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ABSTRACT. Natural gestures are always mixtures of both dynamic and static gestures,
so are gesture interfaces for human-computer interaction. This makes recognizing mized
gestures important. Since there has been little work focusing on this issue, this paper is
devoted to spotting and recognizing from mized gesture sequences. The main work of this
paper falls into two parts. The first is to distinguish meaningful gestures from random
sequence using state-based spotting algorithm. The second is to further classify gestures
using different features. FExperimental results and practical application show that this
system is effective and efficient for low-cost gesture recognition.

Keywords: Hand gesture recognition, Mixed hand gesture, Spotting algorithm, Data
aligning, Human-computer interaction

1. Introduction. Hand gestures provide an important complimentary modality for spee-
ch to make ourselves understood in daily communication and interaction with humans.
Sometimes, information and ideas like degree, discourse structure, spatial and temporal
structures conveyed by hand gestures may not be easily carried using other modes [1]. Es-
pecially for people with language disabilities, hand gestures become the most reliable and
manageable way for communication. In designing natural and robust human-computer
interfaces, expressiveness and naturalness are considered to be the two key elements, but
are often missing from interfaces using other modes. According to Wachs et al. [2], ges-
ture interface presents three main advantages over conventional HCI (Human-Computer
Interaction) systems, namely accessing information while maintaining total sterility, over-
coming physical handicaps and exploring big data. Today, gesture interfaces have been
used in a wide range of applications including medical, rehabilitation, entertainment,
military, education and so on [3].

Gestures used in daily life are rapid, continuous and highly free-form [4], and can be
varied according to the meaning conveyed and the people conduct it. Generally speaking,
hand gestures are primarily classified as static and dynamic. Static gestures are usually
still hand postures or configurations, while dynamic gestures are made up of continuous
hand movements and posture formation. People are able to move fluidly among these two
types as needed. However, in most of current human-computer interaction scenarios, only
static or dynamic gestures are involved. These systems only make a one-to-one mapping
from either hand posture configuration or trajectories to perform some single command,
reducing the power of expressiveness and naturalness of gesture interfaces.
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Compared with the large number of studies recognizing static or dynamic gestures,
there are only a few work of identifying both gestures from sequences for continuous
interaction [5]. This mixed style of both static and dynamic gestures in one sequence is
very common and important in natural interaction and communication. Considering the
action of “shaking hands”, first reach out the hand, open it and keep still for some seconds
waiting for another hand, then close it. This sequence is composed of both dynamic
and static gestures. Dynamic gestures are continuous hand movements of reaching out
the hand and posture formation of both opening and closing hand, and static gesture
is keeping the open hand still waiting. Identifying these static and dynamic gesture
information from this mixed sequence would make sense for building natural interfaces to
increase expressiveness in communicating with computers.

Hand gesture recognition systems aim to tracking human gestures, identifying gestures
as input and processing these representations through mapping of commands to output.
There are two major types of solutions for gesture interfaces, namely glove-based and
vision-based systems. Among them, markless vision-based systems provide a non-intrusive
solution for gesture data acquisition at a low cost with passive and stealthy sensing.
There are excessive work on static gesture recognition since the early 90’s for its relative
simplicity [6], but less work on dynamic gesture recognition with most focus on trajectory
[7] and very few on hand posture formation. And there still lacks work of identifying
static and dynamic gestures from mixed sequence.

This paper deals with the problem of recognizing mixed static and dynamic gestures
from a randomly occurred gesture sequence using markless vision-based method. First, a
state-based spotting algorithm are presented to automatically identify static and dynamic
gestures from the sequence. Then static gestures and two different types of dynamic
gestures are further recognized and classified. Finally, a framework is provided for building
low-cost online interaction systems using this mixed gesture sequence, and the application
of interacting with virtual apartment is also presented for illustration.

2. Related Work. Markless vision-based gesture recognition systems have found vital
applications across a wide range of scenarios, from traditional virtual reality, sign language
and robotics to more recent domains as video games, medical environment, augmented
reality, etc. However, since static and dynamic hand gestures have different features, they
have to be treated using different methods and algorithms.

Static gestures only involve orientation, position and still posture information of the
hand without any movement, and they can be detected using general classifier or template-
matcher. Birk et al. used principle component analysis and Bayes classifier for construct-
ing a mapping between hand postures and alphabet [8]. Triesch and Malsburg used elastic
graph matching for hand posture recognition even under complex environments without
segmentation [9]. Zhang et al. used an adaptive complexion model and voting theory for
rapid static hand posture recognition [6].

As the information related to static hand gesture is limited, only one-to-one mapping
from gestures to control and interaction commands can be built using these information;
thus the ability and extent of such gesture control are constrained. Static gestures are
often involved in simple control scenarios, as for desktop applications controlling cursor
or virtual keyboards [10], for simple sign language translation like single alphabet or digit
[11], for multimedia manipulation like turning media player on or off, for game control
like moving or shooting, for virtual environment navigation and object manipulation like
moving forward and pointing [12].
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Unlike static gestures, dynamic gestures have temporal and spatial aspects, with hand
body moving or posture formation, and usually are done intentionally for communication.
Most often, dynamic gestures can convey emotion or intention and are direct translation of
short oral language. These aspects make dynamic gestures recognition more complex than
that of static gestures. The temporal or spatial dimension can be handled by modeling
through hand gesture representation as done using motion based model. On the other
hand, this dimension can also be handled using automata-based learning algorithms as
most common approaches have done. These approaches treat dynamic gestures as a set
of states and transitions within states. Thus dynamic gestures are considered as a path
between an initial and a final state. Lee and Kim propose an approach using Hidden
Markov Models (HMM) based threshold for gesture recognition [13]. Patwardhan and
Roy use a predictive eigen tracker for recognizing dynamic gestures involving changing
shapes and trajectories [14].

With the additional temporal and spatial dimension, the effective commands dynamic
gestures can conduct are more and richer than static gestures, and these commands are
not limited to one-to-one mappings. In game control, dynamic gestures allow the games
to be controlled physically just as we play in the real world [15], in virtual environment,
involving dynamic gestures means navigation and interaction with the environments in a
more natural way as interacting with real objects [16]. In daily life, gesture sequence is
often a mixture of random occurred static and dynamic gestures, without clear boundaries.
Though a plenty of work have involved solely static or dynamic gestures as interfaces for
HCI, few of them have ever tried using both gestures at the same time. The main reason
for this may due to the different features involved in static and dynamic gestures which
require different recognition methods. It is also still difficult to spot them separately.

On mixed gestures recognition, Chen et al. raised a two-level approach for gesture
category differentiation but with a cumbersome architecture to implement [17]. This
mixture of gestures can be used as smart environment controller [18], real-time TV and set-
top-box controller [19], virtual object manipulation [20]. Both the quality and quantity of
work on mixed gesture recognition are far less than static and dynamic gesture separately.
This is mainly due to the fact that splitting and spotting from a continuous gesture
sequence still remains a problem for effective and robust recognition using markless vision-
based method.

Based on these facts, most of our work is devoted to the spotting algorithm automati-
cally identifying static and dynamic gestures from a mixed sequence. Then both gesture
classes are further recognized using separate methods and algorithms.
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FIGURE 1. Structure overview of recognition system
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3. System Design and Implementation. The overall structure of the mixed hand
gesture recognition system is shown in Figure 1. The system contains three individual
modules, namely, gesture spotting, static gesture recognition and dynamic gesture recog-
nition. Gesture spotting module first detects the valid hand area from gesture image
sequence, then a state-based spotting algorithm is used to segment gestures and mark
them static or dynamic. Static gestures are recognized using voting theory and relief al-
gorithm in static gesture recognition module, and dynamic gestures are recognized using
Hidden Markov Models (HMMs) in dynamic gesture recognition module. The system
design makes it distinctive from solely static or dynamic gesture recognition systems in
recognizing from a randomly mixed gesture sequence with reasonable performance.

3.1. Gesture spotting. In a mixed gesture image sequence, the static and dynamic
gestures always occur randomly, together with other meaningless actions as hands move-
in and move-out which should be ignored. Static gestures can be represented using single
images while dynamic gestures must be represented using series of images. This module
of gesture spotting is thus provided to extract meaningful gestures from this random
sequence, and mark them as static, dynamic or meaningless. This is a two-stage process.
First, hand area must be extracted from each frame image of the sequence and hand
motion state is detected. Second, a stage-based spotting algorithm is applied to determine
whether the hand is in static or dynamic gesture state.

Hand detection from gesture image sequence is following the common detection proce-
dure. YCbCr skin-color model is used to extract valid hand area and remove unnecessary
background information, and the result is a binary image sequence of hand area as shown
in Figure 2(b). The red rectangle denotes the valid hand area segmented from raw image
of Figure 2(a).

(a) Raw image (b) Binary image

FiGURE 2. Hand detection result

By performing context-sensitive state analysis on the image sequence, each frame image
is determined as whether it is in moving state or in still state, and this procedure is called
motion state detection. To determine the motion state of each frame image, two factors
are considered, namely change of hand location and variation of hand shape.

The change of hand location is calculated using Euclidean distance:

Ad = /(x; — 2i1)? + (yi — yi1)? (1)

The pair (x;,y;) is the hand location in the ith frame.
The variation of hand shape is approximated using variation of the rectangular region:

Deltas = |Az - Ai—1| (2)

A; is the area of rectangular region in ith frame.
Motion state of each frame image is then determined as:

- ]_, if (Ad Z 51) or (AS Z 52)
1 0, otherwise



MIXED HAND GESTURE RECOGNITION 4715

where ; and d, are thresholds for filtering jitters in hand motion detection. Here, r =1
means the frame image is in moving state, and r = 0 is part of a still one.

Algorithm 1 State-Based Spotting Algorithm

Require:
Define ng = 0, ny = 0, flag; = 0, flago = 0; Create an empty list L for storing
possible dynamic gestures.

Ensure:
1: for all image I; do
22 f1=0, fa=0;
3:  Run hand segmentation and motion detection to get a result r;
4: if r = 59 then
5: ng + +;
6: if ng > N then
T f1 = 1, Nng = 0,
8: end if
9: else
10: if r = s; then
11: ny + +;
12: if n; > N then
13: f1:1,f2:1,n1:0;
14: end if
15: end if
16: else
17: if r = s, then
18: Insert I; to the back of L;
19: Ng = 0, n; = 0,
20: end if
21: end if

22:  n = length(L);
23: if f; =1 then

24: if n > N then

25: Output L as a dynamic hand gesture;
26: end if

27: Clear L;

28: end if

29: if f, =1 then

30: Output [; as a static hand gesture;

31: end if

32: end for

After hand detection and motion state detection, each frame image must be in one
of the three states: sq still hand, s; no hand and s, moving hand. It is obvious that a
series of continuous frame images with state s, must be partial or complete of a dynamic
gesture. Some single frame image with state sy must be static gesture.

However, spotting based on just states of single frames is not exact enough. There may
be careless movement when performing a static gesture making state changing from s to
s immediately, causing separate gestures spotted as a single one. If the interval between
gestures in a sequence is not long enough, multiple gestures are also probably spotted as a
whole. When performing a dynamic gesture, there may be tiny pause causing the gesture
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divided into two separate gestures. It is also likely to spot some meaningless gesture as
an independent one. Frames of these gestures must be handled to reduce the influence on
motion state detection results and increase robustness of the method.

For the sake of enhancing robustness of the spotting algorithm, not to recognize these
meaningless gestures, a threshold N is set as in Algorithm 1, which is related to HMMs
to separate these undefined gesture frames from defined gestures, and filter these frames.
Steps 6, 12 and 25 ensure this process.

3.2. Static gesture recognition. Since static gestures are relatively simple for recog-
nition and there have already been excessive work on it, a simple and rapid algorithm
proposed by Zhang et al. [6] is involved for static gesture recognition. This method is
based on voting theory and relief algorithm.

This algorithm requires off-line learning process for recognition. After image normal-
ization to a uniform size of 160 x 120, each valid image is represented as a column vector
V. A mean vector Dy is calculated for each gesture category k as:

. 1o o
Di=—-3% V. (4)
i=1

with n the sample number and the ith column vector V; denoting the corresponding
posture.
To recognize an unknown static gesture (G, a score for each category is counted using

the following rule:
| Dy, Gi=1
Ski = { 1 —Dg;, G;=0 (5)

Here, G; is the ith element of vector G. 1f G; = 1 means G; corresponding to a skin-like
pixel in raw image. Dy ; is the ith element of vector 5k, and sy ; is the score of putting
G in category k. The total score of each category is represented as s, = Y sg ;. To filter
some undefined gestures in similarity computing, a threshold is also set up. The unknown

gesture is then classified into the category with the highest score and a gesture score under
the threshold would be discarded.

3.3. Dynamic gesture recognition. Different from static gestures usually with sin-
gle image, dynamic gestures always contain continuous images. Hidden Markov Model
(HMM)-based approaches are employed for recognizing such gestures. Feature vector is
important for training and learning of such models. Here, a feature vector including
position, velocity, size and shape of hand is provided for HMMs training.

3.3.1. Feature extraction. Position and velocity are the two most significant features of
hand trajectory tracking and are both described as two-dimensional coordinates. Size and
shape information are also important features describing current posture of the hand. All
these features can be combined together as a six-dimensional feature vector for HMM
learning and training.
e Hand Position Description. Hand position feature (P, ,, P,;) measures relative dif-
ference between current hand location and centroid of the gesture hand (Cj, Cy),

calculated as:
1 — 1 —
(Cs,Cy) = <EZ Xi, EZ Kt) (6)
t=1 t=1

The hand position feature is then represented as:
(Pm,ta Py,t) - (Xt - CI) Y;t - Cy) (7)
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where (X, X,) is the hand location in current ¢th frame as shown in Figure 2(a).

e Hand Velocity Description. The hand velocity feature (V,,,V} ;) is the change of
speed and direction of hand motion. It measures hand position change between
current and previous frames as:

(Vi Vi) = (Xo — Xim1, Yy — Vi) (8)

e Hand Size Description. The hand size feature S; is defined as area of bounding box
of the hand (see Figure 2(b)). This feature is used as an approximate of hand depth,
calculated as:

Sy =A — A4 (9)

where A; and A; correspond to area of bounding box at fth and 1st frames.

e Hand Shape Description. The hand shape feature R; is introduced for posture vari-
ation monitoring. Unlike other features, this feature is rapid and convenient to get.
This representation helps to express the rich varieties of hand postures with a pow-
erful performance.

The six-dimensional feature vector is then represented as:
Ft — <P$,t7py,t7‘/;?,t7%,t7StﬂRt> (10)

with each component normalized to a real number within the range of [-1.0,1.0] for
training.

3.3.2. Data aligning algorithm. HMMs only accept data with the same fixed length as
training data set. However, even for one participant, the same dynamic gesture may take
different time to complete. This results in varied length of raw gesture data sequences. A
solution to normalize the sequence length is data aligning. Algorithm 2 shows the detail
of this procedure.

First, the average length of samples in the gesture is calculated. Then, each sample
is checked to see whether the length is equal to the average or not. Shorter samples are
expanded and longer samples are compressed to average length both using linear inter-
polation. This method enables participants with a higher degree of freedom to conduct
natural gestures with few constraints.

4. Experimental Results. Three experiments and one demo application are designed
to evaluate the performance of the proposed system. Six people (two trained, four un-
trained) are involved. Totally 11 gestures are defined with 3 static gestures and 8 dynamic
gestures, as in Figure 1. These dynamic gestures include 4 with two dimensional trajectory
changing, 2 with posture formation and 2 with depth changing.

Experiment I is designed to evaluate the overall recognition performance of the system
over mixed gesture sequences with randomly occurred gestures. Experiment II specifically
deals with the performance of spotting algorithm on different sequences. Experiment T1I
evaluates and analyzes the system performance on a practical application of navigation
and interaction in a virtual apartment using gestures.

These experiments are carried out on a computer with Intel® Quad Q6600 2.4GHz CPU,
4GB RAM, NVIDIA® GeForce GTS 450 graphics card. Gesture data were captured using
an ANC® web camera. System and demo application are developed using Visual C++
2008 and OpenCV library under Microsoft® Windows 7 operating system. Experiment
data are processed and analyzed using Matlab® with a ready-made HMM toolbox written
by Murphy [21].
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Algorithm 2 Data Aligning Algorithm
Require: )
Calculate the average length L for the training gesture:

R
Lzﬁgw

where n is the sample count, F; stands for one sample, |F;| means the length of Fj;.
Ensure:
1: for all F; do
2:  Define F; as

F={F,F,... E};
3:  Define an array D to record the distance between adjacent vectors in F', where
Dli)=||Fin— F|, 1<i<n-—1;
while length(F) > L do
Select the minimum value D[k] from D;

Define F' where

7 (Fi + Fii1)

2 Y
Delete ﬁk and ﬁkﬂ;
: Insert F' to the position k of F;
9: Update array D;
10: end while
11:  while length(F) < L do
12: Select the maximum value D[k| from D;
13: Define F' as Step 6;
14: Insert F’ to the position k + 1 of F;
15: Update array D;
16: end while
17: end for

4.1. Experiment I: Hand gesture recognition. This experiment includes two parts.
The first part is to evaluate the applicability of HMMs on 8 dynamic gestures. HMMs
need to be trained repeatedly to achieve optimal parameters and good likelihood. The
experiment result is shown in Table 2. The column L denotes average length of each
dynamic gesture, M and () are parameters for each HMM corresponding to state number
and mixture number. The results reveal that HMMs are reliable with high likelihood
using these parameters after training.

The second part is the result of hand gesture recognition. This is further divided into
two tests. The first test takes samples from 6 people (totally 6 x 11 = 5280 samples)
as training set, and evaluates the recognition rate on gesture data taken from 6 people
(totally 6 x 50 x 11 = 3300 gestures). The second test takes samples from 3 people (totally
3 x 80 x 11 = 2640 samples) as training set, and evaluates the recognition rate on gesture
data taken from another 3 people (totally 3 x 30 x 11 = 990 gestures). The results of
these two tests are shown in Table 3.

The first three rows in Table 3 correspond to recognition rate of static gestures, with the
rest of dynamic gestures. The overall performance of the first test is over 95% while the
second is averaged at 85%. As in the second test, the recognition result is based on some
generic training set, the overall performance is lower than the first test, but still within
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TABLE 1. Gestures defined in the system

Gesture Posture Variation Trajectory Description Category
Forward E None Move forward static
Backward E None Move backward static
Stop None Stop moving static
Grasp ﬂ None Grasp object deform
Release []ﬂ None Release object deform
Turn Left [] = Turn left vertical
Turn Right [] — Turn right vertical
Turn On [] O Turn on vertical
Turn Off [] D< Turn off vertical
Push Forward Push away depth
Pull [] Backward Pull back depth

TABLE 2. L, M and @ for dynamic gestures

Gesture L M Q
Turn Left 11 4 4
Turn Right 13 2 3
Grasp 3 4
Release 2 2
Push 12 6 5
Pull 9 4 4
Turn On 18 3 2
Turn Off 19 6 4

4719

L: Average length of gestures.
M: The state number.

Q@: The mixture number of Gaussians.

a reasonable scope. This shows the applicability of the system. The general recognition
rate of static gestures is between the best and worst of dynamic gestures. This reveals the
fact that the trajectory feature has a greater influence on recognition results than posture
feature. The recognition on dynamic gestures ‘Grasp’ (87.00%) and ‘Release’ (89.00%)
are relatively lower than average, and this is mainly due to the fact that these two gestures
only have tiny depth variation, with almost no change of hand posture and trajectory.
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TABLE 3. Recognition results in Experiments [ and II

Gosture Experiment I Experiment IT
Samples Correct Error Recognition (%) | Samples Correct Error Recognition (%)
Forward 300 291 9 97.00% 90 80 10 88.89%
Backward 300 293 7 97.67% 90 82 8 91.11%
Stop 300 297 3 99.00% 90 86 4 95.56%
Grasp 300 261 39 87.00% 90 70 20 77.78%
Release 300 267 33 89.00% 90 68 22 75.56%
Turn Left 300 296 4 98.67% 90 82 8 91.11%
Turn Right 300 299 1 99.67% 90 84 6 93.33%
Turn On 300 299 1 99.67% 90 83 7 92.22%
Turn Off 300 289 11 96.33% 90 78 12 86.67%
Push 300 278 22 92.67% 90 81 9 90.00%
Pull 300 282 18 94.00% 90 7 13 85.56%
total | 3300 3152 148 95.52% | 990 871 119 87.98%
2D T T T T T T T T T T
18 I et count
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FIGURE 3. Tests on spotting algorithm

4.2. Experiment II: Gesture state spotting. This experiment aims to evaluate the
robustness and efficiency of the spotting algorithm. Gesture sequences defined for evalua-
tion consist of alternatively appearing random dynamic and static gestures with different
lengths. 10 such sequences are included in experiment with the expectation to ignore
meaningless postures and mark meaningful dynamic gestures. The results are shown
in Figure 3. The results show that, the spotting algorithm output the same number
as expected counts for 4 sequences, output less for another 4 sequences and more for 2
sequences.

With the threshold, recognition results of 6 dynamic gestures are shown in Figure 4.
Among the 6 gestures, gesture 1, 2 and 5 are defined and gesture 3, 4 and 6 are undefined.

Through the evaluation of trained HMMs, each gesture has eight loglikelihood scores.
A higher score indicates a higher similarity to that gesture. The curves show that defined
gestures have excellent similarities to the correct category with a higher score, while
the undefined gestures get much lower score to each category. A score to some category



MIXED HAND GESTURE RECOGNITION 4721

Test results: ges1, ges2, gesd are recognized, and other undefined gestures are rejected by the
threshald.

Log-likelihood ey aluated by HWMs

| 1
Tum left Tum right (Grasp Release Push Pull Tum on Tum off
Gesture category

FIGURE 4. The recognition results on some defined or undefined dynamic gestures

above the threshold is accepted, while under the threshold is rejected. To find the optimal
threshold, about tens of trials are taken, and the value is found to be set at —80.0.

4.3. Experiment ITI: Demo application and analysis. Gesture interfaces came into
being for solving practical problems. Gesture data sequences for recognition in practical
applications are different from performance testing. For testing, gesture sequences may
be predefined, participants may be trained for a long time, numerous trials may be taken
for better statistical results. While in practical applications, gesture sequences are defined
according to task sequences, most participants are naive users of the system, these gestures
may be conducted a few times or even once.

Hence, to test the effectiveness and efficiency of the gesture spotting and recognition
methods, a practical gesture interface for navigation and interaction in a virtual apartment
is developed. Gestures data sequence is captured as video and analyzed on-line using a
common web camera, with a resolution of 640 x 480 at a frame rate of 20fps. The distance
between participant and camera is between 0.5m and 1.0m. System configuration is the
same as used for previous experiments.

@ start ‘ I TABLE 4. Corresponding gestures

® End
- =path defined on task route

Task Gestures Category
Turn right  Turn Right trajectory
Turn right  Turn Right trajectory

Pause Stop static
Open door  Push depth
Hold switch Grasp shape
Turn on Turn On trajectory

ClCICICICI)C)

FIGURE 5. Task route

Turn off Turn Off trajectory
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FIGURE 6. Results of gesture performed in virtual apartment

Hand Features

Totally 7 gestures including 1 static gesture (‘stop’) and 6 dynamic gestures (‘turn
right’, ‘turn left’, ‘push’, ‘grasp’, ‘turn on’ and ‘turn off’) are defined for operation. Task
route is shown in Figure 5 and corresponding gestures are shown in Table 4. If no valid
gesture detected, default action is moving forward in current direction.

Results of current view in the virtual apartment after each gesture performed are shown
in Figure 6. The frame length recorded for the whole task route is 1811. The first 492
frames mean no valid hand is detected, meaning in state s;. From frames 493 — 531
and 662 — 694, the hand performs turn right gesture, meaning state s;. There is a
pause in frames 857 — 867, meaning state sy. Next four tasks are closely connected, with
frames 985 — 1017 of opening the door, frames 1139 — 1137 of holding the switch, frames
1213 — 1292 of turning light on and frames 1555 — 1605 of turning light off.

In this practical gesture sequence, static and dynamic gestures are followed one by
one closely with varied time for performing each gesture. From the observed sequence,
recognition results affected by the order of appearing gestures in different categories fall
into four cases, seen in Figure 4.

5. Conclusion and Future Work. In this paper, a recognition system using markless
vision-based method from mixed static and dynamic gesture sequence is presented. This
system proposes a state-based spotting algorithm for automatically identifying static and
dynamic gestures. Static gestures are recognized using voting theory and relief algorithm,
dynamic gestures are recognized using HMMs. Experimental results show that this system
is able to recognize gestures with reasonable performance. A practical application of
operating in virtual apartment is presented using the recognition methods proposed, and
proves that this system is effective and efficient.

As experimental results have shown, the features used for classification and recognition
are not accurate enough, and recognition rate of several gestures categories are not good
enough. More precise features and specific categories must be defined in order to include
a larger set of gestures for recognition. On the other hand, new devices as Microsoft
Kinect® may be used as another ready-to-use recognition solution. What is more is that
human experience in attending such interaction paradigm should be improved for a wider
range of applications.
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