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Abstract

In sign language recognition (SLR), the major challenges now are developing methods that solve signer-independent
continuous sign problems. In this paper, SOFM/HMM is first presented for modeling signer-independent isolated signs. The
proposed method uses the self-organizing feature maps (SOFM) as different signers’ feature extractor for continuous hidden
Markov models (HMM) so as to transform input signs into significant and low-dimensional representations that can be well
modeled by the emission probabilities of HMM. Based on these isolated sign models, a SOFM/SRN/HMM model is then
proposed for signer-independent continuous SLR. This model applies the improved simple recurrent network (SRN) to segment
continuous sign language in terms of transformed SOFM representations, and the outputs of SRN are taken as the HMM states
in which the lattice Viterbi algorithm is employed to search the best matched word sequence. Experimental results demonstrate
that the proposed system has better performance compared with conventional HMM system and obtains a word recognition
rate of 82.9% over a 5113-sign vocabulary and an accuracy of 86.3% for signer-independent continuous SLR.
© 2004 Pattern Recognition Society. Published by Elsevier Ltd. All rights reserved.
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1. Introduction research on sign language and gesture recognition is likely

. . . to provide a shift paradigm from point-and-click user inter-
Sign language as a kind of gestures is one of the most ¢, 15 3 natural language dialogue-and-spoken command-
natural ways of exchanging information for most deaf peo- | aseq interface. In addition, it has many other applications,
ple. The aim of sign language recognition is to provide g1, 55 controlling the motion of a human avatar in a virtual
an efficient and accurate mechanism to transcribe sign lan- ¢ ironment via hand gesture recognition, learning demon-
guage into text or speech so that communication between gy.avion for the robot, and multi-modal user interface in vir-
deaf and hear_lr_lg society can be more cqnvenlent. Sign lan- tual reality system.
guage recognition (SLR), as one of the important research | 4 major challenges that SLR faces now are develop-

areas of human—computer interaction (HCI), has s’pawr)ed ing methods that solve signer-independent continuous sign
(Tfo\:ieev?/n?hr;?r:?);?tr?;fj:firvaa(;/I tf)oi?:set{é;ﬂ\jvrir:ha;zzrrr?p%?er;t problems. Signer independence is highly desirable since it
' i allows a system to be used straight out of the box and it al-
would be through a speech and gesture interface. Thus, thelows the system to be built for the signer who is not known
* Corresponding author. befo_rehand. The ability to recpgnize signer-independent a_nd
E-mail addressesvgao@jdl.ac.cif. Gao),glfang@idl.ac.cn qoptlnuous sign language, Wlthout the introduction of arti-
(G. Fang),dbzhao@jdl.ac.cD. Zhao),yqchen@jdl.ac.cn ficial pause, has a pro_found influence on the ngturalness Qf
(Y. Chen). the human—computer interface. Therefore, their research is
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clearly an essential requirement for the widespread use of a terms of transformed SOFM representations, and the outputs
SLR system. of SRN are taken as the HMM states in which the lattice
For signer-independent SLR, there are two difficulties: Viterbi algorithm is employed to search the best matched
(1) the model convergence difficulty caused by noticeable word sequence. Experiments show that the proposed system
distinctions among different people signs. For a robust has better performance than conventional HMM system.
signer-independent recognition model, the training data  The remainder of this paper is organized as follows.
must be collected from different signers. This makes the Section 2 reviews the related work. In Section 3, we give
training data very massive. Since different people vary their a SLR system overview. Section 4 presents SOFM/HMM
hand shape size, body size, operation habit, rhythm, and for modeling signer-independent isolated signs. In Section
so on, the noticeable distinctions between the data of the 5, a SOFM/SRN/HMM model is proposed for signer-
same sign due to different signers are almost larger than independent continuous SLR. Section 6 shows the experi-
sign variations due to the change in the sign identity. (2) mental results and discussions. The conclusions and future
The lack of effective features extracted from different sign- work are given in the last section.
ers’ data. Unlike speech recognition in which every speech
feature has been profoundly explored, the research on the
feature extraction of SLR is still in its infancy. How to 2. Related work
effectively extract common features from different signers
is a more challenging problem that needs to be solved. In this overview of related work, we focus on the
For continuous SLR, the main issue is how to handle the previous work in sign language recognition. For details on
movement epenthesis. The movement epentheses, i.e. trangesture recognition, the survey in Rdf3,4] gave a full re-
sition movements between two signs, begin at the endpoint view. Readers can also refer to Rdfs-8] for more recent
of the preceding sign and finish at the start of the following research.
sign, which vary with sign contexts. The presence of move-  Unlike general gestures, sign language is highly struc-
ment epenthesis greatly complicates the recognition prob- tured so that it provides an appealing test bed for new ideas
lem, since it inserts a great variety of extra movements that and algorithms before they are applied to gesture recogni-
are not present in the sign lexical forms, instead of merely tion. Usually sign language recognition can be categorized
affecting the performance of adjacent signs. In continuous into isolated SLR and continuous SLR and each can be fur-
speech recognition, context-dependent model such as bi-ther classified into signer-dependent and signer-independent
phone or triphone is generally employed for modeling the according to the sensitivity to the signer.
co-articulation. However, in continuous SLR no basic unit Attempts to automatically recognize sign language began
such as the phoneme of speech is defined in the sign dic- to appear in the literature in the 1990s. Following the similar
tionary yet. The number of subunits for the whole sign lan- path to early speech recognition, many previous attempts
guage extracted manually or automatically is so large that at sign language recognition focused on isolated signs. The
the training data become very spafég This leads to the recognition methods usually include rule-based matching,
impossibility to train the context-dependent models such as artificial neural networks, and hidden Markov models.

in Ref. [2] for overcoming the effect of movement epenthe- Kadous[9] demonstrated a system based on Powergloves
sis in large vocabulary SLR. Directly modeling the move- to recognize a set of 95 isolated Australian sign languages
ment epenthesif2] still has the same problem. with 80% accuracy. Instance-based learning and decision-

Two difficulties of signer-independent SLR lead to the tree learning were adopted by the system to produce the
fact that sign representations cannot be well modeled by rules of pattern. Matsuo et glL0] used the similar method
conventional hidden Markov models (HMM). In this paper, to recognize 38 signs from Japanese sign language with a
SOFM/HMM is presented for modeling signer-independent stereo camera for recording three-dimensional movements.
isolated signs. The proposed method uses the self-organizingMorphological analysis was used in their method to obtain
feature maps (SOFM) as a feature extractor for continuous sign language patterns.

HMM and its parameters are trained simultaneously in a  Fels and Hintor[11] developed a system using a Data-
global optimization criterion. SOFM transforms input signs glove with a Polhemus tracker as input devices. In their
into significant and low-dimensional representations that can system, five neural networks were employed for classify-
be well modeled by the emission probabilities of HMM. ing 203 signs. Kim et al[12] used fuzzy min—-max neural
Based on these isolated sign models, a SOFM/SRN/HMM network and fuzzy logic approach to recognize 31 manual
model is proposed for signer-independent continuous SLR. alphabets and 131 Korean signs based on Datagloves. An
This is because the segmentation method cannot only adaptaccuracy of 96.7% for manual alphabets and 94.3% for the
well itself to scale with the increasing vocabulary size but sign words were reported. Waldron and K|f8] also pre-

also the solution strategy with the two-pass structure can sented an expandable SLR system using the self-organizing
effectively alleviate the effect of movement epenthesis. In maps to recognize a small set of isolated signs. They used
the proposed method, the improved simple recurrent net- Stokoe’s transcription system to separate the hand shape,
work (SRN) is used to segment continuous sign language in orientation and movement aspects of the signs.
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Grobel and Assafil4] used HMM to recognize isolated  as input devices and state-tying HMM as the recognition
signs with 91.3% accuracy out of a 262-sign vocabulary. method. Their system can recognize 5177 CSL isolated signs
They extracted 2D features from video recordings of signers with 94.8% accuracy in real time and recognize 200 sen-
wearing colored gloves. They also used HMM to recognize tences with 91.4% word accuracy.
about 262 isolated signs from Netherlands sign language Previous research on sign language recognition focuses
[15], with a single video camera as input device. Their sys- primarily on the signer-dependent field. There has been very
tem achieved recognition rates up to 94% for isolated signs. little work reported on signer-independent sign language

For continuous SLR, as there is no clear pause between therecognition. In fact, signer-independent SLR system has a
individual signs, explicit segmentation of a continuous input promising perspective in practical applications as it can rec-
stream into the individual signs becomes intractable. For ognize a new signer’s sign language without retraining the
this reason, together with the effect of movement epenthesis, models. But the signer-independent recognition problem is
work on isolated recognition often does not generalize easily very difficult to solve due to the great hurdles from a variety
to continuous sign recognition. of sign variations among different signers.

Starner et al[16] used a view-based approach for contin- To the best of our knowledge, there have been only two
uous American SLR. They used a single camera to extract research works related to signer-independent isolated SLR.
two-dimensional features as the input of HMM. The word Vamplew and Adamp25] reported a signer-independent sys-
accuracy of 92% or 98% was obtained when the camera tem based on a Cyberglove to recognize a set of 52 signs.
was mounted on the desk or in an user’s cap in recogniz- Their system employed a modular architecture consisting of
ing the sentences with 40 different signs. HMM was also multiple feature-recognition neural networks and a nearest-
employed by Hienz and Baugt7] to recognize continuous  neighbor classifier to recognize isolated signs. They got 94%
German sign language with a single color video camera as recognition rate in the registered test set and 85% in the
input. An accuracy of 91.7% can be achieved in recognition unregistered test set. We used the SOFM/HMM model to
of sign language sentences with 97 signs. Furthermore, they recognize signer-independent CSL over the 4368 samples
developed the K-means clustering algorithm to get the sub- from 7 signers with 208 isolated sigrig6]. For signer-
units for continuous SLRRL8]. The accuracy of 80.8% was independent continuous SLR, even no research report was
achieved in the corpus of 12 different signs and 10 subunits. found in the literature except our early work in which the
In large vocabulary sign language recognition, direct HMM  SRN/HMM model was applied for continuous Chinese SLR
is difficult to model a variety of movement epenthesis be- [27].
tween signs. In this paper, SOFM/HMM is first presented for modeling

Liang and Ouhyounfl9] employed the time-varying pa-  signer-independent isolated signs. Based on these isolated
rameter threshold of hand posture to determine end-points sign models, a SOFM/SRN/HMM model is then proposed
in a stream of gesture input for continuous Taiwan SLR for signer-independent continuous SLR.
with the average recognition rate of 80.4% over 250 signs.

In their system HMM was employed and a Dataglove was 3. SLR system overview
taken as input device. Sagawa and Take(i28] used the
changes of hand shape, orientation, and position to detect

the borders of Japanese sign language words. They experi- - The structure of SLR system based on SOFM/SRN/HMM
mented 10 sentences and got 83.0% accuracy with top five js shown inFig. 1 The sign/sentence samples collected by
choices. However, the fixed segmentation will result in the jnpyt devices are fed into the feature extraction module, and
higher false recognition rate. then, respectively, input into two related parts: SOFM/HMM
Vogler and Metaxa$2] used computer vision methods  pased isolated SLR and SOFM/SRN/HMM based contin-
to extract the three-dimensional parameters of a signer's ;s SLR, where the SOFM/HMM training parameters in
arm motions as the input of HMM, and recognized continu-  the jsolated SLR are viewed as computing models of sign
ous American sign language sentences with a vocabulary of cangidates in the lattice Viterbi of continuous SLR. In iso-
53 signs. They, respectively, built context-dependent HMM |ateq SLR, it consists of SOFM/HMM training module and
and modeled transient movement to alleviate the effects of recognition module. In continuous SLR, the feature vector
movement epenthesis. Experiments over 64 phonemes ex-is first fed into SOFM, and then encoded to input into SRN.
tracted from 53 signs showed that modeling the movement The outputs of SRN are recognized into the final sentences
epenthesis has better performance than context—dependenby HMM framework including lattice Viterbi and language

HMM. The reported best accuracy is 95.83%. In addition, - mqodels together with sign parameters of SOFM/HMM train-
they used phonemes instead of whole signs as the basicjyg,

units and achieved similar recognition rates to sign-based
approaches over a vocabulary of 22 sif@, 22} 3.2. Chinese sign language and its feature extraction
Gao et al[23,24] used a dynamic programming method
to obtain the context-dependent models for recognizing con-  Chinese sign language (CSL) is the language of first-
tinuous Chinese sign language (CSL). Datagloves were usedchoice for 20.57 million deaf people in China. CSL consists

3.1. System structure
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Sign/Sentence
Samples

Feature
Extraction
SOFM/HMM ¢ SOFM/SRN/HMM
SOFM B SRN
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Fig. 1. The structure of sign language recognition system based on SOFM/SRN/HMM.

To collect the variation information of orientation and po-
sition, three Pohelmus 3SPACE-position trackers are used
(seeFig. 2). However, the outputs of trackers cannot be di-
rectly used as sign language features because they vary with
the position of the transmitter, especially in the situation
where the recognition system is moved from one place to
another. In order to extract the invariant features to signer’s
position, the following method is proposed. First, two track-
ers are positioned on the wrist of each hand and another is
mounted at signer’s back, where the tracker at signer’s back
is chosen as the reference Cartesian coordinate system. And
then, the position and orientation at each hand with respect
to the reference system are calculated and can be taken as
invariant features. By this transformation, the data consist
of about 5500 conventional vocabularies including postures of a relative three-dimensional position vector and a three-
and gestures. With the evolution of CSL, up-to-date CSL can dimensional orientation vector for each hand, which do not
express any meaning in natural spoken Chinese with the aid change with the signer position and orientation.
of finger spelling. CSL has the following unique features: |n total, a 48-dimensional vector is formed, including the
(1) CSL is a kind of language using the semantic meaning hand shape (36), position (6) and orientation vector (6) for
as the main way of expression with the similar word order two hands. The data from different signers are calibrated
as the Chinese sentence, (2) Finger spelling and Chineseby some fixed movements performed by each signer. In our
character-imitating gestures play a very important part of experiments the 14 postures that can represent the min—-max
CSL. However, similar to Stokoe’s analysis of American sign  value ranges of the corresponding sensor and 75 basic hand
language[28], each Chinese sign can be broken into four shapes are defined. As each component in the vector has
parameters: hand shape, position, orientation and movement.different dynamic range, its value is normalized to [0,1].
These parameters are performed simultaneously and form
multiple data streams which are the basis of sign language
recognition.

Hand shapes are one of the primitive sign languages and 4. SOFM/HMM for modeling signer-independent
reflect the information of hand configuration. For more ac- isolated signs
curately collecting the variation information of hand shape
and finger status, two Cybergloves are employed with the  In this section, we propose SOFM/HMM for modeling
18-dimensional data for each hand ($¢e. 2. signer-independent isolated signs. The proposed model uses

Fig. 2. The input device.
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SOFM as a feature extractor for continuous HMM and their
parameters are trained simultaneously in a global optimiza-
tion criterion. SOFM transforms input signs into significant

and low-dimensional representations that can be well mod-
eled by the emission probabilities of HMM. SOFM/HMM

is represented in terms of SOFM/HMM architecture and
SOFM/HMM based isolated SLR.

4.1. SOFM/HMM architecture

SOFM first introduced by Kohonef29] has been suc-
cessfully used in a variety of signal processing applications,
especially in speech recognition. SOFM has shown signif-
icant potential for feature extraction in the situation where
the nature of the feature of interest is not known before. The
architecture of SOFM is a fully connected network with two
layers, and each input is connected with every output by the criterion. The SOFM/HMM model uses SOFM as a fea-
adjustable weights. The outputs of SOFM in the form of ture extractor for continuous HMM, with the goal to
two-dimensional lattices represent the corresponding eigen- transform input sign representations into compact, but sig-
vector centroids. The weights are gradually adjusted while nificant, low-dimensional representations that can be well
the training vectors are input into SOFM, so that the prob- modeled by the emission probabilities of HMM. In this
ability density of each centroid is becoming similar to that model, each eigenvector centroid of SOFM with dif-
of the corresponding input vector. ferent signers’ transformation is regarded as one of the

HMM has been proven to be one of the most successful components in the state of HMM. The state probabil-
statistical models in the area of speech recognition. But it ity density functions (pdf) of HMM are constructed in
has been pointed out in R¢B0] that conventional HMM the form of the weighted sum of components. They can
has some limitations. One of them is the assumption that be computed through the Forward-Backward procedure
the distributions of individual observation parameters can be or the Viterbi algorithm. The weights of SOFM are it-
well represented as a mixture of Gaussian or autoregressiveeratively updated in the supervision of the computed
densities is not always consistent with the fact. Another lim- state pdf.
itation is that HMM has a poorer discrimination than neural Let the vector of observation sequenfg = [0;1, 02,
networks. In recent years, many researchers have employed. . ., ornl, t = 1,.... T, wheret is the time of observa-

Fig. 3. The architecture of SOFM/HMM.

HMM for sign language recognition and obtained inspiring
results. However, these limitations still exist.

In fact, the method of combining artificial neural net-
work (ANN) with HMM is an ideal alternative to overcome
HMM'’s limitations, since the hybrid paradigm maintains
an underlying HMM structure, capable of modeling long-
term dependencies, with the integration of ANN, which
provides probability estimation, discriminative training

tion sequence, and is the dimensionality. The input vec-
tor Oy is linked with the SOFM/HMM neuromm by the
weight vectorW ;,,,, wheregj is the state variable and;,,, =
[Wjm1, Wjm2, ..., wjms]. DenoteM as the variable set of
SOFM neurons anglM| as the number of elements in the
set.

Fig. 3shows the architecturd a 3 state left—right model
with skip. The input vectorO; at timet for all states is

algorithms, and fewer parameters to estimate than those first transformed into the corresponding eigenvector centroid

usually required in conventional HMM. Many ANN/HMM
models (e.g. Refd31-33] the survey in Ref[34] gave a
full review), combining ANN with HMM at different levels,

have been successfully applied to speech recognition. More

recently, Corradini et al[6] presented a hybrid classifier

for gesture recognition, where SOFM is regarded as the

quantizer of 32 defined subgestures for discrete HMM.
In this paper, we propose a SOFM/HMM model which

Ijm by the linking weightW ;,,,, and then the neurons make
up of the state pdb;(0;) of HMM in the form of the
weighed sum.

The contribution probability to the state pdf of being the
mth neuron in statg¢ can be constructed as follows:

bim(0p) =2 eXP=D(tjp, O], (1)

is different from the ANN/HMM models used in speech wherezis a constantb ,, (O;) is themth neuron’s contri-
recognition in terms of the architecture and the correspond- bution to the state pdf, and it gradually decreases as the ob-

ing training algorithm. The proposed SOFM/HMM model

servation vector deviates from the corresponding eigenvec-

is also different from Corradini’'s method because SOFM tor centroid.D(uj,,, O) is the Euclidean distance between
is presented in this paper as an implicit feature extractor the observatiorO; and the eigenvector centroqu. How-

of different signers for continuous HMM and their param-

ever, different signers’ data vary their features, so ktie

eters are trained simultaneously in a global optimization signer transformatio@®) = (R®), g®)y is imposed on the
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weight vector of SOFM for the signés data, and defined
aspj, = R(k)ij + gk,

Since the contribution to the state pdf(0;) varies
from different neurons, the coefficients that reflect the
importance of the contribution are associated With (Oy).
Thus,b;(0;) is defined as follows:

|M]

bj(0) =" ¢jmbjm(On), @)
m=1

wherezlrf:ill c¢jm=1. The weight vectoW ;,,, the transfor-

mationG*) and the coefficient ;,, are calculated through
the following re-estimation formulas.

Given the set oK observation sequences from different
signerso =[0W, 0@ ..., 0K)], where thekth signer
datao® =[o{¥ o ... O(Ti)], and the length;. Define
the initial model parameters @asand the re-estimated model
parameters as. Q is a state sequence, and denotedas
q1.92. ---.91,» ¢i € {1,2,..., N}, whereNis the number
of states.

Assuming each observation sequence to be indepen-

dent of every other observation sequence, a global op-
timization criterion is to adjust the parameters of the
model 4 to maximize K observation sequences, formu-
lated asi* = arg may, P(O | 1), where P(O | 1) = ]_[,f:1
P(0® ). For convenience, le, = P(0®) |}). The
weight wy is defined asw; = P(O|4)/K Py, then
P02 =YK, wiP. Since P(0|2) depends on the
hidden state variabl& and the SOFM neurons variable
M, it cannot be maximized directly. The maximization of
P(O | 4) is the problem of maximum likelihood estima-
tion with missing values (i.e. hidden variables). The EM
algorithm is a popular algorithm for maximum likelihood
estimation given incomplete data samples. Similar to HMM
parameter estimation, the auxiliary functi@n4, 7) is also
introduced to facilitate the maximization @¢f(O | 1), and
constructed as

K
QUL D=) wr Ok A,
k=1

where Qx(Z, =) Y (P(O(k), Q,M|2)
0 M

xlog P(0®, Q,M|Z)). 3

It can be provedQ(L, ) >0, 1) = PO|)=
P(O | 4) with the similar method in Ref[35]. Thus, the
maximization of P(O | 1) is converted to get the critical
point of Q (4, 1). The probability of being in stateat time

t with the mth neuron accounting foO,(k) is defined as:

" Gom)=Plgr = j.m=m| 0P ).
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Then we can get

N |M|

U Z Z Z (15( )(l m) log 7;
k=1 \i=1m=1
N N Ti—

+Z Z Z ZP(%_I qt+1=J,

i=1j=1 1=1 M
M|0®, ) log &,
N Tp [M] '
+ 3 o j.m) log éj,
j=1t=1m=1
N T, M| " k
+ 2303 #0Gom log b (0f)
j=1t=1m=1
P(O|2)
X .

X 4

Through maximizing the individual terms 1-3 @(4, 7,
we can obtain the re-estimation formulas &y, :

K T .
%Fzzywum/
k=1t=1
K T M|

>0 #Gm.

k=11t=1m=1

()

The formulas forr; anda;; are the same as the conventional
HMM [30].

The maximization of the fourth term i@ (4, 1) can be
carried on through the following two steps. First, we max-
imize theQ-function with respect to the signer transforma-
tion while keeping the value d¥ ;,, fixed. The detailed de-
scription of derivation can be found in R¢B6]. After some
simplification, the re-estimated formulas can be expressed
as follows:

N M| Ty .
fin:Z Z Z ‘pz( )(jam)(wjmnu_)mi
j=1m=11=1
- Z FisWjms _bi)/
S#n
N M| T "
>3 oG mu?,,. (6)
j=lm=11=1
N M| Ty .
Z Z Z (D( )(] m) (wmz Z rzﬂ”/ms)/
j=1m=11r=1
N M| Ty .
>y ofGm, @
j=1lm=11r=1
where w,,; = 7:12 <15(k)(1 m)O(k)/Z 12

o™ (j.m), r;p andb; are the elements ot ) andﬁ(").
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Fig. 4. The isolated sign language recognition system.

Second, we maximize th@-function with respect to
the weight vector of SOFMW;,, using the fixed signer
transformationG®, and obtain the re-estimation formula
for Wip,:

K T
Win=3"3" &P G.m. RO . (0" - B(k)>/
k=1t=1
K T ’
35 oG mR®RE).
k=1t=1

®)

Scaling is usually employed in the implementation of
forward—backward procedure to avoid the underflow. For
more details, refer to Ref30].

4.2. SOFM/HMM based isolated SLR

The SOFM/HMM based isolated SLR is illustrated in
Fig. 4. It has two modules: training module and recognition
module. The training module includes three parts: training
samples, SOFM/HMM training and codebook database. The
recognition module consists of four parts: data collection,
data processing, vocabulary and SOFM/HMM recognizer.
The model parameters of SOFM/HMM recognizer are ob-
tained from the codebook database.

Training: Before collecting word data, every signer per-
formed a series of samples which contain 75 basic hand

2395
procedure:

(1) Using calibrated samples to calculate the signer trans-
formation G®) through Egs. (5)—(8) with the similar
steps of maximum likelihood linear regressi@6].

(2) For training samples of each sign, initialize the param-
eters ofcy,, Wip,.

(3) Re-estimate the parameters by Egs. (5) and (8) based on
the calculated signer transformatiai®.

(4) If the convergence criterion is met, the parameter is
saved and continues to the next; otherwise replace old
parameters with new ones and return to (3).

Recognition The procedure of recognition is to select
the model from the codebook database that can well rep-
resent the observation sequence. Given the observation se-
quence0D=0103 - - - Or, the probabilityP (O | 4,) is com-
puted for each codebook, in the codebook databage=
{21, 42, ..., Ay}. P(O | 4y) is approximated a® (O | 1y) =
P(0O, O*| ly), whereQ* is the best state sequence among
the state spaces for the givéh which can be obtained
through the Viterbi algorithm seardB0]. The recognized
class can be obtained through the following formula:

9)

v =arg maxP (0 | iy).
1<v<V

5. SOFM/SRN/HMM models for continuous SLR

In this section, a SOFM/SRN/HMM model is presented
for signer-independent continuous SLR based on the pre-
vious isolated sign models. The improved SRN is used
to segment continuous Chinese sign language in terms of
transformed SOFM representations. The outputs of SRN are
taken as the HMM states in which the lattice Viterbi algo-
rithm is employed to search the best word sequence.

The SOFM/SRN/HMM model is described by SRN-based
segmentation and HMM framework. SRN-based segmenta-
tion consists of improved SRN and segmentation of con-
tinuous sign language. HMM framework is represented by
lattice Viterbi algorithm and language models.

5.1. SRN-based segmentation

5.1.1. Improved SRN

Jordan[37] first described recurrent networks in 1986.
Along this line, ElIman[38] developed a simple recurrent
network in 1990. In the past few years, recurrent networks
due to their good dynamic memory performances have been

shapes and 14 postures of reflecting the min—-max value successfully applied to speech recognitig8], handwriting
of the finger-bending sensor. These data are referred to asrecognition[40], and gesture recognitiqa 1,42]
calibrated samples. Then, several samples for every word Fig. 5 shows the structure of simple recurrent network.

in the vocabulary set are collected from different sign-

The input unit/; receives the first input at tinteThe context

ers. The vocabulary and the corresponding samples form unit C; is initially set to 0.5. Both the input unit and context

training samples. One SOFM/HMM model is built for
each word in the vocabulary through the following training

unit activate the hidden unif;; and then the hidden unit
feeds forward to activate the output ur. The hidden
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Fig. 5. The structure of simple recurrent network.

unit also feeds back to activate the context uhit 1 which
constitutes the forward activation at time1. In the network

the context unit is connected one-to-one corresponding to
the hidden unit through a unit of time-delay, i.e.

Hl—l, 1 2 27
C; = { — (20)
0.5, t=1

wH, wl andw) are defined as the weight matrices
of input unit to hidden unit, context unit to hidden unit and
hidden unit to output uni® andy denote the bias of hidden
unit and output unit. Theril; and O; can be expressed as
follows:

Hy=f(C - Wl +1,- Wil — o), (11)

Or=f(H; - W =), (12)
where f(-) is the standard sigmoid activation function:
f@=0+eNL

With the introduction of context units, the outputs of net-
work depend not only on the external inputs but also on the
previous internal states that rely on the results of all the pre-
ceding external inputs. Thus SRN can memorize and utilize
a relatively larger preceding contef@8].

Though SRN can memorize the preceding context, it
cannot utilize the following context information. Two ap-
proaches are presented to modify SRN for efficiently uti-
lizing the following context information. One approach is
to take the following context vector as a part of the input
vector. The input vector can be redefinedlias- [I; I;41],

Experiments show that the former approach has better per-
formance than the latter for segmentation of continuous sign
language. Thus, the former improved SRN is adopted in our
SOFM/SRN/HMM model.

5.1.2. Segmentation of continuous sign language

In the segmentation of continuous sign language, we need
to guarantee that segmentation has a high recall of detect-
ing all actual segments. For the case of detecting several
segments for an actual word, we will solve it later through
the lattice Viterbi search algorithm in the following HMM
framework.

After sign data input and processing, we can obtain the
48-dimensional data. If the 48-dimensional data are taken
as the inputs of SRN directly, due to mass training data, it is
difficult to train a converging SRN with a good performance.
Thus, SOFM is employed as the feature extraction network
to reduce the training data dimension. The extracted features
after being encoded are fed into SRN.

Our experiments show that continuous sign language af-
ter being transformed by SOFM has stronger segment prop-
erties, i.e. distinct fluctuation in the movement epenthesis
between signs and stabilization within one sign. An exam-
ple is shown inFig. 6, wherex-axis represents the frame
number of the sign language sentence, gakis denotes
the transformed SOFM outputs with one associated quanti-
zation number for each frame. In the figure, Chinese sign
word “BA1” (we) has two segments and the signs ¢f*4”
(what), “BH%” (time), and “&” (go) only have one seg-
ment, and the fluctuating parts between the two signs are

and the rest of calculations are the same as the standardmovement epentheses. One segment in continuous sign lan-

SRN. So the following context information can be exploited.

Another approach is to input the training samples, in turn
and in reverse turn, into the SRN with the same architec-
ture. Then one forward SRN and one backward SRN are
trained, and the forward SRN can memorize the preceding
context while the backward SRN memorizes the following

context. Thus, the context information can be assimilated.

guage can be considered as a potential phoneme. Phoneme,
as the basic unit of sign language, is defined as a dynamic
continuous sign data of the changes of hand shape, position
and orientation being very stable.

Distinct fluctuation in the movement epenthesis be-
tween signs and stabilization within one sign constitute
the movement epenthesis characteristic (B&gg 6). This
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Fig. 6. The segment property of sign languag®fiItHAR{&E" (when will we leave).

characteristic results in the fact that SRN-based segmen- by SOFM, and the SOFM outputs together with the follow-
tation may have good performance. Furthermore, we can ing contexts are fed into the SRN. The errors between the
discard severe fluctuation transition frames judged by the SRN outputs and the targets are propagated back using back-
SOFM outputs near the SRN segmentation point so that par- propagation and then the network weights are adjusted. At
tial movement epentheses are removed in the implementa-the beginning of learning, the weight matrices, the bias of
tion. After the feature extraction of SOFM, the outputs of hidden units, and the output units are initialized to the ran-
SOFM are fed into SRN. 256 output units and 48 input units dom value(—1, +1). The feedback units are initialized to
are selected for SOFM. 16 input units, 15 hidden units and 3 activations of 0.5.
output units are chosen for SRN. The following paragraphs  Recognition Continuous signs in the test set are fed into
will explain SRN-based segmentation in detail. the SOFM at first. Then the SOFM outputs together with the
Input SRN has 16 input units, where 8 units are for the following contexts are fed into the SRN. The segmentation
encoding of 256 output units of SOFM, and the other 8 units result of SRN is* =arg max (oi) at timet. The adjacency
are for the following contexts. The values of the input are property of the left and the right boundary of segments is
formulated aslf €{0,1}, i=12,...,16. used as the constraint in the segmentation.
Output The 3 output units are defined as: the left bound-
ary of segments 1, the right boundary of segments 2, and
the interior of segments 3. The corresponding units are rep- 5.2. HMM framework

resented by?, o ando. O; = {0}, 0Z, 0?} is defined as
follows: The segmentation results of SRN are fed into the HMM
framework. One sign candidate, which consists of one or
[1 0 O Outputis1 several segments, is viewed as a state of HMM. The prob-
0;=1[0 1 0 Outputis 2 (13) ability of the sign candidate as an isolated word can be
[0 0 1 Outputis 3 regarded as the state emission probability of HMM. The

transition relations are built among words relevant to sign
o o candidates. Since each sign may include several segments
Training: The target segments of training cannot be ob- ,qally 2-4 segments), we should search the best path in
tained stral.ghtforwardly because sign language is (:ont.lnuous,[hese segments. This can be shown in the following two as-
and there is no mark between signs. Thus, automatic Seg-pects: the selection of the recombined segment sequence and
mentation approach is employed to find the target segments. yq selection of the best word sequence from the recombined

Let the sample sentendg = wywy - -- wy in the training segment sequence. In our framework, the lattice Viterbi al-
set and the corresponding frame sequefeerrz - - If gorithm is proposed to solve the best search problem. Com-
li € Wm, li41 € wptl, then framey; is the right bound-  h4req with the standard Viterbi algorithm that searches the

ary of segments and framg, ; is the left boundary of seg-  frames one by one, the lattice Viterbi algorithm can span
ments. Each state probability of framebelonging to word 56 or more segments to search, so the recombined segment

wm (m=1,.... k) is calculated through the SOFM/HMM  gequence accompanying the corresponding word sequence
model with the isolated sign language model parameters. In -5 pe obtained simultaneously.

the calculated state probability space, the constrained Viterbi

algorithm following the word sequenee;ws - - - wy, is used

to search the best segment sequence. The segment results.2.1. Lattice Viterbi algorithm

are regarded as the target outputs of SRN training. One sign candidate is defined as a triper’, w), start-
Back-propagation through tin{d3] is introduced as the ing at segment, ending at segment and representing

SRN learning algorithm. 800 samples over 400 different word w, 0<t < T, t <t <T. All triple sets are defined

continuous CSL sentences in the training set are transformedas L = {x | x = (¢, ', w)}. We introduce the accumulator
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Fig. 7. An example of the lattice Viterbi algorithm.

o(t,t', w) that collects the maximum probability of
covering the triplet, t’, w). To keep track of the best path,
the auxiliary argument/(z, ', w) is defined as the previous
triple pointer of the local maximumi(z, ', w). We denote
b(t,t', w) as the emission probability of wond covering
segments from positionto #’. P(w|w’) is defined as the
transition probability from wordw’ to w, which is esti-
mated by language models. The lattice Viterbi algorithm is
described as follows:

(1) Initialization: Let (0, 7, w) = b(0, ¢, w) andy (0, ¢, w)
=NULL.

(2) Recursion  d(1,1,w) = max; yyer 6", 1, w')
P(w|w)b(t, ', w) andy(t, 1, w)=arg max , yner.
8t t,w) P(w|w).

(3) Termination P* = max; 7, wyer 6(t, T, w) and (zf,
T, wl)=arg ma, r yyer 0, T, w).

(4) Path backtracklng L'et T =1, .(ti*+l,ti*, w?‘H) =
n//(zl.*, z[.*_l, w;‘) is iterated until <’12k+1’ t,f, wZ+1>
= NULL, and the generated word sequenge. - - w;
is the best path.

The calculation of the sign candidate probability
b(t,t', w) is similar to that of isolated sign language recog-
nition. So the SOFM/HMM model used for isolated SLR
is also employed for the calculation of sign candidate
probability. The probabilities of all possible candidates are
regarded as the state emission probability of the HMM
framework. In the SOFM/HMM model, SOFM is used as
an implicit feature extractor of different signers for continu-
ous HMM and it transforms input signs into significant and
low-dimensional representations that can be well modeled
by the emission probabilities of HMM. Thus, it can allevi-
ate the effect of signer-independent problem in continuous
SLR.

Fig. 7 illustrates the search results of the lattice Viterbi
algorithm with a continuous sign language sentence of six

5.2.2. Language models

Language models are an attempt to capture regularities
of natural language by a large amount of training data for
improving the performance of sign language recognition. It
plays the role of the prior and guarantees the recognized
sentence, which is well interpreted from the grammar point
of view, can be selected with the maximum probability. A
simple but effective way is to use an n-gram model in which
the probability of appearance af; is assumed to depend
only on the preceding — 1 words, that is

N
def i—
P($)ZE P(wy wa. ... wy) =[] Paw; wiZ} ). (14)
i=1

In our SOFM/SRN/HMM model, bigram is adopted for
continuous SLR. If the training corpus is not large enough,
many bigrams will not appear in the training data and many
others will only appear once or twice. So the Katz smooth-
ing techniqug44] is employed to make the estimated prob-
ability robust for unseen data in our language model. The
corpus used to estimate the bigram probabilities consists of
200Mbytes from China Daily between the years 1993-1995
and the Family Collection Book. As sign language is some-
what different from natural language, e.g. the function words
are always omitted and sometimes the subject and the pred-
icate are hyperbatic, some adaptations to these linguistic
characteristics are imposed on the training corpus.

6. Experiments and discussions

In our experiments, two Cybergloves and three Pohelmus
3SPACE-position trackers are used as data input devices.
Two systematic experiments are carried out: the firstis to test
the ability of SOFM/HMM for modeling signer-independent
signs that is evaluated by an accuracy of isolated SLR, and
the second is to evaluate the SOFM/SRN/HMM model for

segments. 1, 2, 3, 4 and 5 are the boundaries of segmentssigner-independent continuous SLR.
Each rectangle denotes one sign candidate segment in which
the circles represent candidate words. The search result is6.1. Isolated sign language recognition evaluation

four recombined segment& 1) (1 3)(3 4)(4 6), and the cor-

responding words in each segment construct the best word  The proposed SOFM/HMM model for signer-independent

sequence.

isolated SLR is to evaluate on a large-vocabulary with 5113
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Fig. 8. The isolated sign recognition performance on a large vocabulary of 5113 signs.

signs. Experimental data consist of 61,356 samples over unaltered, but occur at the corresponding covariances. For
5113 isolated signs from 6 signers with each performing recognition the means play a more important role in scoring
signs twice. The vocabulary is taken from the Chinese sign one sign than covariance. Clearly, this phenomenon is due
language dictionary excluding the synonymous words with to the model converging to the local optimum.
the same gestures. One group data from 6 signers are referred
to as the registered test set (Reg) and the other 11 group data
are used as the training samples. Using the cross validation6.2. Continuous sign language recognition evaluation
method, 10 group data samples from 5 signers are used as
the training samples and the other signer data are referred In this section, the SOFM/SRN/HMM model for signer-
to as the unregistered test set (Unreg). independent continuous SLR is evaluated. The 61,356 sam-
Fig. 8 shows the test results of HMM and SOFM/HMM,  ples over 5113 isolated signs are collected from 6 signers
in which HMM has 3 states and 5 mixture components with each performing signs twice. The 10 group samples
and SOFM/HMM has 3 states and 5 initial SOFM neurons. from 5 signers with each having two group data are regarded
The average recognition rates of 90.5% for SOFM/HMM as the isolated sign training set. The isolated sign models are
and 87.3% for HMM are observed for the registered test trained through the SOFM/HMM method. We select 2 from
set. For the unregistered test set, the average recogni-5 signers in the isolated sign training set, represented by A,
tion rate of 82.9% and 80.0% are obtained. Experiments B, and the signer in the test set represented by C. Continuous
show that SOFM/HMM increases the recognition accu- sign language database consists of 2400 samples from these
racy by 3% than HMM on the registered and unregistered 3 signers with 400 different continuous CSL sentences. The
test sets. sentences are chosen from the 200 Mbytes corpus of China
From the experiments above, we know that SOFM/HMM  Daily and the Family Collection Book and consists of 3—14
has better performance than HMM. The possible reasons words with the average 6.55 words per sentence. There are
are as follows. First, SOFM is trained as a feature extrac- 6 group data marked with AA», B1, B2, Cq, Co. In the
tor for continuous HMM in a global optimization crite- SOFM/SRN/HMM model, A and B; are chosen as the
rion to transform signer-independent input signs into com- training set for SOFM, SRN and embedded training, By
pact, but significant and low-dimensional representations are referred to as the registered test set, andog as the
that can be well modeled by the emission probabilities of unregistered test set.
HMM. Second, the combination of powerful self-organizing In our experiments, embedded training and un-embedded
performances of SOFM and excellent temporal processing training are defined. In embedded training, the sentences
properties of HMM in a novel scheme may compensate are automatically segmented into words and the correspond-
each other to obtain better results. Third, in SOFM/HMM, ing data by automatic segmentation approach (see Section
less parameters need to be re-estimated than in conventional.1.2), and the isolated sign models together with the mod-
HMM, thus SOFM/HMM is more inclined to convergence els trained using the segmented word data are taken as the
in the model training. From the training procedure of HMM, candidate models in the calculation of segment emission
we find that the changes for some sign models don't occur at probability. In un-embedded training, only the isolated signs
the means of multi-mixture of HMM, i.e. the means remain models are used.
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Table 1
The continuous sign recognition rates of un-embedded training on
the unregistered test set

Method Recognition rate (%)

HMM 66.5(5=423 1 =276 D=179
SOFM/SRN/HMM 72.4(S =395 [ =117, D =210
Table 2

The continuous sign recognition rates of embedded training on the
unregistered test set

Method Recognition rate (%)

HMM 82.9(S=208 1 =162 D =178
SOFM/SRN/HMM 86.3(S =173 1 =50, D=135H
Table 3

The continuous sign recognition rates of embedded training on the
registered test set

Method Recognition rate (%)
HMM 89.2 (§ =117, 1 =105 D =62
SOFM/SRN/HMM 91.3(S=91, 1 =35 D=102

We test the performances of SOFM/SRN/HMM for
signer-independent continuous SLR in the following three
experiments: one experiment is to use un-embedded train-

ing on the unregistered test set, a second experiment is

W. Gao et al. / Pattern Recognition 37 (2004) 2389—-2402

stead of fixed-segmentation is employed in SRN segmenta-
tion and the sign boundary is decided in the lattice Viterbi
algorithm. The recognition results are also improved through
the product scores of language models (LM) and sign can-
didate probability, where LM can guarantee to select those
sign candidates whose emission probabilities are not top-1
but well interpreted from the grammar point of view.

Compared with conventional HMM, SOFM/SRN/HMM
has higher recognition rates. This may be due to the follow-
ing reasons:

(1) HMM uses the continuous sign Viterbi algorithm
which is liable to be influenced by movement epenthe-
sis, whereas SOFM/SRN/HMM alleviates the effects
of movement epenthesis by discarding the transition
frames between signs that can be judged by the SOFM
outputs near the SRN segmentation point.

Unlike HMM which searches the best state sequence,
SOFM/SRN/HMM gets the best word sequence that is
more suitable for the language model.

The isolated sign Viterbi algorithm (ISVA) employed
by SOFM/SRN/HMM can get the higher accuracy than
the continuous sign Viterbi algorithm (CSVA) used by
conventional HMM. In recognition, ISVA only searches
all states of the word in each frame, while CSVA
searches not only all states of this word but also the
states of other words, so ISVA is more accurate and
less time-consuming than CSVA for the same sign data
recognition.

@)

®)

to use embedded training on the unregistered test set, and7. Conclusions and future work

a third experiment is to use embedded training on the
registered test set. The experimental results are listed in
Tables 1, 2, 3, respectively.

All experiments are performed with the bigram language
model. S, | and D denote the error numbers of substitu-
tion, insertion and deletion, respectively. The number of
signs in the test set is 2620able 1shows that the recogni-
tion rate of 72.4% for SOFM/SRN/HMM is obtained when
using un-embedded training on the unregistered test set.
SOFM/SRN/HMM outperforms HMM by 5.9% recognition

In this paper, a sign language recognition system is de-
veloped both for isolated signs and continuous signs in
the signer-independent field. In this system, SOFM/HMM
is first presented for modeling signer-independent isolated
signs. The proposed method uses SOFM as a feature extrac-
tor for continuous HMM so as to transform input signs into
significant and low-dimensional representations that can
be well modeled by the emission probabilities of HMM.
Based on these isolated sign models, the SOFM/SRN/HMM

rate. It can be easily seen that because no knowledge of model is proposed for signer-independent continuous SLR.

continuous sign language is applied, the recognition rate is
not satisfied. InTables 2and 3, embedded training is em-
ployed to utilize the sentence information. The recognition
rate of 86.3% for SOFM/SRN/HMM is shown ifable 2

on the unregistered test sdiable 3illustrates the recog-
nition rate of 91.3% for SOFM/SRN/HMM on the regis-
tered test set. Experiments show that SOFM/SRN/HMM
with embedded training increases the recognition rate by

The improved SRN is used to segment continuous sign
language in terms of transformed SOFM representations,
and the outputs of SRN are taken as the HMM states in
which the lattice Viterbi algorithm is employed to search
the best matched word sequence. Experiments on the vo-
cabulary of 5113 signs show that SOFM/HMM reaches a
word accuracy of 90.5% in the registered test set and 82.9%
in the unregistered test set, respectively. SOFM/HMM

3.4% than HMM on the unregistered test set and 2.1% on increases the recognition rates by 3% than HMM. For
the registered test set. In our three experiments of continu- signer-independent continuous SLR, experimental results
ous SLR, the SRN segment recalls (i.e. Number of correct demonstrate that the proposed SOFM/SRN/HMM model
segments/Number of all actual segments) are respectively has an accuracy of 91.3%, 86.3% and 72.4%, respectively,
93.8%, 94.5% and 97.1%. However, soft-segmentation in- in embedded training and registered, embedded training and
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unregistered, and un-embedded training and unregistered vision methods, in: Proceedings of the IEEE International
test sets. The experiments also show that this model has Conference on Systems, Man and Cybernetics,1997, pp.
higher accuracy than conventional HMM. 156-161.

Though we have researched into signer-independent [3] V.l Pavlovic, R. Sharma, T.S. Huang, Visual interpretation
sign language recognition, there are still many issues to of hand gestures for human—computer interaction: a review,
be further investigated: (1) Effective feature extraction :;'EE Trans. Pattern Anal. Mach. Intell. 19(7) (1997) 677-
from difierent signers: Can eXp“(,:lt effective features b? [4] Y. Wu, T.S. Huang, Vision-based gesture recognition: a review,
extracted_through the trans_f(_)rmat'on to freque”CY do_ma'n in: Proceedings of the International Gesture Workshop,1999,
such as in speech recognition? It is a challenging issue pp. 103-115.
that deserves further study. (2) Compact training sentences [5] H.K. Lee, J.H. Kim, An HMM-based threshold model
for a general model: Different from spoken language, sign approach for gesture recognition, IEEE Trans. Pattern Anal.
language has no large amount of continuous sign language Mach. Intell. 21(10) (1999) 961-973.
corpus. Its corpus is collected from the expert teachers. [6] A. Corradini, H.J. Bohme, H.M. Gross, A hybrid stochastic-
How to use compact and representative continuous sign connectionist approach to gesture recognition, Int. J. Artif.
language sentences to train a general recognition model  Intell. Tools 9(2) (2000) 177-204.

Is & very promising issue. (3) Minimum unit definition in g :é-(:sc;g:i?ic();, u\]s.ingsochc;m\t().i\]rie(??s,atuﬂéss- o\ﬁggétig:ningleesgzz
SLR and its extraction: Due to no lexical defined basic 4 i '
units, how to tackle the distinct definition and effective velocity, Pattern Recognition 34(7) (2001) 1491-1501.

. f mini o barri h [8] J. Triesch, C. Malsburg, A system for person-independent
extraction of minimum units is a barrier to prevent them hand posture recognition against complex backgrounds, IEEE

as basis units for large vocabulary SLR? (4) The use of  rans. pattern Anal. Mach. Intell. 23(12) (2001) 1449—1453.
statistical sign language models: Chinese sign language is [9] M.w. Kadous, Machine recognition of Auslan signs using
a kind of language mainly using the semantic meaning as PowerGloves: towards large-lexicon recognition of sign
ways of expression and it has many synonymous words language, in: Proceedings of the Workshop on the Integration
with the same gestures. So sign language unit to natural of Gesture in Language and Speech,1996, pp. 165-174.
language is a one-to-many map. Using statistical sign lan- [10] H. Matsuo, S. Igi, S. Lu, Y. Nagashima, Y. Takata, T. Teshima,
guage models, the vocabulary size can be enlarged through ~ The recognition algorithm with non-contact for Japanese sign
the vocabulary maps in the post-processing sentence gen- language using morphological analysis, in: Proceedings of the
eration, which is very useful for SLR. (5) The utilization International Gesture Workshop,1997, pp. 273-284.

of non-manual parameters in sian lanquade: Non-manual [11] S.S. Fels, G.E. Hinton, Glove-talk: a neural network interface
P 9 guage: between a data-glove and a speech synthesizer, IEEE Trans.

parameters in sign language include gaze, facial expres- Neural Networks 4(1) (1993) 2-8.

sion, mouth movement, position and motion of the trunk [12] J.S. Kim, W. Jang, Z. Bien, A dynamic gesture recognition

and head. Incorporating the understanding of non-manual system for the Korean sign language (KSL), IEEE Trans. Syst.

parameters into sign language recognition is a further Man Cybernet. 26(2) (1996) 354—359.

direction. [13] M.B. Waldron, S. Kim, Isolated ASL sign recognition system
for deaf persons, IEEE Trans. Rehabilitation Eng. 3(3) (1995)
261-271.
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