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Chapter 1

Introduction

The objective of this thesis was to monitor a person’s movements throughout an
entire workday, in order to detect repetitive movements that may lead to work-
related injuries such as back and neck problems. This requires that someone knows
what to look for in the medical sense and that someone knows how to retrieve this
information in the technical sense.

The medical part was taken care of by doctors and physiotherapists in Aarhus
municipality, while this thesis aimed for solving the technical part. The thesis
proposal was posted by the company Yoke Interaction Design ApS (see Section
1.4), whose job is to put the technical solution into a meaningful product that can
actually be used by the test persons. This solution includes having the sensors
sewn into a t-shirt that the users can wear during their work and daily life.

1.1 Problem description
The areas of use for body monitoring are many and also the technical solutions for
it. Athletes can monitor their body movements in order to improve performance
and avoid injuries or it can be used to animate realistic movements in animated
films and computer games. In the medical field it can be used to aid people with
hemiparesis, the inability to move parts of their body, or people with balance
difficulties. In this project, the measurement information will be used to detect
what kind of movements that may contribute to work-related injuries and what
kind of repetitive movement patterns that in the long run may induce such injuries.

The solution should still provide accurate results even after an entire workday.
That is, the resulting orientation and angles should not suffer from a long term
drift. A person at a resting upright position should be interpreted correctly, even
at the end of the day. During the workday no “impossible” movements should
occur, such as an arm being interpreted as pointing backwards.

The collected data is saved in log files in order to be able to do offline changes
afterward. If for example the calibration was made completely wrong, the in-
terpreted movements will be wrong as well, but it is then possible to redo the
calibration offline or to use default calibration values.

1



2 Introduction

Figure 1.1. Left: t-shirt with embedded back sensor and right arm sensor, connected
to a receiver. Right: skeleton model and sensor model in Unity 3D.

The results also needed to be translated into rotations suitable for implemen-
tation in a 3D program such as Unity 3D, so that the movement data could be
visualized using a model of a human skeleton, as seen in Figure 1.1. This visual-
ization is done both in real-time and offline, by reading the output directly and
by loading a data set into the program, respectively.
In Figure 1.2, the sensor board used in this thesis is shown. The board was

encapsulated in a battery powered receiver, which the test person had in the back
pocket or in the belt. This receiver could then be connected by a network cable
to a computer, where recorded data stored on the memory card was automatically
uploaded to a server. A LED-light was used for indicating that the system was
recording (green) or uploading (red). The sensor board holds an Mbed micro con-
troller with a micro processor and a USB connection, which also works as power
supply.

1.2 Technical issues
In order to monitor a person’s movements correctly, accurate measurements are
needed and we also need to make proper use of these measurements. Since the test
persons (the users) need to do their daily life activities and do their work, optical
systems and video tracking is not an option.

The use of tri-axial accelerometers therefore seems like a given choice, since
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Figure 1.2. Sensor board encapsulated in receiver (left) and by itself (right). Functions
are network connection (A), t-shirt sensors plugin (B), recording toggle button (C),
LED-light (D), external power supply (E), power on/off (F), USB connection (G) and a
microSD memory card (H).

they always provide the direction of gravity, though affected by body movement.
When the body movement seizes, the accelerometer always returns to output the
direction of gravity - there is no accumulated error. However, using only accelerom-
eters is not enough, it is not possible to completely describe all three-dimensional
movements with the knowledge of only one vector. The use of a tri-axial magne-
tometer could then provide the extra information of where north is. With these
two vectors, it is possible to describe any three-dimensional orientation.

Since the earth’s magnetic field is weak, the magnetometer can easily be dis-
turbed by stationary or time-varying magnetic fields generated by ferromagnetic
materials, electric motors or soft irons. Examples of sources of disturbance in-
clude accessories worn by the test person, computers, cell phones, beams and iron
constructions.

It is hence possible to retrieve a stable orientation, but the estimated orien-
tation will be erroneous when body movements affect the accelerometer measure-
ments and in environments which disturb the magnetometer measurements. Since
these situations are quite common and since it is very interesting to get a correct
estimation even of arms, which can move quite quickly, the need for gyroscopes
arises.

Gyroscopes are very good at picking up quick movements but since the out-
put is angular velocity, it is necessary to integrate the measurements over time to
receive the angle. This implies accumulated errors which means that if we trust
blindly in the gyroscopes and let them estimate the angle unsupervised, the orien-
tation estimate will drift little by little until it is completely wrong, with an arm
interpreted as pointing backwards, for example.

All in all, the accelerometer and magnetometer provide the coordinate sys-
tem frame that can be trusted in the long term, while the gyroscope pushes the
estimations in the right direction during quick movements.

The movements are thus measured with low-cost IMU sensors with nine out-
puts (one tri-axial accelerometer, one tri-axial magnetometer and one tri-axial
gyroscope). The entire system consists of three IMUs; one on each arm below the
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shoulder and one in the middle of the back of the t-shirt. If the need for more
sensors arises, it is possible to extend the system to also contain these additional
sensors.

The problem with low-cost sensors is that they are poorly calibrated and that
the measurements are very noisy. An extended Kalman filter (EKF) was used to
build up a sensor fusion framework designed to define how all these measurements
should be combined in an optimal way, into a resulting set of movements as close
to the true movements as possible.

1.3 Related work
There are many publications in the field of bio-dynamics, but none of the pub-
lications found could completely cover the theory used in the application of this
thesis, for example regarding multi-body systems and non-linear models of human
movements.

In [6], a sensor fusion framework consisting of an accelerometer and a gy-
roscope is used in a Kalman filter. The problem with this method is that the
system’s only long-term stable reference is the gravity vector and it is thus not
possible to determine all three-dimensional orientations. The work also includes a
model with anatomical constraints in the elbow, which is interesting, although this
thesis does not model the lower arm at all. This thesis complements the work by
using magnetometers, which makes it possible to determine any three-dimensional
orientation. This thesis also handles non-linear models for the human movements,
which requires the use of the extended version of the Kalman filter (EKF).

Another publication is [8], where only accelerometers are used, along with a
movement model based on the limb’s three-dimensional kinematics movement and
an EKF. The real-time arm movement features are described by Euler angles.
The explanations and theory in the work is very brief and focus is instead laid on
pattern recognition by using the Hierarchical Temporal Memory (HTM) network.
In [7], magnetic motion tracking and shaft-less eccentric mass motors are used. An
electromagnetic motion tracking system measures the motion of the user’s arm.
Also this publication is too brief and the theory used is sparse.

The main source for this thesis when it comes to the implementation of the
extended Kalman filter is [2], where an IMU with accelerometer, magnetometer
and gyroscope is used. The orientation is described by a quaternion estimated
by the filter. In order for the filter to have a meaningful output, the orientation
is in this thesis translated from the non-descriptive quaternion into Euler angles,
which can easily be explained in anatomical (medical) terms. Since human joints
are flexible, it is not advantageous to use Euler angles as states in the EKF due
to the presence of singularities (gimbal lock). Some theory of Euler angles is still
covered in this thesis.

Since there is only one quaternion in [2], this thesis needed to extend the
filter into using three quaternions, where the mathematical relations between the
sensor outputs as well as the extended measurement models had to be defined,
according to sensor placement and the relation of the arms and the upper body.
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The accelerometer model in this thesis also uses the knowledge of body measures
and the information from the gyroscopes to describe the tangential acceleration
experienced during movements, instead of simply assuming that the effect from
body movements are small or simply not trusting the accelerometer when body
motion is detected.

In [1], several areas connected to this thesis are covered and makes a good
source for theoretical explanations and definitions. Also covered is Simultaneous
Location and Mapping (SLAM), which means that the surroundings are estimated,
along with position and velocity of the object, none of which is necessary in this
thesis. In this thesis, an alternative approach to calculate the partial derivatives
in the Jacobian, specific to the dynamics in the application of this thesis.

Calibration is another subject that this thesis wishes to contribute in, since
the low-cost sensors used in this thesis are poorly calibrated, as opposed to expen-
sive sensors, which are properly calibrated straight from the manufacturer. Most
calibration methods require advanced expensive equipment, or at least a rotating
table for the gyroscope, as in [9].

1.4 Yoke Interaction Design ApS
Yoke is a company located in Copenhagen, with a small team consisting of inter-
action designers, software programmers, visual artists, engineers, sound designers
and also a network of external collaboration partners. Yoke designs interactive
solutions based on human experience, such as interactive digital exhibition stands
and other physically interactive installations.

The company works with physical interfaces, sensor technology, intelligent
audio-design, dynamic 3D and animated and interactive content for different plat-
forms, such as single and multi-touch interfaces and mobile units such as smart-
phones and tablets.





Chapter 2

System dynamics

There are many solutions on how to describe human movement. In this project, it
is not of interest what velocity or position the user has with respect to the global
frame. That is, only specifically the movements are of interest, it does not matter
on what location it takes place or how far the user walks during the day.

The interest lies in how much the back is bent, tilted or twisted and at what
angels the arms are held. Moreover, it is also of interest how long time these
movements last and how much time is spent in positions that to various degrees
differ from a resting position or an upright position.

To represent the orientation of the upper body, quaternions were used, whereas
the movements of the arms were presented in Euler angles.

First of all we need to look at the principles of system modeling.

2.1 Modeling
Like many systems, human movement is nonlinear, but can be approximated with
a linear model, in order to be able to use linear theory. As described in [1], a
general time-varying linear state-space model is given by

ẋ(t) = Ax(t) +Buu(t) +Bbb(t) +Bnn(t),

y(t) = Cx(t) +Duu(t) +Dbb(t) + w(t)

where x is the state of the system, u is the input signal, b is a fault, n is process
noise, y is the measurement and w is measurement noise. All these are usually
functions of time and although even the matrices can be functions of time, they
are written as time-independent in the expression above, for the sake of simplicity.

In this project, there is no input signal and thus u and Du are zero. The faults
in this case are biases, which can either be estimated as a state in the Kalman filter
(Chapter 5), or determined during calibration (Section 4.2) and assumed constant
over time. The latter has been used in this thesis. The matrix Bb is hence zero
and Db is just the identity matrix.

7



8 System dynamics

The measurements are in the time-discrete domain, since we have to sample
the measurements at a certain sample rate. Thus, the model needs to be altered
in order to be valid in the time-discrete domain:

xk = fk−1(xk−1, nk−1)

yk = hk(xk, bk, wk)

where k denotes the sample number. The time t at sample k is t = kTs, where Ts
is the sample time.

2.2 Representation of the upper body orientation
The orientation of the upper body is represented by a quaternion. Quaternions
have several advantages over other representations, but they do not give any in-
tuitive meaning about the orientation.

2.2.1 Using quaternions
In this thesis, counter-clockwise rotation corresponds to positive rotation, e. g. a
right hand coordinate system is used. A quaternion represents an orientation or a
transformation, in the same way as a three-dimensional rotation matrix also could
describe an orientation, by extracting its columns vectors.

The quaternion consists of four values,

q = (q0 q1 q2 q3)T

where q0 is the scalar part of the quaternion and qTv = (q1 q2 q3)T make up the
vector part, making it possible to rewrite the quaternion as

q = (q0 q
T
v )T

Rotation quaternions should always be normalized, that is,

‖q‖ =
√
q2
0 + q2

1 + q2
2 + q2

3 = 1

The quaternion by itself describes an orientation, but it is also possible to use it
in a transformation matrix. The global-to-local rotation matrix R(q), or Direction
Cosine Matrix (DCM) is defined as

R(q)=

 q2
0 + q2

1 − q2
2 − q2

3 2(q1q2 + q0q3) 2(q1q3 − q0q2)
2(q1q2 − q0q3) q2

0 − q2
1 + q2

2 − q2
3 2(q2q3 + q0q1)

2(q1q3 + q0q2) 2(q2q3 − q0q1) q2
0 − q2

1 − q2
2 + q2

3

 (2.1)

The definition assumes that the quaternion is normalized. If this is not the case,
all elements of the matrix must be divided by ‖q‖. The DCM is used to translate
vectors from global space to local space. Using superscripts B and G for upper
body frame and global frame respectively, here is an example:



2.2 Representation of the upper body orientation 9

gB = R(q)gG
where the gravitational acceleration vector gG, in a north-west-up coordinate sys-
tem given by

gG = (0 0 9.82)T

is translated from global coordinates to local. This is convenient since we know the
direction of the gravity vector in global space and want to describe its direction
in local space, since this is the frame in which the sensor is measuring. This will
become clearer in the Measurement models chapter, Chapter 3.

The DCM is time-varying, since it is a function of the time-varying quaternion.
If there is no rotation, q equals the identity quaternion (1, 0, 0, 0)T and R(q) equals
the 3×3 identity matrix. Post-multiplying a vector with the identity matrix leaves
the vector unchanged.

2.2.2 The time update of the quaternion
The quaternion orientation is estimated in the Kalman filter, described in Chap-
ter 5. In order to use the quaternion as a state in the filter, it is necessary to
know how the quaternion propagates from one time instance to the next. This is
acquired by saying that the rigid body angular motion obeys the vector differential
equation given by the following expression (see [1], [2]).

d

dt
q(t) = 1

2S(ωB)q(t)

where

S(ωB) =
(

0 −ωTB
ωB [ωB×]

)
=


0 −ωx −ωy −ωz
ωx 0 ωz −ωy
ωy −ωz 0 ωx
ωz ωy −ωx 0

 (2.2)

and ωB =(ωx ωy ωz)T is the angular velocity of the upper body (relative to global
space G, resolved in B). [ωB×] is the matrix representation of a standard cross
product.

The angular velocity is actually a measured quantity and could be added as
a state and modeled along with the other measurement models. The angular
velocity is instead used as a known parameter in the dynamics, in order to reduce
the dimension of the state space and avoid introducing extra non-linearity.

By doing this we use the gyroscope measurement noise as process noise n,
yielding

d

dt
q(t) = 1

2S(ωB + nωB)q(t)

As derived in [1], this can be rewritten as

d

dt
q(t) = 1

2S(ωB)q(t) + 1
2Sn(q(t))nωB
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where

Sn(q(t)) =
(

−qTv
[qv×] + q0I

)
=


−q1 −q2 −q3
q0 −q3 q2
q3 q0 −q1
−q2 q1 q0

 (2.3)

which affects the process noise covariance matrix Q in the Kalman filter in Chap-
ter 5. Assuming that the noise input is constant between one sample and the next,
the time-discrete system can be written on the form

xk = Fxk−1 +Gnk−1

where

F = eATs , G =
Ts∫
0

eAtB dt

The noise-free attitude dynamic model (in discrete time) is given by

qk = e
1
2S(ωk−1)Tsqk−1 (2.4)

This assumes that ω is constant during the sample intervals, making the dynamics
time-invariant between samples.

The matrix exponential function e is a computationally heavy calculation that
does not always exist in programming libraries. To simplify this operation, one
can look at the Taylor expansion for the exponential function, which is as follows:

ex =
∞∑
n=0

xn

n! = 1 + x+ x2

2 + x3

3! + x4

4! + ...

e
1
2S(ωk)Ts =

∞∑
n=0

( 1
2S(ωk)Ts)n

n! =
∞∑
n=0

(Ts2 )n 1
n!S(ωk)n

As derived in [1], the expression can be simplified to

qk =

cos
(
‖ωk−1‖Ts

2

)
I +

sin
(
‖ωk−1‖Ts

2

)
‖ωk−1‖

S(ωk−1)

 qk−1 (2.5)

without making any assumptions at all. The expression in (2.5) is hence an exact
description of the matrix exponential function. It is possible to use this as it is,
but we choose to make the assumption that the product ‖ωk−1‖Ts is small, which
is true if the sample rate is high enough. This makes it possible to use the small
angle approximation, thereby simplifying the dynamic equation (2.4) to

qk =
(
I + Ts

2 S(ωk−1)
)
qk−1
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which is actually the same as the first order approximation of the Taylor expansion
of the exponential function:

ex ≈ (1 + x)

2.3 Representing the angles of the arms
The sensors on the arms follow the same procedure as the upper body, but here
it is of more essence that the orientation is described in understandable terms.
Even the orientation of the upper body can with advantage be described in Euler
angles, describing how much the person is leaning forward or sideways and in what
geographical direction the person stands.

It is more or less necessary to convert the coordinate system of the sensors so
that the Euler angles make sense. In this thesis, having the arm straight out and
away from the body, with the back of the hand facing upwards, is considered to be
the zero orientation, in order for the Euler angles to helpfully describe the angles
of the arm.

There are always singularities, situations were the angles are in the flipping
over zone, for example between −180o and +180o. This is not an issue in the
mathematical sense if the filter uses quaternions that are converted into Euler
angles. Nevertheless, a graph showing the pending of an arm will only have a
descriptive appearance for the elevation angle and the appearance of the bank
angle and heading will not make so much sense.

In this thesis, the end user is in the medical field and is interested in physically
challenging movements or heavy loads exposing joints when in harmful positions.
Holding ones arms straight down along an upright body is the least harmful posi-
tion, so in this case it is not as bad as it sounds to have the singularity here.

2.3.1 Euler angles
The orientation of an arm is described by a triplet of Euler angles, denoted φ, θ
and ψ, where

• φ denotes the angle caused by the object rotation around its own main axis.
The technical term for this angle is the bank angle, from aircraft rotation
dynamics. Its incremental rotation ∆φ is called roll.

• θ denotes the angle between the object and the horizontal plane. In technical
terms it is called elevation angle and its incremental rotation ∆θ is named
pitch.

• ψ denotes the angle around the vertical vector z. The technical term for this
angle is heading and its incremental rotation is called yaw.

Furthermore, the angles φ and θ constitute the attitude angles. The general case
for Euler angles are shown in Figure 2.1, with subscripts G for global coordinates
and L for the object’s local coordinates. In Figure 2.2, the Euler angles are shown
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Figure 2.1. Euler angles, general case
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Figure 2.2. Euler angles representing right arm orientation

as how they are used to describe arm orientation. Note that the elevation angle θ
in Figure 2.1 would have a negative value in this thesis. Also note that the arm
in Figure 2.2 is held at a certain orientation but that the three Euler angles are
represented as the drawing shows, regardless of the arm’s current orientation.

The Euler angles here represent the arm’s orientation in relation to the upper
body, rather than a global fix coordinate system. φ is now the arm’s rotation
around its own main axis and ψ is the arm’s rotation around the mid-line of the
body zB . θ is the angle between the arm and the upper body xy-plane (the xByB-
plane), which in the figure is the same as the global horizontal plane, since the
upper body is at zero orientation.
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The following transformation matrix can be used to translate vectors from
body center coordinates into arm coordinates:

R(α) = R(φ, θ, ψ) = Rx(φ)Ry(θ)Rz(ψ)

where the notation α is used to represent the collection of the three Euler angles
and where

Rx(φ) =

 1 0 0
0 cosφ sinφ
0 − sinφ cosφ



Ry(φ) =

 cos θ 0 − sin θ
0 1 0

sin θ 0 cos θ



Rz(ψ) =

 cosψ sinψ 0
− sinψ cosψ 0

0 0 1


resulting in

R(α) =

 cos θ cosψ cos θ sinψ − sin θ
sin θ sinφ cosψ − cosφ sinψ sin θ sinφ sinψ + cosφ cosψ sinφ cos θ
cosφ sin θ cosψ + sinφ sinψ cosφ sin θ sinψ − sinφ cosψ cos θ cosφ


(2.6)

In this thesis, R(α) is not used, since the Kalman filter estimates quaternions for
the arms, due to the fact that the Euler angles have the disadvantage of singular-
ities (gimbal lock). Instead, the quaternion rotation matrix from (2.1) is utilized,
which is equivalent to R(α). The Euler angles can still be obtained, by perform-
ing a conversion from quaternions to Euler angles (see Section 2.3.2). See also
Appendix A for translation according to body joints and sensor placement. Using
subscripts R, B and G for right arm frame, upper body frame and global frame
respectively, here is an example:

gR = R(qR)gB = R(qR)R(qB)gG

where the gravitational acceleration vector gG is translated from global coordinates
to body center coordinates and then translated into the right arm’s local coordinate
system. Again, this method will be used in the Measurement models chapter,
Chapter 3.

The local coordinates are fixed to the arm (or upper body). This is the frame in
which the sensor measures, so it is necessary to describe how the global frame Euler
angles depend on the local frame angular velocities obtained from the gyroscope
measurements. According to [4], the Euler angles can be updated as

Rk = TRk−1
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where R is the rotational matrix described in (2.6) and

T =

 1 Tsωz −Tsωy
−Tsωz 1 Tsωx
Tsωy −Tsωx 1


but with this method, it is not possible to use the angles as states in the filter.
Another way to update the Euler angles, that provides this possibility, is by φk

θk
ψk

 =

 φk−1 + ∆φ
θk−1 + ∆θ
ψk−1 + ∆ψ


where  ∆φ

∆θ
∆ψ

 =

 1 tan θ sinφ tan θ cosφ
0 cosφ − sinφ
0 sec θ sinφ sec θ cosφ

Ts

 ωx
ωy
ωz


and update (2.6) with the new angles [4]. However, singularities occur when
cos θ = 0, that is when θ = ±π2 , since

tan θ = sin θ
cos θ

and

sec θ = 1
cos θ

With the current coordinate system, this means that there is a singularity when
the arm is held straight down or straight up. Despite the fact that it is possible
to reduce the effect of this issue by changing the coordinate system so that the
elevation angle is zero in less vulnerable situations, it is not possible to find a
coordinate system in which the singularities can be avoided completely, since the
shoulder joint is flexible enough to move the arm in a wide range of orientations.

2.3.2 Conversion from quaternions to Euler angles
Quaternions can be converted into Euler angles as described in [4]. In the case of
this thesis, the angle/axis sequence (ψθφ) → (zyx) is used and the conversion is
then given by

tanψ = 2q1q2 + 2q0q3

2q2
0 + 2q2

1 − 1

sin θ = 2q0q2 − 2q1q3

tanφ = 2q2q3 + 2q0q1

2q2
0 + 2q2

3 − 1



2.4 Total dynamic model 15

Here, θ is calculated by performing arcsin on the right side, whereas the other two
angles requires the use of the function arctan2, since the ordinary function arctan
only applies for angles between −π2 and π

2 . Arctan2 is described by

arctan 2(y, x) =



arctan
(
y
x

)
x > 0

π + arctan
(
y
x

)
y ≥ 0, x < 0

−π + arctan
(
y
x

)
y < 0, x < 0

π
2 y > 0, x = 0
−π2 y < 0, x = 0

undefined or 0 y = 0, x = 0

2.4 Total dynamic model
To sum it up, the total process model is given by

xk =

 qBk−1
qRk−1
qLk−1

 =

 I4 + Ts

2 S(ωBk−1) 0 0
0 I4 + Ts

2 S(ωRk−1) 0
0 0 I4 + Ts

2 S(ωLk−1)

 qBk−1
qRk−1
qLk−1


(2.7)

where I4 denotes the 4× 4 identity matrix and S is described in (2.2).





Chapter 3

Measurement models

In Chapter 2, modeling in general was described. In this chapter, the measurement
models are defined. These models do not take cross-axis sensitivity, cross-coupling
or misalignment into account [2]. There is a slight difference in approach between
modeling measurements on the upper body and measurements on the arms.

3.1 Upper body measurement models
The measurements from the sensor on the upper body are modeled with the knowl-
edge that the translation from global frame to upper body frame (B) is given by
the transformation matrix R(q) from (2.1).

3.1.1 Accelerometer measurement model
The measurement model for the accelerometer on the center of the upper body
(index B) is

yaB = Ka
B [R(qB)g + aB ] + waB + baB

where Ka
B is the accelerometer scale factor matrix, R(qB) is the transformation

matrix given by (2.1) and g is the gravitational acceleration vector in global space.
aB is acceleration due to body movement, waB is the accelerometer measurement
noise and baB is the accelerometer bias.

We will assume that no scaling is necessary after proper calibration (see Sec-
tion 4.2) and hence Ka

B equals the 3×3 identity matrix. The measurement noise
waB is assumed to be white Gaussian noise with zero mean and standard deviation
σaB . The accelerometer bias baB is determined by calibration (Section 4.2) and
assumed constant over time.

The gravitational acceleration vector g, points in the opposite direction of
earth gravity. If the direction of gravity is −ẑ, the reference coordinate system
has a constant acceleration of magnitude g in this direction. If the sensor is
still, it measures an acceleration of magnitude g, directed in +ẑ, since this is the

17
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Figure 3.1. Illustration of tangential and centripetal acceleration.

sensor’s acceleration relative to the reference system. Thus, if the sensor is free
falling, it will output zero. If the sensor is rotated, the rotation matrix R(q) will
transform the gravity vector g into the sensor’s local coordinate system B. The
bold g represents the gravity vector and the standard g represents the gravitational
constant, which is about 9.82. The bold font is not used for any other vectors,
since this is the only case with risk for confusion.

What now remains in order to completely have described the accelerometer
measurement model is to determine the acceleration that comes from body move-
ment, aB .

The acceleration that comes from moving the center of the body is assumed
small compared to gravity, but still large enough to affect the estimation, giving a
false interpretation of the upper body orientation. First, let us look at a general
case of circular movement, as shown in Figure 3.1.

During circular movement at angular velocity ω, a point P at distance r from
the center of rotation, experiences the tangential velocity

vt = ω × r

and the tangential acceleration

at = d

dt
vt = dω

dt
× r = α× r

where the time derivative of ω yields the angular acceleration α. In our case, only
ω is provided. In discrete time, the angular acceleration is approximated as

dω

dt
≈ ∆ω

∆t = ωk − ωk−1

Ts

where ∆T is the sample time and hence

at ≈ 4ω
Ts
× r

If the angular velocity ω is constant, vt is constant and at is zero. Since the point
P stays at distance r from the center, there must exist a force pulling towards the
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center. This is the centripetal acceleration, which in the case of planar movement
is given by the expression

ac = −ω2r

To get back to the acceleration in question, aB can in the local frame B be described
as

aB = atB + acB + aotherB

where aotherB describes all accelerations that are not observed by the gyroscopes,
such as taking a leap forward without rotating, jumping straight up or taking a step
sideways. Since this is difficult to model, this term is neglected, though it would be
wise to experiment with these movements in an attempt to model them or detect
them and temporarily decrease the trust in the accelerometer measurements.

Unless the user is a professional ice skater, also the centripetal acceleration is
considered small enough and is hence neglected.

The contribution from tangential acceleration, however, is not insignificant,
but there are some difficulties when trying to model this contribution. The main
problem is that a time derivative implies division by the sample time, which leads
to very high values. It is important to check that the values are not too high to be
useful for fine tuning the model, especially as the amplitude of the amplified noise
can be higher than the accelerometer measurement itself. The gyroscope signal
can with advantage be filtered by a low pass filter in order to reduce the noise but
still have the important characteristics.

In this thesis, a sample rate of 20 Hz is used, which is considered high enough
to detect body movements and low enough for data storage. A low sample rate is
also preferred when dividing by it, as mentioned above. If the sample rate needs
to be higher, it might not be useful to use this method. Thus, only the tangential
acceleration remains and hence

aB ≈ atB ≈
∆ωB
Ts
× rB

It is important to make assumptions in an attempt to complement the mea-
surement model and to be aware of the assumptions made, in order to estimate
the size of the error and thus the values in the measurement covariance matrix.
It is desirable to complement the measurement model for the accelerometer to
improve its ability to keep up also during fast movements, using the information
provided by the gyroscopes to model the impact that the body movements have
on the accelerometer measurements under short periods of time.

An illustration of the accelerations experienced by the sensor on the body
center is shown in Figure 3.2. The contribution from aotherB is not drawn and the
shown angular velocity is one-dimensional for drawing simplicity.

Of course, human movement is in reality not limited to rotation around a
specific point and the vector rB is in reality neither completely straight nor of
constant length. The upper body is not a static block but instead very flexible in
its movement, because of the flexibility of the spine. Indeed, the center of rotation
could be located much further down due to extensive leg movement by the user.



20 Measurement models

O

B

ωB

aB

aB

R

P

rB

t

c

Figure 3.2. Illustration of the accelerations experienced by the sensor on the body
center.

3.1.2 Magnetometer measurement model
The magnetometer measurement model is described as

ymB = Km
BR(qB)h+ wmB + bmB

where h is the geomagnetic field reference vector, which in Copenhagen is1

h = (0.171, 0, −0.469)T

assuming the global coordinate system north-west-up.

3.1.3 Gyroscope measurement model
The gyroscope measurement model is

ygB = Kg
BωB + wgB + bgB

where ωB is the angular velocity of the upper body. According to the argumen-
tation in Section 2.2.2, the angular velocity is not used as a measurement, but
rather considered a known parameter, given by

ωB = ygB − b
g
B

where bgB is determined by calibration (Section 4.2).
1National Geomagnetism Program (http://geomag.usgs.gov), May 2011
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3.2 Arm measurement models
The measurements from the sensors on the arms are modeled with the knowledge
that the translation from global frame to upper body frame (B) is given by the
transformation matrix R(qB) from (2.1) and that the translation from the body
center frame to the frame of the right and left arm is given by the transformation
matrix R(qR) and R(qL) respectively. The calculations are done for right arm, but
the calculations for the left arm are identical.

3.2.1 Accelerometer measurement model
The measurement model for the accelerometer in the sensor on the right arm
(index R) is given by

yaR = Ka
R[R(qR)R(qB)g + aR] + waR + baR

where Ka
R, w

a
R and baR follow the same procedure as the measurement models for

the body center sensor. For explanation of accelerations perceived by the sensor
on the arm, see Figure 3.3 and the expression

aR = aRB + atR + acR + aotherR

where aRB is the influence that upper body movements have on the accelerometer
on the arm. When modeling the tangential acceleration, it is necessary to translate
this vector into local coordinates. In the expression

aB = ∆ωB
Ts
× rR ,

∆ωB is in body center coordinates and rR consists of two components; one de-
scribed in body center coordinates and one described in arm coordinates (see Fig-
ure 3.3). Therefore, it is convenient to split rR into its components to describe the
acceleration components in correct coordinate systems. The expression is derived
as

aB = ∆ωBB
Ts
× rR = ∆ωBB

Ts
× (rBP + rRPR) = ∆ωBB

Ts
× rBP + ∆ωBB

Ts
× rRPR

Then all terms described in body center coordinates must be transformed into arm
coordinates, since this is where the sensor is measuring.

aRB = R(qR)
(

∆ωBB
Ts
× rBP

)
+R(qR)

(
∆ωBB
Ts

)
× rRPR (3.1)

3.2.2 Magnetometer measurement model
The magnetometer measurement model for the sensor on the arm is

ymR = Km
R R(qR)R(qB)h+ wmR + bmR
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Figure 3.3. Tangential and centripetal acceleration due to movement of the upper body
(C) and the right arm (R), respectively. For simplicity, the three-dimensional angular
velocities are drawn as one-dimensional vectors.

where Km
R , w

m
R and bmR follow the same procedure as the measurement models for

the body center sensor.

3.2.3 Gyroscope measurement model

The gyroscope measurement model for the sensor on the arm is

ygR = Kg
R[R(qR)ωB + ωR] + wgB + bgB

where ωR is the angular velocity of the right arm. Again, according to the ar-
gumentation in Section 2.2.2, the angular velocity is used as a known parameter,
given by

ωR = ygR −R(qR)ωB − bgR (3.2)

where bgR is determined by calibration (Section 4.2).

3.3 Total measurement model

To sum it up, after implementing the assumptions made in this chapter, the mea-
surement model is
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ŷ =


ŷaB
ŷmB
ŷaR
ŷmR
ŷaL
ŷmL

 =


R(qB)g
R(qB)h

R(qR)R(qB)g
R(qR)R(qB)h
R(qL)R(qB)g
R(qL)R(qB)h

+



∆ωB

Ts
× rB

0
∆ωR

Ts
× rR + aRB

0
∆ωL

Ts
× rL + aLB

0

+


baB
bmB
baR
bmR
baL
bmL

 (3.3)

where aRB (and accordingly aLB) is described by (3.1). See also Appendix A for
translation according to body joints and sensor placement.

3.4 Linearization of measurement models
Because of the nonlinear nature of the measurement model in (3.3), the EKF
approach requires that the system is linearized. This is done by carrying out a
first-order Taylor-MacLaurin expansion around the current state estimate. Thus,
a linearized approximation of the measurement equation is given by

yk = h(xk) + wk ≈ h(x̂k|k−1) +Hk(xk − x̂k|k-1) + wk

where Hk denotes the Jacobian matrix, given by

Hk = ∂

∂xk
yk

∣∣∣∣
xk=x̂k|k−1

=


∂y1
∂x1

∂y1
∂x2

· · · ∂y1
∂xn

∂y2
∂x1

. . .
...

...
. . .

...
∂ym

∂x1
· · · · · · ∂ym

∂xn


k|k−1

where n = dim(x) and m = dim(y) and each modeled measurement yi is a vector
with three elements. The models are of course state dependent, but since the
true state is not known, the a priori state estimate is substituted, being the best
estimate available.

As an example, the first entry of the Jacobian is

∂y1

∂x1
= ∂yaB
∂qB0

= ∂

∂qB0

(
R(qB)g + ∆ωB

Ts
× rB

)
= ∂

∂qB0
(R(qB)g)

where

R(qB)g =

 R11 R12 R13
R21 R22 R23
R31 R32 R33

 0
0
g

 = g

 R13
R23
R33

 = g

 2(q1q3 − q0q2)
2(q2q3 + q0q1)

q2
0 − q2

1 − q2
2 + q2

3


and hence
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∂

∂qB0
(R(qB)g) = g

 −2q2
2q1
2q0

 = 2g

 −q2
q1
q0


where the states (in this case q2 q1 q0) are the predicted (a priori) states of the
upper body quaternion. For the reader’s convenience, the Jacobians in the ac-
celerometer measurement equation are given by

Ha
k = 2g

 −q2 q3 −q0 q1
q1 q0 q3 q2
q0 −q1 −q2 q3


and the Jacobians in the magnetometer measurement equation are given by

Hm
k
T = 2


hxq0 + hyq3 − hzq2 −hxq3 + hyq0 + hzq1 hxq2 − hyq1 + hzq0
hxq1 + hyq2 + hzq3 hxq2 − hyq1 + hzq0 hxq3 − hyq0 − hzq1
−hxq2 + hyq1 − hzq0 hxq1 + hyq2 + hzq3 hxq0 + hyq3 − hzq2
−hxq3 + hyq0 + hzq1 −hxq0 − hyq3 + hzq2 hxq1 + hyq2 + hzq3


where h = (hx hy hz)T is the magnetic field vector. Since hy = 0 in Copenhagen,
all terms with hy are removed in this thesis.

The calculations of these derivatives are done under the assumption that the
quaternion is normalized. This is the reason why extra precaution was taken in
the time update, by normalizing the predicted quaternion after multiplication with
the state transition matrix in (2.7). If taking quaternions into account that are
not of unit length, the Jacobian expression would be more complex, due to the
changed appearance of matrix R(q).

The calculated Jacobians above are the most simple ones, since they are the
Jacobians of the measurement models for the upper body sensor. Looking at the
arm measurement models, the first Jacobian entries are given by

∂y3

∂x1
= ∂yaR
∂qB0

= ∂

∂qB0

(
R(qR)R(qB)g + ∆ωR

Ts
× rR + aRB

)
= ∂

∂qB0
(R(qR)R(qB)g)

which quickly results in vast expressions. An alternative approach is then to
calculate the partial derivatives of each quaternion component separately, such as

∂

∂qB0
R(qB) =

 2q0 2q3 −2q2
−2q3 2q0 2q1
2q2 −2q1 2q0


and similarly for q1, q2 and q3. The quaternion in the example is qB but this
of course has to be altered to be the quaternion in question. The expression is
exactly the same for any quaternion, however the values of course differ. Using
this expression, the Jacobians of the accelerometer measurement equation for the
right arm, with respect to qB0 , can now be written as
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∂y7

∂x1
= ∂

∂qB0
(R(qR)R(qB)g) = R(qR) ∂

∂qB0
(R(qB)) g (3.4)

This approach yields the same result as deriving the expression R(qR)R(qB)g, but
can be done numerically in the chosen implementation. Which method that is
most efficient can be discussed but the latter method saves time and the appear-
ance in the code is very understandable. Also, it is with this method allowed to
have gravity represented in another direction than z without having to redo any
calculations.

3.5 Measurement noise covariance
In the Kalman filter, the measurement covariance matrix Σ reflects how trustwor-
thy the measurements are:

Σ =


ΣaB 0 0 0 0 0
0 ΣmB 0 0 0 0
0 0 ΣaR 0 0 0
0 0 0 ΣmR 0 0
0 0 0 0 ΣaL 0
0 0 0 0 0 ΣmL

 (3.5)

where all zeros are 3×3 matrices and where for example

ΣaB = (σaB)2I3

Here, (σaB)2 is the variance of the measurements at rest, from the accelerometer
on the upper body sensor, determined during the calibration of the sensor (see
Section 4.2). The matrix should not only reflect the measurement noise but also
the uncertainty of the measurement models, due to for example the assumptions
made and the fact that we lose information by sampling. Thus, the expressed Σ
is a good start but will need some tuning.

To detect momentary deviation from normal behavior, such as magnetic dis-
turbance, one could test the norm of the accelerometer and the magnetometer.
The magnetometer should have the same magnitude at all times and thus, if the
magnetometer recordings are of a significantly larger magnitude, one could sus-
pect that there is a disturbance and that the measurements therefore should not
be trusted.

In the same way, if we expected the accelerometer to record only gravity, we
would consider measurements with larger magnitude than gravity non-trustworthy.
However, since effort has been put into modeling the impact of body movements
on accelerometer recordings, we do not really have an exact comprehension about
how large the magnitude should be.

It could be meaningful to monitor how much the magnitude differs between
estimated and measured acceleration and consider introducing a difference thresh-
old, over which measurements should be regarded as non-trustworthy. This would
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occur as a consequence to not having been able to completely model all movements
influencing the accelerometer measurements.

Once the momentary deviation has been detected, this occurrence needs to be
reflected in the filter. There are several ways to achieve this:

• Increase the variance value in Σ. This makes the filter trust the measurement
input less, by decreasing the Kalman gain. If the measurements should be
disregarded completely, Σ should be set to infinity, which can give rise to
errors due to singularity. This corresponds to setting the Kalman gain to
zero.

• Not to perform the update. If the accelerometer should not be trusted, only
update the magnetometer, and vice versa.

• Explicitly set K to zero at the corresponding indices.

In this thesis, the latter variant is used. This means that we either trust the
measurements completely or not at all. If the intention was to make a transition,
the first variant would be the preferred choice, but in this thesis, this would give
rise to singularity issues.



Chapter 4

Measurements and
calibration

In this chapter, the sensors are calibrated and the outputs are measured while
the sensors are held at rest. This gives an understanding of the magnitude of the
noise in relation to the signal magnitude and also provides a first estimate of the
size of the values in the process noise covariance matrix Q and the measurement
noise covariance matrix Σ. These covariance matrices help the Kalman filter in
the weighing process, guiding it to a balanced trust between the sensors and their
outputs. The accelerometer and magnetometer will to some extent disagree in their
experienced orientations and it is necessary to get an idea of their advantages and
disadvantages against each other and to be aware of how the gyroscope affects the
orientation estimate.

In order for the models to assist in an accurate way and in order for the Kalman
filter to be able to provide as good orientation estimates as possible, it is necessary
to remove as many sources of error as possible. A poorly calibrated sensor is indeed
a source of error, since the accelerometer and magnetometer must agree on their
local coordinate system as much as possible and the gyroscope should not drive
the orientation too fast or too slow, or the orientation estimate will temporarily be
very wrong. It is important to understand that because the filter uses all inputs
in its calculations, it is important that they are trustworthy, or else they can do
more damage than good to the orientation estimate.

Assumptions were made when deriving the system dynamics and measurement
models, such as assuming that the noise is Gaussian, that bias is constant and that
there is no misalignment. This chapter seeks to investigate if these assumptions
are really applicable. The proper gains and biases also need to be determined.

The measurements show that the sensor output is noisy and biased, but once
the bias is determined it does not change much. At start-up, the self-heating of the
gyros (and to some extent also the accelerometer and magnetometer) makes the
biases of the gyros grow until the temperature is stabilized [2]. The manufacturer
also calibrates the sensors with respect to temperature, but to make sure that the
output is correct, it is a good idea to let the system warm up and the problem is

27
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Figure 4.1. Measurements and histogram of accelerometer at rest

out of the way.

4.1 Measurements
The following figures show plots of measurements of an IMU at rest, showing that
the sensor output is noisy and that the bias does not seem to change (the bias has
been subtracted in the figures). The histogram of the measurements are shown as
well, showing a typical Gaussian distribution appearance. In the figures, bias has
been subtracted and scaling has been applied, these issues are covered in the next
section (Section 4.2).

Figure 4.1 shows the output and histogram for the accelerometer. Figure 4.2
shows the measurements and histogram for the magnetometer at rest. The output
is quantized with a certain step size, determined by the resolution of the raw
output. This effect is most evident in the graph for the z axis. Figure 4.3 shows
the measurements and histogram for the gyroscope at rest. The histogram shows
a very clear indication that the measurement noise is white Gaussian noise.

Worth mentioning is that this procedure also results in finding the values for
a first approach to the process noise covariance matrix Q and the measurement
noise covariance matrix Σ, by providing the variances at rest. In each case, the
variance is obtained from all three individual axes and the resulting variance is
determined as the highest of these three. The values in these matrices then need
to be tuned to also reflect the uncertainty of the models and loss of information
due to sampling.

4.2 Calibration
The calibration of the accelerometer is made by pointing the axes down in the
six different directions (±x, ±y, ±z) that result in the maximum and minimum
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Figure 4.2. Measurements and histogram of magnetometer at rest

Figure 4.3. Measurements and histogram of gyroscope at rest
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values of the accelerometer. This can be done blindly or while looking at real-time
graphs in Unity which assist in reaching values as close to the true maximum and
minimum values as possible.

The procedure for the magnetometer is exactly the same although maximum
and minimum then occurs when the axis in question is aligned with the geomag-
netic field vector instead of straight down. This vector has one component pointing
towards the center of the earth and one component pointing north.

Important to remember while calibrating is to not move the sensors too fast
since this will result in false maximum accelerations since the measurements are
only supposed to depend on gravity. Also, do not calibrate in an environment with
a lot of magnetic disturbance.

The gyroscope is calibrated by rotating the sensor two laps around any axis
and then integrating the measured angular velocity, comparing it to the true value
of 720o. Since integration results in accumulated errors, the shorter time for this
procedure the better. This can be done more properly if applied to all three axes
and turning both clockwise and counter-clockwise. Furthermore, it can be done
even more properly with sophisticated calibration equipment.

4.2.1 Accelerometer and magnetometer calibration
The raw output ideally has no bias and the output for the sensor used in this
thesis has a resolution of 300 counts per 1g, which means that we need a scaling
factor of 9.82/300 in order to get the output in [m/s2]. Since the measurements
are biased and subject to scaling errors, the correct calculations of the bias and
the scaling factor (gain) are

ba = max(ya) + min(ya)
2

Ga = 2 · g
r

where the range r is given by

r = max(ya)−min(ya)

The maximum and minimum values are determined by rotating the sensor in all
possible directions, yielding a maximum and a minimum value for all three axes.
g is the gravity constant (the norm of the gravity vector), which is about 9.82.
The reason why it is multiplied by 2 is because the measurements should have
a range r from -9.82 to +9.82. Since this is done for both x, y and z, we get a
three-dimensional bias vector and a three-dimensional gain vector.

A visual illustration is that all measurements should have the same magni-
tude and hence point at a point somewhere on the surface of a sphere, but until
the calibration is done, the sphere is not correctly scaled and its center point is
misplaced. In Figure 4.4, the red dot represents the biased center point whereas
the blue dot represents the center point after calibration. The blue circles show
the 20 outermost measurements, in all six directions. These measurements all lie
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Figure 4.4. Spheres of accelerometer and magnetometer measurements during calibra-
tion

approximately on the surface of the sphere, which in the case of the accelerometer
has a radius of 9.82.

An alternative calibration method is described in [5], where measurements are
fitted to an ellipse instead of a sphere. The bias and gain is then calculated using
the parameters in the ellipse equation.

The calibration of the magnetometer is done in the exact same way, although
of course with a different range due to a different resolution in the raw output.
The magnetometer gain is accordingly given by

Gm = 2 ‖h‖
max(ym)−min(ym)

where h is the geomagnetic field reference vector, which for Copenhagen again is

h = (0.171, 0, −0.469)T

assuming the global coordinate system north-west-up. The norm is

‖h‖ = 0.4992

which means that the radius of the sphere for the magnetometer in Figure 4.4
is 0.4992. After the calibrating procedure, the measurements should hence have
a norm of 9.82 and 0.4992 for the accelerometer and magnetometer respectively.
That this is also the case is shown in Figure 4.5. An important note is that the
variance of these outputs is to be calculated after multiplying the output with the
appropriate gain.
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Figure 4.5. The norm of accelerometer and magnetometer measurements

Figure 4.6. Gyroscope measurements of a 720o clockwise rotation around y axis

4.2.2 Gyroscope calibration

The gyroscope bias is simply the output at rest, since the output then should be
equal to zero.

The gain is determined by rotating the sensor two laps around one of the
axes, the example uses a rotation clockwise of 720o or 4π around the y axis. It
is important to subtract the bias first. The measured value for this rotation is
obtained by integration, which in discrete time corresponds to summation:

θ = Ts

t1∑
to

ygy

and the gain is calculated as the true value divided by the measured value:

Gg = 4π
|θ|

An example graph is shown in Figure 4.6. Once again, it is important to calculate
the variance after multiplying the output with the adequate gain.
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4.2.3 Discussion
There are of course some issues with this kind of unequipped calibration. Tradi-
tionally the calibration of an IMU is done by using a mechanical platform, turning
the IMU into different precisely controlled orientations and at known rotational
velocities, but this procedure is of course expensive. The amount of effort put
on the calibration procedure from the manufacturers is often what separates the
expensive sensors from the ones available for a low cost. The gyroscope calibration
would definitely benefit from having a turntable as a reference, yielding more exact
angular velocity measurements.

A ideal calibration would compensate for individual sensor offset, scale factor
and misalignment to the orthogonal reference and collect data sets from as many
static orientations as possible and then have a least squares algorithm obtain the
best least squares fit. In this thesis, this is kept in mind but scaled down to a
procedure that can be executed manually for a large number of sensors without
suffering too much performance in orientation estimation accuracy.

The biases are in this thesis modeled as constants, but could benefit from being
estimated as states in the filter. The maximum value for the accelerometer and
magnetometer could be done by excluding outliers instead of simply taking the
fifth biggest value as is the case in this calibration guide. To display the results
on spheres however, helps to evaluate the calibration outcome and would show
if the calibration was performed with fast movement, affecting the accelerometer
maximum, or performed in an environment with a lot of magnetic disturbance,
affecting the magnetometer maximum.





Chapter 5

The Kalman filter

The Kalman filter uses the measurements according to the measurement models
and provides the optimal state estimates, under the condition that all states are
observable and that the measurement and process noise are white Gaussian noise.
It is also required that the values of the initial states x0 and the initial error
covariance matrix P0 are reasonably close to the true values.

In the Kalman filter, a value is first predicted, then the uncertainty of the
predicted value is estimated and a weighted average of the predicted value and
the measured value is computed, where the weight is the Kalman gain. The
most weight is given to the value with the least uncertainty. In this way the
measurements (as well as the state estimates) are approaching the true values
with the estimated uncertainty in consideration [3].

The extended Kalman filter (EKF) is an extension of the original version and
is used when the dynamics or the measurements are slightly non-linear. The EKF
linearizes about the current mean and covariance and requires that a Jacobian
matrix is calculated [2].

5.1 The algorithm

The algorithm for the Extended Kalman filter is made up by a prediction phase
and a measurement update phase, where the prediction is given by

x̂k+1|k = f(x̂k|k, uk−1) (5.1)
Pk+1|k = FkPk|kF

T
k +Qk (5.2)

and the measurement update is described by
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x̂k|k = x̂k|k−1 +Kk[yk − h(x̂k|k−1)] (5.3)
Kk = Pk|k−1H

T
k S
−1
k (5.4)

Sk = HkPk|k−1H
T
k +Rk (5.5)

Pk|k = Pk|k−1 −KkHkPk|k−1 (5.6)

with the initial filter predictions

x̂0|−1 = x0 (5.7)
P0|−1 = P0 (5.8)

In (5.1) the states at the next time step is predicted as a non-linear function f
of the states (and possibly the input signal) of the previous time step. In (5.2) the
error covariance matrix P is updated with two terms, using the predicted states.
The first term reflects how the error propagates between time instances and the
second one represents how much the uncertainty increases due to process noise.
Fk is the state update matrix from (2.7).

In (5.3), the state estimate is updated with the innovation, or residual (the
difference between the measurements and the measurement models), weighted by
the Kalman gain in (5.4). Here, the Jacobian Hk linearizes around the current
state estimate and the innovation covariance matrix Sk is used to accurately weight
the innovations so that a big residual does not drive the states too much if the
trust in the model or the measurement is low (that is, if the covariance is high).

In order for the filter to converge, the filter must be initiated with values x0
and P0 that are close enough to the true values, so it is important to have some
comprehension about the starting condition.

5.2 Initializing the filter
In order to get the initial quaternion, an orthogonal coordinate system is received
by using the accelerometer and the magnetometer. The global coordinate system
is described by the three unit vectors r1 (north), r2 (west) and r3 (up). Assuming
that the sensor is at rest, the up vector is the normalized accelerometer measure-
ment

r3 = ya

‖ya‖
and the north vector is obtained by subtracting the vertical component from the
magnetometer measurement and normalizing,

r1 = ym − (r3 • ym)r3

‖ym − (r3 • ym)r3‖
Finally, the west vector is obtained by using the cross product
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r2 = r3 × r1

With these three vectors we have a coordinate system and can derive the rotation
matrix

R0 = (r1 r2 r3) =

 R11 R12 R13
R21 R22 R23
R31 R32 R33


The quaternion can then be calculated by the sequence given in [4], namely

r =
√

1 +R11 +R22 +R33

q0 = r/2

q1 = R23 −R32

2r

q2 = R31 −R13

2r

q3 = R12 −R21

2r
Note that the resulting rotation matrix and quaternion are in global space. If the
coordinate system of the upper body quaternion is identical to the global system
(as is the case in this thesis), the upper body initial rotation matrix is simply

R(q0
B) = R0

and q0
B is calculated according to the sequence above. R0 is calculated with the

accelerometer and magnetometer measurements from the upper body sensor. For
the arm sensors, however, the rotation matrix is given by translating backwards
from global space, yielding

R0 := R0R(q0
B)−1 = R0R(q0

B)T (5.9)

where of course the accelerometer and magnetometer measurements from the right
arm sensor are used. Since rotation matrices are orthonormal, it is possible to
replace inversion by transpose. The new R0 represents R(q0

R) and calculation of
q0
R is then straightforward. The vectors r1 r2 r3 are now in local space forward,
left and up, respectively.

This sequence assumes that the accelerometer measures only gravity and thus
assumes that no body movement exists. This is not a problem since this proce-
dure is only used to receive the initial states and this is preferably done during a
calibration sequence, where the user is rather still. Also, one has to be advised
that the value of r can be close to singular and thus one can instead use the real
part of r, as a precaution.
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5.3 Prediction phase (time update)
In this phase, all states in the state vector x are predicted (a priori state esti-
mates) according to the dynamic models described in Chapter 2. The process
noise covariance matrix Q is updated with the new quaternion, the error covari-
ance matrix P is predicted. The Jacobian H is updated and the Kalman gain K
is being computed.

The state vector is

x̂ =



q̂B0
q̂B1
q̂B2
q̂B3
q̂R0
q̂R1
q̂R2
q̂R3
q̂L0
q̂L1
q̂L2
q̂L3



=

 q̂B
q̂R
q̂L



and the time update is described by the dynamics model described in expres-
sion (2.7). As discussed in earlier chapters, the state vector could be extended to
also hold the biases for each accelerometer and magnetometer measurement.

The quaternion transition matrix S(ωB) is orthogonal [2] in theory, but just
to make sure, the quaternion is preserved by a normalization step,

q̂k := q̂k
‖q̂k‖

and the matrices R(qB), R(qR) and R(qL) are updated with these predicted states.
The uncertainty of the dynamic model along with the gyroscope measurement

noise should be reflected in the process noise covariance matrix Q. The uncertainty
of the quaternion depends on the gyroscope measurement noise as well as the
matrix Sn(qk) described in (2.3).

Qk =
(
Ts
2

)2
 Sn(qB)ΣgBSTn (qB) 0 0

0 Sn(qR)ΣgRSTn (qR) 0
0 0 Sn(qL)ΣgLSTn (qL)


The uncertainty of the arm quaternions might need tuning towards a higher value,
since the arms move a lot and since the dynamic model for the arm angular velocity
depends on both the gyroscope measurement and the angular velocity of the upper
body.

The error covariance matrix is then predicted as
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Pk|k−1 = HPk−1|k−1H
T +Qk

Then, the partial derivatives in the Jacobian matrix are updated with the
predicted states, according to the equations given in Section 3.4:

Hk = ∂

∂xk
yk

∣∣∣∣
xk=x̂k|k−1

=


∂y1
∂x1

∂y1
∂x2

· · · ∂y1
∂xn

∂y2
∂x1

. . .
...

...
. . .

...
∂ym

∂x1
· · · · · · ∂ym

∂xn


k|k−1

Finally, the Kalman gain K is computed:

Kk = Pk|k−1
[
HkPk|k−1H

T
k + Σk

]−1

where Σk is the measurement noise covariance matrix given by (3.5). If this matrix
is time dependent, it should be updated just before the Kalman gain is computed.

5.4 Measurement update
In this phase, the current measurements y are compared with the estimations ŷ
done by the measurement model in (3.3). The states are also updated as well
as the error covariance matrix P . The innovation (or measurement residual) is
defined as

ỹk = yk − ŷk (5.10)

and the innovation covariance is given by

S =
[
HkPk|k−1H

T
k + Σk

]
One could either look at the innovations on the form in (5.10), or on the square-
root innovation form

ỹsk = S- 1
2 ỹk

which are innovations weighted with the influence they have on the state esti-
mation. This means that if a measurement residual is big, but its effect on the
state estimate is low, the square-root innovations reflect this by showing a more
moderate residual. The a posteriori state estimates are updated as

x̂k|k = x̂k|k−1 +Kkỹk

Thus, the predictions are here complemented with the information about the mea-
surement residuals, weighted with the Kalman gain. After this step it is very
important to normalize the quaternion, since it after this addition clearly is no
longer of unit length. So again,
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qk := qk
‖qk‖

Finally, the error covariance matrix is updated as

Pk|k = Pk|k−1 −KkHkPk|k−1



Chapter 6

Experimental results

In this chapter, the theory from the previous chapters will be tested. A simple test
rig was built and the measurement models for the accelerometer and the angular
velocity will now be tested. In an attempt to reduce the problem with noise being
amplified when dividing by sample time during derivation of angular velocity, two
ways of filtering the angular velocity will be investigated. The impact from the
values of the covariance matrices will be displayed and discussed and finally, a set
of movements will be carried out and the resulting orientation estimates will be
displayed along with the measurement model residuals.

6.1 Test rig
The test rig was a wooden construction which resembles the man in Figure 6.1, as
it is at starting position. The advantages of this static rig, are that the distances
between “joints” and the sensor placement distances can be measured rather pre-
cisely. Thus, there are no sources of error from misaligned sensors or flexible
human muscles. This is of course also a disadvantage, since it is very possible that
the tested models are not as good on a proper test person.

However, it is convenient to test different ideas on as ideal circumstances as
possible for a start, then the best choices can be compared in more advanced sit-
uations. The arms are fix, built as if they were held straight out as the figure
shows, with the back of the hand pointing upwards. This means that arm move-
ment affecting the arm accelerometer measurement can not be tested with this rig,
neither tangential acceleration nor centripetal acceleration.

6.2 Arm angular velocity test
The first test issued with the test rig was to verify the gyroscope measurement
model for the arm sensors, given by

ωR = ygR −R(qR)ωB − bgR (6.1)
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Figure 6.1. Coordinate systems for upper body sensor and arm sensors

Figure 6.2. Calculation of ωR (thick blue line), using the right arm gyroscope measure-
ment (solid red line) and subtracting the transformation of ωB (dashed black line). ωR

is close to zero as expected, since the test rig has its “arms” fixed.

for the right arm. The rig is very suitable for this test, since the rig’s “arms” are
fixed and the angular velocity for the arm hence should be equal to zero, regardless
of which movements are executed. The model is considered verified by the graph
shown in Figure 6.2, where it is clear that the angular velocity for the right arm is
estimated as a value close to zero, only by subtracting R(qR)ωB from ygR according
to (6.1).

Note that the appearance of R(qR) is subject to change when tuning the covari-
ance matrices Σ and Q, which means that if the trust in the right arm gyroscope
measurement lessens in relation to the other measurements, the calculated ωR will
differ more from its true value.
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Figure 6.3. Gyroscope and accelerometer measurements. The stars in the graph indicate
the moments where body movements affect the accelerometer measurements.

6.3 Body movements affecting accelerometer mea-
surements

The effect that body movements have on the accelerometer measurements were
tested. As seen in Figure 6.3, the stars in the graph indicate the moments where
the angular accelerations are highest and there is clearly a connection to where
the accelerometer deviate from expected gravitational acceleration measurement.
Even though the stars are only placed at specific time instances, the effect is of
course experienced in the area around these points. The example is an upper body
bow movement, which in upper body coordinates is a rotation around the y axis
and the acceleration is directed forwards, along the x axis. The most illustrative
point is the one at 15 seconds, during the movement from bowed position back
towards starting position. Here the x acceleration component due to gravity goes
straight from −g to zero, but the accelerometer measures −11.4 at the lowest, due
to the tangential acceleration perceived during the rising movement.

The effect is even bigger from arm movement, despite the fact that the angular
velocity is the same. This is due to the fact that the arms are at a larger distance
from the center of rotation. Recall that the tangential acceleration is given by

at = α× r

where α is the angular acceleration and r is the distance to the center of rotation.

6.4 Accelerometer model test
Now that it has been indicated that the tangential acceleration has an effect on
the accelerometer measurement, it is time to investigate whether these effects can
be modeled. As stated in Chapter 3, the standard accelerometer measurement
model for the upper body sensor is given by

ŷaB = R(qB)g + baB
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Figure 6.4. Accelerometer model with standard model (upper) and with the tangential
acceleration at modeled (lower). The thin blue line is the measurement y and the red
thick line is the model ŷ.

and the extended model, using also the gyroscope measurements, is given by

ŷaB = R(qB)g + ∆ωB
Ts
× rB + baB

In Figure 6.4, the measurement signal is compared with the standard model as well
as the extended one. It is clear that the standard model is a rather big approxi-
mation and that there is room for improvement. However, it is also clear that the
extension in its unprocessed form does just as much harm to the model as it does
good. It is of course possible to increase the values of the measurement covariance
matrix, but this means that the trust in the accelerometer is reduced. This is
not desirable, since the accelerometer is an important tool when estimating the
orientation. Trusting it less will only allow the gyroscope to make the orientation
drift.

Thus, the gyroscope signal in its raw form is very useful in the Kalman filter
when updating the quaternion estimate, but when using it in the accelerometer
measurement model, it consists of unnecessarily high frequencies and includes too
much noise, which is amplified when taking the time derivative. For this reason, a
copy of the angular velocity (gyroscope) signal is made and this copy is filtered in
order to reduce noise while still maintaining the interesting signal characteristics.

This filter can either be a low pass filter or a mean value filter. Note that it
is the angular velocity that is to be filtered, which in the case of the upper body
sensor is the same as the gyroscope signal, whereas for the arm sensors, it is the
angular velocity expression described by its measurement model.

6.5 Angular velocity mean value
The first method to investigate is a mean value method, which implies that the
value of the current sample is given by the mean value of the sample itself and its
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Figure 6.5. Angular velocity, raw and filtered with mean values method, n = 4.

neighboring samples. It could also be suggested that the influence from neighbors
should decline exponentially, but in this thesis, a standard mean value suffices,

ωfk = 1
n

k+n∑
i=k−n

ωi

The more neighboring points included, the smoother the resulting signal, which
also means that the angular velocity influences the accelerometer model less, or
at least less quickly. On the other hand, the fewer the neighbors included, the
higher the risk of amplified noise, since the signal is not much different than
the raw output. In Figure 6.5, the raw signal is compared with a mean value
calculated with eight neighbors (four prior to and four after the current sample).
Also displayed is a periodogram showing the spectral density, which implies that
the effect from this method in the frequency domain is similar to a low pass filter.

Curiously, after complementing with only two neighboring samples (n = 1), the
signal is already much smoother and the fit with the accelerometer measurement
is much closer. The parameter is chosen according to the mentioned trade-off and
in this thesis, n = 2 is used. The measured accelerometer signal is in Figure 6.6
compared with the extended model, using a mean value processed signal with
eight and four neighbors respectively. The fact that the lower parameter value
results in a closer fit is not necessarily advantageous, since the filtered signal is
delayed compared to the measurement and since the angular velocity can change
rather much from one sample to the next. The reason for this delay is because
the standard accelerometer measurement model uses R(q̂B,k+1|k), the a priori state
estimate, whereas the extension consists of the angular acceleration approximation
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Figure 6.6. The measured accelerometer signal (thin blue line) compared with the
extended model (thick red line), using a mean value processed signal with eight (upper)
and four (middle) neighbors respectively. Lower is the latter model, using a time shifted
angular velocity.

α ≈ ωk − ωk−1

Ts

and the measurement update provides yak+1. This means that the modeled angular
acceleration could benefit from a time shift, yielding

α ≈ ωk+1 − ωk
Ts

which is also seen in Figure 6.6. Using the mean value method is very suitable
for offline purposes and could easily be used for online implementations as well. If
n = 4, the delay will only be 0.2 seconds, assuming that the sample frequency is
20 Hz.

6.6 Angular velocity low pass filter
The second method to investigate is using a low pass filter. The Butterworth
filter is a smooth, ripple-free and rather simple filter. In this thesis, a third order
Butterworth filter is used. A higher order is not necessary since there are no
strict demands on the frequency slope. The lower the cut-off frequency, the more
noise is canceled and higher frequencies are not represented. With a higher cut-off
frequency ωc, the more the accelerometer is influenced by the angular acceleration
extension, but the noise is also amplified. In Figure 6.7, the raw angular velocity
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Figure 6.7. Angular velocity in raw form (thin blue line) compared with low its pass
filtered signal (thick red line), using the cut-off frequency ωc = 12 rad/s.

Figure 6.8. The measured accelerometer signal (thin blue line) compared with the
extended model (thick red line), using a time shifted and low pass filtered ω, with ωc = 12
rad/s.

is compared with a low pass filtered ω, with a cut-off frequency of 12 rad/s. Also
displayed is a periodogram showing the spectral density.

According to the mentioned trade-off, a cut-off frequency of about 12 rad/s
might be suitable, of course depending on the implementation. The measured
accelerometer signal is in Figure 6.8 compared with the extended model, using a
low pass filtered ω with ωc = 12 rad/s. Again, the modeled angular acceleration
undergoes a time shift. If the low pass filter is to be used offline, it can be im-
plemented as a non-causal filter, or it can be implemented as a causal filter to be
used online.

Which one of these two method that is preferred is more or less a matter of
taste and also depends on implementation circumstances. It can be argued that
the mean value method is less demanding and that the low pass filter might be too
fierce when canceling the higher frequencies, as can be seen in the first four seconds
in Figure 6.8. These movements are actual gyroscope movements and not noise,
but if the filter should use a higher cut-off frequency, more noise would persist.
Additionally, a scaling factor could be used if the influence from the modeled
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Figure 6.9. Upper body accelerometer measurement compared with the measurement
model, before and after tuning.

tangential acceleration is too high or too low, or the physical body measurements
could need an adjustment

6.7 Tuning the covariance matrices
As mentioned earlier, the measurement noise covariance matrix Σ and the process
noise covariance matrix Q reflect the extent to which the three different outputs
and their models should be trusted. A convenient way to tune these are simply to
increase or decrease the values of for example ΣaB , ΣmB and ΣgB , one at a time and
see how these changes affects the results. This is most easily seen by comparing
the measurement y and the measurement model ŷ before and after each change.
The accelerometer model will of course be closer to the accelerometer measure-
ment when decreasing ΣaB whereas the magnetometer model will differ more from
its measurement, but there is a middle-way that balances this as good as possi-
ble. Increasing ΣgB will decrease the influence from the gyroscope and will thus
decrease the filters sensitivity to noise and its responsiveness to quick movements,
by trusting the other measurements more.

The naked eye can clearly see an enhancement if the values are scaled by a
somewhat larger value. In this thesis, this test yielded a minor decrease in ΣgB and
an increase in ΣgB by a factor of 30, which means that the gyroscope influences
less. The result is displayed in Figure 6.9, where it can be seen that the tuning
results in a closer fit as well as a smoother curve with less variance.

An alternative could be to write a script that tries several combinations out
and chooses the one with minimum overall difference, in the least-square sense.
Another important note is that a new calibration could be necessary if the mea-
surements seem to differ much.

6.8 Testing a set of movements
Now that the models have been tested, it is convenient to test a whole set of
movements on the test rig, to get a more holistic view. The movements performed
by the constructed upper body were

• Turn left (yaw movement, rotation around +z) and back to starting position.
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Figure 6.10. Angular velocity for the upper body

• Turn right (yaw movement, rotation around −z) and back to starting posi-
tion.

• Bow (pitch movement, rotation around +y) and back to starting position.

• Lean left (roll movement, rotation around −x) and back to starting position.

• Lean right (roll movement, rotation around +x) and back to starting posi-
tion.

Figure 6.10 shows ωB from this set, where the above movements are visually
comprehensive. Recall that the model for ωB is simply the upper body gyroscope
measurement with subtracted bias.

When the Kalman filter was initialized in Section 5.2, the initial quaternion
was determined by using only the accelerometer and the magnetometer. This can
be done for every time instance as the measurements are updated and we can
hence estimate the quaternion this way for the entire sequence. We will do just
that and call this method “Method 1”. This method does not use the gyroscope at
all and does not take any body movements in account. Thus, it assumes that the
accelerometer shows the gravity at all times and we can expect it to be slightly
erroneous during fast movements but to be free from any accumulated drift.

In Figure 6.11, the upper body quaternion determined with this method is
compared with the same quaternion estimated by the Kalman filter. An important
note is that this comparison is not guaranteed to reveal any calibration errors, since
a miscalculated output will yield an erroneous orientation for both these methods.
Also worth mentioning is that Method 1 does not have any weighting of the outputs
and uses all three sensors separately without any mutual dependencies, whereas
the Kalman filter includes several steps for weighting all nine outputs together.
In Method 1, the only dependence is that the arm sensors are described by using
the rotation matrix R(qB), which evidently depends on the estimated upper body
quaternion.

Looking at Figure 6.11, we realize that the quaternion is not the best way of
displaying orientation. What can be said is that the orientation of the starting
position is described by the identity quaternion given by q = (1, 0, 0, 0)T and that
all elements of the quaternion range between -1 and 1, mutually dependent since
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Figure 6.11. Upper body quaternion estimated by the Kalman filter (solid red line)
and by using the accelerometer and magnetometer only (dashed blue line).

Figure 6.12. Upper body Euler angles estimated by the Kalman filter (solid red line)
and by Method 1 (dashed blue line).

the rotation quaternion is always of unit length. By comparing with Figure 6.12,
it is also clear that the quaternions q1, q2 and q3 in this simple case are reflected
in rotation around the x, y and z axis respectively.

In Figure 6.12, the Euler angles are displayed in degrees. It is now more visually
comprehensive to see that the turning movements result in a changed heading (ψ),
the bow movement changes the elevation (θ) and the leaning movement affects the
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Figure 6.13. Innovations and weighted innovations for the upper body accelerometer
and the magnetometer. In each graph, x is dashed red, y is solid green and z is dash-
dotted blue.

bank angle (φ). The movements are each about 90 degrees, but since they are
done by freehand, there is no exact value to compare with when evaluating the
methods. This evaluation is instead done by looking at the innovations ỹ or its
weighted version ỹs, both described in Section 5.4 and displayed in Figure 6.13.

Here we can see that at some point, the residual is as large as 2, which is about
20% of ‖g‖ = 9.82, but this occurs only for short periods of time during quick
movements. The weighted innovations have just a slightly different appearance,
since the weighting is not constant. The advantage of these weighted innovations is
that they have no units and that it is easier to compare the size of the accelerometer
and magnetometer residuals, since these two measurements (and the unweighted
innovations) have different magnitude and different units.

It is indicated that a new calibration might be needed (or just some specific
axes), since the accelerometer and magnetometer do not agree on the orientation,
as discussed when tuning the covariance matrices and as seen in Figure 6.13. It
can be seen as a “bias” or a deviation from zero, apart from the deviation that
comes from modeling and during movements.

The Euler angles for the arms should in this set of movements be equal to
zero, since the “arms” in the rig are fixed. In Figure 6.14, the Euler angles for
the left arm is displayed for Method 1 and the Kalman filter. It can be seen
that the angles are close to zero, at least for the Kalman filter estimate, but
even here, the estimation can occasionally deviate 6o from zero. This might be
able to reduce if trusting the arm gyroscopes even more. It is also clear that the
bank angle φ is biased about +13o, which is too much to associate with unprecise
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Figure 6.14. Left arm Euler angles estimated by the Kalman filter (thick red line) and
by Method 1 (thin blue line).

sensor placement. It is more likely that this derives from a discrepancy between
the accelerometer and magnetometer measurement, or between the upper body
sensor measurements and the arm sensor measurements, since they are mutually
dependent.



Chapter 7

Conclusions

In this section, the methods used in this thesis are discussed and other methods are
proposed. One of the biggest drawbacks in this thesis is presumably the calibration
procedure. Proper calibration equipment is expensive, but to be able to trust the
measurements when using them in the filter is of great essence, so it is not an easy
task to balance the economy with the accuracy of the output. In the case of this
thesis, the economy has much influenced the choice of sensors, partly since the
t-shirts with the embedded sensors will be produced in somewhat large numbers.
Though it can be discussed if it could have been wise to buy just one sensor or a
set of sensors of the high-grade type, as a reference.

To not have a trust reference is a big problem. The true orientation is not
known, which means that if the result of a 180 degree free-hand turn is 190 degrees,
we do not know whether this result is wrong, since the movements are not done by
an advanced turntable or similar, that yields a trustworthy truth reference. The
only guide for checking the filter is the innovations. A trustworthy optical system
could also be used as truth reference. To visualize the result in Unity 3D provides
a non-mathematical but yet very satisfying demonstration that the orientation
estimates are credible.

The focus has instead been set on the sensor fusion framework that weighs all
nine outputs together in an optimal way, resulting in this thesis. This is common
procedure and is indeed a good way to keep the prices low but still providing
accurate estimations. The result is of course still depending on the sensor output
and the calibration. However, since time is also a factor and this thesis can not
cover all methods and try every thought out, there are still possibilities to enhance
the results by theory, where several ideas have been mentioned throughout this
thesis.

One of the methods most likely to enhance filter performance would be to
estimate accelerometer and magnetometer measurement biases as states, since a
calibration can be faulty, or the output from a sensor can fall out of calibration
or have a gain or bias that varies more from time to time than was the initial
thought. This would also help save time that would otherwise be spent on manually
calibrating all sensors to be embedded in t-shirts. When considering this method,
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it is important to make sure that the states are observable.
Also, the fact that magnetic disturbances affect the magnetometer measure-

ments should be taken into consideration. This also happens to be the first priority
after this thesis, since field tests have shown that there are a lot of magnetic dis-
turbances interfering with the filter, occasionally yielding very unreliable results.
Even though the accelerometer model has been extended to take the tangential
acceleration into account, to check for deviation in the accelerometer norm or at
least raise the covariance value for the accelerometer under periods with a lot of
body movements should be considered. The tangential acceleration uses a distance
measure, which is of course dependable on the person’s length and the individual
proportions of upper body and arms and their relation to each other.

An interesting addition to the filter in this thesis would be to set some con-
straints on the filter output, namely with background of how fast a human body
can accelerate and what the maximum angular velocity and acceleration is for the
arms. Also there should be constraints for arm angles due to the fact that joints
can only produce a limited set of rotations and a limited set of angles.

Another thing that might become a problem is the fact that a loose arm sleeve
will not detect any arm rotation (roll movement), but so far the t-shirts have been
tight enough and the circumstances have been good enough. There is also some
precaution taken in this matter by having applied an elastic rib over the arm where
the sensor is placed.

Concluding remarks are that the use of accelerometer, magnetometer and gy-
roscope are advantageous over a system using only an accelerometer, accompanied
by a gyroscope or a magnetometer, mostly because all possible orientations in
the three-dimensional space can be represented without drift. The thesis has also
proposed several model method considered to enhance the model fit compared to
the measured signals and also approach the expected Euler angles for the arms.
The use of an extended Kalman filter has enhanced the orientation estimation
in the way that the three sensors have been weighted together according to the
rules given by the models and the noise covariance matrices and according to the
updating phases of the Kalman filter algorithm.
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Appendix A

Transformation according to
body joints and sensor
placement

As seen in Figure A.1, in order to obtain meaningful representations from the
Euler angles, the coordinate systems of the sensors need to be specific. It is not
necessary to put the sensors according to this scheme physically, but instead to
transform the outputs of the sensors into the coordinate systems of this scheme.

The Euler angles make most sense if the z axis is pointed upwards and the x
axis points “forwards”. In this thesis, forwards is considered straight out for the
arms (with the back of the hand facing upwards) and in the viewing direction for
the upper body. The transformation from upper body coordinates to right arm
coordinates is given by

R(qR)RRB
where, according to the scheme in Figure (A.1), the transformation is given by a
−90o rotation around the z axis and hence

RRB =

 0 −1 0
1 0 0
0 0 1


which can also be seen directly in the figure. The transformation from upper body
coordinates to left arm coordinates is given by

R(qL)RLB
where, accordingly,

RLB =

 0 1 0
−1 0 0
0 0 1
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Figure A.1. Coordinate systems for upper body sensor and arm sensors

represents a positive 90o rotation around the z axis.
In this report, the rotation matrices RRB and RLB have been left out for simplic-

ity, since they are constant. This means that they are included in the quaternion
rotation matrices R(qR) and R(qL). Alternatively, they are post-multiplied with
every instance of the quaternion rotation matrices. For the readers convenience,
the expressions affected by this is given below. Using post-multiplication, the
angular velocity model in (3.2) is replaced by

ωR = ygR −R(qR)RRBωB − b
g
R

and the measurement model from (3.3) is instead given by

ŷ =


ŷaB
ŷmB
ŷaR
ŷmR
ŷaL
ŷmL

 =


R(qB)g
R(qB)h

R(qR)RRBR(qB)g
R(qR)RRBR(qB)h
R(qL)RLBR(qB)g
R(qL)RLBR(qB)h

+



∆ωB

Ts
× rB

0
∆ωR

Ts
× rR + aRB

0
∆ωL

Ts
× rL + aLB

0

+


baB
bmB
baR
bmR
baL
bmL


where aRB (and accordingly aLB), originally described in (3.1), is replaced by

aRB = R(qR)RRB
(

∆ωBB
Ts
× rBP

)
+R(qR)RRB

(
∆ωBB
Ts

)
× rRPR
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Also, the Jacobian changes. Showing only the first entry for the arm models as
done in (3.4), the new expression is given by

∂y7

∂x1
= ∂

∂qB0

(
R(qR)RRBR(qB)g

)
= R(qR)RRB

∂

∂qB0
(R(qB)) g

In the Kalman filter initialization, (5.9) is replaced by

R0 := R0R
R
BR(q0

B)−1 = R0R
R
BR(q0

B)T

If the upper body IMU has a zero orientation that differs from the global
system, a translation matrix RBG needs to be introduced to take this into account.
As an example,

R(qB)g

would change into

R(qB)RBGg

Similarly, RBG would be inserted after every instance of R(qB).



Appendix B

Unity 3D

Unity 3D is a game developing software which can import 3D models and then
transform these with C# scripts. In this thesis, Unity is used to retrieve data online
from the sensors, draw live graphs and to visualize the estimated orientations on
a skeleton model. In Unity, the coordinate system is left-hand oriented, which for
example means that clockwise rotations are denoted positive. This can be seen in
Figure B.1, where the arms’ local coordinate systems are also drawn.

As compared to the north-west-up system used in the thesis, the translation
into Unity’s coordinate system is:

xU = x
yU = z
zU = y

Figure B.1. The local coordinate systems for the skeleton’s arms at zero rotation
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where the index U stands for Unity. Thus, the rotation matrix is given by

R =

 1 0 0
0 0 1
0 1 0


with det(R) = −1, indicating that the system is not of right-hand orthogonal char-
acter. Unity has many functions handling forward and backward transformations
for objects, which can assist in the task of transformations into local coordinates.
Representing parts of models in their own local space can be confusing and de-
mands that the user has knowledge of which coordinate system he or she is using.

When using the filter in Unity, the reference of gravity and geomagnetic field
is hence changed into

gU = (0 g 0)T

hU = (0.171 − 0.469 0)T

Due to the fact that Unity uses a left handed system, the measurements from
the gyroscopes must be flipped

ω := −ω (B.1)

A quaternion is in Unity described by

qU = (qx qy qz qw)T = (qv qTw)T

and thus the vector part and the scalar part has switched place compared to the
quaternion used in this thesis. This changed order is important to remember in all
function calls, when indexing different matrices and when using the state vector.

When rotating the skeleton’s limbs, care must be taken so that the rotation is
described in the correct coordinate system. The orientation of the upper body is
for example described by qB and a limb is thus in theory rotated by the matrix
R(qB). However, the 3D model has a local coordinate system that is different from
the global system and we must therefore instead perform the rotation

R−1
B R(qB)RB

where RB is the translation between the global system and the limb’s local model
coordinates. This is necessary since we need to translate into the coordinate system
where the calculations comply and then back again, to draw the limb. The same
applies if there is a discrepancy between the sensor system and the global system,
due to sensor placement. Then,

R−1
B (RBG)−1R(qB)RBGRB

When it comes to the arms, the same thing applies, but it is important to
remember that the rotation of the upper body, R(qB), would be made undone if
one would apply the backward translation (R(qB)−1) to the sequence, since this
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rotation is not constant and needs to be represented. Thus, the rotation of the
left arm is described by

R−1
L R(qL)R(qB)RL

where RL is the translation between the global frame and the the local frame of
the model of the left arm. Again, if the translation matrices RBG and RLB are used,
these also need to be used in a backward sequence, yielding

R−1
L (RBG)−1(RLB)−1R(qL)RLBR(qB)RBGRL

Furthermore, since the inverse of a rotation matrix is the same as its transpose,
transpose is used instead of inverse since inverse is more computationally demand-
ing.

Apart from these changes, using the filter in Unity is more or less straight
forward.


