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ABSTRACT

Head-tracked 3D displays can provide a compelling 3D
effect, but even small inaccuracies in the calibration of the
participant’s viewpoint to the display can disrupt the 3D
illusion. We propose a novel interactive procedure for a
participant to easily and accurately calibrate a head-tracked
display by visually aligning patterns across a multi-screen
display. Head-tracker measurements are then calibrated to
these known viewpoints. We conducted a user study to
evaluate the effectiveness of different visual patterns and
different display shapes. We found that the easiest to align
shape was the spherical display and the best calibration
pattern was the combination of circles and lines. We
performed a quantitative camera-based calibration of a
cubic display and found visual calibration outperformed
manual tuning and generated viewpoint calibrations
accurate to within a degree. Our work removes the usual,
burdensome step of manual calibration when using head-
tracked displays and paves the way for wider adoption of
this inexpensive and effective 3D display technology.
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INTRODUCTION

Commercial 3D displays have eluded wide spread adoption.
Glasses-based stereoscopic televisions have declined in
popularity and the “3D” feature is no longer offered on
many new models. Virtual and augmented reality headsets,
such as Oculus Rift and Microsoft HoloLens, have had a
resurgence in recent years, but these systems require bulky
headgear and either block out the physical world or lack the
physicality of a real display surface. Head-tracked displays
have the best potential for 3D display situated within a
physical work or living space.
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Figure 1. A calibration pattern rendered on a head-tracked
cubic display before (left) and after (right) visual alignment.

To create a 3D illusion, head-tracked displays use motion
parallax depth cues, which are stronger than stereoscopic
cues alone [33]. Head-tracked displays naturally support
work practices mixing 3D displays with traditional 2D
displays. For example, in a computer-aided design scenario,
orthographic views could be presented on a 2D screen
while the 3D perspective view could be presented on a
head-tracked 3D display. Multi-screen head-tracked
displays that wrap screens around a geometric shape, such
as box or sphere, provide 360° viewing around a virtual
object, which enhances the motion parallax effects and
improves 3D perception.

The principal drawback of head-tracked displays is that the
user’s viewpoint must be accurately measured in real-time
with respect to each screen of the display. Even small
inaccuracies in the rendered viewpoint can create visual
artifacts (kinked lines, oddly floating objects, and ghosting)
that can immediately and severely disrupt the 3D effect of
the display (see Figure 1).

In this paper, we propose a novel user-friendly procedure to
easily and accurately calibrate a head-tracked display. The
procedure estimates both the location of the display and the
location of user’s viewpoint relative to a head tracker. It
does not require any physical markers in the workspace and
instead uses visual patterns rendered across a multi-screen
display that are designed to appear aligned when viewed
from a correct viewpoint, but to appear distorted otherwise.
In this way, we can compel participants to place their
viewpoint in known locations relative to the display and
then measure the head-tracker error at each location to
calibrate the display. We conducted a user study to evaluate
different candidate visual patterns (concentric circles, a
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grid, and a combination of circles and lines) on simulated
spherical, cubic and box-shaped displays. We found that
participants were fastest and most accurate when aligning
patterns on a spherical display and that the combined circles
and lines pattern was most accurately and quickly aligned
across display shapes. We evaluated our procedure with a
physical cubic display using a semi-automatic camera-
based analysis. The analysis demonstrated that the method
generates an accurate viewpoint calibration that accounts
for a head-to-viewpoint offset, regardless of head-tracker
orientation and invariant of depth errors.

This work makes four main contributions. First, we propose
a novel way to measure viewpoint locations around a
geometric display by using visual patterns. Second, we
detail a mathematical approach for head-tracker calibration
that estimates both the tracker-to-display and the head-to-
viewpoint transformations. Third, we report the first
quantitative evaluation of visual error for head-tracked
displays. Fourth, we provide empirical evidence that visual
pattern based calibration with a real box display is effective.

RELATED WORK

Head-tracked 3D rendering has been used with a number of
previously proposed display systems. Calibration for
electromagnetic tracking systems, multi-screen/projector
systems and Augmented Reality systems have been
extensively studied, but few have provided head-tracker
calibration procedures other than manual tuning. 2D visual
patterns have been proposed as fiducial markers in position
tracking and calibration systems, but 3D patterns have not
been well explored.

Fish Tank Virtual Reality Displays

Head-tracked 3D displays that used stereoscopic and
motion parallax cues were first introduced as a practical
way to view 3D data on a desktop monitor [1]. This
concept, termed Fish Tank Virtual Reality (FTVR), was
proposed as an alternative to Head Mounted Displays
(HMDs) and immersive Virtual Reality (VR) rooms [8] of
the time. The original user studies with FTVR displays
demonstrated the surprising result that head-tracking
provided stronger 3D cues than stereo alone [33]. An issue
with early FTVR systems was the limited range of viewing
angles. The user had to remain in front of the single
monitor, thereby limiting their head motion, and
consequently reducing the strength of motion parallax depth
cues. Multi-screen FTVR displays have been developed that
allow for a large variety of viewing angles, including 360
degree viewing around an enclosed volumetric display.
Different configurations include: inward facing box [10],
outward facing box [17, 28], tabletop [15, 7], cylinder [19]
and sphere [5, 11]. Head-tracking has also been used to
enhance video game experiences [21] and adapt
stereoscopic display parameters [22].

Multi-screen Calibration
Many multiscreen FTVR displays use multiple projectors to
illuminate a seamless geometric display surface. However,
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these require careful screen calibration so that overlapping
projector geometry can render without visual artifacts, such
as ghosting or brightness disparity. Multi-projector
calibration procedures for planar [35] and curved [27, 37]
display surfaces have been reported that use a camera to
automatically compute accurate transformations and
blending between projection regions. Box displays have
used small LCD screens for a compact design, which allows
them to be handheld, but has the downside of relatively
thick seams between screens [28]. Seams themselves can
enhance the 3D effect by providing occlusion cues, but
thick seams can be obtrusive and potentially disruptive to
viewing. Multiple display panels also require screen
calibration, but the accuracy requirements are lower, as the
screens do not overlap like projected screens. The few
quantitative analyses of error sources in FTVR displays that
have been reported suggest that screen calibration error
contributes significantly less to overall visual error than
head-tracker calibration error [8, 36]. However, little
previous work has addressed or quantitatively measured
head-tracker error for FTVR displays.

Tracking System Calibration

A motion tracking system is required in FTVR displays to
measure the user’s head position relative to the display. The
tracking system must be calibrated to the display, i.e. the
rigid transformation between the reference frames of the
tracking system and display must be found. This is often
done by tedious manual tuning, but standardized procedures
have been proposed whereby the transformation is
estimated from a corresponding set of tracker-measured and
physically-measured 3D points. For example, Kindratenko
et al. [20] used an electromagnetic (EM) tracking system to
record the tracked position at several locations in the
CAVE. The locations were precisely determined using a
sensor mount consisting of a 1’ x 1’ x 0.1” wooden board
with housing for a 2°, 4°, 6°, or 8 pipe. By moving the
board between marks on the floor and changing the pipe
length, the sensor could be placed at a number of known
locations with a precision of 0.5 cm. Other systems have
used an optical system for calibration [25, 32]. EM tracking
systems are often calibrated in this way because EM
distortion can skew position-tracking measurements across
the workspace [6, 14].

Viewpoint calibration

Although a head-tracker can be accurately calibrated, the
actual viewpoint of the user is often offset from the
tracker’s measured “head” position. If a head-marker is
worn, there will be an offset; however, even markerless
trackers, such as the Kinect, result in a reported head
position that is not aligned with the user’s viewpoint. Most
FTVR displays assume a constant offset from head-marker
to the user’s viewpoint [28]. Madritsch et al. [23] describe a
model for locating the position of a user’s eyes when
viewing an FTVR display. Glasses with trackable markers
are worn by the user and a constant offset is applied in the
user’s reference frame to locate the eyes.
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Czernuszenko et al. [9] developed a method for accurate
tracker calibration of a projector-based VR system which
involves the user aligning physical and virtual markers at
several different head positions. Physical markers are
placed at known locations and virtual markers are rendered
to appear at the same location. The viewer wears a pair of
tracked glasses and uses a controller to align the virtual
markers with the physical markers and record the offset
vector at the current head position. This is repeated at any
point with considerable misalignment, and an appropriate
lookup table is built.

Augmented Reality Calibration

Augmented Reality (AR) displays overlay virtual imagery
onto real-world environments, either by projecting onto
objects or using a see-through HMD. Calibration errors of
the user’s viewpoint to the physical world in AR are highly
noticeable and result in misalignment or ghosting of the
virtual overlay. For this reason, static [3] and dynamic [4,
12] calibration schemes have been well studied in AR,
including detailed quantitative error analysis [16, 24]. An
advantage of HMDs is that the user’s eye locations can be
accurately measured using the HMD device because of its
close proximity to the user’s eyes [26]. The semi-
transparent screen of see-through HMDs also allows them
to be visually aligned similar to a rifle scope, as proposed in
the SPAAM method [31]. This method involves visually
overlapping a virtual marker on the HMD screen with a
physical marker at a known location in the head-tracker’s
reference frame. Measurements with different virtual
markers allow for estimation of the tracker-to-screen planar
homography, and the method can be extended to binocular
viewing [31].

Previous to our work, it has not been possible to perform
SPAAM-style visual alignment with FTVR display screens
which are looked-at rather than looked-through. Our
proposed approach using visual patterns makes this
possible. Our method also differs from SPAAM because it
recovers both the tracker-to-display and head-to-viewpoint
transformations and does not rely on a planar homography
and therefore can be used with spherical displays.

Pattern-based Fiducial Markers

2D patterns have been widely used as fiducial markers in
position tracking systems, including the popular AR-
Toolkit [18] and patterns optimized for visual robustness
[13]. Markers that generate view-dependent moiré¢ patterns
have also been used to measure position and orientation
with a single camera [34]. In this work, we explore 3D
patterns that can be used to guide the orientation of a
participant’s  viewpoint; evaluate different candidate
patterns; and develop a robust calibration technique that
exploits these patterns.

INTERACTIVE VISUAL CALIBRATION PROCEDURE
Calibration Problem

FTVR rendering requires real-time tracking of the user’s
viewpoint relative to each screen of the display.
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Figure 2. Coordinate frames in our calibration problem,
including the display (D), tracking system (7), head (H), and
calibration point (C) frames, and viewpoint position (V). X and
d denote rigid transformations and translations, respectively.

Using a head-tracking system, the chain of transformations
to accomplish this is: viewpoint-to-head, head-to-tracker,
tracker-to-display, and display-to-screens (Figure 2). The
tracking  system  measures the  head-to-tracker
transformation (Xxr). Our proposed calibration procedure
estimates two of these transformations: the rigid
transformation from the tracking system to the display
(X7p) and the translation between the measured head
position (e.g. marker location on the head for a marker-
based tracker) and the actual viewpoint of the user (dyx).
For monocular viewing the user’s viewpoint is their eye
location, whereas for binocular viewing this is a location
fused from the view of both eyes and will be person-
dependent. Although Xyp is fixed for a stationary display
and could potentially be measured by the tracking system
[29], some tracking systems are optimized for person/head-
tracking alone and manual measurement of the display
location relative to the tracker (e.g. with a tape measure)
can introduce significant errors. We assume that
transformations between each display and each screen are
calculated with existing methods for multi-screen
calibration (see Multi-screen Calibration in Related Work).

Existing head-tracker calibration techniques involve either
tedious manually tuning of these transformations or visually
aligning physical and virtual markers [9]. The physical
markers are placed in preset locations and the virtual
markers are rendered on the surface of the display. The
individual calibrating the display must move to different
locations and, using a controller, translate the virtual
markers until they align with the physical markers. This
technique may be undesirable due to the physical markers
that must be placed at precise locations.

For rendering to the correct perspective of the user, their
viewpoint must be known in D, which can be found by
solving:

dyvp = XrpXprdyy. (1)

Once dyp is known the appropriate projection matrices can
be constructed. For planar screens (box, corner) this is an
off-axis perspective matrix, for non-planar surfaces (sphere,
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cylinder) this would require a per-pixel mapping from
parametric coordinates to pixel coordinates. In the case of a
6-DoF tracking system Xpyr can be measured directly, but
for 3-DoF tracking system only the position of H is
measured, not its orientation. In this situation, we assume
the user is looking at the center of the display with their
head upright. This way the vector separating the viewpoint
from the head from can be solved for and applied correctly.

Proposed Procedure

We propose a visual calibration technique to find two of the
necessary transformations without the use of physical
markers. A pattern is rendered on the surface of the display
such that it appears undistorted if viewed from C. The user
must then position their head such that the pattern appears
correct. This process is repeated to record correspondences
of C and the orientation and position of the head-tracked
point. An optimization process can be performed on these
correspondences to provide accurate estimates of the
display to head-tracker (Xzp) transformation and the head to
viewpoint (dyz) translation. For the 6-DoF head tracking,
where the tracker measures Xgr, the viewpoint position
should be coincident with the origin of C, therefor dyc
should be zero, where dyc=Xpc Xrp Xurdyy. Thus, the
following cost function can be used in the optimizer:

n
B i i
arg minx,.,, ay Z ”XDCXTDXHTdVH”

i=1

(2)

For the 3-DoF head tracking, where the tracker measures
dyr, the vector from head position to the viewpoint position
(dyx) should be equal and opposite to the vector from the
origin of the C to the head position, therefore dyx = —dxc,
where dyc = Xpc Xrp dyr. Thus, the following cost function
can be used in the optimizer:

n
arg minXTD’dVH Z HdVH + XlDCXTDleTH (3)
i=1

In both formulations, »n represents the number of recorded
calibration points. Since there is minimal depth information
present in the rendered visual pattern, the solver must be
depth invariant. The cost functions in (2) and (3) measure
error with respect to the C frames, whose z-axes are aligned
to the depth direction from the display; therefore, depth
errors can be removed by only considering the x and y
components of the error in both cost functions. For Study
#2, we solved the depth invariant form of (3) using
MATLAB’s nonlinear multivariable solver fmincon.

Verification of Proposed Procedure

A synthetic experiment was conducted as initial
verification. 1000 different combinations of Xrp and dyy
were randomly generated to create a large variety of test
cases. Using the inverse of the transformations, a set of 24
calibration points were transformed into viewpoints with
error added to them to create synthetic, recorded positions.
The error consisted of two components: normally
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distributed error with a mean of 1 cm in the horizontal and
vertical directions, and normally distributed error with a
mean of 0 cm and 11 levels of standard deviation (0 cm, 5
cm, 10 cm, 15 cm, 20 cm, 25 cm, 30 cm, 35 cm, 40 cm, 45
cm, 50 cm) in the forward direction. All 1000 x 11
conditions were run through the 3DoF version of the
procedure to obtain estimates of Xyp and dyn. These
estimates were used to transform the synthetic positions
back into C to calculate a displacement vector. The mean
magnitude of displacement vectors (excluding the forward
direction) was recorded as the error for each condition. A
one-way ANOVA test reported no significant effect
(F10.10089 = 0.0007, p= 1.0000) of standard deviation of
depth error on displacement error (m 1.1 c¢m, s.d. 0.18 cm).
The maximal pairwise Hedges’ g value was 0.0021. These
results indicate that our proposed visual calibration
technique is accurate and invariant to a broad range of
depth errors.

STUDY #1: EVALUATION OF CALIBRATION PATTERNS
AND DISPLAY SHAPES

We conducted a study to assess users’ performance as they
visually aligned 3D patterns by rotating a 3D rendered
shape on a computer screen using a computer mouse. This
study was intended to simulate the calibration procedure
and to allow for an assessment of different patterns and
display shapes.

Apparatus

A Unity application was developed for the visual alignment
task that recorded accuracy and completion time. Mouse
input was used to pan the camera around an object at a
fixed radius. Patterns were texture mapped onto the object
such that they appeared undistorted from a set camera
location (goal location). The texture mapping was
accomplished by placing a camera at the goal location
oriented toward the center of the object. Each fragment
color was determined by sampling the 2D pattern at the
same location as it appeared on this camera’s screen.

Experimental Conditions

Shapes. Three virtual shapes were used in the study
(Sphere, Cube, Box) as shown in Figure 3. These shapes
were chosen because spherical and cubic shapes are
commonly used for FTVR displays. Box represents the
dimensions of our current cubic display constructed from
LCD screens (with seams between each screen) and Cube
represents a cubic display with no seams that could be
achieved with rear projection screens.

Patterns. Three different patterns were chosen to be texture
mapped onto the shapes (Grid, Circles, Combo). These
patterns were chosen because they contain two distinct
visual cues. Grid contains numerous parallel lines which
will appear straight and smooth when viewed from the
correct viewpoint. Circles contains a sequence of concentric
circles that are equal thickness when viewed from the
correct viewpoint, like a bullseye pattern. Combo has cues
that are present in both the Grid and Circles.
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Grid Combo

Circles

Figure 3. Shape (rows) and Pattern (columns) conditions for
Study #1 showing the unaligned pattern at the start of the trial
and rotated to the aligned pattern (inset).

Participants & Procedure

Eighteen participants were recruited from a local university
(14 males, 4 females). In each trial, the participant used the
mouse to rotate the camera around the shape until the
pattern on the shape no longer appeared distorted. Once the
participant was satisfied with the alignment they clicked the
left mouse button. Between each trial the camera would
reset to its default location and the goal location would
change. Alignment accuracy was measured as the angle in
degrees between the recorded camera location and the goal
camera location.

Before starting the study trials, participants completed nine
training trials (one per pattern/shape combination) to
familiarize themselves with the controls and to better
understand the possible distortions.

Participants completed trials using every combination of the
three shapes and three patterns. The conditions were rotated
between participants to account for possible sequencing
effects. For each combination, 24 unique goal locations,
equally divided into two blocks, were used. The order of the
goal locations was randomly generated for each
combination. Participants observed each of the patterns on
a single shape before changing shapes.

After each pattern, participants filled out a NASA-TLX
questionnaire; between each shape, they also answered
summary questions comparing the different patterns.
Participants were informed that both their accuracy and
completion time would be recorded for each trial but that
they should focus more on accuracy.

Design and Hypotheses

The study used a 3x3 within-participant RM-ANOVA with
factors Shape (Sphere, Cube, Box), and Pattern (Circles,
Grid, Combo). Dependent measures were completion time,
and alignment error. We expect Cube to result in a higher
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accuracy than Sphere because small distortions would be
more noticeable due to the sharp edges around the shape.
We also expect that the Combo would be most accurate as
it has both visual cues, but that Circle would be faster as it
has less visual information to process. Hypotheses were:

H1. Mean error will be lowest for Cube.

H2. Mean error will be lowest for Combo.

H3. Mean completion time will be lowest for Sphere.
H4. Mean completion time will be lowest for Circles.

Results

Accuracy

The mean alignment error across conditions is shown in
Figure 4. A two-way RM-ANOVA test over all trials with
Shape and Pattern showed that they have a main effect on
accuracy of the task (F23s370= 177.81, p< 0.01; F23879 = 6.15,
p= 0.0021). The Tukey-HSD multiple comparison post-hoc
test showed that participants were significantly more
accurate with Sphere than both Cube (p < 0.01) and Box (p
< 0.01). It also showed that Cube was significantly more
accurate than Box (p < 0.001). We therefore reject H1.

The test also found participants were significantly more
accurate using Combo than Circles (p 0.0013), but
Combo and Circles were not significantly different than
Grid (p=0.1357, p = 0.2485). We therefore reject H2.

Time

Mean alignment error across conditions is shown in
Figure 5. A two-way RM-ANOVA over Shape and Pattern
showed that there was a main effect in task completion time
(F2,3879: 311.53, p< 0.01; F2,3g79 = 83.9, p < 0.01). The
Tukey-HSD multiple comparison post-hoc test showed that
Sphere is significantly faster than both Cube (p < 0.01) and
Box (p < 0.01). It also showed that Cube was significantly
faster than Box (p < 0.01). We therefore accept H3.

The post-hoc analysis also found that Combo and Circles
are significantly faster than Grid (p < 0.01, p < 0.01), but
not significantly different from each other (p = 0.409). We
therefore reject H4.
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Figure 4. Mean alignment error across Pattern and Shape.
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Figure 5. Mean completion time across Pattern and Shape.

Questionnaire

NASA-TLX Questionnaire responses were similar across
Pattern conditions, but varied more considerably for the
Shape conditions (Figure 6). None of the shapes had
considerably different levels of pace (p = 0.2613).
Participants felt as though Box was more physically
demanding than Sphere (p = 0.0034), but there was no
considerable difference between Sphere and Cube (p =
0.0667), or between Cube and Box (p = 0.5689). Box was
more mentally demanding than both Cube (p = 0.0034) and
Sphere (p < 0.01), as well as Cube was more mentally
demanding than Sphere (p < 0.01). Participants felt more
successful with Sphere than Box (p < 0.01), but there was
no considerable difference between Sphere and Cube (p =
0.0231) or Cube and Box (p = 0.0162). Box scored higher in
Difficulty than both Sphere (p < 0.01) and Cube. Cube
scored higher than Sphere (p < 0.0001), but there was no
considerable difference between Box and Cube (p = 0.03).
Participants felt more insecure with Box than Sphere (p =
0.0001), but there was no considerable difference between
Box and Cube (p = 0.0598) or between Cube and Sphere (p
=0.183).

Sides visibility

For the Cube and Box shapes, the number of sides visible
(one, two, or three) from every goal location was also
recorded for each trial. Mean alignment error for trials with
different numbers of sides visible is shown in Figure 7.
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Mean Error (degrees)

One Side

Two Sides Three Sides

Figure 7. Mean alignment error for different number of sides
visible at target viewpoint with cube and box shapes.

A one-way RM-ANOVA found that three resulted in
significantly better accuracy than two (p < 0.01) and two
resulted in significantly better accuracy than one (p <0.01).

Discussion

The study found a considerable difference in both accuracy
and completion time when different shapes were used.
Sphere achieved the lowest mean error as well as the lowest
mean completion time. This is a surprising and strong result
as it breaks the typical speed vs. accuracy trade-off found in
most pointing or alignment tasks. A possible reason for this
is that the pattern distortion is much more gradual on a
spherical display which could make it easier to determine
where the camera should be moved. Performance with the
Cube shape was worse than we expected. Although the
cube edges provided strong visual cues (kinked lines at the
edge between screens), the distortion effect may have been
difficult to interpret by participants and required more
visual processing effort and time. Box had the worst
performance, which indicates that the seams between
screens made pattern alignment significantly more difficult.
This is an important design consideration as cubic displays
constructed with LCD screens have seams, while rear-
projection cubic displays can be made seamless.

The results show that there is a considerable difference in
both accuracy and completion time when different patterns
were used. Combo resulted in the highest accuracy, but was
only considerably more accurate than Circles.
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Figure 6. NASA-TLX questionnaire responses by Shape.
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This could indicate that straight lines provide additional
visual cues that aid in correcting distortion. However, given
that Grid was observed to be considerably slower than the
other two patterns, lines by themselves may not give
enough visual cues to accurately align the pattern. Circles
and Combo naturally provide a better sense of direction
than Grid because the bullseye pattern has a defined center.
Thus, the participants could have had a more accurate initial
guess at how to correct the distortion using Circles and
Combo making them faster.

The results for cubic displays showed that it is critical to
provide three-screen views for pattern alignment.
Therefore, we chose viewpoint locations for the analysis in
Study #2 near the corners of the display so that three sides
of the cubic display would be visible.

STUDY #2: A CAMERA-BASED ANALYSIS OF VISUAL
CALIBRATION ON A PHYSICAL CUBIC DISPLAY

The aim of our second study was to assess the performance
of our proposed pattern-based visual calibration technique
by comparing it to a manual tuning technique. For all
conditions, a marker was rigidly attached to a camera and
the goal was to calibrate to the camera’s viewpoint. This
setup was equivalent to monocular viewing and permitted
quantitative measures of calibration accuracy since test
photographs could be taken from the exact viewpoint used
for calibration.

Experimental Conditions

AlignmentDoF refers to how aligned the tracker and display
spaces were at the start of the calibration trial. In 3DoF, all
the major axes are aligned. In 4DoF, one of the major axes
is aligned (up-axis in this case). In 6DoF, none of the major
axes are aligned.

OffsetMagnitude 1is the displacement, excluding the
forward-looking dimension, of the head-to-viewpoint
translation.

Pattern-based calibration is our proposed calibration
technique of using a pattern to guide the viewer to a known
position as described in the Calibration Procedure section.

Manual calibration is a real-time, interactive process
whereby the viewer inspects a perspective-corrected scene
for visual alignment errors and attempts to reduce the noted
errors by using a keyboard to modify the transformation
X7p. Depending on the AlignmentDoF, the user can either
modify only the translation (3DoF), the translation and one
rotation (4DoF), or the translation and all three rotations
(6DoF).

Procedure

Based on the results of Study #1, the Combo pattern was
chosen for Pattern-based calibrations and the calibration
positions were situated so that three screens of the display
were visible. The number of calibration points (positions to
which the pattern will be rendered) was limited to 24 to
balance time and accuracy. They were randomly generated
in clusters of six around the top four corners of the display
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and presented in a clockwise order to reduce backtracking
of the user. These calibration points were used for all
Pattern-based calibrations to acquire the corresponding
point set data needed for our optimization algorithm. All
Manual calibrations require an initial transformation to
begin the calibration process. The initial transformations we
used emulated a best guess by adding a randomly generated
translational error of 50 cm and rotational error of 10° to a
ground truth transformation.

To compare calibration techniques in a variety of
orientations, two experts, experienced in manually tuning
FTVR displays, performed Pattern-based and Manual
calibrations through all levels of AlignmentDoF. To
demonstrate the effect of viewpoint to head-tracked offset,
a single expert performed Pattern-based and Manual
calibrations with the highest level of alignment (3DoF)
through all levels of OffsetMagnitude.

Once the calibrations were completed, the display was set
to render a perspective-corrected grid pattern. The camera
was placed on a tripod and photographs were taken of each
successful calibration from eight different locations. The
photographs were run through a semi-automatic image
processing and analysis script that used a Hough transform
to find lines in the images. Lines were paired with their
corresponding lines in adjacent screens and the angle at
which they met was recorded. A perfect calibration would
result in parallel lines and an angle of 0°. Figure 8
illustrates two representative calibration test images.

Calibration time for Pattern-based was measured from the
first recorded point to the last recorded point. Calibration
time for Manual was combined from two sources: the time
it took to setup the alignment condition, and the time
between the start of the first modification and the time at
which the participant voiced their completion.

Participants and Apparatus

Two experts in visual calibration techniques with multi-
screen FTVR displays were recruited to participate in this
study. The study was conducted on a 5-screen (7-inch
screens, 1280x800 resolution) box FTVR display.

Figure 8. Pattern-based (left, 0.9°) vs. manually tuned
(right, 6.3°) calibration error calculated as the average angle
between auto-detected grid lines (green) across screens.
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We used an OptiTrack (Natural Point, Inc.) 6DoF optical
tracking system to perform head tracking, but only
positional (3DoF) data was recorded. The display software
was written in the Unity game engine and recorded all 3D
experimental data. The optimization algorithm and
photograph analysis script were implemented in MATLAB.
Time was recorded using a stopwatch. All photographs and
calibrations were performed using a Nikon D750 with a
Nikon 50mm {/1.4 lens.

Design and Hypotheses

The study used a 2x3 within-participants one-way RM-
ANOVA with factors CalibrationTechnique (Pattern-based,
Manual), and AlignmentDoF (3DoF, 4DoF, and 6DoF), as
well as a 2x3 within-participant one-way RM-ANOVA
with factors CalibrationTechnique (Pattern-based, Manual)
and OffsetMagnitude (5 cm, 10 cm, and 15 cm). Dependent
measures were calibration time and errors per calibration.
Hypotheses were:

H1. Pattern-based calibration will be at least as accurate as
Manual calibration with no head-to-viewpoint translation.

H2. Pattern-based calibration will be faster than Manual
calibration.

H3. 3DoF will be the most accurate for Manual calibration.

H4. Pattern-based calibration will be more accurate than
Manual calibration when there is a head-to-viewpoint
translation.

HS. As OffsetMagnitude increases, Manual calibration will
be less accurate.

Results

Errors

Mean calibration errors for varying AlignmentDoF and
OffsetMagnitude are shown in Figures 9 and 10. A one-way
RM-ANOVA showed an effect of CalibrationTechnique on
AlignmentDoF  (F435=11.12, p<0.01). A Tukey-HSD
multiple comparison post-hoc test reported a significant
(p<0.01) difference between Manual 3DoF (m 1.24, s.d.
0.58) and Manual 4DoF (m 2.54, s.d 0.90). We therefore
accept H3.
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Figure 9. Mean calibration error vs. number of degrees-of-
freedom to align for pattern-based versus manual procedures.
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Figure 10. Mean calibration error vs. head-to-viewpoint offset
magnitude for pattern-based versus manual procedures.

The post-hoc test also reported that the only significant
difference (p<0.01) observed of CalibrationTechniques
over AlignmentDoF is between Pattern-based 4DoF (m
1.06, s.d 0.18) and Manual 4DoF (m 2.54, s.d. 0.90). We
therefore accept H1.

A one-way RM-ANOVA showed an effect of
CalibrationTechnique on OffsetMagnitude (Fs4=6.29,
p<0.01). A Tukey-HSD multiple comparison post-hoc test
reported a significant difference (p<0.01) between Manual
15 cm (m 8.70, s.d. 7.90) and Pattern-based 15 cm (m 1.10,
s.d. 0.29), Pattern-based 10 ¢cm (m 1.03, s.d 0.36), and
Pattern-based 5cm (m 0.644, s.d. 0.30). We therefore
accept H4. It also showed a significant (p<0.01) effect of
OffsetMagnitude on Manual with Manual 15 cm error (m
8.70, s.d. 7.90) being much larger than both Manual 10 cm
(m 2.65, s.d. 1.50) and Manual 5¢cm (m 3.71, s.d. 2.40). We
therefore accept HS.

Times

A one-way RM-ANOVA showed no significant results for
completion time. We therefore reject H2. Across all
successful trials, we recorded a mean completion time of 2
minutes and 24 seconds and standard deviation of 57
seconds.

Discussion

We were successful in implementing a robust, accurate, and
fast pattern-based visual calibration algorithm. It showed
consistent and accurate results in all the tested scenarios,
while not significantly increasing the amount of time a
calibration takes. The quick completion times for both
calibration techniques can be partly attributed to the
expert’s familiarity with the techniques, and the ease of re-
defining the head-tracker space using OptiTrack.

Both participants spent a considerable amount of time (> 10
minutes) attempting a Manual calibration in the 6DoF
alignment case, but they were unsuccessful in achieving a
workable transformation. The axes were so misaligned that
a camera-based analysis of the error was not possible. Our
inability to measure the error in this case is represented in
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Figure 9 as a hatched bar extending beyond the chart. We
tested a range of AlignmentDoF conditions to demonstrate
the robustness our Pattern-based calibration, even though a
6DoF case is unlikely, and avoidable if the head-tracker or
display can be moved easily. The 4DoF' case is the most
likely to be seen in practice, as it is quite easy to align one
of the axes. For example, one could align both the head
tracker and display to the floor, thus aligning at least one of
their axes.

A box display was used for testing the calibration procedure
because it is a challenging calibration problem. The shape
of the display allows it to be viewed from almost any
location, which makes calibration errors more noticeable.
Our cubic display has seams between each screen, which
breaks up the pattern making calibration more challenging.
We also informally tested a corner-type FTVR display
similar to [10] and the visual calibration scheme worked
equally well. As future work, we intend to test the
calibration procedure with a spherical display since the
results of Study #1 suggest that a simulated spherical
display is well-suited to pattern alignment.

We used a camera, instead of the participants’ eyes, to
allow for a quantitative analysis of calibration errors. The
camera also removes the binocular disparity that would be
present with participant viewing [30], which is problematic
for our current cubic display that does not have sterco
screens. When calibrating with both eyes, the user would
choose the best visual alignment, which should naturally
account for eye dominance. However, since the pattern
would be viewed from two viewpoints it would not appear
perfectly aligned as it does for a monocular viewpoint and
we would expect this to introduce a degree of subjective
error. As future work, we plan to test the calibration
procedure with participants performing visual calibration of
a monocular display with binocular viewing and providing
a subjective evaluation of the resulting visual error.

Another limitation of our study is that calibrations were
performed by experts with a high degree of familiarity with
the technique. A future study is needed to test if our method
achieves similar accuracy when performed by novices.

Our results show that a head-to-viewpoint translation has a
large effect on the accuracy of a calibration if it is left
unaccounted for. We solved this problem without requiring
the tracking system to measure the orientation of the
participant’s head, so that our technique would have fewer
requirements. Thus, it would be accessible to a larger
variety of tracking systems, including those that only
provide 3D position data and not head/gaze direction.

Unlike previously reported line-of-sight methods [9] or see-
through HMD approaches [31], our approach does not
require any additional physical apparatus attached to the
display or head-mounted screens that the user looks
through. This makes our method much simpler to
implement, but at the cost of having poor depth accuracy at
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each measured viewpoint. We solve this with our depth-
invariant calibration formulation: each individual viewpoint
measurement ignores tracker errors along the ray of the
viewpoint, and then we use multiple measurements
surrounding the display to reconstruct a full rigid
transformation between the display and tracker. For this
reason, Pattern-based calibration would not work for
single-screen FTVR displays with limited viewing angles,
but our interest is primarily in volumetric FTVR displays
that provide a stronger 3D effect and have better potential
for use in work and entertainment applications.

CONCLUSIONS

Although many types of head-tracked 3D displays have
been developed, all of which rely on accurate viewpoint-to-
display tracking, there are few generalized calibration
techniques for them. This study presented a new pattern-
based calibration technique for multi-screen head-tracked
displays that uses 3D patterns to guide the viewer into
known viewpoint locations. We evaluated the performance
of several different patterns coupled with several different
simulated display types. We found that the type of display
has a larger impact on both accuracy and time than the type
of pattern used and that a combined pattern of circles and
lines was fastest and most accurate. We tested our proposed
calibration procedure through quantitative analysis of visual
error with a camera and a physical cubic display. Our
results demonstrate that our pattern-based visual calibration
technique can effectively solve for the display and
viewpoint transformations required for a convincing,
artifact-free 3D illusion with a head-tracked cubic display.
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