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Tracking whole hand kinematics using extended Kalman filter

Qiushi Fu, Marco Santello

Abstract—This paper describes the general procedure, model
construction, and experimental results of tracking whole hand
kinematics using extended Kalman filter (EKF) based on data
recorded from active surface markers. We used a hand model
with 29 degrees of freedom that consists of hand global posture,
wrist, and digits. The marker protocol had 4 markers on the
distal forearm and 20 markers on the dorsal surface of the
joints of the digits. To reduce computational load, we divided
the state space into four sub-spaces, each of which were
estimated with an EKF in a specific order. We tested our
framework and found reasonably accurate results (2-4 mm tip
position error) when sampling tip to tip pinch at 120 Hz.

I. INTRODUCTION

THE human hand is a complex structure and the neural
control of its movements is a subject of active
investigation. Many research areas, such as biomechanics
[1], sensorimotor control [2], teleoperation [3], brain-
machine interfaces, and human-computer interaction, all
requires reliable and efficient approaches to acquire
kinematic data during grasping and manipulation tasks.

There are three major methods for tracking whole hand
kinematics: data gloves [3], computer vision based
estimation [4], and surface marker based estimation [1], [5].
Data gloves are electro-mechanical sensing devices worn on
hand and are easy use. However, there are two main
drawbacks: the lack of customization for individual subjects’
hands, and the obstruction of tactile sensing from the palmer
surface of the hand. Vision based estimation causes the least
interference to hand movements and usually only uses 1 or 2
cameras, but the sampling rate is very low because it is
computationally expensive and sensitive to environmental
conditions.

Surface marker based estimation for tracking hand
kinematics has been used extensively [5], as is relatively
easy to implement, reliable, and because it does not interfere
normal movement and sensing as much as data gloves.
However, most of the existing approaches rely on
geometrical calculations, or optimizations within single
frame capture. Therefore they do not make full use of
established non-linear estimation algorithms for error
minimization and robustness.

Although Kalman filter has been implemented in vision-
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based tracking [6], it has not been investigated for marker
based real time hand tracking. This paper proposes a surface
maker based high frequency hand kinematic tracking
framework using extended Kalman filter (EKF). We tested
the EKF framework with a 29 degrees of freedom (DoF)
hand model and a 24 marker set. This framework has been
implemented in our lab for the research on sensorimotor
control of hand.

II. KINEMATIC MODEL

A. The hand model

The hand model we used consisted of articulations of rigid
links. It has 21 DoF on joints of five digits, 2 DoF on wrist
joint, and 6 DoF on hand global posture (Fig. 1a). Note that
other similar hand models from the literature [4] could be
used to derive the kinematic structures depending on the
desired anatomical accuracy. The hand global posture, or
root frame of reference (RT) was defined by the special
location and orientation with respect to an arbitrary global
frame of reference. In the actual experimental setup, RT is
defined with four markers attached to the wrist rigidly (see
below). The origin of the RT was located at the approximate
center of rotation (CoR) of the wrist.
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(a) (b)
Fig. 1. (a) Kinematic structure of the hand model, and (b) marker
protocol.

Consistent with most hand models found in the literature,
the palm was modeled as a rigid segment, although limited
palm curving may occur [4]. The palm frame of reference
was located as the CoR of the wrist with the y-axis pointing
to the CoR of the metacarpophalangeal (MCP) joint of the
middle finger and the z-axis pointing to the dorsal direction.
The palm segment was connected with the root with the 2
DoF wrist joint. The AoR of wrist flexion/extension was
oriented from the radial to the ulnar styloid process and the
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AoR of radial/ulnar deviation was orthogonal to the
flexion/extension axis.

Each of the four fingers had 4 DoF with the MCP joint as
a 2 DoF saddle joint capable of abduction/adduction, the
proximal interphalangeal (PIP) joint and the distal
interphalangeal (DIP) joint as 1 DoF hinge joints. We
defined the digit plane as the medial plane perpendicular to
the flexion/extension axis.

Modeling of the thumb is difficult due to the complex
anatomical features of the trapezio-metacarpal (TM) joint.
Biomechanical studies have shown that the TM joint has two
non-orthogonal and non-intersecting axes of rotation (AoR)
and its kinematics is sensitive to the parameters of the model
[7]. In this work, we were not able to estimate the two AoRs
due to our marker arrangement. Instead, we used a 3 DoF
spherical TM joint to preserve the complete information of
the thumb orientation. The order of the 3 AoR of this
spherical joint was arranged such that the last AoR was
parallel to the AoR of the 1 DoF MCP joint interphalangeal
(IP) joint. This allowed modeling all flexion/extension of the
thumb in a digit plane defined the same as for other digits.

B. Marker Protocol

A marker set that consisted of 24 markers distributed on
digits and wrist (Fig. 1b) was used. Specifically, we adopted
the bracelet used by [5]. It was attached to the wrist with
four markers fixed at the vertices of a known rectangle to
provide the RT. The markers were arranged such that the
center of the bracelet is approximately aligned with the CoR
of the wrist as shown in Fig. 2a, and the long side of the
rectangle was aligned with the flexion/extension axis of the
wrist.

Each of the four fingers was marked with three markers
located on the dorsal surface of MCP, PIP, and DIP joints, as
well as the fourth marker on the finger nails (finger tip, FT).
They were carefully adjusted to lie within each digit plane.
The thumb also had four markers and they were placed on
the dorsal surface of the TM, MCP, and IP joints as well as
the thumb nail within the thumb plane. Each non-FT marker
on the hand is assumed to move along a spherical surface
centered at the CoR of the corresponding joint with the
radius d; measured as the joint thickness.

A clear correlation between marker motion around the
joint AoR and the actual flexion/extension of the joint has
been shown by [1]. This correlation is caused by the skin
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Fig. 2. Tllustration of marker model: (a) markers placed on bracelet
for tracking hand global posture, and (b) markers placed on the joint
surface for tracking of digit movements.

stretch around the joint CoR during the joint motion.
Therefore our model assumes a linear relationship o, =6, /2

between the movement of the markers and the motion of the
joints within the digit plane as shown in Fig. 2b, where ¢; is

the rotation of marker along the surface of the MCP, PIP or
DIP joint within digit plane and 6,is the actual rotation of

the these joints. FT markers were assumed to follow the
motion of distal phalanges.

C. Model Calibration

Since we cannot directly measure the link length, joint
CoR and AoR, calibration is necessary before implementing
any model based estimation. The wrist CoR is crucial for
good estimation and we used a least square method [8] to
estimate it based on data from a calibration trial in which
subjects performed wrist movement across the range of
motion. For the other joints, we adopted the geometrical
approach described in [5] for our calibration since we used a
similar marker protocol and hand model except for the
thumb TM joint. The required measurements were joint
thickness of MCP, PIP, DIP, IP, and TM joints, as well as
the thickness of the FT. Then the other parameters of the
model could be derived geometrically by collecting data
from calibration trials. For each frame:

1. Calculate the root frame of reference from the wrist
markers;

2.Fit the digit plane using 4 markers of each digit and
project the markers into corresponding digit planes;

3. Calculate the orientation of the articulations based on
the new marker positions to find joint AoR and
displace the maker position by half of the joint
thickness to find the joint CoR;

4. Calculate link length using joint CoR.

The model parameters can be computed by taking the
mean of the parameters derived for each frame. The
repeatability and accuracy of the calibration procedure were
tested and were consistent with [5].

III. IMPLEMENTATION OF EXTENDED KALMAN FILTER

A. Extended Kalman Filter

Estimating hand postures with the marker position
information is essentially a non-linear estimation problem in
which the joint angles (as well as the root position) of the
hand is the state and the 3D marker positions are
observations. Extended Kalman filter is the non-linear
version of Kalman filter and has been successfully
implemented in many situations [9]. Let the nonlinear
estimation problem be

State transition model: x, = f(x,_,,u, | )+wW,,

)

Observation model:  z, = h(x,_,)+V,

where w, and v, are process and observation zero mean
Gaussian noise with covariance matrices Q; and R;
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respectively. The EKF linearizes about the current mean and
covariance and recursively estimate the states while
minimize a posteriori estimation error covariance Py with
the following structure

Predict: fik\k—l = f(ik‘kfpuk\k—l)
Pk‘kfl = Fk—lPk—l\k—leT—l +Qu
Update: §y, =z, _h(ik\k—l)

_ (2)
K, = Pk\k—lHlf (HkPk\k—lle +R;) ]

X = Xjea T K.y,

Pk\k = -KH, )Pk\k—l

where P is the estimation error covariance, K; is the Kalman
gain, F and H are Jacobians defined as

_on
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B. EKF tracking procedure

We divided the state space into four subspaces and
estimated them using four separate EKFs to reduce the
computational load of large (29 DoF) state space. The four

subspaces are RT space (X}, 6 states), index-middle-wrist
space (X}, , 10 states), thumb space (X}, 5 states), and

ring-little space (x%, , 8 states). We also assumed a static

state transition model in which the posture of the hand at
time £ is the posture of the hand at time -1 superimposed by
a random small motion that is modeled with zero mean
Gaussian noise. Here we present the RT tracking as an

example. Let the root state vector bex) and the marker

position vector be z';, the state transition model, and
observation model in eq. (2) become

4)

where 4 is nonlinear with trigonometric functions that
transform joint angles into Cartesian space positions. w; has
a diagonal covariance matrix with the diagonal elements
derived from the assumption that the state vector undergoes
a independent velocity with normal distribution of zero
mean and standard deviation vector o,. o, could be tuned

according to the estimated speed of hand movement during
the upcoming task. The covariance matrix of v, was hand
tuned to represent the marker placement error and skin
stretch.

For the other three sub state spaces, the state transition
model was formulated in the same way. However, we used
transformed marker positions as the observation z; instead of

raw marker positions. The four EKF worked in particular
order at each time step, as shown in Fig. 3. We first

estimated the RT states x%, then constructed the

R
homogeneous transformation Ty such that all digit markers
can be expressed in the root frame of reference. Then, the
EKF for state space of index, middle fingers and the wrist
X}, were always working in the root frame of reference.
Lastly, the markers of thumb, ring, and little fingers were
further expressed in the palm frame of reference using
homogeneous transformation T} constructed from wrist
state, such that the kinematic structure of thumb, ring, and
little fingers can be estimated using EKF.

All model parameters were calculated in the calibration
trials. At the first frame, the initial values of the states were

estimated using the same geometrical technique described in
the model calibration section.

Marker positions
t(k)

Initialization t(0)

Estimate RT

Estimate
| kinematicsof index, |
middle, and wrist

/
/

Estimate
kinematics of
ringand little

Estimate
kinematics of
thumb

Fig. 3. Flowchart of the EKF tracking procedure.

C. Missing markers

Hand motion may occasionally produce maker occlusions.
In this work, we took care of missing marker data at time
step k by using the state estimations made at time step k-1
and k-2, assuming the states changed the same amount from
time k-1 to time k as from time k-2 to k-1. Other methods
could also be used. For instance, we can change the %
function in eq. (4), thus the rank of the corresponding
Jacobian matrix.

D. Experimental Setup

In our actual implementation, we used a motion tracking
system with active markers (PhaseSpace Inc., San Leandro,
CA, U.S.). The marker positions were sampled at 120Hz and
automatically labeled by the system. The joint thickness was
measured using a digital caliper. The EKF scheme was
implemented in MATLAB as post processing. However, we
recorded the computation time for each step to show its
capability of real time implementation. The PC we used in
this study was Intel Core 2 Duo 2.26GHz, and 3GB RAM.
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Three subjects participated the experiment. Each subject
performed 1 calibration session, and 2 different tasks. All the
trials started with the hand wrapping and resting naturally on
a spherical handle. In the calibration session, subjects were
instructed to move hand as well as all the joints at self
selected speed for 30 seconds. In the first task, subjects were
instructed to do tip to tip pinch, that is, using tip of the
thumb to touch lightly on each of the tips of the other digits
for about 1 second (Fig. 4). This task was repeated 5 times
for each finger (therefore 25 contact events for each subject).

Fig. 4. Snapshot of subject performing tip to tip pinch, blue stars and
red circles represent markers and joint CoRs, respectively.

In the second task, the subjects were instructed to reach
and grasp 5 different objects (scissor, jar lid, key, pen, and
bottle). Each of the objects was grasped 5 times (25 grasps
for each subject).

IV. EXPERIMENTAL RESULTS

A. Tracking performance

To evaluate the performance of the EKF tracking
approach, we present the results of the two tasks. In the tip
to tip pinch task, we computed the distance between the two
tips D,, and compare it with the half of the sum of the FT
thickness D, for each contact event. This is under the
assumption that FT has a spherical surface. The results
(Mean £ SD) from each subject are shown in Table 1. It can
be seen that the computed errors were only 2-4 mm.
Furthermore, we observed an increasing trend of error from
the index to the little finger. This can be explained by our
hand model which did not account for the palm curving.

In the grasping task, we show the grasping posture from
one representative subject in Fig. 5. The results reasonably
reconstructed the actual posture, therefore suggesting the
application of EKF based tracking in hand kinematic

'scissor'

jar lid'

)

bottle’

Fig. 5. Snapshots of subject performing different grasps.

analysis. Overall, the consistency of both small tip to tip
error and postural tracking across subjects indicated that the
performance of the EKF based whole hand tracking is quite
well.

B. Computation time

The mean computation time for updating one time step is
4.36 ms. This indicates that the proposed EKF estimation
can be safely implemented in a real time system that samples
the hand posture at up to 200 Hz.

TABLE I
ERRORS OF FINGER TIP ESTIMATION (MEAN + SD, MM)

Finger in

contact Subject 1 Subject 2 Subject 3
index 1.9+0.2 2.0+0.1 2.340.1

middle 2.1+0.1 1.840.2 2.0+0.1
ring 3.6+0.1 3.5+0.2 2.9+0.3
little 4.2+0.2 3.840.3 3.5+0.2

V. CONCLUSION AND FUTURE WORK

We presented a framework of tracking whole hand
kinematics in real time with high sampling rate using
extended Kalman filter. The hand model and marker
protocol was described, as well as the calibration and
computational structure. Future work includes testing and
comparison of different hand models and marker protocols,
optimization of the computational structures, and
investigation of other non-linear estimation techniques.
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