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Abstract In video-based human gesture recognition, it is
very important to combine useful features and analyze the
dynamic structure thereof as efficiently as possible. In this
paper, we proposed a dynamic Bayesian network model
that is a simplified model of dynamics at the level of hidden
variables and employs observation windows of observation time slices for robust modeling and handling of noise
and other variabilities. The proposed Simplified dynamic
Bayesian network (DBN) was tested on a gesture database and an American sign language database. According
to the experiments, the proposed DBN outperformed other
methods: Conditional Random Fields (CRFs), conventional
Bayesian Networks (BNs), DBNs, and Hidden Markov
Models (HMMs). The proposed DBN achieved 98 % recognition accuracy in gesture recognition and 94.6 % in
ASL recognition whereas the HMM and the CRF did 80
and 86 % in gesture recognition and 75.4 and 85.4 % in
ASL (American Sign Language) recognition, respectively.
Keywords Dynamic Bayesian network · Gesture
recognition · Sign language recognition
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1 Introduction
The development of computer and robot technologies has
resulted in increased attention being given to their role in
our daily lives. As computers and robots begin to impact
our lives, the technologies of interaction between humans
and computers/robots have been highlighted. One of the
important features needed for such interactions is a convenient and natural interface. Gesture recognition is one
of the intuitive methods for interaction [1]. It plays a very
important role in human-computer interaction (HCI),
human-robot interaction (HRI), smart environments supporting spontaneous services, automatic sign language
interpretation systems, etc. Among the many techniques
for gesture recognition, the vision-based method has been
actively studied, because of its convenience and intuitiveness. Over the last ten years, the area of vision-based
human gesture recognition has received increasing attention as a result of improved hardware technology and
mature pattern recognition algorithms. It has found many
applications in visual surveillance and human-robot interaction, etc [2–7].
There are several useful tools for human gesture recognition. The most popular one is the hidden Markov model
(HMM) [8], which has been successfully applied to hard
tasks such as speech, gesture and sign language recognition. Recently, the Conditional Random Field (CRF) has
been shown to outperform the HMM [9] in sign language
recognition. To build a robust model for gesture recognition, however, we have to consider further requirements:
expressing experts’ beliefs about dependencies between
various features, adapting domain knowledge, etc. These
play very important roles in gesture recognition, because a
human gesture is a complex movement of various dependent/independent features. Also, an efficient sequence
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modeling method is required. Most of the previous works
do not provide efficient methods for these factors in
combination.
The Bayesian network (BN) is one such powerful tool
that can cope with the aforementioned requirements. The
BN with its probabilistic characteristics has many advantages such as the following [10–12]:
–– Facilitating the inclusion of domain knowledge
–– Articulating experts’ beliefs (prior knowledge) about the
dependencies between different variables
–– Providing a natural graphical tool for dealing with the
problems that occur throughout applied mathematics
and engineering, uncertainty and complexity
–– Requiring a small number of parameters, and hence a
smaller data set for learning
–– Offering an efficient and principled approach for avoiding data over-fitting
–– In fact, the BN also provides an efficient method of
combining different features and it has been applied to
a variety of problems [3, 5, 13–16]. Although the BN is
generic to many application fields, it is not suitable for
modeling sequential data.
The BN has been extended in the temporal dimension
to a variety of dynamic Bayesian networks (DBNs) to deal
with sequential signals in object tracking, gesture recognition, and human interaction recognition [3, 4, 7]. Although
it is powerful and generic, a conventional DBN becomes
structurally and computationally intensive as the number of
variables grows. In terms of the DBN structure, it becomes
more complicated as more features and characteristics are
considered, and the structure depends on the application.
One of the most important and hard problems with DBNs
is determining the structure. There is no explicit method
to find the proper structure. In terms of the computational
cost, for the simplest example, we consider a DBN with
a fully connected structure. Let’s assume that there are n
nodes in each time slice and each node can have k discrete
states. Then, a node that is not an initial node at time zero
requires specification of (k − 1) × k n conditional probabilities. This means the complexity increases exponentially
according to the number of nodes, n. There are many DBN
structures that reduce the complexity. However, in this
paper, we are not claiming that the proposed DBN has less
computational cost than any other. Instead, we are focusing
on the DBN structure.
In this paper, we propose a DBN model that is a simplified model of dynamics at the level of hidden variables and
employs observation windows of observation time slices
for robust modeling and handling of noise and other variabilities. The proposed model achieved recognition rates
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of 98 % for isolated whole body gesture recognition and
94.6 % for American Sign Language recognition. According to the experiments, the proposed DBN outperformed
these existing methods: Naive BNs, Naive DBNs, HMMs,
and CRFs (Conditional Random Fields).
The rest of the paper consists of Related work (Sect. 2),
the proposed dynamic Bayesian network (Sect. 3), Experimental result and analysis (Sect. 4), and Conclusion
(Sect. 5).

2 Related work
There has been a surge of research interest in gesture
recognition. Dynamic Programming (DP) is one of
the well-known methods for computing the similarity
between the input data and a template. DP has been successfully used for speech recognition and gesture recognition [17–19].
The HMM is most widely used method for handling
sequential data. It is a statistical model that computes the
probability of a trained model given an input data. It has
been successfully applied to hand gesture, sign language,
speech recognition, etc [8, 20, 21].
Recently, CRF has been shown to outperform the HMM
in gesture recognition [9, 22]. The CRF is a discriminative
probabilistic model for labeling sequential data.
As aforementioned, the BN and DBN are powerful probabilistic tools for dealing with complex data efficiently.
The BN is also called the Directed Acyclic Graph (DAG),
which represents random variables and their conditional
independences. HMMs are considered the simplest type of
DBN. There are many researches on using BN and DBN
for dealing with various sequential data: human behavior
understanding, object tracking, etc.
Robertson and Reid [5] proposed a probabilistic framework for analyzing human behavior in videos. They used
a Naive BN to effect fusion of various data types and used
HMMs to encode the time-dependent rules of the scene.
Moënne-Loccoz et al. [23] proposed a recurrent BN for
recognizing human behavior from videos. The recurrent
BN using temporal features has been applied to the analysis
of violence scenes.
Wang et al. [7] proposed a DBN structure to track face
based on visual multi-cue. They used the skin color, ellipse
shape and an Ada-boost face detector as the multi-cue
observations, which were combined by a DBN.
Du et al. [4] proposed another type of DBN for recognizing interaction activities. To overcome the defect of an
exponential distribution of long duration activity, a duration
node is added with a uniform distribution for modeling the
global activity node. They considered five different interacting activities.
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Human gesture recognition
Fig. 1  Graphical representation
of a a simple Naive BN, b a BN
with time slice window, and c
a BN with an additional hidden
node (H). Y , and Y i , (1 ≤ i ≤ w)
are sets of variables.  represents the class node

(a)

(b)

Dielmann and Renals [3] proposed a multi-stream DBN
with a counter structure for automatic segmentation of a
meeting into a sequence of group meeting actions taken
from a dictionary of events such as monolog, discussion,
and presentation.
Suk et al. [6] proposed a DBN framework for hand gesture recognition. The framework recognized 10 isolated
gestures and also performed on continuous gestures. The
gestures they defined are quite simple ones.
The BNs and DBNs above are very powerful tools.
However, the DBNs become structurally and computationally intensive as the number of variables grows, and there is
no remarkable model for whole body gesture and sign language recognition. The above models have been designed
for a specific purpose. Therefore, we propose a simplified DBN that can handle complex problem and does not
require high computational cost.

3 The dynamic bayesian network modeling
Recognition of human gesture is highly complex problem, due to inter-personal differences and intra-personal
dynamic variability as well as the ill-posed problem-characteristics. To understand a gesture, we have to exploit
domain knowledge and any constraints among the observation features.
A gesture is described by a sequence of observation
vectors

V = v1 v2 · · · vT ,

vt ∈ Rn , t = 1, . . . , T

(1)

where T is number of frames and vt is a n-dimensional column vector of an observation, where 1 ≤ t < T .
The BN with its probabilistic characteristics has many
advantages, as we mentioned above. In particular, we
believe the BN is highly suited to the task of modeling
scenes with inter-dependent parts. The use of BN for scene
modeling is intuitive, since it can effectively describe a
complex scene by factorizing complex features and capturing the dependencies among them.

(c)

Optimal classification under the MAP rule is to decide a
class given an input feature vector according to

ˆ = arg max P(|V)

(2)



where  is the class variable and V is an observation vector. ˆ is a class that shows the highest joint probability of
the target model over a set of other class models. Here, we
consider a simple BN, as shown in Fig. 1a. It is a type of
BN having a root variable and a dependent variable. The
root corresponds to a class variable, the value of which is
often unknown. Y is a dependent variable taking real values
or multi-dimensional vectors. Robertson and Reid [5] used
this model with 3-dimensional features, where the features
are independent.
3.1 Bayesian network model with time slice window
As mentioned in the studies using CRFs and recurrent BNs,
it is helpful to consider the number of frames at a given
time rather than a single frame for reasons of noise tolerance [9, 23, 24]. Thus, we incorporated the concept of an
observation window or time slice into the BN. Figure 1b
shows a Naive BN with a time slice window (BNwTSW) of
width w. There are w variables, each taking a vector within
a window.
Given V, the model is evaluated using the joint probability of conditionally independent time slices as follows:

P(Y = V, ) = P()

T


P(Y = Vt−w+1:t , )

(3)

t=w

where

Va:b = va , va+1 , . . . , vb ,
Y = Y 1, Y 2, . . . , Y w,

a ≤ b,

Y i ∈ Rn .

(4)
(5)

The probabilistic aspect of a BN is given by the Conditional Probability Distribution (CPD) in each node. If the
variables are discrete, it can be represented as a Conditional
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Fig. 2  Graphical representation
of the proposed DBN with links
among the hidden nodes

Probability Table (CPT). The parameter set Θ of the CPT
can often be estimated using an EM algorithm maximizing
the likelihood, as given by

Θ̂ML = arg max P(Y|Θ  , ).
Θ

(6)

This model is good for a data sequence of a fixed length, w.
But gesture signals are sequential and of variable length.
If we model the entire sequence V using the model in
Fig. 1b with a w-wide observation window, then the model
is essentially a memoryless stationary multinomial process
with no characterization of gesture dynamics. In this case,
sequence modeling is simply the repeated application of a
single model. Therefore, it is not a suitable model for gestures, since it cannot model the sub-patterns in a complete
gesture motion.

In this model, a node that is neither s nor hs requires only
(k − 1) × k 2 conditional probabilities if each node has k discrete states. A complete description of the proposed DBN
model is shown in Fig. 2, which shows a repeated time slice
of a BN over time. The nodes between time slices are connected via a single link between ht and ht+1. Note that the
links between s are ignored, since we consider that a single
linkage can sufficiently describe the dependency. For simplicity, we assume a uniform prior for P().
3.3 Probability evaluation
Given an observation sequence V, the joint probability of V
and the model sequence  can be written as

p(Y = V|H, �)P(H|�)
P(Y = V, �) = P(�)
(7)
H

3.2 The proposed dynamic bayesian network model
To model a gesture as an interesting sequence and increase
the modeling power, we introduce a new hidden variable
that conditions the observation variables in the window.
This in effect defines a number of distinct states, each
describing a sub-pattern in a complete gesture motion. Figure 1c shows the basic structure of the model corresponding to a slice of the proposed DBN. The hidden node, H
, conditions all the children nodes, which are conditioned
by the class node, . Let H be in S = {1, . . . , Nh }, where Nh
is the number of hidden states. With the introduction of H ,
the capacity of the model increases proportionally over the
static model given in Fig. 1b.
As we have aforementioned, there is no explicit method
to find a most optimal structure of DBNs. In this paper, we
consider that the observations of human gestures are conditionally independent over time and each time slice is connected through the hidden node h. Therefore, the structure
remains largely unchanged regardless of which features are
used and how many there are. By reducing the connections
in this method, we can reduce the complexity of the model.
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where H is any sequence of hidden states.
The probability evaluation is similar to that of the
HMM. For a fixed state sequence H = h1 h2 . . . hT , and
� = 1 2 . . . T ,

P(Y = V|H, �) =

T


P(Y = Vt−w+1:t |ht , t )

(8)

t=w

where the sequences of window frames are conditionally
independent. The right terms of the equation can be computed by

P(Y = Vt−w+1:t |ht = j, t ) =

t


Bj (Vt−w+s , t )

(9)

s=1

by exploiting an additional conditional independence
assumption where

Bj (k, ) = p(yt = k|ht = j, ), ∀t

(10)

in state j.
All possible state sequences of H are required for the
probability calculation, but it is computationally unfeasible
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Fig. 3  Example frames of
gesture videos in the KUGDB
(left) and examples of ASL
with trajectories of hands in
the ASLDB (right). a First row
sitting on a chair, second row
raising a right hand, third row
bowing, fourth row walking
at a place]. b Green and red
curves represent trajectories
of the left and the right hands,
respectively. (Top left born, top
right different, bottom left here,
bottom right decide)

due to its possible combinations are too many in general.
However, it can be calculated efficiently by the forward
and backward procedures as same as in HMMs. For more
details of the forward and backward procedures, please
refer to [8].
The probability of the hidden state sequence is

Table 1  Gesture recognition accuracies (%) by HMM, CRF (w = 7),
BNwTSW (w = 5), DBN, and SDBN (w = 2, Nh = 2) where w and
Nh denote window size and the number of states in hidden node,
respectively

P(H|�) = πh1 ah1 h2 ah2 h3 · · · ahT −1 hT

The SDBN presents the proposed simplified dynamic Bayesian network

(11)

where ht is one of the states in the model t, and πi and aij
are the initial state transition probability and the state transition probability

aij = P(ht+1 = j|ht = i, ), 1 ≤ i, j ≤ N.

(12)

The transition probabilities can be approximated by counting the frequency of state co-occurrences. We performed
experiments on isolated sequence data. Thus, we can set
1 =  2 = · · · =  T .
The final concern involves about the computation of
Eq. (7). Due to the window overlap in computing the observation process, the model unduly emphasizes on the observation over the transition process. When w ≫ 1, the effect
of the transition nodes(H ) for evaluation of the probability
will be insignificant. Therefore, we modify the state transit
for evaluation of the ion probability as follows:
γ

âij = aij , γ ∈ R.

(13)

In practice, it performs well in the range of 1.5–4 of the γ
with the window size of 2–5.

HMM

CRF

BN

BNwTSW

DBN

SDBN

80

86

84

92

96

98

We tested the proposed model on the Korea University Gesture Database (KUGDB)1 and the American Sign Language
Database (ASLDB)2 of Boston University. Each database was
divided into training sets and test sets. The test results were
compared with those of the existing models: Naive BN,
BNwTSW, and Naive DBN, HMMs, and CRF [22].
The quality of feature extraction will affect the performance. However, this paper does not emphasize feature
extraction, but rather gesture modeling. One of the reasons
we used the databases was to reduce any effect that may
arise from the performance of the feature extraction method,
enabling us to focus on only the modeling issue. The backgrounds of the videos in the databases are very simple.
We implemented HMM, BN, BNwTSW, DBN and
the proposed DBN using the BNT (Bayes Net Toolbox
for Matlab) [25]. The CRF was implemented using CRF
Toolkit [26]. The platform we used was a MS Windowsbased 2.33 GHz PC.
4.1 Gesture recognition

4 Experimental results and analysis
Among the variety of gestures, we have considered five
classes of whole body gestures and 48 words of sign language. A whole body gesture involves a whole body movement, while a sign language involves the motion of the two
hands and the orientation of the head. The latter is considered to be harder due to the greater vocabulary.

The gesture database KUGDB contains stereo videos
of five gestures made by ten subjects. The five gestures
include ‘bending a waist’, ‘walking at a place’, ‘raising a

1

Korea University Gesture Database, http://gesturedb.korea.ac.kr.
American
Sign
Language
Database,
http://www.
bu.edu/asllrp/ncslgr.html.

2
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Table 2  ASL recognition accuracies (%) by HMM, CRF (w = 5), BN, BNwTSW(w = 3), DBN, Two-layer CRF, and the SDBN (w = 4, Nh = 5
) where w and Nh denote window size and the number of states in hidden node, respectively
HMM

CRF [22]

BN

BNwTSW

DBN

Two-layer CRF [22]

SDBN

75.4

85.4

80.2

88.3

73.2

93.5

94.6

(a) Sample frames of a gesture ‘raising a hand’.

Probability

1

0.5

0
1 5 9 13 17 21 25 29 33 37 41 45 49 53 57 61 65 69 73 77 81 85 89 93 97 101 105 109 113 117 121

Frame

(b) Probability at each frame using conventional BN.
1

Probability

Fig. 4  The sequences of local
probabilities over time given
a single window of observation over time for the three
models, BN, BNwTSW, and the
proposed DBN on the experiment of ‘raising a hand’ gesture
recognition. a The input video
frames. b–d The y-axis represents the posterior probability of
gesture class. The black curve
with ‘×’ markers represents the
target model, ‘raising a hand’.
The blue, red, yellow and cyan
curves represent the models of
‘sitting on a chair,’ ‘standing
up from a chair,’ ‘walking at a
place,’ and ‘bending a waist,’
respectively

0.5

0
1 5 9 13 17 21 25 29 33 37 41 45 49 53 57 61 65 69 73 77 81 85 89 93 97 101 105 109 113 117

Frame

(c) Probability at each frame using BNwTSWwith w=5.
Probability

1

0.5

0
1 5 9 13 17 21 25 29 33 37 41 45 49 53 57 61 65 69 73 77 81 85 89 93 97 101 105 109 113 117 121

Frame

(d) Probability at each frame using the proposed DBN with w=2.
hand’, ‘sitting on a chair’, and ‘standing up from a chair.’
Figure 3a shows some sample videos in the KUGDB.
The gestures in the KUGDB were captured in a studio
that the background was covered by white fabrics so that
the foreground separation can be done easily. This environment facilitates our experiment, because in this paper we
do not emphasize the feature extraction part, but rather the
recognition model. An example in the KUGDB is shown in
Fig. 3a.
We used five-dimensional features as observation vectors, at a given time. The nodes correspond to four mean
optical flow vectors of sub-regions and a single variation value of the width–height ratio. The four mean optical flow vectors at time t are calculated using preceding
frame at (t − 1). The variation value of width–height ratio

13

is computed by widtht /heightt − widtht−1 /heightt−1. The
observation vectors are modeled using a 5-Gaussian mixture model which is shared by all of the Y 1 , Y 2 , . . . , Y w
variables.
Table 1 shows the gesture recognition results using these
six models; HMMs, CRF, Naive BN, BNwTSW, DBN and
the proposed DBN. The size w of the window for each
method is chosen where it performs best. The number
of hidden states in the proposed DBN, Nh is also chosen
where the proposed DBN shows the best performance.
In the KUGDB, there are five types of gestures, each
with 10 samples. The experiment was carried out using the
leave-one-out method. Among the 10 samples, nine were
used for training and the remaining one was used for testing. According to Table 1, the proposed DBN performed
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1

Normalized
Likelihood

Fig. 5  The accumulated
normalized likelihoods for all
classes at each frame using
conventional BN, BNwTSW,
and the proposed DBN on the
experiment of ‘raising a hand’
gesture recognition

0.5

0
1 5 9 13 17 21 25 29 33 37 41 45 49 53 57 61 65 69 73 77 81 85 89 93 97 101 105 109 113 117 121

Frame

(a) Probability at each frame using conventional BN.

Normalized
Likelihood

1

0.5

0
1 5 9 13 17 21 25 29 33 37 41 45 49 53 57 61 65 69 73 77 81 85 89 93 97 101 105 109 113 117

Frame

(b) Probability at each frame using BNwTSW with w=5.
Normalized
Likelihood

1

0.5

0
1 5 9 13 17 21 25 29 33 37 41 45 49 53 57 61 65 69 73 77 81 85 89 93 97 101 105 109 113 117 121

Frame

(c) Probability at each frame using the proposed DBN with w=2 and 2 hidden states.
well compared to the other methods. However, the performance margin over the conventional DBN is not significant, which can be attributed to the small size of class
space. Therefore, we performed an experiment on an
ASLDB which has a large class space, vocabularies.
4.2 Sign language recognition
The second test concerns the recognition of isolated sign
words. Figure 3b shows some sample videos of the ASL
in the database. It contains a set of video data for 48 sign
words. Sample words are as follows with their average
frame lengths: And (16), Born (33), Arrive (20), Boy (26),
Bicycle (23), Butter (28), Big (13), Day (26), Black (12),
Car (63), Decide (16), Cold (28), Different (13), Here (67),
Farm (24), Interpret (26), Inform (20), Funny (26), Finish
(14), Library (52), Good (22), Magazine (40), Hot (20),
Know (26), Many (22), Maybe (57), Lie (22), Name (30),
Like (24), Night (28), Man (24), Rain (39), Now (12), Read
(25), Out (15), Shoes (30), Past (13), Sorry (42), Sit (22),
Take-off (25), Strange (20), What (42), Want (22), Work
(30), Tell (14), Yesterday (26), Together (11), and Wow
(47).
The database contains 10 video sequences per word for
training. The data were captured using gloves colored green
(left hand) and purple (right hand). Similarly, another 10

sequences per sign were collected with bare hands for testing. The start and end points of each data sequence were
manually labeled as provided in the database.
Input to the six recognizers consists of the positions of
the left and right hands in relation to the face, the vertical
symmetry of the two hands, the state of occlusion between
the two hands, and directional codewords of the motion
vector of the two hands between two frames. The relative
positions of the left and right hands were modeled by a
mixture of 35 and 33 Gaussians, respectively. The directional codewords were found by quantizing the directions
into eight codes [27] including additional one for ‘no
movement.’ The occlusion state and the symmetry of the
two hands have binary values, on and off. The face was
detected by [28] and the hands were tracked by the appearance-based tracking method in [29]. The features we used
in this experiment were just same as those in [22]3.
Table 2 shows the ASL recognition accuracy evaluated
by these methods: HMM, CRF, Naive BN, BNwTSW,
DBN, Two-layer CRF and the proposed DBN. The test set
includes 480 samples, ten per sign word. The experimental results of the CRF and Two-layer CRF were provided in

3

We would like to thank H.-D. Yang, the first author of [22] for providing the feature data and the results.
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(a) Sample frames of an ASL ‘Maybe’.
1

Probability

Fig. 6  The sequences of local
state probabilities over time
given a single window of observation over time for the three
models, BN, BNwTSW, and the
proposed DBN on the experiment of ‘maybe’ ASL word
recognition. The black curves
with ’x’ markers represent the
target model, ‘Maybe’. The red,
cyan, and blue represent the
models of ‘Yesterday,’ ‘Rain,’
and ‘Here,’ respectively

M.-C. Roh, S.-W. Lee

0.5

0
1 3 5 7 9 11 13 15 17 19 21 23 25 27 29 31 33 35 37 39 41 43 45 47 49 51

Frame

(b) Probability at each frame using conventional BN.

Probability

1

0.5

0

1 3 5 7 9 11 13 15 17 19 21 23 25 27 29 31 33 35 37 39 41 43 45 47 49 51

Frame

(c) Probability at each frame using BNwTSW with w=3.

Probability

1

0.5

0
1 3 5 7 9 11 13 15 17 19 21 23 25 27 29 31 33 35 37 39 41 43 45 47 49 51

Frame

(d) Probability at each frame using the proposed DBN with w=4 and 5 hidden states.
[22] and for fair comparison we used same features in the
experiments. The proposed model outperforms the other
methods and the performance margin between the conventional and the proposed DBNs is significant. The recognition result of the BNwTSW shows that the method employing the window improved the performance compared with
the BN without a window.
4.3 Analysis
Apart from the final performance figures, it is helpful to
examine the internal workings of the models. However,
since the proposed model involves latent random variables, it is not easy to probe the inner workings and to
identify the state and collective dynamics. Here, we are
attempting to visualize the probabilistic state of a model
that changes over time. Let us consider the sample gesture ‘raising a hand’ shown in Fig. 4a. The remaining
figures of Fig. 4b–d visualize the temporal evolution of
the posterior probability of each state given a single window of observations for the three models. For each plot,

13

the black curve knotted with ×s shows the local posterior
probabilities of the target model, ‘raising a hand’ over
time. The BN’s curve in Fig. 4b shows high variability,
presumably due to observation noise, while the BNwTSW
shows much smoother curves as a result of the windowed
frame. But there has been too much smoothing due to lack
of position-independence or stateless smoothing. On the
other hand, the result of the proposed DBN is more or less
mixed, implying that the proposed DBN captures the local
features using state variables, while smoothing out noise
using the observation window. The local probability of the
target model was maximal for the time frames between 16
and 26, and between 80 and 99, because there were up
and down motions while there were still motions of raising hands in the remaining duration. The success of the
recognition method approximately depends on the ratio
of the duration that the model stayed on top. This can be
seen in Fig. 5, which shows the development of the accumulated normalized likelihood for the partial observation
sequence V1:t when the same three models as above were
compared.
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1

Normalized
Likelihood

Fig. 7  The accumulated
normalized likelihoods at each
frame using conventional BN,
BNwTSW, and the proposed
DBN on the experiment of
‘maybe’ ASL word recognition

0.5

0
1 3 5 7 9 11 13 15 17 19 21 23 25 27 29 31 33 35 37 39 41 43 45 47 49 51

Frame

(a) Probability at each frame using conventional BN.

Normalized
Likelihood

1

0.5

0
1 3 5 7 9 11 13 15 17 19 21 23 25 27 29 31 33 35 37 39 41 43 45 47 49 51

Frame

(b) Probability at each frame using BNwTSW with w=3.
Normalized
Likelihood

1

0.5

0
1 3 5 7 9 11 13 15 17 19 21 23 25 27 29 31 33 35 37 39 41 43 45 47 49 51

Frame

(c) Probability at each frame using the proposed DBN with w=4 and 5 hidden states.

The accumulated normalized likelihood (ANL) for each
class is computed by

ANLt = The likelihood given frames up to time t
t, t = 1, . . . , T .

(14)

To provide better figures for comparison, the score is scaled
to find the relative likelihood to the true class likelihood, as
given by

Normalized Likelihoodt =

ANLt
.
ANLttrue class

(15)

In the early duration, it appears that the likelihoods of some
other classes are higher than that of the true class, thus
some likelihoods are over 1. However, after a certain time
has passed, the normalized likelihood of the true class takes
highest one. From Fig. 5, the proposed DBN tends to reach
the highest likelihood faster than the others on the time
axis.
Figure 6 shows an example of ASL word evaluation. The
first figure shows the sequence of video frames for the ASL
word ‘maybe.’ Figure 6b–d shows the local frame probabilities using the these three models: BN, BNwTSW with
w = 4, and the proposed DBN with w = 5. For each plot,
the black curve knotted with ×s shows the local posterior
probabilities of the ASL word ‘maybe’ over time. Note that,
the proposed DBN for the target sign shows the highest

values for almost all of the frames, implying a good match
with the input sequence. When viewed in terms of the accumulated normalized likelihood in Fig. 7, the same result is
obtained, with the target model beating the remaining models by big margins.
According to the experimental results in the Tables 1
and 2, the performance of the proposed DBN is higher than
the others. However, we want to confirm that the proposed
model works in an intuitively correct manner.
As a method of checking the process, we tried to decode
the model given an input sequence, so that we could
explain the generation of the sequence by the model. We
employed the Viterbi algorithm to decode the best state
sequence which is defined as the sequence of hidden states
h1 h2 . . . hT with the maximum joint likelihood.
One example is shown in Fig. 8a, which illustrates the
hands’ motion trajectories of hands of the ASL word ‘here.’
Here, the signer repeatedly makes circular patterns with
both hands. By noting the repetitive circular patterns made
by the hands, it is easy to predict that there will be a corresponding repetitive behavior within the model process.
Figure 8b, c represents the probability evolution of model
states for each frame using the proposed DBN. Figure 8d
shows the evolution of hidden state ht over time where the
vertical axis represents the discrete state space. Although it
is short, we can readily identify a repetitive pattern, 2 → 1

13

Author's personal copy
566

M.-C. Roh, S.-W. Lee

Fig. 8  a For the ASL word
‘here’, b probabilities for all
classes at each frame using the
proposed DBN, c normalized
likelihood at each frame using
the proposed DBN, and d the
transitions of the hidden node’s
states in the proposed DBN are
shown

(a) A word ‘HERE’ with trajectories of both hands in the ASL database.

Probability

1.0

0.5

0.0
1 3 5 7 9 11 13 15 17 19 21 23 25 27 29 31 33 35 37 39 41 43 45 47 49 51 53 55 57 59 61 63 65

Frame

(b) Probability at each frame using the proposed DBN.
Normalized
Likelihood

1

0.5

0

1 3 5 7 9 11 13 15 17 19 21 23 25 27 29 31 33 35 37 39 41 43 45 47 49 51 53 55 57 59 61 63 65

Frame

(c) Normalized Likelihood at each frame using the proposed DBN.

States

3

2
1

1 3 5 7 9 11 13 15 17 19 21 23 25 27 29 31 33 35 37 39 41 43 45 47 49 51 53 55 57 59 61 63 65

Frame

(d) The changes of the hidden node’s state in the proposed DBN.

→ 3. Note that, this particular order of states is irrelevant
since the order itself is determined randomly as given by
the initial random condition.
To see modeling power of the time slice window in the
BNwTSW and the proposed DBN, we performed an additional experiment using a smaller ASL data set of 24 signs.
In the smaller set, the conventional and the proposed DBNs
showed 93.75 and 95.8 % recognition accuracies, while
we obtained 88.3 and 94.6 % for 48 signs, respectively.
The performance margin of the proposed DBN over the
BNwTSW is not statistically significant for a smaller set of
sign words. This is because the time slice window played a
decisive role in modeling ASL, although the hidden node
was not applied in the model. However, by comparing the
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Table 3  ASL recognition accuracy (%) by the proposed DBN with
various window size (w) and number of states in hidden node (Nh)
Nh

w

1

2

3

4

5

5

83.3
80.0
70.1
72.1

89.2
87.5
80.3
80.7

90.5
92.9
84.2
92.9

91.3
93.8
90.5
94.6

88.8
90.1
91.2
90.1

6

70.9

85.0

85.0

89.6

90.5

2
3
4

results on the small and large sets of signs, it is clearly
shown that BNwTSW has a modeling limitation on a large
vocabulary set and complex words because there is no

Author's personal copy
Human gesture recognition

hidden node which can increase the modeling power over
time.
Finally, there are two design parameters, namely, Nh, the
number of states of ht, and w, the size of the observation
window. It is well known that the larger the value of Nh, the
better the model can describe the sequence variability. On
the other hand, it is debatable whether using the w > 1 does
actually improve the performance of the model. Hence, we
carried out an experiment to measure the effect of the two
variables. The result is summarized in Table 3. The model
reached the maximum performance when Nh = 5 and
w = 4. The number of states is not easy to explain in simple terms. But the performance as a function of the window
size shows the clear advantage of a moderate windowing
size in the temporal dimension.

5 Conclusion
A systematic analysis of human gestures requires an efficient method for articulating expert beliefs about dependencies between various features, adapting domain knowledge. Each of these plays a very important role in gesture
recognition, because human gestures are complex movements of various dependent/independent features. It is natural to model gestures using BN-based method which is a
good tool to solve complex problem. Therefore, for modeling human gestures, we proposed a DBN model that is a
simplified model of dynamics at the level of hidden variables and employs observation windows of observation time
slices for robust modeling and handling of noise and other
variabilities.
According to the experiments on gesture and ASL recognition, the proposed DBN outperformed the other methods. The proposed DBN achieved 98 % recognition accuracy in gesture recognition and 94.6 % in ASL recognition.
The technique of the proposed DBN can be used to solve
other complex pattern recognition problems including other
modes of human gestures.
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