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ABSTRACT
Osteoarthritis is one of the most common joint disease worldwide, affecting
hundreds of millions of people. Predisposing factors for osteoarthritis include
age, obesity, joint injuries and genetics. The identification of early osteoarthritis
signs enables the development of targeted treatments, which will greatly simplify
the current diagnostic process.
In this thesis two methods for assessing varus-valgus malaligned knees were
developed as part of a bigger project. The aim was to find out whether video
imaging and/or inertial sensors can be used to estimate the malalignment, and
further draw conclusions about the current state of the knee. Two systems for
data collection were developed, video based and sensor based. The obtained data
was compared to results from medical ultrasound imaging, and comparisons
were made between the two systems. The impact of different examination
protocols that may affect knee alignment were assessed. Knee malalignment was
proven as a factor worth assessing when discriminating osteoarthritic knees, even
with only video cameras. Appending the system with sensors cuts down
processing time and gives more reliable results.
Keywords: arthritis, gyroscope, accelerometer, gait analysis, signal processing,
video processing
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TIIVISTELMÄ
Nivelrikko on yksi maailman yleisimmistä nivelsairauksista, josta kärsivät sadat
miljoonat ihmiset. Nivelrikolle altistavia tekijöitä ovat mm. ikä, ylipaino,
nivelvammat sekä perintötekijät. Erityisesti nivelrikon varhaisvaiheiden
tunnistamiseen ja tulkintaan panostaminen mahdollistaa kohdennettujen
hoitojen kehittämisen, mikä edelleen yksinkertaistaa huomattavasti
tämänhetkistä monimutkaista diagnosointiprosessia.
Tässä diplomityössä on kehitetty osana isompaa projektia kaksi metodia, joilla
voidaan
tutkia
noninvasiivisesti
polven
varus-valgus
virheasentoa
(horisontaalinen poikkeama koronaalisesti). Tavoitteena oli selvittää, voidaanko
videokamerakuvantamista ja/tai nopeus- sekä kiihtyvyysantureita käyttäen
tulkita polven virheasentoa niin selkeästi, että siitä voitaisiin tehdä päätelmiä
polven tämänhetkisestä terveydentilasta. Tiedonkeruuta varten kehitettiin kaksi
järjestelmää, toinen pohjautuen videokuvantamiseen ja toinen sensoreihin.
Vertailukohteena mitatuille tuloksille käytettiin polven ultraäänikuvantamisen
avulla saatua tietoa. Tutkimustilanteessa testattiin eri menetelmien käytön
vaikutusta polven virheasentoon. Polvikulman arviointi todistettiin tutkimisen
arvoiseksi nivelrikkotapauksia epäiltäessä. Jo videokuvantamisesta saadaan
luotettavia tuloksia, ja sensoreita käytettäessä datan käsittelyaika pienenee sekä
tulosten luotettavuus kasvaa.
Avainsanat: artroosi, nivelrikko, kiihtyvyysanturi, käyntianalyysi, askelanalyysi,
signaalinkäsittely, videonkäsittely

TABLE OF CONTENTS
ABSTRACT
TIIVISTELMÄ
TABLE OF CONTENTS
FOREWORD
ABBREVIATIONS
1. INTRODUCTION ................................................................................................ 7
1.1.
Thesis objectives ...................................................................................... 8
2. LITERATURE REVIEW ..................................................................................... 9
2.1.
The knee ................................................................................................... 9
2.1.1. Knee kinematics and kinetics ...................................................... 9
2.2.
Malalignment as a factor in osteoarthritis .............................................. 11
2.3.
Knee conditions related to osteoarthritis ................................................ 12
2.4.
Gait kinematics ....................................................................................... 12
2.4.1. Video-based analysis ................................................................. 14
2.4.2. Sensor-based analysis ................................................................ 16
2.4.3. Human-induced limitations in gait analysis .............................. 18
3. MATERIALS AND METHODS ....................................................................... 19
3.1.
Study design ........................................................................................... 19
3.1.1. Experiment 1: Video-based assessment of line of thrust .......... 20
3.1.2. Experiment 2: Inter-modality evaluation .................................. 21
3.2.
Video processing algorithms .................................................................. 23
3.3.
Signal processing algorithms.................................................................. 25
3.4.
Statistical analysis .................................................................................. 29
4. RESULTS ........................................................................................................... 30
5. DISCUSSION .................................................................................................... 33
6. CONCLUSIONS ................................................................................................ 35
7. REFERENCES ................................................................................................... 36

FOREWORD
This thesis was made possible by the Research Unit of Medical Imaging, Physics and
Technology, University of Oulu. As a part of a bigger project, the aim was to develop
a new method for assessing osteoarthritic knees, thus breaking ground for prototype
development and in the future, facilitating the diagnostics of osteoarthritis along with
patients’ quality of life.
I would like to give my greatest thanks to my supervisor Post-doctoral fellow Jérôme
Thevenot, who gave me guidance and much needed “tough love” on a daily basis.
Thanks to my principal supervisor Professor Tapio Seppänen for the efficient and
thought-provoking discussions we had, and to my second examiner Professor Olli
Silvén, without whom this thesis would never have been accepted. Also, thanks to my
technical supervisor M. Tech. Aleksei Tiulpin for the culturally groundbreaking
guidance you gave me throughout my signal processing days, as well as for your
dedication to our hardware and software. Thanks to Associate Professor Simo
Saarakkala for seeing the potential me, and to everybody else from the DIOS-team
who made their efforts during the trials. What comes to all my friends aka. guineapigs
– thank you for your time, and your legs.
Finally, thanks to my mother, father and brother for your confidence and uplifting
words. Thanks to my Sami for all the unconditional love, and most of all, the seed of
motivation.

Oulu, 3.11.2016
Milja Ojaniemi

SYMBOLS AND ABBREVIATIONS
OA

Osteoarthritis

MIPT

Research Unit of Medical Imaging, Physics and Technology

IMU

Inertial Measurement Unit

RLA

Rancho Los Amigos (gait analysis)

FEA

Finite Element Analysis

MRI

Magnetic Resonance Imaging

ACL

Anterior Cruciate Ligament

SNR

Signal-to-Noise Ratio

Tekes

Finnish Funding Agency for Innovation

OYS

Oulu University Hospital (Oulun Yliopistollinen Sairaala)

WOMAC

Western Ontario and McMaster Universities Osteoarthritis Index

fps

frames per second

ROI

Region Of Interest

RGB

Truecolor, Red-Green-Blue

p

calculated probability, estimated probability of rejecting the null
hypotheses

R²

the coefficient of determination, a number that indicates the
proportion of the variance in the dependent variable that is predictable
from the independent variable

RMSE

Root-Mean-Square Error

𝑥̅

mean of values

𝜎𝑋

standard deviation of values

𝜎2

variance of values

1. INTRODUCTION
For several years, osteoarthritis (OA) has been recognized as a major health problem
all around the world. It is one of the most commonly known joint diseases amongst
humans, affecting hundreds of millions of people worldwide. OA mainly occurs when
physical friction wears out the cartilage at the end of the bones, narrowing the joint
space (Figure 1.). Even though the disease is mostly found in toes, fingers and the
spine, the biggest health problems are caused by OA affecting the hip or knees. A great
portion of the population has osteoarthritis, especially the elderly, while only some
patients develop treatable symptoms. Osteoarthritis affects all ages and can be caused
by multiple factors, such as:








ageing
gender
obesity
weak muscles
joint damage and inflammation
heavy loads on the joints and cartilage (caused by work, sports etc.)
genetic predisposition.

There is no cure for osteoarthritis, and since it is a progressive disease, the
symptomatic patients’ quality of life can be greatly improved by diagnosing and
treating the disease properly as soon as possible. Early intervention with medication,
lifestyle changes or even surgery can provide better opportunities for slowing down
the disease. [1]

Figure 1. Radiographic images showing clear joint space narrowing in the knee
on the left. Same osteoarthritic knee from side view in the right image.
Treatments of the disease are quite extensive, and thus cost a vast amount of money
to both patients and society [2]. Treatments include joint protection, medication,
surgery, pain management, and even alternative medicine [3]. The disease is diagnosed
by a doctor using multiple kinds of tests, including a physical exam of the knee and
examining the joint itself. The doctor may also recommend other tests, such as
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radiographs or lab tests (both blood and joint fluid analysis) [4]. Tests require not only
time and money, but also equipment that all health care facilities might not have. This
is one reason why it has been considered worthwhile to come up with new, noninvasive ways to assess osteoarthritic joints. Additionally, since there is no cure for
OA, it would be profitable to be able to diagnose it in as early stages as possible. This
might help prevent the progression of the disease, and in the end even reduce the
amount of joint replacement surgeries.
Patients with knee OA generally have pain in their knee(s). It may affect their ability
and their willingness, either one or both, to move the joint [5, 6]. Different stages of
OA cause patients to adopt different types of walking patterns to reduce the painproducing load on specific parts of their knee(s). Because of these reasons, analysis of
walking patterns (gait) is used around the world to assess osteoarthritic knees. Gait
analysis utilizes, for example, video- and infrared cameras, force plates, and inertial
measurement units for data collection. The combination of different data sources
enables modeling of the subjects walk on a walkway or treadmill in such a way that
the movement of bones aka. kinematics can be calculated.
Since there are certain pathologies that resemble OA symptomatically, it can be
beneficial to append examinations that are designed for OA to cover other possible
knee diseases as well. This includes such diseases as runner’s knee, iliotibial band
syndrome, tendinitis, anterior cruciate ligament injuries or meniscal injuries. Also, if
these diseases are not treated properly, they can induce the risk of OA in patients with
otherwise non-pathological knees. Expanding the target group from OA to other knee
conditions would be beneficial for each disease’s treatment development. [7, 8]
1.1. Thesis objectives
In this thesis the magnitude of knee malalignment (aka. line of thrust) was studied to
find out if any significant differences could be found between pathological and healthy
knees, and also if there was any gradual change in the phases between. This thesis was
done as a part of a bigger project conducted by the Research Unit of Medical Imaging,
Physics and Technology (MIPT), University of Oulu. In this thesis the general
objectives were to 1. develop a video protocol to be tested in a pilot trial with
volunteers (healthy and pathological), and compare the results with information from
medical ultrasound imaging, 2. develop an approach that utilizes inertial sensors to
collect kinetic information of the knee and compare the results with the ones obtained
from video analysis, and 3. assess how different parameters used in the gait analysis
protocol affect knee alignment.
In this project a two-fold clinical trial was planned and partially conducted. In the
first phase, aka the pilot study, possible malalignments, both varus (bow-legged) and
valgus (knock-kneed), were examined on healthy patients, symptomatic patients and
diagnosed patients. Data was collected with two video cameras, and later on in phase
two with IMU (Inertial Measurement Unit) sensors. Through some video- and signal
processing alongside with data-analysis conclusions were made about the reliability of
using said systems to recognize predisposition to OA, and also to find possible
divergence in line of thrust changes in different stages of the disease. Also, it was
defined which types of experiment techniques produce the most prominent results,
varying in floor and foot inclination. Finally, the aim was to see whether IMU sensors
could be used as a replacement for video cameras, thus making the gait analysis system
considerably more simple.
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2. LITERATURE REVIEW
Since the background, origins and evolution of OA are poorly understood,
development of treatments aiming to modify the course of the disease has been
relatively slow. Not only the causalities, but also the preferable focus of treatment is
uncertain. Whether to focus on treating new occurrences of OA, slowing down the
progression of mid-stage patients, or helping those with severe OA is a matter that is
constantly being discussed in the field. The literature mostly suggests that focusing on
incidence OA is the most beneficial approach, and that is the statement this thesis is
built on. [9]

2.1. The knee
The human knee is a joint which works similarly as a hinge, but it also has flexion and
rotation angles. The knee supports and and enables movement of the human body. The
stability needed for such purpose is provided by the bone structure, while
simultaneously the ligaments, muscles and a capsule contribute to restraining the
motion of the knee to a certain limit. A depiction of the knee structure can be seen in
Figure 2 [10]. The configuration aims to keep the knee stable, while maintaining
adaptability to movement without damaging any structures. Being such a complex
body part with heavy usage the knee is prone to wear and injuries. [11]

Figure 2. Structure of the knee.
2.1.1. Knee kinematics and kinetics
The load-bearing (or mechanical) axis of the leg can be depicted as a straight line from
the mid femoral head to mid ankle (Figure 3. [12]). In cases of malalignment the line
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can pass the knee medially (varus) or laterally (valgus), which leads to increased force
across the medial or lateral compartment, respectively. Any abnormal alignment
caused by deformities in the knee joint (or other lower extremity joints) affects the
load-bearing axis, inducing loads in improper areas of the knee joint [13]. In addition
to damaging cartilage, abnormal alignment affects other joint tissues (menisci,
subchondral bone, ligaments), which also contribute to the development and
progression of OA [14]. During gait the volume and variance of dynamic load differs
between phases, resulting in changes in malalignment. This is one of the reasons which
makes gait analysis a popular approach for assessing osteoarthritic knees.

Figure 3. Radiographic images of different alignments. On
the left, healthy knees with the load bearing axis passing
neatly through the patella. Middle and right pictures show
varus and valgus malalignments, respectively.
Since malalignment can occur in multiple directions, it can also result in cartilage
wearing out in different load bearing areas of the knee. As this may induce OA, it is
important to be able to recognize which kind of malalignment affects which parts of
the knee. This line of thrust related wear-out can be characterized through finite
element analysis (FEA). FEA enables detailed structural stress analysis of the joint and
tissue behavior under complex, clinically relevant loading conditions. FEA is
recognized as a reliable alternative method to be used in the study of human joints.
The analysis method is based on the fact that when a structure, eg. knee joint,
experiences load, its respective material, eg. the cartilage, experiences stress. An
example of knee load distribution during stance phase can be seen in Figure 4. [15].
The distribution, magnitude and orientation of the stress depend on the loading
configuration, and the geometry and material of the structure. Also, the environment

11
in which the stress occurs (eg. the amount of synovial fluid) and the physical
interaction between materials (cartilage vs. bone) affect the outcome. [16, 17]

Figure 4. Finite element analysis of knee from a healthy subject
during stance.

2.2. Malalignment as a factor in osteoarthritis
The role of knee malalignment in OA development and progression has been
intensively studied for the past few decades. The causality between malalignment and
OA is unclear, but specs of information that advocate the existence of a bidirectional
relationship have been found. Despite this uncertainty, clear evidence was given that
knee malalignment is an independent factor in OA progression [18]. Since OA can
occur in different parts of the knee, it has been found that in primary knee OA, varus
alignment can be associated with an increase in the odds of medial tibial cartilage
volume and thickness loss, thus resulting in OA progression, and respectively valgus
alignment can be associated with lateral OA progression. The severity of malalignment
also correlates with greater joint space loss in corresponding load bearing areas. A
malalignment that is greater than 5 degrees can be associated with greater functional
deterioration, which for its part proves that there are differentiating factors to be found
between different phases of the disease. [9, 19]
In addition to disease progression, there is proof that changes in line of thrust may
also increase the risk of actual incident OA development [20]. Malalignment that is
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found before an OA diagnosis may be caused by genetic, developmental or traumatic
factors [14]. When comparing valgus alignment to normal alignment, malalignment
was associated with a borderline significant increase in development of OA. When
comparing normal alignment with varus knees, the risk was 2-fold increased.
However, this increment was seen with subjects with higher BMIs, thus proving the
significance of weight as a factor in OA [20]. It has also been shown that increased
incidence OA risk may be found in varus knees, but not in valgus knees [21]. Varus
being the more common manifestation in cases of knee OA with malalignment [22],
this seems highly logical. Despite the promising results, there were cases where no
relationship between malalignment and incident knee OA was found [23], so further
high-quality studies are necessary to clarify the situation.

2.3. Knee conditions related to osteoarthritis
The clinical syndrome of post-traumatic osteoarthritis is caused by traumatic joint
injuries. Such injuries include ACL injuries, meniscal injuries and knee ligamentous
injuries, which often lead to progressive joint degeneration and thus may result in OA.
Since the causes are post-traumatic, instead of affecting only elderly (older than 60
years), the disability can also influence adolescents and middle-aged adults. The
disease development may be prevented by restoring the joint to its previous state in
terms of alignment and stability. Despite the restoration efforts, many patients suffer
from pain and dysfunction, and optimal treatments are not guaranteed to prevent posttraumatic OA from occurring. No clear links have been found between the type or
magnitude of injury and the level in which degeneration occurs. Since more than 40%
of injured patients with articular surface injuries and ligament or meniscus tears still
develop OA, it is crucial to develop methods which can be used to prevent posttraumatic OA. Methods include preventing articular surface degeneration and better
treatment of articular surface repair, which both require better understanding of the
pathophysiology of the disease. [24, 25]

2.4. Gait kinematics
For humans, walking is a general activity where most disease-driven changes in lower
limbs become somewhat noticeable even to bare eye. The human gait cycle can be
divided into phases in a few different ways. A commonly used terminology called
Rancho Los Amigos (RLA) is based on processes occurring during gait. Compared to
the classic gait terminology, RLA recognizes segments of movement instead of
momentary events (cf. pre-swing and toe off), which enables better depiction of
differences between normal and pathological gait. The eight (8) phases included in
RLA are 1. Initial contact 2. Loading response 3. Mid stance 4. Terminal stance 5. Preswing 6. Initial swing 7. Mid-swing and 8. Terminal swing. As can be seen in Figure
5., these eight phases can be further grouped into stance phase (1.-5.) and swing phase
(6.-8.). [26]

13

Figure 5. Gait cycle and terminologies used.
Many methods have been developed to analyze gait as precisely as possible. Plain
visual observation can be automated by using camera systems, and when force plates
and inertial sensors are incorporated, a digital model of gait can be programmed. Using
data collected from several sources, the phases of gait can be recognized with
kinematic analysis. This can also be used to calculate other gait parameters, such as
possible malalignment of the knee. [27] While the opportunities in gait analysis are
quite extensive and have been studied intensively, the events that OA induces in
different phases of gait are still somewhat unclear. Knee malalignment has been
proven to be a factor in OA (either inducing it or resulting from it), and methods for
assessing malalignment can be seen in Table 1. Combining methods in different ways
gives many plausible approaches for gait analysis, which leaves researchers with one
important goal – finding the most suitable set of methods for each purpose.
When analyzing gait in OA research, the most commonly assessed variables are 1.
internal/external rotation, 2. flexion/extension angle and 3. varus/valgus angle of the
knee. Each plane gives different information about the state of the knee. As an
example, it has been shown that lateral OA patients show decreased knee flexion angle,
but medial patients do not. Both medial and lateral OA patients walk with a smaller
maximum knee extension level when compared to a control group. At the same time,
medial OA results in substantially larger knee adduction, and lateral OA respectively
in substantially larger knee abduction (both maximum values). Ideally, at some point
it will be possible to combine movement from all three planes of the knee to get a more
accurate description of the state of the knee joint. Since varus/valgus malalignment
seems to be the one that has been studied least of the three assessed variables, it has
been chosen as the focus of this thesis. [28]
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Table 1. Conventional methods used for assessing gait [27, 29-32]
Method

Pros

Cons (when analyzing malalignment)

Visual observation

 Immediate
 Costless
 Location-independent

 Ambiguity (inter-rater reliability)

Camera
(photography,
videography, …)

 Inexpensive
 Easy to use

 Often not enough on its own
 Extensive need of manual analysis

Radiography (X-ray,
 Reliable, “gold standard”
MRI, …)

 Expensive
 Not available everywhere
 Possible radiation

Clinical measures
 Inexpensive
(caliper, plumb-line,
 Easy to use
inclinometer, …)

 Used mainly for flexion-extension angles

Force plates

 Reliable

 Expensive
 Often need complementary elements to
have full motion analysis system

Goniometers

 Electric ones are reliable
 Manual ones are cheap

 Electric ones expensive
 Need to be specifically tailored for
biomechanical needs

Potentiometers

 Inexpensive

 Low tolerance for vibration

Accelerometers

 Inexpensive
 Wearable

 Latency
 Low tolerance for all noise

Gyroscopes

 Inexpensive
 Wearable

 Drifting over time

2.4.1. Video-based analysis
Human gait has been analyzed using video cameras for a few decades now. From video
material of gait the structural analysis, movement tracking and recognition of different
body parts can be performed. In a basic setup the segments (eg. bones, ligaments) that
need to be distinguished are typically marked, using for example certain colored or
reflective markers illuminated with infrared light. The anatomically aligned markers
can be recognized from recorded video material or still images, enabling conclusions
of limb kinematics and alignment to be made based on marker coordinates. Other gait
parameters, such as stride-length, cadence, cycle-time and speed, or even forces and
moments can be obtained [33]. Video system setups may be extended with additional
measurement devices, such as force plates. Using only video cameras can give reliable
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results, as long as the examination postures and movements are kept simple and
performed precisely enough. [34]
When using video cameras to assess human movement, possibilities for the chosen
model have to be considered. The human body can be represented as a stick figure, or
the body depiction can be appended to a 2D- or 3D-models. In a stick figure model the
sticks often represent bones, when a 2D-model includes predetermined blobs chosen
from the actual human figure, such as limbs or hands. The representation of body
figures in 3D extends blobs to volumetric models, such as cylinders, spheres and cones,
that can represent body parts, for example. Segments of the body can be predetermined
to correspond with existing body parts, or they can correspond to models that are built
during and based on the study. When deciding on which model is most beneficial, it
influences the amount of cameras needed to gain all necessary information to build the
model. With one camera it is possible to track points or groups of points with similar
properties, such as patterns of motion. To enable expansion from points to blobs and
volumetrics, multiple cameras need to be included in the setup. Usage of multiple
cameras gives more features to extract, but simultaneously makes the model more
complex, possibly affecting the efficiency of the algorithm. [35]
Generally a gait analysis protocol consists of three (3) main steps, which are 1. video
capturing 2. segmentation and 3. feature extraction. Video capturing is usually done
by any video camera available, but can also be done by specified equipment, such as
infrared cameras (if reflective markers are used). Ideally, when the video material is
recorded, the environment is free of distraction. This includes keeping the background
and participant clothing as simple as possible, when simultaneously highlighting the
markers. Segmentation aims to separate the unnecessary artefacts, such as the
background, from the moving subject that is assessed. Depending on the background
surface, this can be done automatically (eg. using Gaussian mixture model) or
manually. Segmentation often also includes partitioning, in which regions of interest
(such as knee or ankle) are extracted and their probable locations are calculated.
Finally, in feature extraction, the movement between regions of interest in different
frames are tracked. This also enables tracking of the movement between different
segments. Tracking can be done in 1D, 2D or 3D, depending on the setup and analysis
target. The output values used to describe participant’s movement are usually
described in terms of rotation of body parts and segments around joint centers. [33].
In gait analysis, patients are often advised to do certain movements or postures, so
the leg alignment and changes in it can be captured. Also, the range of motion in
different planes (sagittal, coronal, transverse) is an important factor when analyzing a
patient’s limb movement, so any eventual pathological conditions can be
discriminated. The range may differ considerably between healthy and diseased joints.
The most common movement to perform during video-based analysis is walking. It
needs to be done in a way that any stride-affecting artifacts are removed, such as a
walker for support or shoes that alter posture. Speed may be controlled, or it may be
free to choose by the participant. This is why in some cases instead of using just
ground, the walking may be done on a treadmill to normalize the walking speed. This
also enables change of slope inclination, so the load distribution along the posterioranterior axis can be affected. The main goal is to make walking for the patient as
natural as can be, so possible pathological features in gait are detectable. [36]
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2.4.2. Sensor-based analysis
Knee kinematics are commonly analyzed with a sensor-based system to easily identify
pathological conditions in the knee, such as anterior cruciate ligament (ACL) injuries
or OA [37]. The benefit of using sensors instead of cameras is that one set of sensors
can measure all three planes of motion at the same time. The system can be wearable,
and it offers a cheaper option than video cameras. The accuracy is usually much higher,
depending on sensor type and reliability of their placement. Most common approaches
when studying gait incorporate attachment of the sensors to predetermined parts of the
leg, such as the shank or thigh. From data provided by sensors, an extensive amount
of information of the targeted limb can be collected, such as angular velocity, joint
angle, translational acceleration, velocity and position [38]. The examination protocol
when using sensors is similar to the one when using video cameras, the main difference
being that movements are not restricted to certain physical locations. In addition to
walking, the patient can easily perform other exercises, such as sit-to-stand movements or squats.
A common approach when using sensors to analyze gait is to use small IMU’s,
which usually include an accelerometer and a gyroscope. The accelerometer measures
acceleration forces in three dimensions, and the gyroscope measures angular velocity
in three dimensions [39]. An accelerometer uses spring-mass structures which being
similar to a harmonic oscillator can be depicted using Newton’s 2nd law:

𝐹 = 𝑚𝑎 ,

(1)

in which F represents force, m mass of the object and a its acceleration. A basic level
accelerometer can be seen in Figure 6. The system consists of a rigid case in which a
mass m is attached to a spring. Additionally the system includes a damper element
which senses the displacement of the mass. As the mass moves, the amount of

spring
F
mass m

damper

Figure 6. Layout of an
accelerometer.
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displacement can be related to acceleration using Newton’s 2nd law (Equation (1)). The
tilt angle of the frame can then be calculated from the force F using trigonometry.
When considering human movement, two types of accelerometers, piezoresistive and
capacitive, are most commonly considered suitable for such measurements. Between
these two, capacitive accelerometers have higher stability, sensitivity and resolution
when compared to piezoresistive accelerometers. [38]
A vibratory gyroscope’s measurement of angular velocity is generally based on the
Coriolis force, which is an intertial force that affects objects moving on a rotating
reference frame. A gyroscope’s model (Figure 7.) includes a frame in which a mass is
suspended by four strings in negative and positive x- and y-dimensions. When the
frame is rotated around the z-axis, the only way to accurately represent the combinated
motion from x- and y-axes is to use the Coriolis force:

𝐹 = 2𝑚(𝑣̅ × 𝑤
̅ ),

(2)

̅ its velocity in respect to the rotating
in which m represents the mass of the object, 𝒗
system, and 𝒘
̅ the angular velocity of the rotating system. Using Newton’s 2nd law
(Equation (1)) the actual Coriolis acceleration a can be calculated as follows:

𝑎 = 2(𝑣̅ × 𝑤
̅ ).

(3)

The actual tilt angle of the gyroscope can be calculated by integrating the angular
velocity value. [38]

y

z
x
mass m

Figure 7. Layout of a gyroscope.
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After obtaining separate data from the accelerometer and the gyroscope, the next
step towards gaining information about knee orientation is converting the signals to a
form that is beneficial for the research, such as angles. Kalman filters are a popular
solution for angle estimation when using IMU’s. Unfortunately, when using cheaper
sensors, the signal-to-noise ratio (SNR) may be too low to actually benefit from the
use of Kalman filters, and it can also be quite difficult to implement them on all
hardware. Due to these issues, alternative solutions with similar efficiency have been
suggested to provide methods that are easier to implement. Such methods often include
processing of accelerometer and gyroscope data individually, and combining
separately obtained angle data only in the end. [40]
A noteworthy fact is that the described accelerometers and gyroscopes are different
from displacement-type sensors that are used to sense motion between two points, and
not only the movement of one object/point. The most beneficial way to get angular
data from two types of sensors is to compensate for one sensor’s deficiencies with the
other sensor’s strong attributes. For example, what accelerometers lack short-term
(being sensitive to all active forces, eg. vibrations due to ground contact) can be
compensated with gyroscopes, which in turn are reliable short-term, but tend to drift
over time due to error integration. A common approach to accomplish this has been to
use a low-pass filter for accelerometer data, and a high-pass filter for gyroscope data.
The low-pass filter removes most short-term failures that accelerometers face, and
correspondingly the high-pass filter does the same for gyroscope’s long-term
deficiencies. [38]

2.4.3. Human-induced limitations in gait analysis
In addition to the physics-related issues with the sensors, one of the most common
issues in gait analysis are assumptions. In most cases, several assumptions about
ongoing physics are made when the study protocol is developed. Often the knee joint
can be depicted as a hinge joint, even though that is not the case in real life. For
justified reasons this assumption can be made, and with some alterations, the other
dimensions could often be taken into account, if necessary. [29]
Some other issues when dealing with humans are accuracy and repeatability. Interrater reliability can be lacking, especially in cases where eg. marker positioning is
estimated by the person doing the examination. In general, marker placement can be
difficult to execute, since the location of eg. the femur may not be easy to detect at all
– it depends strongly on the amount of muscle and fat on top of the leg, and differs
greatly between patients. Repeatability is also an issue, since for example when
performing analysis with video cameras, in most cases very few people are able to
position the markers in the exact same position as before when asked to repeat the task.
In addition to the initial position of the marker, it may change during the measurement
due to skin movement. Also, the accuracy and interpretation in which the patient
decides to perform the requested movements is patient-specific. This is why the
movements should be simple enough, and not leave too much room for personal
interpretation. [29, 41, 42]
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3. MATERIALS AND METHODS
During the execution of this thesis a two-fold clinical trial was planned and partially
conducted. In the first phase (pilot study) the main goal was to establish proof-ofconcept so that the project would be applicable for funding. The pilot study included
measurements of thirty-seven (37) subjects, from which two (2) were actual diagnosed
OA patients. Based on data collection and examination a funding application was
submitted to Tekes, which is the Finnish Funding Agency for Innovation. Sufficient
funding was received, after which the aim was to prepare for a larger clinical trial. The
larger trial was planned to include a significantly bigger amount of participants and
also many upgrades in the used data collection equipment. Unfortunately, the time
frame of this thesis was not extended enough to get all the data collected from the full
trial (which would have taken about two years). Nonetheless, examinations were done
during this thesis and they were treated as groundwork for the larger trial. By law, all
medical research that is done needs an ethical approval from the regional ethical board,
so an ethical permit was applied for and granted to the second part of the trial by the
ethical board of the Northern Ostrobothnia Hospital District.
3.1. Study design
The two conducted experiments’ assemblies can be seen in Table 2. The first
experiment’s participants were divided into two groups. Group 1 consisted of
seemingly healthy, asymptomatic volunteers. Group 2 includes patients with both OA
diagnosis and also chronic knee pain victims, who did not yet have any clear diagnosis
of the state of their knee. This includes many possible diseases, such as meniscal
injury, ligament laxity, and runner’s knee. Subjects with knees where OA was not yet
diagnosed but could be suspected were very welcome to attend, since it enabled the
inspection of different variables’ behavior in different stages of disease. Within both
groups it was sought to find participants of all age groups equally (grouped under 30,
30 to 50 and over 50 years old).
For group 1, the volunteers were recruited by participating team members from their
families and friends. In the larger trial, a newspaper ad was planned to be published to
ensure the recruitment of enough participants. Selection criteria for healthy subjects
were the following; no recurring or chronic pain symptoms of the knee, no past
surgical operations, and no major injuries or diseases that can affect the state of the
knee (such as rheumatoid arthritis). For group 2, the diagnosed OA patients were
mainly recruited by doctors from existing patients within OYS (Oulu University
Hospital). Volunteers with chronic knee pain were recruited similarly as asymptomatic
volunteers for group 1.
Table 2. Experiment frameworks
Experiment #
1

Modalities
Video cameras
(Ultrasound)

Subjects
2 OA patients
15 volunteers with chronic knee pain
22 volunteers with asymptomatic knees

2

Sensors
Video camera

7 volunteers with asymptomatic knees
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3.1.1. Experiment 1: Video-based assessment of line of thrust
In the first experiment the malalignment of the knee was assessed in a setup where
participants walked repeatedly back and forth a straight line. Video cameras (Nikon
D3300 and D3200) recorded the walk from both front and side views, so in addition
to the frontal plane malalignment, also flexion-extension angles could be recorded.
Colored markers, which were placed on participants’ legs, were located so that the
estimated positions would be on the femur, on the tibia and on the patella (Figure 8.).
The marker positioning was done using the anatomic tibiofemoral angle instead of the
mechanical tibiofemoral angle. This made it much easier to visually estimate the
location over and over, even when subjects have differing amounts of muscle and fat
tissue on their legs. The anatomic TF angle in normal knees is about 6 degrees valgus,
so a slight angle was to be expected in all knees measured [43]. From the recorded
video materials the markers’ locations were identified in Cartesian plane using Matlab,
and based on those coordinates the estimated tibiofemoral angles during gait cycles
were calculated.

Figure 8. Marker positioning on the subject.
In addition to the walking experiment, participants from the group with pathological
knees went through ultrasound examinations. Ultrasound as a method for research
purposes is a more sensitive imaging technique than conventional radiography, giving
more information necessary for discrimination of pathological knees. A real-time
imaging system was also chosen as most beneficial since the measurement could be
made more patient-specific, depending on the necessities evaluated by the examiner.
In the ultrasound examinations the knee’s femoral articular cartilage thickness was
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assessed as well as meniscal extrusion in both medial and lateral sides. Changes in
cartilage thickness revealed possible wear out at the ends of the femur and tibia, which
may possibly be related to changes in line of thrust. Meniscal extrusion occurs when
the meniscus extends beyond the tibial margin, which as well may be a factor
associated with either varus or valgus alignment. Participants who went to ultrasound
filled out WOMAC-questionnaires, which are commonly used to assess pain, stiffness
and physical function in patients with hip and/or knee osteoarthritis [44]. [45]

3.1.2. Experiment 2: Inter-modality evaluation
After the pilot study, in addition to video cameras, a sensor system was developed. To
build the sensor system, the following items were used:
1. SparkFun 6 Degrees of Freedom IMU (ITG 3200/ADXL 345), two pieces
2. Arduino Nano 3.1
3. Adafruit TCA9548A 1-to-8 I2C Multiplexer.
The two IMUs each included a built-in capacitive accelerometer (ADXL 345) and a
gyroscope (ITG 3200). The IMUs “six degrees of freedom” means its output has six
values – 3 coming from the accelerometer, and 3 from the gyroscope. Accelerometers
are used to sense both static (gravity) and dynamic (sudden movement) acceleration
forces, so they can well be used for tilt-sensing, as necessary in this project. The
gyroscope measures angular velocity, which gives the spinning motion around a
certain axis, and can be used to complement the accelerometer data by giving more
information about the object’s orientation. Using both sensors together, a much more
accurate estimation of the angle can be derived than it would have been with only one
of the sensors. [46]
The system was built so that the IMU’s were connected via the multiplexer to the
Arduino, so that it was possible to handle both sensors with one Arduino. The system
would ideally be mounted on a wearable sleeve to securely attach the sensors to the
participants’ leg and thus ensure repeatability of measurements. The IMU’s were
connected to a computer via the multiplexer and Arduino, which is based on the
ATmega328 single-chip microcontroller. An Arduino-based data collection script and
a Python-based software for the PC were programmed [47], so the accelerometer and
gyroscope data collection, plotting and saving could be done.
Based on findings from the pilot study some improvements were made to the
protocol and measurement system. At first, marker color was chosen to be red, but
after the first round of examinations red was found to blend too well within the red
shades of skin, so the color was changed to blue. Experimentally it was found that blue
is easier for the camera to recognize, even if there are dark or bright components
introduced from lighting in the measurement room. An additional light source was
added to ensure sufficient lighting for the markers. A treadmill was purchased, so each
participant could walk on it with a standardized speed determined by the researcher.
The speed was chosen to be 2 km/h, which has been commonly used in similar studies
before [48-50]. The speed was fast enough to evoke possible malalignment-related
occurrences during gait, but reportedly not too fast for the patients with severe knee
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pain. The new, updated protocol including the treadmill, camera and sensors connected
to a PC can be seen in Figure 9., as well as an example of sensor placement straight on
the leg due to the prototype not being ready. In trials where the final data was measured
the sensors were placed in the same level with the markers. To enable synchronization
of video and camera data, subjects were asked to tap on the upper sensor with their
finger. This movement was recorded by both camera and sensors, and the data sets
could then be easily synchronized afterwards.

Figure 9. Setup on the left, example of sensor placement on the right.

After purchasing the treadmill it was possible to adjust not only the speed but also
the inclination of the moving carpet, the subjects were asked to walk multiple times
with different inclinations. Four different inclinations were used: negative, normal, and
two positive inclinations (about 3 and 6 degrees). This was found worth investigating
since in X-ray imaging the patient is often positioned in a way that they have to keep
their knees bent [51, 52]. The effect of inclination has also been successfully tested not
only on patients with OA, but also for example hemiparesis [53, 54]. A similar reaction
could be evoked from the knees by changing the inclination. In addition to this, after
walking in a subject-chosen way (which presumably was the normal way to walk for
them), participants were asked to walk once with their feet twisted outwards, and once
with their feet twisted inwards. This was done with zero inclination to see if the
orientation of the feet has any similar effects on the knee alignment as changes in
inclination does. All six rounds were estimated to last 25 strides of the measured leg
(25 full cycles of gait), so that people had time to get into their normal walking
patterns, and also to get as many gait cycles as possible for examination.
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3.2. Video processing algorithms
While inspecting the video of a subject’s gait, the main goal was to recognize possible
changes in frontal plane knee inclination from front view. With a larger frame rate
(fps, frames per second) the accuracy of the measurement increases, but so does the
execution time of the code used to process the data. In this study the frame rate of
50fps was found to be accurate enough without jeopardizing the execution time limit.
First of all, to explore each frame one by one, the frames were read from the video
to image files (.jpg). It was proven necessary to select a region of interest (ROI) so that
possible distractions in the background could be minimized (Figure 10.), and thus the
recognition of red/blue (depending on the marker color) objects could be focused on
only the lower limbs of the subject. The algorithm enabled freehand ROI selection

Figure 10. Example of disruptive elements in the background on the
left. On the right, a selected ROI.
from the first frame of the video. This required previewing of the original video, so
that the area where leg movement occurred could be estimated and thus a proper ROI
could be selected without leaving anything necessary out. Using the hand drawn ROI,
a mask that covered all unnecessary background was created, and it was then applied
to all frames before they were saved as images. The whole preprocessing before
marker recognition is described in Figure 11.

Figure 11. Writing masked frames as images
Marker recognition was done separately for each frame after all of them had been
masked. First the image containing the frame was read, and the chosen marker color
components were recognized by separating RGB-fields (red-green-blue) as matrices
from the original image. When using blue markers, the locations of blue elements
could be identified from the blue-color matrix. The original RGB-image was converted
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to grayscale, and elements corresponding to the locations found from the blue-color
matrix could be removed from the grayscale image. A median filter was applied to
avoid minor fluctuations which were due to contrast, and the image was converted to
binary form. As can be seen in Figure 12. (in which no ROI has been determined), at
this point the algorithm detected all instances of marker color, not only the markers.
Clearly the ROI determination was necessary, but also discrimination of areas much
bigger and much smaller than the general marker size. Thresholds for both were
determined so that the algorithm could detect the markers, and not other instances of
the same color in the video. [55]

Figure 12. An example of color detection from image
After the smallest and largest areas were discriminated within the ROI, the
connected white pixels were labeled so interesting properties (centroids, edges) of
marker colored areas could be calculated. The centroids of each marker were used to
create two vectors, which portrayed the femur and tibia. Markers’s x- and ycoordinates were known and they were numbered 1. femur 2. patella 3. tibia, so as can
be seen in Figure 13., the first vector could be drawn as a straight line from marker 1’s
(x,y) to marker 2’s (x,y), and the second vector from marker 2’s (x,y) to marker 3’s

Figure 13. Vectors drawn between markers
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(x,y). After the vectors were defined, the angle between them could be calculated with
trigonometry as follows:
𝑢∙𝑣
𝑐𝑜𝑠𝜃 = |𝑢||𝑣| ,
(4)
in which 𝜃 represents the angle between vectors, u the first vector and v the second
one, and |u| together with |v| their lengths, respectively. The final RGB-image had the
centroids of markers and the angle calculated between the vectors. The image was
written to a video file for algorithm demonstration purposes. The full processing of
one frame can be seen in Figure 14.

Figure 14. Marker recognition done
to each frame.
3.3. Signal processing algorithms
The calibration of sensors was done with a simple setup where two sensors were
attached to a sliding angle finder, which was then attached from the other end to a vice,
and the angle finder was then turned varying degrees with varying speeds. On the blade
there were also colored (red or blue) markers for video analysis. The movement was
recorded by both the camera and sensors, which furthermore enabled the
synchronization of video and sensor data. The limitations of sensors, such as
differences in accuracy between axes (x,y,z), were tested during the calibration phase.
It was found that the gyroscope is more precise in X-axis than Y-axis, which is an
important factor when deciding the placement of the sensors on the leg. The difference
between the two axes was quite significant. This can be seen in Figure 15., where the
sensors where rotated only in the z-plane, giving the expectation that y- and x-rotations
should be the same.
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Figure 15. Differences in y- and x-axis accuracy. Legend values for scale, not actual
angle/time measurements.
Once the data was recorded, the accelerometers’ and gyroscopes’ data sets were first
examined separately. The initial orientation of the leg was interpreted as zero
inclination by the sensors, and after the subject started moving the offset became
visible and it could removed by detrending. This eliminated the concern that the
original orientation of the sensor attachment or the leg could affect the outcome. After
normalization the accelerometer data in each dimension was filtered using a thirdorder Savitzky-Golay filter with 159 data points (Figure 16.). Savitzky-Golay does
convolution by performing a linear least squares polynomial fit for neighboring points
[56]. It was chosen as a good fit for this case because of its abilities to increases the
SNR of a noisy signal with a large frequency span without distorting the signal’s form.

Figure 16. Illustration of Savitzky-Golay filtering of accelerometer data in
one dimension.
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The Savitzky-Golay filtered value for each data point 𝑦𝑘 can be determined using the
following equation:
(𝑦𝑘 )𝑆−𝐺 =

∑𝑛
𝑖=−𝑛 𝐴𝑖 𝑦𝑘+𝑖
∑𝑛
𝑖=−𝑛 𝐴𝑖

,

(5)

𝑎𝑚𝑜𝑢𝑛𝑡 𝑜𝑓 𝑑𝑎𝑡𝑎 𝑝𝑜𝑖𝑛𝑡𝑠

in which 𝑛 =
− 1 and A represents weighting coefficients or
2
convolution integers, which are equivalent to fitting data to a polynomial, only much
more effectively described [57].
Luckily, the zero-offset for the chosen accelerometer model was 0V, so after
filtering, the roll (rotation around x-axis), pitch (around y-axis) and yaw (around zaxis) angles for both sensors could be calculated using the following equations:
𝐴𝑥

𝑟𝑜𝑙𝑙 = 𝑎𝑟𝑐𝑡𝑎𝑛 (

√𝐴2𝑦 +𝐴2𝑧

𝑝𝑖𝑡𝑐ℎ = 𝑎𝑟𝑐𝑡𝑎𝑛 (

)

𝐴𝑦

)

(7)

),

(8)

√𝐴2𝑥 +𝐴2𝑧

√𝐴2𝑥 +𝐴2𝑦

𝑦𝑎𝑤 = 𝑎𝑟𝑐𝑡𝑎𝑛 (

𝐴𝑧

(6)

where 𝐴𝑥 , 𝐴𝑦 and 𝐴𝑧 are the accelerations in respective planes. When using these kinds
of Euler’s angles it was necessary to remember the existence of gimbal lock, which
causes the system to lock into 2D-space under certain conditions [58]. This was
avoided by choosing the orientation of the sensors properly, and thus avoiding over
90º rotation around the forbidden axis. In cases where the measurement was done with
the sensor axes placed incorrectly, the switch between coordinate axes could also be
done afterwards with rotation matrices. After obtaining tilt angles for both sensors, the
data was merged into vectors. The angle between accelerometers for each time
moment separately could then be calculated similarly as when calculating angles from
video data using Equation (4).
To get the gyroscope output into angles, the data was filtered similarly as with the
accelerometers, using a first-order Savitzky-Golay filter with 39 data points (Figure
17.). Since in this case the sensors had a non-uniform sampling frequency, it had to be
taken account when plotting the values. Since the data collection system took
timestamps when each sample was recorded, the plotting could be done at regular
intervals. Finally, the angle between the two gyroscopes could be calculated by finding
the difference in angular velocities between the two sensors (sensor 1’s velocity around
x minus sensor 2’s velocity around x, etc. for all dimensions), and integrating that
value to get the angular shift for each time moment.
After processing both gyroscope and accelerometer data separately, they were
combined together with the complementary filter, which’s principal is shown in Figure
18. As seen, angles θ calculated from accelerometer (a) and gyroscope (g) are filtered
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Figure 17. Illustration of Savitzky-Golay filtering of gyroscope data
in one dimension.
in a way which emphasizes their unique benefits, and then combined together to obtain
an accurate estimation of the sensor tilt angle. The actual filtering is done as follows:
𝜃 = 𝑎 ∗ 𝜃𝑔 + (1 − 𝑎) ∗ 𝜃𝑎 ,

(9)

in which 𝑎 represents a coefficient calculated by dividing the time constant with its
sum with the signals’s sample period. The time constant works similarly as a cut-off
frequency, describing the time at what point each signals information should start
being rejected (low-pass) or stop being rejected (high pass). In most cases the time
constant is chosen to be somewhere between 0.5 to 1s, which ever produces the best
result. The final two coefficients have to sum up to 1. [40, 59]
Low-pass filter

𝜃𝑎
𝜃𝑔̇

∫

+
+
𝜃𝑔

𝜃

High-pass filter

Figure 18. The process of a complementary filter.
Once again, after careful consideration, it was clear that Kalman filtering was not a
proper solution for this use case. The noise that was experienced was not Gaussian,
the noise distribution was not constant, and it also altered between the axes. Using the
complementary filter gave a more simple but efficient enough solution for this case.
The coefficients were calculated to be 0,988 for the gyroscope and 0,012 for the
accelerometer. The gyroscope gave more accurate readings since the movements to be
detected were quite small and quick, and the accelerometer values were used to keep
the gyroscope’s drift from affecting the result too much. After obtaining a combined
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signal of the sensors’ angles, the resulting angles could be compared to the angles
collected from video (Figure 19.).

Figure 19. An illustration of the calculated angles obtained from different sources,
samples in x-axis, degrees in y-axis.
Synchronization of video and sensor data was assumed to be easy, since the tap on
the sensor done by subjects was clearly visible in both datasets. Still, it was noticeable
that this synchronization was not enough, and the peak-to-peak ratio between signals
could differ during the signals quite a bit. Using peak recognition and re-positioning
the video and sensor data could be resampled to ensure peak synchronization and
increase the correlation between the two signals. Problems with sensor and video
data’s automatic synchronization might be due to the robustness of the video
processing algorithm, but also to lag introduced by accelerometers. Also, since the
video data needed to be resampled so it would be comparable to sensor data (which
was generally a much longer signal), some distortions may have occurred due to this.
3.4. Statistical analysis
With the data from the pilot study, Pearson’s correlations were calculated for the
ultrasound measurements and the angles assessed from video. In the second phase
Pearson’s was used to examine the correlation between sensor and camera data results.
Pearson’s R represents the linear dependence between two variables (eg. amount of
meniscal extrusion or cartilage deficiency and knee angle, or sensor data and camera
data), and gives a value between +1 … -1, 1 being total positive correlation, -1 total
negative correlation, and 0 no correlation. Calculating Pearson’s gave some
perspective to the accuracy of the angle measurement system, since ultrasound is
increasingly used in osteoarthritis research and can thus be used as a gold standard [45,
60]. For all statistical analysis’ p-value levels were chosen to be 0.05 for significant
correlation and 0.01 for highly significant correlation.
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4. RESULTS
In the pilot study only video camera recordings were collected. Due to the immaturity
of the video processing algorithm at the moment, most data processing was done semiautomatically to ensure precision. In the second phase of the project the video
processing algorithm was updated so that it was almost fully automated. The precision
of the automatic color-recognition algorithm was not as precise as human eye, but the
repeatability and inter-rater reliability was naturally much higher when angle
estimation was done by machine. Even with the semi-automatic video processing
method it was possible to clearly distinguish the healthy volunteers from the diagnosed
OA patients. The distribution of participants is shown in Figure 20. [61], in which the
red markers are diagnosed patients, yellow markers symptomatic volunteers, and green
markers healthy volunteers. Round markers represent female volunteers, and star
shaped markers are male. As can be seen, the separation between groups is noticeable.
Patients on different ends of the graph correspond to different orientations in line of
thrust, varus (“positive” angle) being on bottom and valgus (“negative” angle) on top.

Figure 20. Distribution of the angles in respect to
their standard deviation of the subjects’ knee angle.
When conducting statistical analysis for the data from the pilot study, it was possible
to perform a preliminary discrimination of symptomatic volunteers from healthy ones
with the median angle of the second half of the gait cycle (preswing + swing phase)
and the ultrasound results. For the symptomatic patients, the median angle correlated
positively with medial-lateral difference in tibial cartilage thickness (R2=0.67,
p=0.001) and negatively with medial-lateral difference in meniscal extrusion (R2=0.58,
p=0.004) (Figure 21. [61]). Furthermore, comparison with WOMAC pain
questionnaire revealed a trend between the severity of varus-thrust and increased pain
induced by walking.
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Figure 21. Median angle during swing-phase in respect to medial-lateral differences
in cartilage thickness (left) and meniscal extrusion (right).

Sensor-data collection was implemented in the second phase of the project. The first
aim of this phase was to see which inclination and which leg orientation produce the
most prominent changes in line of thrust. Data was collected from six different setups,
which were 1. negative inclination, 2. no inclination, 3. positive inclination, 4. large
positive inclination, 5. no inclination with feet twisted outwards, and 6. no inclination
with feet twisted inwards. When examining the data there were a few clear outliers,
for example with participant number three the median values within the six
examinations varied between 3.6º to 4.6º, but one value was over six times larger. This
value and two similar ones were discarded when making final conclusions. Discarding
them was justified since when converting data into graphs it could be seen that there
was some measurement error which was not due to gyroscope drift (and it was not
linear), and also in the statistical data it could be seen that outliers’ correlation
coefficients were considerably smaller than others from the same participant. Also, the
effect of even one outlier in such a small sample size has a much too large impact on
the outcome than it would if the sample size was larger.
When video and sensor data were combined with the complementary filter, it
seemed that with small initial line of thrust angles (<10º) either one of the inclinations
(positive or negative) did not induce a remarkable shift in the angle. With an initial
angle over 10º but less than 15º, negative inclination affected the line of thrust while
positive inclination did not. Finally, with angles larger than 15º, a positive angle
induced a larger shift than negative inclination did. All angle thresholds were estimated
from the current sample, which may cause the values to change and become more
accurate when data is collected from a larger sample. Considering the amount of
inclination, the larger positive value produced less of a difference than the smaller
angle did. When compared to zero inclination with normal foot orientation, changes in
the latter had an impact in all cases, mainly with feet twisted outwards. Bending feet
inwards actually induced leg and back pain even in healthy participants, which is why
this examination option was discarded.
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The second aim of phase two was to see if the measured sensor data correlated with
video data (protocol based on results from the pilot trial), and in which cases from 1.
to 6. the two were comparable. Differences were expected, since marker and sensor
positioning on the participants were not the same, and thus would not be expected to
give exactly the same results. Additionally, camera placement was not changed in
between measurements, so changes in inclination and foot orientation may result in
angle values being captured differently, since camera only views the markers in 2D.
Instead of using only root-mean-square error (RMSE), Pearson’s correlation
coefficients were calculated to see whether angles measured from two different
devices have a dependence between them (ie. does one change simultaneously with
the other one). These correlations are represented in Table 3., in which some
differences can be seen in how the video and sensor algorithms correlate with each
other between different examination protocols. Despite the correlation values being
less than anticipated, in more than 95% of the examinations (40 out of 42) the
correlation was considered highly significant (p < 0.01). In addition to the robustness
of the video measurement system affecting the accuracy and similarity compared to
sensors, small p values combined with not so large correlation values may be due to a
large sample size with a small amount of variables.
Table 3. Each protocol’s Pearson’s correlations (mean value from all subjects)
between video and sensor data
#
1
2
3
4
5
6

Protocol
Negative inclination
Zero inclination
Positive inclination
Large positive inclination
Zero incl., feet outward
Zero incl., feet inward

Mean Pearson’s
0.425
0.361
0.394
0.420
0.509
0.289

Mean RMSE
7.737
9.263
7.520
7.028
7.933
13.080

Data processing time decreased vastly when processing techniques were updated. In
the pilot trial, processing only one gait cycle from one video took 15 to 25 minutes.
With the almost fully automated processing system used in the second phase it was
possible to process one video (full, ca. 25 cycles) in 10 to 20 minutes. The automated
video processing system was able to detect the markers in about 86% of the frames
captured (𝑥̅ = 85.85714, 𝜎𝑋 = 5.03922, 𝜎 2 = 25.36373, when 𝑥 = percentage of frames
where markers were found). The value could be increased in the future by refining the
processing algorithm to better tolerate changes in lighting and shadows. Since the
sensor system has no issues with recognizing its location, the system works every time
when the wires are secured properly. With sensors the processing time for the whole
25 gaits is seconds, minutes at most, giving more reason why upgrading from video to
sensors would be beneficial.
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5. DISCUSSION
The simple video camera system was able to detect changes in the line of thrust in such
a way that it gave significantly high correlations when compared to results from
medical ultrasound imaging. The updated marker recognition algorithm still faced
issues in some runs during the experiment, but on average the amount of readable
frames was sufficient enough for the usage it was planned for. Cartilage loss in knees
examined by ultrasound imaging did correlate with malalignment, as was expected
based on previous studies and literature [62]. When it comes to the relationship
between meniscal extrusion and OA, the logic is existent. With varus-thrust, the
medial compartments of the knee collide, thus leaving a larger gap on the lateral side,
which further leads to meniscal extrusion on the side of the gap. Same goes with
valgus, only the other way round. Despite the fact that in the literature it seems that
malalignment has not been shown to have any relationship with meniscal extrusion,
malalignment may be one factor of many that induce and/or are induced by OA, which
is why it has not produced any highly significant relationships in previous studies. [19,
63]
In the first phase of the study the flexion/extension angle of the knee was studied in
addition to varus/valgus. Without the treadmill, the video recordings from side view
had to be done with a camera that was standing still while the patients walk past it.
This setup gave erratic results due to the varying dimensions in which the angle should
have been estimated, and partly because of this, the study gave no clear difference in
flexion/extension between healthy and pathological knees. However, according to
literature it has been shown that differences between knees quite often are more visible
in varus/valgus than in flexion/extension [64]. Another interesting discovery made
about the line of thrust was that the changes correlating with ultrasound were actually
found during the swing-phase of gait instead of stance-phase. It was expected that
malalignment would be induced highly during stance-phase due to the fact that it is
when most weight is on the leg, but even according to literature, the differences in
malalignment are actually more often most prominent during the swing-phase of gait
[60]. This may be due to over-compensating malalignment experienced during stance,
or in cases with diagnosed patients, due to pain when contact with ground and thus
walking with caution. Also, in the swing-phase less muscles affect the orientation of
the knee, leaving room for the knee’s natural alignment to become visible.
When it comes to usage of wearable sensors instead of video cameras in gait
analysis, many factors advocate the use of the former method. Lower price, usability
and smaller processing time support the upgrade, which delivers wanted results
without jeopardizing the sought outcome. The efficiency of sensor-based analysis
methods as an option for video/optical analysis systems has been continuously proven
in literature [27, 30], despite the fact that no specific approach has yet been justified
as a universal solution for all such applications. Since gait analysis using wearable
sensors continues to evolve and has shown great application prospects [27], this
thesis’s results fit well within the expectations provided by literature. A relationship
between video- and sensor-based methods was found, but the work also left room for
improvement. Possible refinements based on both the study and literature include
updates in equipment and algorithms (based on needs that arise in the future), system
wirelessness, and even possible remote access between medical locations (where
experiments are executed) and locations where the data is processed [27].
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Some common limitations introduced in literature, such as marker positioning, were
also faced in this project. In some cases it could be clearly seen that the positioning
was not done correctly, resulting in very different values from video and sensors. A
correlation between the two measurements could still be found even though the initial
value of for example the video may have been off, since the two signals tended to
change in sync with each other. The difference between two signals was also due to
the fact that sensors and markers were being placed with different requirements
(sensors on skin at the sagittal plane, markers on the femur and tibia at the frontal
plane). Results between the two measurement systems generally did differ depending
on leg structure and tissues. This limitation also affects the results statistical analysis
of video/sensor data of different examination protocols. The placement of the camera
and lighting was set up before examination 1., which was the negative inclination. This
seems to result in less good results in cases with zero inclination. In addition to marker
and sensor placement, the initial setup with the camera and light affects the results.
This could be avoided by re-positioning the equipment each time, but in this case it
would have defeated the purpose of creating comparable data between all experiment
protocols.
People related issues (such as inter-tester reliability and repeatability) were not
targeted in the phases done during this thesis, since almost all measurements were done
by one person only. Especially with ultrasound imaging, the results are often highly
dependent on the person doing the examination. With the walking experiment,
protocol repeatability was taken into account while doing multiple rounds of walking
instead of just one. In the future, inter-tester reliability will be paid attention to during
the next phase of the project, when the prototype will be built and it will be used by
multiple people during the clinical trial. Also, in addition to marker placement, the
movement due to fat/muscle tissue was present, as well as the uncertainty in which
participants performed the asked movements, especially when they notice that there is
a camera present. This is all something that can be neutralized in the future by using
brace-mounted sensors/markers and hidden cameras, if necessary. Another problem
with the markers was the choice of color, but it seems that after some tests a sufficient
color was found already during the trials. The markers could be replaced with lightemitting versions, which would eliminate the faced issues with lighting, shadows, and
skin shade. The main goal in the end was to get rid of the camera for good, so in that
case all related issues disappear.
The time frame for the thesis was quite brief, taking account that these kinds of
clinical trials usually last for many years. Partly because of this, the participant amount
was not as extensive as hoped. The smaller sample size in the proof-of-concept phase
was still enough to receive funding, since it already showed significantly high
correlations between the independently examined and evaluated malalignment and
ultrasound. Since even with such a robust method (using only the video cameras) it
was possible to perform preliminary discrimination between healthy and pathological
knees, it was proposed that the line of thrust can be used by itself to provide
information of cartilage and meniscal degradations, and thus give information about
the knee’s medical state. Even though this information may not be applicable for
discrimination in all cases, measuring the malalignment together with other OArelated factors is a prominent differentiating method when it comes to not only OA,
but other knee conditions as well.
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6. CONCLUSIONS
The line of thrust was proven to be a factor worth studying when determining the
condition of the knee. Even simple non-invasive methods were able to detect
differences in knee malalignment between healthy and pathological knees.
Malalignment and its severity correlated clearly with changes in both meniscal
extrusion and cartilage thickness, which both can further be associated with OA. Since
significant correlations were found between video and sensor data, adding the other
modalities included in the larger project the correlation value will likely increase,
providing even better results and thus giving the possibility to eliminate video cameras
from the examination protocol. Using sensors instead of cameras already had some
clear benefits, such as accuracy in a 3D-world, significantly faster data processing time
and all in all ease of usage. When it comes to inclination and orientation, it seems that
four of the six approaches tested were beneficial; zero inclination as a “ground truth”,
positive and negative inclinations, and outward foot orientation. In addition to the
technical findings, since examinations were done not only on OA patients but other
knee conditions as well, the system that will be developed could hopefully be used for
other conditions’ diagnostics, improving the treatment process for all whom suffer
from knee pain.
In the future from this thesis’ point of view the first step would be to upgrade the
sensors and see if investing in better equipment will produce considerably better
results. It would also be beneficial to find out how much and in which ways the neutral
position of participant’s legs and feet (when standing still) affect the result of different
inclinations and feet orientations. The programming itself may be updated to attend to
the special needs that arise when the protocols are tested on actual patients with
diagnosed OA. Ideally, if other variables related to OA could be added to the
assessment, it would give a more reliable prediction of the state of the knee. When
phase two examination of patients commences, in addition to having a larger sample
size, also the attendance of actual OA patients will give much needed perspective to
the usage of IMU sensors as a primary varus/valgus measurement system. The
examination methods recommended based on this thesis may prove themselves as
correctly chosen, or some of them may have to be discarded due to possible limitations
introduced by symptomatic patients. Additionally, a direct comparison between
sensors and some gold standard (such as radiographs) would verify the accuracy of the
conclusions made in this thesis.
This thesis proves some valid points already introduced in literature and previous
studies, but also emphasizes some rarely or never used perspectives worth considering
when conducting similar analysis of osteoarthritic knees. From the project and MIPT’s
point of view the aim was to do ground work for the larger clinical trial which
commences in fall 2016. The expected results were obtained, since the validity of
malalignment as a factor in OA was proven and a simplified, non-invasive approach
including line of thrust assessment for osteoarthritic knees was developed. Also,
gradual changes between OA stages can be seen from the line of thrust, presuming that
changes in meniscal extrusion and cartilage thickness can be depicted as factors
correlating with OA severity. This thesis as a part of the bigger project gives not only
ground work for the measurement system but also necessary information on which
experiments are most beneficial to perform when collecting data from a considerably
larger amount of participants. It also shows that some commonly known issues can be
overcome when carefully pondering the actual impact on the final result.
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