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Abstract

Human body motion capture systems based on inertial sensors (gyroscopes and
accelerometers) are able to track the relative motions in the body precisely, often
with the aid of supplementary sensors. The sensor measurements are combined
through a sensor fusion algorithm to create estimates of, among other parame-
ters, position, velocity and orientation for each body segment. As this algorithm
requires integration of noisy measurements, some drift, especially in the position
estimate, is expected. Taking advantage of the knowledge about the tracked sub-
ject, a human body, models have been developed that improve the estimates, but
position still displays drift over time.

In this thesis, a GNSS receiver is added to the motion capture system to give
a drift-free measurement of the position as well as a velocity measurement. The
inertial data and the GNSS data complements each other well, particularly in
terms of observability of global and relative motions. To enable the models of the
human body at an early stage of the fusion of sensor data, an optimization based
maximum a posteriori algorithm was used, which is also better suited for the
nonlinear system tracked compared to the conventional method of using Kalman
filters.

One of the models that improves the position estimate greatly, without adding
additional sensing, is the contact detection, with which the velocity of a segment
is set to zero whenever it is considered stationary in comparison to the surround-
ing environment, e.g. when a foot touches the ground. This thesis looks at both
a scenario when this contact detection can be applied and a scenario where it
cannot be applied, to see what possibilities an addition of GNSS sensor could
bring to the human body motion tracking case. The results display a notable im-
provement in position, both with and without contact detection. Furthermore,
the heading estimate is improved at a full-body scale and the solution makes the
estimates depend less on acceleration bias estimation.

These results show great potential for more accurate estimates outdoors and
could prove valuable for enabling motion tracking of scenarios where the contact
detection model cannot be used, such as e.g. biking.
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1
Introduction

The applications of human body motion capture range from entertainment, with
movies, video games and special effects, to sports and medicin, using the technol-
ogy to analyze the movement in detail in order to e.g. prevent and rehabilitate
from injury. Motion capture is mainly done through either a visual or inertial
approach. The visual approach records the target with several cameras placed
around the target, often having visual markers placed on different locations on
the body. From these images, the position and orientation of the target is com-
puted as long as the markers are visible in the images. The inertial approach
does not require having all sensors in line of sight as the measurements are done
within the sensor, making it more flexible in terms of application. Positioning
with reference to the surrounding environment is not evident in either of these
approaches but would enable even more applications of tracking.

This thesis aims to improve the tracking performance of an inertial human
body motion capture system by adding satellite-derived position and velocity
estimates to the sensor fusion framework. To provide a better understanding of
the problem, this chapter contains a more elaborated formulation of the problem
together with the limitations and specific objectives of the study. Furthermore,
some related work is discussed to give an overview of what has been done in
similar cases. The last part of the introduction gives an outline of the following
chapters in the thesis.

1.1 Problem formulation

Inertial systems base their estimates on accelerometers and gyroscopes. Estimat-
ing e.g. position, velocity and orientation from acceleration and angular velocity
requires integration, and integration of noisy measurement data introduces in-
tegration drift. In modern inertial motion capture systems the integration drift
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2 1 Introduction

is often reduced by adding knowledge about the object tracked. Regarding hu-
man body motion capture this translates into a model of the human body, illus-
trated as biomechanical relations and constraints together with a model of foot
to ground contact detection. Another way to increase accuracy is to add an ad-
ditional sensor that covers the weak spots of the current ones. Inertial sensors
perform very well over short time and track the inter-body motions in an impres-
sive manner, but fail when it comes to locating the body as a whole over a longer
timespan. GNSS (Global Navigation Satellite System) data, on the other hand,
do not provide position measurements accurate enough for relative positioning
of the segments in the body. However, over time these indications of position
are accurate enough to track the displacement of the body as a whole, since they
do not drift. This holds true for measurements outdoors since the GNSS signals
are blocked by walls and other larger objects intervening between satellite and
receiver. Furthermore, the position given by using only accelerometers and gyro-
scopes would give a position estimate relative to the starting point whereas GNSS
gives a global position estimate, i.e. relative to the earth. Since the consecutive
GNSS measurements, in theory (see Section 2.2.2), are independent, the position
estimate is free of drift. Moreover, as all estimates are coupled, an improvement
in position and velocity estimate can lead to an improvement in orientation as
well.

An important factor to be able to track the position of the human body today
is the contact detection, a model that sets the velocity of a segment to zero if
it detects impact with the ground. This concerns almost always the feet and is
based on the assumption that the segment is considered stationary with respect
to the ground under a sequence of time. Without this, the position cannot be
tracked for more than a few seconds at best. Consequently, the model cannot
be applied for motions like biking, skiing or horseback riding. Having GNSS
measurements in scenarios like these would enable position tracking and over-
all improved tracking result. However, having both GNSS measurements and
contact detection could lead to conflicts between the two aiding systems.

Limitations

Solving the estimation problem can be done in many ways, and using a general
optimization approach has proved to be particularly successful for the human
body motion capture case (Kok et al. [2014]). An optimization engine has been
developed at Xsens, where this study has been performed, to investigate the ben-
efits of a more general optimization approach than the commonly used Extended
Kalman filter. The optimization approach allows for excluding the magnetome-
ters from the estimates, except for the initial estimate. The optimization ap-
proach also allows for easily switching models on and off which is very useful
when comparing the effects of adding models to the system. This estimation en-
gine is the computational framework that has been used for this study, including
the minimization of magnetometer use explained above.

Considering the use of data from two different systems, only offline estimates
are performed in this study.
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The experimental data is gathered in a location favoring good reception of
GNSS signals, i.e. open areas outdoors, as this study is meant to research possibil-
ities rather than robustness, leaving the latter for future work.

1.2 Objectives

The general objective for this study is to improve the performance of inertial
human body motion tracking by adding GNSS measurements, as well as to study
its possible positive and negative effects.

Practically, this involves developing a physical prototype combining the mo-
tion capture suit with a GNSS receiver, and the integration of data that is required
to combine these two systems. Furthermore, the given optimization engine soft-
ware is expanded to enable the use of GNSS measurements in the estimates. Fi-
nally, the impact of the added GNSS data on the validity of the natural human
body movements is briefly taken into account.

1.3 Related work

This work is primarily founded upon the work of Kok et al. [2014], where the
optimization-based approach to inertial human body motion tracking, used in
this thesis, is presented. The paper gives an explanatory overview of how the
biomechanical constraints become a natural component in the calculation of track-
ing estimates. It also refers to Hol [2011], where it is argued that the need of mag-
netometer data in inertial human body motion tracking is practically removed
based on the use of the optimization approach. The relative position and orienta-
tion are observable in this manner as long as the constraints are properly taken
into account and the tracked subject is not completely still (Hol [2011]).

Hol [2011] also covers other ways of aiding the inertial motion tracking sys-
tem and treats, except GNSS, aid from ultra wideband (UWB) systems and vision
based systems. Although the these two other types of systems successfully aid
the motion tracking, they also require infrastructure set up specifically for this
purpose which constrains the subjects movement area. GNSS, on the other hand,
relies on infrastructure that is globally accessible (outdoors) and already set up.

Another aid for positioning is the approach used by Ziegler et al. [2011]. The
additional compound is in this case an autonomous robot, equipped with a LI-
DAR (LIght Detection And Ranging) unit, that performs people tracking by an-
choring a pose of the subject to a position in a previously given map. This enables
a more flexible uses of the setup although there are even more components to
keep track of.

Regarding computational methods, Georgy et al. [2009] compare the extended
Kalman filter to particle filters for integrating INS and GPS. The conclusion is
that while particle filters generally work better, the computational effort com-
pared to a Kalman filter is a great issue for making it worthwhile.

Based on extended Kalman filter theory, Skoglund et al. [2015] discuss the
topic of nonlinear system tracking based on an optimization approach. The au-
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thors look at the cost functions of the extended Kalman filter from an optimiza-
tion view point and derive iterated extended Kalman filters that successfully im-
prove the tracking performance of a nonlinear system.

As an upcoming step in GNSS integration comes the question of using differ-
ential GPS. This is done by Nebot et al. [1997] who joins a differential GPS with
an intertial measurement unit (IMU) and implements a dynamic line alignment
that detects multipath errors and predicts high frequency maneuvers.

This could perhaps also prove valuable for countering GNSS outages, as stud-
ied by Yang and Farrell [2003] where a vehicle is equipped with IMU, differential
GPS and magnetometer data to create a redundant and robust system. The au-
thors research how the system behaves during different constellations and avail-
abilities of these inputs, and look at a simulated scenario when the systems GPS
receiver is blocked from signals with good results.

Although promising, the human body is more complex to track and the move-
ments are very different compared to the vehicles mentioned above which means
the results may vary when introducing the ideas to tracking human body move-
ments.

1.4 Xsens Technologies

This study was performed at Xsens Technologies B.V., a company specializing
in sensor technologies and sensor fusion algorithms. Founded in 2000, Xsens
is a leading global supplier of 3D motion tracking products for professional ap-
plications based upon miniature MEMS (micro-electromechanical system) iner-
tial sensor technology and has now become a Fairchild Semiconductor company.
Xsens sells to customers all over the world in a wide range of markets such as
robotics, marine industry, unmanned aerial vehicles, computer graphics indus-
try, 3D animation, virtual reality and sports and health science. The company is
headquartered in Enschede, The Netherlands and has a subsidiary, Xsens North
America Inc. in Los Angeles, California, US.

1.5 Thesis outline

Except this first introduction chapter the thesis is divided into four main chap-
ters.

Chapter 2 explains the basics of the equipment and mathematical tools used
in this thesis and touches subjects such as what representations of orientation
and frames of references that are necessary to understand further reading. The
chapter also contains information about the sensors and how the measurements
are modelled to the system. The chapter gives an explanation of the expressions
that together make out the model of the human body. The basics of the opti-
mization approach to nonlinear tracking and how it relates to the predominant
Kalman filter and its extended version is also treated.

Chapter 3 covers thesis specific information, e.g. regarding choice of antenna,
including a GNSS antenna study, and how the additional GNSS measurements
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in the system are treated and integrated into the sensor fusion framework. Since
this study combined measurements from two different systems this chapter also
covers practical aspects of how these two systems are integrated.

Chapter 4 contains information about the experiments. It explains the sce-
narios chosen for data collection, why these were chosen and how they were per-
formed. Resulting plots are presented in this chapter followed by a discussion
regarding these results.

Finally, chapter 5 summarizes the important findings from this study in a
concluding section and furthermore discusses what could be done in the future
to strengthen these results and explore new possibilities for the subject treated.





2
Background

This chapter introduces and explains the necessary tools, such as mathematical
structures and definitions, as well as components and systems used within this
study. It aims at giving a functional understanding of the foundation on which
this study relies. This includes sensor properties, system modelling and sensor
fusion methods.

2.1 Definitions and representations

This section provides a summary of the different definitions and representations
used throughout the thesis. All representations considered here are given in
Cartesian coordinates.

2.1.1 Orientation representation

Orientations can be described using different representations, varying in com-
plexity, computational robustness and how intuitive they are. The choice of rep-
resentation is of importance for most applications, inertial motion tracking being
no exception. Usually, the quaternion representation is used during computa-
tions and the Euler representation for displaying results, for reasons given below
(Sabatini [2006]).

Euler representation

The Euler representation is perhaps the most intuitive of the orientation represen-
tations. It defines an orientation as a consecutive application of rotations around
predefined axes. Rotations of a body in a local frame can either be made around
axes that follow the body’s rotation (intrinsic, following the body frame) or axes
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8 2 Background

that are stationary in comparison to the local frame (extrinsic). As the rotations
can be made in different orders there are many possible notations that are all
considered Euler angles. The convention used here will be the most commonly
used one; intrinsic rotation in the order (z, y, x), displayed in Figure 2.1. The ro-
tation around the body frame’s axes (x, y, z) are referred to as roll, pitch and yaw
respectively.

Figure 2.1: Euler representation of a rotation. The rotation is made from left
to right indicating the steps in the rotation. The rotations are made in the
order α, β, γ . Image source: Wormer.

Although this way of representing an orientation is intuitive, it suffers a great
drawback in the fact that for a pitch at ±90◦, the yaw angle is undefined. This
is referred to as the gimbal lock. It creates computational difficulties and might
lead to undefined behaviour (Woodman [2007]).

Rotation matrices

The rotation matrix is another orientation representation. Instead of defining
three scalars that determines the rotation angles around each of the coordinate
system’s axes, as the Euler representation, the orientation is described as a set of
orthonormal vectors, defining the new orientation as a coordinate system with
respect to the old one;

A =

ûx v̂x ŵx
ûy v̂y ŵy
ûz v̂z ŵz

 ,
with det(A) = 1.

Applying a rotation to a vector means matrix multiplication of the rotation
matrix to the vector.

Axis and angle representation

Yet another way to describe a rotation is the axis and angle representation. It is
formed by aligning a predefined axis in the rotating object along a certain vec-
tor in the three dimensional Euclidian space u = (ux, uy , uz), sometimes called
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the Euler axis. The object is then rotated around that axis by a certain angle θ
according to the right hand rule.

Unit quaternion representation

The quaternion representation is perhaps less intuitive but widely used within
e.g. robotics, computer vision and flight dynamics since it does not suffer from
the ambiguity mentioned for the Euler representation and thus allows for stable
computations in all directions.

The quaternion representation is a four dimensional unit usually noted q =
(q0, q1, q2, q3), sometimes written q = (q0,q) distinguishing between the scalar
part q0 and the vector part q.

If a rotation would be described as an Euler axis and angle, with the unit
length Euler axis u = (ux, uy , uz) and the angle θ, the corresponding unit quater-
nion would follow the expansion of the Euler equation and result in the follow-
ing:

q =


q0
q1
q2
q3

 =


cos

(
θ
2

)
ux sin

(
θ
2

)
uy sin

(
θ
2

)
uz sin

(
θ
2

)
 ,

having ||q|| = 1.
The conversion from quaternion q to rotation matrix R is given using

R =


2q2

0 + 2q2
1 2q1q2 − 2q0q3 2q1q3 + 2q0q2

2q1q2 + 2q0q3 2q2
0 + 2q2

2 − 1 2q2q3 − 2q0q1
2q1q3 − 2q0q2 2q2q3 + 2q0q1 2q2

0 + 2q2
3 − 1

 ,
as described by Hol [2011].

Since it requires only four elements instead of the rotation matrix’s nine, and
still is as robust, it is easier to work with and the preferred rotation representation
for intense rotation computations.

2.1.2 Frames of reference

Estimates such as position, orientation and velocity can all be described in differ-
ent frames. Depending on the application there are more or less useful frames
to display the data. Summaries of the most important reference frames for this
study are therefore defined below, all frames are Cartesisan coordinate systems.

Sensor frame, Si

The physical housing of an inertial sensor constitutes the origin for the sensor
frame Si , specifically at the actual sensing element, index i indicating which sen-
sor the frame resides in. The axes of the frame are aligned with the sides of the
housing. This is the frame for which all inertial measurements are obtained and
resolved.
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Body segment frame, BSi

The body segment frame refers to the segments of the human body, e.g. the up-
per arm or the lower leg. The origin for each body segment is placed somewhere
along its bone with one of the axes along the bone, usually positioned at the
joint to another segment. The body segment frame is used to model the relation
between sensor movement and bone/segment movement, creating a relation be-
tween what we measure in Si to what we want to track in BSi .

Local frame, L

The local frame L is stationary with regards to the earth with the z axis aligned
with the gravity vector. Common (x, y, z) representations are NED (North East
Down) and ENU (East North Up), here we use ENU. A graphical representation
is shown in Figure 2.2b, which could represent WSU (West South Up). The po-
sition in local frame will give the traveled trajectory. As the gravity constant is
only considered constant in the local frame, the measured acceleration has to be
rotated to the local frame before removing the gravity vector and thus acquiring
the free acceleration.

Inertial frame and earth frame

The inertial frame origins in the center of the earth with a z axis pointing through
the celestial North Pole and is fixed with regards to the stars whereas the earth
frame has an origin coinciding with the inertial frame with z axis through the ce-
lestial North Pole, but instead rotates along with the earth. The earth frame sim-
plifies for displaying data that is taken on earth as each point on earth remains
constant in earth frame. The inertial frame, on the other hand, is preferred for
calculating e.g. satellite orbits. These two frames do not have to be taken into
consideration during this work since both time frame and spacial occupancy are
limited and the local frame is approximately constant with regards to both iner-
tial and earth frame. These frames could be of importance for further studies and
applications with GNSS measurements involved.

Notation of frames

An entity, such as position or velocity, given in a certain frame is denoted with a
subscript of the frame. For a position given in local frame this would be pL. For a
rotation matrix, rotating from sensor frame Si to local frame, the notation is RLSi .

2.2 Sensors and models

This section provides the basic understanding regarding the systems and the sen-
sors they consist of, some positive and negative properties, the data they provide,
how the sensor measurements are modelled and how the estimates are calculated.
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(a)

xL

zL

yL

t1

zB

yB xB
t2

L

B

(b)

Figure 2.2: Illustrations of frames mentioned in Section 2.1.2. (a) displays
the sensor to segment frame relation and (b) displays representations of the
local frame L and the body frame B. Image a) courtesy of Xsens, image b)
courtesy of Hol [2011].

The sensor systems explained are the inertial measurements unit, the global nav-
igation satellite system and the MVN system, which is the inertial human body
motion tracking system developed by Xsens.

2.2.1 Inertial measurement units

The most typical inertial measurement unit (IMU) consists of three orthogonal
linear accelerometers and three orthogonal gyroscopes. Often, these sensors are
aided by three orthogonal magnetometers to correct for drift in the heading and
yaw angles. In the results presented here, the selected inertial sensors have mag-
netometers in the device but the magnetic field data is only used for the initial
orientation estimate.

When an IMU is placed directly on the object it tracks, and thus moves with
the object, the angular velocity and accelerations are measured in the sensor
frame. The process of estimating orientation, position and velocity from this data
becomes strapdown inertial navigation, using strapdown integration (SDI) as the
technique to achieve this. This section aims to provide an overview of how strap-
down inertial navigation estimates are calculated within the sensor. A graphical
overview is given in Figure 2.3.

The strapdown integration begins by integrating the angular velocity to ori-
entation. With this orientation, the accelerometer data can be rotated to the local
frame, and the gravity vector, which is stationary in this frame, can be removed
to obtain the free movement of the tracked body, i.e. the acceleration related to
the active forces acting on the object. Lastly, the velocity is given by single inte-
gration of these corrected data, and the position by yet another integration. More
thorough implementation procedures are found in Savage [1998a] and Savage
[1998b].

Since the signals unavoidably contain noise, a drawback from signal integra-
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Figure 2.3: Strapdown integration processing diagram. Image from Wood-
man [2007].

tion is the introduction of drift as the noise is accumulated, which makes the es-
timates less accurate over time. On a shorter time basis though, the high output
frequency of the IMUs make them particularly adept at tracking highly dynamic
motion. Within the unit, the measurements are sampled at a very high rate, the
internal sampling frequency is as high as 1000 Hz. In this study, the accelera-
tion and gyroscope measurements are sampled to 240 Hz, which implies that
the high-frequency measurements have been appropriately low pass filtered and
downsampled to 240 Hz before being presented to the sensor fusion framework.
These acceleration and angular velocity measurements are then converted to mea-
surement increments, describing the change from previously measured value to
current one. The high frequency allows us to assume a linearity between the
samples. These measurement increments are then integrated as a sum, which
is computationally cheap, to obtain the ∆q’s, ∆v’s and ∆p’s - the computational
increments - in 10 Hz, in this case. These ∆q’s, ∆v’s and ∆p’s are used for the
optimization procedure, which is described in more detail for the gyroscope and
accelerometer respectively below. It is the computationally cheap algorithm at
a high frequency that allows for capturing these high-frequency dynamics accu-
rately.

Gyroscopes

A gyroscope provides angular velocity measurements from the centrifugal forces
that are exerted on the sensor when rotating.

To obtain a relative orientation estimate, in theory it suffices to integrate the
gyroscope measurements. As the measurement of angular velocity is considered
to have a Gaussian noise distribution, the integrated noise from gyroscope mea-
surements in orientation estimate becomes a random walk error, see Woodman
[2007] for more information. To improve the model of gyroscope measurements,
the gyroscope measurement model is expanded to account for a measurement
bias, which is continuously updated. This bias contributes to a linearly increas-
ing error in the orientation estimate. Through calibration the bias can be esti-
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mated and subtracted from the measurement before integration. The measure-
ment model for the gyroscope becomes

yω,i = ωi + bω,i + eω,i , (2.1)

where yω,i is the measurement, ωi is the true angular velocity, bω,i is the gyro-
scope bias and eω,i the noise, i being the index in time. The computational incre-
ments for orientation are given by Savage [1998a]. A simplified version can be
described as

∆qk =

kn+n∫
i=kn+1

ω̂i dt, (2.2)

where ∆qk is the computational increment with k representing indexing in the
computational frequency, ω̂i is the estimate of ωi based on model 2.1 above,
and n is the conversion rate between sampling frequency and computational fre-
quency, in this case 240/10 = 24.

Accelerometers

The accelerometer measurements are also considered direct measurements of the
acceleration with the noise modelled as Gaussian, which gives an expression sim-
ilar to the one for gyroscope measurements. In this case the unit measured con-
sists of both the gravitational acceleration and the free acceleration related to
the actual movement of the segment. This means the acceleration measurements
must be rotated to the local frame and in this frame having the gravity vector sub-
tracted to obtain the free acceleration. Since the gravity is constant in the local
frame during this study, and the value of it is known, given the location on earth,
the linear acceleration measurements complement the gyroscopes by limiting the
drift in the orientation estimates.

Integration of this acceleration gives a velocity estimate and double integra-
tion gives a position estimate, meaning the effects of measurement noise and bi-
ases are increased, the error term for position now grows more than quadratically
over time. These entities are further down referred to as ∆v and ∆p respectively.

As previously mentioned, integration of an inexact measurement leads to drift
in the estimate. By consequence, when rotating the acceleration with an orienta-
tion estimate that is not exact, the gravity vector is subtracted incorrectly. The
problem is called gravity leakage and can lead to great errors, it is therefore of
particular importance to estimate the orientation properly.

2.2.2 Global Navigation Satellite System

Global Navigation Satellite System (GNSS) is the general term for a system based
on satellites that together, autonomously, provide global coverage of geo-spatial
positioning. Current GNSS include GPS (Global Positioning System, developed
by the USA), GLONASS (Globalnaya Navigatsionnaya Sputnikovaya Sistema, de-
veloped by the former Soviet Union, what is now Russia), Galileo (in development
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by the European Union) and BeiDou (in development by China) (Hegarty [2012]).
The satellites continuously broadcast encrypted radio signals with information
about its time stamped position and other data. As the estimate of receiving unit
regard longitude, latitude, altitude and time, the receiver requires four satellites
visible to obtain an estimate. Normally, even more satellites are visible at any
given location on earth. The signals are easily obtruded by e.g. walls, buildings
or thick canopy meaning positioning is normally only feasible outdoors and is
more difficult in partly covered areas.

For a particular sample, GNSS is not accurate enough to estimate the positions
defining the different segments of a human body, but it does display the position
of the body as a whole nicely.

Augmentation systems have been put in place to improve the positioning pro-
vided by the GNSS. They are stationary on earth and receive signals from the
GNSS to ensure the integrity of the signals received. Corrections are sent out
either by terrestrial communication (ground-based augmentation systems) or by
bouncing the signal via satellites (satellite-based augmentation systems).

The GNSS signals received are preprocessed in the sensor to obtain position
and velocity output estimates. This sensor output is modelled as direct measure-
ments of position and velocity with a Gaussian noise, according to

yi = xi + ei , (2.3)

where yi is the given position or velocity measurement, xi is the true position or
velocity and ei is the Gaussian noise with zero mean. The index i is not related to
the IMU measurements but rather serve as index for the GNSS measurements in
this context.

Systematic errors from signal multipathing, reflection on cars and buildings,
urban canyons, could have been part of the model too but these errors are not
taken into consideration as this falls out of scope for this study.

2.2.3 The MVN system

The MVN system is an inertial human body motion capture system developed by
Xsens Technologies, see e.g. Roetenberg et al. [2013]. It consists of 17 inertial
sensors positioned to track all major bone segments in the body, see Figure 2.4.
Each sensor collects data as explained in Section 2.2.1 and sends it via a wired
network to a processing unit called a body pack, located at the lower back of the
subject. The body pack sends the data wirelessly to a router that is connected to
a computer.

Restraining a system to track only humans, as in this application, it is pos-
sible to add expected behaviour and relations between sensors in the form of
biomechanical models. Models applied for the MVN system are the relation be-
tween sensor position and the body segment it tracks, the body segments being
connected through joints and that some joints are constrained in motion as hinge
joints. Furthermore, the knowledge about when a foot is on the ground gives
important information for position estimation.
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Figure 2.4: Illustration of the positioning of the inertial sensors on the body
for the MVN system. Image courtesy of Xsens.

Estimation can based on different sensor configurations such as upper body,
lower body or right leg, meaning only a subgroup of sensors is used for estima-
tion. In this assignment the lower body is considered to give a sufficient insight
on behaviour.

For different sets of sensors and subjects there is a need to calibrate the pa-
rameters that are considered constant. After setting up the system on a subject
there is always a manual set of some parameters (length and foot size) and cali-
bration of the system (orientation, velocity and relative position). The calibration
is done by letting the subject assume a given pose for a couple of seconds. This
lets the system compare its estimates to expected values and configure the order
of segments and placement of joints.

Dynamic model

Given the ∆qSit , ∆vSit and ∆pSit for each segment Si at each time instance t, the
dynamic models relating to time t+T for the time updates of orientation, velocity
and position respectively are

pLSi ,t+T = pLSi ,t + T vLSi ,t + RLSit

(
∆pSit + wSip,t

)
+ T 2

2 g
L, (2.4a)

vLSi ,t+T = vLSi ,t + RLSit

(
∆vSit + wSiv,t

)
+ T gL, (2.4b)

qLSit+T = qLSit ∆qSit exp
(

1
2w

Si
q,t

)
, (2.4c)

p and v being position and velocity respectively, q being rotation in quaternion,
R is the rotation in rotation matrix form and g is the gravity vector. w is noise,
for the different entities modelled as wp,t ∼ N (0, Qp), wv,t ∼ N (0, Qv) and wq,t ∼
N (0, Qq) respectively.

The superscripts Si and L refer to sensor frame in sensor i and local frame,
respectively, making RLSi the rotation matrix from sensor frame i to local frame.
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Biomechanical model

As each sensor tracks a bone segment, the preferred positioning of the sensor
would be directly on the bone. For obvious reasons, this is not possible. Placing
the sensor on the skin means that the position in relation to the bone needs to
be modelled to accurately track the segment. The notion that all bones are con-
nected through joints is an important part of modelling how the body behaves
and restricts, among other things, how far away from each other the segments
can be.

The three submodels making up the biomechanics of the body in this study,
jointly referred to as the biomechanical model, are the body segment to sensor
model, the model for joints between body segments and a model describing a
special joint case - the hinge joints. The following models are based on the work
of Kok et al. [2014].

Body segment to sensor Expressed in the local frame, the relations between
sensor frame Si and body segment frame BSi are given as

pLSi ,t = pLBSi ,t
+ R

LBSi
t

(
r
BSi
Si

+ e
BSi
p,t

)
, (2.5a)

qLSit = q
LBSi
t qBSi Si exp

(
1
2 e
Si
q,t

)
, (2.5b)

assuming e
BSi
p,t ∼ N (0,Σp) and eSiq,t ∼ N (0,Σq), see Figure 2.2a. As before, p and

q are position and quaternion rotation respectively. Subscripts indicate which
entity is concerned and superscript in what frame it is considered, e.g. pLSi ,t is the

position of sensor Si at time t in local frame L. r
BSi
Si

denotes the relative position
between sensor Si and the origin in the body segment, i.e. the sensor’s position
given in the body segment frame BSi .

Joints between body segments The joints make up an essential part of the
constraints acting on the system which are referred to as the biomechanical con-
straints cbio. These relations are modelled

pLBm,t + RLBmt rBmk = pLBn,t + RLBnt rBnk ,

Bm, Bn ∈ BJk ,
(2.6)

which states that in the local frame, the position of joint k, Jk , should be the same
according to both body segment Bm and body segment Bn. As before, subscripts
indicate entity and superscript what frame is considered. BJk is the set of body

segments participating in Jk . r
Bm
k denotes the position of joint k in body segment

Bm.
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Hinge joint As some joints are constrained in motion, such as knees and elbows,
they can be modelled as such. This is done by minimizing the following expres-
sion:

eJk ,t =
[
nT1
nT3

]
(RLBmt )T RLBnt n2,

Bm, Bn ∈ BJk ,
(2.7)

n1, n2 and n3 denote the axis directions for which a segment can move with re-
spect to another, in this case n2 is the direction in which the joint primarily bends.

Contact detection and zero velocity updates

The single most drift-suppressing model is the contact detection model. It states
that during the time a segment, usually a foot, is set on the ground, the velocity of
it is zero. During this sequence, a zero velocity model is applied to the segment.
This requires a contact detection mechanism to decide whether the segment is
stationary compared to the surrounding environment, i.e. stationary in the local
frame. This is a complex model and its definition and implementation is out
of the scope for this thesis. However, the results of adding contact detection is
studied.

2.3 Sensor fusion

Combining dynamic models and measurement models we get the framework
needed for sensor fusion for a dynamic tracking case. Different estimation ap-
proaches are available, among the most frequently used methods are the Kalman
filter and its extensions. Here, the fusion framework is expanded to a more gen-
eral optimization approach, particularly convenient for adding the biomechani-
cal constraints. It also suits the studied nonlinear problem better since it is han-
dles the nonlinearities better than the Kalman approach, that usually works well
as long as the problem still have somewhat linear tendencies, see Section 2.3.1.

A dynamic system can be expressed by a state-space model, given by Equa-
tion (2.8) (Gustafsson [2012]). It gives a concrete state estimate that is easy to
interpret. Equation (2.9) on the other hand, provides a description of the system
given by the conditional probability densities of the state transition and observa-
tion.

The general form of the nonlinear state-space model is

xk+1 = f (xk , uk , wk), (2.8a)

yk = h(xk , uk , ek). (2.8b)

(2.8a) is the dynamic model that models how the system’s states will change over
time, and (2.8b) is the measurement model, that models the states to our mea-
surements. Some measurements, such as the accelerometer and gyroscope data,
are used within the dynamic model as control input, since they describe a change
rather than independent consequences of the current true state. A system can
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also be expressed as conditional probability densities, defining how likely it is to
obtain xk+1 and yk respectively, given the state xk and the control input uk . These
probability density functions are denoted

p(xk+1|xk , uk), (2.9a)

p(yk |xk , uk). (2.9b)

Normally, it is yk and uk that are given and the state xk that is unknown.
Forming p(xk |yk , uk) from p(yk |xk , uk) and p(xk+1|xk , uk) would therefore prove
useful and is discussed in Section 2.3.2.

2.3.1 Kalman filtering

The Kalman filter is the single most used fusion approach for real-time estima-
tion in motion trackers. It provides a robust estimation approach for most appli-
cations while still being relatively light-weight, the latter a result of the algorithm
only requiring to retain the current state and the previous state. This behaviour
is based on the assumption that the system can be described as a hidden Markov
model. The model is visualized by Figure 2.5, with x1:N as the hidden states, each
state xk producing the observation yk which makes the observations y1:N condi-
tionally independent, each observation yk only depending on its corresponding
state xk .

y y
Figure 2.5: Temporal evolution of a hidden Markov model.

The original Kalman filter, stated by Kalman [1960], is the optimal estima-
tor for a linear system having only Gaussian noise distributions, which can be
described by

xk+1 = Fkxk + Bv,kvk , (2.10a)

yk = Hkxk + ek . (2.10b)

It is optimal in the sense of minimizing the mean square error of the estimated pa-
rameters. However, most practical applications within engineering are nonlinear
systems, as in (2.8), which has led to the development of extensions of the algo-
rithm such as the Extended Kalman filter (Jazwinski [1970]), a frequently used
example of how to handle some nonlinearities based on Kalman filter theory.

The extended Kalman filter (EKF) linearizes the model by approximating with
Taylor polynomials, often only of the first order, and then applies the standard
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Kalman filter. This works well for slightly nonlinear systems. Furthermore, the
EKF still requires that the system’s noise is unimodal (one peak in the correspond-
ing probability distribution). This means that more difficult nonlinearities are
hard to accurately track even with the extended Kalman filter approach.

The general Kalman filter formulation does however not allow much flexibil-
ity for adding other models than the dynamic and measurement models. Other
models have to be applied in a separate step. In the case of human body motion
tracking the constraints of the body are a crucial component, and being able to
integrate models and constraints closer together would be a more natural descrip-
tion of the observed system, the human body.

2.3.2 Maximum a posteriori estimation

The more general approach for nonlinear systems is to maximize the a posteriori
distribution, p(x1:N |y1:N ), often referred to as simply the posterior. This is the
probability density function of the states given some observations. The maximum
a posteriori estimate of a series of N states is defined as

x̂MAP1:N |1:N = arg max
x1:N

p(x1:N |y1:N ), (2.11)

derived by a definition stated by Gustafsson [2012].
Given Baye’s rule,

p(A|B) =
p(B|A)p(A)

p(B)
(2.12)

and the distributions given by the problem definition (2.9) we obtain an expres-
sion for the posterior as

p(x1:N |y1:N ) =
p(y1:N |x1:N )p(x1:N )

p(y1:N )
. (2.13)

We look at at each of these three components separately at first.
In this case, we assume that the system can be described as a hidden Markov

model, as is assumed for the Kalman filter above as well. Consult e.g. Särkkä
[2013] for more information on Markov models related to Bayesian tracking.
p(y1:N |x1:N ) describes the relation between measurements and states. As each
measurement yk only depends on the corresponding state xk , according to the
hidden Markov model, we can write this term as

p(y1:N |x1:N ) =
N∏
k=1

p(yk |xk). (2.14)

For the second component, p(x1:N ), we can use the Bayesian chain property
inherent in the dynamic model, stated as

p(x1:N ) =
N∏
k=1

p(xk |x1:k−1), (2.15)
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where each state x depends on its previous values. In this case the system is con-
sidered memoryless as well, also known as having the Markov property, which
means each state in the series only depend on the most previous state, thus being
independent of older states, visible in e.g. (2.9a). This is mathematically written
as p(xk |x1:k−1) = p(xk |xk−1) and results in the following expression:

p(x1:N ) =
N∏
k=1

p(xk |xk−1) = p(x1)
N∏
k=1

p(xk+1|xk), (2.16)

where the second equality follows a rearrangement of indices, since the time se-
ries has a defined start, and extracting the first part of the product as the initial-
ization value.

The third component, p(y1:N ), is the probability to obtain these measurements.
Since this factor is independent of x and greater than zero, this term is constant
in the optimization expression and can therefore simply be removed.

The three components together give us

p(x1:N |y1:N ) ∝
N∏
k=1

p(yk |xk) · p(x1)
N∏
k=1

p(xk+1|xk)

= p(x1)
N∏
k=1

p(yk |xk)p(xk+1|xk),

(2.17)

and this is what we aim to maximize to find the most probable states x1:N . Note
that this expression only contain elements that we know, the dynamic model and
the measurement model, all merged into one expression taking us from measure-
ments to estimate.

Returning briefly to the original expression (2.11), we know that maximizing
a function equals to minimizing its negative form. For some monotonous func-
tion g(z), this means

arg max
z

g(z) = arg min
z

− log
(
g(z)

)
. (2.18)

As we know the dynamic and measurement models both have Gaussian dis-
tributed noise, we can deduce that the expression (2.17) can also be considered
Gaussian.

Using the direct model for GNSS position measurements (2.3) as an example,
we can apply (2.18) to (2.17), given that the total probability density function is
Gaussian distributed, we achieve (2.19) below, where x̆ and y̆ are denoted slightly
differently than before to signal that it is not the same problem but merely an
example of the method.
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arg max
x̆k

p
(
x̆k | y̆k

)
= arg min

x̆k

− log p
(
x̆k | y̆k

)
=

arg min
x̆k

− log
1

(2π)N/2
∏N
k=1

√
det(Qk)

e−
1
2
∑N
k=1(x̆k−y̆k )TQ−1

k (x̆k−y̆k ) =

arg min
x̆k

−
(
−
(N

2
(2π)

)
−

N∏
k=1

√
det(Qk) −

1
2

N∑
k=1

(
ĕk

)T
Q−1
k

(
ĕk

))
=

arg min
x̆k

N∑
k=1

(
ĕk

)T
Q−1
k

(
ĕk

)
= arg min

x̆k

N∑
k=1

||ĕk ||Q−1
k
.

(2.19)

In Equation (2.19) we used the probability density function of a Gaussian
variable, mathematical tools for simplifying logarithmic expressions, optimiza-
tion function, and finally, a simplification in writing, to obtain the expression for
a nonlinear least squares expression. Qk describes the weighting of the measure-
ment and is derived from the measurement noise.

The cost function for applying the GNSS position measurements to the body’s
position is then denoted as

V (xGNSSp ) =
N∑
k=1

||eGNSSp,k ||Q−1
p,GNSS

(2.20)

and since these measurements are only given for one of the sensors in the body,
this cost function is added to that sensor only, in this study the pelvis sensor. The
cost function based on GNSS velocity measurements acting on the body’s velocity
state is written analogously.

All supplementary relations that affect the states are added as their corre-
sponding cost function to the full equation.

If all measurements’ noises are assumed independent and Gaussian with mean
zero, the function that should be maximized becomes a product of independent
Gaussian probability density functions and the problem becomes a weighted and
constrained nonlinear least squares problem. This can be further explained by
e.g. Gustafsson [2012]. For this study the resulting optimization expression, in-
cluding both contact detection and GNSS measurements, is
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min
x1:N

∑
k∈{1:N }

∑
Si∈S

(
||eSip,k ||

2∑−1
p

+ ||e
BSi
q,k ||

2∑−1
q︸                      ︷︷                      ︸

placement of sensors on body

+ ||wSip,k ||
2
Q−1
p

+ ||wSiv,k ||
2
Q−1
v

+ ||wSiq,k ||
2
Q−1
q

)
︸                                       ︷︷                                       ︸

dynamic model

+
∑

k∈{1:N }

∑
Si∈S

||bSiw,k ||
2∑−1
bw︸     ︷︷     ︸

gyroscope bias

+
∑
Si∈S

||bSia ||2∑−1
ba︸   ︷︷   ︸

accelerometer bias

+
∑

k∈{1:N }

∑
Ji∈H
||eJi ,k ||

2∑−1
i︸     ︷︷     ︸

hinge

+ ||ep1
||2∑−1

p1
+

∑
Si∈S
||eSiq1 ||

2∑−1
q1︸                        ︷︷                        ︸

initialization

+ f (x1:N )︸  ︷︷  ︸
contact detection

+
∑

k∈{1:N }

(
||eGNSSp,t ||2

Q−1
p,GNSS

+ ||eGNSSv,t ||2
Q−1
v,GNSS

)
︸                                                  ︷︷                                                  ︸

GNSS

s.t. cbio(x1:N ) = pLBm,k + RLBmk rBmi − p
L
Bn,k
− RLBnk rBni ,

Bn, Bm ∈ BJi , ∀Ji ∈ J , ∀k ∈ {1 : N }
(2.21)

The above expression becomes a sum of nonlinear least squares expressions,
being the cost functions for each of the components. The implication of each
component is easily modified by its weight, which together with the modularity
of the optimization structure, gives the above construction great flexibility.

When comparing an estimate without either contact detection or GNSS mea-
surements, the corresponding terms are simply removed from the optimization
expression above.

For each sensor, the estimated state then consists of the three dimensional and
time-varying position, velocity, orientation and gyroscope bias. The accelerome-
ter bias is also part of the state but is estimated as a time-invariant value.

The contact detection model is complex and out of the scope for this thesis
and has for this reason been left out to be described by a general function f (x1:N ).
Its purpose and composition are described briefly on page 17.

Although more complex in implementation, the optimization approach al-
lows for considerably more flexibility regarding problem definitions, such as the
addition of constraints and non-Gaussian noise distributions.
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Methodology

This chapter describes how the study is performed and treats the important as-
pects of the process. First of all, the section covers a pilot study on GNSS anten-
nas in this particular application environment. The study continues with adding
GNSS measurements to a single tracker setup, to get a working system up and
running as well as to gain knowledge preparing for the full body setup. Finally,
the full body setup is implemented and evaluated on its effects on motion track-
ing.

3.1 Setup

The setup for the prototype consists of both hardware and software. To acquire
data, the final prototype hardware consists of an MVN Link system and an MTi-
G-710 equipped with a GNSS antenna. These components collect data indepen-
dently and the data is then synchronized, fused and processed offline.

Human body motion capture: MVN suit The human body motion capturing is
made using an MVN suit, described in Section 2.2.3. The biomechanical con-
straints of the human body and foot to ground contacts make out important mod-
els that greatly improves output of the system.

Receiver: MTi-G-710 GNSS measurements are currently not available from the
MVN suit itself and thus require a separate receiver. The industrial line of Xsens’
products contains the MTi-G-710, seen in Figure 3.1, which is used to obtain
GNSS measurements. The device is explained in detail by the Xsens white paper
written by Vydhyanathan et al. [2015].

23
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Figure 3.1: The Xsens MTi-G-710, the device used as a GNSS receiver to
calculate GNSS position and velocity. Image courtesy of Xsens.

GNSS antenna The current antenna normally used with MTi-G-710 is for in-
dustrial applications and mounts on a flat metallic surface. In this case we are
studying a human and a different solution was needed, researched in a smaller
pilot study, discussed further in Section 3.2.

Software for sensor fusion The optimization based framework, described in
Section 3.3, is used for this project. One of the great benefits of using this frame-
work is the simplicity of adding sensors to the optimization problem. An essen-
tial part of this project is implementing the additional GNSS measurements to
the sensor fusion using this software.

Implementation steps Two implementations were done with the sensor fusion
framework, one for the single tracker setup and one for the multiple tracker
setup. The single tracker implementation served mainly to familiarize with the
components of the framework but proved interesting for validation purposes, i.e.
making sure the implementation was coherent with previous studies and giving
reasonable results.

For obvious reasons the multiple tracker setup is the main focus for the im-
plementation. As this is more of a proof of concept, we chose to use a subset of
the full body. To see the effects of the combination GNSS and contact detection
this study uses the lower body sensors only. The GNSS measurements are added
to one of the highest situated sensors, in the lower body setup this is the pelvis
sensor.

3.2 GNSS antenna prestudy

Enabling GNSS in the MVN system means not only to add the measurements to
the sensor fusion framework. Knowing how these GNSS measurements look like
and what circumstances affect the quality and outcome is of great importance
to create a robust system. More specifically, there is a need for studies on how
the positioning of the antenna on the human body affected the GNSS signals
fed to the fusion framework. It is also valuable to know other desirable and
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(a) Reference antenna. (b) Stub antenna. (c) Flat antenna.

Figure 3.2: The antennas used during the antenna prestudy.

undesirable antenna properties and features, for example the ease of use from a
user perspective, given in part by its size, weight and placement.

The experiments are executed with a reference sensor and two test antennas
of different types specified in Table 3.1. The reference antenna, known to give
good positioning, is not suitable for the MVN system because of its weight and
strong magnetic field. The test antennas are a stub antenna, which is mounted
directly onto the receiver, and a flat oval antenna, mounted via a cable to the
receiver. See specifications in Table 3.1 and images in Figure 3.2.

Table 3.1: Index of the antennas in the prestudy, the chosen antenna dis-
played in italic.
Reference name Brand Model Datasheet

reference
Reference antenna Tallysman Wireless TW2710 [Tal, TW]
Stub antenna Embedded Antenna

Design Ltd.
GNSS
Stubby

[Emb,
EAD]

Flat antenna Pulse Electronics W4000 [Pul, Pulse]

Each of the two test antennas are evaluated in two positions on the body suit-
able for such an antenna in the MVN system; on the head and on the lower back.
The latter represents the scenario of having the antenna within the box with the
mobile processing unit to which all sensors are connected, referred to as the body
pack. In total, four data collections are made, each of them having the refer-
ence antenna placed on the head. Data is collected while walking on an open
field making turns to cover all angles of horizontally incoming signals. Note that
the given data depend on both the receiver and the antenna, which means the
receiver might have affected the choice of antenna. In this case, we wanted an
antenna best suited for this specific receiver so this matter was not an issue.

The study shows that the flat antenna was the preferred one, given its lighter
weight, the flexibility of having a cord to the receiver (enabling placement of
the antenna in one place and the receiver in another) and the indifference to
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orientation and placement on the body. The quality of the stub signals appears
to depend on placement on the body to a larger extent which is perceived as
somewhat unreliable.

Placing the antenna on the head is considered the optimal position on the
human body, where it would be as high up as possible and not obtruded by parts
of the body. This is supported by the accuracy from the receiver which displayed
an increased certainty for the head positioned antennas with both test antennas.
This, together with the flexibility of having a cord to the receiver, proves that the
flat antenna is the best choice for the further experiments.

Although this study is limited in number of antennas and the depth, it gives
an important overview of the factors influencing the GNSS signals and their in-
terpretation. The results are the following design choices:

• All further experiments use the flat antenna, it appears less dependent on
directional positioning on the body and give somewhat bigger and more
reasonable accuracies

• The antenna was put on the head, especially having the flat antenna this is
no problem

Note: A lower body configuration is used for the following experiments. The
recording of data is made having the antenna on the head although this data is
during estimations added to the pelvis segment, since the study is performed
based on a limited set of sensors, namely the lower body configuration.

3.3 Sensor fusion framework

Since human body motion tracking involves essential biomechanical constraints
an optimization based estimation engine could provide great possibilities for
improving the estimates. Additionally, the inclusion of the biomechanical con-
straints earlier on in the estimation process increases the observability of the
states which reduces the need of magnetometer data to the initial estimate only.
Magnetometer data can otherwise be difficult to robustly incorporate in the esti-
mate.

The sensor fusion framework approaches the problem by Taylor approximat-
ing the system to the first order, similar to the linearization in an EKF. The esti-
mation process is iterated several times for each time instance with the previous
estimate as starting point, similar to the work of Skoglund et al. [2015]. In this
study, the process is iterated ten times or until the error is below some threshold
indicating no more iterations are useful. This could be compared to a regular
EKF where the estimation is done once for each time instance. The method used
could thus be seen as an iterated EKF.
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3.4 The GNSS updates

The receiver provides the setup with position and velocity estimates accompa-
nied by the horizontal position accuracy, vertical position accuracy and the speed
accuracy, all in local coordinates.

Both position and velocity inputs are modelled as direct measurements with
Gaussian noise having zero mean and a covariance composed of the accuracies
obtained from the receiver, as this is what was specified by the receiver as output.
The use is slightly different between position and velocity models since there are
both horizontal and vertical position accuracy available for position, and only a
general speed accuracy available for velocity.

In the case of GNSS position measurement model, the horizontal position ac-
curacy σ2

hor is used for the noise variance in both x and y axes in local frame, and
the vertical position accuracy σ2

vert is used for the z axis.

Position: yGNSSp,k = xp,k + eGNSSp,k , eGNSSp,k ∼ N
(
0,


σ2
hor,k 0 0
0 σ2

hor,k 0
0 0 σ2

vert,k


)
,

where yGNSSp is the position estimate from the GNSS receiver, xp is the true posi-
tion of the tracked sensor and eGNSSp is the Gaussian noise with zero mean and
covariance according to horizontal and vertical accuracies from receiver, σ2

hor and
σ2
vert respectively, and finally, k indicating the time index.

Similarly to the GNSS position model, the GNSS velocity model is denoted as

Velocity: yGNSSv,k = xv,k + eGNSSv,k , eGNSSv,k ∼ N
(
0,


σ2
s,k 0 0
0 σ2

s,k 0
0 0 σ2

s,k


)
,

where yGNSSv is the velocity estimate from the GNSS receiver, xv is the true ve-
locity of the tracked sensor and eGNSSv is the Gaussian noise with zero mean and
covariance according to the speed accuracy, σ2

s from the receiver, and k indicating
the time index as before.

3.5 Sampling rates

The output from the two sensor systems are sampled at different data rates, the
receiver sampling GNSS data at 4 Hz and the inertial sensors sampling at 240 Hz.
This requires an approach for merging the data or creating a link. Discussing dif-
ferent ways to do this, the choice became a flexible processing frequency. During
this assignment this frequency was set to 10 Hz to allow for processing of larger
data sets while still displaying the body motions in a satisfactory way. For more
time-critical applications Skog and Handel [2011] deals with the synchronization
errors that may occur, although in the case of this 4 Hz update frequency of the
GNSS receiver, the global position of a human body does not change drastically
enough in between sampling occasions to make this a problem. This means that
the algorithm was allowed to let an incoming GNSS sample wait until the next
processing instance before being applied. In practice, this means that GNSS data
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is available and processed in the sensor fusion software every 2nd or 3rd process-
ing instance.

3.6 Time synchronization

Working with two different sensor systems makes synchronization necessary. In
this case, the MTi-G-710 used as GNSS receiver is also equipped with an IMU. By
placing the MTi-G-710 close to any sensor in the inertial motion capture system
it is possible to correlate the gyroscope measurements of the MTi-G-710 with the
gyroscope measurements from that particular inertial sensor in the MVN system,
and thereby acquire the time difference needed to synchronize the data from the
two systems. The physical setup is visualized in Figure 3.3.

Figure 3.3: The physical setup enabling time synchronization between the
inertial measurements of the MVN system and the GNSS measurements of
the MTi-G-710. The smaller, bright orange device on the wrist is the MVN
inertial sensor and the slightly larger orange device on the wrist, attached to
the cable in the subject’s hand, is the MTi-G-710.

As previously mentioned, estimations are made off-line and are consequently
not hindered by the off-line synchronization of data. Note that the synchroniza-
tion is only necessary since this is a prototype solution that merges two different
systems. Future solutions would have a GNSS receiver built in to one of the sen-
sor housings of the MVN system and it would thereby have the sampling and
time-keeping integrated with the inertial measurements, making this step unnec-
essary.

3.7 Filtering and smoothing

The processing of a sequence is done in two ways, either through filtering, only us-
ing previous data samples, or smoothing, using all data available, i.e. from both
past and future. The filter solution is used to see the effects of the GNSS sam-
ples that, as previously stated, only are incorporated in the processing every 2nd

or 3rd processing instance due to sampling frequencies. This creates a sawtooth
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behaviour where each sharp change is the incorporation of a new GNSS measure-
ment update. In between these updates the inertial data will be the source of the
updates. Using only data from the past, the filter solution gives an indication on
how well the system would perform in a real-time setup.

The smoothing solution uses both previous and future values to calculate a
given estimate in time, which smooths out the GNSS input over several values
and does not give the sawtooth behaviour as is expected of the filter solution men-
tioned above. As this study focuses on understanding how GNSS measurements
affect the system, filter solutions are considered more often than the smoothing
solution.

3.8 Bias compensation

During the experiments there were two biases to consider, the gyroscope bias and
the accelerometer bias. Obviously, estimating a bias where there is reason to find
one increases precision in the resulting estimate, but on the other hand, not esti-
mating a bias could prove interesting for displaying how the added GNSS data
could compensate for this. The following experiments contain dynamic estimates
of gyroscope bias and assumes a constant accelerometer bias. Gyroscope bias es-
timation is the most important bias to estimate as the resulting error escalates
quickly. The orientation needs to be accurate to avoid misaligning the accelerom-
eter data properly to the local frame before removing the gravity vector.

Not estimating accelerometer bias would lead to a more visible result in the
position estimate as the drift would be higher. It would in this case be more
visible to display the effects of adding GNSS measurements and also to see the
how GNSS data could even compensate for not estimating the accelerometer bias.





4
Experiments

4.1 Description of experiments

The physical setup of the study is a person equipped with the human body mo-
tion tracking system and the previously mentioned GNSS receiver and antenna.
These two systems, recording inertial data and GNSS signals, respectively, are
simultaneously but independently recording while the subject performs some
predefined movements. As the study aims to cover the most basic movements,
walking and running are natural scenarios to choose. Here, they are considered
part of the same scenario since running in practice means that the GNSS data
points are slightly more spread out in space which means less foot contacts per
traveled meter.

One of the aspects for selecting scenarios is to clearly visualize the effects in
the sensor fusion output of having the additional GNSS measurements in the
calculations. This means the scenarios performed would benefit from moving
over a larger space and being outdoor, two factors that normally coincide well.

One of the properties that are of interest for the study is the interaction be-
tween the current drift-minimizing solution, the foot contacts, and the GNSS
measurements. A way to look at the possibilities for the setup of the study is to
select a scenario where the foot contacts could not be applied, both to see how
the combined system improves with GNSS measurements, and also to give an ex-
ample of the scenarios that could become significantly more accurate to track the
position of, if GNSS measurements are added. Biking is a natural such scenario
where foot contacts are not applicable, and which is suitable for a study outdoors
over a larger area. The trajectory has to be longer than a few meters given that
this is the approximate accuracy for GNSS position measurements. As drift is
the property that this study aims to reduce, traveling a longer path increases the
visibility of drift and is thus preferable when trying to obtain a significant con-

31
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clusion. Traveling in a straight line would increase this visibility as well which is
why the experiment is conducted at a long straight pedestrian/biking lane.

Other scenarios that might have been appropriate for a study like this were
driving a car, skiing, horseback riding and other outdoor sports activities.

The two chosen scenarios, walking/running and biking are analyzed. To com-
pare, the data is also analyzed for the same data but excluding GNSS data and/or
foot contact information, if this is applicable. Where and which estimates are
affected the most was of particular interest, and also if the movements remain
natural, not having unnatural rotation or strange positioning of the body seg-
ments.

All experiments described below are executed at the same day at the same
geographical location during good circumstances for receiving GNSS signals, i.e.
relatively open sky, scarcely positioned trees along the paths taken and no larger
buildings that could obtrude or alter the relevance of the signals. The specific
trajectory for these experiments is a long straight biking road, chosen to visualize
the drift that occurs without GNSS.

For complexity reasons the configuration used for all multiple tracker exper-
iments is the lower body, i.e. the sensors of the two feet, the two lower legs, the
two upper legs and the pelvis, totaling seven sensors. The software implemen-
tation could easily be set to process a larger (or smaller) configuration but the
lower body is considered not too complex while still displaying the possible ten-
sions when adding GNSS to a higher set position and having contact detections
on lower set positions.

During processing, all initial positions are set to the first available GNSS po-
sition, regardless of use of GNSS measurements during the processing. However,
smoothing often causes the initial position to be altered.

4.1.1 Biking

As no contact detection is available for biking this becomes the natural scenario
to describe first. The use of contact detection relies on the assumption that some
part of the body is at some points in time stationary with regards to the earth
frame, as is the case for walking and running but not for biking. Using only
accelerometer and gyroscope data to estimate position for such as a scenario
currently makes positioning very unreliable. Being able to track position with
confidence is of importance for all estimates as it enables more reliable tracking
overall, and especially since it enables reliable position tracking of other motions
where foot contacts cannot be applied.

The biking recording is just over a kilometer long and has one stop during
the run to introduce some acceleration changes. The trajectory is selected to be
as straight as possible to clearly see the expected drift if GNSS measurements are
not included.

Two sensor constellations are used for the biking scenario, both use the strap-
down integration of accelerometer and gyroscope data in combination with the
biomechanical constraints, one of them adding the GNSS measurements.
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Expected outcome: Positioning becomes available, having an accuracy of the
same size as the input GNSS measurements. Since each segment’s positioning
is restricted by biomechanical constraints all other segments would follow if the
positioning of the pelvis segment changes, where the GNSS measurements are
applied.

4.1.2 Walking and running

Even though the contacts enables positioning for walking and running, the esti-
mates drift over time. This leads to an increased error over the traveled trajectory.
Typically the current software for the MVN system (using a different estimation
approach, a magnetometer-aided Kalman filter based system) indicates about 1%
of the traveled distance in drift. Adding GNSS is expected to constrain the error
to a maximum dictated by the GNSS measurements. For this experiment this
means that the computational software can now properly apply the contact de-
tection model and its zero velocity updates. The interaction between GNSS input
and contact detection is particularly of interest.

The walking and running experiment took place on the same long straight
road as the biking experiment, having the same starting point. This recording
was shorter, approximately 110 m long. The sequence starts at still, moves on to
walking after about 20 seconds and finishes off with a few seconds of running, to
have some accelerations during the data set, totaling about 80 seconds of record-
ing.

For this scenarios three modes are considered for estimation, all of them using
strapdown integration of accelerometer and gyroscope data, as well as the biome-
chanical constraints. The additional elements are GNSS measurements and/or
contact detection.

Expected outcome: Positioning should be improved for longer data collections,
which should be visible for data collected in a straight line or making patterns
that return to previously visited points.

4.2 Discussion of results

This chapter presents the outcome of the experiments described in Section 4.1. As
written in the mentioned section, the experiments have two main parts. The first
part concerns the case where contact detection is not applicable, where a subject
is biking, and the second being the case where contact detection is applicable,
represented by a walking/running scenario. This is also the structure for this
section.

The full lower body configuration was visualized as a three-dimensional avatar,
as a function of time, using the Xsens software MVN Studio. These animations
are not included in this thesis but were used to aid in visualizing and understand-
ing the estimated results.
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4.2.1 Biking

Figure 4.1 displays only the first approximately fourteen meters of the recording
to show the effects of not having contacts nor GNSS input. Positioning without
GNSS is highly unreliable and does not correspond to the expected true position
at all, the position estimate acually diverges. This behaviour is expected since
the position estimate is based on integration of relative measurements only. The
GNSS position input from the MTi-G-710 is shown in orange to give an image
of the true trajectory. Even though the accuracy of GNSS position alone is in the
range of meters, it still serves as a good position reference, especially in this case
of unaided inertial tracking.
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Figure 4.1: Pelvis trajectory in the biking recording and the (unused) posi-
tion measurements from GNSS receiver, displaying the first approximately
14 meters of the trajectory, estimated using a lower body configuration.

As previously mentioned, the initial position and orientation are given from
the GNSS position measurement and magnetometer measurement, respectively.
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Adding the GNSS position and velocity measurements to the fusion algorithm
for the biking scenario enables a position estimate, shown for the full 110 m ex-
periment in Figure 4.2, where the trajectory start in the lower right corner of the
figure. The figure displays both filter and smoothing solution which both clearly
show a more reasonable trajectory, considering we know the path is straight. The
two solutions are practically overlapping, differing about 1 m at most. Note the
axes in Figure 4.2 compared to Figure 4.1.

Figure 4.3 is a close-up of the first part of Figure 4.2 which shows how the
filter solution drifts sideways and how the smoothing solution corrects for it. The
surroundings were similar all across the traveled path and does not explain the
deviation.

The position estimates of the pelvis are further visualized in Figure 4.4 where
the GNSS measurements and filter estimate are compared to the smoothing es-
timate. The difference between filter solution compared to smoothing solution
and GNSS measurements compared to smoothing estimates are calculated by
subtracting the smoothing estimates from the filter solution and GNSS measure-
ments, respectively. Furthermore the norm of said difference is calculated to
achieve Figure 4.4. This visualizes that the smoothing estimate adjusts more to
the GNSS measurements and stays within two meters of the position that the
GNSS receiver indicates.
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Figure 4.2: Filter and smoothing estimates of the pelvis trajectory in the
biking recording.
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Figure 4.3: Close-up of the start of Figure 4.2.
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4.2.2 Walking and running

As expected, adding GNSS improves the position estimate, visible in Figure 4.5.
On the estimated path length of 110 m, the estimate with contacts but without
GNSS has an end position that deviates from the last GNSS position measurement
about 9 m (visible in Figure 4.6). Considering the accuracy of a GNSS measure-
ment, which is in the range of a couple of meters, and even below 2 m according
to the receiver (see Figure 4.8 below), the estimate without GNSS is significantly
off, especially considering that we know the path is straight. Figure 4.5 also dis-
plays the estimate when having the contacts disabled and GNSS enabled which
gives a rougher trajectory.
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Figure 4.5: Pelvis trajectories from the walking data set, estimated using
different processing configurations. The estimates using GNSS overlap with
the GNSS measurements in this figure.
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Figure 4.6 compares the three position estimates against the GNSS measure-
ments by subtracting the GNSS position measurements from the resulting esti-
mates from the optimization procedure and calculating the norm of said differ-
ence. It is clearly visible that the estimate without GNSS drifts the furthest away
from these GNSS measurements, as is expected. The impact from the contact
detection is clearly visible in the first 10 seconds for the estimates using both
GNSS measurements and contact detection implicating a strong influence of the
contacts during this period.

0 0.2 0.4 0.6 0.8 1 1.2 1.4 1.6 1.8 2

time [s]
×10 4

0

1

2

3

4

5

6

7

8

9

10

N
o
rm

 o
f 
th

e
 d

if
fe

re
n
c
e
 [
m

]

Comparison of position estimates against GNSS measurements - Walking

Position estimates using GNSS measurements

Position estimates using contact detection

Position estimates using both GNSS measurements and contact detection

Figure 4.6: Comparison of the norms of differences between different posi-
tion estimates and the GNSS measurements.
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Figure 4.7 shows the three components of the pelvis velocity in local frame for
the two different cases where contact detection is enabled, i.e. with and without
GNSS measurements enabled. The subject is standing still for about 20 seconds,
walks for about 60 seconds and runs the last couple of seconds. The z axis mea-
surements without GNSS is covered by the z axis measurements with GNSS.

The drift perceived in Figure 4.5 is visible in the velocity as well, and it is
visible that the GNSS measurements seem to maintain the velocity in the x and
y axes relatively stable, which is what we would expect. The figure also serves to
give an understanding of the scenario in future figures.
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Figure 4.7: Pelvis velocity from the walking data set, estimated with contact
detection enabled.

As a mean of understanding the GNSS measurements and what we can expect,
the position and velocity accuracies calculated within the receiver is depicted Fig-
ure 4.8. The figure displays a horizontal and vertical position accuracy stabiliz-
ing at about 2.1 m and 3 m, respectively. The speed accuracy averages at about
0.4 m/s during the latter part when the subject is walking and running. Com-
paring to Figure 4.7, we could note that the values increase somewhat when the
subject starts walking, especially for the position accuracy.
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Figure 4.8: GNSS position and velocity accuracies for the walking scenario,
values taken directly from the receiver.

To see if all segments were affected in a similar manner and e.g. that GNSS
would not cause a twisted body estimate, the difference in orientation estimate
between the estimate without GNSS and the estimate with GNSS is plotted for
all segments in all three local frame axes layered on top of each other. This is
displayed in Figure 4.9. It is only the z axis components, which correspond to
heading, that are notably affected by the GNSS. The difference in orientation for
the x and y axes are for all segments approximately zero in this figure. Given that
the horizontal accuracy is better than vertical accuracy this appears reasonable.
This affirms that all involved segments are affected in a comparable way.

The addition of GNSS is also visible in Figure 4.10 which demonstrates the
gyroscope bias in three dimensions for each of the tracked body segments sepa-
rately, the solution without GNSS in dashed lines and with GNSS in solid lines,
all in local frame. At the beginning of the sequence an initial estimate is calcu-
lated based on data from where the subject is still. Although the gyroscope bias is
constantly updated in the algorithm it is not until the subject starts walking that
we can see that these gyroscope bias estimates are visibly updated. Until this
point the GNSS measurements do not seem to add much value. As the subject
continues to walk in a steady pace the estimates without GNSS seem steady as
well, as there is not much acceleration or rotation in the motion performed. With
the addition of GNSS, these measurements are adjusted during this section and
the GNSS measurements can aid where the inertial sensor is not subject of much
excitation on a full body scale.

As previously, the most prominent effects are visible in the local z axis, i.e. the
heading.
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Figure 4.9: Using the filter solutions with and without GNSS measurements,
contact detection enabled, from the walking scenario, this figure displays the
differences in orientation estimates for each of seven lower body segments
in all three local frame axes. Only the z axes (heading) are non-zero, all x
and y axes are approximately zero. Note that the pelvis, where the GNSS
measurements are added, responds slightly different than other segments.
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Figure 4.10: Gyroscope bias estimates for all lower body segments in the
walking data set, with and without GNSS in solid and dashed lines, respec-
tively.
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Finally, Figure 4.11 is an attempt at visualizing the relative motion between
the feet and the pelvis for the walking/running scenario, using both contact de-
tection and GNSS measurements, seen from above. This is in particular intended
to display whether the addition of GNSS measurements on one of the sensors
would distort the natural human body movements. Overall, the movement seems
natural.
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Figure 4.11: The position of feet relative to the pelvis for the walking data,
displayed in local frame and seen from above. The yellow and red lines are
the motions of the left and right foot, respectively. The blue cross is the
position of the pelvis. As seen in previous images the subject is walking in a
north-easterly direction.
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4.3 Main contributions and remarks

This section is grouped by the general properties that have been studied and
discusses the outcome from the different scenarios within each studied property.

4.3.1 Position estimate

The most apparent property to study in a system when adding GNSS data is
the position estimate, since it is given a direct position measurement from the
GNSS receiver. Enabling an accurate positioning also means that orientation and
velocity estimates become more reliable since all estimates affect each other, as
discussed in Section 2.2.1 and visualized by Figure 2.3.

Enables motion tracking of scenarios without contacts. Not all scenarios can
make use of the contact detection model to reduce the integration drift, sim-
ply because the underlying assumption of a stationary relation between foot and
ground positions is not fulfilled. Many scenarios are not possible to accurately
track because of this. Adding GNSS ensures reliable positioning, as for a single
tracker case, and thus enables tracking of these types of motions, see Figure 4.2.
Other scenarios that could be studied better if GNSS is added are skiing, snow-
boarding, horseback riding, water sports or flying applications. These are ap-
plications where the subject normally is outdoors anyway (which is obviously a
requirement for receiving a stable GNSS position estimate).

Improves position estimate for multiple tracker setup with contacts. Even with
contacts the GNSS corrects for the previously seen drift and strengthens the over-
all estimates, as in Figure 4.5. For longer trajectories outdoors GNSS or some
other positioning aid is necessary to acquire a restricted error and a trustworthy
position estimate as the drift would otherwise accumulate.

4.3.2 Correction of heading

Since all estimates are connected and the trajectory is improved, this also has a
positive impact on the velocity and orientation estimates. GNSS data has a lot
better horizontal estimate than vertical which means that GNSS measurements
mainly contributes to the heading estimate and perhaps not a lot to the inclina-
tion estimate, visible in Figures 4.5, 4.9 and 4.10. Position updates affect the
position estimate directly but it is also improved indirectly via the velocity and
orientation estimates, which improves the foundation for the next position esti-
mate.

What is also visible in the plots, e.g. in Figures 4.7 and 4.9, is that the cor-
rections of orientation estimates occurs when the subject starts to move. This is
explained by the need for some displacement before the GNSS measurements can
aid in estimating the heading. When there is not much excitation for observabil-
ity of position, velocity and orientation based on accelerometer and gyroscope,
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the direct GNSS position and velocity measurements can help greatly and thus
enable better tracking.

4.3.3 Full body corrections

Since the accuracy of each GNSS measurement is pretty low but the overall ac-
curacy trend is very strong, it is logical that we want to trust the long-term be-
haviour of the GNSS while trusting the accelerometer and gyroscope for quicker
movement estimates. The effect of adding GNSS should for the same reasons be
global to the full body, and not affect some segments much more than others.
Figure 4.9 displays that GNSS affects all segments equally, although the effects
are somewhat quicker in adjusting the pelvis than other segments. This indicates
that the orientation correction is applied on a full-body scale.

4.3.4 Feasibility of motion estimates remains

No regression in the quality of movement estimates have been seen during this
study which means there are no indications of GNSS measurements disrupting
the integrity of the estimates, regardless of whether contact detection is applied
or not.

4.3.5 General remarks

During the work with the receiver, there was some suggestions about whether the
position and velocity estimates from GNSS were averaged in some way, making
the estimates correlated, if only a little. Given that the chosen trajectory was
a straight line, this particular experiment might have benefited to some degree
by such an averaging. The exact structure within the receiver was outside the
scope for this study which is why this is left for further research. Additional data
collection on a differently chosen trajectory could perhaps be made to clarify this
issue.

This study concerns movements restricted in velocity to that of an easy bike
ride. For further studies it might prove interesting to see how the system behave
at higher speed, having the GNSS measurements further distributed over the trav-
eled trajectory. The relative error should be smaller and some models within the
motion capture system could be affected.

Looking closely to Figure 4.5 one can see that the smoothed solution’s starting
position lies before the first filter estimate, and that it also extends further than
the filter estimate. This could be a result of a user input error, as the height of
the subject is manually given to the system to estimate the segment lengths of the
body, which in turn are used for creating a trajectory from strapdown integration,
i.e. a model error enforced by user input error.
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Conclusions

GNSS measurements of position and velocity were added to an inertial human
body motion capture system that previously relied on contact detection models
for positioning purposes. This study shows that this setup successfully improves
the position estimate by reducing the error from an accumulating drift to a re-
stricted limit. Reliable position, velocity and orientation estimates are available
for this system even without contact detection, which opens up for tracking move-
ments that were previously not possible to track in an accurate manner.

Furthermore, as all state estimates affect each other, correcting the position
estimate in the local frame led to an improved overall heading estimate. These
heading corrections were applied to the system globally.

Using an optimization-based approach for sensor fusion, the use of magne-
tometer data could be removed for heading updates, except in the initial state
estimate. The heading estimate could instead be aided implicitly by the GNSS
measurements.

Regarding the interaction between GNSS and contact detection, the two sys-
tems seem to give reasonable joint estimates and the redundancy could prove
useful for reliability and robustness.

Overall, the results are very promising for outdoor motion capture and a
GNSS receiver is considered to complement the existing set of sensors very well.
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Future work

In this study, no significant negative impacts were found regarding adding GNSS
measurements to the inertial motion capture system. Although promising, fur-
ther studies should probably still keep in mind that the measurements could
contradict each other at times and that this could cause unwanted behaviour.

A related issue regarding GNSS is the availability of measurements. As build-
ings, vegetation and atmospheric conditions affect the quality of signals outdoors,
and are not (reliably) available indoors, the dependency on GNSS measurements
should be considered and taken care of. It would be interesting to see how the
system handles GNSS outages, for how long such an outage could be handled and
what the smoothing solutions would look like.

Using GNSS antennas there are some known problems that have been left
out of the scope for this study by collecting data in open areas only, such as the
above mentioned multi-path effects and urban canyons. If not treated correctly
an estimate based on GNSS signals suffering from these effects could indicate a
higher accuracy than is really the case.

As new tracking opportunities emerge with GNSS, studying what happens
to the system in higher speeds and accelerations than normally possible could
prove interesting or perhaps cause problems to the system. This could also break
internal models about the behaviour of the human body.

The contact detection helps determine the traveled trajectory from the impact
to the ground and a user-given indication of segment length. The GNSS measure-
ments could perhaps prove valuable for estimating this instead, to remove a pos-
sible user input error. The trajectory received by GNSS would then be compared
to the trajectory estimated by inertial sensors aided by contact detection model.
An example of this kind of contradiction is visible in Figure 4.5.

Contradictions in estimated trajectory from inertial sensors with contact de-
tection compared to the position input from GNSS measurements could also
prove useful for determining the movement tracked, for example tracking a tran-
sition from walking, mounting a bike, to biking, where the contact detection
should be off. The contradiction in trajectory could in this way help determine
when to enable/disable contact detection. Generally, if there are GNSS measure-
ments available they are more likely to be correct in a global perspective, as pre-
viously discussed.

Lastly, combining GNSS integration with some indoor improvement on posi-
tion would be interesting to see. Iozan et al. [2011] approaches this by adding a
sensor detecting height, which would help determine level of a building. Given
a map of the building, Nguyen et al. [2010] suggests that probabilities could be
used to determine position.
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