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Abstract
Purpose:
The present paper deals with the development of self-identifying planar markers which are
automatically detected, tracked and reconstructed in 3D in a stereo-vision system.

Method:
Firstly, for every acquired image, the connected domains are segmented and classified by
applying an adaptive thresholding algorithm. Once visual markers are extracted, based on
specific inner geometric rules, they are classified by using a planar homography and then
matched with a marker library. Two commercial low-cost webcams, arranged in stereoscopic
configuration, were adopted. Cameras are calibrated by using the Zhang’s planar calibration
procedure. A fast and efficient implementation is proposed based on the automatic marker
detection. Finally, 3D triangulation is performed on the pairs of captured images.

Result:
The proposed algorithms were compared with an open-source package for camera
calibration. Results pointed-out a faster calibration procedure not influenced by manual user
interaction, and a less sensitivity on the number of calibration points and images. The
implemented GUI drives the user to easily perform camera calibration and marker tracking.

Discussion & Conclusion:
The adopted marker layout allows to recognise coded markers even in presence of high (till
70°) projective angles. The proposed scheme for marker detection permits to easily edit and
extend the marker library. More investigation is needed to improve the algorithm efficiency to
make it more robust against illumination conditions and marker occlusions.

1 Introduction
Object tracking is an important task within the field of
computer vision. It is referred to the ability to detect points
in an image and follow them through a sequence of
images. For some applications (see surveillance systems,
for example) some objects need to be also localised and
identified in real time in an environment. Usually, there
are three key steps to be achieved: (I) automatic
detection of moving points/objects of interest, (II) tracking
those frame-by-frame, and (III) analysing their tracks to
recognise their behaviour, in terms, for example, of
kinematic motion and 3D path trajectories [1, 2].
When operating in 2D space, a single camera may do a
good job; if 3D data have to be extracted from the scene,
then two or more cameras (only one in a static condition)
are needed arranged in stereoscopic configuration.
Stereo vision is the process of combining multiple images
of a scene to extract 3D geometric information. In
particular, the aim is to determine depth from at least two
images taken at the same time from slightly different
viewpoints. Stereo-vision is widely used to guide robots in
unknown environment where objects/obstacles need to
be detected [3].
Stereo vision was also employed in agriculture field to
locate fruits on trees for robotic harvesting [4, 5].
The main idea behind stereo vision is to recognise one
or more markers (coded or not) located in the scene and
match them frame-by-frame. Matching consists in funding

the correspondence of markers between two frames. For
each marker, the associated 3D coordinates are known
once it is identified. Instead of using markers, specific
geometric features (usually points) caught in the scene
can be used to reconstruct the three-dimensional scene.
When higher accuracy is required coded targets are used.
Coded targets are specifically designed to be easily
recognised and matched with library entities.
The present paper represents the first contribution to a
more general research project, which aims to detect and
study vibration occurring during the mechanical harvesting
of olive trees by means of stereo vision. Vibration is
transmitted to the trunk through a mechanical trunk
shaker. This vibration is then transmitted to the branches,
causing the fruit to detach [6]. While such vibrations are
commonly measured by using dynamic signal analysers
(see, for example accelerometers), recently optical
systems are used to assist the previous ones or as
alternative acquisition system [7]. The present research
aims to measure those vibrations by detecting and
monitoring coded markers, attached to the tree, through a
stereo-vision camera device.
Starting from this general idea, the present paper
focuses on the development of a stereo-vision system
able to (I) automatically detect and track coded markers
moving in a generic scene, and (II) calculate their 3D
representation starting from 2D images, captured from
different positions and orientations of cameras in the
same scene.
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Several algorithms and numerical procedures have
been developed over the past few decades to track
objects in a video, and each has their own advantages
and drawbacks. Over all, the Scale Invariant Feature
Transform (SIFT) is a widely used algorithm in image
matching applications. This algorithm essentially makes
use of a gradient based descriptor for particular points,
and matches these descriptors to corresponding points in
a target image [8, 9, 10]. SIFT is invariant to image
transformations (such as translation, scaling and rotation)
and partially invariant to changes of illumination and affine
or 3D projections. Despite of all these advantages, SIFT
works pretty well only when many local features are
available. This happens, for example, for real objects,
where hundreds of small features can be easily detected.
Moreover, this method is mainly an object-based classifier
and is not adapt to do fine matching and tracking, where
more accuracy is required. When managing markers,
black-and-white coded and with a limited set of inner
features, a more robust approach is then needed.
In the augmented reality field, where virtual objects are
super-imposed to real scenes, coded markers have to be
detected into videos. Open-source packages (see, for
example, ARToolkit®, ARTag® [11] and openCV® [12]),
offer dedicated algorithms to perform marker detection
and tracking.
Camera calibration is another crucial and necessary
step in computer vision allowing to extract internal
parameters (focal distance, principal point coordinates
and distortions, among others) and external camera
parameters (3D location of camera) from 2D images.
Photogrammetry community ([13, 14, 15] to cite a few)
firstly, and computer vision community later ([16, 17, 18]
to cite a few) have addressed their attention on that topic.
The milestone into camera calibration field is the planar
calibration method proposed by Zhang [19]. He
suggested to capture a planar pattern with a camera from
few (at least three) different orientations. Then, by solving
a set of linear equations, camera parameters can be
obtained.
Starting from the Zhang's method many open-source
implementations were proposed. Among them, the
Caltech®'s toolbox [20], fully implemented in MatLAB®, is
a widely used package able to do camera calibration.
Despite the robustness of its algorithms, we experimented
that final results may highly depend on user setting
parameters and manual picking. For instance, once
calibration images have been imported, initial calibration
points have to be picked for every image, from which, by
applying a corner detection algorithm, corners in each
image are extracted. This task may become very tedious,
especially when many images are managed, and final
calibration results may be affected by user selections and
guesses in the parameter setting. Moving from these
critical issues we implemented a more robust and
automatic procedure, mainly based on an automated
marker detection algorithm and the Zhang's method
Commercial software, such as PhotoModeler®, by Eos
Systems Inc., and RhinoPhoto3D®, by Qualup SAS
(integrated into Rhino3D CAD system), has dedicated
tools able to automatically detect and classify circular
coded markers and to do camera calibration. However,
customising or adding specific user plug-ins is often not
easy or even not permitted.
The present paper describes a MatLAB®-based tool
able to do camera calibration, stereo-vision tracking and
3D reconstruction of coded markers. MatLAB®'s Image
Toolbox® was used. User has to import synchronised
videos, acquired from stereoscopic cameras, and to
June 15th – 17th, 2011, Venice, Italy

properly set thresholding values needed for marker
detection. A GUI was developed to drive user during the
whole stereo-reconstruction process, allowing to visualise
videos and the 3D position of the markers.

2 Methodology overview
Fig. 1 depicts the general work-flow adopted in the
present research.
Marker extraction

Marker detection
Marker classification
Camera calibration

Internal parameters
External parameters
3D reconstruction

Marker tracking
3D triangulation
Fig. 1 General work-flow methodology

First of all, a general algorithm allowing to automatically
detect coded markers into any 2D image was developed.
The input image is firstly converted into black-and-white
(BW) format and, then, the connected domains are
segmented by applying an adaptive thresholding
algorithm. Once markers, based on specific geometric
rules, are detected, they are classified by using a planar
homography.
A marker extraction routine was adopted to calculate
camera parameters. Mainly based on the Zhang's method
[19], a planar pattern with so-coded markers, is observed
from different camera locations. Then, the markers are
extracted from the acquired images and, by solving a set
of linear equations, camera parameters are given.
When
camera
parameters
are
known,
the
correspondence image points, taken from two cameras
arranged into stereoscopic configuration, are triangulated
to obtain their 3D representation. This operation is
automatically repeated for every frame of a video for
marker tracking.
A MatLAB® GUI was implemented to easily manage
input images/videos and to visualize 3D reconstructed
points.

3 Marker extraction
The marker layout was partially inspired on [21], in
which a numerical procedure was suggested to detect
planar bar codes for mobile phone applications. Even in
[22] a system for camera calibration based on fiducial
markers, automatically detected, is proposed.
The marker adopted in the present paper consists of the
following elements (see fig. 2): four bars for determining
the location of the marker, and the central area code with
the actual code marker information.
The marker is coded by 11x11 pixels. Each pixel
position is defined with respect to the coordinate frame
attached to the upper-left cornerstone. Local axes are
directed as shown in fig. 2.
The area code is made by 7x7 pixels. By adding or
removing black pixels from that area several different
markers can be generated. So, a customised marker
library can be created.
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The following definitions are provided:
marker point (PM): any point defined into the marker
coordinate frame; and,
image point (PI): any marker point projected onto the
image.

-

bar #1

cornerstone PM1 (1, 1)

the local thresholding value is calculated, accordingly.
Fig. 3 shows the result of the method just described.
Notice that the light noise in the original image is
neutralised into the BW image, with no loss of geometric
information (all four markers, generated from the marker
library, appear into the BW image).

cornerstone PM2 (11, 1)

x

y
bar #2
bar #4
area code

a - original image

(within squared mask)

b - BW image

Fig. 3 Effects of the adaptive thresholding method
cornerstone PM4 (1, 11)

bar #3

cornerstone PM3 (11, 11)

Fig. 2 Marker layout and marker coordinate frame

Assuming that the marker is always planar, the
relationship between any marker point, P M, and any
image point, PI, can be stated as into eq. 1, where H is
the squared 3x3 planar homography matrix (see [1] for
additional theoretical details).
PM = H × PI
(1)
Once H matrix is known, any point can be "mapped"
from the marker frame to the image frame and vice-versa.
The first stage of the recognition process regards the
identification of the location bars. Then, the intersection
point (here called "cornerstone point") among every pair
of adjacent location bar is calculated. The four
cornerstones of every potential marker are used to
calculate the homography in order to remove the
projective distortion. The homography matrix will then be
adopted to achieve the marker classification. This task will
be performed by matching the mapped marker with one
belonging to the marker library.

3.1

3.1.2

Starting from the BW image, the connected domains
can now be extracted. For this purpose growing,
procedures are usually evocated. Such methods operate
by grouping adjacent pixels with the same value ("1" or
"0"). The "bwconncomp" function by MatLAB®'s Image
Toolbox® was here adopted.
For every extracted domain the following geometric
properties are calculated (see fig. 4):
area (Ω): number of detected pixels belonging to the
domain;
centroid (C): geometric centroid of the domain;
bounding rectangle: smallest rectangle embedding
the domain;
sizes (W and H) of the bounding rectangle; and,
orientation of the bounding rectangle: unit vector
defining its orientation with respect to the image
coordinate frame.
x

Marker detection

y

The marker detection algorithm performs the following
steps:
adaptive thresholding - BW conversion;
image segmentation; and,
identification of location bars.

3.1.1

U
W

H

bounding rectangle

Adaptive thresholding - BW conversion

Generally speaking, camera device allows to handle
colour images (in RGB, for example) and greyscale
images. They have to be pre-processed (BW conversion)
in order to perform their segmentation [23].
Global thresholding techniques can be used to convert
pixels in black or white colours using an assigned value.
Adaptive (also known as local or variable) thresholding
techniques, instead, are used to isolate the preferred
domains from the background [23]. This method offers
more accuracy for images with a strong illumination
gradient, caused by lack of illumination or shadows
occurring during the camera exposure.
Over the years, many approaches have been proposed
in the image processing community to do adaptive
thresholding. In the present paper, as described in
Gonzales et al. [24], the image being thresholded is firstly
smoothed, by applying a gaussian kernel filter, and then
June 15th – 17th, 2011, Venice, Italy

Image segmentation

centroid

Fig. 4 Geometric properties of a segmented domain

The bounding rectangle is here calculated as suggested
into [25], by using the PCA (Principal Component
Analysis) method. PCA performs the eigenvectordecomposition of the covariance matrix, calculated on the
image points of the analysed domain. The eigenvector
related to the smallest eigenvalue corresponds to the
main orientation of the bounding rectangle. Let U be this
direction. W is always the biggest size of the bounding
rectangle. Looking at fig. 4, notice that the domain
centroid may be different from the bounding box centroid.
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x

x
C1

C1
P41 y

y

P12

P12

P41

C2

C4

C4

C2

P34
P23

[
[

Identification of location bars

Location bars are used to locate the candidate markers
into the image.
Any domain is a candidate bar if the following criterion
(here called "rectangle shape criterion") is satisfied:
Ω/(W·H) ratio must be greater than Δfill (0≤Δfill≤1): that
is, the domain has a rectangular shape. Δfill becomes
equal to 1 for the nominal marker layout.
Let Di be the domain obeying the rectangle shape
criterion. Now, we look for a domain Dj that satisfies the
following four rules (here called "bar-pair criteria"):
rectangle shape criterion must be obeyed;
the distance between centroids Ci and Cj must be
less than Δpos·L (Δpos>0 accounts for image
distortion), where L is the maximum value between
Wi and W j; and,
the angle between Ui and Uj vectors must belong to
[Δangle, 90°]. Δangle equals 90° for the nominal marker
layout, with no distortion.

P23
P34

C3

a - counter-clockwise loop

C3

b - clockwise loop

Fig. 5 Two possible location loops

]
]

[
[

ìï - Uip ,y ,Uip,x × U jp ³ 0 ® Ui ^ = - Uip ,y ,Uip ,x
Ui ^ : í
ïî - Uip ,y ,Uip ,x × U jp < 0 ® Ui ^ = Uip ,y ,-Uip,x
¯

]
]
(3)

Ui ^ ,x ù
éU
R = ê ip ,x
ú
êëUip ,y Ui ^ ,y úû
Let Uip and Ujp be the two unit vectors defined as into eq.
(2), where Pij is the intersection point between lines (Ui,
Ci) and (Uj, Cj). By calculating the vector normal to Ui, one
can write the rotation matrix as stated into eq. 3. The
determinant sign of that matrix is the "pair-sign" (Uip,x and
Uip,y are the x and y components).
Let (D1, D2) be the first pair meeting the bar-pair criteria
(see fig. 5). Here, we define the "marker-sign", msign, as
the determinant sign of the rotation matrix, related to the
first pair.
The third and the fourth bars must be selected in such a
way to form a coherent cyclic loop, as depicted into fig. 5.
This can be stated saying that the pair-signs of pairs (D2,
D3) and (D3, D4) are always equal to the "marker-sign", for
that marker. Looking once again at fig. 5, notice a positive
pair-sign for the counter-clockwise loop (a) and a negative
value for the clockwise one (b).
Four image key-points are finally available: P12, P23, P34,
P41. Fig. 6 shows the results of the marker detection
algorithm (cornerstones are depicted as square, circle,
diamond and triangle dots).
In the next Section, these points will be used to perform
the marker classification.

3.2

Marker classification

The marker classification procedure aims to classify
every detected marker, by matching it with the marker
library (see fig. 7).

a - detected key-points

b - mapped marker

c - down-sampling points

d - reconstructed marker

Fig. 6 Application of the marker detection algorithm

Finalised to marker mapping step (see Section 3.2.1) it
is important to characterise the inner versus of the planar
U vector loop.
Pij - Ci
ì
ïUip =
é (1,2)ù
P
- Ci
ij
ï
ê(2,3)ú
(
)
,
i,
j
"
Î
(2)
í
ê
ú
C
P
ij
ïU = j
ëê (3,4)ûú
ï jp C j - Pij
î

Fig. 7 Marker classification process

-

This classification is based on two steps:
marker mapping; and,
marker matching.

3.2.1

Marker mapping

The first step of the marker classification procedure
regards the calculation of the homography matrix, H, as
stated into eq. (1). At least four not-aligned points are
June 15th – 17th, 2011, Venice, Italy
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required as demonstrated in [1]. By adopting the four key
points derived from the marker detection process (see fig.
7.a), it can be written:
éP P23 P34 P41 ù
PI = ê 12
(4)
1 1 úû
ë1 1
where PI is the 3x4 homogeneous matrix containing the
image coordinate points. Marker points, P M, are known in
the marker nominal layout coordinate frame. Looking
once again at fig. 2, one can write those points as into eq.
5. Points in PM are arranged counter-clockwise or
clockwise, depending on the value of the marker-sign,
msign.
Once PI and PM are known, the H matrix can be
calculated from eq. (1), by evaluating the null-space of a
set of linear equations. For this purpose, the "cp2tform"
function by MatLAB®'s Image Toolbox®, was here used.
This operation is performed on the original image, not
altered by the BW conversion.
ì é1 1 11 11ù
ïê
ú
ï ê1 11 11 1 ú if msign = 1
ï
ï êë1 1 1 1 úû
(5)
PM = í
ï é1 11 11 1 ù
ï ê1 1 11 11ú if m = -1
sign
ú
ïê
ê
ú
1
1
1
1
ï
ë
û
î
From the homography matrix, any image point can be
mapped from the image coordinate frame to the nominal
marker layout (see fig. 7.b). At this stage, marker
matching is quite easy to perform since image distortion
has been removed.

3.2.2

Marker matching

The marker previously mapped is firstly down-sampled
and then matched to the marker library. When a match is
found, the detected marker is classified with a unique
identifier, otherwise it is discarded.
Generally speaking, the resolution of the input image is
greater than the marker layout resolution (11x11 pixels).
The down-sampling process is then needed to get, from
the mapped image, only 11x11 pixels. To do this, a
uniform grid was generated (see fig. 7.c) onto the mapped
image. At every grid point a colour-based value is
associated, averaging values on a 3x3 mask centred on
that pixel (square masks into fig. 7.c).
The thresholding procedure, described into Section
3.1.1, can be now applied to the sampled image to
convert it into BW format, from which the marker can be
reconstructed (fig. 7.d). This procedure works with no
matter about the printed size of the markers.
This reconstructed marker is, finally, compared with
ones in the marker library (assumed as "template"
markers). The output of this template matching is a
confidence factor [26]. If this factor is greater than a
threshold (Δconf), a marker has been found. The
confidence factor, Δconf, is defined as the number of
unmatched pixels over the total number of pixels of the
area code (for example, 2/49 means that when
performing the correlation with the marker library,
maximum 2 pixels, over the 7x7 pixels of the code area,
may fail the matching).

June 15th – 17th, 2011, Venice, Italy

Marker #1

Marker #2

Marker #3

Marker #4

Fig. 8 Application of the marker extraction algorithm

Two properties are associated to the classified marker:
marker identifier (mid); and,
marker centroid point (mc): the geometric centroid of
key-points, PI.
The marker centroid point is calculated by averaging the
image key-points, PI. Fig. 8 shows four recognised
markers.
Ultimately, the marker extraction algorithm can be
summarised as follows: firstly, candidate bars are looked
for; then, if they obey the rectangle shape criterion and
the bar-pair criteria, a candidate marker is identified. Only
when a match with the marker library is found-out, the
candidate marker is classified as recognised marker.
-

3.3

Marker tracking

The proposed marker extraction procedure highly
depends on the size and the content of the analysed
image. More domains are present in the image, more
"candidate bars" have to be examined. This task may
become very time consuming when managing videos,
with hundreds and hundreds of frame-images to be
processed.

a - first frame

b - second frame

c - third frame

d - fourth frame

Fig. 9 Application of the marker tracking approach

Therefore, in order to decrease the computational effort
in video applications, we do not scan all frames
completely. Previous marker positions are used to locate
markers in the next frames. Marker extraction procedure
in only performed in those image regions containing
markers in the previous frame. A frame is completely
processed when some new markers may come in the field
of view or other ones may disappear from the camera
381
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view ("re-initialisation phase"). To make automatic this
phase, the maximum number of markers (Δ marker) to be
detected is manually assigned. When the number of
extracted markers is less than Δmarker, then the reinitialisation phase occurs and that frame-image is
completely scanned.
Fig. 9 summarises the adopted marker tracking
approach. Four frames were captured. Markers were
searched in the first frame. Here, a location rectangle,
centred on the marker centroid, was drawn (dashed lines
into fig. 9.a). The initial sizes of every rectangle are
assigned by evaluating the sizes of the bounding
rectangle embedding the four cornerstones, and are
oriented along the image axes. To assure that this
location rectangle contains again the related marker in the
next frame, its sizes are increased of a scale factor (Δ scale,
user input). Then, in the next frame the search is focused
only inside the location rectangles. Sizes and position of
every rectangle are updated frame-by-frame, accordingly.
The marker extraction procedure requires six user input
parameters, four for the marker extraction (Δfill, Δpos,
Δangle, Δconf) and two for the marker tracking (Δscale,
Δmarker). How to properly choose the first group of
parameters will be discussed later.

4 Camera calibration
The camera is modelled by using the classical pin-hole
approach [13]. Let m and M be the image point, defined
into the image coordinate frame and the 3D point, defined
with respect to the world coordinate system, one can
write:
m = K × [R t ]× M
(6.a)
where K is the 3x3 matrix containing internal camera
parameters, while R and t are the rotation matrix and the
translation vector, respectively, defining the orientation
and the position of the camera with respect to the world
coordinate system (external parameters). In a more
general form, eq. 6.a can be written as:
(6.b)
m = PPM × M
where PPM is the perspective projection matrix.
Neglecting the radial distortion of the camera lens, one
can write:
éa c u 0 ù
(7)
K = êê0 b v 0 úú
êë0 0 1 úû
with (u0, v0) the coordinates of the principal point, α and β
the scale factors in the image x-y axes, and c the
parameter describing the skewness of the two image
axes.
The rotation matrix, R, is parameterised by a 3x1 vector,
r, which is parallel to the rotation axis and whose
magnitude is equal to the rotation angle. R and r are
related by the Rodriques' formula [1].

a - first calibration image

June 15th – 17th, 2011, Venice, Italy

b - second calibration image

c - third calibration image

d - external parameters

Fig. 10 Application of the camera calibration procedure

The aim of camera calibration is determining such
parameters. Based on the Zhang's method, internal and
external camera parameters can be obtained by
observing a planar pattern from different positions and
orientations. At least three different images are needed.
However, since numerical errors may arise in estimating
image coordinate points, more than three images are
often required.
Once the correspondences among m and M points are
known, camera parameters can be easily calculated, by
solving for the null-space of a 2·nx6 rectangle matrix (with
"n" equal to the number of calibration images). Zhang
proposed to iteratively refine the numerical solution in
order to minimise the back-projection error. In the present
paper, we implemented the Zhang's method with no
iterative refinement. How to automatically find-out those
correspondences was also investigated.
Image coordinate points are calculated by using the
marker extraction procedure, described into Section 3.
Moreover, world coordinate points, M, are automatically
assigned once markers of the marker library are printed
on a planar table. The correspondence among m and M
points is then assured since they are univocally classified
and identified.
Fig. 10 shows a planar table with a pattern of 25 coded
markers. Three different images were captured. Once
marker centroids are calculated, camera parameters were
obtained. Fig. 10.d depicts the location of the three
reconstructed cameras (their position and orientation
correspond to external camera parameters). World
coordinate points are also shown as circle markers.

5 3D reconstruction
In the present research, two commercial low-cost
webcams, calibrated according to the previous method,
were adopted and arranged in stereoscopic configuration
(fig. 11) to reconstruct the 3D coordinates of any point if
its image projections (that is, the marker centroid points)
are given.
Cameras were mounted on a tripod, at a maximum
baseline of 420 mm, with a spherical joint-fixture.
Cameras were synchronised by using the VCAPG2 openlibrary [27].
How to numerically calculate the 3D position
("triangulation" phase), starting from the PPM matrices of
the two cameras and the related image points, is wellknown into computer vision community [1].
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Output image color
Auto-focusing
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a - r = [10, 70, 90]°

b - r = [70, 10, 0]°

c - r = [70, 0, 0]°

d - r = [0, 10, 45]°

Microsoft® LifeCam Cinema
HD 720p
30 Hz
720 x 1280
RGB
Switchable
USB

Fig. 11 "Home-made" stereoscopic device

6 Case studies
The proposed marker extraction algorithm was tested
both on computer simulated data and real data.

6.1

Computer simulations

Computer simulations were adopted to study the
sensitivity of the marker extraction parameters (Δfill, Δpos,
Δangle and Δconf) on camera orientation.
The simulated camera had the following properties:
α=900, β=900, c=0, u0=620, v0=877.
Parameters
rx (°)
ry (°)
rz (°)
Δfill
Δangle (°)
Δpos

Levels (1, 2, 3)
0.0
10.0
70.0
0.0
10.0
70.0
0.0
45.0
90.0
0.4
0.6
0.8
10.0
30.0
60.0
0.9
1.2
1.6

Tab. 1 Parameters and their levels

To study the sensitivity of those parameters a factorial
design approach was used [28]. Tab. 1 reports variation
levels for every parameter. The confidence factor, Δconf,
was assumed equal to zero to avoid any false marker
detection. Camera orientation was parameterised by
using rotation angles (rx, ry and rz) defined around the
world coordinate axes (z axis is intended as perpendicular
to the image plane). Camera position was constant and
equal to t = [0, 0, 1400].

June 15th – 17th, 2011, Venice, Italy

Fig. 12 Some 2x2 patterns for sensitivity analysis
6

Adopting a full factorial analysis, 729 (=3 ) combinations
were generated. For every combination, firstly, the
simulated projective images (see fig. 12) have been
calculated by applying the pin-hole camera model (as
stated into eq. 6.b); then, the marker extraction procedure
has been accomplished and the number of detected
markers has been stored.
It is of interest evaluating the mean effects of every
parameter. Looking a fig. 13.a, notice that the rotation
around z axis slightly influences the number of extracted
markers. On the contrary, rotations around x and y axes
show a high incidence on the number of detected
markers. This is especially true when moving to level 3
("70°"). This demonstrates that the marker extraction
algorithm is insensible to rotations of the same marker
around its normal axis, but it strongly depends on
"oblique" camera orientations.
# Detected Marker (mean value)

Generally speaking, triangulation methods may be
classified as linear and non-linear. The first ones minimise
an algebraic error. The non-linear approaches, instead,
minimise a non-linear cost function with an iterative
solver. Despite the non-linear algorithms can give more
accurate results, they may become instable due to
numerical convergence errors. On the other hand, the
linear approaches are faster and stable, but less
accurate. In the present paper we implemented the
"Linear-Eigen" method as originally described in [1].

2,5
2
1,5
1
0,5
0

Fig. 13.a Mean effects for marker extraction

Considering both Δfill and Δpos parameters it seems that
when adopting too low thresholding values ("0.4" and
"0.9", respectively) the marker extraction algorithm
exhibits a low efficiency. Moreover, Δangle parameter plays
a poor role on marker extraction.
Based on these preliminary findings, we are now aimed
to evaluate the maximum rotation angle, over that the
marker extraction procedure reduces its efficiency (the
efficiency is here the number of extracted markers over
the number of available markers). A new simulation was
performed by setting ry=0°, rz=0°, Δfill=0.7, Δangle=15°,
Δpos=1.4. rx was assumed to vary into the range [0, 80]°. A
5x5 pattern was simulated. Fig. 13.b shows the results.
We observed that the marker extraction procedure is quite
stable until 70°. Then, it decreases its efficiency, which
goes toward zero, for a rotation angle of 80°.
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Fig. 13.b Rotation angle vs efficiency
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Fig. 15 Caltech approach vs our approach

Calibration on real data

The proposed marker extraction procedure was used to
calibrate the Microsoft® LifeCam Cinema camera (image
resolution 1280x720). A comparative analysis was
performed with results coming-out from the Caltech®'s
camera calibration toolbox.
Figure 14 depicts the adopted calibration patterns. Both
patterns were attached on a planar surface and then the
camera was moved around, capturing both patterns at the
same time. Six sets of calibration images (5, 7, 10, 15, 20,
25 images) were captured and for each of them the
calibration was performed. Fig. 15 shows the results of
the calibration. Tab. 2 reports mean and standard
deviation variations, calculated over the number of sets of
images. Notice that Caltech's calibration results exhibit
significant standard deviation values, meaning that the
number of calibration images highly influence calibration
results. On the contrary, our approach appears to be
more stable (low standard deviations).

α
β
u0
v0

Caltech approach
mean
std
1014.15
20.00
1028.03
14.47
616.12
9.99
431.98
18.09

Our approach
mean
std
989.58 2.71
986.01 2.53
647.85 0.82
379.94 1.64

Tab. 2 Caltech approach vs our approach

For sure, better results, for both methods, can be
reached by separately taking photos with the highest
image coverage for each pattern. In the previous case
study, instead, to operate in the same camera conditions,
we took photos looking at both patterns at the same time.
The proposed calibration method was also tested to
study the sensitivity of calibration results for different
calibration patterns, that is made of different marker
configuration. As shown into fig. 16, calibration data,
based on ten calibration images, are slightly affected by
the pattern (for instance, 5x5, 5x4, 5x3, 5x2, 3x3, 3x2 and
2x2 patterns were tested). This means that the calibration
process can be done also with a simple 2x2 calibration
pattern, but more markers are suggested for more
accurate results.
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400

b - Caltech's pattern

Fig. 14 Calibration patterns
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Fig. 16 Sensitivity of the number of calibration points
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Two synchronised videos were captured by the same
calibrated cameras described before. Fig. 17 depicts
some frames extracted from videos of left and right
camera.
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a - Caltech's calibration results
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a - frame 5 (left)

b - frame 5 (right)

c - frame 20 (left)

d - frame 20 (right)

e - frame 35 (left)

f - frame 35 (right)

Fig. 17 Some extracted frames

Two toy-cars, on which two coded markers were
previously attached (marker #4 and marker #6), were
manually pushed on the relative tracks. In particular, the
car with marker #4 was moved on the outer-track;
instead, the other car with marker #6 on the inner-track.
Fig. 18 shows the result of the object tracking procedure,
by triangulating the centroid points of the recognised
markers.

Fig. 19.a Calibration GUI

marker #6 trajectory

marker #4 trajectory

Fig. 18 3D reconstruction of a trajectory
Fig. 19.b GUI for marker tracking and 3D visualisation

7 Implementation
All algorithms described in the present paper were
implemented into a friendly advanced GUI, fully
developed in MatLAB®.
Fig. 19.a shows the calibration interface. After importing
the calibration images, markers are automatically
extracted and the correspondences between calibration
points are calculated. A fast previewing of camera
locations is also available.
The 3D stereo-tracking is driven by the 3D-stereo GUI
(fig. 19.b). User has to import synchronised "LEFT" and
"RIGHT" videos and the related calibration data. PPM
matrices are automatically calculated and the location of
cameras is shown into the "Post-Processing GUI".
June 15th – 17th, 2011, Venice, Italy

The marker tracking is initialised by picking the
"INITIALIZE" button. Then, the "STEREO 3D" button
performs the marker tracking as discussed into Section
3.3. 3D reconstructed points can be exported into "ASCII"
format and, then, post-processed into any CAD
environment.

8 Conclusion
It was illustrated a general algorithm for marker
detection to classify and track object points from videos.
Mainly based on a planar homography, the proposed
automated procedure requires only six input parameters:
four for marker detection and classification, and two for
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marker tracking. We investigated the sensitivity of some
of these parameters on marker detection efficiency.
Results showed that the proposed algorithm is quite
stable to small variations of such parameters.
Furthermore, markers can be recognised to almost 70°
from the marker normal.
The algorithm of marker detection was also adopted to
perform camera calibration. Numerical experiments were
done to understand the sensitivity on the estimation of
camera parameters. A comparison with a welldocumented calibration tool, mainly based on a cornerextraction routine, was accomplished. Results pointed-out
that our method is less influenced by the number of
calibration images as well as the number of calibration
points.
However, further analyses are required to understand
the sensitivity of the proposed method when changing
illumination and when marker occlusion occurs. In fact,
lack of illumination or shadows may influence the
recognition process. Moreover, if the visual marker code
is partially occluded, there is no guarantee, at the
moment, to recognise it and to rightly match with the
marker library.
The proposed scheme for marker detection allows to
easily extend the marker library by editing or adding more
marker layout (with reference to the area code), as well
as to consider an inner higher resolution.
The classification process is actually performed by a
correlation criterion. Since this method is thresholdingbased, false markers may be classified. More
investigations are then required to improve the efficiency
of this algorithm.
Finally, in order to provide a more versatile and flexible
tool, not-planar markers should be also accounted.
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