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Abstract
This report presents a method for detecting vistzde
markers in cell phone images.

INTRODUCTION

Visual code markers are binary information beariags
similar to bar codes except that they can be reiétd tive
use of a cell phone camera and detection algorftuch as
the one presented in this report). The concep wikual
code marker and its various uses are presentedyciea
Michael Rohs’ paper, “Real-World Interaction withai@-
era-Phones.” [1] In addition, this paper presentaeghod
for detecting the markers which was used as argjgobint
for the development of the algorithm presented .Héfeile
| take the same general approach as the one pedsant
Roh'’s paper (because | thought it was a good ang)m-
plementation of it differs in many respects anls fith a few
details that were left out. This report focusegtmspecifi-
cation of the algorithm | created to detect anddresual
code markers in cell phone images.

| begin by presenting the visual code marker shbelow
along with a few definitions of key features in tmarker.
Please note the names assigned to these featuitesyeaere
referred to throughout this report.
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My method (which is based on Roh’s method) for tden
ing and reading the visual code marker consistheffol-
lowing steps:

1. Obtain a binary image that contains the marker

identification features shown above.

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

3. ldentify 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 640x480 color jpeg image. sTiki
converted into a gray scale image representingriante
via the formula in our class notesY = 0.177xred +
0.813xgreen + 0.011xblug?]. This gray scale image is
then expanded to 670x510 by mirroring intensityueal
about its edges. This is done to mitigate edgecefffrom
the application of a high pass filter describe@daNext a
3x3 median filter is applied to the expanded grealesim-
age to remove sharp intensity changes and reduse o
the image.

This gray scale image is then preprocessed in famt &b
prepare it for the application of a global thresholThis is
necessary because uneven lighting conditions, afesed
by the presence of glare, result in images whezartarker
features have varying intensities of gray. Thiads to
detection problems when a global threshold is agpib the
image directly. To solve this problem, a high passissian
filter is applied to the expanded gray scale imagéis is
accomplished by first filtering the input image hva 22x22
low pass Gaussian filter kernel with standard demiall.
The output high-pass image is then found by rentptie
low-pass image from the original.

Next, the central 640x480 region of the high-pasagde is
retained and rescaled to stretch it over a rangm 0 to
255. A global threshold is applied to detect d&dions in
the image, which should include the visual markdesec-
tion features along with clutter caused by perhsipslar
looking non-marker elements in the image. Note #ist if
the visual marker is large the high-pass filterl aitenuate
internal regions of the marker features, whichumtmay
lead to the detection of only the marker featurgesd
However, the feature identification method presgémext
is insensitive to this phenomenon.

Finally, the binary image obtained from the pregiatep is
labeled with the typical region labeling algoritipresented
in class (or more specificalhwlabelin Matlab) [2]. Any
object touching the border of the image is remofredh

this map before it is passed on for further proogssThe
640x480 central region of the median filtered gsawale



image is also retained and used later to decodeisoel
markers.

The following three images illustrate the glare megsion
and detection achieved by this process (taken framing
image 9).

The first image is the median filtered luminanceage.
Note how the glare drowns out the more pertinentkara
features. The second image is the high passefitanage
with almost no glare. The third image shows tHeeled
map obtained after applying a global threshold @t®the

second image (pixels with intensity less than %0taken as
1).

All the preprocessing described in this sectionniple-
mented in two functions callecteatecompositéor the fil-
tering, andgetlabelsto label the binary map and remove
objects touching the edges.

FEATURE IDENTIFICATION

The goal of the feature identification processoiind the
main-guide bar, sub-guide bar and cornerstone méeke
tures in the labeled object map.

From the start | wanted to design an algorithm tied not
sensitive to marker position, size, orientation,perspec-
tive distortion. These goals make the use of neatdtiter-
ing to identify the markers impractical since tleenplate
would have to be translated, scaled, rotated, &tdrted in
order to find the best match. Instead, the decisi@s
made to identify marker features by detecting disj@t the
labeled map that meet marker feature requiremexsrd-
ing shape, orientation, and position with respecother
objects in the image. This is also the approak&krtan
Roh’s paper [1], but as mentioned previously there a
few differences in the way this algorithm is impkemed.

An overview of how the feature identification algbm
works is diagramed below:

Get Next Object

Is it a guide
bar?
no

yes

Is it a main-
guide bar?

yes

success

Read and store|
the marker
code

Detect corner-
stones

The key to this algorithm is of course how the does
presented in the diagram are answered. A desumipuf
each one is presented below.

Is it a guide bar?

To answer this question the length and width ofdheent
object are measured. This is accomplished by fiimging
the covariance of the coordinate positions of ladl pixels
making up a particular object in the image. Thiatnx
defines an ellipse that will generally be alignedhwthe
axes of the object. Furthermore, the normalizegreiec-
tors of the covariance matrix are unit orthogonattars
that point along the objects length and width. Témregth
and width are then defined as twice the maximunthef
inner product between the corresponding eigenveasol



each point in the object. The following figureugtrates the
process of finding the length of a given image obje
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Note that this method for finding length and widhnsen-
sitive to whether the object is defined by its entiody or
just its edges, and is representative of the acbb@ct
length and width in pixels — making it easy to khabout
the physical properties that would make the obgegtiide
bar. In addition, the length to width ratio an@arof the
object (defined as length x width) are calculated.

These values are compared against a set of coristrased
to define a guide bar object in the image. If aipalar
input object does not meet these constraints sathrout.
The constraints for guide bars are presented intabk
below.

Guide Bar Constraints Value
Length (min,max) (5,301)
Width (min,max) (1,45)
Length/Width (min,max) (3,15)

These were obtained by selecting reasonable vélassd
on the maximum and minimum allowable visual marker
geometry. For example, the minimum length and hwinft
the sub-guide bar must be at least five and onEeotisely.

It should also have a length to width ratio of fivé\iso,
since the input images are 640x480 the maximum &ize
marker can be is 480x480 — a scale factor of ad@ut
However, image distortion forces one to loosenghedues
a bit. This is reflected in the table where valuese ob-
tained by starting from reasonable ones and themually
tuning them until the algorithm performed corredaily a set
of training images.

To summarize, if the current image object satisfiessize
constraints discussed above, it is considered a-made
bar candidate and stored for further processingte that
size information alone does not determine whethmer t
guide bar candidate is a main-guide bar or a sudegoar.
Depending on perspective distortion in the imagertain-
guide bar can actually appear shorter than thegside bar
and that problem is perhaps best solved by lookinthe
objects that neighbor the guide-bar candidate tkddwere.

When the function implemented to execute this stafied
isguidebar is successful it returns with a structure contain
ing the coordinates of each pixel in the objeat, dbject’s
length and width measurements, length and width dini
rection vectors (i.e. the eigenvectors of the dabwvari-
ance matrix), along with the meanandy position of the
object in the image — which | often refer to as tigect’s
centroid. There is also a similar function, caliscorner-
stonethat accomplishes the same for cornerstone objects.
The inputs to both of these functions are two vectmn-
taining thex andy image coordinates of all points in the
object under consideration.

Is it a main-guide bar?

A main-guide bar is distinctly defined as a guide that
has another guide bar neighbor on one end (i.estthe
guide bar) and a cornerstone on the other. THidbwitrue
regardless of the markers size, orientation ahd $ib the
task is simply to select the objects (if there amg) that lie
above and below the current guide bar candidates i$
accomplished within the image by using the lengtasa
urement of the current guide bar candidate to esérthe
distance to the possible objects above and be|amnd
then using two projected line segments to selexddtob-
jects. To see how this works consider the imadevbe
(taken from training image 1):

The image shows a candidate guide bar along wétls¢h
lection lines used to get its neighbors. Any objewer the
red or blue selection line is checked with ibguidebarand
iscornerstondunctions. If there is one of each it becomes
quite possible that we have found a main-guide bote:

if multiple objects fall under a selection lineethbject
closest to its center is taken as the neighbor.

When the function that implements this step, cabedain-
guidebar is successful it returns with a structure thaniit
fies the associated top-right corner stone, maidegbar,
and sub-guide bar objects in the image. As antjrthis
function simply takes the output from tisguidebarfunc-
tion described earlier. As a last effort to idgntpecious
sub-guide bars the function also checks that thigeae-
tween the sub-guide bar and main-guide bar lengtt-d



tion vectors is greater than 45 degrees. Thisetliout to
be a very important constraint since it has the gyow re-
ject false positives that can still arise whenather con-
straints are met (often caused by broken line satgmia

the labeled object map). Also, before exiting vétitcess
the function ensures the main-guide bar lengthorgmbints
towards the top right corner stone and that thegglitte

bar length vector points away from the main-guide (b.e.

to the left in a rectified marker image). This bees im-
portant later when correspondence points are foomd
tween the image and visual marker coordinate system

Remaining Corner Stone Identification
In order to complete the marker detection procéisthat
remains is to detect the top and bottom-left cartosres.

The first step in this process is to estimate twmafion of
the bottom-left cornerstone with an affine transfation.
To find the appropriate affine transformation tloédwing
correspondence points are found in the image:

Image Points Corresponding Visual
Marker Coordinates
1. centroid of top right cornerstone (10,0)
2. top of the main-guide bar (10,1.5)
3. bottom of the main-guide bar (10,8.5)
4. center of sub-guide bar’s right most pixel m,
5. far left of the sub-guide bar (5.5,10)

With the information output from thiemainguidebarfunc-
tion we can derive the locations of these pointh@image
as follows. The centroid of the top-right cornéong is
known. The formulas for the top of the main-guinker
(Xmg), bottom of the main-guide bax.{y), and far left of
the sub-guidex,y) bar are shown below:

Xt = M+ max[(x - m)'1 ]I,
Xngo = M+ min [(x - M1 ]I,

X = S+ max[(x - 9)L]l,

Wherem, |, s andls are the main-guide bar centroid, nor-
malized main-guide bar length vector, sub-guide drn-
troid, and normalized sub-guide bar length vectspec-
tively — note these are all vectors@R. The max is taken
over all coordinates; that make up the main-guide bar or
sub-guide bar object — whichever is appropriate.

Finally, the center of the sub-guide bar’s rightsinpixel is
obtained by calculating the intersection betweardipro-
jected along the lengths of both the main and sifeg
bars.

Armed with the knowledge of these five points, awfd
course the corresponding points in the visual markeor-
dinate system shown in the table above, the affenesfor-
mation between the two coordinate systems is etgunda

least-squares, a method presented in class [2]ngUkis
transformation an estimate for the position of bwdtom-
left cornerstone is calculated. Note: an affinerpiveg
model is used here because there is not yet erinfagima-
tion to determine perspective warping reliablyndfly, the
cornerstone object closest to the estimated locdsose-
lected (if one exists within a certain search radigual to
twice the measured width of the sub-guide bar).

Detecting the top-left cornerstone is the mostradtng
task. This is because its distance from the dtegures is
traversed over an as of yet undetermined perspeaiarp-
ing. To get the best chance of finding it | add thcation
of the just found lower-left cornerstone to the 6§ know
correspondence points and this time estimate geetise
transformation between the marker and image coatelin
systems. Again, the cornerstone object closethédcesti-
mated location is selected if it exists.

To estimate the perspective warping transformatiea
tween the marker and image coordinate systems ihaga
resort to least-squares. Although the perspeetasping is
nonlinear in its parameters (as discussed in classgan
still find them with a set of linear equations tllgpend on
non-linear functions of the observed correspond@uodets.

To see this recall the perspective displacemeid fi@m
class [2],

= a+bx+cy - d +ex+ fy
1+ gx+hy 1+ gx+hy
and note that we can simply rearrange the terrgeto
X'=a+bx+cy- gxxX- hyx

y'=d +ex+ fy- gxy- hyy
which becomes a pair of linear equations for eaain qf
correspondence points. So withcorrespondence points
we get2n equations that can be solved via least-squares
(provided there are no rank deficiencies, whicléak for
in my algorithm).
When the function that implements this part of ttgo-
rithm, calledcompletemarkeris successful it returns with a
structure that identifies all guide features in thisual
marker.

As a final remark, this process works well whenrtrerkers
are only rotated or scaled and begins loosingadterxy as
perspective distortion in the image increases. ektbeless
it remains tolerant of distortion for two reasor¥she first is
that corner objects closest to the estimates deetsd so
that we don't have to predict there locations pethfe The
second is that | intentionally do avoid using teatcoids of
the main and sub-guide bars, since under perspestvp-
ing they do not generally correspond to their retpe
centers in the marker coordinate system.

The image below (taken from training image 12) ¢adies
the type of result achieved by this function. Téé circles
to the right show the locations of the five knowmrker



correspondence points presented in the table. IGer

left blue x marks the estimate of the lower-leftraystone
location obtained from the affine transformatiomhe up-
per left blue * marks the estimate of the top-lefrner

stone’s location obtained with the perspective wweayp
transformation.

READING THE MARKERS
With the known locations of all the marker guidattees
we are finally ready to read the code it contains.

The algorithm that accomplishes this task beginsrdsy
estimating the perspective warping using the cahwbthe
three cornerstones and sub-guide bar lower righbero
These points in the image correspond to markerdioates
(0,0), (10,0), (0,10), and (10,10). They are alinpo that
are easy to get, trust worthy, and the least stibbego
correspondence inaccuracy caused by perspectiver-dis
tion.

With the known perspective transformation an edeniar
the corners of the distorted box that surroundsrheker is
derived. This is accomplished by finding the psiimt the
image that correspond to the marker coordinates,(@5),
(-0.5,10.5), (10.5,10.5), and (10.5,-0.5). Thegmaoordi-
nates then define a polygon that surrounds the enark
From this polygon a binary mask is generated (usiig
poly in Matlab) which is used to precisely select tmage
pixels that comprise the visual marker.

In the next step the mask is used to select armabe,
which is then completely reprocessed to get th¢ phessi-
ble detection result. The reprocessing beginsti@gching
the image intensity values under the polygon madiitan
entire intensity range from 0 to 1. A threshold @®b) is
applied to get a binary image which is then labeled
bwlabel- it's just so useful). Each marker guide featsre
selected in the new labeled map and then checke ¢ra-
essed again with the appropriasguidebaror iscorner-
stonefunction. The perspective transformation betwden t
marker and image coordinate systems is then estihfat
the final time the same way it was before, exchist time
using updated coordinates for the marker’s guidsufe
locations.

We are finally ready to read the visual marker'dezo This
works by first converting the marker code coordésainto
image coordinates via the most recent perspeataresfor-
mation. A bilinear estimate is then found for tihheage
intensity at each of these coordinates. Finallthrashold
is applied to obtain the marker code (intensitiessIthan
0.5 are taken as 1).

The image below shows one example result achiesed) u
the process described in this section (taken fraiming
image 9).

The red circles indicate the points where the Vigarkers
intensity is evaluated to determine its code. Aiste the
brightening of the marker. This is the region unuhethe
binary mask previously discussed.

SUMMARY

The algorithm for marker detection and decodingented
here works by progressively identifying the visoarker's
guide features. If it can find a guide bar, it dketo see if
it's a main guide bar. If so, it tries to find thernerstones
in locations estimated by an affine mapping for lottom-
left cornerstone and a perspective warping fortteleft
one. During this entire process if an expectetufeas not
found, or does not meet the constraints the proiess
aborted and the loop continues with the next obfexn
the labeled binary map.

This algorithm was tested on the set of trainingges pro-
vided for the project. It was able to successfdiyect and
decode all the visual code markers without anyefgssi-
tive or negative readings (using teealuatefunction pro-
vided on the class website). The algorithm was #dsted
successfully on synthesized images with pure umifcan-
dom noise to see that it would not find any markerthe
noise. Finally, to show that the algorithm works dsual
code markers of different sizes — a goal | wanteddcom-
plish from the beginning — | present two imagesoth
very large and very small visual markers. Note: algo-
rithm’s ability to successfully detect these masker evi-
denced by the program changing the color of theated
marker guide features red.
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