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Abstract 

Computer sensing of hand and lamb motion is 
an important problem for  applications an Human- 
Computer Interaction (HCI), vidual reality, and ath- 
letic performance measurement. Commercially avail- 
able sensors are invasive, and require the user to 
wear gloves or targets. We have developed a nonin- 
vasave vision-based hand tracking system, called Dig- 
itEyes. Employing a kinematic hand model, the Dig- 
it Eyes system has demonstrated tracking perform an ce 
at speeds of up to 10 Hz,  using line and point f ea -  
tures extracted from gray scale images of unadorned, 
unmarked hands. We describe an application of our 
sensor to a 9D mouse user-interface problem. 

1 Introduction 

A “human sensor” capable of tracking a person’s 
spatial motion using techniques from Computer Vi- 
sion would be a powerful tool for human-computer 
interfaces. Such a sensor could be located in the 
user’s environment (rather than on their person) and 
could operate under natural conditions of lighting and 
dress, providing a degree of convenience and flexibil- 
ity that is currently unavailable. For the purpose of 
visual sensing, human hands and limbs can be mod- 
eled as articulated mechanisms, systems of rigid bod- 
ies connected together by joints with one or more 
degrees of freedom (DOF’s). This model can be ap- 
plied at  a fine (visual) scale to  describe hand motion, 
and at  a coarser scale to  describe the motion of the 
entire body. Based on this observation, we formu- 
late human sensing as the real-time visual tracking of 
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articulated kinematic chains. 
Although many frameworks for human motion 

analysis are possible, our approach has four main ad- 
vantages. First, by tracking all of the hand’s DOF’s, 
we provide the user with maximum flexibility for in- 
terface applications. (See [15, 61 for examples of in- 
terfaces requiring a whole-hand sensor.) In addition, 
our general modeling approach based on 3D kinemat- 
ics makes it possible to  track any subset of hand or 
body states with the same basic algorithm. Another 
benefit of full state tracking is invariance to  unused 
hand motions. The motion of a particular finger, for 
example, can be recognized from its joint angles re- 
gardless of the pose of the palm relative to  the cam- 
era. Finally, by modeling the hand kinematics in 3D 
we eliminate the need for application- or viewpoint- 
dependent user modeling. 

The DigitEyes system treats hand tracking as a 
model-based sequential estimation problem: given a 
sequence of images and a hand model, we estimate 
the 3D hand configuration in each frame. All pos- 
sible hand configurations are represented by vectors 
in a state space, which encodes the pose of the palm 
(six rotation and translation DOF’S’) and the joint 
angles of the fingers (four states per finger, five for 
the thumb). Each hand configuration generates a set 
of image features, 2D lines and points, by projection 
through the camera model. A feature measurement 
process extracts these hand features from grey-scale 
images by detecting the occluding boundaries of fin- 
ger links and tips. The state estimate for each image 
is computed by finding the state vector that best fits 
the measured features. Our basic tracking framework 
~ 

‘We use quaternions to represent palm rotation, resultingin 
a model with four rotational states- one more than the num- 
ber of DOF’s. Although quaternions are a nonminimal repre- 
sentation, they have the advantage of being free of singularities. 
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is similar to that of [4, 7, 161. 
Articulated mechanisms are more difficult to track 

I lian the single rigid objects traditionally addressed 
in Computer Vision. Three major difficulties are the 
large size of the state space, nonlinearities in the 
state-to-feature mapping (called the measurement 
model) , and self-occlusions. Finger articulations add 
an additional 21 states over the rigid body motion of 
the palm, significantly increasing the computational 
cost of estimation. These additional states are pa- 
rameterized by joint angles, which introduce nonlin- 
earities and kinematic singularities into the measure- 
ment model. Singularities arise when a small change 
in a given state has no effect on the image features. In 
addition to these problems, the fingers occlude each 
other and the palm during motion, making feature 
measurement difficult. 

The DigitEyes system uses local search and lin- 
eariztion to deal with the large state space and non- 
linear measurement model. The key to our local, 
gradient-based approach to tracking is a high image 
acquisition rate (10 Hz), which limits the change in 
the hand state, and therefore image feature location, 
between frames. In the state space, we exploit this lo- 
cality by linearizing the nonlinear state model around 
the previous estimate. Techniques from robotics pro- 
vide for fast computation of the necessary kinematic 
Jacobian. Kinematic singularities are dealt with by 
stabilizing the state estimator. The resulting linear 
estimation problem is solved for each frame, produc- 
ing a sequence of state corrections which are inte- 
grated over time to yield an estimated state trajec- 
tory. 

As a result of the high image sampling rate, the 
change in hand features between frames i s  also small. 
For a given image, the state estimatc from the pre- 
vious frame is used to predict feature positions. Fea- 
ture detectors, initialized to these predictions, exploit 
the symmetry of the finger links to extract lines and 
points and match them to the hand model. In the 
first image of the sequence, the user places his hand 
in a known starting configuration to initialize track- 
ing. In the current system, each finger link detects its 
features independently of the others, which limits the 
sensor to hand motions without occlusions. We are 
extending our feature processing approach to remove 
this limitation. 

In [la],  we described the DigitEyes system in de- 
tail, and gave results of tracking a 27 DOF hand 
model from a two camera image sequence under or- 
thographic projection. This paper describes an ex- 
tension to perspective projection, and gives a detailed 

example of a user-interface based on our sensor: a 3D 
graphical mouse. While difficult problems still re- 
main in tracking through occlusions and across com- 
plicated backgrounds, these results demonstrate the 
potential of our approach to vision-based human mo- 
tion sensing. 

2 Previous Work 

Previous work on tracking general articulated ob- 
jects includes [8, 16, 10, 91. In [16], Yamamoto and 
Koshikawa describe a system for human body track- 
ing using kinematic and geometric models. They 
give an example of tracking a single human arm 
and torso using optical flow features. Pentland and 
Horowitz [lo] give an example of tracking the mo- 
tion of a human figure using optical flow and an ar- 
ticulated deformable model. In a related approach, 
Metaxis and Terzopoulos [8] track articulated mo- 
tion using deformable superquadric models. In [4], 
Dorner describes a system for interpreting Ameri- 
can Sign Language from image sequences of a single 
hand. Dorner’s system uses the full set of the hand’s 
DOFs, and employs a glove with colored markers to 
simplify feature extraction. One of the earliest sys- 
tems, by O’Rourke and Badler [9], analyzed human 
body motion using constraint propagation. None of 
these earlier approachs based on articulated models 
have demonstrated real-time tracking results for the 
full state of a complicated mechanism like the human 
hand, using natural image features. 

In addition to previous work on articulated object 
tracking, many authors have applied general vision 
techniques to human motion analysis. In contrast to 
DigitEyes, these approachs analyze a subset of the to- 
tal hand motion, such as a set of gestures [2, 131 or the 
rigid motion of the palm [l]. Darrell and Pentland de- 
scribe a system for learning and recognizing dynamic 
hand gestures in [a]. Related work by Segen [13] takes 
a neural network approach to 2D hand gesture recog- 
nition. Both of these approachs work in real-time on 
unmarked hand images, but they don’t produce 3D 
motion estimates and it would be difficult to apply 
them to problems like the 3D mouse interface in Sub- 
sect. 5. In [l], Blake et. al. describe a real-time 
contour tracking system that can follow the silhou- 
ette of a rigidly moving hand under an affine motion 
model. 
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Figure 1: Kinematic models, illustrated for fourth 
finger and thumb. The arrows illustrate the joint axes 
for each link in the chain. 

3 Hand Modeling for Visual Tracking 

This section is a brief summary of our kinematic 
and feature models of the hand. See [12] for more 
detail. We use the Denavit-Hartenburg (DH) repre- 
sentation, widely used in robotics [14], to describe 
the hand kinematics. We make several simplifying 
assumptions in modeling the hand, which are illus- 
trated in Fig. 1. First, we assume that each of the 
four fingers of the hand are planar mechanisms with 
four degrees of freedom (DOF). The abduction DOF 
moves the plane of the finger relative to the palm, 
while the remaining 3 DOF determine the finger's 
configuration within the plane. Each finger has an 
anchor point, which is the position of its base joint 
center in the frame of the palm, which is assumed 
to be rigid. Real fingers deviate from our modeling 
assumptions slightly, but we have found them to be 
adequate in practice. 

Hand features consist of lines and points generated 
by the projection of the hand model into the image 
plane. Each finger link, modeled by a cylinder, gen- 
erates a pair of lines in the image corresponding to 
its occlusion boundaries. The bisector of these lines, 
which contains the projection of the cylinder central 
axis, is used as the link feature. The link feature vec- 
tor [abp] gives the parameters of the line equation 
az + by - p = 0. Using the central axis line as the 
link feature eliminates the need to model the cylinder 
radius or the slope of the pair of lines relative to the 
central axis, which is often significant near the finger 
tips. We use the entire line because the endpoints are 
difficult to measure in practice. Fig. 2 shows two link 
feature lines extracted from the first two links of a fin- 
ger. These featxes can be extracted from grey-scale 
hand images by a simple local operator, described 
in [12]. 

Link 2 Fat 

Figure 2: Features used in hand tracking are illus- 
trated for finger links 1 and 2, and the tip. Each 
infinite line feature is the projection of the finger link 
central axis. 

4 State Estimation for Articulated 
Mechanisms 

We take a nonlinear least squares approach to 
state estimation. We form a residual in each frame 
that measures the difference between the measured 
image features and the projection of the estimated 
hand model into the image. The state correction 
is obtained by minimizing the squared magnitude of 
the residual vector through a modified Gauss-Newton 
(GN) algorithm [3]. Let R(ql) be the residual vector 
for image j. The GN state update equation is given 
by 

qj+l = qj - [JjJj + S]-'J3Rj , (1) 

where Jj is the Jacobian matrix for the residual Rj, 
both of which are evaluated at qj. The sources of 
nonlinearity in this model are trigonometric terms in 
the joint angles and inverse depth terms from per- 
spective projection. S is a constant diagonal condi- 
tioning matrix used to stabilize the least squares so- 
lution in the presence of kinematic singularities. This 
approach is based on the rigid body tracking work of 
Lowe [7]. 

The remainder of this section gives the derivation 
of the link and tip residual Jacobians in both the or- 
thographic and projective cases. The residual deriva- 
tives can be obtained by simple image plane projec- 
tions of the gradient of 3D point positions with re- 
spect to the state. These gradients can be computed 
quickly using standard robotic techniques. 

The residual measures the image plane distance 
between projected 3D hand geometry (lines and 
points) and detected features. It is zero when the 
hand model is perfectly aligned with the image data. 
The residual for the ith tip feature is a vector in the 
image plane defined by 
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where Pi = [ X i x  Z;] is the 3D tip center (in the 
camera coordinate frame) as a function of the hand 
state, H[.] gives the projection of a 3D point into the 
image plane, and t; is the measured tip feature. 

The link residual measures the deviation of points 
on the projected cylinder axis from the measured fea- 
ture line. It is given by 

h(S) = m'H[Pa(q)l - p  , (3) 

where m = [ab]'. - -  
The point projection operator used in ( 2) and (3) 

H[P(q)] = CP(q) where C = [ 2 tu :: ] 
is the intrinsic camera model (see [ 5 ] )  and P is the 
ideal point projection model. In the orthographic 
case, P = [X Y 11, while in the projective case, 

To calculate the tip and link Jacobians, we will 

can be written 

(4) 

P = [X/Z Y/Z 11. 

need dP/dq. In the orthographic case, we have 

while in the perspective case we have 

To calculate the tip Jacobian, we differentiate (2) 
with respect to the state vector, obtaining 

where H = CA,/, is a 2x3 gradient projection ma- 
trix and the choice of A, or A, is determined by the 
projection model. 

Similarly, to calculate the link Jacobian we differ- 
entiate (3) ,  obtaining 

where m = mtCAo/, .  Substituting (4), ( 5 ) ,  and (6), 
we obtain: 

m, = [mu bcu, 01 (9) 

-(acu,X + ba,Y)/Z2] . (10) 
m, = [uaU/Z ba,/Z 

I 
Figure 3: A sample graphical environment for a 3D 
mouse. 

The gradient vector for link i constitutes one row of 
the total Jacobian matrix. Geometrically, it is formed 
by projecting the kinematic Jacobian for points on the 
link, aP;(q)/aq, in the direction of the feature edge 
normal. 

The kinematic Jacobians in (7) and (8) are com- 
posed of terms of the form aPi/ae , which arise fre- 
quently in robot control and can be obtained directly 
from the kinematic model. See [ll] for more details. 

5 3D Graphical Mouse: Experimental 
Results 

We describe in detail an experiment with a 3D 
graphical mouse user-interface based on the DigitEyes 
sensor and a simplified, eight state hand model. Fig- 
ure 3 shows the simple 3D graphical environment 
used in the interface. It consists of a ground plane, 
a 3D cursor (drawn as a pole, with the cursor at 
the top), and a spherical object (being manipulated.) 
Shadows generate additional depth cues. The inter- 
face problem is to provide the user with control of the 
cursor's three DOF's. 

The DigitEyes solution is based on a partial hand 
model, consisting of the first and fourth fingers of 
the hand, along with the thumb. The palm is con- 
strained to lie in the plane of the table (3 DOF) used 
in the interface. The first finger has 3 articulated 
DOFs, while the fourth finger and thumb each have 
a single DOF allowing them to rotate in the plan of 
the table (abduct). The hand model is illustrated in 
Fig. 4, and a corresponding intensity image is given in 
Fig. 5. A single camera oriented a t  approximately 45 
degrees to the table top acquires the images used in 
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Figure 4: The hand model used in the 3D mouse 
application is shown in its estimated state from frame 
200 in the motion sequence. The vertical line shows 
the height of the tip above the ground plane. 

tracking. The palm position on the table controls the 
base position of the pole, while the height of the in- 
dex finger above the table controls the height of the 
cursor. This particular mapping has the important 
advantage of decoupling the controlled DOF’s, while 
making it possible to operate them simultaneously. 
The fourth finger and thumb have abduction DOF’s 
in the plane, and are used as “buttons”. 

Figures 6 - 10 give experimental results from a 500 
frame motion sequence. Figures 7, 8, and 9 show the 
estimated hand state for each frame. Frames were ac- 
quired at 100 ms sampling intervals. The pole heights 
and base positions derived from the estimated hand 
states are depicted in Fig. 10. The motion sequence 
has four phases. In the first phase (frame 0 to 150)’ 
the user’s finger is raised and lowered twice, produc- 
ing two peaks in the pole height, with a small varia- 
tion in the estimated pole position. Second, around 
frame 150 the finger is raised again and kept elevated, 
while the thumb is actuated, as for a “button event”. 
The actuation period is from frame 150 to frame 200, 
and results in some change in the pole height, but 
negligible change in pole position. Third, from 200 
to 350, the pole height is held constant while the 
pole position is varied. Finally, from 350 to the end 
of the sequence all states are varied simultaneously. 
Figures 4 and 5 show an input image and its associ- 
ated state estimate for frame 200. Sample mouse pole 
positions throughout the sequence are illustrated in 
Fig. 6. 

These results demonstrate fairly good decoupling 
between the desired states and a useful dynamic range 

Figure 5: The input hand image from frame 200 in 
the motion sequence. 

of motion. The largest coupling error occurs around 
frame 150 when the pole height drops as the thumb 
is actuated. For simplicity, the mouse state is gener- 
ated from the hand state by a simple scaling and co- 
ordinate change, which tends to amplify sensor noise. 
Both of these problems could be alleviated by more 
sophisticated processing of the sensor output. 

This example illustrates an important advantage 
of hand tracking with kinematic models: absolute 3D 
distances (such as finger height above a table) can be 
measured from a single camera image. The ability 
to recover 3D spatial quantities from hand motion is 
one of the advantages our system has over approachs 
based on gesture recognition. 

In the above experiment, DigitEyes was imple- 
mented on a 68040-based image processing platform 
called IC40. State estimates were transfered by Eth- 
ernet to a Silicon Graphics Indigo 2 for model dis- 
play and user-interface demonstrations. The IC40 
board delivers digitized images to  processor memory 
at video rate with no computational overhead, remov- 
ing an important 1 / 0  bottleneck. 

6 Conclusion 

We have presented the DigitEyes framework for vi- 
sual hand tracking and its application to a 3D mouse 
user-interface problem. We are currently extending 
these results in two ways. First, we are modifying 
our feature extraction process to handle occlusions 
and complicated backgrounds. Second, we are an- 
alyzing the observability requirements of articulated 
object tracking. 
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( C )  ( f )  

Figure 6: The mouse pole cursor at six positions dur- 
ing the motion sequence. The pole is the vertical line 
with a horizontal shadow, and is the only thing mov- 
ing in the sequence. Samples were taken at frames 
0, 30, 75, 260, 300, and 370 (chosen to illustrate the 
range of motion). 
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Figure 9: Estimated translation states for mouse pole 
hand model. The Y axis motion is constrained to  zero 
due to tabletop. 

Button States 
Mouse Pole Interface 
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Figure 8: Joint angles for thumb and fourth finger 
of mouse pole hand model. Note the "button event" 
signaled by the thumb motion around frame 175. 
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