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ABSTRACT
Drawing curves in mid-air with fingers is a fundamental task
with applications to 3D sketching, geometric modeling, hand-
writing recognition, and authentication. Mid-air curve input
is most commonly accomplished through explicit user input;
akin to click-and-drag, the user may use a hand posture (e.g.
pinch) or a button-press on an instrumented controller to ex-
press the intention to start and stop sketching. In this paper,
we present a novel approach to recognize the user’s intention
to draw or not to draw in a mid-air sketching task without the
use of postures or controllers. For every new point recorded
in the user’s finger trajectory, the idea is to simply classify
this point as either hover or stroke. Our work is motivated
by a behavioral study that demonstrates the need for such an
approach due to the lack of robustness and intuitiveness while
using hand postures and instrumented devices. We captured
sketch data from users using a haptics device and trained mul-
tiple binary classifiers using feature vectors based on the local
geometric and motion profile of the trajectory. We present
a systematic comparison of these classifiers and discuss the
advantages of our approach to spatial curve input applications.
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MOTIVATION
The ability to draw curves in air using hand and arm move-
ments is fundamental to spatial (mid-air) interactions with
applications in 3D sketching [5, 30], geometric modeling [8],
hand-writing [26, 34, 1], and spatial authentication [6]. Re-
cently, there has been significant interest in techniques for
recognizing symbols within curves drawn in the air [34, 32].
Most, if not all, of these works focus on determining the
semantic content in a curve input (what the user wanted to

Permission to make digital or hard copies of all or part of this work for personal or
classroom use is granted without fee provided that copies are not made or distributed
for profit or commercial advantage and that copies bear this notice and the full citation
on the first page. Copyrights for components of this work owned by others than ACM
must be honored. Abstracting with credit is permitted. To copy otherwise, or republish,
to post on servers or to redistribute to lists, requires prior specific permission and/or a
fee. Request permissions from permissions@acm.org.

IUI’18, March 7–11, 2018, Tokyo, Japan

© 2018 ACM. ISBN 978-1-4503-4945-1/18/03. . . $15.00

DOI: https://doi.org/10.1145/3172944.3172985

Y

Z

X

Y

Z

X

a. Touch b. Hand posture

c. Button-press d. Natural input

Figure 1. Different mid-air input modalities.

express through the curve input). Our goal in this paper is to
investigate a complementary yet fundamental problem in mid-
air sketching task: determining when users actually intend to
draw in mid-air.

When sketching on a desktop or a tablet, the distinction be-
tween a stroke (what the user actually intends to draw) and
a hover (all other movements that are not intentional to the
drawing task) is trivially accomplished through explicit events
such as mouse button down or touch down (Figure 1(a)). In
mid-air interaction, such explicit interrupts can either be pro-
vided with some specific hand posture (Figure 1(b)) or with
a hand-held device with buttons (Figure 1(c)). Most existing
approaches embody this requirement in their hardware setup
and use events that ( such as pen up, pen down, hand posture,
etc.) segment the hover points from stroke points for perform-
ing further analysis for the stroke segments of the curve. With
this in view, the following questions motivate our work:

1. How do users draw in mid-air to express general shapes?
What is the effect of spatial input devices or hand postures
on the intuitiveness of mid-air sketch input?

2. For processing and recognition of symbols and alpha-
numeric patterns, a library of pre-defined canonical shapes
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is needed. How do we approach recognition of sketches
that represent known objects but may not be composed of
individually recognizable strokes (such as design sketches)?

3. Does the movement of the hand while mid-air sketching
posses inherent geometric and temporal structure that can
be used to identify when the user intends to draw in mid-
air?

Motivated by these questions, our intention was to study how
users move during mid-air sketching, develop qualitative in-
sights regarding such movements, and consequently imple-
ment a computational approach to determine when the user
intends to draw in mid-air without the use of an explicit mech-
anism (such as an instrumented controller or a specified hand-
posture). In doing so, we make two contributions. First, we
present an observational study wherein we characterize hand
trajectories generated by users in mid-air sketching tasks with
three sketching interfaces. This study helped us gain a better
understanding of the quantitative aspects of spatial user input
in terms of relative speeds of stroke and hover, intuitiveness
of postures and instrumented controllers for sketching, and
the types of shapes such as characters, shape primitives, and
general multi-stroke shapes. Secondly, we present a novel
approach to recognize the user’s intention to draw or not to
draw in a mid-air sketching task without the use of postures
or controllers. Given a sequence of points in the user’s finger
trajectory, we trained a binary classifier to learn the relation-
ship between the motion profile and geometric features of
each point in the trajectory with its true classification (hover
or stroke). The resulting model allows for the classification of
points on the user’s spatial trajectory.

RELATED WORKS
Digital sketching is an extensively studied area of research. In
contrast to 3D geometric models, sketches are rough, ambigu-
ous, and vague by nature. As a result there has been significant
prior work [23, 24, 11] on segmenting sketches into meaning-
ful objects or components. Curve inputs, in general, have also
been used as gestures by several approaches in multi-touch
devices [7, 2, 3, 37, 33]. However, these techniques are not
always scalable to spatial inputs due to the additional uncer-
tainty added by the third dimension: the intended planarity of
strokes is not guaranteed.

With the increasing availability of interactive devices such
as Wii Remote, Microsoft’s Kinect, and Leap Motion, there
has been rising interest in techniques for mid-air curve input
for gesture recognition [32, 29, 4, 36], hand-writing [26, 34,
1], and sketching [5, 8, 30]. These works are focused on the
identification of the curve drawn by the user as some known
symbol from an existing list (e.g. alphanumeric symbols)
and subsequent analysis of that known symbol. There are
also hand-posture based approaches [21, 27, 31, 25] for spa-
tial curve input for detecting user intent for creating mid-air
strokes. Despite the significant advances, hand pose estima-
tion and skeleton tracking still lack the required robustness
for simple tasks such as sketching. Further, posture recogni-
tion is not scalable for interactions with large displays [22, 9,
20], making it difficult to use multiple body skeleton tracking
controllers to identify the user intent. Special devices have

also been proposed for curve creation, especially for design
applications. Grosman et al. [14, 13] propose a physical tape
drawing metaphor for automotive curve design, and this ap-
proach involves using robust hand trackers for hand skeleton
detection. 3D input techniques for large displays as described
in [19] make use of infrared trackers and Wiimotes for im-
proved robustness of the interactions.

Our work aims at enabling future interfaces that will be able
to eliminate the need for a prescribed set of gestures/postures
or controllers to allow users to express 3D artifacts. There are
three observations in relation to the previous works that mo-
tivate our problem and approach. First, as Taranta et al. [32]
note, the particular effectiveness of such recognizers for seg-
mentation and recognition of curve inputs on touch surfaces
have not been particularly successful in higher dimensional
spaces. Second, in order to expand the scope of intelligent
user interfaces beyond symbol recognition to free-form de-
sign interfaces, there is a need for methods that do not rely
on comparing user input with canonical shapes in a repos-
itory. Most techniques are developed and evaluated using
segmented data, rather than considering a continuous time-
stamped data sequence of 3D points [25, 10]. To address
this issue, Krishnan et al. [18] develop and evaluate a sliding
window based approach to perform activity recognition with
streaming sensor data. The approach adopted in JackKnife
[32] proposes implementation of dynamic time warping for
continuous dynamic identification of gestures. While Jack-
Knife [32] treats each gesture as a time series representation
of direction vectors and then classifies with regard to all tem-
plates stored in a database, our work processes mid-air curve
input as sequential points which have individual set of feature
vectors, and performs the classification on each point as and
when new points are recorded. Finally, unlike sketching on
a tablet with a finger or stylus, using a spatial device or a
hand posture is not necessarily natural [8]. Works such as
Data Miming [15] and grasp-based virtual pottery [35] have
demonstrated that for continuous and free-form tasks such
as design, users’ movements are guided by their interactions
with the physical world rather than actions prescribed by the
interface designer. We draw from these latter approaches and
present a method that encapsulates human movement patterns
during mid-air sketching within an intelligent framework for
sketch intent recognition.

MID-AIR SKETCHING: OBSERVATIONAL STUDY
To better motivate the need for our approach, we conducted
an observational study where our intention was to observe
how users specifically react to known spatial input conditions
(such as constraining the sketch on a canvas or using a spe-
cific gesture) in comparison to a completely rule-free scenario
(how one might describe an object through spatial movement
without a computer interface at all). For this, we implemented
three interfaces using the Leap Motion Controller to record the
trajectory of the user’s hand skeleton while drawing a given
curve. Based on the recorded hand position, the following
rules were applied for detecting whether the recorded point is
stroke or hover:



I1 Proximal Plane: We consider a trajectory point as a stroke
point if the palm is in proximity to a pre-defined sketching
plane within a threshold (Figure 2 (a)). The interface recog-
nizes the user’s intention to sketch when the palm is within
a certain threshold of the front facing plane on the screen.
Even though this method is agnostic to any specific pose of
the hand, we asked users to assume a pointing posture while
sketching to maintain a natural way of providing input.

I2 Pinch Posture: We consider a trajectory point as a stroke
point if the hand assumes the pinching posture (Figure 2
(b)). Our choice of the pinch posture is motivated from the
way one holds a pen while sketching on a piece of paper.
We recognize a pinch based on the Euclidean distance be-
tween the thumb and index finger is within a pre-defined
threshold.

I3 Unrestricted: In the third interface, we simply asked users
to describe a curve in the air without any restrictions on
their hand movement or posture. Here, there was no explicit
distinction between hover and stroke for the recorded data
(i.e. all points were stroke points).

(b) Pinch posture(a) Proximal-plane

Figure 2. Illustration of the plane-proximity and pinch gesture mech-
anisms used in Leap Motion interfaces I1 and I2 for the observational
study.

Participants
We recruited 10 engineering students (5 female) within the
age range of 19-30 years. Except one participant, none of
these participants had prior experiences with motion tracking
devices such as Wii and Kinect or mid-air sketching.

Procedure
The total time taken during the experiment varied between
30 and 35 minutes and the three interfaces were randomized
across the participants. After describing the setup, the purpose
of the study, we described the features of the first sketching
interface and practically demonstrated its usage. For each
participant and task T3, we recorded a video of the task, the
completion time, and the time-stamped 3D coordinates of the
trajectories generated by the users for each sketched shape.
Each participant performed the following tasks:

T1 Unrestricted Sketch: Participants were asked to draw primi-
tive shapes a square in mid-air without restrictions on their
hand posture or movement. The participants’ responses
were video recorded for observational exploration.

T2 Posture-preference: Participants were then asked to repeat
the primitive sketching, but with one or more hand postures

of their choice from a list of pointing, two-finger pinch,
open palm, and pen-holding posture. In addition to video
recording, we also recorded the reasons for these choices.

P Practice: To familiarize themselves with the interaction of
their hand postures with the corresponding three interfaces,
the participants were given a brief demonstration of the
software and its functions, and were allowed to practice
for 5 minutes on each interface. They were allowed to ask
questions and were provided guidance when required.

T3 Sketching with I1 & I2: Participants were asked to sketch on
the planar-proximity and pinch based interfaces in a random-
ized manner. For each of these interfaces, every participant
sketched at least two primitives (Figure 3). Although the
duration of time for each interface was set to five minutes,
we allowed the participants to sketch more shapes with their
aspirations. The canvas was cleared after completion of
each primitive.

Q Questionnaire: Finally, each participant answered a series of
questions regarding their perception of each of the interfaces
in terms of ease of use, intuitiveness, and robustness. We
also collected open-ended comments regarding the tasks.

Primitives Freeform sketches

Figure 3. Primitives and free-form multi-stroke sketches drawn by users
during the observational study.

Findings
With each participant drawing 6 sketches, a total of 106670
points (55919 stroke, 60751 hover) were recorded.

Posture Comparison: As expected, nine out of ten partici-
pants used index finger to draw single-stroke primitives in the
unrestricted sketch interface (I3). However, in the posture-
preference task (T2), three out of these nine participants who
used the pointing posture in I3, changed their preference to the
pinching posture. One user stated: "It is more like using pen
and paper". Another user stated: "Pinching can help me deal
with more complex, detailed drawings". This indicates that (a)
there is a natural default hand posture and body movement that
manifests commonly across users during mid-air curve input
and (b) the way users move while sketching in air is dependent
on the nature of the artifact itself that they are trying to draw.

Interface Comparison: We further observed that the order of
interfaces affected ease of adopting different hand postures
in mid-air sketching. A participant who completed sketching
tasks with I1 and I2 before I3, stated: "It is difficult to turn it
on and off, people normally do not change their hand posture
despite it is a stroke or a hover". Nine participants out of ten
also preferred I3 over the other two even though I3 did not
have any visual cue that distinguished hover from stroke. They



stated: "The normal interface was easiest" and "I do not need
to worry about gestures and everything was detected with the
normal interface".
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Figure 4. The speed profile (top) shows a near-constant speed for hover
that is greater than stroke speeds. The avaerage hover and stroke speeds
were greater for the pinch-posture interface (I2) in comparison to proxi-
mal plane (I1)

Motion Characteristics: As expected, participants were gener-
ally slower (Figure 4(a)) while creating strokes (I1: 0.35 m/s,
I2: 0.56 m/s on average) as opposed to hover (I1: 0.66 m/s,
I2: 0.9 m/s on average). For the proximal plane interface (I1),
this was observed to a larger extent in comparison to pinch
interface (I2) (Figure 4(b)). Further, the uncertainty of users’
trajectory increased as they reached closer to the instance of
transitioning from hover to stroke. This was observed in terms
of large straight hover trajectories followed by short zigzag
ones while transitioning from hover to stroke.

Shape Type: There were significant differences in how partic-
ipants approached different types of primitives. They spent
time in refining details for multi-stroke shapes. The distribu-
tion of hover and stroke regions trajectories for drawing single-
stroke primitives were common across users when compared
with general multi-stroke shapes. This strongly indicated that
for arbitrary sketches, there is a need for a general compu-
tational strategy for segmenting and recognizing meaningful
parts of the users’ trajectory.

STROKE-HOVER RECOGNITION METHODOLOGY
The lack of robust finger tracking was a major concern for
our pinch-posture interface (I2). As a result, stroke points
were intermittently lost due to incorrect prediction of the pinch
posture. One of the participants, who had experience in motion
tracking devices such as Wii and VR, stated: "The software
interface with hardware probably had some minor issues with
detection of fingers...It couldn’t follow the movement of my
hand and veered off course many times". In contrast to our
behavioral study, we used the GeoMagic Touch device for
data acquisition. Here, users specified their intent to sketch
through the use of buttons on the device stylus (similar to a
mouse click-and-drag). Our choice of hardware was directly
a result of the lack of robustness observed in our behavioral

studies with the Leap Motion wherein capturing user intent
was prohibitively difficult.

Participants
We recruited 21 engineering students (11 female) within the
age range of 19-30 years. None of these participants had prior
experience with using the GeoMagic Touch device.

Sketching tasks and assumptions
Each participant was asked to draw 47 different sketches com-
prising of symbols, 2D and 3D primitives, and free-form
sketches in mid-air (Figure 5). The participants were instructed
to sketch the curves as naturally as they could (i.e. as fast or
as slow as they would if there were no interface). We as-
sume that the 2D data sketched by users is primarily planar,
and can be drawn using single strokes or multi-strokes; while
the 3-dimensional primitives recorded are multi-planar and
multi-stroke sketches.

Alpha-numeric
Characters

Single-stroke, multi-
stroke, 3D Primitives

Freeform 
sketches

A B C D E F G H I J 
K L M N O P Q R S 

T U V W X Y Z
0 1 2 3 4 5 6 7 8 9 And more sourced from 

@Quick, Draw! The Data

Figure 5. Symbols (left), 2D and 3D primitives (center), and free-form
2D sketches (right) drawn by users during 3D sketching data collection
using the GeoMagic Touch device.

Recorded Data
We developed a simple interface that allows the participants
to sketch in 3D using the GeoMagic Touch stylus (Figure
6). For every curve drawn, the interface records a continu-
ous sequence of 3D coordinates of the stylus tip trajectory
Px,y,z , and the classification of that point as being stroke(1), or
hover(0). While writing on a piece of paper, or sketching on
tablet surfaces, velocity of the traversal trajectories between
two successive strokes is much faster than the stroke trajec-
tories themselves. As noted by Johnson et al.[16], time data
is generally used for segmenting strokes in different sketch
recognition algorithms. Speed profiles of the data recorded
in the observational studies (Figure 4), also point towards a
similar distinguishing factor between stroke and hover curves.
Therefore, along with the curve coordinates and classification
status, we record the time stamp in milliseconds t of all drawn
points.

Features
Based on the motion profiles and local geometric properties of
the recorded 3D temporal data, to train and test our classifiers,
we construct a feature list comprising of the following:

1. Motion profile For every given point i on the trajectory,
we calculate its speed (si), acceleration (ai), and jerk ( ji)
relative to the (i−1)th point.

si = ‖Pi−Pi−1‖,ai =
si− si−1

ti− ti−1
, ji =

ai−ai−1

ti− ti−1



Button 
pressed

Figure 6. GeoMagic Touch 3D sketching data recording setup. Inset:
Stylus button that needs to be pressed by the user to draw an intended
stroke curve.
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Based on the motion characteristics of the 3D data recorded
in the observational study (figure 4), we note that at the
stroke-hover transition, there is an abrupt shift in the local
curve speed. To capture this shift, we calculate the relative
speed ratio (Sr) at a given point, as:

Sr =
si

si−1

2. Curvature Recorded curve trajectories from the Leap Mo-
tion observational study, and GeoMagic Touch data collec-
tion study are suggestive of the fact that hover trajectories
have a higher degree of flatness, whereas stroke trajectories
have a higher curvature. This measure of flatness of the
curve at the (i)th point is captured by estimating the Menger
curvature (ci) at that point (Figure 7 (a)). For a given trian-
gle formed by Pi, Pi−1, Pi+1, the curvature is given by:

ci =
1
r
=

4A
s1s2s3

where A is the area of4 Pi−1PiPi+1, and s1, s2, and s3 are
lengths of the triangle’s sides.

3. Rate of change of Frenet frame We associate discrete
Frenet frames for every edge forming the curve (Figure 7
(b)). The three orthogonal components of each Frenet frame
(tangent ti, normal ni, binormal bi) are computed as:

ti =
Pi−Pi−1

‖Pi−Pi−1‖
,bi = ti−1× ti,ni = bi× ti

As the user draws the stroke and hover curves, the change
in planarity is estimated by calculating the rate of change of
angles between the consecutive Frenet frame components.
These angular velocities (ωα , ωβ , ωγ ) form the last three
components of our training and testing feature vector:

ωα =
αi−αi−1

ti− ti−1
,ωβ =

βi−βi−1

ti− ti−1
,ωγ =

γi− γi−1

ti− ti−1

Training and Testing
Of the total data recorded from 21 participants, data from 2
participants had to be discarded, due to misrepresentation of
visual cues that hinted towards it being a plane drawing task
instead of mid-air sketching task. Of the remaining data, we
used 50000 points (22923 stroke, 27078 hover) for training
the model, while the remaining 50000 points (24292 stroke,
25708 hover) were used to test and cross-validate the data.
While training, the feature vectors were randomly sampled
from the available pool to eliminate any kind of over-fitting
of the trained model due to adjacent data points. For testing,
sequences of points belonging to a given shape were sampled.
We used MATLAB’s implementations of different binary clas-
sifiers. With mid-air sketches essentially being a series of
alternating stroke and hover curves, we believe that the sta-
tus of a given point on the curve is dependent on that of its
neighbors. To test this, we train a k-Nearest Neighbor binary
classifier. We ensure there is an equal mix of stroke and hover
features in the training list to eliminate model bias towards the
over-represented class. Since Support Vector Machines (SVM)
find utility in multiple gesture recognition tasks, we also train
a binary SVM classifier. Training and testing data is uniformly
scaled for accurate implementation of SVM. Finally, we ex-
plore random forest classifiers, and discuss different tuning
parameters for accurate predictions.

RESULTS
In this section, we discuss the prediction accuracies of the 3
classifiers, and identify the optimum model for stroke-hover
classification. Next, we perform a parametric optimization for
the random forest model, and discuss its prediction results,
and limitations.

Classifier Comparison
To compare the classification accuracies (η) across the 3 mod-
els, we sample and predict symbols, 2D and 3D primitives,
and free-form sketches from the testing feature list.

After performing parametric optimization, with 27 closest
neighbors, and correlation distance metric, the k-NN model
predicts with an average accuracy of η = 57.11% at a 0.04
seconds per point prediction rate. For cross-validated two-
class SVM models using both radial basis function, and Gaus-
sian kernels, the average prediction accuracy is η = 51.44%
at a 0.02 seconds per point prediction rate. It is observed
that while the k-NN model shows some trends of segmenting
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Figure 8. Sampled prediction results with accuracies (η) for k-NN, SVM, and Random Forest binary classifiers. k-NN and SVM models show high false
positives.

the stroke-hover data (Figure 8 (1a),(2a),(3a),(4a)), the SVM
model classifies every point as being stroke (high false posi-
tive) (Figure 8 (2b), (3b),(4b)). The random forest model, on
the other hand, exhibits good demarcation between stroke and
hover curves, and classifies them with an average accuracy of
η = 71.63% at 0.03 seconds per point prediction rate.

Random Forest
We explore the random forest classifier to further improve
its accuracy, by training different models using the following
feature list:

Fi =
[
si ai ji ci Sr ωα ωβ ωγ

]
(1)

Two main tuning parameters – maximum node splits per de-
cision tree Ns, and number of trees per forest, Nt , are used to
control the prediction accuracy. The depth of every decision
tree is controlled by Ns. We begin with the default values
of Ns = 7 and Nt = 10, and perform a grid search to identify
optimum parameters. Based on this analysis, the model with
Ns = 779 and Nt = 40 performs best with a prediction accuracy
of η = 82% for 50000 points (Figure 9).

As in the case of SVM, we explore the effect of scaling 3D
data coordinates as well as processed features, on the model
prediction accuracy. It is observed that the model with no
scaling performs with the best accuracy. Speed (si), Speed
ratio (Sr), local curvature (ci), and ωα are found to be the
dominating features, and we retrain the final random forest
model using only these parameters.
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Figure 9. Variation in random forest model accuracy (η) with changes
in number of individual tree splits (Ns) and number of trees per forest
(Nt ).

Instrumented Controller Predictions:
The optimum random forest model is tested using symbols,
2D and 3D primitives, and free-form shapes from the testing
feature list. Higher prediction accuracy is observed in case of
primitives and free-form shapes η = 85.75% (Figure 11, 10),
as compared to symbols η = 78.75% (Figure 10 (a)). This
can be explained in a couple of ways. First, during the data
collection study, it was observed that due to familiarity with
symbols, participants sketched them at a much faster rate. On
the other hand, the participants were found to be cautious while
sketching multi-stroke free-form sketches and 3D primitives.
This had a direct effect on our hypothesis that hover trajec-
tories should essentially be traversed faster as compared to
stroke, in the sense that, this was followed for the multi-stroke
shapes, but was not reflected for the recorded symbols data.
Second, from a close analysis of the data collection video, it
was observed that symbol sketches were primarily restricted
to a single plane, while multi-stroke primitives and free-form
sketches spanned multiple planes. While the multi-planarity
was effectively captured for the shapes using the three Frenet
frame vectors, the same cannot be guaranteed for symbols.

Interesting results are observed for free-form 2D sketches
and 3D primitives (Figure 11). A majority of these sketches
are multi-stroke, involving constant shifts between hover and
stroke curves. The 3D primitives also involve frequent move-
ments between different planes. Despite this fact, the classifier
is able to segment such curves with a high accuracy without
consulting an existing database to identify the nature of the
drawn sketches. In other words, the model is able to classify a
given point based on its local properties, rather than classifying
it based on the nature of the entire sketch as a whole.

Bare Hand Predictions:
We measured the performance of the model by predicting 3D
sketching data recorded in the Unrestricted Interface I3 using
the Leap Motion controller (Figure 12). The predicted results
have two characteristics: discontinuity in predictions (Figure
12 (a)), and high false positive rates (hover misclassification)
(Figure 12 (b)). These characteristics can be attributed to
the different ways in which the training and testing data sets

are recorded on the GeoMagoc Touch and Leap motion inter-
faces, respectively. On one hand, while the GeoMagic Touch
based interface recorded data with accurate sketch-hover de-
marcation, it ultimately is a tethered device, with limited work
volume availability. On the other hand, with the Leap in-
terface, users had comparatively more freedom with respect
to workspace availability, and were able to draw curves at a
much faster rate. However, it is worth noting that the model
was able to classify sufficient points without geometrically
pre-processing the recorded data using techniques like corner
detection.

Limitations
The primary reason for using the haptics device for 3D sketch-
ing data collection was to ensure accurately recording the
stroke-hover data of the drawn points. However, the device
itself posed certain limitations due to its physical manipula-
tion capacities, offering roughly an interaction space of 16 in
x 12 in x 10 in. Also, since it was primarily tethered to the
computer, the user did not have much freedom in terms of
moving away from the computer and sketching. It was also
observed that participants experienced high resistance from
the stylus pivot while traversing wavy curves like the tree
crown (Figure 11). This resulted in the user dwelling for much
longer time while drawing stroke curves. Restricted motion
about the stylus pivot also resulted in wavy hover trajectories,
resulting in high curvature hover curves. In future, we plan
to eliminate these limitations by conducting a similar study
using a non-tethered instrumented controller. Further, mid-air
curve input speed is dependent on some other factors like the
type of curves, preciseness with which they are drawn, and
the application for the 3D curve. In future studies, we plan to
record and develop a model on variety of mid-air 3D curves.

DISCUSSION

Design Implications
At its core, our approach offers a different perspective for
mid-air sketching, that is, considering intentional strokes as
anomalies within a continuous hover activity. The ability to de-
tect this anomaly changes the way we design mid-air interfaces.
The validation of this model opens up new vistas in the domain
of mid-air interactions in context of design ideation, and early
stage concept design. With an on-the-fly implementation of
our approach, designers will be able to naturally construct 3D
concepts through consecutive curve descriptions without the
need for specific gestures or instrumented controllers. The
classified stroke data can then be recognized using standard
sketch recognition techniques. In collaborative design ideation
setups, coupling this approach with semantic data may lead to
the development of intelligent mixed-initiative interfaces.

Application to 3D Modeling
Our approach can be considered complementary to existing
segmentation and recognition applications. It is interesting
to consider the implications of this model in context of 3-
dimensional sketching applications like Tilt Brush [12] and
Gravity Sketch [28], that use augmented reality and instru-
mented controllers for enabling mid-air sketching. Participant
feedback from the behavioral study is indicative of the fact



a. Ground truth (top row) and predictions (bottom row) for alpha-numeric characters

(η= 89.17%) (η= 78.23%) (η= 86.32%)(η= 79.17%)

(η= 87.71%) (η= 84.92%)

b. Ground truth (top row) and predictions (bottom row) for 3D and 2D single- and multi-stroke shapes

(η= 85.71%) (η= 90.81%)

Figure 10. Random Forest model prediction accuracies (η) for symbols (first two rows) and 3D/2D primitives (bottom two rows) sketch data recorded
using GeoMagic Touch.

that sketching in mid-air without specifying explicit gestures,
or using instrumented controllers, is both natural, as well as
intuitive. Our work shows that both aspects are relevant and
related. One of the major problems associated with using
freehand 3D data in geometric modeling applications is the
lack of controllability[17]. Scaling our approach and modeling
geometric shape controllability using the sketch-hover analogy
may lead to the development of mid-air curve input based 3D
modeling applications.

Scalability across different interaction volumes
In order for mid-air interactions to scale, we must have dif-
ferent levels of details for recognizing when a user wants to
affect the state of an interactive system - specifically in setups
involving large displays. In this context, we offer a possibil-
ity of bypassing hand skeletal tracking by simply analyzing
body-level activity (that can be robustly tracked by most avail-
able algorithms) to identify user intent for curve drawing [13].
This will further allow for implementation of novel and richer
interfaces for large displays and interaction spaces enabling
collaborative design experiences.



(η= 84.70%) (η= 78.51%) (η= 79.12%)

a. Ground truth (top row) and predictions (bottom row) for 2-dimensional free-form shapes

b. Ground truth (top row) and predictions (bottom row) for 2-dimensional free-form shapes

(η= 84.01%) (η= 87.21%) (η= 79.33%)

Figure 11. Random Forest model prediction accuracies (η) for multi-stroke free-form sketch data recorded using GeoMagic Touch.

CONCLUSIONS & FUTURE DIRECTIONS
In this paper, we presented an approach for capturing user
intent for creating strokes using spatial input. Our idea was
based on a simple premise that the user’s intention to draw
in mid-air is inherently present in the motion and geometric
characteristics of user-generated hand trajectory. With the
current accuracy of our classification algorithms, we believe it
is possible to create interesting applications such as interactive
art, especially for large displays with multiple users. However,
for more precise applications such as 3D design, our approach
needs improvements in overall accuracy. We intend to col-
lect a richer and more extensive dataset that can be used for

training classifiers based on neural networks (especially recur-
rent neural networks that can capture the time-series nature of
the underlying data). Further, we plan to investigate how our
approach could be utilized as an intermediate step toward im-
proving known frameworks for recognition of spatial symbols
and gestures. In the broader domain of mid-air curve input,
our work opens a new problem context that can potentially
lead to novel approaches for enabling users to express visual
ideas through spatial interactions.
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Figure 12. Random Forest model prediction results for 3D sketch data
recorded using Leap Motion. Discontinuity in predictions (left), and
false positives (right) observed during predictions.
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