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Abstract In temporal data analysis, noisy data is inevitable
in both testing and training. This noise can seriously influence the performance of the temporal data analysis. To
address this problem, we propose a novel method, termed
Selective Temporal Filtering that builds a noise-free model
for classification during training and identifies key-feature
vectors that are noise-filtered data from the input sequence
during testing. The use of these key-feature vectors makes
the classifier robust to noise within the input space. The
proposed method is validated on a synthetic-dataset and a
database of American Sign Language. Using key-feature
vectors results in robust performance with respect to the
noise content. Futhermore, we are able to show that the proposed method not only outperforms Conditional Random
Fields and Hidden Markov Models in noisy environments,
but also in a well-controlled environment where we assume
no significant noise vectors exist.
Keywords Key-feature vector · Selective Temporal
Filtering · Gesture recognition
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1 Introduction
Temporal data analysis has played an important role in
numerous research fields and applications including humanrobot interface, gesture recognition, and smart-phone interfaces. Many useful tools have been proposed to manage
temporal data. One of the most well-known and successful
methods are HMMs (Hidden Markov Models) [1]. HMMs
provide an efficient method to model temporal data and has
been implemented in various applications such as speech,
gesture, and face analysis [2, 3]. Recently, DBNs (Dynamic
Bayesian Networks) have been highlighted to address spatial and temporal data effectively [4, 5]. DBNs are directed
acyclic graphs and are convenient tools for modeling casual
relationships between features. HMMs are a special case of
DBNs [4]. CRFs (Conditional Random Fields) and extended
CRFs are also widely used methods [6, 7]. CRF is a
discriminative undirected probabilistic graphical model. It
has been widely used in language processing and gesture
recognition.
The above approaches are mainly concerned with the
dependency of data within the temporal domain. The majority of temporal data classification methods have focused on
data modeling in environments where the noise proportion
is assumed to be small and it is generally assumed, implicitly or explicitly, that the noise content can be absorbed by
the models. However, noise appears in unexpected forms;
thus, it cannot be modeled in general. For example in gesture recognition, impulse noise can be added in a sequence
of feature vectors owing to tracking failure; this occurs frequently in real environments. Noise seriously influences
the accuracy of temporal data analysis in practical environments. Moreover, noisy measurements occur not only
in testing environments but also in training environments,
which makes noise-free training difficult.
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Noise filtering has been extensively studied in static data
analysis and there are many previous approaches regarding
filtering noise and unnecessary features. The most popular
method is PCA (Principal Component Analysis) [8]. PCA
finds the principal axes such that the variance of the data
projected onto the axes is maximized under a Gaussian distribution assumption. Using those principal axes, the dimensionality of a dataset can be reduced and/or noise sources
can be suppressed. One of the conventional, yet powerful frameworks for filtering noisy data is the RANSAC
(RANdom SAmple Consensus) method [9]. It provides a
framework of filtering outliers that are noisy or removing
non-helpful features in static data analysis. There are many
methods based on RANSAC, such as stereo image matching, image stitching, and face shape alignment [10–12].
Adaboost is widely used to select useful features for classification [13]. Adaboost is a method of building a set of
weak classifiers and is used to select informative features
from a large feature set. These feature-filtering approaches
in static data are useful in filtering out noise and noninformative data and can facilitate reliable analysis even in
noisy environments. However, these tools cannot be utilized
for temporal data.
The determination of whether a given data point is noisy
can only be made when a corresponding correct model is
provided and the model is noise-free. Thus, we define noise
as outliers that do not fit well within a given noise-free
model. To estimate a noise-free model and select noise-free
data, we propose a novel method, termed STF (Selective
Temporal Filtering), a temporal data filtering and classification method. In training, it determines a noise-free model
and in testing, it identifies key-feature vectors that are
noise-free data for a given noise-free model and classifies
using these key-feature vectors. To determine a noise-free
model, noise-free data must be provided during the training phase. However, without a noise-free model, noise-free
data cannot be identified. To solve this chained problem,
RANSAC is used. The basic processes are hypothesizing
candidate models, evaluating the models, and selecting the
best model by measuring its agreement with the observations. The best hypothesis is the noise-free model. Given a
noise-free model, key-feature vectors are identified based
on a dynamic programming approach. According to our
experiments on a synthetic-dataset and an American Sign
Language database, the proposed approach demonstrates
stable performance against various noise levels.
We would like to mention several related approaches of
hand gesture detection: K. Hu and L. Yin proposed a scaleinvariant feature descriptor based on multi-layer geometric
shapes to classify sixteen types of hand postures [14]. V.T. Nguyen et al. proposed a hand representation method
that is invariant to scale, rotation, and differences in the
object structures [15]. The above methods are robust to
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background complexity and object variances. However, they
are directed at analyzing postures rather than gestures.
H.-D. Yang et al. proposed a threshold CRF to recognize
American Sign Language [6]. The threshold CRF distinguishes between in-vocabulary signs and out-of-vocabulary
non-signs. In [16], H.-D. Yang and S.-W. Lee proposed a
combining method of manual and non-manual features for
American sign language recognition. Manual signs were
detected using CRF and non-manual signals and facial
expressions were recognized using SVM.
Recently, gesture analysis methods based on 3dimensional (3D) information have been discussed. H.-D.
Yang proposed a hierarchical threshold CRF to recognize
sign language gestures [17]. The method used 3D data,
which was obtained by a TOF (time of flight) camera
and used a hierarchical CRF to recognize American sign
language. F. Ghaleb et al. proposed a hand gesture recognition method based on CRF in conjunction with SVMs
[18]. They used a depth map to detect and segment the
hands. Using shape features, which they proposed, an SVM
verified whether a gesture was meaningful or not.
We use CRF and HMM as the baseline algorithms in this
paper. HMMs have been one of the most successful models
in sequential data analysis and CRF is the one of the most
popular models in hand gesture recognition, as indicated
above. The proposed method as well as the baseline algorithms are tested on the American Sign Language data and
the synthetic-dataset. The comparative results are presented
in the Experiments and Analysis section.

2 Problem definition
Let Y = {Y1 , Y2 , · · · YT } be an observed input sequence and
Yi be the D-dimensional feature vector, where 1 ≤ i ≤ T
and T is the length of Y over the time axis. In temporal data,
a classification problem is defined to determine c such that
arg max E (Y, c )

(1)

c

where c is the parameter set of the cth class model. E is an
evaluation function of the input sequence Y for a given c .
E measures the probability that an observation Y occurs in
the cth class model. For example, in HMM, E is defined as
follows:
E (Y, c ) = P (Y|c ),

(2)

and E is calculated by:
EH MM (Y, c ) = P (Y|c ) =



P (Y|QY , c )P (QY |c )

(3)

all QY

where Q is the state sequence for the observations Y. This
approach uses every input feature vector in an observed
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Fig. 1 Temporal filtering
identifies useful feature vectors
according to a given model.
Feature vectors found through
temporal filtering are
key-feature vectors

sequence, which may include noise and non-informative
feature vectors that do not provide any useful information
for classification.
Noise and non-informative information are typically
inherent in the data we obtain. Even in training data that are
collected within a controlled environment, unnecessary feature vectors and noise are inevitable. Previous approaches,
including HMM, all feature vectors of an observed sequence
are used for classifier estimation. This makes the classifier particularly sensitive to noise patterns, which were not
presented during training data collection.
If we can identify and use only informative observations K, the classification accuracy can be more stable and
robust to noise. Figure 1 presents the concept of filtering.
The selected feature vectors are a subset of a sequence of
observed feature vectors and are called key-feature vectors
in this paper. For example, in HMM, given a subset of noisefree feature vectors Kc for a class c, the input observation
can be evaluated as follows:
EH MMc = αc



P (Kc |QKc , c )P (QKc |c )

(4)

all QKc

where K is a key-feature vector that is a subset of Y and
αc is a normalization constant. For a given model and
an observation sequence, key-feature vector sequences are
defined as the minimal subset of the observation sequence

F

Fig. 2 Illustration
demonstrating the key
difference between conventional
spatial feature filtering and the
proposed STF (Selective
Temporal Filtering). In general,
conventional (spatial) filtering
reduces the feature dimension
from D to D where D ≤ D. The
proposed STF method identifies
a key-feature vector sequence.
Consequently, the number of
time-frames is reduced from T
to T where T ≤ T

that is required to classify the observation sequence correctly. In this paper, we propose STF (Selective Temporal
Filtering) to identify K and classify using K instead of Y,
simultaneously.
Note that the conventional feature-filtering approach
processes temporal data over a spatial domain and STF
processes the data over a temporal domain.

3 Selective temporal filtering
In the proposed STF, the classification definition differs
from the conventional definition. E (Y, c ) in (1) is redefined as follows:
E (Y, c ) = max F (Y, c )L(Y, c )
Y ⊂Y

(5)

where Y and c are a subset of an observation Y and the
cth class model parameter. F is an evaluation function that
measures the agreement of Y with the cth class model. L
is a function that measures the sampling distribution of Y
to allow it to address the problems that may be caused by
using only a subset of the original observation set (e.g.,
sub-gesture problems [19]). The complexity to solve (5) is
extremely high. Thus, in this paper, we use a simplified
version as follows:



E (Y, c ) = max F (Y , c ) L(K , c )
(6)
Y  ⊂Y
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Fig. 3 Example of Finite-State
Machine (FSM) used to describe
the proposed ith classifier model

where Kc is a key-feature vector set. For the cth model
and an observed feature sequence Y = {Y1 , Y2 , · · · , YT },
the key-feature vector set is Kc ⊂ Y which maximizes its
agreement with the model as follows:
Kc = arg max F (Y  , c )

(7)

Y  ⊂Y

where Y  = {Y1 , Y2 , · · · , YT  } and for Yp = Yp  and Yq =
Yq  , if p < q then p < q  (the orders are preserved). The
lengths of the key-feature vector sequences T in the model
represents the number of minimum and necessary feature
vectors.
Figure 2 illustrates the concept of the proposed STF. x, y,
and y  are elements of feature vectors X, Y , and Y  , respectively, where X, Y , and Y  are the observed (input) feature
vectors, spatial filtered feature vectors, and temporal filtered
feature vectors (key-feature vectors). There are two kinds
of filtering in Fig. 2: spatial filtering and temporal filtering
(STF). The spatial filtering filters a multi-dimensional feature vector {xt;1 , xt;2 , · · · , xt;D } on the spatial axis to reduce
the dimension of a given feature vector or to combine the
weight on each dimension [8, 13]. After spatial filtering, a
new vector Yt = {yt;1 , yt;2 , · · · , yt;D } is obtained where
1 ≤ t ≤ T and D ≤ D. Spatial filtering is a widely
used method (e.g., PCA). In STF, the spatial filtering has
the role of reducing the dimensionality of the features space
however, this is not mandatory.
Whereas a spatial filter manages spatial information at
a given time t, a temporal filter addresses the temporal
information. Given a sequence of feature vectors, Y =
{Y1 , Y2 , · · · , YT }, temporal filtering identifies a subset of Y
according to a given classifier model. As a result of temporal
feature filtering, a new set of vectors K = {Y1 , Y2 , · · · , YT }
is obtained from Y, where in general T ≤ T. T , the length
of the key-feature vector sequence for a model, is determined according to the class model. For example, the T
of a complex model is greater than that of a simple model.

Notice that spatial filtering reduces the dimension of a feature vector and temporal filtering reduces the length of the
sequence in general.
Selecting the subset that consists of only key-feature
vectors with respect to a classifier model can improve
the invariance of a given classifier against noise. Further,
because it always finds the same key-feature vector sequence
length for a given model, the problem of the score or probability of a longer sequence being less than that of a shorter
sequence is prevented. In the next section, we describe the
methodology of modelling and training the STF.
3.1 Classifier model for STF
In the STF framework, the classification model has the
important role of not only classifying the input sequence,
but also selecting the key-feature vectors.
Figure 3 illustrates the STF model for the ith class having
Tc = (Ni − 1)/2 key-feature vectors using a Finite-State
Machine (FSM). The transition probabilities are non-zero
and equal within the model, where e and o are even and odd
numbers, respectively.
p(o + 1|o) = p(o + 2|o) = p(e|e) = p(e + 1|e)  = 0 (8)
In STF, unlike in the majority of state-space models, the
transition does not have an important role [1, 4]. The transition merely builds the structure. The even states, zec , where
e is an even number, are null states. The other states are keyfeature states. In the null states, the observation probabilities
are zero. For an input feature vector y and the null state zec ,
p(y|zec ) ≈ 0.

(9)

In this paper, the observation probability for each keyfeature state is modeled by multiple Gaussian distributions.
The observation probability p(y|zcj ) in the key-feature state
is defined as follows:
c
c
), · · · , N (y|μcj,G , j,G
))
p(y|zcj ) = max(N (y|μcj,1 , j,1

(10)
1: for
for th feature vector Y
2:
s = NT s
3:
B c[ Round (s × )]
1
4: end for
Ns
5:
=1 B c [ ]

Y

Fig. 4 Algorithm for calculating the sampling distribution in (6)

do

where G is the number of clusters of the j th node in the
cth model. An observation is distributed by one of the multiple Gaussian models rather than by the weighted sum of
multiple Gaussian models.
Using this model, only Tc vectors remain in the keyfeature states and they are considered the key-feature vector

Author's personal copy
Selective temporal filtering and its application to hand gesture recognition

259

Fig. 5 Algorithm for the
learning parameter  = {T  , θ }
where θ =
{(μ1,1 , 1,1 ), · · · (μT ,G , T ,G )}.
λ controls the length of the
key-feature vector as in (11). D
is a training dataset. Ns and G
are the shortest lengths (time
frames) of the sample data and
the number of clusters for each
state, respectively.  and ϕ are
sets of training data having the
length of Ts among the training
data and a subset of ψ, having
the length of T = 0.8Ts
elements, respectively. E is the
evaluation function that returns
the key-feature vectors K and
the error for the given sequence
ψ  in (12) and (13)

Kc for the cth classifier model. The non-key-feature vectors
and noisy feature vectors remain in the null states.
To implement STF, a dynamic programming approach is
implemented as it is the most simple and intuitive method.
In a dynamic programming table, each row corresponds
to each state of the FSM: odd rows and even rows represent null and key-feature states, respectively. Notice that
each key-feature state is modeled by a multi-modal distribution. The score (maxY  ⊂Y F (Y  , c )) in (6) of a given
input vector Y is calculated in the same conventional manner as the dynamic programming. The key-feature vector set Ki is determined by the back-tracking method of

Fig. 6 Illustration of the simple
shape data used

dynamic programming. Feature vectors that correspond to
key-feature nodes are key-feature vectors.
In some cases, data can be represented by a sub-set of
other data; this is known as a sub-gesture problem. For
example, a trajectory of drawing the character “o” is a subset
of number “8”. Because STF uses a subset of the observation sequence, rather than all, there is a possibility that
“8” could be classified as “o”. We assume, that if the input
data are classified correctly, the key-feature vectors will be
selected evenly in the input data. Thus, for a given input
sequence of the trajectory of “o”, the key-feature vectors
would be selected more evenly in the “o” class than in the
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Fig. 7 Experimental results on simple shapes

“8” class. The L in (6) measures the sampling distribution.
It weights the scores according to the distributions. Figure 4
presents the calculation of the sampling distribution we
implemented.
3.2 Training
In this section, we will omit c to simplify the notation (e.g.,
T means Tc ). All classifiers can be trained separately.
In STF, during training the following parameters are estimated: the length of the key-feature vector sequence T and
the distribution model of the observations for each node zt
where 1 ≤ t ≤ T in Fig. 3.
Determining the optimal T for a class is difficult without
any prior knowledge of the minimum length of a sequence.
In this paper, we assume that the sequences having the shortest length among the training samples are close to an ideal
model of the key-feature vectors. T is set as follows:
T = ceil(λTs )
Fig. 8 Selected key-feature
points in our experiments for the
low noise data (noise ratio to
noise-free data, nr = 0.05) and
extremely high noise
data(nr = 0.7). Input data are
represented by blue curves and
selected key-feature points using
the STF method are represented
red curves with rectangles

(11)

where 0 < λ ≤ 1 and Ts is the shortest sequence length of
the sequences in the training data.
To estimate the distribution of the observations, we use
the k-means algorithm. The distribution of each cluster is
represented by a Gaussian model. Estimating the distribution of the observations for zt is an NP problem in STF.
However, from the assumption that the shortest samples are
close to the ideal model, we initialize the distribution from
one of the feature vectors of the shortest samples.
Figure 5 shows the algorithm, which was used to learn the
parameters of the classifier model. The algorithm consists
of four parts: initializing a hypothesis of parameters, updating the initialized parameters, evaluating the hypothesis, and
selecting the best hypothesis.
While “initializing” a hypothesis process, the initial
parameters of G Gaussians on each key-feature node are
given from the random subset ϕ ∈ ψ where ψ is one of
the training sequences having the shortest length Ts . ϕ is a
sequence with a length of λTs .
In the updating process, a key-feature vector sequence is
identified for each training data according to a given correct
model and the G Gaussian models are updated according to
the corresponding key-feature vectors to key-feature nodes.
The key-feature vectors are determined by an evaluation
function. For a given sequence ψ  , the evaluation function E
returns the key-feature vectors K and the error as follows:
= E (ψ  , ) = median(e1 , · · · , eN )
K = EK (ψ  , ) = arg max
q

N


ϕ

q

(12)

p(ϕt |θt )

(13)

q

(14)

t=1

where
q

q

p(ϕt |θt ) = max(N (ϕt |θt,1 ), · · · , N (ϕt |θt,G )),

θt = {θt,1 , · · · , θt,c } and G are the numbers of clusters for
each state. The evaluation function is implemented using a
dynamic programming technique.
In the “evaluating the hypothesis” process, all the training data are evaluated with respect to the updated parameter

(a) Circle shapes

(b) Rectangle shapes

(c) Triangle shapes
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Fig. 9 Some frames of the ASL
database. The colored curves
represent hands trajectories
tracked by an appearance-based
tracking method

and the total error is calculated. The above processes are
repeated until all the hypotheses are tested. Finally, in the
“selecting a hypothesis” process, the hypothesis with the
lowest error of all the training data is selected.

4 Experiments and analysis
To evaluate the proposed method, we conducted experiments on two different datasets. One was a dataset of
synthetic simple shapes. Using the simple shape data, we
demonstrated how the STF method functioned and investigated its robustness properties to noise. The second was
an ASL (American Sign Language) database, which is the
one of the most representative hand gesture databases. The
ASL database was created in a controlled room where noise
was assumed non-existent or significantly low. In our experiments, even though the model used in the proposed STF
is simple, it outperformed the HMMs and CRF with and
without noise.
4.1 STF on synthetic data
In the simple shape dataset experiment, we used six primitive shapes: square, circle, and four different triangles where
the circumscribed rectangles were squares having a length
of two. Figure 6a shows the six primitive shapes.
Let a primitive feature vector at time t be vt =
{v1 , v2 , · · · , vD }. Data (noisy data) are generated by adding
Gaussian noise to the primitive feature vector as follows:
yt = {y1 , y2 , · · · , yD }

(15)

where
yi = vu + N (μ, σ ).

(16)

and 0 ≤ σ ≤ σ0 . For training data, σ0 was set to 1. Figure 6b
illustrates examples of training data. Ten examples for each
shape were drawn. For testing data, σ0 was set to 2 to
assume considerably greater variations than in training data.
In addition to the higher variability within the testing data,
also insertion noise was added. nr × D random vectors
were inserted at random positions in the sequences, where
0 ≤ nr ≤ 0.7. nr represents a noise ratio of the number
of noise feature vectors to the number of noise-free feature
vectors in a sequence. The testing data included considerably greater variance in the feature vectors and contained

up to 70% of erroneous (noise) feature vectors. Figure 6c
presents examples of the testing data. For each shape, 550
feature vectors were used for training and 8250(= 550 × 15
levels of the nr) feature vectors were used for testing. We
used the positions of the points as feature vectors.
Figure 7 presents the experimental results on the simple
shapes, where the red line with circles and the blue line with
small dots represent the proposed STF method and conventional HMM, respectively. This experiment demonstrates
the robustness to noise feature vectors of the proposed STF.
As shown in Fig. 7, STF outperformed HMM. When the nr
was 0, the accuracies of both methods were virtually perfect,
99.9 % and 99.7 %, for the testing data that were generated
with a large variance, σ0 .
The accuracy of HMM declined significantly as noise
feature vectors are added. However, STF could filter out
non-key-feature vectors and select only key-feature vectors.
Thus, the noise ratio did not significantly influence the classification accuracy in the proposed STF. Figure 8 presents
the selected key-feature vectors that were identified by STF.
The input data are represented by blue lines and the keyfeature vectors are represented by red broken-lines with red
rectangles. As can be seen, even under serious noise, STF
determined the key-features successfully.
4.2 STF on the american sign language data
The second experiment was conducted on the ASL database,
which was collected at Boston University.1 Figure 9 exhibits
some sample videos with hand trajectories. The video data
we used included 48 sign words: And, Born, Arrive, Boy,
Bicycle, Butter, Big, Day, Black, Car, Decide, Cold, Different, Here, Farm, Interpret, Inform, Funny, Finish, Library,
Good, Magazine, Hot, Know, Many, Maybe, Lie, Name,
Like, Night, Man, Rain, Now, Read, Out, Shoes, Past, Sorry,
Sit, Take-off, Strange, What, Want, Work, Tell, Yesterday,
Together, and Wow.
Ten video sequences per word were used for training.
While capturing training data, the subjects were asked to
wear colored gloves: a green glove on the left hand and a
purple glove on the right hand. Another ten video sequences
per sign were collected with bare hands for testing.

1 American

html

Sign Language Database, http://www.bu.edu/asllrp/ncslgr.
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The features used in this experiment were the same as
those in [6]. A gesture was described by a sequence of six
features that were the relative positions of each hand with
respect to the face, vertical symmetry of the two hands,
occlusion state of the two hands, and motion directions of
the two hands between two consecutive frames. The relative positions of the left and right hands were modeled by
mixtures of 35 and 33 Gaussians, respectively. The motion
directions were coded by 8 directional codewords [20] plus
“no movement” codeword. The occlusion state and the symmetry of the two hands had binary values, on and off. The
face was detected by [21] and the hands were tracked by an
appearance-based tracking method [22].
Let Ts be the shortest length of a sequence for a class. To
train a model, we set the length of the key-feature vectors
for each class as 0.8Ts (λ = 0.8 in (11)).
Figure 10 presents the experimental results for the ASL
database. We compared STF with HMM and CRF. The
CRFs were the same as used in [6] and the data we used in
this experiment were isolated data. When the noise ratio was
0 (nr = 0), the accuracies of STF, HMM, and CRF were
92.1 %, 75.4 %, and 85.7 %, respectively. Even for noisefree data (nr = 0), the STF method outperformed HMM
and CRF. This demonstrates that even on relatively wellcaptured data, unnecessary and non-informative feature vectors exist that may seriously influence the performance. As
the nr was increased, the performance declined to 62.2 %,
48.8 %, and 48.4 % for the STF, HMM, and CRF methods,
respectively.
In addition to the absolute accuracy, we demonstrated
how STF is robust to noise. Figure 11 indicates the accuracy decline as the noise ratio increases. For each method,
the accuracy reduction was calculated as follows:
vmethod (i) = Accmethod (0) − Accmethod (i)

(17)

Fig. 10 Experimental results on the American Sign Language
database

Fig. 11 Accuracy declines as noise ratio increases. The y-axis is the
gradient of accuracy decline. It indicates how rapidly or slowly the
accuracy diminishes as noise increases

where method = {ST F, H MM, CRF }, i is the noise ratio,
and Acc represents the accuracy that is indicated in Fig. 10.
This confirms that the accuracy of STF did not decline significantly until nr = 0.2, whereas the accuracies of HMM
and CRF declined constantly from nr = 0.05. This illustrates that the STF method does not only outperforms the
previous methods, but is also resistant to noise.
Selecting a helpful feature vector set that is a subset of the
input feature vectors over a time axis facilitates considerably
higher and more stable classification accuracy.

5 Conclusion
We proposed an STF (Selective Temporal Filtering) method
for temporal data analysis that is robust to noise. STF identifies a sequence of key-feature vectors for each classifier
by filtering noise and removing non-informative feature
vectors. To show its abilities, we applied STF to two gesture recognition datasets. We presented experimental results
for a synthetic-dataset and an American Sign Language
database. For the synthetic-dataset experiment, the proposed
method, employing a simple model using multiple Gaussians, was extremely robust to noise feature vectors. The
classification accuracy did not decline as the noise ratio
was increased up to 70 %, whereas HMM diminished constantly as the noise ratio increased. The American Sign
Language classification experiment was evaluated under
various noise conditions. In ideal experimental settings,
where the assumption of minimal noise is justifiable, STF
achieved an accuracy of 92.1 %, whereas HMM and CRF
achieved 75.4 % and 85.64 %, respectively. As the noise
ratio was increased up to 70 %, the performance of STF
declined more slowly than that of HMM and CRF. Overall,
the key-feature vector sequence, identified by the proposed
STF, provided reliable performance under significant noise.
The proposed method demonstrated effective performance in isolated word recognition of the ASL. However, it
is not appropriate for sentence recognition of the ASL as it
cannot distinguish words from sentences. In order to apply
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STF to continuous gesture recognition, a spotting method
must be considered. In our future research we are planning
to extend the proposed method such that it can separate
words from sentences.
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