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ABSTRACT

In the last years, the introduction of new, precise and pervasive
tracking devices has contributed to the popularity of gestural inter-
action. In general, the effectiveness of such interfaces depends on
two components: the algorithm used for accurately recognizing the
user movements and the guidance provided to users while execut-
ing gestures. In this paper, we discuss a work in progress research
for connecting these two components and increasing their effec-
tiveness: the recognition algorithm supports the implementation of
feedback the and feed-forward mechanisms, providing information
on the identified gesture parts in real time, while developers define
complex gestures starting from simple primitives.
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1 INTRODUCTION

Over the years, the literature proposed different solutions to solve
the gesture recognition problem. Among them, we can identify two
peculiar classes: i) machine learning methods, like Hidden Markov
Models (HMM) [5] or neural networks, and ii) compositional tech-
niques, e.g. GestIT [6, 7] and Proton++ [3, 4].
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Figure 1: A guidance system for using stroke gestures in
a simple geometry drawing application. It shows previous
touch positions with a black line (back) and the possible
completions (feedforward).

The former offers high accuracy, which is very important for
building usable User Interfaces (Uls) As a drawback, the classifi-
cation phase requires the entire gesture input sequence. This is
a problem for creating many types of feedback and feed-forward
systems [8] since they would require information during the ges-
ture execution and not only when it finishes. On the other hand,
declarative approaches describe gesture through the composition
of smaller parts. This is useful for supporting guidance systems
and gestural Uls implementation, at the cost of lower accuracy.
In Figure 1, we depict an example of a simple gestural drawing
application. In order to guide the user in drawing the shapes, the
interface requires not only the recognition of the whole shape but
also its parts (i.e., its sides).

In order to reduce the gap between machine-learning and compo-
sitional methods, we proposed DEICTIC (DEclaratIve and Compo-
siTional Input Classifier) [1, 2]. It is a declarative and compositional
approach, which achieves high recognition accuracy and sub-part
identification combining HMM classifiers with a declarative gesture
model [7]. DEICTIC provides a simple model language for stroke
gestures for defining complex gestures through three different geo-
metric primitives (point, line or arc) and a set of temporal operators
(sequence, iteration, disabling, choice and parallel) for the com-
position. Internally, DEICTIC exploits HMMs for recognizing the
basic gesture segments (primitives). Each operator corresponds to
a connection graph for creating composite HMMs able to recognize
complex gestures without any additional training.

2 ONLINE GESTURE RECOGNITION

DEICTIC supports online recognition (i.e. without the acquisition
of the whole user movement) if the scale and the position gesture
input are known. For instance, it supports online recognition if
the gesture bounding box is (roughly) fixed. Unfortunately, such
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X =P(0,0) + L(2,-3) +
L(-2,0) + L(2,3)

V = P(0,0) + L(2, —3)+L(2, 3)

Figure 2: Two sample uni-stroke gestures (an X and a V) hav-
ing the first sub-component in common (in red). Below the
graphic representation, we show the DEICTIC expressions
for modelling each stroke, with the common part in bold.

interaction does not correspond to the general case. The usual so-
lution is a preprocessing step for the gesture data that normalises
the reference system for each gesture and increases the recogni-
tion accuracy. In this work, we propose to extend DEICTIC for
supporting online recognition in the general case. The goal is de-
tecting when a subcomponent is completed, supporting feedback
and feedforward mechanisms in real-time, independently from the
scale and the position of user input. Differently from the original
approach, in this version we employ a tree structure to generate a
list of partial-gesture HMMs. The structure avoids the creation of
duplicated HMMs, namely two or more HMMs associated to the
same sub-expression. Instead, two or more gestures can share a
subset of their components.

For instance, the X and V uni-stroke gestures in Figure 2 have
the first sub-component in common. We first insert a new tree node
for the entire expression that describes the X gesture (Node_A).
Then, we split it by removing the last ground term, L(2, 3). We
associate the resulting expression P(0, 0) + L(2, —3) + L(-2,0) to a
new node (Node_B) which is a son of Node_A. We recursively apply
the same operation to Node_B, and we obtain the Node_C. Then,
we start splitting V. When the decomposition algorithm reaches
the common part in the strokes (P(0, 0) + L(2, —3)), we do not create
another node, but we link the one we already created for X to
the V tree. In this way, the gesture model contains only one node
associated with the same sub-expression. Finally, the obtained tree
is employed to generate the list of HMMs, one for each node.

We tested the accuracy of the proposed method using an adjusted
version of 1$-dataset presented in [9]. It contains 330 repetitions of
16 single stroke gestures, represented as a sequence of points and
the related time-stamp. We added for each point the information
about gesture sub-component. In this preliminary test, we evaluated
only those gestures which not contains arc primitives. We simulated
an online dispatching, feeding the HMM with a single frame at a
time. Figure 3 reports the accuracy achieved considering the top
one, two, three and four likely gestures. It is worth pointing out that
the accuracy follows a similar trend in each condition. In particular,
we identified two areas, between 30% and 70%, where the mean
accuracy decreases. This is because the HMMs require a few points
for detecting the next sub-component and this causes a delay in
the recognition.

3 CONCLUSIONS AND FUTURE WORK

In this paper, we extended DEICTIC [1, 2] towards the online ges-
ture recognition in the general case, independently from their scale
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Figure 3: The mean accuracy evolution achieved considering
the top one,two,three and four likely gestures. The x-axis
represent the mean accuracy while the y-axis represents the
gesture completion.

and position. On the one hand, it preserves the composition infor-
mation on gesture parts, in order to support the development of
gesture guidance systems through feedback and feedforward; on
the other hand, the overall accuracy is less than 80%, in particular
when the user has performed the 30% and 70% of the gesture. In
future works, we would like to analyse the achievable accuracy by
including those gestures which contain arc primitives. In addition,
we plan to determine if other machine learning-based approaches
are suitable to be combined with declarative approaches.
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