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Abstract

The use of human hand as a natural interface device serves as a motivating force for research in the
modeling, analyzing and capturing of the motion of
articulated hand. Model-based hand motion capturing can be formulated as a large nonlinear programming problem, but this approach is plagued by local
minima. An alternative way is to use analysis-bysynthesis by searching a huge space, but the results
are rough and the computation expensive. In this paper, articulated hand motion is decoupled, a new twostep iterative model-based algorithm is proposed to capture articulated human hand motion, and a proof of
convergence of this iterative algorithm is also given.
In our proposed work, the decoupled global hand motion and local nger motion are parameterized by 3D
hand pose and the state of the hand respectively. Hand
pose determination is formulated as a least median
of squares (LMS) problem rather than the non-robust
least squares (LS) problem, so that 3D hand pose can
be reliably calculated even if there are outliers. Local nger motion is formulated as an inverse kinematics problem. A GA-based method is proposed to
nd a sub-optimal solution of inverse kinematics effectively. Our algorithm and the LS-based algorithm
are compared in several experiments. Both algorithms
converge when local nger motion between consecutive
frames is small. When large nger motion is present,
the LS-based method fails, but our algorithm can still
estimate the global and local nger motion well.

1 Introduction

In current virtual environment (VE) applications,
keyboards, mice, wands and joysticks are the most
popular controlling and navigating devices. However,
they are inconvenient and unnatural. The use of hand
gestures has become an important part of HCI in recent years [1, 13]. In order to use the human hand as

a natural interface, some alternatives, such as glovebased devices, are used to capture hand motion by
attaching some sensors to the hand to measure the
joint angles and the spatial positions of the hands directly. Unfortunately, such devices are expensive and
unnatural.
Non-invasive vision-based techniques o er promising alternatives to capture human hand motion with
a ordable cameras. However, highly articulated human hand motion always presents complex rotation,
translation and self- occlusion, which make it very
hard to analyze.
Di erent methods have been proposed to analyze
human hand motion. One possible way is to use physical hand shape models [5] which emphasis the deformation of hand shape under the action of various
forces, with model motion governed by Newtonian dynamics. Another way to model shape deformation is
the statistical hand shape model [5], which learns the
deformation through a set of training examples. Mean
shape and modes of variation are found using PCA. A
hand shape is generated by adding a linear combination of some signi cant modes of variation to the mean
shape. However, accurate estimates of hand poses are
hard to obtain by these methods.
In the \analysis-by-synthesis" approach, geometrical hand shape models are used to estimate the hand
con guration [8, 16]. Candidate 3D models are projected to the image plane and the best match is found
with respect to certain similarity measurement. Essentially, it is a searching problem in very high dimensional space, which makes this approach computational intensive. If the 3D shape model is very precise, an accurate estimation can be obtained. However, those hand models are user- dependent. Rough
models can only give an approximate estimation. Another approach is to take advantage of kinematical
hand models [14, 10]. The hand can be modeled as

a stick gure and hand postures can be calculated by
deriving kinematical Jacobian [14]. The drawback of
this approach is that the optimization is often trapped
in local minima.
In this paper, a kinematical hand model is employed. Articulated hand motion is decoupled to its
global hand motion and local nger motion, in which
global motion is parameterized as the rotation and
translation of the palm, and local motion is parameterized as the state of hand. They are captured by
a robust pose determination algorithm and an inverse
kinematics algorithm, respectively, in a two-step iteration. A convergence theorem is also given in this paper. Least squares (LS) tting method is non-robust
because single outliers can grossly bias estimates[15].
We use robust statistics to formulate hand pose determination problem as a least median of squares (LMS)
problem instead of a LS problem. The advantage is
that 3D hand pose can be reliably estimated even if
there are many outliers. The local nger motion is
formulated as an inverse kinematics problem. A GAbased method is proposed to nd a sub-optimal solution of the inverse kinematics problem e ectively.
Section 2 of the paper describes the model employed. Section 3 decouples the articulated human
hand motion. A two-step iterative approach for capturing articulated hand motion is proposed, and a convergence theorem is given next. Then, a robust pose
determination algorithm and an ecient GA-based inverse kinematics algorithm are described. Section 4
presents the results of several experiments. Section 5
concludes the paper and outlines some future work.

where x3 is the ngertip in the DIP frame, while xb is
the ngertip in the base frame. Hji is the coordinate
transformation which transforms frame i to frame j .
From equation 1, ngers present highly articulated local motion which can be written as:
ML = ML( (t))
(2)
where  is the set of joint angles, and t represents
time.
However, it is insucient to treat the hand as
a set of kinematical chains. Some constraints such
as 0  MCP  900 , ,150  MCP AA  150 and
DIP = 23 PIP are also integrated in our generic
hand model. This generic model should be calibrated for di erent people to derive user-speci c models. This step is done visually by warping the general
hand model to di erent persons with two images of
front view and side view.

2 Hand Modeling

3 Divide-and-Conquer Approach
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Figure 1: Fingers are modeled by kinematical chains
(left). A generic free- form hand model used in this
paper (right)
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As an approximation, the hand can be treated as
a set of 16 rigid sub-objects. The structure of hand
is de ned by the dimension of each of the sub-object
and the kinematical relations among them. The hand
skeleton can be abstracted as a stick gure so that
the dimensions of each sub-object reduces to its link
length. Each nger can be modeled as a kinematical
chain with the palm as its base reference frame. The
name of each joint is also indicated in Figure 1.
Since each link is modeled in its local frame, coordinate transformations should be found to transform
the model from its local frame to other frames, especially the base reference frame. Fingertips are like the
end-e ectors of the kinematical chains, which can be
written as:
0
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Highly articulated human hand motion consists of
the global hand motion and the local nger motion,
which can be represented as M = M(MG; ML), where
M is the hand motion, MG is the global motion and
ML is the local motion. The global hand motion that
presents large rotation and translation can be written
as MG = MG (R; T), where R and T are rotation and
translation respectively. The local hand motion can be
parameterized with a set of joint angles (or state of the
hand), ML = ML( ) where  is the joint angle set.
Thus, the hand motion can be represented as:
M = M(R; T; )
(3)
Hand features under motion can be represented as:
xw = M (R; T; )xm
(4)
where xw is a model point in the world reference
frame, and xm is its coordinate in its local model

frame. Combining this with the projection model, we
have:
X = F (P (cam); M (R; T; ); xm )
(5)
m
where X is the 2D projection of x , and F describes
the projection of the hand model under the articulated
motion. Speci cally, xm can be ngertips. In our
proposed work, the camera is calibrated so that P is
known.
Given a 3D hand model and the corresponding image features, capturing of articulated hand motion can
be formulated as:
(R; T; ) = arg fR;T;
ming D(X; F (M (R; T; ); xm ))
(6)
where D is a similarity measurement between the observed image feature X and the projection of the 3D
model xm under articulated motion M(R; T; ).
The articulated hand motion can be treated as a
whole, in which all motion parameters are estimated at
the same time by nonlinear programming techniques
[14] or greedy search and "analysis-by-synthesis" [8].
However, since the optimization space is huge, the
search is easily trapped in local minima. We propose a
divide-and-conquer approach, in which the global motion R; T is estimated by a robust pose determination
algorithm, and the local motion is estimated based on
the hand pose.

3.1 Two-step iterative algorithm

The human hand is a special articulated object, because the role of the ngers in motion is much di erent from the palm. Based on the observation that
the global hand motion is represented by the position and orientation of the palm, we de ne the global
hand motion as the exact pose of the palm. The local
hand motion is largely determined by the motion of
ve ngers. Therefore, the problem of hand motion
capturing can be speci cally formulated as:
(R; T; ) = arg fR;t;
ming D(X,PMG (R; T)ML ( )xm )
(7)
where MG (R; T) is the global motion, ML ( ) is the
local nger motion, and perspective projection is approximated by scaled orthographic projection. Then,
it is possible to estimate MG and ML . The idea of
our approach is to use a robust 3D hand pose determination algorithm to estimate MG and to use a fast
inverse kinematics algorithm to calculate ML in an iterative manner.
Given a speci c local motion, we can de ne an operation G ( ) to estimate the global motion such that:
(R; T) = G ( ) = arg fmin
e(R; T; ) (8)
R;T g

Given a global motion, an operation L(R; T) is de ned
to estimate the local motion such that:

 = L(R; T) = arg min
e(R; T; )


(9)

where e is an error measurement de ned as:

e = e(R; T; ) = D(X , PMG (R; T)ML ( )x) (10)
We propose a two-step iterative algorithm to estimate
the global hand motion MG and the local motion ML
for one time frame:
 Track 2D features I(t) at time t, using the previous hand model, H (t) = H (t , 1) = H ( (t , 1)).
The features are detected and tracked by feature
tracking algorithm based on prediction from time
t , 1.
 The iterative algorithm is applied to estimate the
global motion R(t); T(t) and the hand state (t)
at time t. Here, xk is used to represent xk (t) for
short.
1. Take motion parameters of time t , 1 as initial values, i.e., R0 = R(t,1), T0 = T(t,1),
0 = (t , 1).
2. Estimate the global motion parameters at
the 2k-th iteration. (R2k ; t2k ) = G ( 2k,1 ),
i.e., keep the local motion of previous iteration 2k,1 .
3. Estimate the local motion parameters
2k+1 = L(R2k ; T2k ), i.e., hold the global
motion R2k ; T2k of the 2k-th iteration for
the (2k+1)-th iteration.
4. Terminate the iteration when the change in
error falls below a preset threshold. Then,
the estimation of R(t), T(t), and (t) are
obtained at time t.
 Update the 3D model H (t) = H ((t)), then process the next time frame.
A proof of convergence is given below. The ideas of
the two-step iterative algorithm are that the operation
G ( ) nds the best global motion given known local
motion, and the operation L(R; T) also nd the best
hand state given known global motion.

Convergence Theorem: The two-step iterative
algorithm converges monotonically to a limit point
with respect to certain nonnegative error measurement
such as the mean square error.

Proof: We can suppose the error measurement to
be the mean square error w.l.g.:

XN
ek = 1 jjXi , PMG (Rk ; Tk )ML ( k )xmi jj
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(11)

N i=1
Since 2k = 2k,1 , apply the operation G to estimate
global motion at the 2k-th iteration.

(R2k ; T2k ) = G ( 2k,1 ) = arg fmin
e(R; T; 2k,1 )
R;T g
(12)
so, the error of the 2k-th iteration is:

e2k = e(R2k ; T2k ; 2k,1 ) = fmin
e(R; T; 2k,1 )
R;T g

(13)
Obviously, e2k  e2k,1 . Then, the operation L is
applied to estimate local motion at the (2k+1)-th iteration:

2k+1 = L(R2k ; T2k ) = arg min
e(R2k ; T2k ; )
f g

(14)
Since we keep the global motion (R2k+1 ; T2k+1 ) =
(R2k ; T2k ), the error of the (2k+1)-th iteration is:

e2k+1 = e(R2k ; T2k ; 2k+1 ) = min
e(R2k ; T2k ; )
f g
Obviously, e2k1  e2k . So, we have:
0e2k+1 e2k e2k,1 8k

(15)

(16)

Since the error measurement cannot be negative, the
lower bound occurs. Because the error sequence is
non-increasing and bounded below, this two-step iterative algorithm should converge to a limit point.
Furthermore, it can be shown that the algorithm converges to a stationary point. Q.E.D.
Our divide-and-conquer approach has a lot of advantages over other methods treating hand motion as
a whole in which the optimization problem is always
hard to handle. In our decoupled problem, we have
many alternatives to deal with each sub-problem. In
this paper, a robust pose determination method is proposed to act as the operation G ( ) to estimate R and
T; and a simple but e ective GA-based method acts
as the operation L(R; T) to estimate the hand state
 by solving the inverse kinematics problem.

3.2 Robust Pose Determination

From our motion capturing formulation, estimating
global motion MG is similar to the fundamental 2D3D pose determination problem which is usually formulated as a least squares (LS) optimization problem

[7, 4, 6], and pose parameters R and t are estimated
by:

minimize
fR;t; g

XN jjXi , P(Rxi + T)jj

2

i=1

(17)

However, LS is known not to be a robust method, because it may break down even under only one outlier
[15]. And LS is only optimal under the assumption of
Gaussian noise. So, LS pose algorithms are not suitable for some practical applications because outliers
are hard to avoid and the Gaussian noise assumption
is hard to satisfy. In hand motion tracking, there are
two sources of outliers. First, detection of accurate
features cannot be guaranteed. Second, there are always some features that do not correspond to the delayed model. These features should be treated as outliers. If LS pose algorithms are used, the estimation
risks a greater chance of failure.
Two typical robust regression methods from robust
statistics [15, 3] are receiving attention in the computer vision community [9, 17, 11]. One type is M- estimators based on maximum likelihood, and the other
is least median of squares (LMS). Di erent outlier
detection methods are associated with these robust
methods. However, M-estimators essentially are not a
robust approach [15]. So, we use LMS to estimate the
hand pose, i.e., R and t are estimated by:
minimize
median
jjXi , P(Rxi + T)jj2 (18)
i
fR;t; g

By this means, pose (R; T) can be estimated robustly
even if up to half of the data are outliers. This method
can still give an accurate estimation when the observed
image features are noisy. We use N feature points
distributed around the ngertips, joints and the palm.
Suppose 3D pose can be estimated with a minimum
of p points. The least median is approximated using a
trial estimate by repeatedly drawing sub-sample sets
of p di erent observations. Our robust pose algorithm
is outlined below:
 Repeat drawing sub-sample sets of p di erent observation points in 2D and model points in 3D
correspondingly. This part can be done in a parallel way.
 For each sub-sample set, estimate R and T by
the least square pose algorithm using only those
p correspondences, then calculate the error for all
N features, and record the least one. LS pose
algorithm is described below:
{ Back project each observed feature point to
the image plane in camera frame fvi g, i =
1; : : : ; p.

{ Choose an initial depth fdi g 8i
{ Fit two 3D point sets fxi g and fyig =
fdkn vi g by SVD to obtain Rk and Tk for
the k , th iteration, where fxi g is the model
0

point set.
{ Update fdki g by dkn+1 = (Rk xjjnv+nTjj2k )0vn [4].
{ Terminate the iteration when the change of
error falls below a preset threshold.

 Find the sub-sample set of p observations with

the least median error, and identify outliers [15]
based on the estimation from those p points.

 Estimate R and T again using LS pose algorithm
without considering outliers.

3.3 Inverse Kinematics

From our motion capturing formulation, the estimation of local nger motion ML () is approached
by solving inverse kinematics [12], which is one way
to recover the joint angles given some position of 2D
or 3D points on the kinematical chain. The diculty
of inverse kinematics is that the solution may not be
unique. If we want to capture motion from monocular
image sequences, multiple points on the kinematical
chain in image should be speci ed. If motion is captured from multiple cameras, we may only specify ngertips which are the end-e ectors of the kinematical
chains, and the 3D locations of these ngertips can be
calculated from multiple cameras. However, the solution may still not be unique. We have to add a set of
constraints to narrow the search space.
One possible approach to this problem is the
gradient-based method. The drawback of this method
is that the optimization is prone to local minima. Another method is the Genetic Algorithm which may
reach the global minimum. We take a GA-based
method in this paper. In our algorithm, a potential
solution, i.e.,  is coded as a binary string with each
joint angle in the kinematical chain described by a binary code. A tness value is associated with each potential solution. Solutions with less error have larger
tness values. A pool of candidate solutions evolves
according to their tness. A crossover operator and
a mutation operator are designed to apply to two selected individuals to produce descendants. Individuals
with higher tness values have a greater probability to
be selected for reproduction. After several rounds of
evolution, the individual with the largest tness value
is taken as the near optimal solution to the inverse
kinematics problem. The solution of the inverse kinematics need not be accurate since exact joint angles

are not necessary for hand gestures recognition. So,
we nd a near optimal solution with less computational cost.

4 Experiments

Comparison experiments are given in this section.
The observed feature points in the images include unknown noise, and the 3D model is \out-of- date", i.e.,
the set of joint angles  of the hand model was estimated at a previous time frame so that it does not
correspond to the current image, in which the hand
has performed large local motions with exion and
abduction of several ngers. A polygon mesh hand
model is driven by the estimated motion parameters
to show the results. The experiments show that the
LS method fails to estimate the motion, while our algorithm works well, see Figure 2 and Figure3. The
thumb is omitted for simplicity.

Figure 2: Hand with exion of several ngers, but all
joint angles of the initial model are at 0 degrees. Image with detected features (left). 2D projection of estimated motion, 'o' detected feature, '*' LMS, 'x' LS.
(middle). Recovered hand state using the estimated
parameters by LMS (right).

Figure 3: Hand with abduction of several ngers

5 Conclusion and Future work

A new 3D model-based approach is proposed to
capture articulated human hand motion. Articulated
human hand motion is decoupled to its global motion
and its local nger motion. The global motion is formulated as a pose determination problem, and a robust pose algorithm based on least median of squares

is developed to accurately estimate the global motion.
The local nger motion is formulated as an inverse
kinematics problem, and an e ective genetic-based
method is employed to search a high dimensional space
to get a sub-optimal solution. The motion capturing
algorithm at each time frame is an iterative procedure,
and a convergence theorem is also given in this paper.
Several experiments show that the proposed approach can e ectively estimate articulated hand motion. Comparison between a LMS-based method and
a LS-based method is given in the paper. If the local
hand motion between two consecutive frames is small,
both algorithms converge. However, when large local
nger motion is present, the LS-based method fails,
but our algorithm can still estimate the global and
local hand motion.
Our work is based on the assumption that all the
ngertips can be reliably detected and tracked. If one
of the ngertips is occluded, our algorithm will fail to
nd the joint angles of that nger. It is necessary to
investigate other robust pose determination methods
without accurate feature point correspondences and
even missing feature correspondences. Pose from line
correspondences should also be investigated in future
work. Research on the inverse kinematics problem will
be extended in future work.
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