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ABSTRACT
Touchless mid-air gestural interaction has gained mainstream attention with the emergence of off-the-shelf commodity devices such as
the Leap Motion and the Xbox Kinect. One of the issues with this
form of interaction is fatigue, a problem colloquially known as the
“Gorilla Arm Syndrome.” However, by allowing interaction from a
rested position, whereby the elbow is rested on a surface, this problem can be limited in its effect. In this paper we evaluate 3 possible
methods for performing touchless mid-air gestural interaction from
a rested position: a basic rested interaction, a simple calibrated interaction which models palm positions onto a hyperplane, and a
more complex calibration which models the arm’s interaction space
using the angles of the forearm as input. The results of this work
found that the two modeled interactions conform to Fitts’s law and
also demonstrated that implementing a simple model can improve
interaction by improving performance and accuracy.
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INTRODUCTION

Touchless gestural interaction has achieved mainstream popularity over the last decade with the production of commercial off-theshelf components like the Xbox Kinect and Leap Motion. Traditionally, gestural recognition has been the focus of research, while
implementations have focused on coarse gestural recognition such
as shape identification. However, commodity gestural recognition
hardware has become increasingly more precise, with devices in
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some cases demonstrated to be accurate up to a sub-millimeter
level [16] with low latency [6]. Due to these advances, researchers
have started looking at gestures not simply for coarse actions, but
for more fine use cases such as cursor navigation [20, 6, 32, 34].
The most common implementations of gestural input involve the
user holding their arms out in mid-air. This mode of interaction results in arm and shoulder fatigue [38, 40, 17] commonly referred to
as “Gorilla Arm Syndrome” [7]. This will need to be addressed before gestures can be accepted as a ubiquitous mode of interaction.
Brown et al identified a simple way to address this problem by allowing the user to rest the elbow on a surface [6]. However, this
simple solution may result in an interaction that is non-intuitive to
the user, because it gives very little consideration to the actual mechanics of the human arm. In order to address this, Jude et al introduced a potential improvement called Personal Space [20] which
used a calibration step to first map the user’s input space.
In both aforementioned approaches, fatigue is addressed by performing gestural interaction from a rested position. However, they
make separate but related claims: Brown et al [6] stated that fatigue is addressed simply by resting the elbow, while Jude et al [20]
claimed that fatigue was addressed by modeling the user’s input
space from a rested position.
In this paper, we seek to investigate both approaches further, using standard evaluation methodologies provided by the ISO 92419 documentation. We aim to identify whether differences in performance exist between gestural interactions by using 3 different
strategies: (1) a completely unmodeled approach, (2) the simple
model introduced by Jude et al [20] which models palm positions
onto a hyperplane, and (3) a more complex model introduced here,
which models the interaction space with no loss of information,
using the angles of the forearm as input. We also aim to identify
whether learning is present in these gestural interfaces through the
use of a longitudinal design, as current works that use only one
session have not found learning [6, 34, 1].
For this study, the following two hypotheses were identified:
H1 Users will learn gestural interaction over time, allowing for an
improvement in performance.
H2 An interaction with a model of the interaction space will perform better than an interaction which does not model the space.
The following metrics were collected to compare interactions: performance, accuracy, and subjective user feedback. Each of these
metrics will be further explained within the following sections.

2.

RELATED WORKS

2.1

Gestural Interaction

Gestural Interaction is a technique that leverages gestures from
the body to interact with a computer. This type of interaction technique has been studied for over 3 decades since Richard Bolt’s first
implementation in “Put-That-There” [5]. Gestural interaction implementations are typically divided into two different types: (1)
those that require the user to wear gloves, devices or specific markers and (2) touchless gestural interaction. The latter leverages the
“Come As You Are” design principle [39], which states that users
should not be required to wear devices or specific markers to interact with a system [40].
Recent devices such as the Xbox Kinect, Leap Motion, and Myo
Armband have gained popularity amongst researchers, with some
capable of sub-millimeter accuracy in static situations [16]. These
devices have demonstrated the potential use of gestural interfaces
in medical professions that require sterile environments [40, 29, 4],
as an accessibility device for those with impairments [2, 15], and
in mixed reality environments with head mounted displays [12].
These applications demonstrate the usefulness of gestural interaction, but more work is still needed before its ubiquitous adoption.

2.1.1

Gestural Fatigue

The standard method of using gestures involves users holding
their arms up to the display for long periods of time. This has
been known to cause a fatigue problem referred to as the “Gorilla
Arm Syndrome” [42, 7, 40] and is considered to be a “known limitation” [38] of gestural interaction. Segen and Kumar stated that
fatigue is one of the biggest issues with gestures after prolonged
interaction [36].
A simple method of overcoming this issue is to allow users to
rest their elbows on a chair armrest [14, 36]. Brown et al implemented this method to perform cursor navigation in an experiment
with 2 possible modes of input: the whole hand and finger pointing. Jude et al implemented a very similar approach to the previous
whereby cursor navigation was done with the whole hand, but the
user’s input space was first modeled during a calibration stage [20].
All these approaches make the same claim: performing gestural
interaction from a rested position results in a more comfortable interaction and reduces the fatigue inherent to gestural interaction.
We accept the premise of the research above and attempt to further the knowledge in the area by investigating the effects of modeled versus unmodeled interactions.

2.1.2

Gestural Pointing

Recent touchless gestural pointing has been implemented in one
of two general pointing methods. The first method, known as “ray
pointing,” is a popular approach used by many designers when implementing gestural interaction [6, 25, 3, 18]. Ray pointing uses ray
casting to determine where the user is pointing [18]. This method
has been demonstrated to be rapid but inaccurate [8].
Conversely, ’whole hand pointing’, directly maps the 2D movements of the hand (by dropping 1 dimension) to the 2D cursor on
screen [6]. The user can then move their hand or finger within this
navigation space to move the cursor on screen. This method, implemented by [8, 6, 20], has been shown to be both rapid and accurate,
even without visual feedback [8].
Our paper uses ‘whole hand pointing’ for the Unmodeled and
Hyperplanar approaches. The Spherical approach combines both
methods described above.

Figure 1: User calibrating their space taken from [20] with permission. This method of calibration was used for both the Hyperplanar and Spherical models.

2.1.3

Gestural Selection

Brown found that the finger tap gesture, which was considered
the closest gesture to a mouse selection, performed inadequately
for use in their experiment [6]. To combat this, [6] implemented
a bimanual selection method, where users used their other hand
to press the space bar when the cursor was over the target. Other
researchers [17, 20, 34] used a ’hover-select’ or ’dwell’ method
which required the user to hover over the target for between 250 and
1500 milliseconds. This was the method we chose to implement in
our own experiment.

2.2

Learning Effects

Schmidt and Lee indicated that while we cannot directly observe learning, we can measure and report performance improvements, from which we can infer learning [35]. New pointing devices are expected to demonstrate performance improvements over
time, making a one day study less descriptive of the performance
of the device. To account for these improvements, researchers have
run longitudinal studies, performing analysis on the data when no
performance improvements were found [26]. This approach was
used in our experiment in line with H1 over 3 days, based on results
from our pilot which showed no significant improvements after day
3.
A simple method to report performance improvements would be
to calculate the difference between means of throughput between
both rounds. Researchers have shown that a better way to measure
performance increase is with effect size [19] measured in Cohen’s
d [10], a practice which has recently been encouraged for use in the
HCI community [21]. This metric represents the difference of the
mean between 2 groups over the standard deviation:
x1 − x2
(1)
s
In our experiment, we measure the difference in performance between days to indicate performance gained.
Researchers have indicated that random-order practice, otherwise known as Distributed Practice (e.g. A-B-C, B-C-A, C-A-B),
generally benefits motor learning more than block order practice,
known as massed practice (A-A-A, B-B-B, C-C-C) [24, 23]. A
3x3x3 balanced Latin cube design was used in our experiment,
making the distributed practice approach trivial.
EffectSize =

2.3

Pointing Device Evaluation

Since the focus of the paper is primarily gestural interaction, general pointing device evaluation related works will not be thoroughly
reviewed. A brief explanation of the metrics is provided below, but
we highly recommend the following works [13, 26, 37] for a more
detailed read.

2.3.1

Fitts’s Law

Fitts’s law describes the relationship between Movement Time,
distance, and accuracy for people in rapid motor tasks [37]. If an
pointing interaction conforms to Fitts’s law, it can be used as a predictive model used in user interface design [37]. To investigate
whether an interface conforms to Fitts’s law, a linear regression
is performed over movement times (MT) on the corresponding effective Index of Difficulty conditions. The result is a regression
equation which takes the form:
M T = a + b × IDe

(2)

where a is the intercept term, b is the slope of the regression line
and IDe is the index of difficulty.
The intercept a is desired to be near zero, and if positive is ideally below 400ms [37]. Once the regression has been performed,
the coefficient of determination (R2 ), or “goodness of fit”, is typically reported as it signifies the strength of the association between
the IDe and MT [32]. R2 is typically described as the degree to
which the regression model explains the variation of the data, and
the higher the R2 , the better the fit [27]. E.g., if R2 = .9, this
would mean that the regression line explains 90% of the variation.
The linear correlation coefficient (R) measures the strength and
direction of the linear relationship between IDe and MT [32].
When there is no linear correlation or a weak linear correlation,
R is close to 0. A correlation is described as strong if R > 0.8 and
weak when R < 0.5 [32].

2.3.2

Performance

We measure Index of Difficulty (IDe) using an adjusted Shannon
formulation:


De
+1
(3)
IDe = log2
We

Figure 2: A front view of the Unmodeled (blue plane) and Hyperplanar (grey plane) interaction space. Both axis denotes interaction space measured in millimeters.

3.

INTERACTION DESIGN

The interactions in this experiment were used specifically to test
the hypotheses of this research. Therefore, we used an unmodeled
interaction described by Brown et al [6], a simple model introduced
by Jude et al [20], and a more complex model which we introduced
for this experiment. We also built 3 angled stands (30, 36, 44◦ )
with Legos, to hold the Leap on a tilted incline as recommended by
the previous authors [20].

3.1

Unmodeled Gestural Interaction

In this interaction, the space is constructed using two diagonal
points from the calibration as shown in Figure 2. This model was
replicated from [6], which drops the Z dimension and only uses X
and Y for input into the source matrix. The points were chosen such
that each screen boundary could be obtained without lifting the elbows from the table. We identify this approach as the Unmodeled
interaction.

3.2

Rested & Calibrated Interaction – Hyperplanar Model

This formula has been adjusted to use the distance between the
starting point of the cursor and the ending point, known as effective distance (De ). Width has also been updated to use effective
width (We ), which utilizes the idea that the endpoints are normally
distributed. We also have updated effective width (We ) to use the
standard deviation of both x and y. We use this to compute bivariate
throughput, which has been demonstrated to have higher explanatory power [41]. Using the above formulation of IDe, we measure
performance, or throughput, as:
Throughput =

2.3.3

IDe
MT

(4)

Accuracy Measures

Apart from performance measured in throughput, we also measure the accuracy of each interaction. The accuracy measures introduced by Mackenzie et al [26] include Target Re-entry (TRE),
Task Axis Crossing (TAC), Movement Direction Change (MDC),
Orthogonal Direction Change (ODC), Movement Variability (MV),
Movement Error (ME), and Movement Offset (MO). Each accuracy metric characterizes a difference between the optimal path of
the cursor and the actual path.

Figure 3: A top view of the Unmodeled (red plane) and Hyperplanar (grey hyperplane) with tracked hand movement (black
points). Both axis denotes interaction space measured in millimeters.

Figure 4: L-R: (1) Front view of Spherical model, (2) side view of the Spherical interaction, (3) plotting the angles (θ, φ) which is
essentially a quadrangle.
The intuition behind this interaction is that the unmodeled interaction creates a space that does not map well to the interaction
space. The example in figure 2 shows how it could be difficult for
the user to hit the bottom left of the interaction space. By first modeling the interaction space, this interaction allows the users to be
able to easily reach all corners of the screen from a rested position.
This interaction was originally referred to as a “planar” interaction. We however believe the term “hyperplanar” is more descriptive as as there is no guarantee that the 4 calibrated points in 3D lie
on the same plane. This is better illustrated in figure 3.
We also note that despite the Hyperplanar approach being closer
to the interaction space, it is not as accurate as it could be. The
black dots in figure 3 show the actual interaction, which indicates
some information loss, despite all 3 dimensions (X, Y, Z) in cartessian space used to build the model.

3.3

Rested & Calibrated Interaction – Spherical Model

The Spherical model introduced here is based on 2 intuitions.
The first is that the movement of the hand from a rested position
forms a part of a sphere, as shown in Figure 4. And second, that
controlling an inherently 2-dimensional interface such as a monitor
will be easier if the input itself is based on 2 dimensions. We built
the Spherical model on both these intuitions. The interaction itself
uses a spherical coordinate system with the azimuth (θ), mapped
to medial and lateral shoulder rotation, and zenith (φ), mapped to
elbow flexion and extension [28], of the forearm as input, making it
2-dimensional. This translation equates to a feature reduction from
3 features (X, Y, Z) to 2 (θ, φ) and a constant radius (r) with no loss
of information. In contrast, other interactions that perform a reduction in dimensions generally do so by eliminating one dimension,
generally Z or depth.
When performing the transformation from the input to the corresponding output, this feature reduction effectively removes one
linearly independent column from the matrix, which causes a loss
of precision as the matrix is now further from full rank [31]. To
account for this we incorporate a plane-to-plane homography, otherwise known as a projective transformation with homogeneous estimation, which projects a 3rd dimension into a 2D image. We
use this 3rd dimension to preserve rank during the transformation.
The transformation also provides solutions to both determined and
overly-determined systems of linear equations with a bounded error [11].
Although the input required is the azimuth (θ) and zenith (φ) of
the forearm, these values were not directly obtainable from our input device, the Leap Motion controller. We did not consider using
a different device that did have these values as it would be an unfair experiment, where there would be interaction with the input

device. We therefore used the provided input by the Leap Motion
controller, which is the X, Y, and Z positions of the palm in Cartesian coordinates, and transformed it to corresponding θ, φ and a
static r. We measured the length of participants’ forearms as radius
r. The center of the interaction sphere is fixed and marked on the
table surface, and the users are expected to position their elbow on
this exact point throughout the experiment. Given these inputs, we
were able to translate the coordinates in X, Y and Z to θ and φ. We
then used θ and φ as input and the screen coordinates x and y as
the intended output. We observed that using this coordinate system
produces a model that closer represents the user’s input, including
being able to account for the curvature in the input, which was not
achievable in the Hyperplanar model.

4.
4.1

EXPERIMENTAL DESIGN
Participants

15 participants (M=9, F=6) between 19-27 years of age (mean
= 20.6) took part in the experiment. All participants were students
from a local university. Two participants self-reported as ambidextrous, but all elected to use their right hand for all interactions. All
but 3 participants had used gestural interfaces before. Previously
used gestural interfaces were limited to the Wii, Kinect, and/or
PlayStation Move. Participants were compensated for their time.

4.2

Apparatus

All testing was conducted in a lab setting on a 30-inch Dell monitor set to 2560 x 1600 resolution. The Leap Motion Controller was
used to recognize the hand position for the gestural navigation. The
computer used an Intel i7-3820 CPU with 8 cores clocked at 3.6
GHz, with 32 GB RAM and ran Windows 7. The 36 degree stand
was used in all cases except for 2 participants with longer forearms,
for which the 30 degree stand was chosen.

4.3

Task

The ISO 9241-9 ring-of-circles task implementation from [41]
was used to evaluate the performance of each interaction. This
software was modified such that a 250 millisecond hover is used for
selection. The task utilized 4 amplitudes {256, 512, 1024, 1408}
and 3 target widths {64, 96, 128 } for 10 unique IDs ranging from
1.52-4.58 bits. Target amplitude and widths were identified from
current literature [6] and extensive piloting. As we were using a
large display, piloting revealed that a target width of 64px was the
smallest target that was able to be selected by participants. The first
3 trials of each condition were taken as practice since this was the
default in the software used.

4.4

Design

We used a 3x3x3 balanced Latin cube design with 3 interaction
styles over 3 days and 3 orders. Each day included 1 session which
lasted roughly 1 hour and was split into 2 rounds. In each round,
participants would use all of the three interactions based on the
Latin cube ordering. Participants were not told that they were using
different interaction models.

4.5

Procedure

Participants were required to watch a video detailing the interaction and calibration method before they began trials on the first
day. After the video, the calibration stage would begin. Once calibrated, participants were asked to test the interaction. A recalibration was allowed until they were pleased with the interaction.
After which, participants were asked to watch a video detailing the
ring-of-circles task. They then performed the task using the three
gestural models. Participants were encouraged to take notes on the
interaction they just used after each task, for ranking purposes. This
was repeated until all 6 tasks (3 interactions × 2 rounds) were evaluated. Participants were then asked to rank the interactions from
best to worst. These steps were repeated exactly every day of the
experiment, with the videos only shown on day 1.
Only 1 calibration (see Figure 1) was performed each day at
the beginning of the experiment to control for differing calibrations. Each model was then dynamically computed from the original source input points. All gestural interactions were performed
with an off-the-shelf Leap Motion controller.

5.

RESULTS

Analysis of our results was done to investigate 5 main aspects
of each interaction: (1) Performance Improvement, (2) Conformance to the Fitts’s Model, (3) Performance, (4) Accuracy, and
(5) Subjective User Feedback. Metrics from (2), (3), and (4) were
measured per trial across all participants per day. In each ringof-circles task there were 23 trials (3 practice) in each of the 4
amplitude × 3 width conditions, which meant that there was a total of 20 × 4 × 3 = 240 trials per task per participant. We incorporated 2 rounds with 15 participants, for a total of 240 × 2
rounds ×15 participants = 7200 trials per interaction per day. In
each analysis, the assumption of Sphericity was violated, thus a
Greenhouse-Geisser (pGG ) epsilon correction was used to determine significance. Post-hoc tests were administered if pGG < .05
using the MATLAB ‘Bonferroni Method’, which uses critical values from the t-distribution after an adjustment for multiple comparisons is made. We report the effect size of the Repeated Measures
ANOVA as ηp2 which is interpreted (0.01 = small, 0.06 = medium,
0.14 = large) as determined by Cohen [9, 33]. We report pairwise
effect size, as measured by Cohen’s d and fall back on Cohen’s own
guidelines for practical significance (0.2 = small, 0.5 = medium,
0.8 = large), as there are no domain-specific guidelines for pointing
device evaluation.

5.1

Daily Improvement

We measure daily improvement as the difference in bivariate
throughput between days in order to check for learning effects.
These values are shown in Table 1, and all interactions were found
to have statistical difference between days. The Unmodeled interaction showed a significant difference in performance between
days (F (2, 14370) = 3573, pGG < .001, ηp2 = 0.33), as did
the Hyperplanar interaction (F (2, 14370) = 2786, pGG < .001,
ηp2 = 0.28) and the Spherical interaction (F (2, 14370) = 2437,
pGG < .001, ηp2 = 0.25). The post-hoc test showed all interactions demonstrated significance between all days (p <.001).

x̄

1
2
3

Unmodeled
σ
d

2.35
2.69
2.79

.38
.48
.44

.77
.23

Hyperplanar
x̄
σ
d

2.44
2.74
2.82

.43
.40
.41

.74
.18

x̄

Spherical
σ
d

2.32
2.61
2.67

.40
.39
.38

.74
.15

Table 1: Mean (x̄) and standard deviation (σ) of bivariate
throughput for each device across days 1-3. The corresponding
d values indicate difference in performance from the previous
day measured with Cohen’s d.

Due to these differences, we perform the full analysis of the interactions for performance, accuracy, and subjective feedback on
data from day 3 only, while days 1 and 2 are considered practice.
Therefore, all metrics reported in this paper is from day 3 of the
experiment, unless stated otherwise.

5.2

Fitts’s Regression
Intercept
Slope
R2
R

Unmodeled

Hyperplanar

Spherical

585.9
155.5
0.018
0.418

79.9
295.7
0.738
0.859

16.3
331.5
0.758
0.870

Table 2: Metrics for Fitts’s regression of each interaction.
A Fitts’s law model for each interaction was built by regressing
the mean movement times (MT) on the corresponding effective Index of Difficulty conditions. The result is a regression equation in
the form of Equation 2.
The results for each day and interaction are shown in Table 2,
while a visualization of the data from day 3 can be seen in figure 5.
The plots show that the modeled approaches are better explained
by Fitts’s law than the unmodeled approach. Additionally, Table 4
shows that the two modeled approaches consistently improve their
fit between days, while the unmodeled approach does not.

5.3

Performance

The speed (specifically the Movement Time) of each interaction
is considered a naive metric [37], but is reported nonetheless as we
consider it a good description of each interaction. A better metric
to use is throughput, and specifically bivariate throughput [41].

5.3.1

Movement Time
Unmodeled
Mean
Stdev

3

1073.6

495.39

Hyperplanar
Mean
Stdev

1063.4

481.89

Spherical
Mean
Stdev

1110.4

538.24

Table 3: Mean and standard deviation of movement time per
trial for each interaction in milliseconds. Smaller values are
better.
A repeated measures ANOVA showed a significant difference in
movement time, which was adjusted for dwell time, between interactions (F (2, 14370) = 18.619, pGG < .001, ηp2 = 0.003).
The post-hoc test found that the Unmodeled interaction had significantly lower movement time than the Spherical interaction (p
<.001, d = 0.07). The post-hoc test also showed that Hyperplanar
interaction had significantly lower movement time than the Spherical (p <.001 d = 0.09).

Unmodeled (R2 = 0.175)
Data
Fit
Confidence bounds

2000

Spherical (R2 = 0.758)

Hyperplanar (R2 = 0.738)
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Figure 5: Mean movement time of all participants from day 3 as a function of effective Index of Difficulty (IDe), with computed
Fitts’s regression lines

Intercept

1
2
3

453.05
785.04
585.86

Unmodeled
Slope
R2

248.18
108.17
155.53

0.31
0.07
0.18

R

Intercept

0.56
0.26
0.42

113.29
59.47
79.86

Hyperplanar
Slope
R2

334.08
308.46
295.67

0.63
0.73
0.74

R

Intercept

0.79
0.86
0.86

18.97
38.62
16.30

Spherical
Slope
R2

381.91
332.73
331.50

0.65
0.71
0.76

R

0.81
0.84
0.87

Table 4: Intercept, slope, coefficient of determination (R2 ) and correlation coefficient (R) of all 3 interactions over all 3 days.

5.3.2

Bivariate Throughput

A repeated measures ANOVA showed a significant difference in
performance between interactions measured with bivariate throughput (F (2, 14370) = 369.81, pGG < .001, ηp2 = 0.05). A posthoc test showed the Hyperplanar interaction had higher bivariate
throughput than both the Unmodeled (p <.005, d = .05) and Spherical (p <.001, d = 0.35) interactions. The post-hoc test also showed
that the Unmodeled interaction had higher bivariate throughput than
the Spherical interaction (p <.001, d = 0.29).

5.4

Accuracy Measures

We report accuracy measures based on the metrics introduced
by Mackenzie [26] consisting of Target Re-entry (TRE), Target
Axis Crossing (TAC), Orthogonal Direction Change (ODC), Movement Variability (MV), Movement Error (ME) and Movement Offset (MO). These measures were taken directly from the FittsStudy
software [41], except for TRE, as the software reports target entries
(TE) instead, where TRE=TE-1. A lower number is better for all
metrics except MO, where a closer distance to 0 is better.

TE
TAC
MDC
ODC
MV
ME
MO

Unmodeled
Mean Stdev

Hyperplanar
Mean Stdev

Spherical
Mean Stdev

1.27
1.45
2.77
1.08
23.50
26.70
-7.81

1.28
1.49
2.78
1.05
22.94
25.72
4.51

1.35
1.55
2.87
1.19
23.83
26.42
2.04

0.68
1.20
1.69
1.30
20.73
20.42
28.32

0.70
1.17
1.66
1.25
18.85
18.67
26.57

0.78
1.25
1.79
1.38
20.06
19.26
27.25

Table 5: Mean and standard deviation of accuracy measures
metrics taken on day 3 of the experiment.

5.4.1

Target Entries

The Unmodeled interaction had the best TE score, followed by
the Hyperplanar interaction. A repeated measures ANOVA showed
a significant difference in the number of Target Entries between interactions (F (2, 14370) = 27.20, pGG < .001, ηp2 = 0.004).

The post-hoc test identified a statistical significance between the
Unmodeled and Spherical interactions (p <.001, d = 0.11), and between the Hyperplanar and Spherical interactions (p <.001, d =
0.10).

5.4.2 Task Axis Crosses
The Unmodeled interaction had the best TAC score, followed
by the Hyperplanar interaction. A repeated measures ANOVA
showed this to be statistically significant (F (2, 14370) = 11.054,
pGG < .001, ηp2 = 0.002). The post-hoc test identified a significant difference between the Unmodeled and Spherical interactions
(p <.001, d =0.08). The Hyperplanar interaction was also found to
be significantly different from the Spherical interaction (p <.05, d
= 0.04).

5.4.3

Movement Direction Change

The Unmodeled interaction had the best MDC score, followed
by the Hyperplanar interaction. A repeated measures ANOVA
showed this to be statistically significant (F (2, 14370) = 8.262,
pGG < .001, ηp2 = 0.001). Post-hoc tests showed a significant
difference between the Unmodeled and Spherical interactions (p
<.005, d = 0.06). The post-hoc test also identified a significant
difference between the Hyperplanar and Spherical interactions (p
<.005, d =0.06).

5.4.4

Orthogonal Direction Change

The Hyperplanar interaction had the best ODC score, followed
by the Unmodeled interaction. A repeated measures ANOVA found
this to be statistically significant (F (2, 14370) = 23.786, pGG <
.001, ηp2 = 0.003). A post-hoc test showed a significant difference
between the Unmodeled and Spherical interactions (p <.001, d =
0.08), and between the Hyperplanar and Spherical interactions (p
<.001, d =0.10).

5.4.5

Movement Variability

The Hyperplanar interaction had the best MV score, followed by
the Unmodeled interaction. A repeated measures ANOVA found a
significant difference between interactions (F (2, 14370) = 3.918,
pGG < .05, ηp2 = 0.0005). A post-hoc tests showed a significant

difference between the Hyperplanar and Spherical interactions (p
<.05, d = 0.05).

5.4.6

Movement Error

The Hyperplanar interaction had the best ME score, followed by
the Spherical interaction. A repeated measures ANOVA showed
this to be statistically significant (F (2, 14370) = 5.161, pGG <
.01, ηp2 = 0.0007). The post-hoc test identified a significant difference between the Hyperplanar and Unmodeled interactions (p
<.005, d = 0.05).

5.4.7

Movement Offset

The Spherical interaction had the best MO score, followed by
the Hyperplanar interaction. A repeated measures ANOVA showed
this to be statistically significant (F (2, 14370) = 424.97, pGG <
.001, ηp2 = 0.06). The post-hoc test identified a significant difference between the Spherical and Hyperplanar interactions (p <.001,
d =0.09), and between the Spherical and Unmodeled interactions
(p <.001, d= 0.36). The post-hoc test also showed that the Hyperplanar interaction was significantly different than the Unmodeled
interaction (p <.001, d =0.45).

5.5
5.5.1

Subjective User Feedback
Preference

Usability

Operation smoothness
Operational effort
Accuracy
Operation speed
General comfort
Overall operation

Unmodeled

Hyperplanar

Spherical

4.13
4.20
3.82
4.27
4.27
4.17

4.27
4.30
4.27
4.33
4.40
4.33

3.97
4.03
3.80
4.23
4.07
4.03

Table 6: Mean reported usability & comfort metrics per interaction (1 = Most Negative, 5 = Most Positive).
Participants were asked to fill out 5-point independent rating Likert scale questions from Annex C. of the ISO 9241-9 which evaluated usability and comfort of the interaction immediately after using the interaction. Table 6 depicts the questions and the mean
reported ratings about the usability the interaction. The reported
ratings show reasonably high usability in all interactions. Friedman tests showed no statistical significance between interactions.

5.5.3

Unmodeled

Hyperplanar

Spherical

4.53
4.37
4.33
4.57
4.87

4.50
4.37
4.33
4.53
4.87

4.50
4.17
4.33
4.40
4.87

Table 7: Mean reported fatigue per interaction (1 = Extreme, 5
= None)
per interaction. The reported ratings demonstrate a minor presence
of fatigue in each interaction. Friedman tests showed no statistical
significance between interactions.

5.5.4

Borg Scale

Arm Effort
Shoulder Effort
Neck Effort

Unmodeled

Hyperplanar

Spherical

1.20
0.95
0.15

1.37
1.02
0.20

1.27
1.05
0.27

Table 8: Mean reported effort per interaction (0 = Nothing at
all, 0.5 = very very weak (just noticable), 1 = very weak, ..., 10
very, very strong)

Participants were asked to rank the interactions by preference on
a scale of 1-6, with 1 being the best interaction and 6 being the
worst. We combined the rounds that used the same interaction.
From these rankings we can order the interactions by most preferred to least as such: 1) Hyperplanar, 2) Unmodeled, 3) Spherical, with their respective scores of 2.57, 3.60, 4.33. A Friedman test
showed that there was a statistically significant difference in preference rank between the interactions (χ2 (2) = 13.505, p = 0.0012).
Post hoc analysis with Wilcoxon signed-rank tests was conducted
with a Bonferroni correction applied. The only statistically significance found was that the Hyperplanar interaction was significantly
preferred over the Spherical (Z = −3.524, p < .001, r = .23).

5.5.2

Finger fatigue
Wrist fatigue
Arm fatigue
Shoulder fatigue
Neck fatigue

Fatigue

Participants filled out a 5-point independent rating Likert scale
questions from ISO 9241-9 Annex C to collect data in regards to
fatigue. Table 7 depicts the questions and the mean reported ratings

Previous work in gestures encouraged the use of the Borg Scale
for arm, shoulder, and neck effort [17], and were therefore included
in our subjective assessment. We used the Borg scale from ISO
9241-9 Annex C. Table 8 shows the questions and the mean reported ratings for each interaction. The table demonstrates that
minimal effort was required when using the interactions. Friedman
tests showed no statistical significance between interactions.

6.

ANALYSIS

The goal of this study was to evaluate the hypotheses using the
metrics from the previous section. We report our findings of the
hypotheses by splitting hypothesis H2 to better illustrate the results
based on each of the interactions.
H1 Users will learn gestural interaction over time, allowing for an
improvement in performance.
We accept H1 as the performance improvement analysis showed a
significant improvement in all models between each day, which is
indicative of learning.
H2a An interaction with a simple model of the interaction space
will perform better than an interaction which does not model
the space
We accept H2a. This decision was based on a comparison of performance, accuracy and Fitts’s law conformance between the Hyperplanar and Unmodeled interaction.
In terms of performance, The Hyperplanar interaction obtained
statistically better bivariate throughput than the Unmodeled interaction. However, this improvement was minor and not practically
significant based on Cohen’s interpretation.
With respect to accuracy, the Hyperplanar interaction obtained
statistically better Movement Offset than the Unmodeled interaction, which was found to be a small-medium effect as defined by
Cohen. It also had statistically better Movement Error, although the
practical significance is minor.

In terms of Fitts’ conformance, the Hyperplanar interaction demonstrated a strong linear correlation (R) between Movement Time
and IDe, had an intercept that was within the ideal range, and a
higher goodness of fit (R2 ). The Unmodeled interaction, on the
other hand, demonstrated a weak linear correlation (R), an intercept that was not within the ideal range, and a lower R2 . It can
also be seen in Table 4 that the Hyperplanar interaction demonstrated an improvement over time with regards to Fitts’s law, while
the Unmodeled interaction did not.
Since the Hyperplanar interaction was found to be as good, or
better, in the individual metrics of performance, accuracy, and predictability as measured by Fitts’s conformance, we consider the Hyperplanar interaction as a whole to obtain better results than the
Unmodeled interaction.
H2b An interaction which models the interaction space using a
sphere will perform better than an interaction which uses a
hyperplane.
We fail to reject the null hypothesis in the case of H2b. To evaluate this hypothesis we compared the Hyperplanar and Spherical
interactions using each of the collected metrics: performance, accuracy, and Fitts’ conformance.
In terms of performance, the Hyperplanar interaction obtained
statistically better bivariate throughput than the Spherical interaction, which was found to be a small-medium effect as defined by
Cohen.
In terms of accuracy, Hyperplanar interaction obtained statistically better accuracy than the Spherical interaction in 5 of the 7
accuracy metrics. None are considered to be practically significant.
The Spherical interaction obtained significantly better Movement
Offset than the Hyperplanar interaction, but was not practically
significant.
Fitts’ regressions demonstrated a strong linear correlation, an intercept within the ideal range, and a relatively high ’goodness of
fit’ in both the Hyperplanar, and Spherical interactions. However
the Spherical interaction was found to have a higher correlation,
goodness of fit, and an intercept that was closer to the ideal value
when compared to the Hyperplanar interaction.
In addition to the aforementioned quantitative metrics, users also
showed preference towards the Hyperplanar interaction which was
shown to be significant. Taking all these into consideration, we
cannot conclude that the Spherical interaction performs better than
the Hyperplanar, thus we fail to reject the null hypothesis.

7.

DISCUSSION AND FUTURE WORKS

Over the course of this work, we found performance improvements between all 3 days of the study which we believe is caused by
participants learning the interaction. While this may seem trivially
true, current literature has in some cases failed to identify learning
in these gestural interfaces [6, 34, 1]. We believe this difference
is due to our experimental design, which used a longitudinal study
and random-order practice.
We found that fatigue and effort were reported to be minimal
from the rested position, as demonstrated in Table 7 and Table 8.
This finding further reinforces current literature that has stated that
resting the elbow during interaction reduces fatigue [14, 36, 6, 20].
We also found that modeling the interaction space resulted in an
interaction which conforms to Fitts’s law. Conversely, we found
that an interaction which does not model the input space was not
well explained by Fitts’s law, nor was it within the ideal intercept
range in each of the 3 days. This means that the relationship between movement time and IDe is not consistently predictable in the

unmodeled approach, and offers less value to those designing interfaces [37]. The approach used to detect these results was in line
with the current standard’s encouragement to regress the participant’s mean movement time (MT) over their respective effective
Index of Difficulty(IDe), as opposed to regressing over mean of
means per Index of Difficulty [37].
We found that the interaction which used a simple model was
significantly better than the unmodeled interaction in terms of both
performance and accuracy, and only the latter was found to be practically significant as interpreted by Cohen. However, we also found
that the interaction whose model was more complex in terms of
the input space performed significantly worse than the other two
models despite its mapping to the biomechanics of the body. This
may be caused by the strict assumptions of the model. The two
azimuthal (θ) and elevation (φ) angles were inferred from the previously measured elbow position and the palm position provided by
the Leap Motion. Therefore, this model requires a higher tracking
precision in order to perform optimally.
Upon review of the notes taken during the experiment, which included participants’ feedback, we identified a few issues with the
Spherical interaction. A recurring issue was with the static elbow
placement. Participants had difficulty finding their calibrated elbow
position even when a marker was present. We also found that during the pilot, participants mistakenly knocked the tracker off of its
stand during their note-taking between rounds. This did not seem to
significantly penalize the more simple models but caused large cursor jitters during the Spherical interaction. We attempted to solve
this issue by building a new stand using Legos which allowed the
tracker to tightly fit into place. While this increased stability, the
stand itself was still movable when hit. We posit that a better interaction can be built using a device which directly tracks the arm
in terms of relative angles. Another option would be to allow for
dynamic elbow tracking in which both the hand and the elbow are
dynamically tracked so that the elbow does not need to be in a fixed
position. We believe that the better fit offered by the Spherical approach could yield positive results if these considerations are addressed.
While we provided overall effect size using ηp2 , and pairwise effect sizes for performance and accuracy metrics as measured by
Cohen’s d, interpreting these effect sizes however proved to be difficult. These interpretations are meant to be domain-specific [30],
but no such guidelines exist within the domain of pointing device
evaluation. We had to therefore fallback on the interpretations provided by Cohen, which are meant to be used as a last resort [22].
By providing the effect size of our study, we aim to provide better
context for future research, and to contribute towards establishing
guidelines for interpreting effect size within this domain.

8.

CONCLUSION

In this study we used a longitudinal design to evaluate the two
hypotheses. We learned that modeling the interaction space results
in an interaction which can be explained by Fitts’s law. Conversely,
we learned that an unmodeled approach conforms weakly to Fitts’s
law. We also learned that a simple model of the user’s interaction
space resulted an interaction that was as fast and more accurate
than an interaction which did not model the user’s interaction space.
Furthermore, we introduced a more complex model of the interaction space which maps the arm movement from a rested position to
the 2D screen with no loss of information using the forearm angles
as input. This more complex model did not exhibit better performance nor accuracy than the simpler model. We posit that this is
due to the interaction having too many constraints and being unsuitable for use with an input device which uses the hand position

as input. Finally, we showed that gestural interaction demonstrated
performance improvements over multiple sessions, from which we
infer learning.

9.
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