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Abstract. In this paper, we present a novel optical tracking approach to accu-

rately estimate the pose of a camera in large scene augmented reality (AR). Tra-

ditionally, larger scenes are provided with multiple markers with their own iden-

tifier and coordinate system. However, when any part of a single marker is oc-

cluded, the marker cannot be identified. Our system uses a seamless structure of

dots where the world position of each dot is represented by its spatial relation to

neighboring dots. By using only the dots as features, our marker can be robustly

identified. We use projective invariants to estimate the global position of the fea-

tures and exploit temporal coherence using optical flow. With this design, our

system is more robust against occlusions. It can also give the user more freedom

of movement allowing them to explore objects up close and from a distance.

Keywords: Optical Tracking, Structured Pattern, Projective Invariant, Augmented

Reality

1 Introduction

Estimating the pose of a camera accurately and robustly is essential to achieve a stable

augmented image. It is the basis of any Augmented Reality application, ranging from

entertainment to medical visualization. In many cases, the image to be augmented is

also the basis for the tracking system. These optical trackers provide an inexpensive

solution to the pose estimation problem.

The majority of camera based tracking systems use markers placed in the envi-

ronment. These markers need to be completely visible to the camera to identify and

calculate the transformation of the camera. Most systems fail when even a tiny portion

is occluded. To compensate for this, they use multiple markers to have redundant infor-

mation. This poses a trade-off between the number of markers and the minimum size

for the information to be read out which translates into robustness versus accuracy.

We propose to use a seamless pattern of spatial coded dots. Individual dots are

identified by the spatial relation between them using projective invariant properties. As

long as a minimum set of identifiable dots is visible anywhere in the image, a global

pose (the absolute pose in a predefined coordinate system, e.g. defined by the marker)

can be estimated. This makes our system more robust against occlusions than other
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marker based systems while maintaining an accurate pose estimate. Using a virtual and

real test setup, we show that our tracking system reports a camera pose with an accuracy

up to 1 mm and 0.06◦, even with large occlusions. This results in a stable augmented

image.

2 Related Work

There are different kinds of trackers, such as acoustic and mechanical trackers, that are

able to estimate an object’s pose. These trackers, however, are often too expensive or

difficult to setup correctly. Optical trackers, on the other hand, can be made cheaply and

the required cameras can be found in a wide range of devices these days.

Optical trackers can be classified into categories using different conditions. First,

one can classify optical trackers as ‘outside-looking-in’ and ‘inside-looking-out’ track-

ers [27]. Outside-looking-in trackers use multiple calibrated cameras to determine the

pose of one or more objects that move through the environment, while inside-looking-

out trackers use one camera to determine its own pose with the help of the environment.

Since inside-looking-out trackers are more suitable for applications such as augmented

reality and virtual reality, and are more readily available than outside-looking in trackers

(only one camera is needed), we will focus on this kind of optical trackers.

A second categorization is whether the tracker uses markers or natural features.

Trackers can use natural features, such as corners and edges, as reference points. These

trackers can be subdivided into different categories. PTAM [14], PTAMM [5] and vS-

LAM [12] for example build a feature map, used for tracking, at runtime. Visual Odom-

etry [22] on the other hand only uses the information from the last few frames to de-

termine the movement of the camera. Natural feature based trackers make it possible

to determine the pose of the camera without adding markers in the environment, which

means that they can work in unknown environments. These trackers, however, usually

have several disadvantages. Most natural feature trackers only return a pose relative to

the starting position instead of an absolute pose. This can make it difficult to align aug-

mented reality objects with the real world. A solution to this problem could be to create

a feature map first and reuse this map in subsequent executions in the same environment

or to add a fiducial marker to the environment for initialization. Another disadvantage

of natural feature trackers is that they often need to determine the positions of the fea-

tures at run-time using only new features relative to existing features. This leads to an

accumulation of errors and thus a decreased accuracy over time resulting in the esti-

mated camera pose drifting away from the true pose. Again, this can be countered by

providing a feature map of the environment, but creating an accurate map is often a time

consuming and difficult task not suitable for most people. Natural feature trackers also

need to detect a good amount of unique features, otherwise they will fail to determine

the pose of the camera. Some control over the scene, for example adding more textured

objects, can resolve this problem, but this is contrary to the purpose of natural feature

tracking.

Marker-based trackers are trackers that use artificial features that are placed in the

environment. These features, called markers, often contain an identification pattern, or

some other method to identify them, they can serve as reference points that are used
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Fig. 1. A few different markers: (a) ARToolKit. (b) InterSense’s marker. (c) PiTag (from [13], [19]

and [2]).

to estimate the camera’s extrinsic parameters. These extrinsic parameters relate world

space coordinates to camera space coordinates, and thus describe the position and ro-

tation of the camera. The markers deliver reference points or 2D-3D correspondences

between the image plane and the real world that can be used to estimate the pose. Since

the world position of these points is already known, the pose can often be estimated

more accurate than with natural feature trackers. Markers can have different shapes, as

can be seen in Figure 1, and those shapes have different advantages. Square markers,

such as ARToolKit markers [13] and ARTag markers [9], usually have a thick black

border, which is used to detect the marker while the inner part of the marker contains

an identification tag. This tag often is an image or a binary code. Since the world-space

position of the marker’s four corners can easily be determined, they can be used to esti-

mate the extrinsics of the camera. Circular markers such as TRIP [15] and InterSense’s

markers [19] also contain an identification tag, but the pose must be estimated using

the shape of the projected circle, or with the help of multiple markers. According to

Rice et al. [20] square markers can contain more data, but the pose can be calculated

more accurately with the help of circular markers. Another more recent form of fiducial

markers are marker fields [23]. Marker fields can be described as a grid of mutually

overlapping partial markers, which allows the fiducial marker to be partially occluded.

Another possibility is to only use dots as markers and store the identification in

the relation of the positions of the dots. This is the case for marker systems such as

Pi-Tag [2] and Random Dot Marker [25], which both use a projective invariant, i.e. a

property that does not change under a projective transformation, to identify the points.

Another example is RUNE-tag, which can be seen as a hybrid between dot based mark-

ers and circular markers [1]. These dot-based trackers have the advantage that the mark-

ers take up a relatively small area in comparison to the square and circular markers. The

biggest part of the area that these dot-based markers span is empty, which means that

those areas often can be occluded without too much negative effects for the pose es-

timation algorithm. Square and circular markers on the other hand fill the area which

means that even a small occluding object can already result in a failed detection or iden-

tification.

The previously mentioned trackers have a limited tracking span. Maesen et al. [17]

proposed a system that uses dots, but does not store any identification information in

these features. This results in a system that can be easily extended to larger areas, but
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as a trade-off only returns a pose relative to the starting position and not to a fixed

predefined coordinate system. Maesen et al. [18] recently proposed a new system that

encodes the position of the dots using De Bruijn codes and decodes the positions with

the help of cross-ratios. This allows the tracker, contrary to their earlier system, to es-

timate the pose in relation to a predefined coordinate system. While they can support

a very large tracking area accurately, their system has little redundant information to

handle large occlusions. Saito et al. [21] created a system that encodes the position in

the rotation and relative position of images that are placed on a plane. The result is a

system that feels less artificial than other marker-based systems but is also less accurate.

Another way of increasing the tracking space is to place multiple markers in the

environment, such that at least one marker is viewable from the camera. The main dis-

advantage of this method is that the position of each marker needs to be determined

after placing it. One could also place the markers in a grid, but still needs to find a good

balance between tracking distance and robustness against occlusions. Decreasing the

size of the markers also decreases the tracking distance but allows more markers to be

visible. Increasing the size, decreases the chance that a complete marker is visible in

the frame and therefore reduces robustness against occlusions. Libraries such as AR-

ToolKitPlus [26] and ARUco [10] allow this kind of setup. Chen et al. [6] proposed a

system where they use a map of random dot markers to track the camera over a larger

area. While their system is able to handle occlusions very well, it also inherits a draw-

back of random dot markers. Because of the exponential increase of invariant relations

that the tracker can find between detected points, the computation time can increase

dramatically in cases where the detector finds a lot of points.

Our proposed system of a seamless spatial encoded pattern is designed so that any

part of the pattern can be used for tracking. In contrast to the state of the art approaches,

our system does not require a whole marker to be visible but only multiple distributed

parts. This makes it more robust for large occlusions than most other marker designs.

The design is partly based on the grid of dots that Maesen et al. [17] proposed, but

introduce a robust spatial coding scheme for global pose estimation. We encode the

position of each line in the grid with a unique relative placement of the dots on the

lines. Thanks to the cross-ratio projective invariant [7], we are able to reconstruct this

placement which allows the identification of the lines. This in turn allows us to identify

the position of each visible dot, which is used to give an accurate estimate of the pose

of the camera. Our system is especially designed to be robust against large occlusions

as can be seen in the next sections.

3 Structured Dot Marker

Our tracking pattern consists of a spatially encoded set of dots. Compared to conven-

tional marker systems, the dots themselves do not contain any identification informa-

tion. This makes them very small, easily detectable and harder to occlude than large

markers. The identification of a single dot requires the spatial relationship between its

neighbors. The dots are placed on a grid structure consisting of two sets of parallel lines

and are uniquely spaced to create a coded pattern. Figure 2 shows part of the structure

of our marker. The dots on each line are repeatedly spaced according to three distances
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Fig. 2. The structure of our marker. Only a small part of a possible setup is shown here. Each line

has a different set of distances between the points. The set (x1,y1,z1) for example is not equal to

the set (x2,y2,z2) since both y1 and z1 are not equal to y2 and z2 respectively.

x, y and z. Each line has a unique set of distances and the sum of those distances is al-

ways equal to the line distance l, which is the distance between two subsequent parallel

lines. This means that for two different lines l1 and l2 the corresponding sets of dis-

tances (x1,y1,z1) and (x2,y2,z2) are never equal to each other. Each intersection of two

perpendicular lines also corresponds with a dot. By utilizing these properties it is pos-

sible to determine the world-space position of each dot, which allows us to accurately

estimate the camera’s true pose.

4 Tracking

As can be seen in Figure 3, the algorithm consists of four important steps: image cap-

ture, detection, identification, and pose estimation. The image capture step acquires

an image from the input system. The captured image is passed on to the detection

step, which consists of a dot detection step and the detection of (virtual) lines passing

through the detected points. This information is then passed down to the identification

step, which identifies the lines and the points lying on those lines. Using the identified

points we can estimate the extrinsic parameters of the camera. In some cases where it

is not possible to identify enough points, we switch to an optical flow tracking algo-

rithm which uses information from earlier frames to track previously identified dots.

The following sections describe each step in more details.

4.1 Image Capture

The first step in the algorithm acquires an image from the input device. Input can be

taken from a camera, a video or a virtual scene. Because we assume that we are working
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Fig. 3. Overview of our tracking algorithm. Our system consists of 4 steps, more specifically

image capture, detection, identification, and pose estimation.

with a standard pinhole camera model, we need to undo the lens distortion on the image.

It is more efficient to only undistort the positions of the detected points right after the

dot detection step. The first option will take more computing time than the latter, but

it can be more suitable for certain applications such as augmented reality, where one

needs to display the input image in the background.

Both lens distortion and intrinsic camera parameters (focal length, principal point,

etc.) can be calculated in a preprocessing step as they do not change when using a fixed

focus camera. We do this by using a checkerboard pattern provided by the OpenCV

framework [4].

4.2 Dot Detection

After acquiring the image we need to detect the dots that are visible in the image. This

step consists of a thresholding algorithm which creates a binary representation of the

image, and a connected component labeling algorithm which groups the pixels belong-

ing to the same object together. We used the adaptive thresholding algorithm described

by Bradley and Roth [3] to create a detection algorithm that can handle to varying light-

ing conditions. This makes it possible to detect dots that are hulled in shadows, or to use

the tracker in most environments without the need to manually change the thresholding

parameters.

As soon as we have the binary representation of our input image, we use the two-

pass connected component labeling algorithm described by Di Stefano and Bulgarelli

[8] to detect the pixels belonging to the same object. Objects are filtered using their

size, the number of pixels, and the ratio between the number of pixels and the area of

the bounding box, so that only the objects remain that are most likely a dot. The centers

of gravity of the remaining objects are assumed to be the image positions of the dots.

These are the points that we will try to identify. In the following step they will be used

to calculate the lines passing through the points.

4.3 Line Detection

In this step, we determine the lines passing through the points. This is done by iterating

over each point that is not yet part of a line, and selecting its two nearest neighbors. We

then generate the two lines that pass through the selected point and each of its neighbors.
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Fig. 4. Illustration of the projective invariance of the cross-ratio τ . In this example, according to

the property of the cross-ratio, τ(A,B,C,D) = τ(A′,B′,C′,D′) = τ(A′′,B′′,C′′,D′′).

For each line we determine the detected points that lie on it: the distance from the point

to the line should be smaller than a certain threshold. We update the parameters of the

line for each point that lies on it to make sure that we find most of the points on the line.

A line will only be passed to the line identification step when there are enough points

associated with it. The line identification step will filter out falsely detected lines.

4.4 Line Identification

After detecting the lines we must identify them. We use the projective invariant cross-

ratio, which, combined with the fact that the distances between the points on the same

line are repeated, allows us to identify the lines.

Cross-Ratio The cross-ratio of four collinear points can be calculated as follows [7]:

τ(A,B,C,D) =
d(A,C)

d(B,C)
/

d(A,D)

d(B,D)
=

d(A,C)

d(B,C)
·

d(B,D)

d(A,D)
(1)

where d(A,B) is the signed distance from A to B such that d(A,B) = −d(B,A). The

cross-ratio is projective invariant, i.e. if we look at the projection of four collinear points

on the image plane, the cross-ratio of those projections is always the same and thus

it is independent of the camera’s pose. This means that in Figure 4, τ(A,B,C,D) =
τ(A′,B′,C′,D′) = τ(A′′,B′′,C′′,D′′). Calculating the cross-ratio using a different order

for the points can result in a different value. In fact there are six different cross-ratio

values for each set of four collinear points, but these values are all dependent on each

other. If we use the same order of points or if we reverse the order, the resulting value

will always be the same.

Identification It would be easy to identify the lines if we knew the true distance be-

tween the points, but it is well known that under a projective transformation the distance
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Fig. 5. For six subsequent points there are three independent cross-ratios (λ1, λ2, λ3) as shown in

this example.

between two points is not preserved. Since the cross-ratio of four collinear points is de-

pendent on three variables, namely the three distances between the points, one needs to

have three cross-ratios that are dependent on these distances to reconstruct the original

distances. For the repeated dot pattern on a line one can find three cross-ratios for six

subsequent points, as can be seen in Figure 5. These cross-ratios can be written as:

λ1 = τ(x,y,z) =
(x+ y)

y
/

x+ y+ z

y+ z
=

(x+ y) · (y+ z)

y · (x+ y+ z)
(2)

λ2 = τ(y,z,x) =
(y+ z)

z
/

x+ y+ z

z+ x
=

(y+ z) · (z+ x)

z · (x+ y+ z)
(3)

λ3 = τ(z,x,y) =
(z+ x)

x
/

x+ y+ z

x+ y
=

(z+ x) · (x+ y)

x · (x+ y+ z)
(4)

Since scaling the distances with a constant gives the same cross-ratio (thus τ(x,y,z) =
τ(kx,ky,kz)), we need to make sure that we find the correct solution. This can be done

using the line distance, since

l = x+ y+ z (5)

We can now rewrite equations (2), (3) and (4) as follows:

y =
x · z

l · (λ1 −1)
(6)

x =
y · z

l · (λ3 −1)
(7)

z =
x · y

l · (λ2 −1)
(8)

If we replace y in (7) by (6) and z by (8) we respectively find:

z = l ·
√

(λ1 −1)(λ3 −1) (9)

y = l ·
√

(λ2 −1)(λ3 −1) (10)

which can be substituted in equation (7) to find x. We can now use these equations

to calculate the original distances between the points. Because of measurement errors

and noise, the reconstructed distances will also contain noise. We are able to cope with
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this by limiting the number of possible distances, i.e. rounding the calculated distances

(x,y,z) towards the nearest available correct distance values (x̃, ỹ, z̃).
It is a good idea to limit the number of positions on which a point can be placed by

dividing the length l in intervals, and placing the dots only at those intervals. Assuming

that the line distance l is set at 80mm, and every point is placed at one of the 80 different

intervals: the maximum allowed error for the calculated distances is 0.5 mm. If we

would only allow 40 intervals of 2 mm, the maximum allowed error would be 1 mm.

This means that we can increase the robustness against noise by decreasing the number

of positions on which a point can be placed at the cost of a smaller set of lines that can

be used by the marker. We can achieve this by replacing l by the number of intervals

between two subsequent lines and setting the distances x, y and z equal to the number

of intervals between the points.

The calculated distances are used to construct a unique hash-value to identify the

lines:

h = d1 +d2 · l +d3 · l
2 (11)

where d1, d2 and d3 are the corresponding distances x̃, ỹ and z̃ sorted in ascending order:

(d1,d2,d3) = sorted(x̃, ỹ, z̃) (12)

The resulting value can be used to lookup information about the line, like whether the

line is a horizontal or a vertical line and the position of the line along the axis. This

hash-value also adds the constraint during the generation of the setup that the sum of

the distances has to be unique for each line. One should always check that the sum of

the distances is equal to l before checking the hash as this will filter out most outliers.

The set of distances where d3 − d1 ≤ 1 should be avoided to encode a line in the

setup. The reason for this is that these distances result in cross-ratios that are almost

equal to those of lines with evenly spaced dots, which turns out to be very common in

our setup (for example diagonal lines passing through the intersection of perpendicular

lines).

Each group of six subsequent points that is identified is stored for that line, and

will be reused in the point identification stage. We ignore a line if there are conflicting

identifications for it.

It might be possible that, at the end of this step, there still are some incorrectly

identified lines. This is something that we have to take into consideration in the point

identification step.

4.5 Point Identification

It is possible to identify the points if we have at least three correctly identified lines,

where one line is perpendicular to the other two. We are able to determine at least one

coordinate of the points on these lines since we know the horizontal or vertical location

of the lines. This means that we only have to find the position of the point along the

line.

We used a RANSAC approach to determine the positions of the detected points.

First, we randomly select three identified lines, where two (E1 and E2) of them are

parallel to each other and the other one L is perpendicular to them. This means there are
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two intersection points, whose positions, on the marker plane and on the image plane,

we know: the intersections of E1 and E2 with L. We call these points the anchor points,

as they help us determine the absolute world positions of the detected points. Using

this information it is possible to determine the directions of the axes of the coordinate

system. For example, if we know the position of E1 along the x-axis is smaller than the

position of E2, then we know that x-axis of the coordinate system is parallel to L and that

it increments in the direction of E1 to E2. Because of this we also know the direction

of the y-axis. After determining the directions, the points on the lines are ordered in

ascending order.

For each line L, E1 and E2 we can now determine the positions of the points by

looking at each group {G} of six subsequent points. Each group {G} was found during

the line identification step. An example of this calculation is given in Figure 6:

1. Determine the relative positions of the points in {G} such that one point, which lies

on the intersection of two lines (not necessarily the anchor points), is placed at the

origin of this relative system (its position along the line is zero).

2. Use these relative world positions of the points in {G} and their positions along the

projected line to determine the homographic transformation H which maps points

on the projected line to the original line. We describe a method to determine H later

on.

3. Map the image position p of one of the anchor points to this relative world space

using H. Call this position p′.

4. The displacement from the relative positions to the true positions is given by a− p′

where a is the true position of the anchor point.

5. The true displacement δ can be found by rounding of the calculated displacement

to the nearest multiple of l.

6. Add δ to the relative positions of the points in {G} to find the true world position.

We need to do these steps for each {G} because H is too inaccurate to determine the

location of the points on the lines outside of group {G}. This is also the reason why

we place the relative coordinate system at an intersection: since the distance between

this intersection and the selected anchor point always is a multiple of l it is possible to

remove the error in the displacement a− p′ by rounding it to the nearest multiple of l.

The transformation H can be calculated in a similar way as the Direct Linear Trans-

formation (DLT) for obtaining the 2D homography [11]. The matrix H is given as:

H =

[

h11 h12

h21 h22

]

The linear system to be solved is:

Ah = 0

with

A =







−e′1 −1 e′1 · e1 e1

...
...

...
...

−e′n −1 e′n · en en
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Fig. 6. The world positions of the two intersection points are determined using the lines’ informa-

tion. Note that this position is not yet coupled to the underlying dot. The relative positions of the

points in a group is determined, and this information is used to determine the offset. Considering

anchor-point A1 the displacement equals 120−80 = 40 where 120 is the true position along the

line and 80 is the relative position determined using H.

where ei are the signed distances to a reference point along the projected line, e′i are the

signed distances to this reference point along the line in world space and

h =
[

h11 h12 h21 h22

]

⊺

This equation can be solved using the Singular Value Decomposition (SVD). A position

on the projected line can be mapped to the world line as follows:

λ

[

e′

1

]

= H

[

e

1

]

After calculating the positions of the points on the three selected lines we can calculate

the positions of the other points in the image by using a 2D homography that maps

the points in the image to the marker plane. If an unprojected point is close enough to

another point on the plane the unprojected point is assumed to be that point and the

image point is assigned that position.

Because of the fact that some lines may be falsely identified it is necessary to select

multiple sets of three lines and only keep the results of the best set. We can use these

image-space and world-space correspondences to determine the pose of the camera as

in section 4.7.

4.6 Optical Flow Tracking

Even if not enough points are detected to establish full identification, we still want to

identify those points. This situation happens for example when the camera moves too

close to the marker plane, in which case we are unable to find enough points to detect

and identify lines. Another situation where this can happen is when the camera view is
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occluded, leaving only very few markers visible. By exploiting the temporal coherence

between frames, we can still identify these detected dots using optical flow tracking. By

keeping track of the pose of the camera in the last few frames, it is possible to estimate

the new image-space position for the current frame using extrapolation. This new pose

can be used to estimate the new position of the points that we identified in the previous

frame. Next, we map the points detected in the new frame to the estimated locations

which gives us new 2D-3D correspondences, which are used to estimate the real pose.

The mapping is done by finding the nearest detected point in the new frame for each

estimated position. It is possible that during the mapping step some point are falsely

identified. These outliers can be detected by reprojecting the position of the dots on

the image. Assuming that we have more inliers than outliers, the outliers will have a

larger reprojection error than the inliers. The inliers can then be used to determine a

homography between the image plane and the marker plane, so that the newly detected

points can be identified.

4.7 Pose Estimation

Given the 2D-3D correspondences, we minimize the reprojection error with the help of

the projection equation that projects a given 3D point (X ,Y,Z) on the image plane using

the estimated extrinsic parameters R and t. The reprojection error can be calculated

using the sum of squared differences (SSD):

e =
N

∑
i=1

(

(xi − x′i)
2 +(yi − y′i)

2
)

(13)

where N is the number of points, (xi,yi) is the true projection of the ith point and (x′i,y
′
i)

is the projection of the point which is calculated from the projection equation and the

estimated extrinsics:

λ





x′

y′

1



= K[R|t]









X

Y

Z

1









(14)

where (X ,Y,Z) is the 3D world point, K are the intrinsic and R and t are the extrin-

sic parameters of the camera. These extrinsic parameters relate world coordinates to a

camera coordinate system where the camera is placed at the origin.

To solve this problem, we first estimate the homography between the image plane

and the marker plane [11]. This method gives us a good initial estimate for the camera’s

pose. We can use this to initialize the Levenbergh-Marquardt algorithm which refines

the pose iteratively by minimizing Equation (13).

5 Results

Our tracking system is implemented using the OpenCV framework [4]. We used the

Levenbergh-Marquardt implementation of Lourakis [16] the estimate the pose. Both a

virtual and real world setup are constructed to test the accuracy of the algorithm as well
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Fig. 7. Both the accuracy of the position (a) and the rotation (b) decrease if the distance to the

marker increases.

as the influence of the different parameters of the setup on the accuracy. We also looked

at the processing time and the robustness of the tracker.

5.1 Virtual Setup

The virtual setup consisted of an OpenGL scene that contained our marker. This allowed

us to compare the calculated position and orientation against the ground truth. We used

a reference setup to compare the influence of the different parameters. This reference

setup had a line distance of 45 mm, and the dots had a radius of 2 mm. The setup

consisted of 10 horizontal and 10 vertical lines. The segments between two adjacent

lines were split up into 40 intervals. Dots were placed on the lines with a minimum

distance of 8 intervals between each other to prevent overlapping dots. The camera had

a resolution of 640×480 pixels and a horizontal field of view of 75◦.

We first tested the accuracy of our tracker in the given setup. As we can see in

Figures 7(a) and 7(b), the accuracy decreases if the distance to the plane increases. The

maximum distance to the marker was approximately 70cm. Beyond 70cm, failure rate

increases due to the inability to detect the dots. During the tests with this setup the

average deviation was about 0.1 mm for the position and 0.01◦ for the rotation.

5.2 Real World Setup

We also tested the tracker in real world conditions. We used a low-cost camera with a

resolution of 640× 480 pixels and a horizontal field of view of 53◦. The camera was

placed on a tripod to determine the jitter. We used different poses for the camera and

did this calculation for different setups. From this information we found that increasing

the dot radius decreases the jitter for poses closer to the marker plane, but increases

the jitter for poses further away from the plane. This can be explained by the fact that

each dot now fills a larger area on the image plane, which reduces the influence of the

noise in the image, and thus result in a more stable pose when the camera is closer

to the marker. This also means that the distance between two points becomes smaller,
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Fig. 8. Influence of (a) the radius of the dots and (b) the line distance on the tracking distance and

the accuracy.

which will lead to points blurring into each other when the camera is situated at a

greater distance to the plane, which results in an increased jitter. Increasing the number

of intervals or decreasing the line distance also increased the jitter since the maximum

allowed deviation for the calculated distances in the line identification step decreased.

The average jitter for a typical desktop setup was about 1 mm for the position, and

0.06◦ for the rotation. From these results we can conclude that both noise and blur

effects influence the accuracy of the tracker.

5.3 Increasing Tracking Distance

It turns out that there are two main possibilities to increase the tracking distance: in-

crease both the line distance and the radius of the dots simultaneously, or increase the

camera resolution. As we can see in Figure 8(a), simply increasing the radius already

increases the tracking distance, but the accuracy decrements dramatically at a certain

point. Increasing only the line distance doesn’t increase the tracking distance, but it does

increase the accuracy as one can see in Figure 8(b). This can be explained by the fact

that, at a certain distance, the distance between the projected points becomes too small

to give an accurate result. Increasing both the line distance and the radius of the dots

will thus increase the tracking distance while maintaining a decent accuracy, as can be

seen in Figure 9(a). Increasing the camera resolution results in a similar behavior as can

be seen in Figure 9(b). Another method to increase the tracking distance is to decrease

the field of view, but this might be impractical in the real world.

5.4 Robustness

Next, we examined the influence of the optical flow tracking algorithm on the number

of frames for which a pose could be determined. On a prerecorded path existing of

1758 frames the number of failed identifications dropped from 81 frames to six frames

when we enabled the optical flow tracking algorithm. Figure 10(a) visualizes the de-

crease of failures when optical flow tracking is enabled. Similar results were obtained

for other paths, which clearly shows that the optical flow tracking algorithm increases

the robustness of the tracker.
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Fig. 9. (a) Influence of both the line distance and the radius on the tracking distance and the accu-

racy. (b) Increasing the camera resolution increases both the accuracy and the tracking distance.

Using optical flow tracking, it is possible to estimate the pose with at least four non-

collinear points, which makes it possible to track the pose in more unusual cases. This

allows us, for example, to move the camera close to the marker plane, as can be seen in

Figure 10(b).

The small area of the points compared to the area of the plane on which they are

placed and the redundancy of the encoded positions already allows us to estimate the

pose in cases where big parts of the setup are occluded. It can happen that the occluding

object makes it impossible to identify at least three lines, in which case the tracker can

again rely on the optical flow tracking step. This means that both marker design and the

optical flow tracking algorithm helped to create a tracking system that is more robust

against occlusions than most other marker based trackers. Examples of this are given in

Figure 11.

Since we use an adaptive thresholding algorithm to create the binary image in the

dot detection step, the tracker is able to detect dots under varying lighting conditions.

This allows the usage of the tracker in an environment where the lighting is not con-

trolled.

Intervals Offset (intervals) Number of Lines

20 1 31

20 4 8

40 1 132

40 4 79

40 8 29

60 8 126

60 12 60

80 1 531

80 8 288

80 16 100

Table 1. The number of available lines is dependent on the number of intervals in which the line

distance is split and the minimum offset between the points.
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Fig. 10. (a) Optical flow tracking can help to determine the pose for an image when insufficient

dots are visible for full identification. This histogram shows the number of frames where the pose

could not be detected in function of the number of intervals, while the camera was moving away
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Fig. 11. Even when big parts of the marker are occluded, it is still possible to determine the

camera’s pose.

5.5 Number of Lines

One of the factors that determines the area that can be tracked is the number of available

lines, since they define the height and the width of the marker’s plane. The number of

lines is dependent on the number of intervals we divide the line distance l in, and the

minimum number of intervals between two adjacent points. Table 1 gives the number

of available lines for a given number of intervals and a minimum distance. One should

be careful when choosing these values, since an increase in the number of intervals may

lead to a decreased number of successful identifications as can be seen in Figure 10(a).

These failures can be limited with the help of optical flow tracking. A decrease of the

minimum distance between the points may result in overlapping points or may increase

the negative influence that motion blur has on the detection step: if the distance is too

small two nearby dots may blur into each other, and may thus be detected as just one

point. This can of course be mitigated by decreasing the radius of the dots, but this will

also lead to a decreased tracking distance.
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5.6 Processing Time

On our test system 1 the processing time for each frame, with a resolution of 640x480

pixels, was on average 13ms or 77 frames per second. When a very large part of the

pattern becomes visible, the processing time could go up to 24ms. In our current imple-

mentation the dot detection step was approximately 6 ms, while the line detection and

the line identification step was 0.3 ms and 0.6 ms respectively. Identifying the individ-

ual dots took on average 6 ms, including the optical flow algorithm when not enough

lines are identified. The processing time of the dot detection is highly dependent on the

resolution of the images, which means that it will increase if the resolution increases.

The dot identification step on the other hand seems to be dependent on the number of

selected groups of three lines.

5.7 Comparative Analysis

In this section, performance comparisons were made between Structured Dot Mark-

ers (SDM) and two well known trackers. The first tracker was ARToolkit [13] with

its default multimarker setup and 65mm wide markers. The other tested tracker was

ARUco [10]. Its setup was a 6×8 marker grid and 35mm wide markers. The SDM grid

setup consisted of 9 rows and 6 columns, with a line spacing of 45mm. Each dot had a

radius of 2mm.

The first experiment relates to performance analysis without occlusions. For each

tracker, 1000 frames were captured whilst the camera was moved along a set path. The

experimental results are presented (red columns) in Figure 12. The green columns relate

to the second experiment of performance analysis with occlusions.

Both ARToolKit and ARUco had reasonable success rates of 78.4% and 96.9%

respectively, for the first experiment and lowered successes for the second experiment,

with ARToolKit only recording a 34.3% success rate. In comparison, SDM had a 100%

success rate for marker identification without occlusion and a fairly high success rate

of 99% with occlusion. Though the performance results were surprising, it was not

entirely unexpected that SDM would outperform ARToolKit and ARUco. As outlined

1 Desktop workstation with 2.80GHz Intel Core i7 CPU
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(a) (b)

Fig. 13. (a) The image taken by the camera. (b) A screenshot of a VRPN client using the calcu-

lated pose.

earlier, this is because our marker design is organized in a structured grid, with easily

recognized features (dots) and the ability to identify individual lines. However, our

tracking system is susceptible to abrupt movements that cause the optical flow algorithm

to fail, thereby needing to reinitialize or when the camera is hovering too close over the

marker. It is also susceptible to large motion blurs, as with any other tracker in the field.

6 Applications

We implemented both an augmented reality and a virtual reality application to show

how well it can perform in a real world situation. For example, in Figure 11(a) we can

see that our tracking solution can still produce a stable augmented image, even with

most of the dots occluded by the hand of the user. When the camera moves closer to

the pattern, the optical flow algorithm makes sure that tracking can still be continued, as

shown in Figure 10(b). Our system can also cope with objects being placed on top of our

pattern. Figure 11(b) shows that it has little effect on the tracking stability and accuracy.

We would like to refer to our accompanying video for more results demonstrating the

use of AR with our tracking system.

We added the ability to start a Virtual-Reality Peripheral Network (VRPN) server

[24] to our system. This allows (already existing) virtual reality applications that im-

plement the VRPN protocol to connect to our tracker. This means that the tracker can

easily be integrated into other applications. An example of this is shown in Figure 13.

The supplementary video2 shows these applications in action.

7 Conclusion

We proposed a novel tracking approach using a seamless structured pattern of dots that

can estimate the global position and orientation of a camera accurately and robustly.

2 http://research.edm.uhasselt.be/\%7Esmaesen/pubs/AVR14/

StructuredDotMarker.mp4
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The tracker works over relatively large areas without relying on individual identifiable

markers as used in related systems. Instead our dots are encoded using the spatial rela-

tionship with its neighbors which can be identified using projective invariants. We can

also exploit the temporal coherence between frames to establish a robust tracking re-

sult in cases where other systems fail. We have shown that our system is able to handle

large occlusions, either by objects placed on top or by dynamic occlusions of users. This

makes it very useful in Mixed or Augmented Reality applications where occlusions are

frequent.

We have conducted extensive tests in a virtual scene to identify the major parameters

that contribute to the accuracy of our system. Using the ground truth of the tracking data

in a virtual scene, we established that we could achieve a global accuracy of 0.1 mm

and 0.01◦. In our real world setup, we used a standard low-cost camera with a resolution

of 640x480 to test the accuracy in a typical desktop AR scene. These cameras suffer

from measurement noise, motion blur and lens distortion. Under these conditions, the

average jitter of our system was measured to be 1 mm for the position and 0.06◦ for the

rotation of the estimated camera pose. This gives a stable augmented image, even under

large occlusions, as shown in our results. Compared with other marker based tracking

systems, we showed that our system outperformed ARToolkit and ARUco at handling

occlusions. Our tracking system can process camera images at a rate of 77 frames per

second (average of 13 ms per frame).

Further work is planned to include hierarchical based structured dots, optimization

for mobile devices and expanding our system for more diverse applications.
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