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Abstract

The integration of visual and inertial sensors for human motion
tracking has attracted significant attention recently, due to its robust
performance and wide potential application. This paper introduces
a real-time hybrid solution to articulated 3D arm motion tracking
for home-based rehabilitation by combining visual and inertial sen-
sors. Data fusion is a key issue in this hybrid system and two dif-
ferent data fusion methods are proposed. The first is a determinis-
tic method based on arm structure and geometry information, which
is suitable for simple rehabilitation motions. The second is a proba-
bilistic method based on an Extended Kalman Filter (EKF) in which
data from two sensors is fused in a predict-correct manner in order
to deal with sensor noise and model inaccuracy. Experimental results
are presented and compared with commercial marker-based systems,
CODA and Qualysis. They show good performance for the proposed
solution.

KEY WORDS—sensor fusion, extended Kalman filter, iner-
tial sensor, human motion tracking, home-based rehabilitation

1. Introduction

Traditionally, stroke patients take physiotherapy in a hospital
or care centre with the help of physiotherapists or well-trained
carers to diagnose if they are performing rehabilitation cor-
rectly. However, because of staffing shortages in the National
Health Service, and the need for a prolonged period of time for
rehabilitation exercise, patients are not receiving enough treat-
ment. It is desirable to develop a novel motion tracking system
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to support the rehabilitation programme for patients in home
environments, so that the burden on hospitals and physiother-
apists can be relieved. Standard methods for clinical human
motion analysis involve marker-based motion tracking. Track-
ing results from these systems are quite accurate because they
mark objects of interest. There are a many commercial marker-
based human motion capture systems that can be employed for
tracking a patients’ motion; such as CODA (Charnwood Dy-
namics Ltd) and Qualisys (Qualysis). However, in addition to
the difficulty of calibrating cameras and markers, these sys-
tems are too expensive for daily deployment in stroke patient’s
homes, and too complicated for physiotherapists to interpret
patients’ motion tracking results.

Recently, an attempt has been made to design a visual-
based marker-free tracking system for human motion cap-
ture (Aggarwal and Cai 1999; Gavrila 1999; Moeslund and
Granum 2001; Wang et al. 2003). Marker-free tracking sys-
tems are very attractive, because instead of special cameras
and intrusive markers they require only conventional cameras.
However, designing a video system to track human motion is
a non-trivial task because of a number of difficulties (Smin-
chisescu 2002), including depth ambiguities, occlusion, and
kinematics singularities, etc. In order to simplify the human
motion tracking problem, most human motion tracking algo-
rithms employ a shape model of the subject to support track-
ing. The shape model of a subject varies from simple skeleton
models (Chen and Lee 1992), to 2D patch models (Ju et al.
1996), and sophisticated 3D volumetric models (Deutscher et
al. 2000; Sidenbladh et al. 2000).

However, current model based human pose estimation
methods have to specify models for each subject. This makes
the generalization of subject tracking in such systems difficult.
Some methods are based on prior knowledge (statistical data or
learned offline), e.g. the appearance of a subject, the geometry
of a subject, or the kinematics and dynamics of a subject’s mo-
tion (Sidenbladh, Black and Fleet 2000). These methods par-
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tially limit the performance and application domain of tracking
algorithms by making them either computationally costly, or
too inaccurate for real-life application. Alternatively, systems
that use multiple cameras to track motion in 3D and deal with
the occlusion problem (Gavrila and Davis 1995; Moeslund and
Granum 2000a) have robust performance, but multiple camera
systems are difficult to calibrate and are computationally ex-
pensive.

The current trend in human motion tracking is to estimate
3D poses of a human body using monocular vision, which is
a very challenging task. Multiple visual features, prior knowl-
edge, and subject models, are normally combined in such ap-
plications (Sminchisescu 2002; Sidenbladh et al. 2000). Al-
though current tracking results are promising, their computa-
tional cost is high, and they suffer from the same problem as
model-based methods. Their accuracy needs more investiga-
tion before they be employed in real-world applications. Ide-
ally, it is desirable to have a real-time pose estimation system
for human motion tracking which adopts a single camera, and
has no need to employ a shape model, a uniform background,
or prior learnt knowledge. However, due to the limitations of
visual sensors as mentioned above, such a system does not yet
exist.

Inertial tracking is also an active research area, and has
been applied recently to human motion analysis. Popular in-
ertial sensors are accelerometers and gyros. In previous work,
accelerometer sensors (Tetrud et al. 2002; Bussmann 2000;
Veltink et al. 1996) or gyro sensors (Bachmann 1999) were ap-
plied separately to a human body to detect and analyse human
motion. However, only limited information was obtained. Re-
cently, the trend has been to integrate accelerometers and gy-
ros into single inertial sensor units such as the MT9 (Xsens),
in which both acceleration and rate of turn can be obtained
for motion analysis. Zhou and Hu (2005) used an MT9 sen-
sor to track 3D human arm motion in real time. Although a
simulated annealing algorithm was employed to correct the in-
ertial sensor drift problem, the method only worked for a sim-
ple flection—extension motion of upper limbs. Inertial track-
ing suffers from severe drift problems, due to sensor noise and
bias, and cannot provide accurate position information during
continuous operation.

In general, no sensor is perfect, and each sensor has its
strengths and limitations. Pure vision based tracking has low
jitter and stability merits, but lacks fast motion performance
due to motion blur and occlusions. Inertial tracking is good for
fast motion tracking, but its long term stability is affected by
severe drift problems. Hybrid tracking based on visual and in-
ertial sensors, offers not only fast motion tracking and good
stability, but robust performance over occlusions. Currently,
we are developing a real-time motion tracking system to track
the motion of articulated objects (human upper limbs in home-
based rehabilitation), which is cheap and easy to use in com-
parison to commercial marker-based systems. It is based on
the integration of both visual and inertial sensors. The main

focus of this paper is on the development of a suitable pose
estimation method.

The rest of this paper is organised as follows. We begin in
Section 2 with a literature review of previous research in mo-
tion tracking using inertial and visual sensors. An overview of
our proposed hybrid approach is presented in Section 3. Sec-
tion 4 describes the inertial tracking part and Section 5 outlines
the visual tracking part. State estimation of arm motion via the
fusing of data from both vision and inertial sensors is presented
in Section 6. Some experimental results on the performance
of these hybrid motion tracking methods are shown in Sec-
tion 7. Finally, conclusions and future work are presented in
Section 8.

2. Related Work

Motion tracking methods based on an integration of visual
and inertial sensors have received more and more attention re-
cently. They have a wide range of real-world applications, such
as Augmented Reality (AR), Ego-motion estimation for robot
navigation, and helmet-tracking systems (HTS), etc. Foxlin
et al. (2004) used two inertial sensors and three cameras to
track a pilot’s head motion accurately in a cockpit for enhanced
vision. Three cameras were employed in an inside-outside-in
mode, and data fused with inertial data using a decentralized
Kalman filter (Foxlin 2002). The system tracks a head’s mo-
tion accurately and stably, but is very expensive. Furthermore,
complicated sensor deployment makes the method difficult to
generalize to other applications.

You et al. (1999) integrated visual and inertial sensors for
tracking in augmented reality applications. Data fusion was re-
garded as an image stabilization problem. Visual and gyro data
was fused using an extended Kalman filter. This approach was
subsequently employed in (You and Neumann 2001) to track
a six-degree-of-freedom object pose. Visual data was obtained
by detecting and tracking known artificial fiducials. Only gyro
data was used in their method, which partially simplified the
problem. The experimental results were quite promising in a
2D image plane, but not yet verified in 3D cases. Lang et al.
(2002) also used extended Kalman filters to fuse different
data modalities from visual and inertial sensors. In this work,
both gyro and acceleration data from inertial sensors were em-
ployed. The visual input of the EKF estimation method was
calculated by using a Perspective-n-points method (Lu et al.
2000). The experimental results based on one axis translation
and one axis rotation motion were obtained separately. This is
far from applicable in the proposed mobile augmented reality
application.

Recently, developments in visual and inertial sensor fusion
have included an estimation of object pose, and the structure
of a scene from motion. Chen and Pinz (2004) estimated struc-
ture and motion by fusing visual and inertial sensor data using
an EKF. It is based on You and Neumann’s work (2001), but
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extended to use acceleration and estimate structure in addition
to motion. Chai et al. (2002) used two extended Kalman filters
linked by a recursive loop: one for motion estimation and the
other for structure from motion. Strelow and Singh (2003) pro-
posed two methods for motion and structure estimation from
visual and inertial measurements, namely a batch method us-
ing the Levernberg—Marquardt method and an online method
employing an EKF. These methods include visual feature de-
tection, selection, and tracking used for environments without
known fiducials.

All of the above methods use multiple feature points from
the visual sensor, either in a direct way (You and Neumann
2001; Strelow and Singh 2003), or indirectly based on the P-N-
P method (Lang et al. 2002; Chen and Pinz 2004). Multiple vi-
sual feature points offer redundant measurements and provide
good performance; they are therefore widely used. However,
detecting, selecting, and tracking multiple feature points in
an image sequence is a difficult task, especially when feature
points are identical. Alenya et al. (2003) proposed a method
for fusing visual contours with inertial data instead of fea-
ture points. However, the initialization of tracking contours can
only be solved manually, and contour tracking is computation-
ally demanding. Huster and Rock (2001) introduced a method
for fusing visual and inertial data by using only one feature
point. Their emphasis was on exploiting inertial information to
reduce the visual information required in the tracking process
because visual information is expensive to process and eas-
ily distracted by clutter or noise. However, using a single fea-
ture point is problematic because of the non-linear property of
the fusion problem. A conventional non-linear EKF estimator
may fail to estimate a system’s state vector accurately. Huster
(2003) proposed a new estimator for the one feature point and
inertial data fusion problem. Experimental results on a pick up
object task showed good performance.

Existing hybrid methods differ in the number of inertial and
vision sensors used, and the number of visual feature points,
as well as different fusion algorithms. It is always desirable to
use less sensors and efficient algorithms if we can achieve the
same goal. Therefore, we build our motion tracking system by
using a video camera and an inertial sensor to capture a sub-
ject’s motion. In order to simplify the image processing pro-
cedure and improve the robustness of the system over image
noise, we adopt the concept of commercial marker-based sys-
tems that feature the object of interest by colouring the target.
Only the image position of the coloured object is employed in
our method, similar to Huster’s method (2003). We propose
two methods in this paper to exploit the data fusion of iner-
tial and visual sensors. Detailed information is provided in the
following sections.

3. System Overview

Instead of tracking whole body motion, we focus our work
on upper limb motion tracking at this stage. This is because
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Fig. 1. Arm model and system configuration.

upper limb motion is a very important recovery process for
stroke patients in home- based rehabilitation. The system will
be extended to lower limb motion capture and analysis at a
subsequent stage, i.e. gait analysis, which has attracted a lot of
interest recently (clinical gait analysis).

3.1. Arm Model

In this work, an arm is modelled as a skeleton structure which
consists of two segments linked by a revolute joint (see Fig-
ure 1). This skeleton structure is simple, but it is acceptable
when recovering arm motions in rehabilitation, e.g. flexion,
extension, target reaching, feeding, etc. No shape model (for
example to model the limb as truncated cones (Goncalves et
al. 1995)), is considered in our method. In order to simplify the
tracking problem, we assume that the shoulder joint is fixed
during motion and the position is known a priori; which is a
realistic constraint that has been widely used in many upper-
limb motion tracking systems (Goncalves et al. 1995; Moes-
lund and Granum 2000b). Furthermore, we assume the length
of forearm L;, and upper arm L, are known a priori.

3.2. The State Space

There are different ways to represent the pose of a human arm
in state space. In this paper, we mainly use Cartesian coordi-
nates supported by a joint angle representation. Johansson’s
psychology experiments in moving light displays (MLDs) (Jo-
hansson 1973) showed that a set of body joints’ motion trajec-
tories are meaningful, and can be used to analyse a subject’s
motion (or be used for recognition). Based on an arm model
and MLD experiments, the pose of an arm can normally be
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represented using six variables in Cartesian coordinates; these
are the elbow position P, w = {x., Ye, 2.} and wrist position
Py.w = {xw, Yw, 2w}, Where W represents the world frame.
The state vector thus has six DOFs, represented as follows:

Pow(k
X (k) = w1 )

PW,W(k)

Another representation is the joint angle based method, where
the arm is modelled in a four- dimensional phase space. There
are three joint angles {y, 6, ¢} in the shoulder joint and one in
the elbow joint a. This representation is widely used in robot
manipulator applications.

3.3. System Configuration

Figure 1 shows the system configuration and related coordi-
nate systems of our proposed arm motion tracking system; in
which three coordinate systems are adopted as follows:

e Camera frame (C): This is attached to the camera and
its origin located in the camera centre. Unlike conven-
tional hybrid systems in which camera and inertial sen-
sors are rigidly aligned and attached to a moving object,
we separate the camera and inertial sensor in different
places. The video camera is fixed in the environment
and used to capture a subject’s arm motion; while the
inertial sensor is attached to the wrist joint of the sub-
ject’s arm. There are two advantages to arranging the
equipment in such a way: first, the camera is too heavy
to be attached to a patient’s limb, and it may affect the
patients’ rehabilitation motion; second, captured images
from the camera may provide additional information to
assist articulated human motion besides fusion input,
which leaves great potential for further exploitation.

e Inertial sensor frame (B): This is attached to the body
of an inertial sensor, as shown in Figure 1. During mea-
surement, the inertial sensor is attached to a human arm.
The pose of the inertial sensor frame with respect to the
world frame R, T\¥ changes from time to time as the

arm moves.

e World coordinate system (W): This is a reference frame,
where the joint positions of a human arm are tracked and
represented. It is also an intermediate coordinate system
that links visual and inertial measurements. It is defined
by overlaying reference frame W with inertial frame B.
Note that world coordinate system W and camera coor-
dinate system C, are rigidly aligned and related by ro-
tation matrix RYY and translation vector 7/”, as shown
in Figure 1. The calculation of both R} and T is per-
formed at the initialization stage.

Fig. 2. MT9 with body fixed coordinate system B.
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Fig. 3. Inertial tracking processes.

Before we discuss how to estimate system state using fusion
methods, we will first introduce inertial and visual tracking
respectively.

4. Inertial Tracking

Normally, an inertial sensor is attached to a moving object.
The conventional usage of inertial sensors in motion tracking
is to calculate the relative change of a moving target in position
A P (k) and orientation A O (k) between two consecutive sam-
pling times; based on measurements of acceleration a® (k) and
angular velocity w? (k) from the inertial sensor. The k means
“at sampling time k”, while superscript B means “data mea-
sured in sensor frame B”. In our motion tracking system, we
use an MT9 inertial sensor from Xsens, which has a body fixed
Cartesian coordinate system (B) as shown in Figure 2.

If we define a reference world coordinate system (W) as
shown in Figure 3, the pose of the moving upper limb (where
the inertial sensor is attached) can be calculated as follows:

Ok+1) = Ok +A0K) )

Pk +1)

P(k) + AP(K). 3)
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4.1. Orientation Data

Orientation information can be calculated from angular veloc-
ity ®? (k)deduced from inertial output. Fortunately, besides an-
gular velocity output, the MT9 inertial sensor contains a pro-
prietary algorithm that can accurately calculate, over time, the
absolute orientation of the moving sensor with respect to refer-
ence frame O (k) in 3D space. The output format of orientation
information O (k) can be rotation matrix RZ, or Euler angle
(roll, pitch, and yaw; represented as {w, 6, ¢}), or quaternion
q = {a, bi, cj, dk}. Our experiments show this orientation in-
formation is quite accurate, and can be used directly in motion
tracking; which considerably simplifies the tracking problem.

4.2. Position Data

We assume a constant acceleration motion model for the posi-
tion tracking problem. The system’s position dynamic model
can be expressed as:

Pk+1)= Pk)+vk)At + %a(k)Atz 4)

where v represents the velocity of a moving object, and can be
expressed as:

vk + 1) = v(k) + a(k) At (5)

where At is sampling interval, and a (k) is acceleration of the
moving object in world frame W.

However, the acceleration output of the inertial sensor
is represented in moving frame B, expressed as a? =

(af,a},a?). The relationship between them is:

a(k) = q(k) x a® (k) * q(k) — g (6)

where * denotes quaternion multiplication; g is gravity, and
q(k) is the unit quaternion that represents the orientation of
frame B relative to reference frame W.

In theory, inertial tracking alone can fulfil our motion track-
ing tasks. However, the inertial sensor has a drift problem, and
is very sensitive to noise. It is necessary to use visual data to
correct its drift, which will be addressed in next section.

5. Vision Tracking

Images captured by a video camera can offer different features
to assist upper limb motion tracking. Some useful features are
edges, colour, contours, and optical flow, etc. In this work, we
only employed colour features of the target object in order to
achieve real-time performance and to reduce the possibility of
occlusion problems.

%
N,

(a) Original image

(b) Segmented image

Fig. 4. Colour object detection using the CAMSHIFT algo-
rithm.

5.1. Colour Object Tracking

Skin colour is a natural image feature and very useful in hu-
man motion tracking applications, which is used in our de-
terministic method. There are many different parametric or
non-parametric models for detecting skin colour (Vezhnevets
etal. 2003). In our approach, we employ a Continuously Adap-
tive Mean Shift (CAMSHIFT) algorithm (Bradski 1998) to
segment and track a coloured object. This algorithm’s per-
formance is fast and robust (Tao and Hu 2004). Unlike other
skin colour specified algorithms, CAMSHIFT is able to track
any kind of target colour by building a histogram distribution
colour model in Hue Saturation Value (HSV) colour space.
It will make our tracking system easy to generalize and able
to track different target colours. The histogram distribution is
later used to segment a target object from a background image.
Figure 4(a) shows the original image, while Figure 4(b) shows
the segmented target object.

CAMSHIFT uses a fixed colour model. Once a colour
model is built, it is assumed suitable for a whole image se-
quence. In other words, it assumes lighting conditions are sta-
tic during a tracking period. This assumption does not hold
in real life, lighting changes over time, and a coloured object
may reflect ambient lighting, which causes it to take on an-
other colour. Using a fixed colour model may fail or not track
objects stably. Figure 5(a) shows an image at an initial stage.
The colour model works well initially, however, it fails to de-
tect the object in (b), when lighting conditions change.

Some researchers (e.g. Wren et al. 1995) use adaptive
colour models to deal with this problem, which means that
after building the colour model represented as M in the ini-
tialization stage, the colour model is updated during each
frame, by the measurement Y; obtained, using the equation:
My = aYy+(1—a)M;_;. The problem with this method is that
it is difficult to properly define coefficient o. In addition, the
colour model may drift if measurement Y} or the coefficient is
inaccurate.

We use a simple but effective sampling method. The colour
model is built based on some sampled sub-images at an initial
stage. First we move a target object randomly in the camera
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(a) Image at initial stage
L— |

(b) Results of Fixed Colour Model
b =

I NS

(c) Results of Sampled Method

Fig. 5. Results from different colour models.

view, and select several points in the region of interest from a
live video. Second, a 17 x 17 sub-image is extracted for each
point, and these sub-images used to calculate a colour model.
As can be seen in Figure 5(c), this method detects an object
when a fixed colour model fails.

In the worst scenario, direct hand tracking is very noisy and
unreliable. A colour belt can easily be introduced into the sys-
tem by attaching it to the wrist joint to highlight its position
(see Figure 14). The proposed tracking method can be used di-
rectly without any change or extra computational cost. Using
a colour belt instead of a marker has several benefits. First, it
doesn’t increase the possibility of occlusion, as it is observable
from different angles. Second, it is not affected significantly by
muscle or skin movement as much as markers do.

The spatial mean position z = (I, I,) of the detected fore-
ground object is regarded as the 2D position of the target ob-
ject. The correspondence problem of motion tracking is solved
by assuming small smooth motion between two consecutive
frames. The output of colour object tracking is the motion tra-
jectory in a 2D image plane, which will be used to fuse inertial
tracking results.

5.2. 2D-3D Relationship

The video camera used in our approach is calibrated using a
pin-hole camera model, including both intrinsic and extrinsic

parameters. Fig. 6 shows camera parameters and the imaging
system.

The 2D visual measurements of colour tracking results are
related with scene point P, by a measurement equation ex-
pressed as follows:

Pec(k)
L. (k) P.c®)
_ - Pyc(k)
«® AN R
1 1
Px,W(k)

~ KIx«|RYx| Powk) |+TF | D
Pz,W(k)

where KI are camera intrinsic parameters calibrated offline;
Pc = (px,c, Py,c, P-,c) is the scene point represented in cam-
era frame C; Py = (p«,w, Py,w, P-,w) is the scene point in
word frame W, and ‘~’ means “the equation up to a scale”.
Homogeneous coordinates are used in (7) to express an affine
transformation.

6. Hybrid Arm Motion Tracking

According to the above system configuration and arm model,
arm tracking is a process of essentially locating the posi-
tions of wrist and elbow joints respectively in each frame. It
is achieved by integrating visual and inertial sensing, which
therefore makes the tracking system more robust and applica-
ble. We propose two methods in this section, a deterministic
method and a probabilistic method, to fuse inertial and visual
data for arm motion tracking.

6.1. Deterministic fusion method
6.1.1. Elbow Position Calculation

As shown in Figure 8, an inertial sensor is attached to, and its
x axis aligned with, a subject’s upper limb. Given the length of
the upper limb, the elbow position can be uniquely determined
in sensor frame B as P, g = {L, 0, 0}, where Lis the length
of the upper limb. The elbow position in the reference system
can be calculated according to the following equation. Ps y is
the shoulder joint in the world frame, and assumed known a
priori:

Pe,W = Rg/Pe,B +P&‘,W' 3
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Scene point P

y ~
Ow

X

Camera coordinate
system

Fig. 6. Camera model and imaging process.

6.1.2. Wrist Position Calculation

The wrist position is calculated based on the results of 2D
colour object tracking, camera calibration, and the elbow cal-
culation described in the previous sections. Two constraint
equations are involved in the calculation. One constraint equa-
tion is from the 2D-3D relationship in Section 5. Given the
calibrated camera parameters and an image point z, the corre-
sponding line (line OcPc in Figure 7) in camera centred space
is uniquely determined, which comprises all world points that
map to the same image point z. This is a one-to—multiple map-
ping. The possible 3D positions of scene point P corresponding
to image point z can be represented in the camera coordinate
system as follows:

Pc(l) = O¢c + APTz ©)

where P is the inverse pseudo of the camera projective ma-
trix, and A is a parameter. Since all our data is represented in
world frame W, the back-projected line can be converted to
such a coordinate system using camera extrinsic parameters:

Pow(l) =RY'Pc(l)—TY. (10)

Another constraint equation develops from the geometry
relationship between elbow and wrist joints, as the forearm
length is known and fixed. The possible position of the wrist
joint consists of a sphere surface, and is defined by:

Y

According to the above analysis, the solution space of the
wrist joint can be reduced from a line and a sphere surface to
at most two points by calculating the intersection points of the
sphere and back projected line, as shown in Figure 7 (where an
arrowed line is the back projected line).

(PW,W - Pe,W)2 = L%

v

7 World coordinate

system

Image plane

Fig. 7. Intersection of a sphere and back projected line.

There are three possible situations for the intersection of a
sphere and a line:

(1) No intersection point — For this situation, we introduce
a variance ¢ for radius L, of the sphere. If the distance
between the centre of the sphere and back projected line
D satisfies (12), the closest point on the back projected
line to the sphere centre is taken as the 3D object po-
sition. If (12) is not satisfied, the wrist position in the
previous frame is used in this frame.

D<L,+¢ (12)

(2) One intersection point — This is the ideal situation,
where the intersection point is regarded as the 3D po-
sition.

(3) Two intersection points — Selecting the correct intersec-
tion point from two solutions is achieved by using con-
straints.
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Fig. 8. Forearm coordinates system.

Wrist trajectory

Fig. 9. Wrist trajectory.

e First, a motion smoothness constraint is employed
which requires the velocity AP and orientation
A O change of the target object between two con-
secutive frames to be small. Of the two intersec-
tion points, the one that contributes more to the
smoothing motion is selected.

e Second, the arm model is used to distinguish and
select the correct intersection point. In Figure 8,
the coordinate system XYZ represents the sensor
frame at time step k. The forearm is also expressed
in this coordinate system. We only assign one de-
gree of freedom to the forearm, which is the ro-
tation angle a in the XOZ plane. This means the
wrist joint position is only located in a XZ plane,
and the trajectory is a circle instead of a sphere.
Taking the geometry constraint of the range of
the elbow angle (which is about [0°, 149.75°] in
Tolani et al. 2000), the trajectory of the wrist joint
is a clip circle arc (Figure 9).

Using these two constraints, we can successfully select the
right intersection point from two candidates.

6.1.3. Error Propagation Study
There are many noise sources in a deterministic hybrid track-

ing system. The first is from visual tracking. Visual tracking is
only performed in a 2D image plane in our method. Inferring

3D scene properties from 2D image measurements is an under-
constrained task due to a lack of depth information. A small 2D
image measurement error may dramatically affect the 3D re-
constructed optical line, and therefore affect tracking accuracy.
The second is from inertial tracking. The movements of an up-
per arm muscle may affect MT9 output, and therefore affect
elbow position calculation. This error will accumulate in wrist
joint position calculations. Other error sources are, for exam-
ple, image segmentation, camera calibration, etc. Here we per-
form a simple version error propagation study by analysing
two main error sources from visual and inertial tracking re-
spectively. To simplify the problem, we assume that visual
tracking error is independent of inertial tracking error.

Visual tracking error propagation

Visual output is the 2D image position z = (I, /,). Output
error is represented as (01, 01,). The error propagation study
is used to find out how visual tracking error affects a target
object’s position accuracy 0 P, w = (8, Oy, 0Zy). A target
object’s position P, w = (X, Y, Zw) is related to visual in-
put according to equation (7), (9), and (10). We expand these
equations as follows:

Xy | fx(Ix: Iv)
PW,W = Yw = fy(lx»]y)
Zw | S, 1y)
Iy
= RI7'"| Oc+aPt| I, -1V
1
I

= RIT'Oc —T¥ + RE'aPT | I, (13)
N—_——————

———
KC3x3 1

K S3x1
where KSis a3 x 1 vector and KC a 3 x 3 matrix. Both have
constant values. In this study, the extrinsic RS, T}, intrinsic
P and A parameters are assumed known and accurate. In re-
ality, the calibration procedure is not 100% accurate. These
errors are called systematic errors, and the careful design of
an experiment will allow us to eliminate or correct systematic
error (uncertainties and error propagation).

We illustrate the error propagation calculation in the x co-
ordinate using eq. (14). It is the same calculation procedure in
the y and z coordinates.

Xy = fx(IXst):KSII+KC111x+KC121y+KC13
ofc o \* L (0 )’

0 = —0l, —0l, 14

oo (Fon) (o) a9

Downloaded from http://ijr.sagepub.com at SWETS WISE ONLINE CONTENT on June 28, 2007
© 2007 SAGE Publications. All rights reserved. Not for commercial use or unauthorized distribution.


http://ijr.sagepub.com

Tao, Hu, and Zhou / Integration of Vision and Inertial Sensors for 3D Arm Motion Tracking 615

|

O _ KCy o _ KCp,.
ol ol,

The maximum visual output error in our experiment is
max(0/,) = 10pixels, max(dl,) = 10pixels. We can cal-
culate the worst target position deviation in our experiment as
ox,, = 1.495¢m, oy,, = 0.914cm, dz,, = 1.17cm.

It should be noted that in (14), target tracking accuracy is
unbounded if visual tracking is very noisy.

Inertial tracking error propagation

We use orientation output, roll, pitch, and yaw {v, 8, ¢} from
an inertial sensor. A target object position is governed by the
equation:

Xy fe(y,0,¢)
PW,W = Yw = fy(l//’e’ ¢)
Iw fz(l//ses (»b)

=PwtLy=REP.g+Pow+tL,

[ CoCO  CPSOSY — SPCy  CHSOCY + SpSy
= | S¢CH SPpSOSy + CHCy SPpSHCy — ChSy
-S5O CoSy CoCy
Ly
x | 0 |+PwstL, (15)
of . N (of N\ (0f )]
ox, = /[ =0 =256 o
o \/(aw "”) +(60 T
o B B
% _o % _spcpr, Y _coseL,
oy o0 o
oxy = \/(SOCHL,60)* + (COSPL,0¢)?

< L11\/0.580% + 0.50¢>.

According to Xsens, 0y, 06, 0¢p dynamic accuracy is 3 de-
grees. Therefore we can calculate dx,, < 6¢cm, 0y, < 6cm,
0z, < 6cm.

The error propagation results coincide with the experimen-
tal results shown in Section 7. The deterministic method is an-
alytical; it searches completely the state space, runs fast, and
converges correctly. However, this method is sensitive to noise,
as errors are not modelled and compensated for in tracking. Er-
ror from different sources may accumulate as time passes, and
degenerate system performance.

Fig. 10. Inertial position.

6.2. Probabilistic Fusion Method

We propose using a probabilistic fusion method, an extended
Kalman filter (EKF), for arm motion tracking. Process noise,
measurement noise, and model noise, are normally modelled
and accounted for in probabilistic methods. These kinds of
system are expected to achieve more robust performance over
noise.

System configuration is slightly changed from the deter-
ministic method. The inertial sensor is now attached to the po-
sition of the wrist joint by a colour belt, and one of the axes
of sensor frame B is aligned with the forearm as shown in Fig-
ure 10. The reason for moving the inertial sensor from the up-
per to fore arm is to reduce the affection of muscle movement
on the output of the inertial sensor. The colour belt is tracked
with a visual camera using CAMSHIFT. The advantage of us-
ing a colour belt is that it will reduce the possibility of occlu-
sion.

6.2.1. State Space Pruning

It is always desirable that the size of a state vector should be
as small as possible while capturing all the essential proper-
ties of a system. This not only saves computational time, but
also ensures a search method can converge to a global min-
imum/maximum. Moreover, the EKF (Bar-Shalom and Fort-
mann 1988) is a linearised filter, and does not work well with
large sizes of state vectors in highly nonlinear situations. Fi-
nally, since we are using one visual feature point in mea-
surements, it is important to estimate with as small variabil-
ity as possible, to make the system observable. Moeslund and
Granum (2000) proposed an alternative phase space represen-
tation for arm motion capture, in which only two variables are
required to represent arm pose, i.e. the z coordinate of a wrist
joint z, and swivel angle o. Various constraints, such as an-
thropometric, kinematic, and collision, are employed to prune
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impossible z, and a. However, the problem with this repre-
sentation is that z,_oa space isn’t directly related to the visual
measurement silhouette. Each time, phase space variables have
to be converted from z,_a state space to Cartesian coordinates
in order to match silhouette data. This is computationally ex-
pensive and can introduce unavoidable errors.

In our arm tracking system, the size of a state vector can be
reduced from six to three in Cartesian coordinates. The main
idea is to simplify arm motion tracking by only tracking the
pose of the wrist joint so that the elbow joint is then inferred
from wrist joint tracking and arm geometry information. This
state space is linked to the visual and inertial measurements
directly, and does not need any space conversion. The detailed
procedures are similar to those of calculating elbow positions
in the deterministic method. The elbow joint in local frame B
is constant. Given the pose of local frame B with respect to
reference frame W, elbow joint position can be represented in
reference frame W using:

Pe,W = Rg/Pe,B + PW,W(k)' (16)

The system’s state vector is now down to 3DOF by tracking
the wrist joint position:

X (k) = Py w(k) = (x, (k), yw(k), 2w k)T (17)

6.2.2. Fusion

The goal of fusion filtering is to estimate the pose of a wrist
joint from the measurement of inertial and visual sensors. Sen-
sor fusion is implemented with an EKF that operates using
a predictor-corrector model, as shown in Figure 11. Inertial
tracking represented by (4), serves as the dynamic motion
model of the system, and is used to predict space states. Pre-
dicted states are corrected using the visual measurement (7).
The system’s state estimate X (k) and associated state covari-
ance matrix P P (k) involve (18), and equal the prediction func-
tion in Figure 11.

Xk+1" = fXGK) (18)
PPk+1)~ = FKPPK)FK + Q).
Measurement correction equations are given by:
Zk) = fX(K)) (19)
K(k) = PPk)y HK (HEK)PPKk) HKk)"
+ RGN
X(k+1) = Xk+ 1D +KEK)(Z(K) — Z(k)
PP(k+1) = (I-KWKHK)PPK)~

Inertial Tracker

& (k) a(k)

x(1) =)
L 4
Coaordinate

Transformation /_\

Prediction ‘ ‘ Correction ‘4—

a(k) Z(k)=(I..1,)

Visual Tracker

X(k)= @)

Fig. 11. Sensor fusion framework.

where Z(k) is visual measurement at time k; 2(1{) is predicted
visual measurement given the current predicted state according
to (7); F(k) and H(k) are the gradient of dynamics (4) and mea-
surement (7) respectively, at the current state estimate. Q(k) is
a process noise covariance matrix. It is assumed in our exper-
iments that accelerometer measurements are Gaussian noise,
and isotropic with ¢ = 0.4 m/s”. R(k) is a measurement covari-
ance matrix. Visual measurement noise is also assumed to be
Gaussian and isotropic with o = 4 pixels.

The visual camera and inertial sensors have different sam-
pling frequencies. In our method, we simply scale the sam-
pling frequency of the inertial sensor 100 Hz/s to equal that of
the visual camera, which generates 25 frames per second. Our
system can easily be extended to fuse data from asynchronous
sensors by employing a modified EKF (Welch 1996).

In our arm motion tracking method, the inertial sensor is
used to obtain the orientation and position of a wrist joint with
respect to reference frame W. The visual sensor is used to track
the 2D image projection of the wrist joint; and the tracking
results then input into a fusion estimator, an EKF, to correct
drift error in the inertial sensor. ElIbow position calculation is
a straightforward task, based on wrist joint calculation and the
geometry information of a human arm.

6.2.3. Occlusions

Due to the optical character of a camera, it requires a target
object in sight of view. When a target object is out of view
or occluded by another object, visual information is no longer
available. How to deal with the occlusion problem is one of
the criteria used to evaluate the robustness of a tracking algo-
rithm. In our proposed tracking system occlusion is very rare,
and occurs only for a short time. First, from an application
point of view a subject’s arm is normally required to be ob-
servable to a physiatrist when performing arm rehabilitation.
Second, we use a colour belt and wrap it around a subject’s
wrist, which makes the target observable from different an-
gles. Third, an inertial sensor is employed to track the target
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object with a visual camera. When a target object is not ob-
servable by the camera, the sensor fusion EKF relies more on
the inertial tracking; which doesn’t suffer from occlusion. We
use a simple strategy to deal with short time occlusion in our
system.

When occlusion happens at time k, visual information is not
available. We synthesize the input of correction stage z in the
EKF by choosing from the following two values:

(1) The visual tracking results at the previous time instant:

2 = it (20)
(2) The interpolated visual results from the previous two
frames:
) RAG Lk —1)
Z = =
¢ RAG Lk —1)
[ Lk—1 Ik —2
+ ( ) - ( ) . 2D
| Li(k—=1) I,(k —2)

The choosing criterion is calculated according to the fol-
lowing equations:

z = min(f(z}), £(z}) (22)
f@) = [zk) —2(klk — DIS™ (k)[z(k)
— Zklk=D] <y (23)

where S is the covariance matrix in the EKF, and (23) repre-
sents the validation region.

This strategy works well for short time occlusions and
smooth motions. However, when sudden motion occurs, or
the synthesized visual information is incorrect, tracking per-
formance may degenerate. We propose a further accuracy im-
provement model in the next section to improve tracking per-
formance.

6.2.4. Accuracy Improvement Model

Experimental results in Section 7 show that the fusion method
can successfully estimate a system’s state based on inertial and
visual data. However, the filter’s performance may degenerate
when both inertial and visual measurements are poor (or noise
parameter settings not properly established). An additional op-
timization model can be included in the system to improve ac-
curacy in these situations. It is called an accuracy improvement
model, and is based on two constraints.

The first constraint relies on the geometry of the human
arm, in that the length of an upper arm L, is fixed:

(Pow — Pew(X(k))* — L} =0. 24)

The second constraint uses the perspective projection prop-
erty of the pin-hole camera model. The re-projection position
of the wrist joint in a 2D image plane should be the same as
that for the colour tracking results.

L= proj(X(), =0, 1, = proj(X(k), =0.  (25)
We formulate the two constraints into a cost function:
FEXEN = 3P = Py (XE)) = L3
+ (L = proj(X(k)).)’
+ Iy = proj (X ()),)*)- (26)

The first term in (26), means that the elbow joint lies on a
sphere surface in which the centre is located in the shoulder
joint and the radius is the length of the upper arm. The second
and third term is to restrict the wrist joint, lying on a back-
projected line through the camera projection centre and the 2D
image position of colour tracking. Now, the task is to find X
(k) which minimizes (27):

X (k) = argminy ) f (X (k). @7

This is a nonlinear least square problem. The famous op-
timization algorithm Levernberg—Marquardt (LM) method is
employed here to find the system’s state vector X(k) at time
k that minimizes the cost function. Using an LM algorithm to
solve the minimization problem requires the initial value of
the variable. It is an iterating method; so it is important to pro-
vide it with a good initial value. This may reduce the number
of times the algorithm iterates, and ensure convergence to a
correct minimum. We combine the sensor fusion method de-
scribed in the last section and an LM algorithm to achieve im-
proved tracking accuracy. The procedures are as follows:

(1) Fuse data from the inertial and visual sensor using an
EKF algorithm.

(2) The results from the EKF method are used as the initial
value in (26) to find the minimum that meets (27).

6.2.5. Initialization

Initialization work is required to define the world frame, and
calculate the orientation and position of reference frame W rel-
ative to camera frame C, represented as R, T in Figure 12.
This is also necessary in order to relate the inertial and vi-
sual measurements in a consistent coordinate frame in prepa-
ration for fusion. As we have mentioned, reference frame W is
defined as the original frame of inertial local frame B. We em-
ploy a visual pose estimation algorithm (known as the Perspec-
tive n point (P-N-P) method) to initialize our tracking system.
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Fig.12. Illustration of visual pose estimation.
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Fig. 13. Top view of the experimental set up.

The principle of the P-N-P method is that given n 3D points
and their corresponding 2D projections in an image plane, the
pose between the cameras coordinate C and object coordinate
system B can be calculated (see Figure 12) using the algorithm
proposed by Lu et al. (2000).

The minimum number of feature points needed to uniquely
determine the pose between the two frames is four. In our
method, we use a square patch and the four corners are used
as feature points for pose estimation. The feature point’s de-
tection is achieved by first using the CAMSHIFT colour track-
ing algorithm to find the region of interest; feature points are
then detected and selected using LKFtracker (Shi and Tomasi
1994). These feature point detection results are input into the
P-N-P algorithm to obtain pose information.

7. Experimental Results

The tracking performance of our proposed hybrid tracking
system for arm motion is evaluated by comparing its results
with a commercial marker-based motion tracking system. We
used the CODA marker tracking system when performing

Fig. 14. Subject wearing an MT9 and CODA markers.

deterministic tracking method validation, and the Qualysis
marker tracking system when performing probabilistic track-
ing method validation. This is due to the availability of the
marker tracking systems. Results from the marker-based track-
ing system are accurate, and can be regarded as a ground truth.
If the accuracy of our tracking system can approximate the
accuracy of the marker-based tracking systems (even under
specific situations), this would be a good starting point for our
initial investigation.

7.1. Experimental Set-up

In order to evaluate the accuracy of our tracking system, we
capture a subject’s motion by using a marker-based tracking
system and our hybrid tracking system simultaneously. Fig-
ure 13 shows the top view of our experimental set up. A sub-
ject wears both an MT9 sensor and markers. The markers are
attached to the three arm joints of shoulder, elbow, and wrist;
while an inertial sensor is attached to the upper arm for the de-
terministic method, and on the wrist joint for the probabilistic
method. The video camera and marker system camera capture
a subject’s motion at the same time. Data from the two sys-
tems is compared in order to evaluate the performance of our
proposed tracking method.
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Fig. 15. Comparison of the performance of a CODA system and our hybrid system for arm motion tracking.

7.2. Experiment Results — Deterministic Method

A number of repeated motion patterns were tested in order to
establish comprehensive comparisons. Figure 14 shows a sub-
ject wearing an MT9 and Markers, performing flexural and
extensible arm motions. Figure 15 illustrates a full arm mo-
tion sequence for about 20 seconds. Shoulder position is as-

sumed to be fixed, therefore only elbow and wrist positions
represented in the world coordinate system are illustrated.The
three coordinates x, y and z of the position trajectories of the
elbow and wrist joints from each tracking system are plotted
respectively in Figure 15. Dotted lines represent data from the
CODA system, and solid lines from our hybrid system. The
three figures (a), (b), and (c) show the coordinates of the el-
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bow joint, while (d), (e), and (f) show the coordinates of the
wrist joint. As can be seen from our experimental results, our
proposed hybrid tracking method is reasonably accurate and
efficient.

As can be seen in Figure 15, the data from our hybrid track-
ing system is very close to the CODA results and match well,
especially for the elbow joint. The difference between the two
systems for the elbow joint is around 2 cm. The data for the
wrist joint is noisier than the elbow joint; but the difference
between the two systems is still within 4-6 cm, which is quite
promising and has great potential for use in home-based reha-
bilitation.

The deterministic method is a straightforward closed-form
method and easy to implement. It runs in real time, and pro-
vides accurate tracking results as shown above. However, the
characteristics of the deterministic method means that the
tracking system has limited tolerance to noise, therefore the
performance of the deterministic method is sensitive to noise.
It works well when motion is simple, however, when track-
ing more complicated motions, or when sensor measurement
is noisy, a more robust method is required. The proposed prob-
abilistic method accounts for this noise by modelling it in a
probability distribution. It therefore produces more stable and
robust results in cluttered situations. Experiment results are
shown in the next section.

7.3. Experiment Results — Probabilistic Method

In this experiment, we performed two types of arm motion to
test the performance of the probabilistic fusion method. The
motion patterns of the subject are a rectangle and a circle re-
spectively; as shown in Figure 16(a) and Figure 16(b). These
motion patterns are used frequently in the stroke rehabilitation
area (GENTLE/S).

The inertial sensor is attached to a wrist joint, and the
coloured patch on its top tracked by a video camera. Three
markers from Qualysis are attached on the arm joint of the
shoulder, elbow, and wrist respectively. Figure 17 shows the
subject wearing both the inertial sensor and Qualysis markers
during probabilistic experiments.

The results from our proposed fusion method and the
marker-based tracking system are illustrated in Figure 18 and
Figure 19 for the circular and rectangle motion respectively.
We describe the tracking performance in two ways: the first is
the three-coordinate trajectory of the wrist joint; the second is
the 3D reconstructed trajectories of the wrist joint. The bold
lines in the two figures represent the tracking results from the
marker-based system, and are regarded as the motion ground
truth. Solid lines are the results of the EKF fusion method, and
dashed lines are the results of the EKF+Accuracy improve-
ment model.

It is clear from the results that the use of the EKF alone pro-
duces noisy results. When the accuracy improvement model

(b) Rectangle motion

Fig. 16. Desired motion patterns.

Fig. 17. Subject wearing both inertial sensor and markers.

is applied, tracking performance improves significantly and is
very close to the ground truth. The reason that the EKF per-
forms poorly in some cases is that it linearizes non-linear arm
motion, and assumes the probability distributions of noise are
Gaussian. When this assumption is not satisfied, the perfor-
mance of the EKF degrades. The accuracy improvement model
works well in these situations, and provides accurate results.
To further evaluate the proposed fusion method, we calcu-
lated the statistical performance of the algorithms. The statis-
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Fig. 18. Comparison of the performance of a marker system with our hybrid system — circular motion.

Table 1. Mean Error and Standard Deviation in Each Axis
of a Circle Motion for Different Algorithms

Table 2. Mean Error and Standard Deviation in Each Axis
of a Rectangle Motion for Different Algorithms

Circle motion X coordinate Y coordinate  Z coordinate Rectangle X coordinate Y coordinate  Z coordinate

error (cm) error (cm) error (cm) motion error (cm) error (cm) error (cm)
Inertial only 58.80/70.58 71.04/110.25 -64.66/82.96 Inertial only 19.63/32.43 2.6/9.8 31.85/33.49
EKF -5.01/8.46 -29.92/40.22  -19.52/27.07 EKF 0.19/1.33 6.0/8.5 -2.6/4.25
EKF with 0.73/1.07 0.26/1.81 0.65/1.24 EKF with 0.27/1.09 -0.41/2.19 -1.6/1.250.19
constraint constraint

tical properties, average mean, and standard deviation for each
motion pattern were calculated in our experiments. A number
of the same motion patterns were captured and compared with
the marker-based tracking results. We calculated the mean er-
ror and standard deviation of each motion axis for the circle
and rectangle motion respectively. Tables 1 and 2 show the
statistical properties of the different algorithms. It is clear that
the inertial only tracking method suffers severe drift error. The

EKF greatly improved tracking results by fusing inertial data
with visual data, but its accuracy is not sufficient. The EKF
with an accuracy improvement model provides the best per-
formance of the three algorithms. It has great potential for ap-
plication in home-based rehabilitation.
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Fig. 19. Comparison of the performance of a marker system with our hybrid system — rectangle motion.

8. Conclusions and Future Work

Currently, stroke patients take physiotherapy with the help of
physiotherapists or well-trained carers to diagnose their reha-
bilitation activities. We proposed the development of a sen-
sor system to support rehabilitation programmes for patients
in their home environment so that a burden on hospitals and
physiotherapists could be relieved. This paper presents a new
arm motion tracking system based on an integration of vision
and inertial sensors, including both deterministic and proba-
bilistic approaches. The deterministic method uses human arm
geometry information to fuse different data modalities, while
the probabilistic method fuses data using the popular extended
Kalman filter. The performance of an EKF is further improved
by an accuracy model based on arm geometry constraints. Ex-
periment results show that our proposed method is able to track
arm movement accurately and in real time, in comparison to
commercial marker-based motion tracking systems.

Our future work will focus on two aspects. One is to re-
lease the fixed shoulder position constraint. The other is to ex-
tend the method from tracking arm movement to upper body
movement. The two main challenging issues to be addressed
are:

e how to exploit more useful image features such as con-
tours and edges; and

e how to build a proper kinematics model for upper body
tracking.
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