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Abstract

. A new pattern matching method, Partly-Hidden
Markov model, 1s proposed for gesture recognition.

Hidden Markov Model, which is widely used for
the time series pattern recognition, can deal with only
piecewise stationary stochastic process. We solved
this problem by introducing the modified second order
Markov Model, in which the first state is hidden and
the second one is observable.

As the results of 6 sign-language recognition test,
the error rate was tmproved by 73% compared with
normal HMM.

1 Introduction

Gesture recognition, the problem of recognizing hu-
man’s body actions and hand movements through
moving image processing, is one of attractive appli-
cations of time series pattern recognition [1],[25),[3].
This technique consists of two parts, one is the fea-
ture extraction rom moving images and the other is
the pattern matching of time series of features. This
paper focus on the pattern matching for the gesture
recognition.

Other applications of time series pattern recogni-
tion involve speech recognition. In this field, many
efforts have been made for a long time. DP match-
ing and HMM are two major techniques for speech
recognition. Recently, the superiority of HMM over
DP matching become apparent. Now, almost of all
systems adopt HMM [4], [5]. Therefore, it seems that
HMM is promising in the field of gesture recognition
also.

However, it is doubtful that HMM is effective
enough for the gesture recognition because the gesture
recognition problem has another difficulty which may
not be dealt by HMM. That is the dynamical feature
of time series parameters.

HMM consider that the output probability of fea-
ture vectors in each state is unique. That means HMM
deal with only piecewise stationary process. This con-
straint is rather acceptable in speech recognition be-
cause speech can be considered as the set of stationary
parts connected through rater short transient parts.
In gesture, however, all parts are transient. Piecewise
stationary procces is not adequate.

In this paper, we propose another technique for
time series pattern matching which deal with transient
process rather than piecewise stationary process.
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2 Markov Model and Hidden Markov
Model

In general, the output probability of feature vector
24, Py(z4), is given by the conditional probability of
the all past observation zqzy - - z;_1

Pt(:ct) = PT‘((L‘tl.’L'gfL'l ~‘~:L't_1). (1)

In the Markov model, the number of the sequence
which is used for the condition is truncated by fixed
number K.

Pt(.’nt) = PT‘((Ct|(L‘1_K$t_K+1 “ee xt_l). (2)

Usually, we give a certain state, say S;, to the sequence
of 24_g ik 41 - -2¢—1. The former equation become

Pi(zy) = Pr(z|S;). (3)

A certain state, S;, is also given to the sequence of
Ti_ K41 Ti—1%¢. In this case, if the output is z; and
the previous state is S; then the next state should be
S;. That means state transition is observable. In the
Nfarkov model, very complicated models are required
to deal with complicated phenomena.

In the Hidden Markov Model, the same represen-
tation is adopted for the output probability. How-
ever, in this case, the relation between the output se-
quence and state is not unique but probabilistic. The
same state is given to the many varieties of output
sequences. So simple model which deal with compli-
cated phenomena can be realized. This is an advan-
tage of the Hidden Markov Model. However, in HMM,
since so many varieties of output sequence share the
same state and the shared state is the only informa-
tion which affect the output probability, the process
dealt with by HMM is restricted to piecewise station-
ary process. This restriction is not suit for the gesture
recognition.

3 Proposed Model:

Markov Model

3.1 Outline and parameters of PHMM

In the proposed model, the output probability
Pr(z¢|zi_xzi—k+1- - T4—1) is represented by second
order model,

Partly-Hidden

Pr(zs|ec—gTi—k41 - -Ti-1) = Pr(z:S!,S3).  (4)
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Here, state Sif is given to the sequence of
Ti_KTi— K41 Le—2 and state S; is given to the out-

out of z,_;. We call S/ fstate (first state). And
we call S} s-state (second state). If both of these
mappings are unique, this model is equivalent to the
Markov Model. If both of them are probabilistic, it is
equivalent to the Hidden Markov Model.

In the proposed model, mapping from the sequence
of xy_Kk&i_K41 - - 42 to state S,-f is probabilistic and
the mapping from the output z;_; to the state S} is
unique. We call this model “Partly-Hidden Markov
Model (PHMM).” Since the half of the conditional
part of the output probability is shared in many vari-
eties of output sequences, the number of the states S{
can be reduced and the complexity of the model can
also be reduced. Since the output probability of z; is
conditioned by state S} (that means it is conditioned
by #;_1), the model can deal with more complicated
process than piecewise stationary.

In the proposed model, the probability that the
output sequence z1x2---zr (s-state transition is
Zoz1Zg - Zr-1) comes from the model with the f-
state transition sis;---sp is defined by following
equation.

Ps = Pr(zyzy---zrsis) - shslsy---s%)  (5)
Since s{s5---s3 = ZoTy - TT_1,

Ps = Pr(zizy---arsis) - sheg)

Pr(s]s)Pr(zy|s],s?)
T-1

1 Pristyals s Pr(zesalsty sivy)
t=1

= Pr(s{,zo)Pr(:cﬂs{zg)
T-1
I Prislyslslzi1) Pr(zesalstyyze) (6)

t=1

Also, since,
Pr(slyy | slzn) =
Pr(s{+1|s{)Pr(z,_1|s{+1s{)
Pr(:ct_1|s{)

(7)

Pr(zip1zi)s],;)
Pr(zs],,)

(8)

PT(1?¢+1|3{+1:L‘t) =

Eq. (6) becomes,

Ps = Pr(s],zo)Pr(zi|s],20)

T-1
7 Pridu Pt lesel)

Pr(:ct_lls{)

t=1
_Pr(xt+1ft|8¢f+1)
Pr($t|3{+1)

(9)
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Pr(zyzy---27) can be obtained by summing up
Eq.(9) for all possible combination of F-state transi-
tion s{s{ - 'sé,.

From above discussion, it is found that PHMM can
be expressed by following 5 parameters.

a;; : the probability that the next f-state is ij in case
that the current f-state is S,-f .

b;(z) : the probability that the current S-state is  in
case that the current f-state is S{ .

cij(y) : the probability that the current s-state (last
output) is y in case that the current f-state is S/
and the next f-state is S]f .

di(z,y) : the probability that the current output is =
and the current s-state (last output) is y in case

that the current f-state is S{.

e;(y) : the probability that the initial s-state is y and
the initial f-state is S} .

3.2 Forward algorithm for PHMM

Using above parameters, we describe a fast algo-
rithm to get Pr(z;zo-- 27).

The forward probability, «(j,t), is the probability
that the F-sate arrive at S]-f and generate o through
z; at time .

a(j,t) = Pr(zo,z1,- -, 20,5] = 8I)  (10)

The a(j,t) can be represented following recursive
form.

ej(2o) a(.t. =“(1) )
a(j,t) = Xi:a(l’t_l) bi(ze-1) (11)

'dj(l't,-'l?t—l) t=2---,T)

bj(z+)

After the iterative calculation of «(j,t) from ¢ =1
to T, Pr(z1zy - z7) can be obtained as the a(J,T).

3.3 Viterbi algorithm for PHMM

Since F-state is the hidden state here, Viterbi algo-
rithm of PHMM is the algorithm which find the best
F-state transition which maximize the output proba-

bility of zgz; -+ 2. Here, we define the optimal se-

quence of F-state by § = é{ .§£ e 55:, and the output

probability of 1z - -- 27 given by S as P,.
B(j,t) denote the optimal output probability of the
sequence of zg - z; given by the optimal F-state se-

quence in which F-state arrive at Sf at time ¢. 6(4,%)
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denote the pointer for the backtrack. Then,

ej(zo) (t=18 )
. Ai5Ci5(Te-1
8(j,1) = m?;‘f("t‘li_b.-<x;1) (12)
Gj(Zt, et -9 ...
1 (t=1)
arg max 3(i,t — 1)———aijcij(xt_l)
6(j,t) = d(i ’ ) bi(xs-1) (13)
Gil\EsT-1) 9 L,
bj(z+) (t=2-1)

P, can be obtained by the following equation after
getting 3 iteratively from¢ =1to T.

P, = ﬂ(J,T) (14)

P, can be used the score in the Viterbi decoding.
S can be obtained by the back-track using 6.

Sf (t:T)

of J

IS —T1.. (15)
t { Sé(f(3{+1),t+1) t=T-1,---,1)

Here, f() denote the function which returns the sub-

script number of the given F-state. S gives the opti-
mal segmentation.

3.4 Training of PHMM

Training can be performed by the EM algorithm
using Eq.(11) or segmental K-means algorithm based
on the Eq.(12).

In the following experiments, we adopted the seg-
mental K-means algorithm.

1. Define the initial values for PHMM parameters
(ai]" b,-(x), c,'j(:l:?, di(z’ y)»,ei(x))' .
2. Repeat 2.1,2.2 till the terminate condition satisfied.
2.1 Do Viterbi decoding using current model pa-
rameters and get optimal segment boundaries.
2.2 Re-estimate PHMM parameters using given
segment boundaries.

In the following experiment, terminate condition is to
repeat fixed number of iterations. Gaussian distribu-
tion functions are used for the parameters b;(x), c;j (),

di(z,y), ei(z).

4 Experiment

4.1 Experimental setup
(a) Categories for recognition

6 words of sign language, {“No”, “Doubtful”, “Good-
bye”, “Come here”, “Speak”, “Like it”} are selected.
Only right hand is used to express these words. So,
they are easy to be confused.

Figure 1 and 2 shows the examples of “Speak” and
“Like it”.
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(b) Data

20 subjects played 6 words from Japanese sign lan-
guage 4 times each.

(c) Feature parameter

We get 10 frames of image for every second. Then, we
extracted head position (z?,y?), right hand position
(z},y}) and hand area(st? from each image. The posi-
tion parameters are translated into relative parameter,

(ze,90) = (27, 97) — (21, 97). (16)

Then, the following vector, z;, is used as feature pa-
rameter.

zZy = (:ct,yt,A:ct,Ayt,Ast) (17)
Here Az; denote difference parameter of z;,
Azt =2y — Ty_1. (18)

(d) Comparative experimental condition

DP-D : Player-dependent test using DP matching.
The same player’s data are used as templates.

DP-I; : Player-independent test using DP matching.
The different player’s templates are used.

DP-L, : Player-independent test using multi- tem-
plate DP matching. Four set of templates are
selected by clustering method using different
player’s data.

HMM-I, : Player-closed player-independent test us-
ing HMM. Training dataset include the same
player’s data.

HMM-I, : Player-open player-independent test us-
ing HMM. Training dataset does not include the
same player’s data.

PHMM-I, : Player-closed player-independent test
using HMM. Training dataset include the same
player’s data.

PHMM-I, : Player-open player-independent test
using HMM. Training dataset does not include
the same player’s data.

For HMM and PHMM, we don’t test player-dependent
condition because the number of the samples in each
subject is too small to train model.

4.2 Experimental results
Table 1 show the experimental results.

Table 1 Experimental results

% Correct
D a1, 1,
DP 08.1 72.1 79.2
-1, -1,
HMM 95.6 031
PHMM 98.8 93.5
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Figure 1: An example of captured image for gesture “Speak”.

Figure 2: An example of captured image for gesture “Like it”.

As for the player-closed test, score of PHMM is
better than that of HMM by 3.2 point. This is 73%
of error reduction. This score is better than player-
dependent test using DP-matching.

As for the player-open test, performance of PHMM
is slightly better than HMM. But this difference is not
significant.

5 Conclusion

A new time series pattern matching method is pro-
posed and it is applied to gesture recognition. As com-
pared with HMM, PHMM improved the player-closed
score by 73%. This results show the effectiveness of
proposed method.

PHMM has more model parameters than HMM, so
it is expected that the model need more training data.
More study is needed to prove the effect of quantity
of the training data.
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