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ABSTRACT
As touchscreens are the most successful input method of
current mobile devices, touch gestures became a widely used
input technique. While gestures provide users with advantages to express themselves, they also introduce challenges
regarding accuracy and memorability. In this paper, we investigate the effect of a gesture’s orientation on how well the
gesture can be performed. We conducted a study in which
participants performed systematically rotated unistroke gestures. For straight lines as well as for compound lines, we
found that users tend to align gestures with the primary axes.
We show that the error can be described by a Clausen function with R 2 = .93. Based on our findings, we suggest design
implications and highlight the potential for recognizing flick
gestures, visualizing gestures and improving recognition of
compound gestures.
CCS CONCEPTS
• Human-centered computing → Touch screens; Empirical studies in HCI; • Hardware → Touch screens.
KEYWORDS
Touch unistroke gestures, touch input, orientation, gesture
set, user study, design guidelines, mobile device.
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1 INTRODUCTION
Touchscreens are the dominant input technique for current
mobile devices. By combining input and output in a single
surface, user interfaces became more intuitive as users can directly touch desired objects on the touchscreen. With direct
touch, many novel, and intuitive input methods emerged.
Users can scroll by swiping with a finger over the screen, rotate by rotating two fingers and zoom by pinching/spreading
two fingers. However, this combination also entails major
disadvantages that are the focus of a wide range of previous
work. Amongst others, input (e.g. an on-screen keyboard)
and output (e.g., an image, or text document) have to share
the same limited screen space.
Touch gestures are a widely used approach to overcome
touchscreens’ limitations. Gestures can be performed at any
location on the touchscreen and do not require any dedicated space in comparison to on-screen keyboards or menus.
Therefore, a large body of work proposed to use gestures for
a wide range of functionalities, such as launching applications [21], managing the clipboard [11], hierarchic marking
menus [16, 33], unlocking the smartphone [26, 29], improving text entry using gesture keyboards [15, 32], or overcoming the fat-finger problem on small devices [8]. Moreover,
Appert and Zhai [1] showed that stroke-based gestures can
be better learned and recalled in comparison to keyboard
shortcuts with the same amount of practice. Users also interact with their smartphone in mobile situations, such as while
walking and sharing their attention between the device and
the environment. Bragdon et al. [4] showed that gestures

offer significant performance advantages compared to soft
buttons when the user is under environmental distractions.
A large body of work investigated how users perform
gestures. Cao and Zhai [6], for example, presented a model
to predict the production time of pen stroke gestures. The
authors were mainly interested in production time but also
showed that the orientation can have an effect on accuracy.
In particular, they stated that horizontal and vertical movements tend to be more accurate. Following the work by Cao
and Zhai [6], we assume that the accuracy of gestures performed with the finger is also affected by the orientation of
the strokes. While it is likely that the accuracy is affected
by orientation, it is unclear how the orientation affects the
accuracy and how the accuracy can be predicted. Furthermore, meaningful gestures typically do not only consist of
a straight stroke which makes it important to also analyze
gestures consisting of multiple segments.
The main contribution of this paper is a deeper understanding of how gestures are performed by users. In a study,
participants reproduced gestures consisting of one, two or
three straight segments resulting 4,104 unique gestures. In
total 40 participants performed 39,038 gestures. We show
that the orientation of the gesture significantly affects users’
accuracy and that a Clausen function can model the error
with R 2 = .93. We provide design implications that can help
to design rotation sensitive unistroke gesture sets. The contribution of this paper is three-fold: (1) an analysis of how
humans reproduce presented gestures, (2) a model that describes the effect of orientation on rotation sensitive gestures
and (3) design implications to improve rotation sensitive
unistroke gesture sets.
2 RELATED WORK
Commercial devices already incorporate a wide range of
touch gestures, such as swipe to unlock or letter-shaped
gestures to launch pre-defined applications. Caramiaux et
al. [7] investigated continuous gestures and not only used
size and speed as input dimensions but also gestures’ orientation. Poppinga et al. [21] further investigated these kinds
of gestures in an in-the-wild study to derive a comprehensive gesture set for the frequently used actions. Previous
work showed that gestures have a wide range of advantages,
including eyes-free input [24], outperforming on-screen buttons while walking [4], and a better recall in comparison to
keyboard shortcuts with the same amount of practice [1].
Previous work also developed a large number of approaches
to recognize gestures, including GRANDMA [25], work that
extended the considered features [18], learning-based approaches [12, 28], and even the use of kinematic theories for
data augmentation [17].
One focus of previous work was gaining a deeper understanding of the way users perform gestures on touchscreens.

Cao and Zhai [6] investigated users’ performance when performing pen stroke gestures and built a model that predicts
the time to perform a gesture. In their model, they count
straight lines, arcs, and corners to predict the execution time.
Tu et al. [31] found that the number of included muscles
and joints of the hand have an impact on accuracy. They
compared stroke gestures using a pen, the index finger, and
the thumb. While pen input performed best, index finger gestures performed better than thumb gestures. Finger gestures
tended to be less accurate than pen gestures with regard to
shape distance and shape errors. They found a significant
bias in the gesture’s orientation by about 3◦ .
Tu et al. [30] compared pen and touch gestures and found
that while there are differences in size ratio and average
speed, they were both similar in indicative angle difference,
axial symmetry, and proportional shape distance. Similar
results were presented by Arif and Sylla [2] who found that
pen gestures were significantly faster and more accurate.
Rekik et al. [23] report that pre-defined gestures produced
with more fingers are larger in size and take more time to
produce than single-touch gestures.
Previous work developed models to increase the accuracy
of target selection tasks on touchscreens by compensating
systematic errors [14]. Mayer et al. [19, 20] used a similar
approach to improve the accuracy of mid-air gestures. However, these approaches relied on simple polynomials and it
is unclear how to apply correction models to 2D gestures.
Overall, a significant body of research is devoted towards
understanding how users perform gestures. In particular, Cao
and Zhai [6] revealed a significant effect of orientation on
straight lines. Further, they stated that horizontal and vertical
movements tend to be more accurate. Later Burri et al. [5]
also showed that the horizontal and vertical movements are
significantly different from the diagonal unistroke gestures in
both subjective performance and subjective physical demand.
In this paper, we, therefore, aim to understand the effect
of orientation on the accuracy of unistroke touch gestures
and build a model with the potential to improve gestural
interaction.

3 HYPOTHESES
Cao and Zhai [6] investigated how users perform pen stroke
gestures. While they were mainly interested in production
time, they also revealed a significant effect of orientation on
accuracy for straight lines. Further, they stated that horizontal and vertical movements tend to be performed better both
in orientation error but also in number of attempts. Moreover, Cao and Zhai [6] showed that gestures with Corners
(two-segment gestures) the angle has a significant influence
on orientation error and number of attempts. Here, they argue that the error is larger for around 67.5◦ than the extrema.

Finally, while Cao and Zhai [6] presented results on production time on polylines (three- and more-segment), they did
not study orientation effects. We adopted the findings by Cao
and Zhai [6] since Tu et al. [30, 31] stated that pen stroke
gestures and index finger touch stroke gestures have similar
orientation errors. Thus, our paper investigates the effect of
orientation on connected straight lines and is guided using
the index finger by the following four hypotheses:
Hypothesis 1 (H1): The orientation of a gesture systemically
affects the error when performing the gesture.
Hypothesis 2 (H2): Adding straight segments to a gesture
results in a larger variation to the orientation error.
Hypothesis 3a (H3a): Users skew the orientation of lines towards horizontal lines even if the visual representation
is off by some degrees.
Hypothesis 3b (H3b): Users skew the orientation of lines
towards vertical lines even if the visual representation
is off by some degrees.
Hypothesis 4 (H4): Users perform straight diagonal gestures
with a lower error than other straight gestures.
4 STUDY
We conducted a study to observe how users perceive and
perform presented gestures. Therefore, we systematically
manipulated the orientation of three types of gestures: onesegment, two-segment and three-segment gestures. Each segment is a single straight line (see Figure 1).
Design
For our study, we used a mixed-design to keep the time of the
study reasonable for participants. As previously mentioned,
participants performed three different types of gestures: onesegment, two-segment, and three-segment gestures. The three
segment structure is inspired by Cao and Zhai [6] who used
straight lines, corners, and polylines which respectively are
represented by the three different segment gesture number. A
selection of gestures is shown in Figure 2. For the one-segment
gestures, we used one straight line which was systematically
rotated by one degree, resulting in 360 gestures.
The two-segment gestures are built out of two consecutive
segments with different orientations. The first segment is
rotated around the full 360◦ circle in 15◦ steps, resulting in 24
different orientations. The second segment is rotated from
−90◦ to 90◦ in 15◦ steps (skipping 0◦ ), resulting in 12 different
orientations.
The three-segment gestures are built out of three consecutive segments each with a different orientation. The first
segment is rotated around the full 360◦ circle in 15◦ steps,
resulting in 24 different orientations. The second and third
segment is rotated from −90◦ to 90◦ in 15◦ steps (skipping
0◦ ), resulting in 12 different orientations each.
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Figure 1: For one-segment gestures (a) we rotated α 1 around
360◦ in 1◦ steps. For two-segment gestures (b) we rotated α 1
around 360◦ and α 2 from −90◦ to 90◦ , both in 15◦ steps. We
rotated three-segment gestures (c) around 360◦ at α 1 and from
−90◦ to 90◦ at α 2 as well as α 3 , all three angles in 15◦ steps.

The combinations of segments result in 360 one-segment
gestures, 24 × 12 = 288 unique two-segment gestures, and
24 × 12 × 12 = 3, 456 unique three-segment gestures, resulting
in 4,104 unique gestures. As performing 4,104 gestures consecutively will cause fatigue effects, we decided to conduct
an experiment with a mixed-design. Therefore, participants
performed all 360 one-segment gestures. Additionally, they
performed either all two-segment gestures or 25% of the threesegment gestures. Thus participants performed either 648 or
1,224 gestures. The order of the gestures within one segment
type was randomized.
The real world size of the two-segment gestures was 3.0cm,
for the two-segment gestures the segments were .85cm each,
and for the three-segment gestures the size was .85cm for the
first and last segment, and 1.7cm for the middle segment.
Apparatus
We used an LG Nexus 5X (LG V10) smartphone with a 5.7′′
screen (2560 × 1440px) for the study. We developed an Android application to collect the gesture data. To avoid participants to trace the gesture on the screen to improve input
accuracy, gestures were moving from the top to the bottom
of the screen. Moreover, we limited input to the lower half of
the screen as shown in Figure 3 while the gesture was only
visible in the upper half. While participants reproduced the
gesture, it stayed visible until it reached the bottom of the
upper part, white part in Figure 3. This allowed participants
to relate back to measure the actual input error and not possible memory error. In case a participant did not perform a
shown gesture, it appeared again until it was performed.
Procedure
After the participants signed a consent form, we explained
the procedure of the study and handed them the smartphone.
Participants were seated during the study. As the first step,
we asked them to fill out a demographics questionnaire on
the smartphone.
The study started with a tutorial in which the participants
were asked to perform 10 gestures randomly selected from

Figure 2: A selection of 18 three-segmented gestures used in the study.

the subset they had to perform. During the study participants
hold the device in their non dominant hand, while performing the gestures with their dominant hand using their index
finger. After each gesture, they got a score (0 = “worst”, 10
= “best”) for each input based on how well they reproduced
the presented gesture. To increase participants’ motivation,
it was not possible to reach the highest score. We, therefore,
present only scores between 3 and 7 which were randomly
generated. The score was only shown in the tutorial phase
of the study.
The remainder of the study was divided into 6 phases separated by a short break in which an overview of their performance was shown. After performing a gesture participants
were not allowed to correct their input. The one-segment
gestures were performed in one phase while the two-segment
or three-segment gestures were randomized over five phases.
Participants had to perform a gesture while the gesture was
visible on the screen. We allowed them to take a break at any
point during the study as not performed gestures would appear again. We asked participants to fill out a raw NASA-Task
Load Index (raw TLX) [13] after each phase to investigate

Figure 3: Three screenshots of the study apparatus. The
screenshot on the left is showing the view in the tutorial.
While the other two screenshots showing the state during
the 6 phases.

the effect of potential fatigue effects. They were asked to use
their non-dominant hand to hold the phone while performing the gestures with the index finger of the dominant hand.
Overall, the study lasted about one hour per participant.
Participants
We recruited 40 participants (20 female) from the university
campus via mailing lists. We rewarded them with e 5 for
their participation. All participants described themselves as
daily smartphone users. Participants were between 19 and
46 years old (M = 24.2, SD = 5.4). Two participants were
left-handed. None had any mental or physical disabilities
such as locomotor coordination problems.
5 RESULTS
While we conducted the study with 40 participants the analysis is based on 39 participants, as we excluded one participant
due to server-client connection issues in the logging process.
In contrast to Cao and Zhai [6] who adopted a normalized
measurement from Kristensson and Zhai [15], we used the
raw angular error as measurement for the orientation error.
Our participants performed 43, 128 gestures. We filtered the
gestures for wrongly performed gestures using three times
the standard deviation of the angular error per gesture type.
Finally, we used the remaining 11, 826 valid one-segment gestures, 2, 287 valid two-segment gestures, and 22, 151 valid
three-segmented gestures for our analysis. We present the
evaluation of the line orientations using angles based on the
unit circle1 . As left and right handed participants performed
gestures with their dominant hand, we assume equal quality
of the data and therefore applied no transformation to the
left handed participants.

1 In

this paper, a line from the bottom to the top is defined to be as oriented
with 0◦ and growing counterclockwise. Thus, a line from the right to the
left is 90◦ , accordingly. The reported angles are in respect to the device
screen orientation.
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Figure 4: The average angle error for the three segments. The gray area shows the 95% CI. The yellow line represents the trend
line for one-segment gestures as we showed that the trend line accounts for most of the variation and correlates with the
variation in all other gestures.

Potential Fatigue Effect
First we analyzed the raw TLX to determine if we had to
consider fatigue effects. After the first phase the mean raw
TLX score was M = 7.4 (SD = 3.1), after the second M = 6.9
(SD = 3.5), after the third M = 7.4 (SD = 3.5), after the
fourth M = 7.4 (SD = 3.1), after the fifth M = 7.5 (SD = 3.2),
after the last phase M = 7.5 (SD = 3.2). A one-way repeated
measures analysis of variance (RM-ANOVA) was conducted
with trial number as factor. The analysis did not reveal a
statistically significant effect, F 1,38 = .493, p = .487. Thus, we
assume that the effect of participants’ fatigue was negligible.
Segmentation
We used recursive boundary splitting to segment the gestures
as described by Sonka et al. [27]. First, the start and the end
point of the gesture is used as x 1 and x 2 . x 3 is the point
with the largest distance to the line segment (x 1, x 2 ) and
is used to split a gesture in two segments. These steps are
applied recursively to the two resulting segments (x 1, x 3 )
and (x 3, x 2 ) [27].

After the segmentation, we approximated each segment
using orthogonal distance regression (ODR) [3] to estimate
the segment parameters. We took the orientation error as
filter criteria. We filtered, as described above, all gestures
where at least one segment exceed an error of M ± 3SD.
One-Segment Gestures. The lines fitted to the one-segment
gestures had an average R 2 of .95 (SD = .15). The average
orientation error for the one-segment gestures is M = −.9◦
(SD = 9.) while the root mean squared error (RMSE) is 9.1.
The orientation errors are presented in Figure 4a.
Two-Segment Gestures. The lines fitted to the two-segment
gestures had an average R 2 of .76 (SD = 2.40) for the first
segment, R 2 = .78 (SD = 1.90) for the second segment. The
average orientation error for the two-segment gestures is
M = 1.5◦ (SD = 12.7) with RMSE of 12.8 for the first segment,
and M = .9◦ (SD = 13.5) with RMSE of 13.5 for the second
segment, see Figures 4b and 4c.
Three-Segment Gestures. The lines fitted to the three-segment
gestures had an average R 2 of .57 (SD = 10.01) for the first
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segment, R 2 = .65 (SD = 4.09) for the second and R 2 = .40
(SD = 10.37) for the third segment. The average orientation
error for the three-segment gestures is M = −1.4 (SD = 13.4)
with RMSE of 13.5 for the first segment, M = 1.1 (SD =
14.1) with RMSE of 14.1 for the second segment, and M =
.89 (SD = 15.7) with RMSE of 15.7 for the third segment.
All errors for the three different segments are presented in
Figures 4d to 4f.
Orientation Error
To understand how Orientation, Segment, and Gesture
affect the mean orientation error in degree, we conducted
a three-way analysis of variance (ANOVA) on all samples.
The orientation factor consisted of 24 orientation levels in
15-degree steps. Since the level of segments depends on the
type of gesture (e.g., there is no 2nd and 3r d segment level in
a one-segment gesture), the levels of factor Segment (max 3
levels) are handled as nested factor of Gesture. The analysis
was conducted on subject level (averaged per participant)
with subject as random factor.
We found a significant main effect for Gesture (F 2,3359 =
227.630, p < .001) but not for Orientation (F 1,3359 = .897,
p = .344). There was a significant interaction effect for Gesture × Segment (F 3,3359 = 11.130, p < .001) but not for
Gesture × Orientation (F 2,3359 = .976, p = .377). We also
found a significant three-way interaction for Gesture ×
Orientation × Segment (F 3,3359 = 19.891, p < .001) which
means that the combination of all three factors have a significant effect on the mean orientation error and have to be
considered in the development of the model.
Orientation Variance Comparison
A two-way ANOVA was conducted to reveal the effects of
Gesture and Segment on the variance measures (given as
standard deviation of the orientation samples) between Gesture and Segment. We found a significant effect of Gesture
(F 2,474 = 1432.671, p < .001), and Segment (F 2,474 = 31.493,
p < .001) as well as a significant interaction effect of Gesture × Segment (F 1,2401 = 9.146, p = .003) Bonferronicorrected pairwise t-tests showed significant differences between all combinations (p < .001). All variance measures of
the orientation are depicted in Figure 5.
6

MODEL TO IMPROVE UNISTROKE GESTURE
INPUT
As we noticed a cyclic behavior of the orientation error for
the one-segment gestures, we first used a Sinus function to

Mean error in degree

Figure 5: The orientation variation for the different Segment × Gesture.
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Figure 6: The average angle error for the one-segment gesture in respect to the performed gesture in blue. While the
yellow line represents the trend line fit of the Clausen function, see Equation (3).

model the orientation error:
f it sin (x) = a ∗ sin(c(x − d)) + e

(1)

Using ordinary least squares regression, we fitted parameters
to the function f it sin (x). With our first attempt, we achieved
a R 2 of .85. We then modeled our error with a skewed Sinus
function, a Clausen function [9]:
Sn (x) =

∞
Õ
sin(kx)
k =0

kn

(2)

To fit the skewed Sinus function to the data, we added
fitting parameters to stretch or compress the function if
needed. We again used ordinary least squares to estimate
the fitting parameters a to e for our fitting function:
f it(x) = aSb (c(x − d)) + e

(3)

Using the skewed Sinus function we achieved a fit of
R 2 = .93. The coefficients to model the orientation error are
[7.7218, 0.0698, −0.5702, −0.8924, 1.8915], respectively from
a to e. The fitted function is shown in Figure 6. The local maxima are located at [14.84◦, 104.84◦, 194.84◦, 284.84◦ ] and local
minima are located at [76.3◦, 166.3◦, 256.3◦, 346.3◦ ]. While
the zero of the function is at [14.84◦ + i ∗ 90.◦, 76.3◦ + i ∗
90.◦ ] with i ∈ Z, see Figure 6.
7 EVALUATION
We used leave-one-participant-out cross-validation. We fitted one model for each training set and tested with the remaining participant. The average remaining orientation error
is M = .023◦ (SD = 6.7◦ ) while the RMSE is 6.9◦ . This is a

reduction in mean orientation error of 97.41 %, 25.24 % in SD,
and 23.77 % in RMSE for the one-segment gestures.
Next, we show how well the correction model for the onesegment gestures will represent the error of the two-segment
gestures and the three-segment gestures. Therefore, we used
a method proposed by Fisher and Lee [10] to study the cyclic
effect of angular data. Their method calculates the correlation
ϱ between two directional variables. The significance of this
correlation can be assessed by the p-value.
For the two-segment gestures, the correlation of the first
segment is p < .001 and ϱ = 0.7808. The correlation of the
second segment is p < .001 and ϱ = 0.8361. Therefore, on
average the function describes 80.84% of the variance of the
two-segment gestures, see Figures 4b and 4c.
For the three-segment gestures, the correlation of the first
segment is p = .002 and ϱ = .7405. The correlation of the
second segment is p < .001 and ϱ = .8748. The correlation
of the third segment is p < .003 and ϱ = .7485. Therefore,
on average the function describes 78.79 % of the variance of
the three-segment gestures, see Figures 4d to 4f.
8 DISCUSSION
We found no significant effect on the raw TLX over time. Further, participants stated that they were motivated to reach
higher points for the gesture performance in the next phase
after a completed phase. Thus, we assume that performing
gestures for one hour did not influence the gesture quality.
Moreover, we note that from our observation, participants
were motivated to perform the gestures well due to the motivation of the tutorial were we presented them scores.
Second, our analysis focused on the five hypotheses on
which we based our study. We show that the error can be
modeled by a skewed Sinus function for the one-segment gestures. We further show that the model can describe the error
of the two-segment gestures and the three-segment gestures.
The model accounts for more than 78% of the variation for
both multi-segment gestures. Thus, the model confirms H1.
Third, our analysis of the two- and three-segment gestures
revealed that the variance of the segments significantly differs. Further, post-hoc tests of the variance showed that the
variance in orientation error is significantly higher in the
subsequent segment when performing consecutive straight
line segments. We, therefore, confirm H2.
Our results show that the average error is almost 0◦ for
horizontal and vertical lines. We further show that the orientation error increases around straight horizontal and vertical
gestures, see green dotted lines in Figure 4. We assume this
is due to a shift of the gesture towards a perfectly horizontal
or vertical gesture. This can be further supported by the extremum being shifted towards the primary axes (horizontal
and vertical lines). Between the extrema to both sides of the

primary axes (−14.8◦ to 13.7◦ ), humans tend to ignore variation in orientation and perform a horizontal and vertical
line. Thus, we confirm H3a and H3b .
Finally, as part of our study, we also investigated diagonal
lines (45◦ , 135◦ , 255◦ , and 315◦ ) which where suggested by
Cao and Zhai [6] for fast but not precise input to be more
error-prone but faster than the primary axes lines. Our results show low orientation errors for the four diagonal lines
as the zero of the fit was found to be at 42◦ . Therefore, we
also confirm H4.
Limitations
Cao and Zhai [6] described a phenomenon which they called
“corner-cutting behavior” in which humans tend to perform
an arc instead of straight lines when they change direction.
Quinn and Zhai [22] further present an in-depth analysis of
potential reasons. This might influence the results for the
two- and three-segment gestures. However, when segmenting
gestures, we considered how many corners a gesture had.
Furthermore, the use of orthogonal distance regression minimizes the effect of corner-cutting on the line orientation.
While corner cutting might still cause noise in the data, to
address the orientation error we needed to fit straight lines.
One limitation of our study is that we cannot distinguish
whether wrong perception or locomotor inaccuracy of the
participants caused the error as our model only accommodates the motor control aspect of unistroke gestures. This
could be examined by varying the visual feedback, which
should be investigated by further research. While this work
focused on analyzing the accuracy of performed unistroke
gestures consisting of straight lines, there is a need for analyzing the effect of orientation for other kinds of gestures.
This includes gestures consisting of arcs, corners, and the
combination of arcs, corners, and straight lines. Analyzing
these gestures aims to identify how additional gesture features, like the bending factor of the composition of different
segment types, affect the users’ accuracy.
Implications
The findings have a number of potential implications for
the design of new gesture or gestures sets. Furthermore, the
results can also be used to improve the recognition of simple
flick gestures’ orientation, the visualization of gestures as
well as the accuracy when recognizing compound gestures.
Design Implications. Based on the five confirmed hypotheses,
we derived five general design implications which can be
used by developers when creating gestures consisting of
straight-lines.
(1) for a new gestures set start with the two horizontal and
vertical gestures in each direction

(2) for large gesture sets, combine horizontal and vertical
lines to complex gestures
(3) keep in mind that the variance is increasing with an
increasing number of segments
(4) for even large gesture sets, use 45◦ diagonal segments to
reduce variance
(5) cover the full 360◦ input space to maximize the distance
in orientation between two gestures
Flick Gestures. Flick gestures can be used to quickly move
2D planes such as maps or move through 3D spaces as in
games. Using our correction model for one-segment gestures
the directional error while flicking can be corrected. Thus,
the accuracy of the movement direction, particularly while
moving over large distances can be increased.
Gesture Visualization. A number of fast-paced mobile games
visualize the users’ gestures through animated trajectories
(e.g., in Fruit Ninja to cut the fruit). To optimize the visualization in such games, our correction model can be used to
optimize the visualization or physical simulation caused by
the input gesture.
Improving Gesture Recognition. The accuracy of template
matching-based gesture recognizers, such as the $P-familiy,
can be improved by applying the correction model before
feeding a gesture into the recognizer. Even learning-based
gesture recognizers can benefit from the correction model
if gestures should be rotation invariant. For rotation invariant gestures, the orientation errors for individual segments
changes when users rotate a gesture. Thus, reducing the orientation error can reduce the variance during training and
inference.
9 CONCLUSION
In this paper, we systemically investigated the effect of orientation on straight-line unistroke gestures. We conducted
a study with 40 participants which performed gestures with
their index finger constructed out of one, two, or three line
segments. We analyzed how the variation of the orientation
and the angles within the gestures affected users’ accuracy.
Our analysis revealed that users tend to approximate segments to the closest horizontal or vertical segment. We further show that each consecutive segment adds significantly
more variation. Hence, our key finding suggests avoiding
the use of orientations close to horizontal or vertical segments. The results of this work can be used to predict users’
accuracy for gesture sets. We hope that the presented considerations can help designers to develop better gesture sets and
developers to build better gesture recognizers. Finally, the
presented work is a first step in modeling and understanding
how unistrok gestures are affected by orientation error.

While the aim of this paper was purely to understand the
effect of orientation on unistroke gestures performed by the
index finger, the orientation could also have an effect on
production time. Cao and Zhai [6] excluded the orientation
in their formula for production time as they hypothesized
a small effect. However, based on our findings we conclude
that future work should investigate the production time for
different gesture orientations. Moreover, as Tu et al. [31]
showed a difference in orientation error between thumb and
index finger input, future work should systemically investigate the orientation error of the thumb.
ACKNOWLEDGMENTS
This work was financially supported by the German Research
Foundation (DFG) within Cluster of Excellence in Simulation
Technology (EXC 310/2) at the University of Stuttgart and
through project C04 of SFB/Transregio 161.
REFERENCES
[1] Caroline Appert and Shumin Zhai. 2009. Using Strokes As Command
Shortcuts: Cognitive Benefits and Toolkit Support. In Proceedings of
the SIGCHI Conference on Human Factors in Computing Systems (CHI
’09). ACM, New York, NY, USA, 2289–2298. https://doi.org/10.1145/
1518701.1519052
[2] Ahmed Sabbir Arif and Cristina Sylla. 2013. A Comparative Evaluation
of Touch and Pen Gestures for Adult and Child Users. In Proceedings
of the 12th International Conference on Interaction Design and Children
(IDC ’13). ACM, New York, NY, USA, 392–395. https://doi.org/10.1145/
2485760.2485804
[3] Paul T Boggs and Janet E Rogers. 1990. Orthogonal distance regression.
In Statistical analysis of measurement error models and applications:
proceedings of the AMS-IMS-SIAM joint summer research conference,
Vol. 112. Contemporary Mathematics, 15.
[4] Andrew Bragdon, Eugene Nelson, Yang Li, and Ken Hinckley. 2011.
Experimental Analysis of Touch-screen Gesture Designs in Mobile
Environments. In Proceedings of the SIGCHI Conference on Human
Factors in Computing Systems (CHI ’11). ACM, New York, NY, USA,
403–412. https://doi.org/10.1145/1978942.1979000
[5] M. Burri, L. Gasser, M. Käch, M. Krebs, S. Laube, A. Ledergerber, D.
Meier, R. Michaud, L. Mosimann, L. Müri, C. Ruch, A. Schaffner, N.
Vuilliomenet, J. Weichart, K. Rudin, S. Leutenegger, J. Alonso-Mora,
R. Siegwart, and P. Beardsley. 2013. Design and control of a spherical
omnidirectional blimp. In IEEE International Conference on Intelligent
Robots and Systems (IEEE/RSJ ’13). 1873–1879. https://doi.org/10.1109/
IROS.2013.6696604
[6] Xiang Cao and Shumin Zhai. 2007. Modeling Human Performance
of Pen Stroke Gestures. In Proceedings of the SIGCHI Conference on
Human Factors in Computing Systems (CHI ’07). ACM, New York, NY,
USA, 1495–1504. https://doi.org/10.1145/1240624.1240850
[7] Baptiste Caramiaux, Frederic Bevilacqua, and Atau Tanaka. 2013. Beyond Recognition: Using Gesture Variation for Continuous Interaction. In Extended Abstracts on Human Factors in Computing Systems (CHI EA ’13). ACM, New York, NY, USA, 2109–2118. https:
//doi.org/10.1145/2468356.2468730
[8] Xiang ’Anthony’ Chen, Tovi Grossman, and George Fitzmaurice.
2014. Swipeboard: A Text Entry Technique for Ultra-small Interfaces That Supports Novice to Expert Transitions. In Proceedings
of the 27th Annual ACM Symposium on User Interface Software and

[9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

Technology (UIST ’14). ACM, New York, NY, USA, 615–620. https:
//doi.org/10.1145/2642918.2647354
Thomas Clausen. 1832. Über die Function sin(φ) + 212 sin(2φ) +
1
sin(3φ)+ etc.. In Journal für die reine und angewandte Mathematik.
32
Duncker und Humblot, Berlin, Germany, 298–300.
Nicholas Irving Fisher and A. J. Lee. 1983. A Correlation Coefficient
for Circular Data. Biometrika 70, 2 (1983), 327–332. https://doi.org/10.
1093/biomet/70.2.327
Vittorio Fuccella, Poika Isokoski, and Benoit Martin. 2013. Gestures
and Widgets: Performance in Text Editing on Multi-touch Capable
Mobile Devices. In Proceedings of the SIGCHI Conference on Human
Factors in Computing Systems (CHI ’13). ACM, New York, NY, USA,
2785–2794. https://doi.org/10.1145/2470654.2481385
Nicholas Gillian and Joseph A. Paradiso. 2014. The Gesture Recognition
Toolkit. The Journal of Machine Learning Research 15, 1 (Jan. 2014),
3483–3487. http://dl.acm.org/citation.cfm?id=2627435.2697076
Sandra G. Hart. 2006. NASA-Task Load Index (NASA-TLX); 20 years
later. In Proceedings of the Human Factors and Ergonomic Society annual
meeting, Vol. 50. SAGE Publications, SAGE Publications, Los Angeles,
CA, USA, 904–908. https://doi.org/10.1177/154193120605000909
Niels Henze, Enrico Rukzio, and Susanne Boll. 2011. 100,000,000 Taps:
Analysis and Improvement of Touch Performance in the Large. In
Proceedings of the 13th International Conference on Human Computer
Interaction with Mobile Devices and Services (MobileHCI ’11). ACM, New
York, NY, USA, 133–142. https://doi.org/10.1145/2037373.2037395
Per-Ola Kristensson and Shumin Zhai. 2004. SHARK2: A Large Vocabulary Shorthand Writing System for Pen-based Computers. In Proceedings of the 17th Annual ACM Symposium on User Interface Software and Technology (UIST ’04). ACM, New York, NY, USA, 43–52.
https://doi.org/10.1145/1029632.1029640
Gordon Kurtenbach and William Buxton. 1993. The Limits of Expert
Performance Using Hierarchic Marking Menus. In Proceedings of the
INTERACT ’93 and CHI ’93 Conference on Human Factors in Computing
Systems (CHI ’93). ACM, New York, NY, USA, 482–487. https://doi.
org/10.1145/169059.169426
Luis A. Leiva, Daniel Martín-Albo, and Réjean Plamondon. 2015. Gestures À Go Go: Authoring Synthetic Human-Like Stroke Gestures Using the Kinematic Theory of Rapid Movements. ACM Trans. Intell. Syst.
Technol. 7, 2 (Nov. 2015), 15:1–15:29. https://doi.org/10.1145/2799648
Allan Christian Jr. Long, James A. Landay, and Lawrence A. Rowe. 1999.
Implications for a Gesture Design Tool. In Proceedings of the SIGCHI
Conference on Human Factors in Computing Systems (CHI ’99). ACM,
New York, NY, USA, 40–47. https://doi.org/10.1145/302979.302985
Sven Mayer, Valentin Schwind, Robin Schweigert, and Niels Henze.
2018. The Effect of Offset Correction and Cursor on Mid-Air Pointing
in Real and Virtual Environments. In Proceedings of the 2018 CHI Conference on Human Factors in Computing Systems (CHI ’18). ACM, New
York, NY, USA, 653:1–653:13. https://doi.org/10.1145/3173574.3174227
Sven Mayer, Katrin Wolf, Stefan Schneegass, and Niels Henze. 2015.
Modeling Distant Pointing for Compensating Systematic Displacements. In Proceedings of the 33rd Annual ACM Conference on Human
Factors in Computing Systems (CHI ’15). ACM, New York, NY, USA,
4165–4168. https://doi.org/10.1145/2702123.2702332
Benjamin Poppinga, Alireza Sahami Shirazi, Niels Henze, Wilko
Heuten, and Susanne Boll. 2014. Understanding Shortcut Gestures on
Mobile Touch Devices. In Proceedings of the 16th International Conference on Human-computer Interaction with Mobile Devices & Services (MobileHCI ’14). ACM, New York, NY, USA, 173–182. https:
//doi.org/10.1145/2628363.2628378
Philip Quinn and Shumin Zhai. 2016. Modeling Gesture-Typing Movements. Human-Computer Interaction (2016), 1–47. https://doi.org/10.

1080/07370024.2016.1215922
[23] Yosra Rekik, Radu-Daniel Vatavu, and Laurent Grisoni. 2014. Understanding Users’ Perceived Difficulty of Multi-Touch Gesture Articulation. In Proceedings of the 16th International Conference on Multimodal Interaction (ICMI ’14). ACM, New York, NY, USA, 232–239.
https://doi.org/10.1145/2663204.2663273
[24] Anne Roudaut, Gilles Bailly, Eric Lecolinet, and Laurence Nigay.
2009. Leaf menus: Linear menus with stroke shortcuts for small
handheld devices. In Human-Computer Interaction – INTERACT 2009.
Springer, Heidelberg, Germany, 616–619. https://doi.org/10.1007/
978-3-642-03655-2_69
[25] Dean Rubine. 1991. Specifying Gestures by Example. In Proceedings
of the 18th Annual Conference on Computer Graphics and Interactive
Techniques (SIGGRAPH ’91). ACM, New York, NY, USA, 329–337. https:
//doi.org/10.1145/122718.122753
[26] Stefan Schneegass, Frank Steimle, Andreas Bulling, Florian Alt, and
Albrecht Schmidt. 2014. SmudgeSafe: Geometric Image Transformations for Smudge-resistant User Authentication. In Proceedings of
the 2014 ACM International Joint Conference on Pervasive and Ubiquitous Computing (UbiComp ’14). ACM, New York, NY, USA, 775–786.
https://doi.org/10.1145/2632048.2636090
[27] Milan Sonka, Vaclav Hlavac, and Roger Boyle. 2015. Image Processing,
Analysis, and Machine Vision (4 ed.). Cengage Learning, Stamford, CT,
USA.
[28] Paulo Trigueiros, António Fernando Ribeiro, and Luís Paulo Reis. 2012.
A comparison of machine learning algorithms applied to hand gesture
recognition. In 7th Iberian Conference on Information Systems and
Technologies (CISTI’12). 1–6.
[29] Khai N. Truong, Thariq Shihipar, and Daniel J. Wigdor. 2014. Slide to
X: Unlocking the Potential of Smartphone Unlocking. In Proceedings
of the 32Nd Annual ACM Conference on Human Factors in Computing
Systems (CHI ’14). ACM, New York, NY, USA, 3635–3644. https://doi.
org/10.1145/2556288.2557044
[30] Huawei Tu, Xiangshi Ren, and Shumin Zhai. 2012. A Comparative
Evaluation of Finger and Pen Stroke Gestures. In Proceedings of the
SIGCHI Conference on Human Factors in Computing Systems (CHI ’12).
ACM, New York, NY, USA, 1287–1296. https://doi.org/10.1145/2207676.
2208584
[31] Huawei Tu, Xiangshi Ren, and Shumin Zhai. 2015. Differences and
Similarities Between Finger and Pen Stroke Gestures on Stationary
and Mobile Devices. ACM Trans. Comput.-Hum. Interact. 22, 5 (Aug.
2015), 22:1–22:39. https://doi.org/10.1145/2797138
[32] Shumin Zhai, Per Ola Kristensson, Pengjun Gong, Michael Greiner,
Shilei Allen Peng, Liang Mico Liu, and Anthony Dunnigan. 2009.
Shapewriter on the Iphone: From the Laboratory to the Real World. In
Extended Abstracts on Human Factors in Computing Systems (CHI EA
’09). ACM, New York, NY, USA, 2667–2670. https://doi.org/10.1145/
1520340.1520380
[33] Shengdong Zhao and Ravin Balakrishnan. 2004. Simple vs. Compound
Mark Hierarchical Marking Menus. In Proceedings of the 17th Annual
ACM Symposium on User Interface Software and Technology (UIST ’04).
ACM, New York, NY, USA, 33–42. https://doi.org/10.1145/1029632.
1029639

