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ABSTRACT

As one of the important research areas of multimodal interaction,
sign language recognition (SLR) has attracted increasing interest. In
SLR, especially on medium or large vocabulary, it is usually
difficult or impractical to collect enough training data. Thus, how to
improve the recognition on the limited training samples is a
significant issue. In this paper, a simple but effective hierarchical
voting classification (HVC) scheme for improving visual SLR,
which makes efficient use of limited training data, is proposed. The
key idea of HVC scheme is similar to but not the same as Bagging
technique. Firstly, it constructs several training sets from the
original training set in a combinatorial fashion to generate the
corresponding continuous hidden Markov models (CHMM)
ensemble. Then, it determines the ensemble output by appropriate
local voting strategy. Finally, it obtains the final recognition result
by the global voting. Experimental results show that the HVC
scheme outperforms the conventional single CHMM approach in
terms of recognition accuracy on the limited training data.

Categories and Subject Descriptors

H.1.2 [Models and Principles] User/Machine Systems — Human
information processing; 1.5.2 [Pattern Recognition]: Design
Methodology — Classifier design and evaluation

General Terms
Algorithms, Design, Experimentation, Human Factors, Languages

Keywords
Sign language recognition, hierarchical voting classification,
classifiers ensemble, hidden Markov models

1. INTRODUCTION

Sign language, as a kind of most grammatically structured human
gesture, is regarded as one of the most natural means of exchanging
information for deaf people. The goal of sign language recognition
(SLR) is to provide an efficient and accurate mechanism to
transcribe sign language into text or speech so that the
communication between deaf and hearing society can be more
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convenient. Since sign language (gesture) is one of the interaction
modality, the research of SLR will make for the research of multi-
modal interaction and integration. Therefore, SLR, as one of the
important research areas of multimodal interaction (MMI), has
attracted more and more interest in MMI society for its significant
academic value as well as broad application prospect.

Attempts to automatic SLR began to appear in the literature in the
1990s. Currently, SLR can be classified into two types according to
the devices used to capture gestures, i.e., sensors (datagloves) based
SLR [1]~[2] and vision based SLR [3]~[7]. In the former class,
users’ freedom of movement is greatly limited and datagloves
should be carefully monitored. In the latter class, however, people
can interact with computer in a more natural way. Since visual SLR
leads to a more natural interface, there has been a growing interest
in this research topic. Some previous researches of visual SLR are
as follows. Starner ef al. [3] used single camera to extract two-
dimensional features as the input of HMM to realize continuous
American sign language (ASL) recognition. The word accuracy of
92% or 98% was achieved when the camera was mounted on the
desk or in a user’s cap in recognizing the sentences based on a 40-
word lexicon. Vogler et al. [4] used computer vision methods to
extract the three-dimensional feature parameters of a signer’s arm
motions and applied HMM to recognize continuous ASL sentences
with a best accuracy of 95.83% on a vocabulary of 53 signs. In
addition, Vogler et al. [5] used phonemes instead of whole signs as
the basic units and modeled them with parallel HMM (PaHMM).
Grobel and Assan [6] used HMM to recognize the isolated signs
with 91.3% accuracy on a 262-sign vocabulary with the aid of the
colored gloves. Zhang et al. [7] developed a system to recognize
439 frequently used Chinese sign language (CSL) signs from the
frontal view. And tied-mixture density HMM was designed to speed
up the recognition without the significant loss of accuracy.

It has shown that recognition accuracy can be improved by
constructing classifiers ensemble, namely by ensemble learning
techniques, in many real pattern recognition problems, like in text
categorization, speech recognition and so on [8]. More specifically,
voting algorithms, e.g., Bagging and Boosting (AdaBoost), have
been proven to be successful ensemble techniques for improving the
accuracy over the single classifier. However, from the review above,
we can see that there is little work to introduce the machine learning
techniques, e.g., ensemble learning, to the area of SLR. Moreover,
in SLR, especially when the vocabulary is medium or large, it’s
usually difficult or not practical to collect enough training data.
Thus, how to make efficient use of the available limited training
data to improve the recognition accuracy is important. Since training
data is limited, we cannot directly apply general ensemble learning
technique to improve the performance.



In this paper, we propose a simple but effective hierarchical voting
classification scheme for improving visual SLR, which makes
efficient use of limited training data. The key idea is to make use of
the diversity and accuracy of the classifiers ensemble constructed
from the original training data. Firstly, it constructs several training
sets from the original training data in a combinatorial fashion so as
to generate the corresponding CHMMs ensemble for each class.
Then, it determines the ensemble output by appropriate local voting
strategy. Finally, it obtains the final recognition result by global
voting, which is similar to the framework of the conventional single
CHMM based classification.

The rest of this paper is organized as follows. In section 2, we give a
detailed description of the proposed HVC scheme. In section 3, we
discuss the recognition system based on HVC scheme. In section 4,
we evaluate the performance of the proposed method. Section 5
concludes the paper.

2. HVC SCHEME

In this section, we first briefly introduce the mechanism of the
conventional HMM based classification. Then, we discuss the
proposed HVC scheme in detail.

2.1 HMM-based Classification

HMM [9] has been proven to be one of the most successful
statistical modeling methods in the area of speech recognition, and
employed by more and more SLR researchers in recent years.

Formally, an HMM A consisting of N states §,,S5,,...,5, can be
specified by its parameters as A = (7, A, B) . Here, @ stands for
the vector of the initial probabilities 7z; of the system starting in
state §;. The parameter 4 represents the matrix of state transition
probabilities a,; that a transition from state s, to state s ; is taken
at regularly spaced discrete time intervals. The parameter B can be
in discrete or continuous form. In the first case, B denotes
observation probability distribution of state s, as b, (V) , v is any
discrete observation symbol and discrete HMM (DHMM) is
determined. In the second case, B represents observation
probability density function of state s; as b;(X), X denotes any
continuous observation vector. Usually, b, (X') can be described as
multivariate Gaussian mixture density function, thus continuous
HMM (CHMM) is drawn. Generally, CHMM obtains much higher
accuracy than that of DHMM.

In general, the recognition result of an HMM based W-class
classification problem is determined as follows:
w* = arg max P(Xtesl | ;i’w) >
1<Swsw

where P(X,, | 4,,) is the decoded probability of the test sample

X, under the model A, of the w class.

2.2 Hierarchical Voting Classification Scheme
In the proposed HVC scheme, the complete recognition procedure
includes two hierarchical voting levels, namely local voting and
global voting classification. The overall structure of the HVC
scheme is illustrated in Fig. 1.
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Firstly, for each class, several training sets are constructed from the
original training data in a combinatorial way so as to generate the
corresponding CHMMSs ensemble. Then, for each class, the
ensemble output of the probability “observing” the test sample is
determined by appropriate local voting strategy. Finally, the
recognition result is obtained by global voting, which is similar to
the framework of conventional CHMM based classification.
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Figure 1. Overview of HVC scheme

2.2.1 CHMMs Ensemble Construction

The key idea of constructing local CHMMs ensemble for each class
is to reorganize the original training data to several training sets and
then train the corresponding classifier (CHMM) on each generated
training set.

Let the number of training samples of each class is 4, as in our work
(see Fig. 1), and the training samples of the class w are denoted as

X 157> X 4 - Thus, we can construct the training sets by taking
every 3 samples from original 4 samples for each set SW- as

follows:
Sw,i = {Xw,j |.] * l} >

where i, j =1,...,4 . Therefore, the training sets {S wi ,-~~,Sw,4}

are obtained for each class.

The reorganizing procedure above treats the original training
samples of each class equally, which can avoid the possible adverse
effects of the random sampling process on each base classifier’s
accuracy as in original Bagging algorithm.

Then, we employ the standard Baum-Welch algorithm [9] to train a

CHMM model 4, on each set S, ;. Therefore, for one class w,

w,i *

the corresponding CHMMs ensemble {4, ,,-+-, 4, ,} is generated.

Comparing with the conventional single CHMM based approach,
the reorganizing of the limited training data and construction of
corresponding ensemble can alleviate the effect of the “undesired”
model, trained from some “non-ideal” or “noised” training samples,
on the input test sample.

2.2.2 Local Voting Strategy
After constructing the CHMMs ensemble on the corresponding
generated training sets for each class, the local voting within each



class determines the local output of the current ensemble for the
input test sample X'

test *
Here, we adopt the following three local voting strategies.

¢ Strategy-1: taking the average score of four CHMMs for
each class as the ensemble output, i.e.,

4
Yw :%Zlgl P(Xtest | ﬂ’w,i) .

¢ Strategy-2: taking the average of three highest scores of
four CHMMs as the ensemble output, i.e.,

4
Y, :?ijlP(Xzest MWJ) ’

A

. j

where P(X,

test |

) 2 min{P(X,, | 4,)} i

¢ Strategy-3: taking the highest score of four CHMMs as the
ensemble output, i.e.,

Y, =max{P(X ., | 4,.)}.

In Section 4, the performances of these three voting strategies are
evaluated.

2.2.3 Global Voting Classification

Similar to the framework of conventional single CHMM based
recognition, the result of global voting classification is determined
as the class that has the maximum probability of decoding among all
ensembles output of all W classes, i.c.,

w* =argmax{Y, }.
ISwsw

3. RECOGNITION SYSTEM

In this section, we briefly describe the implemented visual Chinese
SLR system using HVC scheme. Fig. 2 shows the overall structure
of the recognition system, which mainly includes two functional
modules, namely the visual feature extraction module and the HVC-
based training/recognition module.
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Figure 2. Recognition system overview

3.1 Feature Extraction
We briefly discuss the visual feature extraction here and more
details can refer to [7].

L...,4 j#i.
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To describe the hand features more elaborately to discriminate the
similar signs, a couple of colored cotton gloves are used.
Considering the fact that most of discriminative feature information
is conveyed by the dominant hand (D-hand), we color the D-hand
glove with 7 different colors to indicate the areas of 5 fingers, palm
and back, while the non-dominant hand (ND-hand) glove with
another color.

For the visual feature detection, to provide a reference point to
position, a pupils-detection algorithm is applied to detect the
positions of two pupils. Meanwhile, a background subtraction
algorithm is used to roughly segment the body area from the
background. Then, a double-hands detection algorithm making use
of both hand color information and shape geometry constraint
information is designed to robustly detect both hands and an ellipse
is applied to fit the ND-hand area. Two examples of visual detection
results are shown in Fig. 2. After the visual feature detection, we
characterize the sign features in three hierarchical phases from
different scales of features [7].

Figure 3. Two examples of visual hand detection results: two
pupils and 8 target colored areas of both hands are detected.
And the overall ND-hand area is fitted by an ellipse.

3.2 HVC Scheme Based Visual SLR

Following the mode of CHMM based isolated sign recognition, the
overall HVC scheme based visual SLR procedure can be
summarized as follows.

1) Construct the training sets from the original training data and
train the ensemble of CHMMs on the newly constructed training
sets for each sign.

2) Determine the observation probability of the input test sample
under the ensembles of all sign classes by using the local voting
strategy.

3) Obtain the final recognition result by using the global voting
classification.

4. EXPERIMENTS AND DISCUSSIONS

Our experiment is based on the single frontal view, i.e., only a USB
color camera is employed and placed in front of the signer to collect
the CSL video data, where the image size is 320x240. The
experiment is performed in our laboratory with unconstrained
background and the fluorescent illumination. The computer is a PC
with a 1.7 GHz Pentium IV CPU and 512M RAM.

The recognition vocabulary contains 223 CSL two-handed words,
which are frequently used during the daily communication among
deaf people. Since the current system is signer-dependent, the
training and test data are both captured by the same signer. Thus,
five samples are collected for each sign. For the convenience of
comparison, each (base) classifier is a 3-state CHMM with 4
Gaussian mixture components.



We apply the leave-one-out cross-validation approach to evaluate
the performance of the proposed HVC scheme. That is, for each
sign in each validation round, every 4 samples are used as the
original training set, on which 4 training sets are constructed as in
Sec. 2.2.1, and remained 1 sample for validation test. Fig. 4 shows
the performance comparison among three HVC schemes and the
single CHMM approach. From Fig. 4, we can easily see that the
HVC scheme generally improves the accuracy.
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Figure 4. Recognition performance comparison between the
single CHMM and the HVC schemes on cross-validation tests

Table 1 summarizes the average accuracies of four methods above.
It can be seen that the “Stategy-3" achieves the best accuracy of
95.4%, while 93.4% for the single CHMM approach. Thus, the
relative accuracy improvement of 30.3% is achieved.

o = (95.4% — 93.4%)/(1 - 93.4%) x 100% = 30.3%

Table 1. Average accuracies of the single CHMM approach and
three different local voting strategies of the HVC scheme

Method Single HVC HVC HVC
CHMM | Strategy-1 | Strategy-2 | Strategy-3
AVerage | g3 jor | 94.4% 95.0% 95.4%
Accuracy

The possible reasons for the above results are as follows. First,
through constructing CHMMs ensemble on the generated training
sets, the decision boundaries for the same SLR task can be refined.
Second, by local voting for each ensemble output, more appropriate
probability values of the test sample under ensembles of all classes
can be obtained, i.e., using more likely model(s) to characterize the
unknown test sample.

Table 2. Average recognition speed comparison between the
single CHMM approach and the HVC scheme

Method Single CHMM

0.066

HVC Scheme
0.113

Average Speed (s/word)

The comparison of average recognition speed between the single
CHMM approach and the HVC scheme is shown in Table 2, where
the recognition time per word does not include preprocessing, e.g.,
feature extraction. It can be seen that the average recognition time of
the HVC scheme is about the twice that of the single CHMM
approach. However, the speed of the HVC scheme, e.g., 0.113s per
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word, is not a big problem and more can be done to improve the
speed to meet the real-time requirement of the actual SLR situations.

5. CONCLUSIONS

This paper proposes a hierarchical voting classification scheme to
improve the visual SLR. Through training CHMMs ensembles on
the constructed training sets from the original training data, HVC
determines the ensemble output by local voting strategy and obtains
the final recognition result by global voting. Experiment results on
the vocabulary of 223 CSL two-handed signs show that the HVC
scheme based ensemble approach outperforms the conventional
single CHMM approach and the relative accuracy improvement of
30.3% is achieved. Thus, the HVC scheme is effective to improve
the performance on the limited training data by the efficient use of
the diversity and accuracy of the classifiers ensemble constructed
from the original training data.

Future researches include designing more efficient and effective
local voting strategy (e.g., by weighting the base classifiers of each
class ensemble) to further refine the decision boundary, and adding
some benign “noise” to improve the diversity of generated training
sets from the original limited training data.
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