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Abstract
Thiz report presents a method for detecting viswal code
markers in cell phone images.

INTRODUCTION

W¥isual code markers are binary information bearing tags
similar to har codes except that they can be read with the
use of a cell phone camera and detection algorithm (such as
the one presented in this report). The concept of a visual
code marker and its various uses are presented clearly in
Michael Rohs™ paper, “Real-World Interaction with Cam-
era-Phones.” [1] In addition, this paper presents a method
for detecting the markers which was used as a starting point
for the development of the algorithm presented here. While
| take the same general approach as the one presented in
Roh's paper (because 1 thought it was a good one), my im-
plementation of it differs in many respects and fills in a few
details that were left out. This report focuses on the specifi-
cation of the algorithm | created to detect and read visual
codde markers in cell phone images.

| begin by presenting the visual code marker shown below
along with a few definitions of key features in the marker.
Please note the names assigned to these features as they are
referred to throughout this report.
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My method (which s based on Boh's method) for identify-
ing and reading the visual code marker consists of the fol-
lowing steps:
I. Obtain a hinary image that contains the marker
identification features shown above.

2. Generaie a labeled map containing each object in
the binary image.

3. Identify the main-guide bar, sub-guide bar and cor-
nerstone objects in the labeled map.

4. Extract the code from the identified visual marker.

PREPROCESSING

The input image is a 640480 color jpeg image. This is
converted into a gray scale image representing luminance
via the formula in our class notes: ¥ = (LI77xred +
8l dxgreen + 0.0/ xbiue [2]. This gray scale image is
then expanded to 670x510 by mirroring intensity values
about its edges. This is done o mitigate edge effects from
the application of a high pass filter described later. Next a
3x3 median filter is applied to the expanded gray scale im-
age o remove sharp intensity changes and reduce noise in
the image.

This gray scale image is then preprocessed in an effort to
prepare it for the application of a global threshold. This is
necessary becanse uneven lighting conditions, often cansed
by the presence of glare, result in images where the marker
features have varying intensities of gray. This leads to
detection problems when a global threshold is applied to the
image directly. To solve this problem, a high pass Gaussian
filter is applied to the cxpanded gray scale image. This is
accomplished by first filtering the input image with a 22x272
low pass Gaussian filter kemel with standard deviation 11.
The output high-pass image is then found by removing the
low-pass image from the onginal.

Mext, the central 640480 region of the high-pass image is
retained and rescaled to siretch it over a range from 0 to
255. A global threshold is applied o detect dark regions in
the image, which should include the visual marker's detec-
tion features along with clutter caused by perhaps similar
looking non-marker elements in the image. Note also that if
the visual marker is large the high-pass filter will attenuate
internal regions of the marker features, which in tum may
lead to the detection of only the marker feature edges.
However, the feature identification method presented next
i insensitive to this phenomenon.

Finally, the binary image obtained from the previous step is
labeled with the typical region labeling algorithm presented
in class (or more specifically bwlabel in Matlab) [2]. Any
object touching the border of the image is removed from
this map before it is passed on for further processing. The
640480 central region of the median filtered gray scale



image is also retained and used later to decode the visual
markers.

The following three images illusirate the glare suppression
and detection achieved by this process (taken from training
image 9.
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The first imape s the median filtered luminance image.
MNote how the glare drowns out the more pertinent marker
features. The second image is the high pass filtered image
with almost no glare. The third image shows the labeled
map obiained afier applying a global threshold of N0 o the

second image (pixels with intensity less than 90 are taken as
1).

All the preprocessing described in this section is imple-
mented in two functions called crearecompasite for the fil-
tering, and getlabelr o label the binary map and remove
ohjects touching the edges.

FEATURE IDENTIFICATION

The goal of the feature identification process is to find the
main-guide bar, sub-guide bar and comerstone marker fea-
tures in the labeled object map.

From the start | wanted to design an algorithm that was not
sensitive to marker position, size, orentation, or perspec-
tive distortion. These goals make the use of matched filter-
ing to identify the markers impractical since the template
would have to be translated, scaled, rotated, and distorted in
order to find the best match. Instead, the decision was
made to identify marker features by detecting objects in the
labeled map that meet marker feature requirements regard-
ing shape, orentation, and position with respect o other
objects in the image. This is also the approach taken in
Roh's paper [1]. but as mentioned previously there are a
few differences in the way this algorithm is implemented.
An overview of how the feawre identification algorithm
works is diagramed below:
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The key to this algorithm is of course how the questions
presented in the diagram are answered. A description of
each one 15 presented below.

Iz it a guide bar?

To answer this question the length and width of the current
ohject are measured. This is accomplished by first finding
the covariance of the coordinate positions of all the pixels
making up a particular object in the image. This matrix
defines an ellipse that will generally be aligned with the
axcs of the object. Furthermore, the normalized eigenvec-
tors of the covarance matrix are unit orthogonal vectors
that point along the objects kength and width. The length
and width are then defined as twice the maximum of the
inner product between the cormesponding eigenvector and



each point in the object. The following figure illustrates the
process of finding the length of a given image ohject.
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Mot that this method for finding length and width is insen-
sitive to whether the object is defined by its entire body or
just its edges, and is representative of the actoal object
length and width in pixels — making it easy to think about
the physical properties that would make the object a guide
bar. In addition, the length to width ratio and arca of the
object (defined as length x width) are calcolated.

These values are compared against a set of constraints used
o define a guide bar object in the image. If a particular
input object does not meet these constraints 15 thrown oul.

The constraints for guide bars are presented in the table
ezl

" Guide Bar Construints Value
Length {min,max) (5,301}
Widih {min,max] i(1.45)
Length/Width (min,max) (3.15)

These were obtained by selecting reasonable values based
on the maximom and minimom allowable visual marker

geometry. For example, the minimum length and width of

the sub-guide bar must be at least five and one respectively.
[t should also have a length to width ratio of five. Also,
since the input images are 640480 the maximum size a
marker can be is 480x480 - a scale factor of about 43,
However, imapge distortion forces one to loosen these values
a kit This is reflected in the table where values were ob-
taincd by starting from reasonable ones and then manually
tning them until the algorithm performed correctly on a set
of training images.

To summarize, if the current image object satisfies the size
constraints discussed above, it is considered a main-guide
bar candidate and stored for further processing. Note that
size information alone does not determine whether the
guide bar candidate is 8 main-guide bar or a sub-guide bar.
Depending on perspective distortion in the image the main-
guide bar can actually appear shorter than the sub-guide bar

and that problem is perhaps best solved by looking at the
objects that neighbor the guide-bar candidate detected here.

When the function implemented to execute this step, called
ixguidebar, is successful it retums with a structure contain-
ing the coordinates of each pixel in the object, the object’s
length and width measurements, length and width unit di-
rection vectors (i.e. the eigenvectors of the ohject covan-
ance matrix), along with the mean x and ¥ position of the
ohject in the image — which | often refer to as the object’s
centroid.  There is also a similar function, called iscorner-
sirme that accomplishes the same for comemstone objects.
The inputs o both of these functions are two vectors con-
taining the x and y image coordinates of all points in the
object under consideration.

Iz it a main-guide bar?

A main-guide bar is distinctly defined as a guide bar that
has another guide bar neighbor on one end (i_e. the sub-
guide bar) and a comerstone on the other. This will be truc
regardless of the markers size, orientation and Gt So the
tazk 1= simply to select the objects (if there are any) that lie
above and below the current guide bar candidate. This is
accomplished within the image by using the length meas-
urement of the current guide bar candidate o estimate the
distance to the possible objects above and below it, and
then using two projected line segments to select those ob-
jects. To see how this works consider the image below
(taken from training image 1):

The image shows a candidate guide bar along with the se-
lection lines used to get its neighbors. Any object under the
red or blue selection line is checked with the ispridebar and
ireornersione functions. If there is one of each it becomes
guite possible that we have found a main-guide bar. Note:
if multiple objects fall under a selection line, the ohject
closest o its center is taken as the neighbor.

When the function that implements this step, called ismain-
guidebar, 15 successful it returns with a structure that identi-
fies the associated top-right comer stone, main-guide bar,
and sub-guide bar ohjects in the image. As an input, this
function simply takes the output from the izguidebar func-
tion described carlier. As a last effort to identify specious
sub-guide bars the function also checks that the angle be-
tween the sub-guide bar and main-guide bar length direc-



