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Abstract— A visual marker detection algorithm has beenim-
plementedand testedwith twelve training images.The algorithm
follows the general schemesuggestedin [1] but the details have
been modi ed to gain more robust estimation. The algorithm
performs successfullyfor most of images but the result shows
that it doesnot handle a marker which has been projected to
an image plane with an angle deviated from the normal angle
signi cantly .

|. INTRODUCTION

The task of the projectis to detectand read visual code
markersthroughthe cell-phonecameraVisual markerscanbe
usedas a hyperlink to a databasevhich hasthe information
of the object describedby the marker. In the paper titled
"Real-World Interaction with Camera-Phones”the author
Michael Rohs, describesthe use of visual code markers in
interactingwith real-world objects.

In this project,a visual marker detectionalgorithmhasbeen
implementedbasedon [1] togetherwith somemaodi cations.
The algorithm has beentestedby a set of twelve training
imagesandthe correspondingroundtruth dataandthe result
hasbeenevaluatedusingthe provided evaluatingfunction.

The visual code markers are 2-dimensionalarrays. The
array consistsof 11x11 elements.Each elementis either
black or white. As shavn in the gure belon, we x the
elementsin three of the cornersto be black. One vertical
guide bar (7 elementslong) and one horizontalguide bar (5
elementslong) are also included. The immediate neighbors
of the cornerelementsand the guide bar elementsare x ed
to be white. This leaves us with 83 dataelementswhich can
be eitherblack or white.

Fig. 1. Structureof visual codemarlker

Exploiting the structureof the marler, the algorithm tries
to nd the guide bar candidatesand pair them basedon
the length ratio of the barsand the angle betweenthe bars.
When the visual marker locationsare estimated the corners
are veri ed by checking whether the actual corresponding
cornersexist. Then all pixels are projectedback to the code
plain anddecodedby countingthe black pixels in the marker
image correspondingachcode coordinate.

Il. METHODOLOGY

In this section, the whole procedureof the algorithm is
describedn the original sequence.

A. Gray scaleand binary corversion

The 24bit RGB image is transformedinto a gray-scale
image by taking the average pixel values of the red and
greenchannelat each position. The blue channelhas been
discardeddueto poor resolution.Thenthis gray scaleimage
is thresholdedby the adaptve thresholdingschemewhich
was given in [1]. The width of moving averages is setto
W to improve locality of the averagingandt as20 to
avoid blurred outline of featuresto be setto 1, which falsely
connectsegions.

Gray scaled training image 9

Fig. 2. Gray-scaledrainingimage9

B. Raion labelingand nd high eccentricityregions

Each1-bit valued(black)pixels are aggrejatedand labeled
asaregionif they areconnectedy 4-connectiity. Theneach



Binary version of image 9

Fig. 3. Binary versionof training image9

linear correlationof pixels in eachregion is computedand
thosewith high absolutecorrelationare selectedas guide bar
candidateskor furthertesting,thedirection/anglef theregion
andthelengthalongthis directionareestimatedy nding the
maximumandminimum x, y coordinatevaluesof the region.
This is becausehe barsthat we arelooking for can t in a
rectangleformed by max/minx andy coordinatesasin Fig.

C. Testl:Find normal angle pairs

Sincethe guidebarsform aright angle,we can nd pairsof
regionswhich are locatedin a normaldirectionto eachother
by usingthe region directioncomputedn 1I-B. Pick the pairs
with large angle separatiomear90 degrees.However, not to
missthe original pairswith poor directionestimatesthe pairs
of anglesbetween55 and 90 degreesare saved at this stage.

D. Test2:Find pairs satisfyingPythagoreanrelations

To checkwhethereachpair of barsarelocatedcloseenough
andto checkif they canform aright triangle,the Pythagorean
relationsof each pair is testedas they do in Fig 1. among
thoseselectedn II-C. Thisis doneby looking for the smallest
d=c® a? I?, wherecisthesideappositeo theright angle.
The distancebetweerthe centersof the regionsshouldnot be
too close belov the decodableresolutionlimit(The smallest
decodablemarker can have 11 by 11 pixels.) and the three
estimateside length should also meet the triangle criterion
whichisc< a+ b

E. Test3:Find the pairs with 5:7 lengthand arearatio

Among pairsselectedn the rst test,theratio of lengthand
areaof regions are testedif they are closeto 7:5. The pairs
which have eachratio closeto % by 0.6 are selected.Then
the commonpairs selectedoy this testand 50 of thosewhich
have the smallestd valuesfrom the testin 11-B.

F. Test4: Find the bottom right corner of the visual marker
candidates

The pairs passedhe testsup to Test3,they are considered
to be guide bars. Bars in eachpair are sortedas barl and
bar2.Barl is the 7 bit length bar and Bar2 is the 5 bit one.
Then we can nd the bottom left cornersof each marker
candidateby simply nding the closestpair of endingpoints
of barl and bar2 and the correspondingbar2 ending point
shouldbe the bottomright cornerof the marker. At this stage,
thosepairswith too large separatiorof theseendingpointsto
comparewith the length of barlandbar2 are removed since
accordingto the structure,they shouldbe 1 bit length avay.
Thenthe barldirectionis setfrom this cornerto upward and
the direction of bar2is from this cornerto left. Referto the
gure below.

Fig. 4. Squaretting of eachregions

G. Test5: Outer producttest

The two bars should be located in an order to form a
negative outer product in image domain, refer to Fig. 1.
, which meansif we rotate barl counterclockwiseby 90
degreesit shouldoverlapwith bar2not the otherway around.
Thereforethose pairs which do not meet this criterion are
removed.

H. Test6: Remae not very squae like corners

Sincewe know that the whole mark sizeis 11 by 11, we
can estimatepreliminary positions of the other cornersby
adding barl and bar2 direction vectors with right scaling.
Then we can checkwhetherthis polygon formed by corner
estimatesare actually approximately squareby looking at
the ratio of the sides.The angle has beenalreadytestedin
[I-C. Thosepairswhich do not meetthis criterionareremoved.



|. Test7: Remae marker candidateswith off size

If multiple candidatesre left, we alsotestwhetherall the
candidateshave approximatelysamesize by comparingthe
eachsidesizewith the meanof the all sides.This is basedon
the assumptiorthatthosemarkerson a singleimagehave the
samesize.If ary of themis too large or small, it is removed.

J. Test8: Corner position veri cation

At this stage,the estimatesof corner positionsexcept the
bottom-rightcornerare veri ed. We try to nd a region with
low eccentricity and approximatel pixel size with respect
to the barl and bar2 aroundthe estimatedposition. Find the
one with closestto the estimatesand con rm it asthe actual
corner if the distancebetweenthe estimateand the found
positionis not too large.

K. Projectionto codedomainand decoding

Oncethe cornersareveri ed, the pixelswithin the polygon
designatedby the cornersare projectedto the code domain.
Then by quantizing the projected location of each pixel,
assigneachpixel valueto the correspondingodecoordinate.
Count all the black pixels of each code coordinate and
comparethe sumwith the meanof all the valuesand setthe
decodedbit as one if the countis larger than the average
countandzeroif it is not.

I1l. RESULT ON TRAINING IMAGES

The result on the twelve training imageswere quite suc-
cessful.Eachdecodedesultandthe detectedorigin hasbeen
evaluatedby 'evaluate.m'. The total scorewas 1801 and the
total processingime of twelve imageswas 55.4544seconds
(all of themonly in a minute!) on SCIEN machinesAll the
origin positionof visual markersin eachimagesare correctly
detectedand the numberof correctly decodedbits arein the
table below.

Detected marks and confirmed comer positions in red circles

Fig. 5. Trainingimagel: Detectedmarksandthe con rmed cornersin red
circles

Detected marks and confirmed comer positions in red circles
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Fig. 6. Trainingimage2: Detectedmarksandthe con rmed cornersin red
circles

Detected marks and confirmed comer positions in red circles

marler | 1 2 3 4 5 6 7 8 9 10 11 12 g o « G on o,
1 83 80 49 83 83 83 83 82 82 59 83 77
2 - 83 8 - 59 - 8 - 8 79 - 8 o . . .
3 - - 83 - 74 - - - 83 83 - - ° 2
TABLE |

SUMMERY OF CORRECTLY DECODED BITS OF EACH MARKER IN EACH
TRAINING IMAGE

Therewereno falsepositivesor repeatsHerearetheimages
with detectedmarkersandthe detectedx ed cornerlocations
in red circles. The magnetsquaresare the estimatedcorner
locationsandred circlesare correctedones.The greencrosses
are the cornersof marker window to extract only the marker
from the whole binary image.

Fig. 7. Trainingimage3: Detectedmarksandthe con rmed cornersin red
circles



Detected marks and confirmed comer positions in red circles
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Fig. 8. Trainingimage4: Detectedmarksandthe con rmed cornersin red  Fig. 11.

circles circles

Detected marks and confirmed comer positions in red circles
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Fig. 9. Trainingimage5: Detectedmarksandthe con rmed cornersin red  Fig. 12.

circles circles

Detected marks and confirmed comer positions in red circles
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Fig. 10. Trainingimage6: Detectedmarksandthe con rmed cornersin red  Fig. 13.

circles circles

Detected marks and confirmed comer positions in red circles
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Trainingimage7: Detectedmarksandthe con rmed cornersin red

Detected marks and confirmed comer positions in red circles

Trainingimage8: Detectedmarksandthe con rmed cornersin red

Detected marks and confirmed comer positions in red circles
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Trainingimage9: Detectedmarksandthe con rmed cornersin red



Detected marks and confirmed comer positions in red circles

Fig. 14. Training image 10: Detectedmarksand the con rmed cornersin
red circles

Detected marks and confirmed comer positions in red circles
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Fig. 15. Training image 11: Detectedmarksand the con rmed cornersin
red circles

Detected marks and confirmed comer positions in red circles

Fig. 16. Trainingimage 12: Detectedmarksand the con rmed cornersin
red circles

1V. DISCUSSION AND CONCLUSION

The algorithm works quite successfullywith very short
processingtime for most of the image except 3,5 and 10.
Minor missesare mostly causedby blur aroundbars which
expandsthe actual size of black areaand falsely decodesa
single bits. However, seriousmissesare causeby the uneven
projectionof marker images.If the projectionangleis tilted
signi cantly, the estimatesf the marker cornersdo not form
an exact squareandthesecanbe misplacedslightly off. Then
this resultsin wrong making of the visual mark and cause
falseadjustmentof cornerpositionsand falsedecoding.This
is clearly seenin Fig 7.

To x this problem, when the marker image projection
shouldincludethe tilting effect when assigningeachpixel to
eachcodecoordinate.This can be donein future to improve
the detectorperformance.
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