 original VOV features according
to size and direction of defect and 6 application features of VOV. If we
use more features, the performance of detection may increase, but it
need more execution time. For tradeoff of performance and speed,
features are limited to 24 types. The elements of the proposed vector
are explained in the following. f; and f; represent the values of pixel
intensity and strength of Canny edge? at the center of a sliding
window, respectively. f(5 . ¢ has the average responses of VOV values
obtained when the two window patches having a large difference in
size each other are applied (See Eq. (8)).

T63,061 = g Ve, o Vrw, oo Ve, 3 ®)

where V,

rw

=1/NY, V., - In this work, surfaces under consideration is
divided into two groups - the solid and texture surfaces. In order to take
the characteristics of surfaces into consideration, the VOV parameter of
each surface is incorporated, respectively.

fi7, 8]~ {0) (Wr-sol)v [ (Wr-tex) } (9)

where @(e) is the VOV parameter introduced in Eq. (4). w,.;o/(Wrrex)
denotes the optimal window size on a solid background with weak
texture (on a surface with strong texture). In the work, w,.,~=5 and
Wiex=13, which are obtained from experiments and calculated via Eq.
(5). The remainder is as follows:

o, 160 = AV w=3,5,7,11,13,15,19,21} (10)

,,,,, 241 = Ve w=3,5,7,11,13,15,19,21} (11)

Note that fig 4 includes VOV features, where the different window
sizes (such as small, medium, and large) are applied depending on the
background texture.

4. Experimental Results

In this paper, the experiments were carried out using 7 representative
surfaces, such as wafer, solid car surface, pear color car surface, paper,
fabric, stone and striped-metal, for inspection of diverse surfaces. The
proposed method was implemented using C++ language on an Intel®
i5 desktop.

In order to perform training process, total of 2,100 images - 300
images (200 defect images and 100 background images) per each surface,
were prepared. Training has been conducted through total of 28,000
samples. Sample data consist of the positive and negative patches (each
of which is a small part image and characterized as one whether having
defects or not.) at the same rate. For each surface, total of 4,000 patches
are considered. Among them, 2,000 positive patches are picked out
from the defect images (10/image * 200 images). Similarly, 2,000

negative patches are chosen from the defect images (5/image * 200
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Fig. 7 Defect detection rates for various types of background

images) and the background images (10/image * 100 images).

For improvement on training performance, it is required to apply the
same training sample ratio to a learning process for inspection of defects
and backgrounds. Note that it took about 13 minutes for calculation in
the initial training. For a verification process, another 1,000 images of
640x480 pixels, which were not participated in training, were used.

Though random forests can classify many samples in fast computation
and guarantee high reliability, many errors may occur. Also, as 24-
dimensional features are used for inspection of diverse surfaces and it
has a defect range of diverse categories, the classification error is
relatively high. Accordingly, in this paper, the classification performance
was enhanced through the retraining process.'>!> The retraining process
is a method of enhancing the classification performance by repeating
re-training after analyzing the result of the initial training, and by
adding false alarms and missed defects, and thus it can enhance defect
detection performance.

In order to compare detection reliability, experiments have been
conducted using PSO-ICA? that is well known for wafer inspections,”
and Gabor filter'® which has high reliability for inspection of
backgrounds with much texture. The results have also been compared.
Figs. 7 and 8 show the results from the comparative experiments. While
ICA shows very high performance for a wafer of low-contrast, the
performance is shown to be deteriorated due to irregularity of the
background intensity as the texture becomes complicated. Though
Gabor filter has excellent performance as a whole, it lacks classification
performance on a wafer where the difference in contrast between the
background and the defect is very small. The proposed VOV method
shows high performance in average on diverse surfaces, and it can
detect all most of defects. VOV provides a consistent framework that
can be used without parameters tuning for defect images with different
backgrounds. Fig. 9 shows the result using VOV, which indicates the
applicability of VOV to defect detection.

5. Conclusions

This paper proposes a general defect detection method which can be
used on different textures of diverse backgrounds without changing the
internal parameters. The employment of VOV, which is effective to
differentiate defects from the background irrespective of the background
type, was presented. For defects of even various sizes on diverse
background textures, the VOV method is capable of detecting them in

EXa—. ‘¢ﬁ~a¢-_m

N

7

Fig. 8 Experimental results for various surfaces from different
methods: (a) Original image (1st column), (b) PSO-ICA (2nd column),
(c) Gabor Filter (3rd column), and (d) VOV (4th column). Note:
Original images used in the experiment are taken from a surface of

wafer, solid color, pearl color, fabric, stone, and striped-metal in the

order shown

Fig. 9 Examples of defect detection for various types of background
and defect



970/ MAY 2015

INTERNATIONAL JOURNAL OF PRECISION ENGINEERING AND MANUFACTURING Vol. 16, No. 5

a single framework. Training was carried out using random forests that
enable defect inspections to be conducted at a high speed. It is found
from experiments that learning error has been reduced during the
training and high performance has been realized through retraining
processes. Furthermore, it is observed that low level image features are
calculated with the integral image method to satisfy the real-time

requirement.
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