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Abstract

This paper introduces a multi-Principal-Distribution-Model (PDM) method and Hidden Markov Model (HMM) for gesture recognition.
To track the hand-shape, it uses the PDM model which is built by learning patterns of variability from a training set of correctly annotated
images. However, it can only fit the hand examples that are similar to shapes of the corresponding training set. For gesture recognition, we
need to deal with a large variety of hand-shapes. Therefore, we divide all the training hand shapes into a number of similar groups, with each
group trained for an individual PDM shape model. Finally, we use the HMM to determine model transition among these PDM shape models.
From the model transition sequence, the system can identify the continuous gestures representing one-digit or two-digitonpatiters.
Elsevier Science B.V. All rights reserved.
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1. Introduction paper, we are interested in developing new vision-based
methods. Huang et al. [3] have developed a Chinese sign
Humans are experts at using gestures for communication.language recognition system to recognize 15 different
Hand gestures have been widely used in the deaf communitygestures by using Hausdorff distance measurement and a
as the major communication media called sign language. 3-D neural network. Tamura et al. [4] developed a system
Gesture input aims to exploit this natural expertise for which can recognize 20 Japanese sign gestures based on
human-computer interface. If the machine can understandmatching simple cheremes. Davis et al. [5] proposed a
the human gesture either static or dynamic effectively, then model-based approach by using a finite state machine to
it will greatly benefit the human beings. In the last several model four qualitatively distinct phases of a generic gesture.
years, there has been an increased interest in trying to intro-Hand shapes are described by a list of vectors and then
duce human—machine interaction through human body matched with the stored vector models. Charayaphan et al.
motion which coincides with a growing interest in a closely [6] proposed a method to detect the direction of hand motion
related field—virtual reality. by tracking the hand location, and use adaptive clustering of
Huang et al. [1] presented a review of the most recent stop location, simple shape of the trajectory, and matching
studies related to hand gesture interface techniques: glove-of the hand shape at the stop position to analyze 31
based technique, vision-based technique, and analysis ofAmerican Sign Language (ASL) symbols.
drawing gesture. The vision-based technique is the most Rehg et al. [7] have designed a system callggitEyes
natural way of constructing a human—computer interface that uses a 3-D cylindrical kinematics model of human hand
which has many applications [13—15]. However, it has with 27 degrees of freedom. Finger tips and links were
difficulties in: (1) segmentation of the moving hands; chosen as the model matching features and were extracted
(2) tracking and analyzing the hand motion; and (3) from either single or stereoscopic images. Darrell et al. [8]
recognition. have proposed another space—time gesture recognition
The vision-based gesture recognition methods avoid method. They represented the gestures by using sets of
using expensive wired “dataglove” equipment [2]. In this view models, and then matched the view model with the
stored gesture models using dynamic time warping. Starner
* Corresponding author. Fax: 886-35715971. et al. [9] have used a Hidden Markov Model (HMM) for
E-mail addressclhuang@ee.nthu.edu.tw (C.-L. Huang). visual recognition of complex, structured hand gestures
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similar to shapes of the corresponding training set. Since
there are so many different hand shapes with lots of vari-
eties, we cannot use the PDM shape model to deal with the
entire sequence of hand gesture. Therefore, we need to
divide all the hand shapes into a number of similar groups,
with each group trained for an individual PDM model.
Second, for each frame, with the observation of the fitness
function, we apply HMM to determine the PDM model
transition. The model transition is required when the current
(b) flexible model is no longer suitable for a large variation of
the hand-shape in the following frames.

Fig. 1. The positions of the labeled points are shown around the boundary of
the hand: (a) the labeled points of the fist that grasps firmly; (b) the five

fingers are straight. 2. Hand shape extraction

such as ASL. They applied HMM to recognizechtinuou$
ASL of a full sentence and demonstrated the feasibility of
recognizing complex gestures.

Cui et al. [10] have proposed a learning-based hand
gesture recognition framework. It consists of a multi-class
multivariant discriminant analysis to automatically select
the most discriminating feature (MDF), a space partition
tree to achieve a logarithmic time complexity for a data-
base, and a general interpolation scheme to do view
inference. Hunter et al. [11] explored posture estimation
based on the 2-D projective hand silhouettes for vision- . .

s : which allows the angular movement to be modeled directly.
based gesture recognition. Wilson et al. [12] presented a . .
: : . We may generate new examples of the shape, which will
state-based technique for the representation and recognitio - . - ;
A 33e similar to those in the training set, by varying the para-
of gesture. States are used to capture both the variability an - Lo i
- ) . o . meters within certain limits. The mean shape model is
repeatability evidenced in a training set for a given gesture. . : . . .
- placed in the image, and is allowed to interact dynamically
They developed a method for recognizing gesture from an

. until it fits to the location of a newly suggested position for
unsegmented continuous stream of sensor data. However ; ; )

: ; T : each model point based on the matching of the local inten-
most of the previous studies are limited by (1) simple

background; (2) simple hand figures with only trajector sity model. Different from Refs. [16,17] which deform each
ar s ple 9 y e Y model point individually, we propose another approach: (1)
analysis; (3) use of special gloves.

This paper presents a multi-PDM-based method for hand moving and deform_mg the entire PDM shape model simul-

. : taneously by changing the shape parameters and (2) measur-
tracking and handshape extraction, and then generates ari1ng the model-image fitness by using the overall gray-level
ordered sequence of model transitions by using the hidden

fitness measure. Here, we apply the gradient-descent-based
I\_/IarI§0v M(.)dEI (HMM). The PDM-based hz_;md shape extrac- shape parameter estimation that minimizes the overall gray-
tion is resistant to complex background influence, and the

L . . .~ level model fithess measure. By varying the shape para-
model transition is invariant to the non-uniform changes in y varying e P

C o meters that are consistent with the training set, we can
speed and viewing direction. Our method has the advantageﬁnd the best shape model fitted with the real face in the
that the gesture recognition depends on how the system.

makes the PDM model transition instead of how exactly it Image.. However, in Refs. [16,17], each model p(_)lnt
: L . moves independently and the movements are not consistent
reaches a certain position in 3-D space. Our goal is to

. . . with the PDM shape model, therefore, they need to adjust
convert the variances of the gesture in the spatio-temporal . S
. i the model points by estimating the PDM shape parameters
space into a sequence of PDM model transitions as a gesture S . .
. . and then readjusting the movements which are computation-
symbolical representation. intensive operations
The gesture recognition technique includes tracking the P |
object of interest and identifying the non-rigid hand-shape. 5 1. pgint distribution model
The major assumption for a successful tracking algorithm is
that the 2-D shape of the moving hand-shape changes To deal with various facial expressions on different
smoothly between two consecutive frames. The systempersons, we need to build a model which describes both
has two stages: (1) multi-PDM-based hand-shape trackingshape and variability. We manually locate the feature points
and measurement and (2) HMM-based PDM model transi- on the training set images by following some rules to ensure
tion determination. First, we find that the PDM (or Active that each point plays an essential role on the boundary of the
Shape Model [16]) method can only fit new hand examples images. This will ensure the coherence of points on the

Here, we modify the Active Shape Model [16] (or Point
Distribution Model (PDM)) method to extract the hand
shapes. For PDM, the average example is calculated and
the deviation of each example from the mean is established.
A principal component analysis of the covariance matrix of
deviations reveals the main mode of variation. Usually only a
small number of model parameters is required to reconstruct
the training examples. Lanitis et al. [17] applied the PDM to
track human face. Heap et al. [18] extended the works of
Ref. [16] by proposing a Cartesian—Polar Hybrid PDM
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Fig. 2. (a) and (b) illustrate the hand shapes with labeled points. (c) shows the result that (b) is aligned with (a). (d) shows the aligned shaipe cka trai

different features. We call these points “landmark points”. If shapex, we may calculate the deviation of the aligned
the choice of landmark points is improper, the method may shapes from the mean shapg; as

fail to capture shape variability reliably. We select the land- d = X — % 1
mark points (see Fig. 1) based on the following rules: ! ! ’

1. The points mark some parts of the object with particular Then, we can obtain then 2n covariance matrbg as

application-dependent significance, such as the center of T
an eye on the face model or sharp corners of a boundary.S = N Z dx; dx; ()
2. The points can be interpolated from the pre-selected
points, for instance, the landmark on the boundary at Applying the principal component analysis, we can project
equal distances to the other two neighboring landmarks. the original Z1-dimension shape points vector to another
axis to reduce the dimension. We first calculate the eigen-

2.1.1. Aligning the training set vectors of the covariance matr&(i.e. p4, ..., Pon) Such that

The_ PDM-based method a_nalyzes the sta_tis_tics of the sp = A p, with pEp =1 3)
coordinates of the labeled points over the training set. To
have a concise shape model, we must label (using landmarkvhere Ay is the kth eigenvalue ofS, with A = Ay
points) different features on the images in the training set. According to the principal component analysis, it is suffi-
These landmark points on different images have minimal cient to use the first eigenvectors to describe the shape
difference, so that we can align them with different scale, variation. Another advantage of this method is that the
rotation, and translation before training. By minimizing a models represent the global variation rather than the local
weighted sum of squares of distances between correspondvariation of the shape.
ing points on different shapes, we align every shape to the TO determine how many terms is enough for shape
first shape; calculate the mean shape offthshapes; and ~ Variation description, we definer as

then align every shape to the mean shape. The detailed on t
algorithm of the aligned shapes of the training set (see A; = Z)‘k and A\ = Z)‘k' 4
Fig. 2) can be found in Ref. [16]. k=1

. i ) Then, based on the experimental resukgar = 0.8 is
2.1.2. Statlstlcal analysis of _the aligned shapes sufficient. We use 51 landmark poirts= 51) and 4 eigen-
Having generated thél aligned shapes and the mean eciors (t = 4) which suffice the constraint. Given an

arbitrary shape, we can uge= X + P-b to approximate it,
M (Ig (‘3 (% (‘3 (”) (’5 whereP = (p4, ...py) is the matrix of the first eigenvectors,

andb = (by, ...H)" is a vector of weights which are deter-

mined by the eigenvalugs, ..., A;). The shape variations

(lrs (13 Cﬂz (/kﬁ (/3'5 (/g (05 can be de_scri.bed by the first four principal components

illustrated in Fig. 3.

(‘3 (’(@ (/13 (/"5 (/V; % (/15 2.2. The gray-level model

Since the facial contours do not indicate the existence of
strong edges, whereas, some face feature points are so close
(ﬂ (% (/‘5 (”5 (’3 (/"5 (’3 to one another that the edge information on one point may

interfere with the edge of the other point. To resolve these

Fig. 3. lllustration of the effects of varying the parameters b1, b2, b3, and b4 drawbacks, Cootes et al. [16] introduced the gray-level
of hand model from first row in order. model. Since every point on the face is on a particular
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Fig. 4. lllustration of moving the center point of the 15-pixels kernel within
the specific range, and calculate thigjf,e,, from the gray-level distribu-
tion.

position, its gray-level appearance for every face in the
training set will be similar. There are several ways to
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landmark poing (with positionx;) as
M K.

Fog) =2 3
=1 M

where by = Pg(g — §) and by = (bgy, by, ..., bgy ). In the
fitting process (see Fig. 6), we measure Ehealue to deter-
mine the displacement of a particular point from the initial
position to the best fit position. Along the normal direction
of each model point, we find the smallésvalue that indi-
cates the best match between the gray-level profile of the
current position of the test model point and the mean profile
of the corresponding feature point. Suppose the displace-
ment is dyes; then the adjusted displacemerdX| =
0.50pest if Opest < Omax Otherwise|dX|| = 0.5, We set
the dax Value adaptively to reduce the calculation time, it
decreases as the number of iterations increases.

Here, we assume (1) the background does not change
much during the gray-level model generation phase, and

®)

describe the gray-level appearance. We may use a rectan(2) the illumination variation is linear. We may neglect

gular window with the centroid located on the feature point
and find the 1-D profile which is normal to the curve passing
through the feature point to record the gray-level appear-

the influence of the background on the gray-level generation
by applying the differentiation and normalization on gray-
level profile (i.e. Eq. (7)) to reduce the error caused by the

ance. To reduce the error caused by the background lumi-illumination changes.

nance variation, we sample the difference of the gray-level
along the profile and then normalize it.

For every feature point in the training set, we can extract a
profile, g, (j = 1,...,n), of lengthn, + 1 pixels, centered
at the pointj. If the profile’s samples starts &t and
ends atxeng with length ny + 1 pixels (see Fig. 4), the
intensity of thekth element of the profile is

Ok = i) (5)

whereyy is the location of the point along the profile,

1
Yk = Xstart T n (Xend — Xstar)
p

)

and I;(yy) is the gray-level at the positiog,. Then, we
calculate the normalized difference @f by using the
following equation:

Mo
g =9j/> lgjl @
k=1

where g = [9]1,9j2, ---Gn+1ls Gk = Gk — Gk-1» K=
1...n, + 1, andgy is thekth pixel for thejth feature point’s
gray-level profile on the current frame. For convenience, we
will simply substituteg; for gj. Here, we use principal
component analysis to describe the statistical property of
the gray-level. For each feature point, we calculate a
mean profileg, then get an, X n, covariance matrixg;, an
eigenmatrixP, and a set of eigenvalug (k =1, ...rn,). For

an arbitrary sampled profilg we apply the following func-
tion to evaluate how well it can be fitted to a particular

2.3. Shape model and feature points interaction

This section describes how to use the PDM and the gray-
level model to extract the hand-shape. Suppose the current
shape position iX (with centroidX,.) and we need to adjust
the global shape variation (including the translatiofy, =
(dX.,dY,), rotation d, the scale g and the local shape
variation d to find the next fitting positiorX + dX,

X +dX =X, + dXo) + M((s+ ds),
9
(0 + do))-[x + P«(b + db)]

whereM(s, 0) is a 2X 2 rotation matrix. By finding gray-
level profiles of every pointon X + dX (x; € X + dX) as

g;, we calculate the gray-level profile fitness vak(g;) and
find the overallF values (i.e.} j F(x) for x; € X + dX) of

all landmark points. If thej F(x;) is minimized then the
position X + dX indicates the best fitted shape. In the
following, we illustrate a modified PDM-based fitting
process.

1. Initial Hand Model Position Estimationln the hand-
shape extraction process, we may encounter the problem
that if the positions of some fitting points are too far away
from the actual positions, then the adjustment may
require a lot of iterations to pull the landmarks points
to the proper place. Therefore, we apply frame difference
operation to find the moving regions one of which is
supposed to be the moving hand. From these extracted
regions, we can roughly estimate the position of the hand
to place the initial PDM shape model.

2. Shape Adjustment Processere, we apply the two-step
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all the best X of the landmark points (see Fig. 5). If
> F(X) > Fngotostep 1, otherwise continue (it indi-
cates a rough shape fitness).

4. Determine the decrement or increment of the global
shape parameters (i.e,ds and =d6) by examining
YiFx) (e {[D5FOL — [2FOlis} >0 or

<0).
5.1f }jF(x) does not decrease (i.e.[{; F(X)li—
He— mzz:zr::a?: [>j F(Xli+1} > 0) for all small variations ds andéd
then continue else go to step 4.
e—e represents the 6. Examine the fina}; F(x)). If >; F(x)) > F, (another
suggested shape re-select threshold) then go back to step 3 (to avoid
p p
Fig. 5. The movement of the model points from the original shape (solid being trapped in the local minimum), otherwise
lines) to the suggested shape (dash lines) by measuring the similarity continue.

between the current extracted contour and the ones stored in the database. 7, Change the local shape parametdral the new local
shapex + dx and then find the minimun}’; F(x)),

estimations for the global shape variation parameters (i.e. which indicates the best fithess of the PDM shape
the translation ¥, the rotation @, the scale §) and the model. The decrement or increment of the local
local shape variation parameter (i.eb)d First, we shape parametersods determined by the value of
assume that the current global shapjshen we can overall gray-level profile fitness (i.e.[¥; F(x)]i —

do the global shape variation for the new global shape as > FX)li+1} > 0 or <0).

X+ dX =M(s+ds 6+ do)-[x] + (X, + dX;), where 8. Stop if {[>; F(x)1i — [3; F(X)]i+1} > 0 for all varia-

M is a 2x 2 rotation matrix,x represents the aligned tions of b, otherwise go to step 7.

shape, andX. represents the central point of current

shape. Second, we may also deform the current local 3. Multi-PDM model transition using hidden Markov
shapex, by changing local shape parametértd gener- model

ate the new local shape ast dx = X + P(b + db).

3. Gradient-Descent-Based Shape Parameters Estimation The allowable shape domain cannot be enormously large
To find the best fitted shape, we propose a gradient- for a single PDM shape model. If the hand shapes undergo
descent-based shape parameters estimation methodenormous shape changes in the image sequence (the
The global and local shape parameters estimation for variance of the cloud of each corresponding model point

theith iteration is illustrated in the following steps: of aligned shapes is very large), then we need to divide
1. Find the next shap® + dX by using the new global the training set of all the possible hand shapes into several
shape parametersX, + dX.),s + ds, 8 + d6). similar shape groups. The variance of each cloud of aligned

2. Find the gray-level profiley) of each landmark point shapes in each group has to be small for tracking the
on X +dX (x; € X +dX) and calculate the corre- variable hand shapes. Then each group is treated as an

sponding fitness valug(x;). individual training set and trained as a different PDM
3. Add theF values for all landmark points ok + dX to shape model.
see ify; F(x) exceeds the pre-selected thresteldIf If the hand shape extraction by using current PDM shape

> F(x) > Fy, then it indicates that the shape model modelis no longer effective, the specific HMM can be found
does not fit to the real face on the image at all. Choose to determine when to replace it by another PDM model that
another initial value oK. by adding a larger variation is called PDM model transition (see Fig. 6). In the feature
dX.. Determine the ¥ by selecting the median one of extraction process, we stop changing the PDM parameters,

() (b) © (d)

Fig. 6. lllustration of the process of model transition: (a) shows the fittinghafmage frame using the model gesture-0; (b) when the flexible model meets the
(i + 1)th frame, the current model can not fit the hand shape exactly; (c) given an initial hand-shape, the model transition agctrbitiidrame is fitted
exactly using the newly suggested flexible model.
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db, once we find {3 F(x)l — > F(X)li+1} > 0. Then, observation. The above maximum likelihood estimation
we examine the (x)} to determine whether the current can be effectively solved by Baum—Welch algorithm [21].
PDM mode is appropriate or not. If not, then which PDM Here we consider different optimization criterion for
can be chosen for the next feature extraction. The measure-estimating the parameters of HMM. Instead of using the
ments {(x;)} for certain landmark points are used as an likelihood function (10), we apply the following function
observation sequence for the system to determine whichas the optimization objective (it is called the state-optimized
HMM has the highest model probability that indicates the likelihood):

most appropriate PDM model transition. The measurement

{Fi} at the landmark points is a very important information  maxp(Q, g
(observations) for the system to calculate the model prob- S

ability of the probable HMMs, and the highest one normally
indicates the most appropriate PDM model transition.

;
A) = maxrg, [ Jas .sbs (O (11)
t=1

Then we may apply the segmental K-means algorithm
[20] for estimating the parameters of the HMMs which
3.1. Hidden Markov model involves two fundamental steps: segmentation and optimi-

zation. Starting from an initial model, the segmentation

A hidden Markov Model (HMM) is Markov chain whose  step uses the sequential decoding procedure to generate a
states cannot be observed directly, but can be observedstate sequence (with mgxO, S/A) which can be optimally
through a sequence of observations. There are three keyperformed via a generalized Viterbi algorithm [22]). Given
problems in HMM: evaluation, estimation, and decoding. the state sequen&and the observatio®, the optimization
The evaluation problem is that given an observation step finds a new set of model parameigrso as to maxi-
sequenceéO and a model, what is the probability that the mize the above state-optimized likelihood, as
observed sequence is generated by the m&d€l|A). The
estimation problem concerns how to adjust the moded Ap = arg{naxP(O,S/\) (12

maximize P(O[A) given an observation sequen€ In o ]
decoding, the goal is to recover the state sequence givenwe replace the original model by new model and iterate the

an observation sequence. above steps until the state-optimized likelihood converges
Let T be the length of observation sequenbejs the within a prescribed threshold®(O, S*|)) is called optimal
number of the state in the moded = (O, ...Qy) is the likelihood function, ands" is the optimal state sequence.

observation sequence. In this paper, we consider the each We choose the best HMM" (indicating the appropriate
observation Qas a fitness vectaF(x,), ...F(x,)) for certain ~ PDM model transition) by finding the highest model
key features points;, ...x, defined by the PDM model. A probability, i.e.

HMM is characterized by thg initi_a_l state probabilities, " = argmay_,y[P,] (13
m,i =1,..,N, the state transition;,i,j = 1,...N, and the ]
observation probability densityb,(Qy), j=1,...N, t= where P, = Py(0, S'[),), and A, makes mayP(O,S"/A).

1,..T.LetB = {b(Oy|j = 1,...N}, N x N transition prob- ~ For a givena, an efficient method to find mgR(O, SA)
ability matrix A= [a;], and the initial state probability IS the well-known Viterbi algorithm. Viterbi algorithm can

vector 7= [m...my], we may define the triplex = be viewed as a special form of forward and backward algo-
(m, A, B) as a HMM. Leta (i) = mib;(O;), we may calculate  fithm where only the maximum path at each step is taken
afj) for t=2,...Tand allj ase(j) = [¥; ar—1(1)3;10;(Oy) instead of all paths. This optimization reduces the computa-
and finally find theP(O[A) = Yies. ar(i). tional load of finding the most likely state sequence. The

Here, we create one HMM for each possible PDM steps of the Viterbi algorithm are
transmoq between two consecutive frames. We use the 1 |nitialization. For all states, ay (i) = mb,(Oy); (i) = O.
observationsO = {F;}, from current frame, to estimate
the optimum parameters for each HMM, i.e. we obtain the
model parametex,, for the pth HMM. Given the measure-
mentO = {F;} of current frame and a HMM, which may
indicate certain unknown model transition, we calculate
P(O|A). TheP(OJ)) can be calculated by summing the prob-
ability over all the possible state sequeike (s, Sy, ... 5), o
where s € {1,2,...N} = Z, in a HMM model for the  3-2. HMM training
observation sequence:

2. Recursion.From t=2 to T for all state j, %(j) =
max a—1(1)3y 1b;(0y); a () = argmax( ey 1 ()]

3. Termination.Pr = maxeg [a7(9)]; S = argmaxes. [ar(S)].

4. Recovering the state sequenBeomt=T—-11t0 1,5 =
P+ 1(St+2)-

Since our decision rule is based on the state-optimized
T likelihood function, the estimated parame#er should be
P(O[) = Z Tso l_[asflslbs[(ot) 10 such that RiO[\) is maximized over the training set. The
als  t=1 training problem is the crucial one for most applications of
The objective in maximum likelihood estimation is to HMMs. It allows us to optimally adapt model parameters to
maximize P(O||A) over all parametersA for a given the observed training data, and then create the best models
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Table 1
The possible HMMs related to the current selected HMM

Current PDM model Possible related and tested HMMs

mo HMMo,  HMMg — HMMg  HMMg;  HMMg  HMMg  HMMgs  HMMg;  HMMgs  HMMgg
m HMM;  HMMy  HMM;;  HMMy;  HMMy,  HMMg;s  HMMyg  HMMg;  HMMgg  HMMgg
m, HMM;  HMMy  HMMy  HMMy  HMMy  HMMas  HMMys  HMMy;  HMMas  HMMgg
ms HMM;  HMMs  HMMsz  HMMa  HMMa  HMMas  HMMas  HMMy;  HMMag  HMMg
m, HMM,  HMMy,  HMMy  HMMg,  HMMg  HMMgs  HMMgs  HMMy;  HMMgg  HMMgg
ms HMMs  HMMg  HMMs;  HMMs,  HMMg;  HMMs;  HMMgs  HMMg;  HMMsg  HMMgg
me HMMs  HMMg  HMMg  HMMg  HMMg  HMMgs  HMMgs  HMMg;  HMMg  HMMgg
m; HMM;  HMMz  HMMz;  HMMy;  HMMz;  HMMg,  HMMzs  HMMzs  HMMgzg  HMMgg
me HMMg  HMMgp  HMMg  HMMg — HMMg  HMMg,  HMMg  HMMg  HMMg — HMMgg
me HMM;  HMMg  HMMg  HMMg,  HMMg  HMMgs  HMMgs  HMMg  HMMg;  HMMgg

for real phenomena. In this paper, we define the observation Given a state sequencg and the observatiol®, the
sequence in terms of spatial order (for each input frame) asoptimization step finds a new model parametgfsso as

O = (04, 0,, 03,0, Os) whereO; = (F(X5), F(Xg), F(X7), to maximize the above state-optimized likelihood (see
F(xg), F(Xg), F(X10), F(X12)), Op = (F(X14), F(X15), F(X16), Eqg. (12)). Note that the maximization of the state-optimized
F(X17), F(X18), F(X19), F(X20)), O3 = (F(X22), F(X03), F(X24), likelihood in Eq. (12) may not be straightforward. For each
F(X95), F(Xo6), F(X27), F(X2g)), O = (F(Xaq), F(X31), F(X30), statei, the generalized iteration algorithm may have to be
F(X33), F(X34), F(X35), F(X36)), Os = (F(X3g), F(X39), F(X40), employed, depending on the choice of the observation

F(X41), F(X42), F(X43), F(X44)). The central feature pointsg, densities which need to be T-converge [20,22]. We then
X17: Xo5, X33, X1 @re located on the finger-tip of the thumb, the replace the original model by the newA’ and iterate the
index finger, the middle finger, the ring finger, and the little above two steps (the segmentation and optimization steps)
finger, respectively. Each observation vector rday be until the state-optimized likelihood converges within a
assigned to one of the three different states: bendijg (  predefined threshold.
half-bending §,), and straight &) indicating the status of
each finger.

We start with a training sequence consisting of a number 4, System implementation
of repetitions of the gesture frames (made by many gesture-
makers). For each HMM model, we first adjust the model In this paper we develop a system to interpret the gestures
parameters\ so that P(O|A) is maximized. Then we use made only for decimal numbers. Here, we define some
Viterbi algorithm to find the optimal state sequence asso- criteria for gesture making so that the gestures can be
ciated with the given observation sequence. The results areidentified by our system.
used to re-estimate the model parametér The initial
model defines a critical point of the likelihood function, in 4 1 Gesture making (the segmentation and optimization
which A’ = A. Baum—Welch algorithm [21] has been steps)
proposed to re-estimate a new moa€l which is more
likely in a sense that P®|A") > Pr(O[A). The modelA’ To make a single-digit number gesture, we start the
indicates that the observation sequence is more likely to gesture-making operation from holding our fist, then raise
be produced. Instead of finding thi, that minimizes certain fingers to indicate the specific number (see Fig. 9),
P(O[r) (i.e. max,P(O[xr)), which requires summing all  and finally bend those fingers to return to fist-holding state.
possible state sequences (see Eg. (10)), we focus on thef one want to make gesture indicating two-digit number,
most likely state sequence (see Eq. (11)), and apply thethen he may repeat the above operation. However, if we
segmental K-means algorithm [20] which had been proved want to make a gesture indicating a single-digit ‘0’, then
to have faster convergence and higher flexibility. we may differentiate the beginning/ending fist-holding

It is shown that the segmental K-means algorithm [20] gesture from the gesture indicating digit ‘0’. Therefore,
converges to the maximized state-optimized likelihood we use the forward translation motion between the begin-
function for the Gaussian density. We use K-means ning fist-holding gesture and the gesture indicating digit ‘0’

algorithm [19] to cluster all the training vectors inté and then use the reverse translation motion between the
clusters, each cluster is chosen as a state and numberedesture indicating digit ‘0’ and the ending fist-holding gesture.
from 1 toN. Thetth vector Q of a training sequenc® is The translation motion is also applicable to the gesture of
assigned to state denoted a®; € i, if its distance to the  the other nine digits so that the system can differentiate the
statei is smaller than its distance to any other sfaje i. beginning/ending fist-holding gesture from the gesture-

This is the initial step for the complete procedure. digit ‘0'.
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we need to find the optimal HMM which indicates
O) whether there is an PDM model transition or not. If
there is a PDM model transition, then what kind of
PDM model transition may occur. During the training
OB OB OBO process, given as many known input frames as possible, we
©

train 55 different HMMs individually for our system. The
best trained HMM is the one indicating no PDM model

transition. Since the measurement statistids(x{)} of

most of the frames in the image sequence favor the first
category HMM.
ORORC. O O050 To recognize the hand gesture, we need to convert an
image sequence to a sequence of PDM model transitions.
& Our system can identify the gesture by interpreting the

s ordered sequence of PDM model transitions. In this study,

Fig. 7. lllustration of the gesture recognition with the model transition we let the PDM model mplay two different roles in the

having a global motion. The level 1 represents the initial model, the levels transition sequence as: (1) a conjunctive PDM model repre-
2 and 4 represent the active model, the level 3 is the intermediate model, senting the initial, intermediate, or final PDM models and

EN

and the level 5 represents the final model. (2) a sign PDM model representing the digit ‘0’. Each

gesture can be described by a PDM model transition
4.2. PDM transition sequence generation for gesture sequence that starts from the initial PDM,nand ends
identification with the final PDM model m

Here, we assume that the PDM model transition can

For each frame, we can track the hand gesture by usingalso be determined if the hand movement is tracked by
the most appropriate PDM models (applied to the previous measuring the displacement of the centroid of the
frame) to calculate theF(x)} as an observation sequence. extracted hand shapes in two consecutive frames. There-
Using the observations of current frame, we apply all possi- fore, to make a gesture indicating digit ‘0’ is made, we
ble related HMMs (see Table 1) and find the best HMM with apply a hand translation motion to indicate the PDM
the highest state-optimized likelihood that indicates the model transition from the initial conjunctive modelom
most appropriate PDM model for the current frame. In our to the sign model m A input image sequence of a
system, we have trained two different categories of HMMs. gesture indicating a single-digit numben’,’ will be
The first one has 10 HMMs (HMMi = 0, 1, ...9) indicating processed and described by three consecutive PDM models
no PDM model transition. The second one consists of 45 mg, m,, and m. Hence, the PDM model gnplays two
HMMs (HMM;) corresponding to a PDM model transition, different roles: (1) rp is a conjunctive PDM model, if
from current PDM model mto the other PDM model m some sort of translation motion is detected and the hand
We assume that the measurement statistie X} corre- has moved away from the original position. (2) ima sign
sponding to HMM representing the transition from PDM  PDM model, if no translation motion is found for a small
model mto PDM model mand the other HMM indicating time interval and then the hand has returned to the original
the transition from PDM model pto PDM model mare position.
trained as the same HMM. Given an observation sequence, To give a more specific illustration of how to interpret the

Fig. 8. lllustration the gesture recognition without intermediate state of continuous gesture model transition. The level 1 representstheehitie level 2
and 3 represent the active model, and the level 4 represents the final model.
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(5a) (5b) 50) (5d)

Fig. 9. The image sequence tracking of the single-digit gestures from “1” to “9”, the PDM model transition starts,ftomyrand finally returns

gesture through the PDM model transition sequence, we use a so-calledhe gesture without translation motion
illustrate the following examples: This gesture can also be depicted by another PDM
model transition sequence as:y F» m; — M — M.

e Example oneAs illustrated in Fig. 7, to make a gesture Here, the hand translation motion is unnecessary to
indicating two-digit numberijk’, we can use a so-called imply the PDM model transition from to m.
the gesture with translation motioifhis gesture can be e Example threeif we want to recognize a gesture of a
described successfully by four PDM model transitions as: ~ double-digit numbernn’, then we may find the inter-
My — M; — Mg — My — M. mediate conjunctive PDM model yfetween two sign

e Example two:As shown in Fig. 8, to make another PDM models m. The corresponding PDM model
gesture indicate the same two-digit numbj&t, ‘we can transition sequence is represented gs+m, — my —



874

twi

C.-L. Huang, M.-S. Wu / Image and Vision Computing 18 (2000) 865—-879

(7a) (7b) (7c) (7d)

(9a) ©b) (%) ‘ 9d)

Fig. 9. continued

m,, — mg. There is only one kind of gesturethe gesture conjunctive model i The rules can also be applied to

with translation motiof, that can be used to indicate a other gestures indicating multi-digit numbers.

double-digit number.

Example four:However, we can only use one type of

gesture {he gesture with translation motipto represent 5. Experimental results

the same numbem0’. We may find the intermediate

model my between two sign models jrand my, since We have developed a system to recognize a gesture repre-

there is noticeable hand movement between the signsenting any one-digit or two-digit number. First, we take 30

model my and the intermediate (or end) mode}.rhis typical frames for training each HMM which indicates a

example can be represented by the PDM model transition specific PDM transition. There are five vect@fis= 5) in

sequence as gni— m, — Mg — My — My, in which the each observation sequence indicating current information of

second PDM model gacts as an intermediate model.  the five fingers and three different staté6= 3) for each
model indicating the bending, half-bending and straight

From the above examples, we may find that we can usestatus of each finger. In the training process, we take average

o kinds of gestures (with/without motion) to indicate the of all training sequences of each class to get an average

one-digit or two-digit numbers. However, for the double- sequence for each class. To train the model, we use the K-
digit number hn' or the number with digit ‘0, we can only =~ means algorithm [19] to cluster all the observation vectors
apply the gestures with translation motioiw avoid the into N cluster.

misunderstanding between the sign modej amd the In the experiments, we present each gesture with an
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Fig. 10. The image sequence tracking single-digit gesture “3”, but its first hand shape is not well described bypn{ajiehows the initial hand shape located
near the real hand in the first frame; (b)—(f) present the model transition frptm model m, and finally return to model gn

ordered model sequence ended always with modgl m of hand gesture tracking. The PDM-based hand-shape track-
From the identified PDM model transition, we can do ing of image sequence of the single (or two) digit gesture
the gesture recognition effectively. In the experiments, has to deal with the following problems: (1) The initial hand
we take the gesture sequences from the 12 volunteersshape is not the standard shape as described by PDM model
each one demonstrates different hand gestures. We takeam,. (2) The hand shape is occluded by face, neck, or upper
10 image sequences for every volunteer, and overall, wearm.

take 120 image sequences. There are 15 pictures in an In our experiments, the size of each image frame is»256
image sequence, and the size of the picture is 56 256 its frame rate is 30 frames/s, and the number of frames
256 The camera used in our experiment is a SONY of each gesture is less than 30. Fig. 9 shows the hand track-
XC7500. For each gesture, an image sequence of 30ing of single-digit-number gestures before three different
frames is taken at 30 frames/s and stored in DRAM complex backgrounds. These gestures represent numbers
on an Oculus-F/64 frame grabber which is transferred to 1, 2, 3, 4,5, 6, 7, 8 and 9, respectively. Fig. 10 demonstrates
the host computer (a PC with Pentium CPU) for further the tracking process of the hand shape in the first image
processing. Here, we present several experimental resultframe which is not similar to the standard initial shape.

Fig. 11. The image sequence tracking of two-digit gesture “12": (a) shows the initial hand-shape located near the real hand in the first framnesémi-t(#@ p
PDM model transition from model grto my, then return to model gnfinally transition to model m
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Fig. 12. The image sequence tracking of two-digit gesture “13": (a) shows the initial hand shape located near the real hand in the first frameséo)-t@ p
training set transition from gto my, then return to ry finally transition to model m

Figs. 11-14 show the continuous hand tracking of two-digit or bending fingers are not coherent. For instance, the gesture
gestures having model gras an intermediate conjunctive of number ‘2, normally, requires both the index finger and
model. These gestures represent numbers ‘12’, ‘13’, ‘27’, the middle finger raised up-right almost at the same time. If
and ‘38’, respectively. Figs. 15 and 16 show the continuous the middle finger is raised faster by one frame or two,
hand tracking of two-digit number gestures without having then the selected HMM may not indicate the correct
PDM model my as an intermediate conjunctive model (i.e. PDM model transition. The error will influence the selection
model transition without referring to the hand translation of all possible HMMs tested for the succeeding frames. If
motion). These gestures represent numbers ‘12’, and ‘24’, the current selected HMM is not correct, then the correct
respectively. HMM for the next frame is normally not in the set of possi-

In the above sequence, most of the model transitions ble HMMs. The recognition rate of using HMM in the
detected by HMM are accurate. The incorrect PDM model experiments to test the 120 image sequences (30 frames/
transitions are identified when (1) the observation vector sequence) is illustrated in Table 2.

(provided by the PDM-based hand-shape extraction We have tested four image sequences for each gesture.
process) is not accurate, (2) the movements of the raisingMost of the input gesture can be identified accurately. We

24
(d)
Fig. 13. The entire image sequence tracking of two-digit gesture “27": (a) shows the initial hand shape located near the real hand in the firstfjame; (b)
present the training set transition from modeJ tm model m3, then return to model pfinally transition to model m
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Fig. 14. The image sequence tracking of the two-digit gesture “38": (a) shows the initial hand shape located near the real hand in the first figpneséb)—(f
the PDM model transition from modelgio model m, then return to model gfinally transition to model @

have made the gestures, including the single-digit gestures translation (see Figs. 11-14), and the two-digit number with
two-digit gestures with/without hand translation motion. translation (see Figs. 15 and 16) are not as good as the
These gestures are made in front of three different complexsingle-digit ones (see Table 2). However, they are accept-
backgrounds (i.e. Fig. 9). The feature extraction results for able. On the average, the identification rate of our gesture
the gestures of single-digit number (see Fig. 9) are very recognition system is about 85%. The translation inform-
accurate that makes the corresponding recognition rate theation provides the system a very important additional
highest. Since there are fewer model transitions in the tran-information of determining the correct PDM model transi-
sition sequence, the selected HMMs have better chance tation. Therefore, the recognition rate of the one-digit (or two-
indicate the correct PDM model transitions, and the new digit) gestures without translation is lower than the one-digit
PDM models can be used to extract the features more(or two-digit) gestures with translation. The reasons for
precisely. mis-identification are: (1) the pre-trained gray-level profiles
The results for the gestures of two-digit number without stored in the database are not sufficient for coping with

Fig. 15. The image sequence tracking of two-digit gesture “12”. It is different from Fig. 11 that the model transition does not be retardtthenmiddle
finger is straightened directly which can be described by(a) shows the initial hand shape located near the real hand in the first frame; (b)—(f) present the
state transition from model ato model m, then transition to model ym
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Fig. 16. The image sequence tracking of gesture-24, but it is different from Fig. 11 in that the model transition does not chang® frgyramd the middle
finger is straightened directly which can be described hy(a) shows the initial hand shape located near the real hand in the first frame; (b)—(f) present the

training set transition from gto m,, then to m.

every new input gesture; (2) the number of principal compo- References
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