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a b s t r a c t
Hand gestures have great potential to act as a computer interface in the entertainment environment.
However, there are two major problems when implementing the hand gesture-based interface for multiple users, the complexity problem and the personalization problem. In order to solve these problems and
implement multi-user data glove interface successfully, we propose an adaptive mixture-of-experts
model for data-glove based hand gesture recognition models which can solve both the problems.
The proposed model consists of the mixture-of-experts used to recognize the gestures of an individual
user, and a teacher network trained with the gesture data from multiple users. The mixture-of-experts
model is trained with an expectation–maximization (EM) algorithm and an on-line learning rule. The
model parameters are adjusted based on the feedback received from the real-time recognition of the teacher network.
The model is applied to a musical performance game with the data glove (5DT Inc.) as a practical example. Comparison experiments using several representative classiﬁers showed both outstanding performance and adaptability of the proposed method. Usability assessment completed by the users while
playing the musical performance game revealed the usefulness of the data glove interface system with
the proposed method.
Ó 2011 Elsevier Ltd. All rights reserved.

1. Introduction
Recently, researchers have begun to focus more exclusively on
developing systems or interfaces by using human motions which
contain various contexts of users (Hong, Yang, & Cho, 2010). Hand
motions are one of the most common forms of expressive gestures,
and they have great potential to act as a computer interface in the
entertainment environment through the development of the data
glove (Horace, Ken, & Belton, 2005; Leonel & Aderito, 2005; Mark,
Oliviero, & Wolfgang, 2006).
Hand gesture-based systems have two major issues, the complexity problem and the personalization problem of the recognition. Firstly, due to the complexity of human hand’s high degrees
of freedom and gestures variety, it is difﬁcult to distinguish each
hand gesture (Ge, Yang, & Lee, 2008). One of the solutions for this
problem is limiting sorts of hand gestures which can be discriminated well. However, because this approach cannot be generalized
for hand gesture-based applications which use different gestures,
classiﬁcation methods that can reduce the complexity of the problem and distinguish various general gestures well should be proposed. Secondly, as the size of individual hands varies across
users, the measurements needed for the data glove would also
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differ since data glove devices are unable to ﬁt to all users. In order
to solve this problem, the measurements of these devices must be
normalized or preprocessed. Moreover, the device recognizer must
be suited to analyze the newly preprocessed data for the current
user and an adaptive learning method for the recognizers is required in these forms of personalized interfaces.
In this paper, an adaptive mixture-of-experts model is proposed for data glove-based applications to deal with the two major problems on hand gesture-based systems shown above. In
order to solve the complexity problem, the level of complication
is reduced by dividing the problem into sub-problems by using
the mixture-of-experts model. Moreover, an adaptive learning
algorithm is proposed to solve the personalization problem. The
adaptive mixture-of-experts architecture is initially trained with
labeled training data, and when the user begins interacting with
the interface, the architecture receives feedback from the recognition system. The interface gradually adapts to the user’s hand
shape, and, as a consequence, the accuracy of the input increases
as the problems related to the different measurements of the
user’s hand.
The proposed method is applied to an interactive game of
musical performance. The interface collects sensory information
from the user’s hand shape with a data glove, which interprets
the shape of the hand using an adaptive mixture-of-experts model.
The 3D musical performance game is played by manipulating the
orchestra using one’s hand-shape.
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2. Background
2.1. Hand gesture interfaces

In order to deal with several users, many researchers have proposed the use of a trained recognition model with corrections to
the model coming from feedback based on on-line recognition
methods. In this line of research, we propose an on-line learning
algorithm for the proposed method as well.

In order to use hand gestures as the way of interaction for interfaces, the gestures should be recognized ﬁrst. As it is not easy to directly determine the shape of a hand based solely on the signals,
machine learning techniques for hand gesture recognition have
been used in previous works (Laura, Angelo, & Paolo, 2008). Table
1 shows machine learning techniques and applications of previous
hand gesture-based interfaces.
Hand gesture-based interfaces have been used for various target
applications, especially sign language recognition which contains a
variety of hand gestures. However, even though previous works
tried to apply machine learning techniques to the hand gesture
recognition, a single recognition model they used is not appropriate to discriminate various hand gestures because it is difﬁcult
for the single model to learn all hand gestures due to the complexity problem. To overcome this limitation from the previous works,
we dealt with the complexity problem with the mixture-of-experts
model in this paper. Moreover, even though the personalization
problem persists in hand gesture recognition technology, previous
works have only focused on the ability to recognize a single user’s
hand gestures. In this paper, the architecture for hand gesture recognition interface that includes the ability to solve personalization
problems is proposed.

To design the recognition model for enhanced hand gesturebased interface, we chose mixture-of-experts (ME) model (Jacobs,
Jordan, Nowlan, & Hinton, 1991; Jordan & Jacobs, 1994) as a basis
for the proposed method. ME consists of a set of local experts and a
gating network which combines the decisions from the experts.
One motivation for the mixture-of-experts model is based in the
divide-and-conquer principle, which is common in the ﬁeld of computer science. According to the principle, the mixture-of-experts
model is suitable for problems composed of sub-problems. By dividing the entire problem into several smaller ones, the complexity of
the problem can be reduced (Hwang & Cho, 2009). Each expert deals
with different features from a different perspective, thus resolving
the small separable problems.
Through the features of the mixture-of-experts model, it has been
applied to complicated recognition problems (Ebrahimpour, Kabir,
Esteky, & Youseﬁ, 2008; Ubeyli, 2008), and it is also suitable for the
hand gesture recognition problem because it reduces the complexity
of the problem by dividing all hand gestures into some subgroups.

2.2. Adaptive gesture recognition

3. Proposed method

Traditional gesture-recognition systems including hand gesture
based interfaces aim to recognize the gestures of a single user.
However, each user has his or her own speciﬁc physical conditions,
and these individual conditions can lead to problems of personalization. To cope with this problem, the recognition model must be
able to learn and recognize the speciﬁcations of many users. Moreover, these models must be able to adapt to new users. Therefore,
adaptive gesture recognition methods in the multi-user environment are required to solve the problem of personalization.
Hannuksela et al. used an unsupervised maximum-a-posteriori
(MAP) scheme for system learning of new users in a vision-based
motion gesture recognition system (Hannuksela, Barnard, Sangi, &
Heikkila, 2008). Licsa et al. implemented an interactive trainingbased adaptive learning system which includes both unsupervised
and supervised training for a vision-based hand gesture-recognition
system (Licsar & Sziranyi, 2005). If there were correct detections, the
model would try to perform unsupervised training. However, if
there were false detections, the model would perform supervised
training with feedback. Moreover, Hassanuzzaman et al. proposed
an adaptive visual gesture-recognition system using a multi-cluster-based learning algorithm for the multi-user environment
(Hasanuzzaman et al., 2007).

In this section, we introduce an adaptive mixture-of-experts
model for multi-users in detail. Moreover, the proposed method
can be applied to the real multi-user interface. The musical performance game we developed is also presented as the practical application of the proposed method.

2.3. Mixture-of-experts

3.1. Adaptive mixture-of-experts for multi-users
The mixture-of-experts model used in this work consists of
both expert and gating networks. Fig. 1 shows the architecture of
the used mixture-of-experts network, which consists of N expert
networks and one gating network, both of which have access to
the input vector x. The gating network has one output g per expert.
The standard choices for gating and expert networks are generalized linear models and multilayer perceptrons. The output of
each expert is given by:

lj ¼ f ðW j  xÞ; j ¼ 1; . . . ; n;

ð1Þ

y

Table 1
Previous hand gesture-based interfaces.

g1

Authors

Techniques

Target applications

Oz and Leu (2007)

ANN

Lee and Tsai (2009)

ANN

Fels and Hinton (1998)
Ziaie, Muller, and Knoll (2008)

ANN and RBF
Naïve
Bayes + kNN
SVD

American sign language
recognition
Taiwan sign language
recognition
Speech synthesizer
Human–robot interaction

Kamel, Sayeed, and Ellis
(2008)
Kelly, McDonald, and
Markham (2010)

SVM

Online signature
veriﬁcation
Irish sign language
recognition

g2

µ1

µ2

µ3

Expert 1

Expert 2

x

x

Expert 3
x

g3

Gating
Network
x

Input data
Fig. 1. The architecture of the mixture-of-experts model.
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where Wj is the weight vector of the n total experts, and f(x) is a
nonlinear, differentiable, transfer function. The principle of divideand-conquer is implemented by assigning each expert to the subspace of an input. A gating network partitions the input space and
assigns each expert a weight factor:

mj ¼ gðV j  xÞ; j ¼ 1; . . . n;

ð2Þ

where Vj is a weight vector corresponding to the jth output node of



the gating network. Here the gating function gðxÞ ¼ 1 þ erf d pxﬃﬃ
2

is used, where erf is the error function of the experts and d controls
the stiffness of the gating network function. The sum of the weights
is 1, and the output of the gating network can be regarded as the
probability of selecting each expert. If the slope d is large, the function forms a sharp boundary between the two subspaces. If d is
small, then the boundary is rather soft and there is an intermediate
region to which both expert networks contribute. In the limit, as d
goes to zero, m1 = m2 = 1/2 results for each input x, and the network
then has the same properties as those of a soft-committee machine.
Therefore, d regulates the overlap between subspaces, and the
weighted output from the mixture of experts is written as:





r V; fW j g; x ¼

n
X

 

g Vj  x f Wj  x :

ð3Þ

j¼1

The network learns rules from training examples generated by a
teacher network that has the same architecture:





r0 V 0 ; fW 0j g; x ¼

n

 

X
g V 0j  x f W 0j  x ;

ð4Þ

j¼1

where V 0j is the jth weight vector of the gating network in the teacher
network, and W 0j is the jth weight vector of the expert in the teacher
network. Fig. 2 describes the usage of a teacher network which is
used to learn online. The teacher network is the initially trained network with the labeled data of multi-users, and the error functions of
both networks integrate and adjust the parameters of the network.
When using a mixture-of-experts model, learning has probabilistic interpretations, with the learning algorithm considered to be
the maximum likelihood estimation. Statistical methods, such as
the expectation–maximization (EM) algorithm, are often used.
However, if we assume a Gaussian distribution, then the quadratic-error function can be described as


i2

 1h 

E V; fW j g; x ¼ r V; fW j g; x  r0 V 0 ; fW 0j g; x :
2

ð5Þ

maximum likelihood estimation. Statistical methods, such as the
expectation–maximization (EM) algorithm, are often used. The
likelihood of the mixture-of-experts model would be considerably
simpliﬁed if each pattern was associated with only one expert as
indicated by the variables can be deﬁned as below:

Z nj ¼



1; pattern t n 2 input of expert j;
0; otherwise:

Then the complete conditional probability density, including
the missing variables, and the error function can be deﬁned as
follows:

Pðt; zjxÞ ¼

m
X

m

 Y

zn
znj g j ðxÞ/j ðtjxÞ ¼
g j ðxÞ/j ðtjxÞ j ;

j¼1

Ec ¼ 

X

ln pðt n jxn Þ ¼ 

n

¼

When using a mixture-of-experts model, learning has probabilistic interpretations, with the learning algorithm considered to be the

ln

m
Y

ðg j ðxÞ/j ðtjxÞÞzj

j¼1

znj lnðg j ðxn Þ/j ðt n jxn Þ:

ð8Þ

j¼1

The problem is that one does not know the distribution of the
missing variables znj . The next important part of the EM algorithm
is an iterative two-step approach consisting of an E-step, in which
the expectation of Ec with respect to the missing variables is calculated based on the current parameter values, and an M-step that
minimizes this expected complete error function or equivalently
maximizes the likelihood. In Jacobs et al. (1991), it has been shown
that the decrease in the expected complete error function implies
the decrease in the original error function E which guarantees convergence to a local minimum.
E-step: The expectation of the complete error function is

eðEc Þ ¼ 

m
XX
n





eðznj Þ ln g j ðxn Þ/j ðtn jxn Þ ;

ð9Þ

j¼1

where the expected values using Bayes’ rule of missing variables
are


 

 

 p tn jznj ¼ 1; xn P znj ¼ 1jxn
n
n
n n
e zj ¼ P zj ¼ 1jt ; x ¼
;
pðt n jxn Þ

ð10Þ

which gives using the probabilistic interpretation of MEs (3) and the
deﬁnition of:

 

g ðxn Þ/j ðtn jxn Þ

e znj ¼ Pmj

n Þ/ ðt n jxn Þ
j

¼ pj ðxn ; tn Þ:

ð11Þ

Substituting the expected values of the missing variables (11)
into the expectation of the complete error function (9) gives:

eðEc Þ ¼ 

m
XX
n





pj ðxn ; tn Þ ln g j ðxn Þ



j¼1

m
XX
n

Fig. 2. Adaptive learning with a teacher network.

X
n

m
XX
n

ð7Þ

j¼1

i¼1 g i ðx

3.2. Learning algorithm for the proposed model

ð6Þ





pj ðxn ; tn Þ ln /j ðtn jxn Þ :

ð12Þ

j¼1

The terms of this equation can be minimized separately in each
M-step. An interpretation of the ﬁrst term is the entropy of distributing a pattern x amongst the expert networks. This cost is minimal if the experts are mutually exclusive and increases when the
experts share a pattern. The second term has the general form of
a weighted maximum likelihood problem, and the weighting with
pj implies that the important experts are the ones with a large value of pj. Thus, the error function incorporates the soft splitting of
the input space, which is an essential characteristic of the model.
M-step: The term to be minimized for the gating network and
the expert network j are:

J.-W. Yoon et al. / Expert Systems with Applications 39 (2012) 4898–4907

Egate ¼ 

m
XX
n

Eexpert ¼ 





pj ðxn ; tn Þ ln g j ðxn Þ ;

ð13Þ

j¼1

m
XX
n





pj ðxn ; tn Þ ln /j ðtn jxn Þ :

ð14Þ

j¼1

Additionally, the on-line learning rule for multi-user adaptation
of the proposed model is written as below to obtain student weight
vectors Vj and Wj:

V pþ1 ¼ V p 



i
gh  p
r V ; fW pj g; xp  r0 V 0 ; fW 0j g; xp

N
 g 0 ðtp Þ f ðyp1 Þ  f ðyp2 Þ xp ;

¼ W pj 
W pþ1
j

ð15Þ



i
gh  p
r V ; fW pj g; xp  r0 V 0 ; fW 0j g; xp

N 

 f 0 ðypj Þg ð1Þj1 t p xp ;

ð16Þ

where ypj ¼ W pj  xp and tp = Vp  xP are the internal ﬁelds of the expert,
and the gating networks for the pattern, respectively. The learning
rate g is scaled to the network size N. In the limit where N goes to
inﬁnity, we may consider a ¼ p=N as a continuous variable, time.
Eqs. (14) and (15) can be transformed into differential equations for
the corresponding order parameters. The generalization error is obtained from the numerical solutions of these differential equations.
3.3. Application: GloveMusic, the musical orchestration
GloveMusic is a musical performance game in which people
interact with the game using their hands. In order to provide the scalability of the system, it is composed of the glove module and the
orchestra module as shown in Fig. 3. The glove module recognizes
the users’ hand shapes by analyzing sensory information collected
from data gloves. The orchestra module produces the 3D virtual
environment of an orchestra according to the game scenarios.
The glove module and orchestra module are connected with a
communication module. The communication module connects
the modules using the transmission control protocol (TCP) with
sockets, and the data is constructed into XML format. The glove
module and the orchestra module share an XML module which receives and sends the hand data once it is calibrated.
The sensory data is collected by the calibration module from the
sensor device, and the data is preprocessed. The preprocessing step
includes normalization and feature extraction. For the features, the
correlation between the axes is extracted. The preprocessed data is
used to recognize hand gestures using the mixture-of-experts
model. After the recognition result is established, it is sent to the
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orchestra module by TCP and applied to the 3D environment of
the orchestra.
3.3.1. Glove module
As the input interface of the game, two data gloves (5DT Inc.)
are integrated into the glove module to collect samples at 60 Hz.
The degrees of the bendings of the ﬁngers of the left hand are used
as continuous values, while the shapes of the right hand ﬁngers are
transformed into discrete values.
The left-hand glove consists of ﬁve sensors, and the right-hand
glove consists of 14 sensors. The calibration points of the left-hand
glove are located on each ﬁnger, and the calibration points of the
right-hand glove are on the upper joint and knuckle of each ﬁnger.
The rest of the sensors are used to calibrate the angles between
each ﬁnger. Since the sizes of individual hands are diverse, we normalized the training data based on their maximum (clenching
ﬁsts) and minimum (opening palms) sizes.
After preprocessing, the system is able to recognize eight hand
shapes based on eight channels of the data glove in the mixtureof-experts model, as shown in Fig. 4. With 8000 samples collected
in advance, the weights of the network were adjusted to produce
the correct outputs using the EM algorithm.
3.3.2. Orchestra module
The orchestra module was implemented, which also produces
the 3D game environment. Eight musical instruments, including
ﬂute, oboe, violin, conga, contrabass, trumpet, cymbals, and shakes
were modeled to play the original sound track of the movie, ‘‘Mission Impossible,’’ and the overall story is designed as a script using
Lua (Ierusalimschy, de Figueiredo, & Filho, 1996), a scripting language. The script deﬁnes how to set the lights and the camera view,
as well as how to arrange and move the 3D characters. As shown in
Fig. 5, 3D characters in the virtual environment are implemented
with 3D Max and Direct3D, and the FMOD Ex Sound Library is used
to manage the multiple soundtracks.
The orchestra module maps to the glove module’s outputs with
proper actions. The left hand corresponds with the manipulation
based on continuous values, such as changing the volume or moving the cameras, while the right hand handles the sound effects.
Table 2 shows the details of the mapping actions onto the inputs.
4. Experiments
4.1. Experimental setups
The experiments were performed to evaluate both the accuracy
and the adaptability of the proposed model with the data

Fig. 3. System architecture of the musical performance game.
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5
Gating
Network
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Fig. 4. The inputs and outputs of the ME architecture.

Fig. 5. Screen shots of the musical performance game.

Table 2
Game actions matched to hand gestures.
Sensor

Action

Left hand

Index ﬁnger
Middle ﬁnger
Ring ﬁnger
Little ﬁnger

Control part A’s volume
Control part B’s volume
Zoom in/out the camera on C
Zoom in/out the camera on the conductor

Right hand

0
1–5
6, 7

No action
Sound effect 1–5
Change the main camera

glove-based input method. For the experiment, test data were collected from ﬁve different users, each using 25 different hand gestures. The set of hand gestures shown in Fig. 6 was used to
evaluate the accuracy of the hand gesture recognition since it includes comprehensive hand shapes. The ﬁrst 24 hand gestures
were the American Sign Language (ASL) alphabet and the last hand
gestures involved the unfolding of all ﬁve ﬁngers to show the palm.
Data were collected at a rate of 300 samples per gesture, and
roughly 8000 samples were taken from each participant. Thus,
the total number of samples was 48,382 for the ﬁve participants.
The ﬁrst experiments were conducted using several static models,
support vector machine (SVM), artiﬁcial neural network (NN), a
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Fig. 6. The hand gestures for the data set.

naive Bayes classiﬁer (NB), and a static mixture-of-experts (ME).
Each model was trained from a single user’s data dividing the data
into ten folds. To show the adaptability of the model, the test data
included from the rest of the nine folds of the ﬁrst user to the other
subject data.
4.2. Experimental results
Table 3 shows the recognition results. As the model is trained
with the ﬁrst individual’s data, each classiﬁer showed appropriate
accuracy to the ﬁrst person’s test data. The proposed method has
shown 95.38% accuracy, and SVM and ME showed accuracies of
94.38% and 95.63%, respectively. The other models’ accuracies
were acceptable, and the static ME shows better accuracy than
does the proposed method. However, as the input data changed
to the second person, the accuracy dropped, and it appeared similar to the other subjects’ data. The accuracies of SVM and NB
dropped about 11% on average, that of ANN decreased by 7%, and
that of ME decreased by 11%. However, the proposed method’s
accuracy only dropped 5% on average. This result shows that the
proposed method assures the accuracy better than did the other
classiﬁers when the subject changed.

The adaptability of the proposed method is shown in Fig. 7. The
accuracy changed as the subject data changed. The accuracy was
calculated using a non-overlapping sliding window method in
which an input window of data moves through the data with no
overlaps between the windows, such that they are exclusive from
one another. The classiﬁers use each item of data as a fold to calculate the accuracy.
In Fig. 8, the y-axis shows the accuracies of each fold, and the xaxis shows the subject id. The vertical lines discriminate the data
between subjects. The results from the ﬁrst subject show that there
is no special trend in the accuracy, and after the subject changes,
all of the classiﬁer’s accuracies have decreased. Especially, naive
Bayes classiﬁer’s accuracy drops signiﬁcantly. Although the proposed method have been dropped too, but the accuracy has improved as the other subject’s data is used to the classiﬁcation.
Moreover, we obtained the ratio of the integrated area under
the percent accuracy curve, shown in Fig. 8, of each method to
the integrated area using the best method at each subject to analyze the relative accuracies of the methods at each subject. As
shown in Fig. 8, from the ﬁrst subject, SVM, ANN, and ME classiﬁers
show similar performance with the proposed method. However,
after the subject changed, the proposed method shows relatively

Table 3
The accuracy of each subject (unit: %, errors are in parentheses). The bold values represent the best results.
Classiﬁer

Subject #1

Subject #2

Subject #3

Subject #4

Subject #5

SVM
NB
ANN
ME
Proposed

94.38 (±0.99)
83.00 (±0.96)
91.13 (±0.95)
95.63 (±0.70)
95.38 (±0.75)

86.38
71.63
83.88
86.50
92.38

82.00 (±0.96)
71.75 (±0.82)
83.50 (±1.24)
84.88 (±1.41)
86.63 (±1.74)

83.38
72.25
84.75
83.88
90.50

83.50 (±1.22)
72.50 (±1.20)
84.13 (±1.17)
82.38 (±0.56)
90.38 (±0.86)

(±0.53)
(±0.75)
(±1.09)
(±1.35)
(±0.98)

Fig. 7. The accuracy of the experiment with changing subjects.

(±0.78)
(±0.78)
(±1.00)
(±1.08)
(±1.40)
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Fig. 8. Relative accuracies of the methods at each subject.

better performance as compared with other classiﬁers. This shows
the outstanding adaptability of the proposed method.
In order to analyze the classiﬁcation performance of the proposed method more precisely, we obtained the confusion matrix
of classiﬁcation between gestures to clarify the confusing gestures
as shown in Fig. 9. The numbers in the row are the real id numbers
for the gestures’ test data, and the columns show the classiﬁcation
results. The unit of the ﬁgure is the count of classiﬁcation times, so
the cross line of the ﬁgure shows the accurate classiﬁcation count
and the others show the wrong results. The rest of the gestures
show high accuracy above 90% but the red line, id 6, 8, 19 shows
lower accuracy than the others. These misclassiﬁed gesture pairs
are like Fig. 10.

The confusing hand gestures have appeared in Fig. 10. They
have similar ﬁnger postures, but some postures are different. For
example the ﬁrst pair in Fig. 11, shows that all of the ﬁngers are
the same but only the thumb is unfolded. The next pair is also
the same case. This is because the data glove sensor did not ﬁt exactly to the user’s hand, and the measure from the thumb has become obscure. This problem should be solved by making the data
glove sensor ﬁt to various sizes of hands by using ﬂexible materials
for the glove. Another confusion is like the pair at the bottom in
Fig. 10. These pairs have the same postures of all of the ﬁngers,
but the intertwined angle is different between the index and middle ﬁngers. The confusion appeared as the calibrations of the angle
between the ﬁngers are not tangible, as the data glove does not ﬁt

Fig. 9. The confusion matrix of classiﬁcation between gestures.

Pair 1

6

Pair 2

10

8

Pair 3

23

Fig. 10. Misclassiﬁed gesture pairs.

19

15

16
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training of the mixture-of-experts system for the second experiment was conducted with eight hand shapes, as shown in Fig. 11.
5.2. System usability scale

Fig. 11. The hand shapes for the training data set.

exactly to the hand. These misclassiﬁcations will be solved by preprocessing the sensor values or ﬁtting the glove to the hand.
5. Usability test
5.1. Test overview
The usability test was performed to evaluate the usefulness of
the data glove-based system with the proposed hand gesture recognition method. The test was based on the GloveMusic system, proposed in Section 3.3, which included a desktop computer, a large
monitor, two data gloves, and a 5.1 channel speaker. After putting
on the gloves, the player starts the game by clenching his or her ﬁst
and using the proper hand movements during the game. The initial
Table 4
The SUS questionnaires.
Number

Questions

Answer

SUS-1
SUS-2
SUS-3
SUS-4

I think that I would like to use this system frequently
I found the system unnecessarily complex
I thought the system was easy to use
I think that I would need the support of a technical
person to be able to use this system
I found that the various functions in this system were
well integrated
I thought there was too much inconsistency in this
system
I would imagine that most people would learn to use
this system very quickly
I found the system very cumbersome to use
I felt very conﬁdent using the system
I needed to learn a lot of things before I could get going
with this system

12345
12345
12345
12345

SUS-5
SUS-6
SUS-7
SUS-8
SUS-9
SUS-10

12345
12345
12345
12345
12345
12345

In order to assess the usability of the GloveMusic game, 48 subjects (32 males and 16 females) were recruited from Yonsei University, ranging from 19 to 33 years old. Many participants
reported to having experience with video games, including the
Nintendo Wii, but more than half of the subjects reported that they
did not play games regularly. The participants were asked to follow
the given gestures of the game in which the OST of ‘‘Mission
Impossible’’ was played.
The subjects were asked to complete ten questions from the
system usability scale (SUS) (Brooke, 1996), using a ﬁve-point scale
ranging from ‘‘strongly disagree’’ to ‘‘strongly agree’’ as outlined in
Table 4. SUS scores have a range of 0–100. The system usability
scale was completed after the user played a full session of the GloveMusic game. Forty-eight undergraduate and graduate students
participated by completing the system usability scale, ranging
from 19 to 30 years old.
5.3. Test results
The overall usability score was 68.5 points, which signiﬁed that
the usability of GloveMusic with the data glove interface was generally acceptable. Figs. 12 and 13 show the participants’ responses
when dividing the questionnaires into positive and negative responses, respectively. Each ﬁgure shows the distribution with a different color corresponding to the scores. The horizontal axis shows
each questionnaire’s number, and the vertical axis shows the subject number associated with each score.
Half of the participants reported that they do not regularly play
video games, but more than 67% reported a positive response with
the proposed game using the gesture interface. Sixty-seven percent
of the participants said that GloveMusic was not complicated, and
77% responded that the system was easy to use. People reported
that it was easy to use the data glove and gesture interfaces in
GloveMusic. Fifty-six percent of players responded that they believed they could use the system without any help from an expert.
This indicates how intuitive the gesture interface is to use. As gesture interfaces are easy to learn, 90% said that it was easy to learn
and use the system, although 48% of the participants thought that
using a data glove was a bit cumbersome. The 3D visualization and
sound effects of the game environment increased the amusement
and immersion effects associated with playing the game.

Fig. 12. Rating distribution of positive questionnaire responses.
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Fig. 13. Rating distribution of the negative questionnaire responses.

Fig. 14. Mean ratings of the questionnaires.

Fig. 14 shows the mean ratings of the ten questionnaire rating
responses, ranging from 1, strongly disagree, to 5, strongly agree.
The odd numbers of the system usability scale ask about positive
feelings related to the system, and even numbers are associated
with negative feelings. Participants agreed with the positive questions by responding over 3.5 points on average to the odd numbered questions and disagreed with the negative questions by
responding with 2.5 points on average to these questions. As GloveMusic is not sophisticated in its conﬁguration, some participants
suggested that a visual cue should be displayed corresponding to
the user input.
6. Conclusion and future works
In this paper, an adaptive mixture-of-experts model for data
glove interfaces for multiple users was proposed. The proposed
model was designed in two aspects; solving the complexity and
the personalization problem. The adaptive mixture-of-experts system was initially trained with an EM algorithm, and this system
learned from the feedback of the online error function. This system
was ﬁrst calibrated to the user who provided the training data set,
and it gradually adapted to new users. Different from conventional
methods, this system addresses the divergence between the sensor
measurements and the recognizer which typically occurs when the
user changes. The proposed method has been shown to be 95.38%
accurate for a single user and 89.97% accurate in recognizing other
user’s data. The results of the experiments have revealed that the
proposed model’s accuracy drops when the subject changes, but
it gradually adapts to the current user and improves its accuracy.

We also implemented a musical performance game, GloveMusic, as the practical application of the proposed method. GloveMusic includes a glove module and an orchestra module. The glove
module calibrates the log of the user’s hand shape in real-time
and recognizes the gesture using the adaptive mixture-of-experts
architecture. The orchestra module displays a 3D orchestra in
which the user is able to control the lights, volume, and sound
effects using his or her gestures by wearing a data glove. This application was implemented to measure usability.
For future work, we plan to reduce the cost of estimating the
maximum likelihood in order to make the architecture more suitable to real-time service. Additionally, not only hand gestures but
also arm movements and the user posture will be used as interfaces for the game. We will also automatically determine the
appropriate number of expert networks and divide each of the features into expert networks via inference from the training data set.
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