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Abstract

Passive sensing of the 3D geometric posture of the human hand has been studied extensively over the past decade. However, these research
efforts have been hampered by the computational complexity caused by inverse kinematics and 3D reconstruction. In this paper, our
objective focuses on 3D hand posture estimation based on a single 2D image. We introduce the human hand model with 27 degrees of
freedom (DOFs) and analyze some of its constraints to reduce the 27 to 12 DOFs without any significant degradation of performance. A novel
algorithm to estimate the 3D hand posture from eight 2D projected feature points is proposed. Experimental results using real images confirm
that our algorithm gives good estimates of the 3D hand pose. © 2002 Elsevier Science B.V. All rights reserved.
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1. Introduction

Hand posture analysis is an interesting research field and
has received much attention in recent years. It is the pivotal
context of particular applications such as gesture recogni-
tion [1-4], human computer interaction (HCI) [5], sign
language recognition (SLR) [6-8], virtual reality (VR),
computer graphic animation (CGA) and medical studies.

General solutions for posture analysis are divided into
two categories: One attempt is to use mechanical devices,
such as glove-based devices, to directly measure hand joint
angles and spatial positions. The other attempt uses compu-
ter vision-based techniques. Although the former can give
real-time processing and reliable information, it requires the
user to wear a cumbersome device and generally carry a
load of cables that connect the device to a computer. All
these requirements make the sensing of natural hand motion
difficult. On the other hand, the latter is suitable for hand
posture estimation since vision is a non-invasive way of
sensing.

Vision-based approaches can be classified into two types:
appearance- and three-dimensional (3D) model-based
approach. The appearance-based methods are mainly
based on the visual image model and use the image
templates to describe the postures. The gestures are modeled
by relating the appearance of any gesture to the appearance
of the set of predefined, template gestures. Starner et al. [6]
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use silhouette moments as the features to analyze the
American sign language (ASL). In their research project,
“Real-time American Sign Language Recognition Using
Desktop and Wearable Computer Based Video”, they
present two real-time hidden Markov model-based systems
for recognizing sentence-level continuous ASL using a
single camera to track the user’s unadorned hands.

The major advantage of this approach is the simplicity of
their parameter computation. However, the loss of precise
spatial information makes them less suitable for manipula-
tive hand posture analysis. Since appearance-based methods
are sensitive to viewpoint changes and cannot provide
precise spatial information, it is less suited for manipulative
and interactive applications.

Conventional model-based methods are mainly used in
two areas: 3D hand tracking and 3D hand posture estima-
tion. Hand tracking is to locally track and estimate the
positions of joints and tips of the hand in the image
sequence. By analysis of static and dynamic motions of
the human hand, Lee and Knuii [9] present some constraints
on the joints and use them to simulate the human hand in
real images. In the experiments, they used markers to iden-
tify the fingertips. On the basis of Lee’s contribution, Lien et
al. [10] proposed a fast hand model fitting method for the
tracking of hand motion. Although they improve the perfor-
mance of the tracking algorithm, the computation of inverse
kinematics is still required.

Rehg [11] described DigitalEyes for a real-time hand
tracking system, in which the articulated motion of fingers
was recognized as a 3D mouse by using a hand model
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Fig. 1. Twenty-seven DOFs hand model.

having 27 degrees of freedoms (DOFs). This approach was
based on the assumption that the positions of fingertips in
the human hand, relative to the palm, are almost always
sufficient to differentiate a finite number of different
gestures. The hand gesture was estimated by a non-linear
least squares method that minimizes the residual distances
in finger links and tips of the model hand and those of the
observed hand.

Shimada et al. [4] present a method to track the pose
(joint angles) of a moving hand and refine the 3D shape
(widths and lengths) of the given hand model from a mono-
cular image sequence. First, the algorithm uses the silhou-
ette features and motion prediction to obtain the
approximated 3D shape. Then, with inequality constraints,
they refine the estimation by the extended Kalman filter
(EKF).

Without the motion information, some research efforts
have concentrated on 3D hand posture estimation. In the
study of Chang [12], a prototype system for estimating the
position and orientation of a human hand as well as the joint
angles of the thumb and the fingers from a single image is
developed. The hand pose is estimated by using sparse range
data generated by laser beams and by using the generalized
Hough transform. Possible configurations for the fingers and
the thumb are generated by the inverse kinematic technique.

Although the above algorithms have promising results,
posture estimation is not yet advanced enough to provide
a flexible and reliable performance for potential applica-
tions. The estimation of kinematic parameters from the
detected features is a complex and cumbersome task.
They face the following problems: First, the articulated
mechanism of the human hand, which involves high DOF,
is more difficult to analyze than a single rigid object: its state
space is larger and its appearance is more complicated.
Second, model-based methods always involve finding the

inverse kinematics, which are in general ill posed. It is
obviously a task of computational complexity to estimate
these kinematic parameters from the detected features.
Third, previous methods on 3D require the use of multiple
cameras, which not only is resource consuming, but also
needs some form of 3D reconstruction that itself is compu-
tationally intense. Finally, it should be pointed out that the
knowledge of exact hand posture parameters seems unne-
cessary for the recognition of communicative gestures.

In this paper, the goal of our work is to avoid the complex
computation of inverse kinematics and 3D reconstruction;
that is, without using 3D information, we propose a new
approach to estimate the 3D hand posture from a single
two-dimensional (2D) image. Preliminary results can be
found in Refs. [13,14], which deals only with finger posture.
This paper extends the idea further to compute the 3D
posture for the entire hand. First, we analyze the human
hand model with 27 DOFs and its constraints. The
constraints play an important role in our study, which help
us to reduce 27 to 12 DOFs without significant degradation
of performance. Using the hand model and its constraints,
we develop an algorithm to estimate the 3D hand posture by
using eight feature points to retrieve the 3D hand posture.
The eight feature points are the point of wrist, the tips of the
fingers and thumb, and the metacarpophalangeal joints for
the middle finger and thumb. We use color markers to iden-
tify these eight points and retrieve the approximate posture
of the hand. Occlusion of any of the eight points is not
considered in this paper.

In the experiments, two feature extraction methods are
utilized: one for model building and the other for on-line
hand posture estimation. In extracting the parameters for the
hand model, a higher degree of accuracy in detecting the
feature points is necessary. In this regard, the feature points
are extracted from the silhouette contour of the
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out-stretched hand. For on-line hand posture estimation, the
silhouette contour may not contain essential feature points
(say, the tips of the fingers of a clenched fist). Color
markers, placed on the necessary positions of the hand are
utilized. Pose estimation results obtained from real images
are shown by comparison. These results confirm that our
algorithm gives correct hand posture estimation.

This paper is organized as follows: Section 2 discusses
the hand model and its constraints. Section 3 presents the
methodology to estimate the hand posture. Two test cases
involving various degrees of finger-extension are investi-
gated in Section 4.

2. Hand model and its constraints
2.1. DOFs hand model

Lee and Knuii [9] defined a hand model with 27 DOFs.
The joints of the human hand are classified into three kinds:
flexion, directive or spherical joints, which consist of one
DOFs (extension/flexion), two DOFs (one for extension/
flexion and one for adduction/abduction) and three DOFs
(rotation), respectively, (see Fig. 1). For each finger, there
are four DOFs described by 6;—6,. The thumb has five
DOFs described by 0,—6s. Including the six DOFs for the
translation and rotation of the wrist, the model has 27 DOFs.
Using the Denavit—Hartenberg (D-H) representation
(briefly described in Appendix A), the forward kinematics
of the finger links and thumb links are described in Appen-
dices B and C, respectively. The reader may refer to Refs.
[13,14] for more details.

2.2. Model constraints

Conventional models of the human hand are lacking in
constraints. It limits their usefulness in computer vision and
animation. The lack of constraints leads to unnatural model
behavior. On the other hand, because the movements of the
fingers are inter-dependent in the human hand and in order
to reduce search space of matching, constraints are essential
to further realize the hand motion.

2.2.1. Constraint 1
This constraint is proposed by Rijpkema [15]. The angles

of D (Distal) joints and P (Proximal) joints are dependent
0, = 2 0

4= 305 (D
where 65 and 0, represent the extension/flexion DOF for the
P and D joints of each finger (see Fig. 1). This is a strong
constraint and is widely adopted by many researchers work-
ing on hand analysis. From this constraint, the DOF of each
finger can be reduced from 4 to 3 DOFs. Two of them are
located at the M joints. The other one controls both P and D
flexion joints.

2.2.2. Constraint 2

This constraint is proposed by Rijpkema [15]. The thumb
is a more complicated manipulator, because a large part of
the thumb is part of the palm and the joints are moving along
non-trivial axes. However, it is known that the kinematics of
the thumb can be calculated almost uniquely by experimen-
tal observations

7
92 = 94§ (3)

These two equations help us to reduce the DOF of the
thumb from 5 to 3 DOFs. The first is for extension/flexion
movements of the TM joint and the M joint, the second is for
the adduction/abduction movements of the TM joint and the
M joint, and the last is for the extension/flexion of the 7 joint
(see Fig. 1 for the joint definition).

2.2.3. Constraint 3

This constraint is proposed by Kuch and Huang [16]. The
joint angles of P and M joints of finger have a dependency
represented by the following equation:

0, =ko; 0=k=1/2 )

where 0, and 05 represent extension/flexion DOF for the M
and P joints of the finger, respectively. Kuch assumes that
k = 1/2. This constraint is suitable for dynamic cases; in
static analysis, we call this as a ‘weak constraint’. In our
experiments, the feature extraction may some times be diffi-
cult (due to occlusion or juxtaposition of features) and this
constraint may fail. If this constraint fails and leads to an
invalid solution, the value of coefficient k is automatically
adjusted between the range of 0—0.5 to give the next best
approximate solution.

2.2.4. Constraint 4

This constraint is proposed by Lee and Kunii [17]. There
is little adduction (add.)/abduction (abd.) of the M (meta-
carpophalangeal) joint of the middle finger; that is

6, =0 (&)

where 6, is adduction/abduction DOF for the M joint of the
middle finger.

According to the hand model we have established, we
propose the following constraints.

2.2.5. Constraint 5

Five points (Wrist joint, Metacarpalangeal joint, Proxi-
mal joint, Distal joint and Tip represented by W, M, P, D and
T, respectively) of each finger are coplanar. We define this
plane as the ‘finger plane’. According to Constraint 4, we
omit the adduction/abduction DOF for the M joint, so that
M, P, D joints of four fingers are all extension/flexion joints.
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Fig. 2. Pentagon geometry.

For accuracy, we may define a different W point for each
finger (see Fig. 1).

2.2.6. Constraint 6
The joint angles of / and M of the thumb have a depen-
dency represented by the following equation:

65 = (164 a=0 (6)

This is also a ‘weak constraint’. We use this to estimate
the thumb posture.

2.2.7. Constraint 7

Four points (Trapeziometacarpal joint, Metacarpalan-
geal joint, Interpalangeal joint and thumb tip represented
by TM, M, I and T, respectively) of the thumb are co-
planar. We define this plane as the ‘thumb plane’. In the
experiments, the TM joint is approximated by the Wy
point (see Fig. 1).

2.2.8. Constraint 8

The palm is assumed not to become hollow in a non-
prehensile configuration. We assume that the M joint of
each finger are located in the plane called ‘palm plane’
and this plane is perpendicular to the ‘finger plane’ of the
middle finger.

In general, three points are necessary to align the palm
with the images. However, if we assume that the palm does
not become hollow, it is impossible to move the palm when
the ‘middle finger plane’ is fixed.

Using Constraint 1, 3—5, we omit three DOFs for each
finger. Using Constraint 2 and 6, we omit three DOFs for the
thumb. Over all, our simplified model is reduced from 27 to
12 DOFs.

180
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Fig. 3. Regression curve for 6.

3. Hand posture estimation
3.1. Problem description

The purpose of this part is to analyze the geometric char-
acteristics of the hand and replicate its pose based on 2D
projected information. Without loss of generality, we
assume that the world coordinate frame is aligned with the
camera frame; in other words, the image plane coincides
with the X-Y frame of the world. In our experiments, we
adopt color markers to identify the feature points of the
joints and tips.

3.2. Finger posture estimation

3.2.1. Solution for five points in the 2D ‘finger plane’

For a particular finger, we define the 3D distance
between the tip of finger T to the wrist joint W as R.
We denote the positions of W, M, P, D and T in the
‘finger plane’l by w'(0,0), m'X)y, Y, p'(X’p, Yh),
d' X, YD) and ¢'(X%,Y’%). The coordinate system is
oriented as shown in Fig. 2. Their 3D coordinates in
this plane are W'(0,0,0), M'(X,,Y},0), P'(X},Y,0),
D'(X),,Y,0) and T'(X’7,Y7,0). In the pentagon (see
Fig. 2), which consists of the five points W, M, P, D
and T, the lengths of [y, [, [, and /3 are constant para-
meters. From the pentagon, we obtain the following
equations:

w'p"? =B + i — 2l,l, cos(m — ;) (7
1N2 2 2 _
(p t ) = lz + l3 2[213 COS(’7T 04) (8)

L+ o'p) — 1

cos Lm'p'w' = D) )
B+ (Y —PB

cos 2d'p't' = % (10)

W'Dt =7 — 0, — Lm'p'w — 2d'p't (11)

R = w'p')? + @'t = 20w'pp't cos L w'p't (12)

For a given 65, the values of 0, and 6, are calculated by
Egs. (1) and (4). Using Egs. (B5) and (B6), we obtain the
values of w'p’ and p't’. Substituting these values into Eqs.
(Cl) and (C2), the angles sm'p'w' and 2d'p't’ are
obtained, from which Lw'p't' can be calculated (Eq.
(C3)). Finally, the corresponding R for the given 63 is
obtained (Eq. (C4)). The relationship between 63 and R

are shown in Fig. 3.

! Positions with ' are used to denote oriented finger plane positions while
those without /, which will be introduced in Section 3.2.2, are used to
denote positions referenced from the image plane.
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Fig. 4. The relationship between the R and Y3;.

From Fig. 3, the curve can be approximated by a cubic
polynomial. Using a regression method, for a given R, we
can find the shape of the pentagon. Hence, we can
conclude that if the distance R between the W (W joint)
and T (Tip) is given, the shape of the pentagon is deter-
mined. The positions of W', M', P', D" and T' are obtained
at the same time.

3.2.2. 3D solution for the five points

We define the 3D coordinates of the wrist points and
finger points (in the camera frame) as W(Xw,Yw,Zw),
MXu,YyZu), P(Xp,Yp,Zp), D(
Xp,Yp,Zp) and T(X7,Yr,Z7). Their orthographic projection
coordinates in the image plane are: w(Xy,Yw), m(Xy,Yn),
p(Xp,Yp), d(Xp,Yp) and 1(X7,Y7).

In Section 3.2.1, it was shown that for a given value of
R and link constants ([, [;, [, and [3), 65 and hence the
positions of W, M’, P’, D’ and T in the finger plane can
be determined. The task at hand is to find the 3D positions
(relative to the camera frame) of the finger joints and tip
(that is, W, M, P, D and T) given any three 2D image
positions of these points (that is, w, m, p, d or t). For ease
of description, we define the 3D coordinates of the
detected finger points as P; (Xi,Y1,Z), P,(X,,Y,,2Z,), and
P3(X3,Y3,Z3) which are any three points of W, M, P, D and
T. Their orthographic projection coordinates in the image
plane are: p(X,Y)), p(X5,Y,), and p5(X;,Y3). Taking P; as
the reference, the positions of P, and P; are defined by
Py1(X31,Y21,251) and P3y(X31,Y31,Z31), where X5 = X, — X,
YZl:YZ_Yh X31:X3_X1, and Y31:Y3_Y1.
Rotating them to the finger plane, their new 2D coordi-
nates are p’;, p'5, p'5 and 3D coordinates are P',, P'5, P's,
respectively.

In order to find the solution for this problem, the follow-
ing steps are proposed:

e Obtain the 3D hand model parameters (the lengths of the
finger links or [}, [, and ;) from the 2D image information
by using the feature extraction method (see Section 4.2
for details).

e For simplicity of computation, we treat Y3, as a variable
and R as known.? For each possible value of R, we calcu-
late the positions of w', m’, p’, d’, ' in 2D plane by using
the algorithm described in Section 3.2.1. We obtain the
distances among P, P, and P; and let them be /,,, l,; and
I3, (the distance between P,P;, P,P; and P;P;, respec-
tively). Z,; is described by the following equation:

Zy =G, — X3, — Y3,) (13)

e Obtain Y3, and Z3; using the following equations:

X3 + Y5 + 25 =1 (14)

(X3 — X01)* + (Y3, — Vo)) 2 + (Zsy — Z)* =153 (15)

From the above equations, X;|, Y1, Zy1, X531, [3; and I3 are
known. Two sets of solutions for Y3; and Z3; are obtained.
The following constraints are used to choose the correct
one: since the finger tips must flex towards the palm, the
hand is defined in a particular orientation; that is, if the
palm orientation is given, one set of solutions is omitted.

e Calculating all possible values of R, we obtain the rela-
tionship between Y3, and R (Fig. 4).

e It is shown that the relationship between Y3, and R can be
approximated by the quadratic curve (Fig. 4). Using the
regression method, the curve function can be approxi-
mated. For the actual Y3, we obtain R.

e Using the computed R, we find the 2D solutions of w’, m’,
p', d' and ' with the method described in Section 3.2.1.
The equivalent 3D coordinates of WM, P',D' and T' in
the ‘finger plane’ are extracted.

e Compute the rotation matrix mapping points P’;, P, and
P’ to points Py, P, and P;.

e Obtain the 3D position of the other points with the rota-
tion matrix. For correctness of solution, the five points,
W, M, P, D and T should be coplanar.

e Earlier, we assume k = 1/2 (Eq. (4)). If there are no
solutions, it could be caused by the deviation of this
weak constraint. We vary the value of the coefficient, %,
obtain the relationship between the 6; and R and recal-
culate the 3D positions until we find an approximate
solution. Fig. 10(a) shows the posture in which the
value of & is near the extreme of zero. In our experiments,

% Since Y3 = Y5 — Y, is the difference between y-ordinates of image
points, one may argue that Y3 is already known and should not be consid-
ered a variable. However, in doing so, one will have to contend with 0, I3
and l»; of Egs. (13)—(15). A simple approach would be to treat Y3, and Z3; as
variables and /,;, [3; and I3 as functions of a given R; that is, if R is known,
1, 131 and ly; can be computed as in the previous section. Hence, Eqs. (14)
and (15) will contain the two variables of Y3; and sfls; since the other
parameters (Xa1, Y21, Zo1, X1, [31 and Ip3) can be calculated. Using the two
equations, Y3 is solved for that given sfl value. By simulating different
values of R, the solutions for Y3; can be computed. The relationship between
Y3, and sf1 can be approximated by quadratic curve (Fig. 4) from which the
actual R value can be identified (since Y3; is actually known).
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Fig. 5. Initial frame.

the value of k is automatically varied from 0.5 to O in
variable steps (k = (1/2)" (¢ is the number of the steps))
until a solution is obtained (in normal case, the solution
can be obtained within one or two steps).

3.3. Thumb posture estimation

Combined with the Constraint 4 (Eq. (3)) and Constraint
5 (Eq. (6)), we use a similar approach as above to obtain the
four-point solution for the thumb. In the algorithm, we use
the three 2D feature points of the thumb (that is, TM, MP
and 7) to calculate the 3D positions of the four points: TM,
MP, IP and T (see Fig. 1).

3.4. Hand posture estimation

On the basis of the algorithms for finger posture estima-
tion and thumb posture estimation which is described in
Sections 3.2 and 3.3. We present a hand posture estimation
algorithm by using eight feature points of the hand; that is,
the wrist point (W), the metacarpal joint of the middle finger
(M), the metacarpophalangeal joint of the thumb (M), the
four tips of the fingers (71,7, Tk and T1) and the tip of the
thumb (7).

From the feature extraction stage, we obtain the W point
of the middle finger. For the 2D positions of the three feature
points of middle finger (that is, W, My and Ty;), we use the

Fig. 6. Contour.

Table 1
Model parameters of the hand (in pixels)

Thumb Index finger Middle finger Ring finger Little finger

ly - 120 121 118 117
d - —27 0 19 43
L, 78 59 62 61 43
L, 63 30 33 31 24
I3 51 29 26 27 26

finger posture solution algorithm (Section 3.2) to retrieve
the middle finger posture.

Once the 3D posture of the middle finger is determined,
the ‘finger plane’ for the middle finger in 3D space is
known. According to Constraint 8 (see Section 2.2, the
‘palm plane’ is perpendicular to the ‘finger plane’ of the
middle finger. This constraint, together with the knowl-
edge of two points (My and W joints) on the palm,
constraints the palm plane. From this plane, and using
the predetermined hand model, the positions of the meta-
carpal (M) joint of the index, ring and little finger can be
identified. To obtain better finger plane estimations for the
other fingers (index, ring and little finger), different wrist
points for each finger (W}, Wy and W) are approximated
using the hand model.

For the three feature points (W, M and T) of each of
index, ring and little fingers, we use the finger posture algo-
rithm (see Section 3.2 for details) to retrieve the 3D posture.
In the same way, for the three feature points (Wr, Mt and Tr)

Fig. 7. Original image.

Rt

Fig. 8. Hue image.
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\

(a) W point (b) Mt point

(e) T point (f) T point

(¢) My point (d) Tr point

(g) Tr point (h) T, point

Fig. 9. Points detection by color markers: (a) W point; (b) My point; (c) My point; (d) Tt point; (e) Ty point; (f) Ty point; (g) Tx point; (h) 71, point.

of the thumb, the thumb posture is retrieved by the thumb
posture algorithm. Finally, we synthesize the hand posture
in 3D space.

4. Experiments
4.1. Model parameter estimation

4.1.1. Feature detection based on hand contour in initial
frame

Feature detection/extraction stage is concerned with the
detection of features which is used for the estimation of the
parameters of the chosen hand model. It affects the accuracy
of the model parameters and so does the estimation results.
For the accuracy, we use the following steps to detect the
feature with hand contour:

1. From the original image (see Fig. 5), extract the contour
of the open hand using the LOG operator [18].

2. Calculate the contour curvature [19].

3. Obtain the local maximum and minimum curvature
points as feature points (see Fig. 6).

4.1.2. Model parameter estimation

Referring to Fig. 6, the five minimum curvature
points are the five convex points (numbered by 1-5)
of the hand contour; that is, the tips of the fingers or
thumb. The first four maximum curvature points are the
concave points of the hand contour (numbered by 8-
11). The fifth and sixth maximum curvature points
(numbered by 6 and 7) are the feature points for the
wrist. Using the two detected feature points of the wrist,
we estimate the distances of the wrist points (W, Wk,

W, Wi, W) for all the fingers by ratio. The finger link
lengths (ly—13 for each finger and [,—/; for the thumb)
are calculated according to assumed ratios between
finger segments. With the detected features, we obtain
the model parameters (shown in Fig. 6) and tabulated in
Table 1.

4.2. Feature detection by color markers

For simplicity of feature extraction, color markers are
commonly used by other research groups to identify the
main feature points. We use color markers to detect the
eight main points in the real image. Eight points (W, Mr,
My, Ty, Ty, Ty, Tr and TL) are identified from the centroids
of the detected color regions (see Fig. 1 for definition).’
Figs. 7 and 8 show the initial frame and its hue image.
Fig. 9 shows the classification results.

4.3. Hand posture estimation using several feature points

Two test cases are presented. The first test case (Fig.
10) shows hand postures with equal degrees of extension
for each finger and varying from a slightly clenched
configuration to an almost fully clenched configuration.
The second test case (Fig. 11) shows hand postures with
different degrees of extension for each finger. For each
posture, we show the original images (left image), the
estimated 3D pose overlaid on the original image (center
image) and the 3D pose from a different viewpoint (right
image). The link angles for the fingers and thumb of both
test cases are tabulated in Table 2. It is interesting to note
that Constraints 3 is violated for the posture in Fig. 10(a)
with the assumption of k = 1/2. For Fig. 10(a) with the

3 The subscripts represent different fingers and thumb.
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(c)

Fig. 10. Hand postures in clenching motion: (a) slightly-clenched configuration; (b) moderately-clenched configuration and (c) almost fully clenched
configuration. Left: Original image; Center: Estimated 3D pose overlaid on image; Right: 3D pose from a different viewpoint.

extended fingers, 6, is almost zero and hence k = 0. In
this case, the algorithm is able to simulate for varying
values of k until a solution is obtained. In our experi-
ments, k is varied from 0.5 to 0 (k= (1/2)" (¢ is the
number of the steps)) until a solution is obtained. Also,
we show in Fig. 11(c) that the posture for non-frontal
views of the hand can be retrieved as well. The constraint
that we place on our experiments is that all eight color
markers (identifying the eight positions of Wy, M, My,
Tr, Ty, Ty, Tgr, Ty) be visible. Occlusion of one or several
markers is out of the scope of this paper and is currently
under investigation.

5. Conclusion

In this paper, we proposed an algorithm to estimate the
3D hand posture using a single 2D image. The new algo-
rithm is promising because of the following reasons: First,
the algorithm uses 2D positions of the feature points and
avoids the computational complexity caused by the 3D
reconstruction. Second, the algorithm does not involve the
computation of inverse kinematics. Third, the algorithm
uses only single 2D image to retrieve the 3D hand posture.
There is no need to know the motion information of fingers
or thumb that can only be provided by a sequence of images.
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(b)

(c)
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Fig. 11. Hand postures with different degrees of extension for each finger (using color markers): (a) slightly-clenched configuration; (b) moderately clenched
configuration and (c) moderately clenched configuration from a non-frontal viewpoint. Left: original image; Center: estimated 3D pose overlaid on image;
Right: 3D pose from a different viewpoint.

Table 2

Link angles for fingers and thumb. The values with #* are not satisfied with k = 1/2. Additional iterations are required to compute the valid solution

Thumb Index Middle Ring Little
0, 05 6, 05 0, 05 6, 05 0, 05
Test case 1 (Fig. 12) (a) 21.7 10.9 43" 67.0 7.1° 85.3 9.7" 78.2 14.3" 56.1
(b) 19.2 9.6 30.5" 121.8 30.7" 122.7 27.2° 109.1 30.4 60.8
(c) 20.6 10.3 50.7 101.4 54.5 109.0 52.6 105.2 514 102.8
Test case 2 (Fig. 13) (a) 22.7 11.4 9.3 18.6 12.1 24.2 12.1 24.2 23.1 46.3
(b) 25.7 12.8 12.2 244 30.3 60.6 26.4 52.8 34.7 69.4
(c) 334 16.67 4.1 8.3 22.8 45.7 36.4 72.8 324 64.7
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Experimental results have shown that our 3D hand posture
estimation works well even with real images.

Appendix A. Denavit—Hartenberg representation

D-H representation is a commonly used convention for
selecting frames of reference in robotic applications [20].
Using this convention, each homogeneous transformation
matrix T,-i71 is represented as a product of four ‘basic’ trans-
formations with four parameters

Ti~! = Rot,(6,)Trans,(d;) Transy(a;)Roty(a;) (A1)

where 7/ ' is homogeneous transform matrix from refer-
ence frame i to i — 1. Roti(angle;) is the rotation of angle;
about the k axis and Trans,(distance;) is the translation of
distance; along the k axis.

According to the D—H rules, the local coordinate frames
for each DOF of finger and thumb are defined. At the same
time, the four D—H parameters which determine the trans-
formation matrix between the two adjacent coordinates are
obtained.

Appendix B. Forward kinematics of finger

From a kinematic point of view, the hand consists of
multi-branched kinematic chains attached to a base. From
our 27 DOFs hand model, each of the four fingers of the
hand is a planar mechanism with four DOF, two of them at
the M or Metacarpophalangeal joint (refer to Fig. 1), one at
the P or Proximal Interphalangeal joint and one at the D or
Distal Interphalangeal joint.

Using the D-H representation, the local coordinate
system for each DOF of the joint and the parameters of
the D—H representations are shown as Fig. 12. The 3D

Frama Gocmau-y [] d a 7]

0 Link 1 =u/2 | da an =2
1 = dy 0 0

2 [ [] [] /2
3 [ [] 1 ETE]
4 Link2 |6 0 ] /2
b [N 0 12 0

6 Link 3 [ 0 s 0

Table : D-H representation of hand thumb

model of the finger can be viewed as a set of six serial
kinematic chains (finger links). All are attached to a base
frame defined at the end of the palm (the frame 0). The D—-H
transformation matrices between the coordinate frames for
one finger are described as

70 = Rotz( g )Transx(ao)RotX ( - g ) (B1)
1 a

T, = TransX(dl)RotX(E) (B2)
2 o

T = RotZ(Ol)RotX(E) (B3)

T; = Rot,(6,)Transy(/;) (B4)

T3 = Rot,(6;)Transy(l,) (B5)

T2 = Rot,(6,)Transy(l) (B6)

where [}, [, and /5 are the lengths of the finger links (Fig. 12).
ay and d, are model parameters and are invariant for a given
hand. 6, 0,, 65 and 6, are the four DOF of each finger, these
act as variables to control the movement of each finger,
relative to the palm’s orientation.

Appendix C. Forward kinematics of thumb

The thumb is very dexterous and therefore a more
complicated manipulator. Since a large part of the thumb
seems to be part of the palm, the motion of a thumb is not
easily understood. Five DOFs are used to establish the link
coordinate frames of the thumb: two of them at the TM
or Trapeziometacarpal joint, two of them at the M or

Fig. 12. Finger model and its D—H representations.
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Frame| Geometry | 8 d a I

0 Palm 0 0 0 0

1 T2 |0 ao =/2
2 ¢ |d |0 |2
3 Link 1 [A [} [} wfd
4 & 0 h 0

] Link 2 [A [ iy [

6 Link 3 [ [] N [)

Table : D-H representaticn of hand finger

Fig. 13. Thumb model and its D—H representations.

Metacarpophalangeal joint, and one at the IP or Interpha-
langeal joint. The parameters of the D—H representation are
shown in (refer to Fig. 13).

The transformation between each of the local coordinate
frames of the thumb are described as

T? = Roty, ( - 7—27 )TransZ(dO)Transx(aO)Rotx(— 72—7 ) (C1)

T; = Rot,(—mTrans,(d,) (C2)
2 o

T3 = Rotz(el)RotX(E (C3)

Ti’ = Rotz(6,)Transy(/, )Rotx(— g) (C4)
4 ar

TS = R0t2(03)R0tx(3) (CS)

TZ = Rot,(6,)Transy(l,) (C6)

T® = Rot,(6s)Transy(l5) (C7)

where [, [, and I5 are the lengths of the thumb links (see Fig.
13). ay, dy and d; are model parameters and are invariant for
a given hand. 64, 6,, 63, 64 and 05 are the five DOF of the
thumb and act as variables to control the movement of the
thumb.
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