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A Novel Sensing and Data Fusion System for 3-D
Arm Motion Tracking in Telerehabilitation
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Abstract—In this paper, we present a novel sensing and data
fusion system to track 3-D arm motion in a telerehabilitation
program. A particle filter (PF) algorithm is adopted in the system
to fuse data from inertial and visual sensors in a probabilistic
manner. It is able to propagate multimodal distributions of system
states based on an “importance sampling” technique by using
sets of weighted particles. To avoid the problem of conventional
PF algorithms that suffer from particle degeneracy and perform
poorly in a narrow distribution situation, we adopt two strategies
in our system, namely state space pruning and an arm physical
geometry constraint. Experimental results show that the proposed
PF framework outperforms other fusion methods and provides
accurate results in comparison to the ground truth.

Index Terms—Biomedical measurements, particle filter (PF),
sensor fusion, telerehabilitation, upper limb pose estimation, 3-D
arm motion tracking.

1. INTRODUCTION

ECENTLY, vision-based tracking and analysis of human

motion has become an active research area because of
its wide real-world application such as surveillance monitoring
[1], medical analysis [2], and human—computer interfaces [3],
[4]. Existing visual tracking methods can roughly be divided
into two groups as follows: 1) single camera tracking and
2) multiple camera tracking. Single camera tracking is cheap
and desirable and is normally based on shape models. It is,
however, affected by many constraints and requires prior in-
formation with regard to a subject’s motion and appearance
[5]-[7]. In contrast, multiple camera tracking experiences fewer
constraints but is expensive and difficult to construct. Due to the
characteristics of visual sensors, both tracking methods have
motion blur and occlusion problems, which hamper many real-
world applications.

Therefore, it is necessary to integrate visual sensors with
other types of sensors to improve tracking performance. Many
hybrid approaches have been proposed to achieve this, such
as visual-audio [8], visual-radar [9], and visual-inertial ap-
proaches [10]-[15]. In this paper, we employ visual and inertial
sensors to track human arm motion in a telerehabilitation pro-
gram [15], [16]. This hybrid tracking scheme is based on visual
and inertial sensors to offer not only accurate motion tracking
and stability but also robust performance over occlusions and
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fast motion. It is intended to allow stroke patients to recover
their motor ability in their home environments so that the bur-
den on hospitals and physiotherapists can be relieved. However,
its successful implementation relies on the proper use of fusion
algorithms.

Traditionally, a Kalman filter (KF) is used to fuse data from
different sensors; however, this is only suitable for linear sys-
tems. In nonlinear systems, an extended KF (EKF) is normally
employed [10]-[15], which linearizes a nonlinear system. In
both KF and EKF, the probability distribution of system state
and noise are assumed as Gaussian distributions. EKFs work
well when systems can be approximated using linear systems,
and distributions are modeled as Gaussian. However, when
systems are highly nonlinear, or a system’s state and noise are
multimodal distributions, an EKF will produce noisy results or
may fail to estimate the system’s state.

Recently, the particle filter (PF), which is also known as a
sequential Monte Carlo (MC) method, condensation [17], or
bootstrap filter, has become popular in sensor fusion [8], motion
tracking [18]-[20], and object recognition [21] (in nonlinear
systems with multimodal distributions). Its implementation is
realized by successfully modeling system posterior distribu-
tions using sets of weighted particles and by propagating the
sets of particles in terms of Bayes’ rule. The number of particles
N determines how well the set of particles approximates the
posterior distribution. In theory, when the number of particles
N approaches infinite, the set of particles will represent the true
posterior probability density function (pdf). Therefore, increas-
ing the number of particles should improve fusion performance.
However, computational cost exponentially increases with an
increase in the number of particles. It is therefore necessary
to find a tradeoff between PF performance and computational
cost. On the other hand, a PF may suffer from the particle
degeneracy problem, i.e., the number of effective particles
decreases as time passes, and particle sets do not reflect the
true posterior density. Effective particles are those with large
weights.

There are many versions of PFs [22], whose essential dif-
ference is the way in which they tackle degeneracy problems.
There are four major factors that affect the performance of a
PF, i.e., the number of particles it uses, the choice of proposal
distributions [25], the selection of resampling algorithms [22],
and the dynamic model of a system. These factors are not
exclusive, but they are related. A change in one factor will
affect the others. Resampling is an effective method that can
be employed to reduce the degeneracy problem. The idea is
to eliminate particles that have small weights and to concen-
trate on particles with large weights by replicating particles in
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proportion to their weight. A number of resampling algorithms
are available, namely residual, systematic, multiple-nominal,
and stratified. Each of these has advantages and disadvantages.
Douc et al. [23] compared various resampling approaches in de-
tail. We chose a residual resampling algorithm, as it performed
well in our application.

The performance of a PF also highly depends on the quality
of the proposal distribution, i.e., a suitable distribution depend-
ing on the old state and new measurements. Doucet et al. [25]
demonstrated that the optimal proposal distribution is the sys-
tem posterior distribution. However, it is difficult to directly
sample from the optimal proposal distribution, as they are
rarely available in a closed form. Suboptimal proposal dis-
tributions are sought by employing the importance sampling
approach, as introduced in [25], which describes the auxil-
iary knowledge of which areas of state space contain most
information about the posterior given current measurements
and old states. Particles are independently drawn from the
proposal distribution. Isard and Blake [18] combined PF with
an importance sampling function to fuse color and contour
features. It greatly reduced the number of samples required by
employing persistent color features. The sampling procedure
is first guided by using color probability to roughly locate
a target object and then refined by using contour tracking.
Prez et al. fused different image features or information from
audio to track motion [8]. Color features were employed
to serve as primary features, whereas sound or motion fea-
tures were used as auxiliary features to assist tracking. This
method worked well when primary features were consistently
reliable.

A simple version of a proposal distribution is the use of
a dynamic system model [25], [27], which can be used to
predict a system’s state. The dynamic model of a system can
be a constant velocity or an acceleration model. It can also be
learned from sampling sequences [7]. The problem of using
a dynamic model as a proposal distribution is that it poorly
performs for narrow likelihood functions, particularly in higher
dimension spaces like whole body human tracking [7]. To effec-
tively sample particles from the posterior, Deutscher et al. [24]
proposed an annealed PF. The posterior pdf was implemented
from coarse to fine by resampling particles around the peaks
of a previous layer of posterior pdf. No particles were sampled
from the area of the state space, where the probability of the
system state was low; this reduced the number of particles
required to model the posterior pdf. A similar method called
covariance scaled sampling was proposed by Sminchisescu and
Triggs [6], which did not use layered posterior pdf. Only the
exact posterior pdf was employed, and the method first found
the ““X’’ best local extremes in the posterior pdf and later
sampled about extremes. Therefore, the particles focused on the
most likely regions and avoided low probability regions. The
drawback was that they could fail to track sudden motions.

Another method for improving PF performance is
Rao—Blackwellization [25]. It divides a state space into
linear and nonlinear subspaces and then uses PF and KF to
separately propagate each substate space. The main principle
is to use as many linear properties as possible. Experimental
results show that it outperforms a conventional PF and uses
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fewer particles [26]. The basic idea behind this method is
to reduce the size of state vectors to reduce the number of
particles. Inspired by the Rao-Blackwellization method, we
propose a state space pruning method to reduce the number
of particles in this paper. Although a good choice of proposal
distribution and resampling can reduce the degeneracy effect,
they cannot completely eliminate it. Therefore, an arm physical
geometry constraint is employed in this research to deal with
the degeneracy problem. In addition, a dynamic system model
of constant acceleration is used as a proposal distribution in this
paper for the following three reasons: 1) It can be used with an
inertial sensor with high frequency data sampling properties,
which makes a constant acceleration motion model realistic;
2) the state space of the system can be reduced by pruning; and
3) the introduced physical arm constraint greatly improves the
system’s performance by reducing the search space.

The rest of this paper is organized as follows. Section II
describes our arm motion tracking system configuration and
how the system configuration properties are used to improve
PF performance by using a state space pruning strategy. In
Section III, the inertial visual tracker is introduced, and a human
arm geometry constraint is employed as a second strategy
to improve PF performance. Some experimental results for
the performance of a PF are provided in Section IV. Finally,
conclusion and future work are presented in Section V.

II. SYSTEM OVERVIEW AND STATE SPACE PRUNING
A. System Configuration

This paper aims at tracking human arm motion. The arm is
modeled as a skeleton structure, which consists of two segments
linked by a revolute joint (see Fig. 1). A video camera and an
inertial sensor (MT9 from XSENS) are employed in our sensing
and data fusion system to capture the arm motion of a subject.
The video camera is fixed and used to capture the motion of an
arm. The inertial sensor is attached to the wrist of the subject
to measure his/her acceleration and orientation changes. The
arm motion tracking is achieved by integrating the visual and
inertial information.

In total, there are three coordinate systems involved in our
arm motion tracking: 1) a camera frame (C'); 2) an inertial
sensor frame (B); and 3) a reference system (W). Note that
frame B is the body attached to the frame of the inertial sensor
(please see Fig. 2), which is attached to the wrist joint of the
human arm. The origin of frame B coincides with the position
of the wrist joint, and its y-axis is aligned with the forearm. The
benefit of this configuration is demonstrated in Section II-B.

To simplify the tracking problem, one constraint is used in
our method, i.e., the shoulder joint is assumed fixed during
motion, and its position known a priori. This is a realistic
constraint because the shoulder joint normally moves much
less as part of an arm motion. Such a constraint has been
widely used in many arm motion tracking systems [28], [29]. In
addition, a hand is assumed to be a stiff extension of the lower
arm, and the length of both forearm Ly and the upper arm L,
are known a priori. The tracking task is now reduced to that of
tracking elbow and wrist joints in 3-D.
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Human Arm

Fig. 1. Arm model and system configuration.
L. Z
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Fig. 2. Inertial sensor (MT9 from XSENS [38]).

B. State Space and Pruning Methods

Based on the above analysis, the posture of the arm can be
determined using six variables in Cartesian coordinates at any
time k, namely the three coordinates of the elbow position
P.r = (TekYekszer) and the wrist position P, ;=
(Tw ks Yw ks 2w k), Where subscripts e and w represent the
elbow and wrist joints, respectively, and k is a time index.
A bold symbol represents a vector or matrix in this paper.
Using a state space representation, the system state vector
becomes  Xp = (Tw,ks Tw,ks Yuw,ks Y,k 2w, k> 2w, k> Tk Te ks
Ye ks e ks Ze ks Ze k)T Where @ g, Yw ks Zwk is the first
derivative of xy i, Yw k> 2w,k and represents the velocity of
the wrist joint in the z-, y-, and z-directions. The velocity of
the elbow joint in the x-, y-, and z-directions is represented as
ie,k, ye,k’ ée,k~

It is always desirable that the size of a state vector should be
as small as possible, while capturing all of the essential proper-
ties of the system. The computation time for a PF exponentially
increases with the number of particles, whereas the number of
particles grows with the size of the system state. Therefore, by
reducing the size of the state vector, it is possible to reduce the
computational cost of the filter. This can also improve the rate
at which a search method converges to a global minimum or
maximum in a small state space.

Considering the properties of the system configuration dis-
cussed in Section II-A and the properties of an MT9 inertial
sensor that measures not only acceleration but angular velocity

Inertial sensor
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information as well, we could reduce the size of the state vector
in Cartesian coordinates. The main idea is to convert the elbow
and wrist joint tracking problem to that of tracking the pose of
the wrist joint. The elbow joint is then inferred from wrist joint
tracking and arm geometry information. The detailed procedure
is as follows.

1) Since the origin of an inertial sensor, where a body is
attached to frame B, is defined at the wrist joint, and the
y-axis is aligned with the forearm, given the length of the
forearm Lo, the elbow joint in the inertial sensor frame B
is constant and can be represented as

PP, =(0,L,,0)" (1)

where superscript B represents the inertial sensor
frame B.

2) The position and orientation (pose) of a body attached
to the inertial sensor frame B, which is represented in a
reference frame W at any time, can be characterized by a
3 x 3 rotation matrix R% and a 3 x 1 translation vector
TW. Given the pose RY , TW of the inertial sensor frame
B with respect to reference frame W, an elbow joint
position can be represented in reference frame W using

P.r =Ry «Pl, +TF =R} «Pl, +Puyi. (2

It is clear that once the orientation R} and position T} of
the wrist joint is calculated, it is straightforward to determine
an elbow position using (2). Since the origin of the inertial
sensor frame B coincides with the wrist joint, T%V has the same
meaning as P, ;.

The MT9 inertial sensor contains a proprietary algorithm
that can accurately calculate the absolute orientation RY of
a moving sensor B with respect to a reference frame W in a
3-D space (Fig. 3). Our previous work in [15] shows that the
orientation information from MT9 is quite accurate and has
the potential for use in a rehabilitation application to capture
upper limb motion. We will directly use orientation data from
the inertial sensor in this paper and use the unit quaternion Q =
(qw,q1,G2,q3) to represent R}Y. Quaternion representation
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Fig. 3. Coordinate transformation between frame B and frame W.

does not have a Gimbal lock problem and facilitates transfor-
mation and calculation in a simple form.

According to the above analysis, the system’s state vector
can be reduced to track the wrist joint position and is given as
follows:

Lw,k
Yw,k

_ Pw,k _ Py, _ Zw,k
X = (Vw,k) N <Vk> N Sbw,k (3)

yw,k
Zw,k

where Vo, 1 = (Lw.k, Yuw k> Zw.k)T is the velocity of the wrist
joint. Note that P, and V, are used in the rest of this paper to
represent P, ;, and 'V, 1, respectively, for simplicity.

In our arm motion tracking method, the inertial sensor is
used to obtain the orientation and position of the wrist joint
with respect to reference frame 1¥. The visual sensor is used to
track a 2-D image projection of the wrist joint. Both tracking
results are then input in a fusion estimator PF to recursively
estimate the state vector of (3). Elbow position calculation
is a straightforward task, which is based on the wrist joint
calculation and the geometry information of a human arm,
according to (2). Detailed fusion information to estimate a wrist
position is introduced in the following sections.

III. DATA FUSION INERTIAL VISUAL TRACKER
A. Dynamical Motion Model—Inertial Data

An inertial sensor MT9 was attached to the wrist joint of
a subject. It comprises three accelerometers and three gyros.
Therefore, the accelerations akB and rate of turns w,? of the
wrist joint in the inertial sensor frame B are measurable. How-
ever, useful acceleration data are the wrist joint acceleration in
reference frame W, which are represented as ay. It is calculated
from the inertial measurements using

ar,=Qr*xa *xQ) —g )

where * is the quaternion multiplication. g = (0,0, )7 repre-
sents gravity. Q is a quaternion representation of the rotation
transformation between the inertial sensor frame B and refer-
ence frame W. The acceleration measured by an inertial sensor
aP includes the acceleration caused by a specific force and
the gravity. After transforming the acceleration into frame W
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and subtracting the gravity, the a; represents the acceleration
caused by the specific force only imposed on the target.

A generic motion model—constant acceleration—is as-
sumed in wrist joint position tracking. That is

k=a+f )

where f is the noise and is modeled as white noise with E {?} =
0, E{FFT} =%l ie., f is a zero mean random vector, and its
autocorrelation matrix is a multiple of the identity matrix I with
the square of deviation o. The noise is assumed to be constant
and the same for each coordinate. After double integration of
the constant acceleration motion equation, we can obtain a
discrete

o Pk—i—l . I I*TS
Xk‘+1 - (Vk+1> - (0 I >Xk
T2/2%1 T2/6 %1
+( Tg+1 )a”( 7251 )5 ©

where T is the sensor sampling time interval, and I'isa 3 x 3
identity matrix. fy, is the discrete representation of f.

B. Measurement Model—Visual Data

The measurement equation is derived from the output of
the visual sensor. A color patch is attached to the inertial
sensor (see Fig. 2) and tracked by the camera using the color
tracking method Camshift [30]. Tracking results are the 2-D
image position z = (I, I;, 1) of the color patch, which also
represents the position of the wrist joint. Visual data are related
to the state vector as follows:

I:v,k

Iy,k
1

zp = x KIx« (R «Pp+Tf) +ep  (7)

where K1 is a camera intrinsic matrix, e, is the measurement
noise, and RS, T% is the pose of the reference frame W that
is represented in the camera frame C'. They are both calibrated
offline and known a priori. Homogeneous coordinates are used
in (7) to express an affine transformation. The measurement
noise e is a vector of zero mean noise, which is taken to
be isotropic with o = 4 pixels in this paper. The deviation is
calculated by comparing the visual tracking results with ground
truth.

C. Data Fusion

Equations (6) and (7), as described, are consistent with a
framework proposed by Gustafsson et al. [26], for positioning,
navigation, and tracking the following:

X = Axp_1 + Buuy + Befy, (8)
z =h(xi) +ep 9

where x, is a state vector, uy, is an input, fj, is a process noise,
7, 1S a measurement, and ey, is the measurement noise. A is a
nonlinear function of the state vector xy,.



TAO AND HU: NOVEL SENSING AND DATA FUSION SYSTEM FOR 3-D ARM MOTION TRACKING IN TELEREHABILITATION

Equation (8) is the dynamical motion model of a system,
which shows how system state evolves given the previous state
and input information. The motion model is formatted to obtain
a dynamical pdf p(xy|xx—1) as follows:

p(xk|xp-1) = pg, (Bf (xi — Ax—1 — Buuy)) (10)
where B{ is the Moore-Penrose pseudoinverse, and py, is the
process noise density. Equation (9) is the measurement model,
which represents the relationship between system state x;, and
measurement z;. The measurement model is formatted in a
probabilistic form as the observation density p(zx|xy) in the
following equation:

P(zk|Xk) = Pe, (2k — h(Xk)) (11)

where pe,, is the measurement noise density.

The task in this section is to estimate the system state vector
in (3) based on the dynamical model and measurement model.
A Bayesian filter is a general probabilistic framework that has
been widely used to estimate the state of a system x;, € RVX,
by calculating the maximum a posteriori p(xy|Zy) estimate
given a sequence of noisy measurements Zjy = (zo, . . ., Zj) OF
the minimum mean square error (MMSE) estimate. Assuming
p(x0]z0) = p(x0), the posterior pdf p(xy|Zy) is then recur-
sively obtained using the following two steps: 1) prediction and
2) update.

If we assume that the pdf p(xj_1|Zj-1) at time k—1
is known, then the prediction step is to use the dynamical
model p(xp|xp_1) to obtain the predicted prior distribution
p(xk|Zk—1) at time k, using the following equation:

P(Xi|Zi—1) = /p(Xk|Xk71)p(Xk71|Zk71)- (12)

Xk—1

The likelihood function p(zg|x)) is used to update the
predicted prior pdf p(xy|Zj—1) and obtain the posterior pdf
p(Xk|Zy) via a direct application of Bayes’ rules. Thus,
we have

p(xx|Zr) = kpp(zk|xi)p(Xk|Zr-1) (13)

where kj, is a normalization constant.

A PF is a sequential MC simulation implementation of a
Bayesian filter. The posterior distribution p(x|Zg) is approx-
imated using a set of N weighted particles {(x5,7¢)}Y | and
propagated in a prediction-update manner. Starting with a set
of particles {(xi ,, 7% )}, at time k — 1, new particles
are generated from a proposal distribution, which is the sys-
tem dynamical model p(xx|xx—1) in this paper. The sampling
stage here, i.e., X, ~ p(x}|xi ;), i =1...N, corresponds
to the prediction step. The particle’s weight is then updated
according to

p (Zk|xz) p (X};‘X};—l)
p (X2|X271)

T X Th_q

= m,p (2efx)  (14)

where o means the equation is subject to a normalization
constant. Updated weights are normalized to sum to 1. A
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new particle set {(xi,7%)} | can be obtained after applying
resampling on the normalized particle set, and it is a discrete
weighted approximation to the true posterior p(xy|Zy ).

D. Layered Sampling PF

In theory, after obtaining dynamical and measurement mod-
els, a PF can be used to fuse data and recursively estimate
a state vector. However, it was found that the fusion results
from the experiments were not accurate in comparison to the
ground truth. The PF suffers from a severe particle degeneracy
problem. The reason for this is that only one visual feature
point from the visual sensor is employed to update particle
weights; this is not sufficient. It imposes fewer constraints on
the subject’s motion and environment but requires a more robust
fusion algorithm. The system is only dynamically observable
when using 2-D information to deduce 3-D data.

We introduce an arm physical geometry constraint into the
fusion system and allow it to serve as one of the measurement
sources. This information is consistently available and does not
place extra stress on image processing from the visual camera
or subject motion. Experimental results show that it improves
the performance of the PF. The arm geometry we use is upper-
arm length L, and forearm length Lo, which are assumed
known a priori and constant during motion. This constraint
is formulated as (15), where the terms on both sides of the
equation are the square of the upper arm length. The following
equation serves as a measurement equation to assist color-based
measurement:

L3 =Por —Pyp)? +wy

— RY « P2, +P,—P,1)" +uy (15)
where P is the position of the shoulder joint, which is
assumed known and constant. P j, is the elbow joint, and Py,
the wrist joint position at time k; wy, is a noise variable. The
noise wy, is assumed as a Gaussian noise with o = 0.01 ms,
which means the deviation of upper arm length is 1 cm. The
following equation is the pdf representation of the noise wy:

p(zxlxi) =pu, (L3 = (RY «PE + Py —P,1)°) . (16)

Since a PF implements in a prediction-update way by fusing

a measurement model and a dynamic model at a time, a random

walk model was employed as a dynamical model to make up for

the prediction-correction form with the measurement equation

(15). The dynamical model is represented as

X = Xp—1 + Tk a7

where ry, is the process noise and is assumed to be a Gaussian

vector with isotropic o = 0.01 m/s?. Equation (17) is the pdf
representation of the noise rg, i.e.,

P(Xk|Xk-1) = Pry (X1 — Xi)- (18)

The pdf representation of dynamic models (10) and (17)

is denoted by p'(x|xx_1) and p*(xi|xx_1), respectively,
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Fig. 4. Block diagram of one cycle operation of a layered sampling particle filter.

whereas p(z{'|x)) and p(z{|x;) are the pdf of measurement
models (11) and (16). We fuse information using a layered PF,
as described in the next section.

E. Implementation

A layered sampling PF implementation is described in this
section. The particle set at a previous time k — 1 is represented
as {(x¢_,,mi |)}Y . Particles are propagated at time k as
follows.

1) Particle prediction. Generate new particles {x; } from
pr(xp|xp-1 =%k ), i=1...,N.

2) Weight update. Compute the weights for each particle via
the likelihood of color tracking 7 = p(z¢ |xx = x} ),
and normalize @, = mj /S0, w i=1...,N.

3) Resampling. Generate a new set #{(x, , 7} )}, by re-
sampling *{(x% ", mi )}, =resampling{(x} , 7} )}V ;.

4) Particle prediction. Generate new particles {x%} from
p?(xk|xp-1 =%} ),i=1...,N.

5) Weight update. Compute the weights for each particle
using the likelihood of arm geometry 7& = p(z$ |x), =
x4 ), and normalize %,S) =i/ Zjvzl m,i=1...,N.

6) Resampling. Generate a new set *{(x%,7%)}, by re-
sampling +{(x. 74)} X, = resampling{ (x}, 7).

7) Set k := k + 1, and iterate to Step 1.

The “resampling” function in Steps 3 and 6 represents the
standard residual resampling algorithm [25]. A functional block
diagram of the layered sampling PF is shown in Fig. 4. It shows
one iteration cycle; data flow is also marked.

It is pointed out in [37] that asymptotically, i.e., as the
number of particles goes to infinity, the convergence of a PF can
be ensured under very weak assumptions. An efficient sampling
method that sample particles in regions of high probability
mass can reduce the required number of particles and make
the PF implemental. The two strategies introduced in this paper
efficiently contribute to sample particles and make the proposed
PF convergent using small number particles (500 particles in the
experiment). It is a great improvement because many systems
use thousands of particles [7], [26].

In our previous research on an EKF [36], an arm geometry
constraint was also employed to improve estimation accuracy.
However, it was used after EKF estimation and formulated into

Fig. 5. Subject wearing both an inertial sensor and three ball markers,
performing a circle motion.

an optimization framework in which the previous arm motion
tracking method consisted of two separate frameworks—EKF
and optimization. Here, the arm geometry constraint was used
as one measurement and consistently fused into the PF.

IV. EXPERIMENTAL RESULTS
A. Circle Motion Demonstration

The performance of the proposed method is demonstrated by
tracking a circle trajectory on a table (see Fig. 5). In stroke reha-
bilitation, patients are expected to perform motion patterns such
as a circle, rectangle, or target reaching, using their upper limbs
in a rehabilitation program [31], [32]. Our experiment setup
involved the following two tracking systems: 1) the proposed
system and 2) a commercial marker-based system Qualisys.
Fig. 5 shows a subject wearing both an inertial sensor and
three passive ball markers. The marker-based tracking system
with three special cameras was used to track three passive ball
markers on the shoulder, elbow, and wrist joints to measure arm
motion and provide the ground truth. Our proposed method
ran on a personal computer with a Pentium (R) 4/2.8 GHz
central processing unit. The number of particles was 500.
The processing time was approximately 0.17 s/frame. If the
processing ability of computers continues to rapidly increase,
a real-time implementation may not be difficult to achieve in
the future.
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Fig. 6. Fusion results for a circle motion from an EKF, a PF, a PF with
constraint, and a marker system. (a) X -coordinate trajectory of a wrist circle
motion. (b) Y-coordinate trajectory of a wrist circle motion. (¢) Z-coordinate
trajectory of a wrist circle motion.

The fusion results from the proposed PF with constraint
were compared to the results from PF, EKF, and the ground
truth in our experiments to highlight the different performance
characteristics of individual fusion algorithms. Fig. 6 illustrates
the circle motion trajectories of the wrist joint in X -, Y-, and

1035

Error difference of x trajectory in wrist joint circular motion
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Error difference of z trajectory in wrist joint circular motion
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Fig. 7. Error difference of a circle motion from different fusion methods,
compared to the ground truth. (a) Error difference of circle motion in the
X -axis. (b) Error difference of circle motion in the Y -axis. (c) Error difference
of circle motion in the Z-axis.
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3D trajectory of wrist joint
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Fig. 8. Three-dimensional reconstruction of a circle motion.

Z-coordinates from each algorithm, respectively. The dashed
lines represent results from the EKF, the dotted lines are results
from the PF without constraint, the thin solid lines show results
from the proposed PF with constraint, and the bold solid lines
show the ground truth from the marker-based system. It is clear
that the PF with constraint produces better results than the EKF
fusion algorithm, particularly in the y- and z-directions.

Fig. 7 shows the error difference between the ground truth
and individual results from an EKF, a traditional PF, and the
proposed PF. In Fig. 7, the two horizontal lines represent a
40.05-m error range. It is very obvious that the EKF algorithm
performs poorly and produces the biggest error difference in
all directions (among all the methods). The error differences
are unbounded and reach 0.1 m in the z-axis, 0.6 m in the
y-axis, and 0.4 m in the z-axis at 80 frames. This is obviously
not suitable for a rehabilitation application. The normal PF pro-
vides better results than the EKF algorithm; however, the error
is still too large, particularly in the y- and z-directions, which
have an error difference of up to 0.4 and 0.2 m, respectively.
In contrast, the error difference of the proposed PF accuracy is
bounded to 0.05 m over 70 frames, as shown by the bold solid
lines in Fig. 7(a)—(c).

The tracking results for an arm circle motion are represented
in three axes in Fig. 6 to more intuitively see the different
tracking performance from an EKF, a PF without constraint,
and a PF with constraint. Fig. 8 shows the fusion results for a
circle motion from different methods, which are reconstructed
in 3-D. It is clear that the proposed method provides the best
results and is very close to the ground truth. Traditional PFs
perform slightly better than the EKF method, but their accuracy
is not acceptable.

B. Discussion

Fig. 9 shows how the particles propagate within one iteration
cycle of a PF algorithm for state estimation. The state space is in
three dimensions. Each point in each figure represents a particle
and illustrates one possible position of the target and its size,
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Fig. 9. One iteration cycle of the PF propagation. (a) Particles represent the
prior distribution. (b) Particles after prediction. (c) Particles after weight update,
representing the posterior distribution.

which is proportional to its weight (the probability). The set
of particles in each figure represents a probability distribution.
Fig. 9(a) shows the prior distribution. The sets of particles
are resampled from this distribution and used to predict new
particles, i.e., after applying a system dynamics motion model.
All the particles are assigned the same weights in Fig. 9(b). The
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(d)

Fig. 10. Fusion results for an arm circle motion using PF without an arm constraint. (a) Frame 10. (b) Frame 20. (c) Frame 30. (d) Frame 40.

weights of predicted particles are updated using the observation
model in Fig. 9(c).

The true position of a target is marked as a big size black
point, and the estimated position based on the set of particles
is marked as a circle in Fig. 9(c). Ideally, the cross should
superpose the circle if the estimated state is perfectly accurate.
However, in real applications, there is always noise that affects
estimation accuracy. The closer the estimated state to the circle,
the more accurate the PF. We took some snapshots from an
arm circle motion sequence to illustrate the different fusion
performance of the PFs (see Fig. 10), with and without an arm
geometry constraint (see Fig. 11). Only the posteriors at each
time instant are demonstrated. It is clear that the performance
of the proposed PF with an arm constraint is better than the
conventional PF in the following ways.

1) The estimated position of a target from our proposed PF
method is more approximate to the true position than
that from a conventional PF. As shown in Fig. 10(a), the
estimated target position from a conventional PF is very
close to the true position at the beginning; however, it
continuously diverges in Fig. 10(b)—(d), and the particle
sets drift from the ground truth. In contrast, particle sets
correctly follow the ground truth when the proposed PF
is employed, as shown in Fig. 11; fusion performance
slightly degenerates from (a) to (b); however, the tracker

gradually comes back to track the target in Fig. 11(c) and
finally coincides with the ground truth in Fig. 11(d). This
proves that the proposed particle fusion method has the
ability to recover.

2) The effective number of particles in the proposed method
is larger than a conventional PF. Effective particles are
those with large weights, which are shown as large points
in the figures. This means that the proposed method
suffers less particle degeneracy than a conventional PF.

3) The distribution of the proposed PF is more consistent
and wide, whereas a conventional PF has patches of
particles.

Tracking Results From a Conventional PF Drift: From an
analysis on how the PF propagates, it is clear how the proposed
PF with an arm physical constraint contributes to a better
performance in a circular arm motion tracking (in comparison
to a conventional PF). In a conventional PF, the positions of
particles are fixed at the prediction stage, as shown in Fig. 9(b),
using the previous particle sets {(x%,7%)}Y , and the motion
model p(Xj|xx—_1). The motion model is built based on an
inertial sensor; due to the characteristics of the inertial sensor
and the random nature of the motion model, the predicted par-
ticle positions are not accurate and drift considerably. Ideally,
prediction error can be reduced when measurement information
is used to update particle weights in the correction step. As
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Fig. 11.

particles close to a truth position, they obtain heavy weights,
and new particles will be sampled from those that have heavy
weights.

However, the measurement information in this application is
the 2-D position of the target. It is an underconstrained task
to derive the 3-D position of a target from the 2-D image
measurements. No unique position can be found. Any point
on the backprojected line could be a candidate for a real
position. In theory, particle sets will drift along a backprojected
line. However, in reality, it can drift in any direction, as error
accumulates and becomes unbounded. When particles widely
scatter away from truth positions in a space, only a few particles
obtain large weights. The number of efficient particles drops
sharply, and a conventional PF suffers from severe sample
impoverishment. The essential problem is that the information
provided by the visual measurements is not sufficient.

Benefit of the Physical Arm Constraint: Therefore, it is
necessary to introduce an arm geometry constraint into a PF
and fuse information in a layered manner. An arm geometry
constraint is consistent during a whole motion sequence. It can
correct drift error by supporting visual measurements to locate
target positions on a backprojected line. How the arm constraint
and visual measurements contribute to the fusion performance
can be described in simple terms as a sphere surface and line
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Fusion results for an arm circle motion using PF with an arm constraint. (a) Frame 10. (b) Frame 20. (c) Frame 30. (d) Frame 40.

intersection. Particle sets are first propagated according to the
dynamics of a random walk model, and weights are updated
using arm geometry constraint (15), where all particles are
distributed on a sphere surface. The sets of particles are then
distributed using the dynamic model (12), and weights are then
upgraded using visual measurements (14), where particles that
lie on the backprojected line of the color object have large
weights (high probability). This activity is conducted to find
the intersections between a sphere surface and a backprojected
line. A heavy weight is assigned to the particles that lie near the
intersection of the backprojected line and sphere surface.

The other advantage of using an arm geometry constraint is
that particles are widely and evenly distributed in the state space
(see Fig. 11), allowing sudden motion to be covered. It is very
obvious in Fig. 10 (using the same process noise parameters)
that particle distributions are sometimes patchy when an arm
constraint is not employed. To cover a large state space, process
noise in the motion model should be artificially high.

C. Statistical Results

To further evaluate the proposed fusion method, we calcu-
lated the statistical performance of the algorithm. The statistical
properties of the mean and standard deviation for each method
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TABLE 1
MEAN ERROR AND STANDARD DEVIATION OF EACH AXIS FOR A
CIRCLE MOTION WHEN USING DIFFERENT ALGORITHMS

Circle motion X coordinate | Y coordinate | Z coordinate
error (cm) error (cm) error (cm)
Inertial only 21.31/37.70 -12.41/16 6.74/5.23
EKF 0.4/3.30 10.56/9.39 7.83/5.72
PF 1.8/2.67 10.08/6.55 6.84/4.15
PF with constraint | -0.68/2.0 1.14/5.47 1.77/3.27

were calculated for our experiments. A number of identical
motion patterns were captured and compared with the marker-
based tracking results. We calculated the mean error and stan-
dard deviation of each motion axis for a circle. Table I shows the
statistical properties of the different algorithms. It is clear that
the “inertial only” tracking method suffers severe drift error.
Error mean and deviation is as great as 21.31/37.70 cm in the
X-coordinate. The EKF greatly improved the tracking results
by fusing inertial data with visual data; however, its accuracy
was not good enough. The PF provided slightly better perfor-
mance than the EKF method. The PF with an arm constraint
gave the best performance of all algorithms. Tracking errors
were mainly in a range of £5 cm when compared to the ground
truth.

V. CONCLUSION AND FUTURE WORK

This paper presents a novel arm motion tracking system for
telerehabilitation applications, which is based on the integration
of both vision and inertial sensors. Data fusion is implemented
using PFs. We tackle the PF degeneracy problem by propos-
ing a state-space pruning strategy and by introducing an arm
physical geometry constraint. This results in a great reduction
of computational cost. The efficiency of the proposed method
is analyzed and illustrated graphically. Experimental results
show that it outperforms other fusion methods such as EKF
and PF under the same circumstances. Although inertial and
visual sensors have been widely used to track rigid objects, our
proposed system is able to track nonrigid human arm motion
in 3-D.

To make the system more applicable and robust, our future
work will be focussed in three directions. First, a more efficient
noise compression method will be developed to reduce the
noise caused by the deformable human body in which inertial
sensors are attached. Second, a wireless sensor will be adopted
to replace the wired inertial sensor in order for a subject to move
freely. Third, the fixed shoulder constraint will be released, and
the tracking method will be extended to track the upper body
or whole body. More image features will be used, including
edge, contour, and suitable subject geometry and kinematics
models.
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