Flaw detection on decorated glasses by color image processing
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ABSTRACT

This work presents a method which detects aspect aws oicgpon the color surfaces of drinking glasses decoratedhan
to an industrial silk-screen process. As the pattern mimie glasses slightly varies between two glasses succhssive
produced, a simple comparison between a reference imagh wdpresents a glass without any aw and the current image
which contains the glass to be inspected, provides pooltsdsu aw detection. That's why we propose an original colo
image segmentation scheme in order to compare the seginardfthe reference image and those of the current image to
be inspected. This procedure iteratively constructs tkel giasses by histogram multi-thresholding. For this psg the
most discriminating color spaces are automatically setedtiring an off-line supervised learning scheme so thatahe
image segmentation is achieved by pixel classi cation.

Keywords: Aspect aw detection, Color space, Color image segmemntatisstogram multi-thresholding.

1. INTRODUCTION

Surfaces of drinking glasses (see gure 1) are decoratetkthtd an industrial silk-screen process whose damage £ause
the apparition of aspect aws on the colored decoration ofipced glasses.

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

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

Since most of aspect aws which appear on colored decoratiemnot detectable by grey level image analysis, the
presented image acquisition system is based on a colordare camera. A particular attention has been devoted to the
conception of the lighting set up in order to enhance the awthe acquired color image (see section 2).

As the pattern printed on glasses slightly varies betweergtasses which are successively produced by the silkiscree
process, a simple comparison between a reference imagé végpcesents a glass without any aw and the current image
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which contains the glass to be inspected, provides poottsefeur aw detection. That's why we propose an original
segmentation scheme in order to detect aws which occur verakdifferent decorations.

The designed color vision system has to detect a wide ranagpafct aws which may appear on a large set of colored
decorations (see section 3). No available industrial nisomls detects those aws by color image analysis. Thatdaed
to develop a speci ¢ color image segmentation procedurewls based on a supervised learning stage.

The color image segmentation techniques described intdratiire can be categorized into two main classes, whether
the distribution of the pixel colors is analyzed either ia thage plane or in the color spate.

The methods based on the color of the pixel properties indler space take advantage of the characterization of each
pixel by its three color components, namely the rBY (he green @) and the blueB). In this approach, the pixels are
represented by points in a three-dimensional color spacexample th€R; G;B) acquisition space. It is assumed that
homogeneous regions in the image plane give rise to clustéh& color space, each cluster corresponding to a class of
pixels which share similar color properties. These clgséee generally identi ed thanks to a cluster analysis pdace or
an analysis of the color histogram and are mapped back taidjiea image plane to produce the segmentation.

The analysis of the pixel color distribution in a color sp&caot restricted to théR; G; B) space. Indeed, there exists
a large number of color spaces which can be used to représenblors of the pixeld. They are supported by speci ¢
physical, physiological and psycho-visual properties eautl be classi ed into a few non-exhaustive categories atiegr
to their de nitions3

The performance of a pixel classi cation scheme is known épehd on the choice of the color sp4céany au-
thors have tried to determine the color spaces which are thet appropriate for their speci ¢ color image segmentation
problems. They do not nd any color space which providess$gtig results for the segmentation of all kinds of images.

Instead of searching the best classical color space for ateation, we propose an original approach in order to
improve the results of pixel classi cation. We propose tasdify pixels in the color spaces which are speci cally stdd
to yield the best discrimination between the pixel classesrésencé. A speci ¢ color space is selected for each class
of pixels thanks to an iterative procedure. In order to detes which may occur on a speci ¢ decoration, the pixel
classi cation is achieved with the selected color spaces.

The aw detection scheme is divided into two steps which asatibed in the fourth and fth sections. First, an off-line
supervised learning procedure analyzes an image of a nefedecorated glass without any aw, in order to determire th
most discriminating color spaces. Then, an on-line pixa$sl cation scheme is used to perform a real-time segmentat
of the images whose color is represented in the so-selecled spaces. This scheme detects aws on the decoration
considered by the supervised learning. In the last seatiempresent experimental results which show the ef ciencglof
approach.

2. ACQUISITION SYSTEM

Since the geometry of glasses is cylindrical, the acquoisisiystem uses a color line scan camera which allows to oatain
color representation of the surface without any perspeetfiect. The eld of view of the camera is the height of thesgla
(see gure 2(a)). Figure 2(b) illustrates the design of tieguasition system where the decorated glass is lit by a metal
halide lamp. The cylindrical lens which equips the lightlidevice focuses the light with uniform power on a thin line
along the height of the decorated glass. Thanks to this gexptight system, the red, green and blue sensors of the line
scan camera are well balanced. Thus, during the rotatidmeajlass, color line images are acquired at successiveniasta
and juxtaposed in the frame grabber. After one rotationstiteace of the glass is represented by a matrix color image (s
gure 2(c)). In this gure, the x-axis corresponds to the gix of the line scan camera and the y-axis corresponds to the
juxtaposed successively acquired lines. The settingseofdbor line scan camera have to be carefully adjusted irrdode
obtain a color image without any false colérs.
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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(&), 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 surfacefsgtasses with a boxed speci ¢ aw. The most current aws
to detect are:

the stain aw. Itis caused by a droplet of ink which falls o¥ke decorated glass during the silk-screen process (see
gure 3(b)).

the missing screen aw. It occurs when a screen does noednprint the decorated glass (see gure 3(d)).
the shift aw. It occurs when the printed scene is shiftedrabe surface of the decorated glass (see gure 3(f)).

the shade aw. It occurs when there are different shades ofa gvhich should be constant (see gure 3(h)).



(a) Decorated glass without anpp) Decorated glass with a staift) Decorated glass without ar{d) Decorated glass with a miss-
aw. aw. aw. ing screen aw.

(e) Decorated glass without arff) Decorated glass with a shifg) Decorated glass without arfn) Decorated glass with a shade
aw. aw. aw. aw.

Figure 3. Flaws of decorated glasses.



4. OFF-LINE SUPERVISED LEARNING

The off-line supervised learning analyzes a matrix leagrimage of a reference glass without any aw. More precisely,
only small areas of the image are considered in order to besasskensitive as possible to the geometric distortion of the
glass. Areas of the learning image have to be compared witlograreas of the image of the glass to be inspected. The
rst part of this section describes how the size and the locadf these small areas, also callRdgions Of IntereqROI),

have to be carefully chosen by the operator. The second pacriles the iterative algorithm of the off-line superdise
learning shown by gure 5.

4.1. Interactive selection of the learning ROI

First the image of a reference decorated glass without amyisaacquired. This reference decorated glass image will be
compared with the image of a glass to be inspected in ordeetect aws. We assume that the operadgpriori knows

the locations of the areas in the decoration which wouldaianaws to detect. In this paper, we focus only on a single
area for illustration purpose. Of course, the learning R@dsdnot contain any aw in the learning image.

The operator has to t the location of this area with the lemabf the learning ROI in the learning image. The learning
ROI is the ROI in the image which will be on-line compared iderto detect a aw. The operator has also to adjust the
size of the learning ROI so that the prevailing colors areespnted by about the same number of pixels. This constraint
comes from our automatic segmentation procedure whichsiedan color distribution analysis. Furthermore, the sfze o
the learning ROI would not be too high in order to limit the irence 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 ¢adits the numbé: of prevailing colors which are available in
the learning ROI. Indeed, we assume that he knows the nunipegiling colors which should be present. By example,
the learning ROI shown by gure 4 is compounded of ve preirail colors (white, blue, gray, and two kind of oranges).
Each prevailing color corresponds to one class of pixelshénmage of gure 4 which contains a learning ROI, the two
classes of pixels which are represented by two tones of eraregdif cult to be discriminated in théR; G; B) color space.
Thus, it would be interesting to determine a color space iicwkhese 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 thesetasf each learning ROI. It is achieved by an iterative pfooe
which selects the color space used to construct one dfithdasses at each of ti 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 cruéialcolor image segmentation. The main originality of this
work consists in selecting automatically the color spaceriter to improve the pixel classi cation. Consequentlye th
colors of the pixels are coded into the followig color spacesNs = 11) described in>:

1-(RG;B) 3-(X;Y;2) 5-(YV;1;Q 7-(1%1213) 9-(Y;Chy;Chp)  11-(L ;u;v)
2-(ngb)  4-(xy2  6-(Y;U;V) 8-(ACy;C) 10-(L;ash)

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

The 1ID-histogramsh’!, ht2 andh'? 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 histots are corrupted by noise, they are smoothed in order to
reveal their peaks thanks to Lin's method which automaijaiétermines the smoothing parametéfbhe smoothed -
histograms denotesh!, sht2 andsh®2 for the R, G andB color components are illustrated by gures 7(a), 7(b) ang) 7(
respectively.
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Figure 6. 1D-histogramd’*] of the learning ROI (see gure 4) in th@; G; B) color spacei€1).
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Figure 7. Smoothed D-histogramssht of the learning ROI (see gure 4) in th@x; G; B) color spaceif1l).

4.2.2. Selection of the most discriminating color space

The discriminating power of each color space is based on alysis of the peaks of[d-histograms which are detected
thanks to the method described in the rst part of this sectio the second part, the discriminating powers of the space
are compared in order to determine the most discriminatireg o

Signi cant peak detection

The thresholds which delimit the peaks from the smoothetbgiiams are used to characterize the peaks of the his-
tograms. A threshold located at a valley between two peattstected by a zero-crossing of the rst derivative functién
sh'l whose sign changes from minus to plus (local minimum). Aflzeof a smoothedO-histogramsh’} detected by this
method are not relevant in order to segment an image. Ingeads with low pixel population size correspond to small
non signi cant regions in the learning ROI. We consider tthegt pixels which belong to a signi cant region give rise to a
high peak in the smoothedthistogram. Consequently, we consider that a peak is a sggripeak when its amplitude
is greater or equal to 10% of the peak with the highest amjsifor each smoothedJthistogramssh:l. The histogram
sl is characterized by the:

numberN®i of its signi cant peaks,

the rank ordeK'l of the peak with the highest amplitude.

left and right detected threshol@g} andeig,;f,

- | Thik N
amplitudeA Ik = m%&;sH?J(I).
|= Tl

Color space Selection
In order to select the most discriminating color space aitération steps of the algorithm of gure 5, we use some
hierarchical criteria:

The most discriminating color spad¢econtains the highest number of smoothdd-tistograms whose number of
signi cant peaks is equal tbl:  s. When no smoothedl:-histograms containsd: s detected peaks, the most discrim-
inating color spaceé contains the highest number of smooth&#Histograms whose numbb¥ is the closest td: .
Moreover, we denoté the rank order of the color component which correspondsdartast discriminating 2-histogram
of thel color space.



Table 1 illustrates the criteria used to determine the migstithinating color space in order to construct the rstsda
of pixels in the learning ROI of gure 4 at the rst iteratiortep = 0) of the off-line supervised learning. The color
spacegY;U;V), (wb;rg;by) and(L ;u ;v ) contain one color componer¥ (rg andu respectively) with three detected
signi cant peaks. Since one other color component of thercgpacgY; U;V) contains two signi cant peaks and the other
components of the other color spaces contain only one signi peak, th€Y;U;V) color space is selected at this iteration
step as the most discriminating color spalce 6) and the color component which corresponds to the mostinhistating
1D-histogram is th&/ color component so that= 3. The selected most discriminating color spaée saved into the
space stack.

i color space | N"I [ N"2 [ N'3
1  (RGB) 1 [ 1 1
2 (r;g;b) 2 2 2
3 (X)Y;2) 1 [ 11
4 (Xy;2 2 1 2
5 (Y;I;Q 1 2 2
6 (Y;U)V) 1| 2| 3
7 (Liz13) | 1 | 2 | 2
8 (wb;rg;by) 1 3 1
9 (YCu,C) | 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 mostidigtating color spacé which has been determined at each
iteration step of the off-line supervised learning. Thiassl of pixels is de ned by a parallelepipedic box in the most
discriminating color space. From this partition, only orsallelipipedic box is selected to build the class of pixdlkis
box is delimited by two thresholds de ned along each colanponent of the most discriminating color space.

Along the color component with rank ord@rwhich corresponds to the most discriminating 1D-histogrére two

13K 13K ; i J i ; ;
thresholdsl, ;" andT;g,~  are those which delimit the pe#l” with the highest amplitude.

The thresholds along the two other color components aretselamong the thresholdg )} and Tk, j 8 J. The
selected thresholds delimit the box in which fall into théoc@ectors of the highest population of pixels. The pixelsose

color vectors fall into this box constitute the class of péxeonstructed at each iteration step. The thresh‘qLdé‘ and

Tr'lg’hf with j = f1;2;3g used to construct the class are saved into the thresholts Sthis 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 theitepROI so that they are not taken into account at the next
iterations steps of the iterative learning procedure. Kbda the extraction stage, peaks which are merged in onegieak

this iteration step could be identi able at the next itevatstep. The pixels which are assigned to the class and whech a
connected in the image correspond to the regions.

Figure 8 shows the pixels of the learning ROI (see gure 4jaoted and the selected most discriminating color space
at each iteration step of the off-line supervised learnkigures 8(a), 8(b), 8(c), 8(d) and 8(e) shows pixels extdet the
1st 2nd 3d ) 4t and 8" iteration steps, respectively. By examining these imagessee that these classes well correspond
to the ve prevailing colors of the learning ROI.



(@) Bt iteration step(b) 29 iteration step(c) 39 iteration step(d) 4h iteration step(e) 5" iteration step,
(Y;U;V). (X;Y;2). (R;G;B). (AC1C)). (X;Y;2).

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

4.2.5. Stopping criterion

The iterative procedure stops whidg classes of pixels have been constructed (). Otherwise, the iteration raris
increased one by one. Once the off-line supervised leaisimgshed, we dispose of the stack of color spaces seledted a
each iteration step of the procedure. In each selected spaare, the determined thresholds de ne the de nition domai
of the constructed class at the corresponding iteratign ste

5. ON-LINE FLAW DETECTION

The on-line aw detection consists in comparing the conteinthe learning ROI and the content of the current image
representing the glass to be inspected. Once, the currageins acquired, thiarget ROlis found thanks to a standard
matching tool based on a correlation measuvée assume that when the target ROl does not contain any asvsimilar

to the learning ROI. In this case, subsets of pixels of thgetaand learning ROIs assigned to each class should be the
same. We propose to compare these subsets in order to deteata For this purpose, the selected color spaces and their
associated thresholds determined by the off-line supstiMisarning are used to classify pixels of the target ROIufE®
shows the algorithm of the on-line aw detection and eaclp stiethis gure is detailed in each of the next parts.

space stacls O &

| Color space transformation |

threshold stackl
| Construction and extraction of a class of pixels |

| Comparison between the assigned pixels

s6 Nc

Decision

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

5.1. Color space transformation

At each iteration stepof the algorithm of gure 9, colors of pixels of the target R@re coded into the most discriminating
color space determined at the analog iteration step of #reileg iterative procedure.



5.2. Construction and extraction of a class of pixels

The pixels of the target ROI to be inspected are assignectoléiss constructed at the analog iteration step of theitearn
iterative procedure. The applied threshdTdd;* andTr'i;ng;f determined during the analog iteration step are used. Heéspi
which are assigned to the considered class constitute the&#@dBR 5, and the learning ROI assigned to the same class
constitute the ROBRe,. Pixels of the ROIBRe; andBR g, 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) shiw learning and target ROIs determined by means of
the matching tool. At the rst iteration step of the supeeddearning(Y;U;V) is the most discriminating color space.
Figures 10(b) and 10(d) show the assigned pixels at thetesaiion step by multi-thresholding in the most discrintiimg
color space for the ROIBRg; andBR 4, respectively.

(a) Learning ROL. (b) BRea pixels assigned to thé&c) Matched target ROl witl{d) BRar pixels assigned to the
rst constructed class. aw. rst constructed class.

Figure 10.Learning and target ROIs found by means of the matching tool and tim@inbROIs 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 RER; andBR 4, constituted by pixels of the learning and target ROIs
assigned to the analog class. These two binary ROIs are arsipared thanks to the XOR logical operator. Due to the
industrial process and the high resolution of the acquiretjes, this logical operation generates border effectst'sltne
reason why a morphological opening transformation is peréal in order to remove this phenomenon. The structuring
elementis a 5 5 square. We choose this structuring element because itvestioe border effects and it does not delete
the just noticeable aw. The result of the opening transfation is calledBRmnorph.

To illustrate this step, gure 11 shows the results obtaibgthe comparison betwe®Rq, andBR,, see gures 11(a)
and 11(b), respectively. TH&8Rxor ROI which is the result of the XOR logical operation is showngure 11(c) while
the morphological opening transformation performed o8 Bfnorpn ROl is shown by gure 11(d).

(2) BRea RO (b) BRar ROL. (c) BRxorRO. (d) BRmorph ROI.

Figure 11. XOR logical operation and morphological opening transformation.



We can notice that there is no labeled pixels in the B8horpn because most of pixels are located at the same spatial
coordinates in the target and learning ROIs. So, no aw igckeid by analyzing this class. We can also remark that the
border effects are removed. The next step of the on-line &tection consists to decide if the targ®| contains any
aw by analyzing the ROBRqphin order to decide if the targ®OI contains any aw. The next step of the on-line aw
detection consists in analyzing the RBRyorphin order to decide if the targ&®OI contains any aw.

5.4. Decision

A tunable parametefp is used in order to adjust the sensitivity of our approacth&ojast noticeable aw. The presence
of region in theBRyorphimage with at leastp connected pixels means that an aspect aw occurs. Finallgetcases can
appear according to the situation:

If no aw is detected and th&lc classes of pixels have been analyzig (teration 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 thiereturns the "reject” message.

If at least one class of pixels has not been analyzed and nchaswbeen detected, then the on-line aw detection
starts another iteration. The iteration stdp increased.

To show the ef ciency of the on-line aw detection, gure 1hews the results provided by the second iteration step
of the procedure. The learning and target ROIs to be analgzélde second iteration step are shown by gures 12(a)
and 12(b) respectively, while the assigned pixels at teistton are shown by gures 12(c) and 12(d) respectivelgaHy,
the comparison between assigned pixels is shown in gure)12{/e can remark that the aspect aw which corresponds
to a small white blob is detected by the proposed method dahbdreject” message is generated by our on-line aw
detection procedure.

(a) Learning ROI at théb) Target ROI at the ' (c) BRea ROl at the 24it- (d) BRar ROl atthe 29it- (€) BRyorpn ROI at the 29
2" jteration step. iteration step. eration step. eration step. iteration step.

Figure 12. Aspect aw detected by comparison between the learning ROI and thet 2@l at the 99 iteration step.

6. EXPERIMENTAL RESULTS

Our method has been evaluated with a database of 29 decglas=dimages and the parameigrhas been set to 50.
The results are confronted with the expert's decision anihi2iges have been successfully classi ed into two categorie
images without any aw and images with aws. Our procedureslmot detect any real aw for only 2 of the analyzed
images.

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

According to the location of the target ROI in the image of tleeorated glass to inspect, the dif culty of the aw
detection can vary. A same aw detection can occur on sexaeds on the surface of the glass. When we use several
learning and target ROIs located at different places, weraeghat the quality of decision "conform” / "reject” shoube
improved.



7. CONCLUSION

In this paper, we have described an aspect aw detectioesysthis method has been applied to detect aspect aws which
may occur on decorated glasses. A particular attention éas tevoted on the design of the image acquisition set-up in
order to enhance the aws in the acquired images. The praposthod is compounded of an off-line supervised learning
and an on-line aspect aw detection procedure. The off-§npervised learning is based on a color image segmentation
which constructs classes of pixels iteratively. For thiggose, it determines the most discriminating color spaaaah
iteration step. The on-line aw detection consists in déteraspect aws by comparison between the learning ancetarg
ROIls provided by a reference image of a decorated glass wtithav. The ef ciency of the proposed aw detection
method has been proved by our experimental results for ardyROI.

Segmentation byD-histogram multi-thresholding consists in detecting tivesholds delimiting the peaks in the three
dimensional color space. So, a crucial stage of method idEhkistogram smoothing in order to obtain well detected
thresholds. Experiments show that the smoothing algosgthsed by our proposed method does not always detect relevant
peaks. Presently, we work on a well suited threshold detectiethod.
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