
Flaw detection on decorated glasses by color image processing

L. Busina,b, N. Vandenbrouckea,b, L. Macairea, J.-G. Postairea and P. Tahonc

aLAGIS, UMR CNRS 8146, USTL, B̂atiment P2, Cit́e Scienti�que, 59655 Villeneuve d'Ascq,
FRANCE

bEIPC, Campus de la Malassise - BP 39 - 62967 Longuenesse Cedex, FRANCE
cARC International, 41 avenue du Géńeral de Gaulle, 62510 Arques, FRANCE

ABSTRACT

This work presents a method which detects aspect �aws occurring on the color surfaces of drinking glasses decorated thanks
to an industrial silk-screen process. As the pattern printed on glasses slightly varies between two glasses successively
produced, a simple comparison between a reference image which represents a glass without any �aw and the current image
which contains the glass to be inspected, provides poor results for �aw detection. That's why we propose an original color
image segmentation scheme in order to compare the segmentation of the reference image and those of the current image to
be inspected. This procedure iteratively constructs the pixel classes by histogram multi-thresholding. For this purpose, the
most discriminating color spaces are automatically selected during an off-line supervised learning scheme so that thecolor
image segmentation is achieved by pixel classi�cation.

Keywords: Aspect �aw detection, Color space, Color image segmentation, histogram multi-thresholding.

1. INTRODUCTION

Surfaces of drinking glasses (see �gure 1) are decorated thanks to an industrial silk-screen process whose damage causes
the apparition of aspect �aws on the colored decoration of produced glasses.

Figure 1. Drinking glass decorated thanks to an industrial silk-screen process.

As the rate of glass production reaches 1 glass per second, itis impossible for a human inspector to control on-line the
aspect of the printed decoration of all the glasses. The physiological limits of the human operator who works in the mill,
give rise to the real need of an highly effective automated on-line �aw detection system operating in real-time.

Since most of aspect �aws which appear on colored decorationare not detectable by grey level image analysis, the
presented image acquisition system is based on a color line scan camera. A particular attention has been devoted to the
conception of the lighting set up in order to enhance the �awsin the acquired color image (see section 2).

As the pattern printed on glasses slightly varies between two glasses which are successively produced by the silk-screen
process, a simple comparison between a reference image which represents a glass without any �aw and the current image
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which contains the glass to be inspected, provides poor results for �aw detection. That's why we propose an original
segmentation scheme in order to detect �aws which occur on several different decorations.

The designed color vision system has to detect a wide range ofaspect �aws which may appear on a large set of colored
decorations (see section 3). No available industrial vision tools detects those �aws by color image analysis. That leads us
to develop a speci�c color image segmentation procedure which is based on a supervised learning stage.

The color image segmentation techniques described in the literature can be categorized into two main classes, whether
the distribution of the pixel colors is analyzed either in the image plane or in the color space.1

The methods based on the color of the pixel properties in the color space take advantage of the characterization of each
pixel by its three color components, namely the red (R), the green (G) and the blue (B). In this approach, the pixels are
represented by points in a three-dimensional color space, for example the(R;G;B) acquisition space. It is assumed that
homogeneous regions in the image plane give rise to clustersin the color space, each cluster corresponding to a class of
pixels which share similar color properties. These clusters are generally identi�ed thanks to a cluster analysis procedure or
an analysis of the color histogram and are mapped back to the original image plane to produce the segmentation.

The analysis of the pixel color distribution in a color spaceis not restricted to the(R;G;B) space. Indeed, there exists
a large number of color spaces which can be used to represent the colors of the pixels.2 They are supported by speci�c
physical, physiological and psycho-visual properties andcan be classi�ed into a few non-exhaustive categories according
to their de�nitions.3

The performance of a pixel classi�cation scheme is known to depend on the choice of the color space.4 Many au-
thors have tried to determine the color spaces which are the most appropriate for their speci�c color image segmentation
problems. They do not �nd any color space which provides satisfying results for the segmentation of all kinds of images.

Instead of searching the best classical color space for �aw detection, we propose an original approach in order to
improve the results of pixel classi�cation. We propose to classify pixels in the color spaces which are speci�cally selected
to yield the best discrimination between the pixel classes in presence.5 A speci�c color space is selected for each class
of pixels thanks to an iterative procedure. In order to detect �aws which may occur on a speci�c decoration, the pixel
classi�cation is achieved with the selected color spaces.

The �aw detection scheme is divided into two steps which are described in the fourth and �fth sections. First, an off-line
supervised learning procedure analyzes an image of a reference decorated glass without any �aw, in order to determine the
most discriminating color spaces. Then, an on-line pixel classi�cation scheme is used to perform a real-time segmentation
of the images whose color is represented in the so-selected color spaces. This scheme detects �aws on the decoration
considered by the supervised learning. In the last section,we present experimental results which show the ef�ciency ofour
approach.

2. ACQUISITION SYSTEM

Since the geometry of glasses is cylindrical, the acquisition system uses a color line scan camera which allows to obtaina
color representation of the surface without any perspective effect. The �eld of view of the camera is the height of the glass
(see �gure 2(a)). Figure 2(b) illustrates the design of the acquisition system where the decorated glass is lit by a metal
halide lamp. The cylindrical lens which equips the light line device focuses the light with uniform power on a thin line
along the height of the decorated glass. Thanks to this proposed light system, the red, green and blue sensors of the line
scan camera are well balanced. Thus, during the rotation of the glass, color line images are acquired at successive instants
and juxtaposed in the frame grabber. After one rotation, thesurface of the glass is represented by a matrix color image (see
�gure 2(c)). In this �gure, the x-axis corresponds to the pixels of the line scan camera and the y-axis corresponds to the
juxtaposed successively acquired lines. The settings of the color line scan camera have to be carefully adjusted in order to
obtain a color image without any false colors.6
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Figure 2. Acquisition system.

3. ASPECT FLAWS ON DECORATED GLASSES

Figure 3 shows the most current �aws to detect. Figures 3(a),3(c), 3(e) and 3(g) show the surfaces of glasses without any
�aw while �gures 3(b), 3(d), 3(f) and 3(h) show the surfaces of glasses with a boxed speci�c �aw. The most current �aws
to detect are:

� the stain �aw. It is caused by a droplet of ink which falls overthe decorated glass during the silk-screen process (see
�gure 3(b)).

� the missing screen �aw. It occurs when a screen does not entirely paint the decorated glass (see �gure 3(d)).

� the shift �aw. It occurs when the printed scene is shifted over the surface of the decorated glass (see �gure 3(f)).

� the shade �aw. It occurs when there are different shades of a color which should be constant (see �gure 3(h)).



(a) Decorated glass without any
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(b) Decorated glass with a stain
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Figure 3. Flaws of decorated glasses.



4. OFF-LINE SUPERVISED LEARNING

The off-line supervised learning analyzes a matrix learning image of a reference glass without any �aw. More precisely,
only small areas of the image are considered in order to be as less sensitive as possible to the geometric distortion of the
glass. Areas of the learning image have to be compared with analog areas of the image of the glass to be inspected. The
�rst part of this section describes how the size and the location of these small areas, also calledRegions Of Interest(ROI),
have to be carefully chosen by the operator. The second part describes the iterative algorithm of the off-line supervised
learning shown by �gure 5.

4.1. Interactive selection of the learning ROI

First the image of a reference decorated glass without any �aw is acquired. This reference decorated glass image will be
compared with the image of a glass to be inspected in order to detect �aws. We assume that the operatora priori knows
the locations of the areas in the decoration which would contain �aws to detect. In this paper, we focus only on a single
area for illustration purpose. Of course, the learning ROI does not contain any �aw in the learning image.

The operator has to �t the location of this area with the location of the learning ROI in the learning image. The learning
ROI is the ROI in the image which will be on-line compared in order to detect a �aw. The operator has also to adjust the
size of the learning ROI so that the prevailing colors are represented by about the same number of pixels. This constraint
comes from our automatic segmentation procedure which is based on color distribution analysis. Furthermore, the size of
the learning ROI would not be too high in order to limit the in�uence of the geometrical deformations on the comparison
between the learning ROI and the ROI to be inspected.

During the off-line supervised learning, the operator indicates the numberNC of prevailing colors which are available in
the learning ROI. Indeed, we assume that he knows the number of prevailing colors which should be present. By example,
the learning ROI shown by �gure 4 is compounded of �ve prevailing colors (white, blue, gray, and two kind of oranges).
Each prevailing color corresponds to one class of pixels. Inthe image of �gure 4 which contains a learning ROI, the two
classes of pixels which are represented by two tones of orange are dif�cult to be discriminated in the(R;G;B) color space.
Thus, it would be interesting to determine a color space in which these two colors give rise to well separated peaks in
1D-histograms in order to be discriminated.

Figure 4. Learning ROI (147� 132 pixels).

4.2. Iterative supervised learning

The supervised learning automatically determines the classes of each learning ROI. It is achieved by an iterative procedure
which selects the color space used to construct one of theNC classes at each of theNC iteration steps. Figure 5 shows the
iterative algorithm of the off-line supervised learning.
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Figure 5. Algorithm of the off-line supervised learning.

4.2.1.1D-histogram processing

It is well-known that the choice of the color space is crucialfor color image segmentation. The main originality of this
work consists in selecting automatically the color space inorder to improve the pixel classi�cation. Consequently, the
colors of the pixels are coded into the followingNS color spaces (NS = 11) described in :5

1- (R;G;B) 3- (X;Y;Z) 5- (Y; I ;Q) 7- (I1; I2; I3) 9- (Y;Ch1;Ch2) 11- (L� ;u� ;v� )
2- (r;g;b) 4- (x;y;z) 6- (Y;U;V) 8- (A;C1;C2) 10- (L� ;a� ;b� )

Once the pixels of the learning ROI are coded in theith color space withi 2 f 1; : : : ;NSg, the three 1D-histogramshi; j

of each color componentj ( j 2 f 1;2;3g) are processed.

The 1D-histogramsh1;1, h1;2 andh1;3 of the (R;G;B) color space of the learning ROI of �gure 4 are illustrated by
�gures 6(a), 6(b) and 6(c) respectively. Since these histograms are corrupted by noise, they are smoothed in order to
reveal their peaks thanks to Lin's method which automatically determines the smoothing parameters.7 The smoothed 1D-
histograms denotedsh1;1, sh1;2 andsh1;3 for theR, G andB color components are illustrated by �gures 7(a), 7(b) and 7(c)
respectively.
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Figure 6. 1D-histogramsh1; j of the learning ROI (see �gure 4) in the(R;G;B) color space (i=1).
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Figure 7. Smoothed 1D-histogramssh1; j of the learning ROI (see �gure 4) in the(R;G;B) color space (i=1).

4.2.2. Selection of the most discriminating color space

The discriminating power of each color space is based on an analysis of the peaks of 1D-histograms which are detected
thanks to the method described in the �rst part of this section. In the second part, the discriminating powers of the spaces
are compared in order to determine the most discriminating one.

Signi�cant peak detection
The thresholds which delimit the peaks from the smoothed histograms are used to characterize the peaks of the his-

tograms. A threshold located at a valley between two peaks isdetected by a zero-crossing of the �rst derivative functionof
shi; j whose sign changes from minus to plus (local minimum). All peaks of a smoothed 1D-histogramshi; j detected by this
method are not relevant in order to segment an image. Indeed,peaks with low pixel population size correspond to small
non signi�cant regions in the learning ROI. We consider thatthe pixels which belong to a signi�cant region give rise to a
high peak in the smoothed 1D-histogram. Consequently, we consider that a peak is a signi�cant peak when its amplitude
is greater or equal to 10% of the peak with the highest amplitude for each smoothed 1D-histogramsshi; j . The histogram
shi; j is characterized by the:

� numberNi; j of its signi�cant peaks,

� the rank orderK i; j of the peak with the highest amplitude.

Thekth (k = 1; : : : ;Ni; j ) signi�cant peak of the 1D-histogramshi; j is described by its:

� left and right detected thresholdsT i; j ;k
le f t andT i; j ;k

right ,

� amplitudeAi; j ;k =
l � T i; j ;k

right
max

l= T i; j ;k
le f t

shi; j (l ).

Color space Selection
In order to select the most discriminating color space at theiteration steps of the algorithm of �gure 5, we use some

hierarchical criteria:

The most discriminating color spaceI contains the highest number of smoothed 1D-histograms whose number of
signi�cant peaks is equal toNC � s. When no smoothed 1D-histograms containsNC � s detected peaks, the most discrim-
inating color spaceI contains the highest number of smoothed 1D-histograms whose numberNi; j is the closest toNC � s.
Moreover, we denoteJ the rank order of the color component which corresponds to the most discriminating 1D-histogram
of theI th color space.



Table 1 illustrates the criteria used to determine the most discriminating color space in order to construct the �rst class
of pixels in the learning ROI of �gure 4 at the �rst iteration step (s = 0) of the off-line supervised learning. The color
spaces(Y;U;V), (wb;rg;by) and(L� ;u� ;v� ) contain one color component (V, rg andu� respectively) with three detected
signi�cant peaks. Since one other color component of the color space(Y;U;V) contains two signi�cant peaks and the other
components of the other color spaces contain only one signi�cant peak, the(Y;U;V) color space is selected at this iteration
step as the most discriminating color space (I = 6) and the color component which corresponds to the most discriminating
1D-histogram is theV color component so thatJ = 3. The selected most discriminating color spaceI is saved into the
space stack.

ith color space Ni;1 Ni;2 Ni;3

1 (R;G;B) 1 1 1
2 (r;g;b) 2 2 2
3 (X;Y;Z) 1 1 1
4 (x;y;z) 2 1 2
5 (Y; I ;Q) 1 2 2
6 (Y;U;V) 1 2 3
7 (I1; I2; I3) 1 2 2
8 (wb;rg;by) 1 3 1
9 (Y;C1;C2) 1 2 1
10 (L� ;a� ;b� ) 1 2 2
11 (L� ;u� ;v� ) 1 3 1

Table 1.Color space features.

4.2.3. Construction of one pixel class

One class of pixels is constructed by analyzing the most discriminating color spaceI which has been determined at each
iteration step of the off-line supervised learning. This class of pixels is de�ned by a parallelepipedic box in the most
discriminating color space. From this partition, only one parallelipipedic box is selected to build the class of pixels. This
box is delimited by two thresholds de�ned along each color component of the most discriminating color space.

Along the color component with rank orderJ which corresponds to the most discriminating 1D-histogram, the two

thresholdsT I ;J;KI ;J

le f t andT I ;J;KI ;J

right are those which delimit the peakKI ;J with the highest amplitude.

The thresholds along the two other color components are selected among the thresholdsT I ; j ;k
le f t andT I ; j ;k

right , j 6= J. The
selected thresholds delimit the box in which fall into the color vectors of the highest population of pixels. The pixels whose
color vectors fall into this box constitute the class of pixels constructed at each iteration step. The thresholdsT I ; j ;k

le f t and

T I ; j ;k
right , with j = f 1;2;3g used to construct the class are saved into the thresholds stack. This stack will be used during the

on-line �aw detection.

4.2.4. Extraction of the assigned pixels

The assigned pixels to the class are extracted from the learning ROI so that they are not taken into account at the next
iterations steps of the iterative learning procedure. Thanks to the extraction stage, peaks which are merged in one peakat
this iteration step could be identi�able at the next iteration step. The pixels which are assigned to the class and which are
connected in the image correspond to the regions.

Figure 8 shows the pixels of the learning ROI (see �gure 4) extracted and the selected most discriminating color space
at each iteration step of the off-line supervised learning.Figures 8(a), 8(b), 8(c), 8(d) and 8(e) shows pixels extracted at the
1st, 2nd, 3rd, 4th and 5th iteration steps, respectively. By examining these images,we see that these classes well correspond
to the �ve prevailing colors of the learning ROI.



(a) 1st iteration step,
(Y;U;V).

(b) 2nd iteration step,
(X;Y;Z).

(c) 3rd iteration step,
(R;G;B).

(d) 4th iteration step,
(A;C;1C2).

(e) 5th iteration step,
(X;Y;Z).

Figure 8. Extracted pixels at the �ve iteration steps of the off-line supervised learning from the learning ROI shown by �gure 4.

4.2.5. Stopping criterion

The iterative procedure stops whenNC classes of pixels have been constructed (s= NC). Otherwise, the iteration ranks is
increased one by one. Once the off-line supervised learningis �nished, we dispose of the stack of color spaces selected at
each iteration step of the procedure. In each selected colorspace, the determined thresholds de�ne the de�nition domain
of the constructed class at the corresponding iteration step.

5. ON-LINE FLAW DETECTION

The on-line �aw detection consists in comparing the contentof the learning ROI and the content of the current image
representing the glass to be inspected. Once, the current image is acquired, thetarget ROIis found thanks to a standard
matching tool based on a correlation measure.8 We assume that when the target ROI does not contain any �aw, itis similar
to the learning ROI. In this case, subsets of pixels of the target and learning ROIs assigned to each class should be the
same. We propose to compare these subsets in order to detect any �aw. For this purpose, the selected color spaces and their
associated thresholds determined by the off-line supervised learning are used to classify pixels of the target ROI. Figure 9
shows the algorithm of the on-line �aw detection and each step of this �gure is detailed in each of the next parts.

space stack,s  0

threshold stack

s s+ 1

Color space transformation

s6= NC

Construction and extraction of a class of pixels

End

Comparison between the assigned pixels

Decision

Start

s= NC

Figure 9. Algorithm of the on-line �aw detection.

5.1. Color space transformation

At each iteration stepsof the algorithm of �gure 9, colors of pixels of the target ROIare coded into the most discriminating
color space determined at the analog iteration step of the learning iterative procedure.



5.2. Construction and extraction of a class of pixels

The pixels of the target ROI to be inspected are assigned to the class constructed at the analog iteration step of the learning
iterative procedure. The applied thresholdsT I ; j ;k

le f t andT I ; j ;k
right determined during the analog iteration step are used. The pixels

which are assigned to the considered class constitute the ROI calledBRtar, and the learning ROI assigned to the same class
constitute the ROIBRlea. Pixels of the ROIsBRlea andBRtar are labeled in order to obtain a binary image which can be
manipulated by means of binary operators.

In order to illustrate this step, �gures 10(a) and 10(c) showthe learning and target ROIs determined by means of
the matching tool. At the �rst iteration step of the supervised learning,(Y;U;V) is the most discriminating color space.
Figures 10(b) and 10(d) show the assigned pixels at the �rst iteration step by multi-thresholding in the most discriminating
color space for the ROIsBRlea andBRtar, respectively.

(a) Learning ROI. (b) BRlea pixels assigned to the
�rst constructed class.

(c) Matched target ROI with
�aw.

(d) BRtar pixels assigned to the
�rst constructed class.

Figure 10.Learning and target ROIs found by means of the matching tool and their binary ROIs which represent the pixels assigned to
the constructed class at the �rst iteration step.

5.3. Comparison between the assigned pixels

This step consists in examining the two binary ROIBRlea andBRtar constituted by pixels of the learning and target ROIs
assigned to the analog class. These two binary ROIs are �rst compared thanks to the XOR logical operator. Due to the
industrial process and the high resolution of the acquired images, this logical operation generates border effects. That's the
reason why a morphological opening transformation is performed in order to remove this phenomenon. The structuring
element is a 5� 5 square. We choose this structuring element because it removes the border effects and it does not delete
the just noticeable �aw. The result of the opening transformation is calledBRmorph.

To illustrate this step, �gure 11 shows the results obtainedby the comparison betweenBRlea andBRtar see �gures 11(a)
and 11(b), respectively. TheBRXOR ROI which is the result of the XOR logical operation is shown in �gure 11(c) while
the morphological opening transformation performed on thisBRmorph ROI is shown by �gure 11(d).

(a) BRlea ROI. (b) BRtar ROI. (c) BRXOR ROI. (d) BRmorph ROI.

Figure 11.XOR logical operation and morphological opening transformation.



We can notice that there is no labeled pixels in the ROIBRmorph because most of pixels are located at the same spatial
coordinates in the target and learning ROIs. So, no �aw is detected by analyzing this class. We can also remark that the
border effects are removed. The next step of the on-line �aw detection consists to decide if the targetROI contains any
�aw by analyzing the ROIBRmorph in order to decide if the targetROI contains any �aw. The next step of the on-line �aw
detection consists in analyzing the ROIBRmorph in order to decide if the targetROI contains any �aw.

5.4. Decision

A tunable parameterTP is used in order to adjust the sensitivity of our approach to the just noticeable �aw. The presence
of region in theBRmorph image with at leastTP connected pixels means that an aspect �aw occurs. Finally, three cases can
appear according to the situation:

� If no �aw is detected and theNC classes of pixels have been analyzed (NC iteration step have been achieved), then
the on-line �aw detection returns the ”conform” message .

� If an aspect �aw is detected by the on-line �aw detection thenit returns the ”reject” message.

� If at least one class of pixels has not been analyzed and no �awhas been detected, then the on-line �aw detection
starts another iteration. The iteration steps is increased.

To show the ef�ciency of the on-line �aw detection, �gure 12 shows the results provided by the second iteration step
of the procedure. The learning and target ROIs to be analyzedat the second iteration step are shown by �gures 12(a)
and 12(b) respectively, while the assigned pixels at this iteration are shown by �gures 12(c) and 12(d) respectively. Finally,
the comparison between assigned pixels is shown in �gure 12(e). We can remark that the aspect �aw which corresponds
to a small white blob is detected by the proposed method so that the ”reject” message is generated by our on-line �aw
detection procedure.

(a) Learning ROI at the
2nd iteration step.

(b) Target ROI at the 2nd

iteration step.
(c) BRlea ROI at the 2nd it-
eration step.

(d) BRtar ROI at the 2nd it-
eration step.

(e) BRmorphROI at the 2nd

iteration step.

Figure 12.Aspect �aw detected by comparison between the learning ROI and the target ROI at the 2nd iteration step.

6. EXPERIMENTAL RESULTS

Our method has been evaluated with a database of 29 decoratedglass images and the parameterTp has been set to 50.
The results are confronted with the expert's decision and 27images have been successfully classi�ed into two categories:
images without any �aw and images with �aws. Our procedure does not detect any real �aw for only 2 of the analyzed
images.

An approximate time measurement of the system performance has been achieved. The computational time for the
on-line �aw detection of a single target ROI is about 4 seconds implemented on a PC AMD Athlon 1.4 GHz, 768 Mo of
RAM. It's important to underline that these laboratory experiments does not run with real time tools.

According to the location of the target ROI in the image of thedecorated glass to inspect, the dif�culty of the �aw
detection can vary. A same �aw detection can occur on severalareas on the surface of the glass. When we use several
learning and target ROIs located at different places, we assume that the quality of decision ”conform” / ”reject” shouldbe
improved.



7. CONCLUSION

In this paper, we have described an aspect �aw detection system. This method has been applied to detect aspect �aws which
may occur on decorated glasses. A particular attention has been devoted on the design of the image acquisition set-up in
order to enhance the �aws in the acquired images. The proposed method is compounded of an off-line supervised learning
and an on-line aspect �aw detection procedure. The off-linesupervised learning is based on a color image segmentation
which constructs classes of pixels iteratively. For this purpose, it determines the most discriminating color space ateach
iteration step. The on-line �aw detection consists in detecting aspect �aws by comparison between the learning and target
ROIs provided by a reference image of a decorated glass without �aw. The ef�ciency of the proposed �aw detection
method has been proved by our experimental results for only one ROI.

Segmentation by 1D-histogram multi-thresholding consists in detecting the thresholds delimiting the peaks in the three
dimensional color space. So, a crucial stage of method is the1D-histogram smoothing in order to obtain well detected
thresholds. Experiments show that the smoothing algorithms used by our proposed method does not always detect relevant
peaks. Presently, we work on a well suited threshold detection method.
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