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Abstract. A sign language recognition system based on Hidden Markov Mod-
els(HMMs) and Auto-regressive Hidden Markov Models(ARHMMs) has been
proposed in this paper. ARHMMs fully consider the observation relationship
and are helpful to discriminate signs which don’t have obvious state transitions
while similar in motion trajectory. ARHMM which models the observation by
mixture conditional linear Gaussian is proposed for sign language recognition.
The corresponding training and recognition algorithms for ARHMM are also
developed. A hybrid structure to combine ARHMMs with HMMs based on the
trick of using an ambiguous word set is presented and the advantages of both
models are revealed in such a frame work.

Keywords: Computer Vision, Sign Language Recognition, HMM, Auto-
regressive HMM.

1 Introduction

Visual sign language recognition aroused many researcher’s interests nowadays. The
successful application of HMMs to speech recognition brought the ideas of using it in
sign language recognition. Starner [1] presented two video-based systems for real-
time recognizing sentence-level continuous ASL. Some extension of HMMs was also
applied to sign language recognition. Tatsuya Ishihara [2] et al provides a method to
recognize gestures using auto-regressive coefficients of features.Traditional HMMs
only consider the relationship between every state, while the information between
observations has been lost. To solve this problem we present a novel method to incor-
porate auto-regressive HMMs in our original system based on traditional HMM:s.

Fig. 1. Auto-regressive HMMs
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2 Auto-regressive HMMs and Parameter Estimation

The regular HMMs assumes that the observations are conditionally independent given
the hidden state is quite strong, and can be relaxed at little extra cost. This model

reduces the effect of the N, “bottleneck”, by allowing Ot to be predicted by Ot_l as

wellas N ; » this results in models with higher likelihood. Figure 1 illustrates this kind

of ARHMM that we use in this paper. Mixture conditional linear Gaussian function is
implemented to model the consecutive signal. That is,
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1<m< M, M is the number of mixture terms.The estimation of regression matrix

BI. [3] for the observational density function is
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Where @, =P(S=ilD,) 0 D={D,,"--,D,,} is the training set.In case of

mixture conditional linear Gaussian, we can get the estimation of B m as
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7, (j,m) is the conditional probability density of the data which comes from the f th
frame and is at state j and is the #1 th term in the mixture Gaussian function. The reestimate

formulations of 7T, a;,C jm,ﬂm,zm could be calculated as that of the standard
HMMs.

3 Sign Language Recognition Systems

As shown in Figures 2 and 3, this system measures hand gestures using input devices
USB PC color video camera. The feature extraction process can be referred to [4].
Both HMMs and ARHMMs are applied under the trick of ambiguous word set. We
here adopt the hybrid structure in our system because the lack of training data is a
main problem in applying ARHMM to sign language recognition. The basic idea is
illustrated in Figure 3. The recognition result list is generated from the ambiguous
word set in which words accurately recognized by HMMs correspond only one word
otherwise correspond several words in the ambiguous word set.

Both HMMs and auto-regressive HMMs are used in our system. As shown in fig-
ure 2, the ARHMMSs can be viewed as a refiner classifier, which could also be called
a “tuner”.After the video data being processed and the features extracted, the feature
data was input to the HMMs. Figure 3 gives the detail of double layer recognition
process. For every HMM, we use a large amount of samples to test the models. So a
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ARHMM training

ARHMM code

Fig. 2. System overview Fig. 3. Double layer recognition scheme

Table 1. Recognition result of HMM

number of word to be number of wrongly rec- i
. . recognition accuracy
recognized ognized word
439 35 92.0%

Table 2. Recognition result of HMM and ARHMM

number of word to be number of wrongly rec- oo
. . recognition accuracy
recognized ognized word
439 15 96.6%

(a) (b)

Fig. 4. Two signs which can’t be discriminated by regular HMM (a) inaugurate (b) propa-
gandize

certain model may correspond to one word of the right recognition result or several
words which are wrongly recognized as that word. This process is called a coarse
classification. After initializing B, we train the ARHMMs, Section 3 gives the details
of parameter estimation.

The process of recognition is to choose a model which describes the observation
signal the best from the candidate models set. Since our system is double-layer with
HMMs and ARHMMs. Once there is an unknown sign waiting to be recognized, it
should be first classified by HMMs. If it is recognized as a word which does not appear
in the ambiguous word set, it would not be reclassified by ARHMM. Otherwise, if it is
recognized as a word whose model corresponds to several words, the word will be
classified further by ARHMMs. Therefore, both models contribute to the recognition
accuracy of our system. The advantages of both models have been fully considered.
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4 Experiments and Results

We collect the signs in the 439-sign lexicon, each 5 times for every signs i.e. 2195
signs are collected, where 4 times data are used to build the training set and the re-
maining 1 time data to build the testing set.

The word recognition accuracy of the lexicon signs based on HMMs is shown in
Table 1. After incorporating ARHMM s to our original system, we get the recognition
result in Table 2.We can see that the word recognition accuracy improves 4.6% after
incorporating ARHMMs to the system.

It shows that the regression matrix of ARHMMs is good at modeling linear motion
trajectory. For example, in Figure 4 “inaugurate” and “propagandize” are double-hand
words with hands moving aside. ARHMMs based on conditional linear Gaussian can
describe this observation well. The auto-regressive matrix gives a better description of
the hand motion than regular HMMSs. But with no constraints on the lighting condi-
tion and background, the features of some frames can not be detected or assumed as
abnormal values directly because we can “see” these features in two-dimensional
view. These factors are the main reasons that our ARHMMs based on conditional
linear Gaussian has worse performance than regular HMMs in modeling some signs.
Our two layers’ classifier complements the deficiency of both models. So ARHMMs
helps to recognize confusing words and may be a good method for large vocabulary
sign language recognition.

5 Conclusions

In this paper, we present a method to model temporal signals ARHMM and a hybrid
structure to combine both ARHMMs and HMMs to recognize isolated sign language
words. The experimental result shows that the ARHMMSs can greatly improve the
whole recognition rate for its good ability to model the linear movement. Future work
should add 3-D information to features to improve the performance of ARHMMs;
Other observation representation should also be explored for a better description of
observational signals.
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