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Abstract— This paper extends the work of inertial sensor
based upper limb motion tracking by introducing a simple
calibration method to automatically construct a global reference
frame and estimate arm length. The method has effectively
eliminated the requirement of manually aligning the sensors’
local reference frames when multiple sensors are used to
track the movements of the individual arm segments. The
capacity of arm length estimation also makes it possible to
reconstruct position trajectories of the elbow and the wrist
joints in a reference frame with the shoulder joint as the origin.
Verification of the algorithm has been done by comparing
the estimated arm length with the Kinect captured pseudo
ground truth. Effectiveness of the algorithm can be observed
by visualizing the reconstructed position trajectories of the arm
joints.

[. INTRODUCTION

The critical benefits activity monitoring provides in health
and wellness promotion, and disease treatment have been
widely confirmed [1]. Advances in embedded technology
have led to the proliferation of wearable inertial sensor based
activity monitoring systems. In [2], a waist-mounted tri-axial
accelerometer was used to detect falls and classify lower
body transitional movements. In [3], wireless inertial sensors
containing accelerometers, gyroscopes, and magnetometers
were used to determine foot motions in 3D space.

Compared to lower body activity monitoring, the upper
body is more difficult due to a number of complications: 1)
increased degrees of freedom of the upper body joints imply
that different people can exhibit entirely different motions for
the same activity, and within-subject motions may vary for
the same activity; 2) the activity may be performed variably
depending on physical condition and surroundings; and 3)
no strong, identifiable signatures distinguish upper body
motions. Therefore, little research has been published on
activity classification in the domain of upper body motions
except those aimed at classifying a strictly defined activity
set [4]. On the other hand, many works have been focused
on the tracking of arm movements with two inertial sensors
attached on the upper arm and the lower arm respectively
[5] [6]. However, those motion tracking algorithms usually
require users to align the sensors to each other and with the
mounted arm segment, which prevents their implementation
in daily life monitoring.

In this paper, a simple calibration method is introduced,
which effectively avoids the burden of manually aligning the
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sensors. In addition, the algorithm automatically estimates
the arm length so that position trajectories of the elbow
and the wrist joints can be reconstructed without manual
measurements. The rest of the paper will be structured as
follows: 1) section II-A will review the widely used upper
limb motion tracking algorithm; 2) section II-B will intro-
duce the novel calibration method as well as its contribution;
and 3) section III will verify the calibration algorithm and
illustrate its effect on upper limb motion reconstruction.

II. ALGORITHM

In the section, algorithms for inertial sensor based upper
limb motion tracking and reconstruction will be reviewed
followed by the introduction of the new calibration method.
Before that, notations used to describe the algorithms will be
introduced. Most of the variables will have a left superscript,
a right superscript and a right subscript. The left superscript
indicates the reference frame the variable is calculated. The
right superscript indicates the body segment the variable
relates to. The right subscript usually represents the time
variable. Exceptions will be explained when they arise.

A. Upper Limb Motion Tracking and Reconstruction

One assumption to model upper limb motions is that we
characterize the human arm as two rigid segments, the upper
arm and the lower arm. Each of the segments can only
rotate about its preceding joints, the shoulder joint or the
elbow joint. Thus, a double pendulum model can be applied
to characterize full-arm motions. Inertial measurement units
(IMUs) are attached on each segment to measure 3D ac-
celeration of the upper arm *al and the lower arm *af,
and 3D angular velocity of the upper arm *w! and the
lower arm *w! in each sensor’s local reference frame at
time ¢. By applying integration on the angular velocity with
filtering techniques, for example, the Kalman filter and the
complimentary filter [6], instantaneous sensor orientation at
time ¢ can be calculated relative to the sensor’s initial local
reference frame when it was first powered on. Quaternions
are used to represent the orientation, which is labeled as
iqY and ‘qF each being a four-element row vector. The left
superscript ¢ indicates that it is relative to the sensor’s initial
local reference frame.

To reconstruct upper limb motions, positions of the elbow
and the wrist joints at time ¢, pZ, and p}V are tracked,
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Fig. 1: Double pendulum model to characterize full-arm

motions (back view).

neglecting the movements of the shoulder joint. It is essential
to have a global reference frame to describe orientations of
the upper arm 9qY and the lower arm 9ql so that position
trajectories in a uniform global reference frame 9p’ and
9p}V can be reconstructed. A possible global reference frame
can be constructed by setting the x-axis perpendicular to
the coronal plane pointing from the chest to the back and
the z-axis perpendicular to the axial plane pointing from the
feet to the head. Using the right-handed rule, the y-axis can
be constructed accordingly. We set the shoulder joint as the
origin of the global reference frame where

pf=[0 0 0], (1)

whose value does not change with the time variable ¢. Fig. 1
illustrates the global reference frame for upper limb motion
reconstruction in the case of the right arm.

When the right arm is straight down at time 0, vectors to
characterize the posture of the upper arm and the lower arm
are,

wl=[0 0 —V]", )

k=0 0 —1&]", 3)

where [V and [* represent the length of the upper arm
and the lower arm respectively. By applying the orientation
quaternion whose value is 0 at time O to the two vectors, the
posture at time ¢ can be characterized as

o 1" 0o 1" —
o | =%al x| v | x9dY, (4)
ry Ty
T T
0 L 0 T
|: grtL :| = gqt X |: gré, :| X gqt ) (5)

where x represents the quaternion product and 9qF is the
conjugate of 9q. Therefore, position of the elbow and the
wrist joints at time ¢ can be calculated as

Ipy =9p; + Y, (6)

Ip) = 9pf + 1y (7)

B. Calibration

In the previous section, algorithms to track and reconstruct
upper limb motions have been presented. This section will
focus on the calibration methods used to 1) construct the
global reference frame without requiring sensor alignment to
each other or with the mounted arm segment, and 2) create
the vectors describing the arm posture at time 0, 9r and
9rk, without measuring the lengths of the arm segments.

Here, a simple calibration procedure is introduced where
users are asked to keep their right arm (with the sensors
attached on) straight down for a few seconds, for example,
from time O to time ?;. Then they swing to the side in
the coronal plane but still keeping their arm straight and
returning to the starting position. The duration can be labeled
from time ¢; to time t5. At the end of the swing, they keep
the arm straight down for another few seconds, for example,
from time ¢ to time ¢3. The only requirement here is that
the sensors should be mounted as close to the limb ends
as possible. The calibration motion generates two concentric
arc-shaped position trajectories of the elbow and the wrist
joints in the coronal plane, which can be approximated by
the position trajectories of the sensors as they are attached
on the limb ends close to the joints.

During the swing, the two sensors are going through a
circular motion. Take the sensor on the upper arm close to
the elbow joint as an example. Its instantaneous linear and
angular velocities in the sensor’s local reference frame are
related by

vl =0l x eV, (8)

where X here represents the cross product between two three-
element column vectors (also applied to Equation (9)) and
Srff is a vector from the rotation center (the shoulder joint)
to the sensor described in the sensor’s local reference frame.
Since the sensor is rotating, so is its local reference frame.
Therefore, Srgj must be constant and can be estimated by
using the minimum mean square error (MMSE) through the

following formula,

to
sr¥ = arg min Z [FwY x orl — vV 12 )
spU Py

Note that “r¥ is replaced by *rU as it does not change with
the time variable ¢. Since the cross product between two
three-element column vectors can always be reformulated as
the product between a matrix and a vector, Equation (9) can
be easily solved after being converted to the form of a normal
equation.

Though the gyroscope measurements are suffering from
continuous drifting after integration, its instantaneous output
is reliable. Thus, *w! can be directly obtained from the gy-
roscope measurement. To calculate v, the motion tracking
algorithm of human gaits [7] is employed. Here a temporary
global reference frame is introduced, which is aligned with
the sensor’s local reference frame when the arm is straight
down from time 0 to #;. Firstly, ‘q/ is projected to the
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temporary global reference frame as

U _ (i0Y=1 y iU
'q = (q")"" x"q/, (10)
where ‘qU represents the mean of orientation quaternions
from time O to ¢;. The overscore here as well as in Equation
(22) and (23) represent the mean instead of the conjugate.
Then, *aY is converted to ‘al by using

0o 1" o 1" =
{tagj} tqu{say} x tay. (11
Note that gravity is the only component of the accelerom-
eter measurements in the phase of the arm straight down.
Therefore, its vector representation in the temporary global
reference frame, ‘GY can be estimated by averaging 'ay
from time 0 to ¢;. This vector is subtracted from each
ta¥ to remove the gravity component. Then, integration
can be performed to calculate the velocity, tv? . To reduce
integration drifts, zero velocity update (ZUPT) is applied.
The zero velocity windows are set to be from time 0 to %;
and from time ¢, to t3 corresponding to the two phases of
the arm straight down. However, Equation (9) requires the
linear velocity in the sensor’s local reference frame. Thus,
the updated velocity is mapped back through the following

formula,

o 1" +%_[o0o7"
[SU} :tthX|:tv£]] x'qy. (12)

By substituting *w! and *v¥ into Equation (9), *r¥ can be
estimated. The same procedure can be applied to calculating
Swl and *vF. However, instead of “r”, they are related by
st a vector representing the whole arm from the shoulder
joint to the wrist joint in the sensor’s local reference frame
attached on the lower arm. Obviously, the norm of seW s
larger than that of *rU. Therefore, even without the prior
knowledge of the individual sensors’ mounting locations, the
norm of the rotation radius can be used to infer which sensor
is on the upper arm and which is on the lower arm.

Before continuing on the calculation of 9r§ and 9r{
based on *rU and *r'", it is essential to first have the
global reference frame mentioned in the previous section. We
construct the uniform global reference frame from individual
sensors’ temporary global reference frames. Take the right
upper arm as an example. When the arm is straight down, it
is approximately perpendicular to the axial plane. Therefore,
—!rY can be set as the z-axis of the global reference frame
pointing from the elbow joint to the shoulder joint. Since at
time 0, the sensor’s local reference frame was aligned with
its temporary global reference frame, —'r{ is equivalent to
—5rY. Meanwhile, since the z-axis is perpendicular to the
coronal plane, this can be approximated by finding a vector
orthogonal to the swinging plane. The swinging plane is
formed by ‘r¥ t = ty,...,ts, which can be calculated from

o 1" ,
trly =

o 17 —
A

By applying MMSE, the x-axis represented by x can be
obtained by

ta
X = argmin Z (T - x|)2.

X =t

(14)

The remaining y-axis is calculated by the cross product
between the z-axis and z-axis. However, in Equation (14),
there is no constraint on the direction of the z-axis. To ensure
that the it points from the chest to the back, the paired inner
product between ‘r! and the y-axis is calculated. If most
of them are negative meaning the swinging plane is along
the negative y-axis, directions of the x-axis and y-axis will
be flipped. Similar to the visualization frame construction
methods in [7], a rotation matrix, Rf with its corresponding
quaternion representation as qf can be calculated. Then,

Irf = R -'rf = R} -*1Y, (15)

9qf = qf x 'q} x qf. (16)

By applying the same algorithm, 9r}' and 9qf can be
calculated. Theoretically, 9r}" and 9r§ are parallel with their
difference equal to 9r{. Due to sensor noises and estimation

errors, 9r} is approximated by

‘o [

Substituting grg , gqg R grg , and 9th into Equation (4), (5),
(6), and (7), positions of the elbow and the wrist joints at
any time ¢ can be reconstructed.

III. EXPERIMENT AND RESULT

Verification of the calibration algorithm is based on accu-
racy of the arm length estimation. The Invensense MotionFit
Boards were used for data collection. The on-board IMU
samples the motion data at the rate of 200Hz and the data
are transmitted through Bluetooth to a computer for off-
line processing. 3 females and 5 males with various arm
lengths were recruited. Each subject was asked to perform
the calibration motion three times with the sensing boards
mounted at the end of the upper arm and the lower arm.

Length of the upper arm and the whole arm can be esti-
mated from the calibration procedures through the following
formulas,

lew = IV,

est —

(18)

ZW

est — ||SPW‘|7

19)
where the right subscripts here no longer represent the time
variable. Note that the calibration motions were separated
by the zero velocity windows with the posture of arm
straight down and the zero velocity windows were detected
automatically by thresholding energy of the gyroscope signal.

A Kinect system was set up to capture the skeleton
movements at the frame rate of 30Hz. Positions of each
body joints including the shoulder joint *py, the elbow joint
kpE and the wrist joint *p}V" in the Kinect’s reference frame
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TABLE I: Accuracy of Arm Length Estimation

[ ST [ S2 [ S3 ] S4 ] S5 ] 6 ] 57 [ S8

U, m] | 024 | 027 | 023 | 031 | 0.29 | 0.27 | 0.26 | 0.30
W, Im] | 045 | 047 | 048 | 059 | 0.53 | 0.53 | 0.51 | 0.58
eV [%] | 548 | 736 | 994 | 3.87 | 1.07 | 0.86 | 4.09 | 5.17
eW [%] | 7.67 | 211 | 0.65 | 6.84 | 049 | 8.07 | 1.13 | 6.06

were archived. Based on the rigid segment assumption, we
estimate the length of the upper arm as the distance from the
shoulder joint to the elbow joint and the length of the whole
arm as that from the shoulder joint to the wrist joint during
the calibration motion shown in the following formulas,

t3
1
L = 2 N"p? =Pyl (20)
t=0
1 &
i = 2 Il = "ol 21
t=0

where NN is the number of samples between time 0 to ?s.
The Kinect data was used as the pseudo ground truth.

The estimated arm length was averaged as well as the
pseudo ground truth through the three sets of calibration
motions. Then, the estimation error can be calculated as

o _ | 1G]
e = ?7 (22)
lgt
w1
6W _ I e‘stW gt ) (23)
0w

Table I presents mean of the estimation values based on
the calibration algorithm and its deviation from mean of the
Kinect captured ground truth. Overall, the average error is
4.43%.

The effect of the calibration procedure can be observed
by visualizing position trajectories of the elbow joint and the
wrist joint. Fig. 2 illustrates one example of the reconstructed
position trajectories where the subject has performed one set
of calibration motions. Fig. 2(a) plots the position trajectories
in individual sensors’ own temporary global reference frames
while Fig. 2(b) reconstructs those in the uniform global
reference frame. Both figures present a back view in the
coronal plane. Fig. 2(c) presents the calibrated position
trajectories in 3D space. For comparison, Fig. 2(d) plots the
Kinect captured position trajectories by resetting the position
of the shoulder joint to be O at each frame.

IV. CONCLUSION

This paper has introduced a simple calibration method
used for upper limb motion tracking and reconstruction.
Its contribution includes: 1) a global reference frame is
constructed without the requirement of aligning the sen-
sors to each other or with the arm segments; 2) position
trajectories of the elbow joint and the wrist joint can be
reconstructed for visualization without manually measuring
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Fig. 2: Position trajectories of the elbow joint and the wrist
joint.

the arm length; 3) sensors on the upper arm and the lower
arm can be automatically differentiated without the prior
knowledge of their mounting locations. Verification of the
calibration algorithm based on the Kinect captured pseudo
ground truth indicates error of the arm length estimation
is less than 5%. Due to the simple calibration motion it
requires, the calibration method is applicable to daily activity
monitoring especially when feedback to users is available on
whether calibration is successful.
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