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Abstract

Three-dimensional human movement tracking has long been an im-
portant topic in medical and engineering field. Complex camera sys-
tems such as Vicon can be used to retrieve very precise motion data.
However, the system is more commercial-oriented with a high cost.
Besides, it would also be tedious and cumbersome to wear the special
markers and suits for tracking. Therefore, there’s an urgent need to
investigate a cost-effective and markless tool for motion tracking.

Microsoft Kinect provides a promising solution with a vast vari-
ety of libraries, allowing quick development of 3-D spatial modeling
and analysis such as moving skeleton possible. For example, the kine-
matics of the joints such as acceleration, velocity, and angle changes
can be deduced from the spatial position information acquired by the
camera. In order to validate whether the Kinect system is sufficient
for the analysis in practice, a micro-controller platform Arduino along
with Intel R© CurieTM IMU (Inertial Measurement Unit) module is de-
veloped. In particular, the velocity and Euler angels of joint move-
ments, as well as head orientations are measured and compared be-
tween the two systems. In this paper, the goal is to present (i) the use
of Kinect Depth sensor for data acquisition, (ii) post-processing with
the retrieved data, (iii) validation of the Kinect camera.

Results show that the RMS error of the velocity tracking ranges
from 1.78% to 23.34%, presenting a good agreement of measurement
between the two systems. Moreover, the relative error of the angle
tracking is between 4.0% and 24.3%. The results of the head orienta-
tions tracking are hard to perform a mathematical analysis due to the
noise and invalid data from the camera caused by the loss of tracking.
Overall, the accuracy of joint movement tracked by the Kinect camera,
particularly velocity, is proved to be acceptable and the depth camera
has been found to be an effective tool for kinematic measurement as a
cost-effective option. A platform and workflow are now established,
thus making future work regarding validation and application possi-
ble when the advanced hardware is available.
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Sammanfattning

Tre dimensionell rörelse spårning har alltid varit ett viktigt ämne inom
medicinska och tekniska områden. Komplexa kamerasystem så som
Vicon kan användas för att hämta exakta data för olika rörelser. Des-
sa system är dock mer kommersiellt orienterade, och är oftast dyra.
Systemen är dessutom besvärliga eftersom man är tvungen att bära
speciella dräkter med markörer, för att kunna spåra rörelser. Därav
finns det ett stort intresse av att undersöka ett kostnadseffektivt och
markörfria verktyg för rörelsespårning.

Microsoft Kinect är en lovande lösning med en mängd olika bib-
liotek som möjliggör en snabb utveckling av 3D spatial modellering
och analys. Från den spatiala positionsinformationen kan man få fram
information om ledernas acceleration, hastighet och vinkelförändring.
För att kunna validera om Kinect är passande för analysen, utveckla-
des en mikro-styrplattform Ardunino tillsammans med Intel R Curi-
eTM IMU (tröghetsmätningsenhet). Hastigheten och Eulers vinkel vid
rörelse av lederna, samt orienteringen av huvudet mättes och jämför-
des mellan dessa två system. Målet med detta arbete är att presentera
(i) användningen av Kinect Depth sensor för datainsamling, (ii) efter-
behandling av inhämtad data, (iii) validering av Kinect Kamera.

Resultatet visade att RMS- errorn av hastighetsspårningen variera-
de mellan 1.78% och 23.34%, vilket påvisar en god likhet mellan mät-
ningarna av de två systemen. Det relativa felet i vinkelspårningen är
mellan 4.0% och 24.3%. Resultatet för orienteringen av huvudet var
svår att ta fram genom matematisk analys eftersom brus och invalid
data från kameran uppstod pga förlust av spårning. Noggrannheten
av ledrörelsen detekterad av Kinect kameran bevisas vara acceptabel,
speciellt för hastighetsmätningar. Djupkameran har visat vara ett ef-
fektivt verktyg för kinematiks mätning som ett kostnadseffektivt al-
ternativ. En plattform och arbetsflöde har tagits fram, vilket möjliggör
validering och tillämpning när den avancerade hårdvaran är tillgäng-
lig.
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Chapter 1

Introduction

Despite the fact that medical technology has developed immensely,
head and neck injury is still one of the most severe incidences, and the
death rate remains still high [1]. The cognitive function of survivals
are affected, and the prognosis varies as each patient is different, but
most likely develop towards brain disorders such as Alzheimer’s dis-
ease and Parkinson’s disease. It costs an enormous amount of money
to treat head and neck injuries but with poor outcomes. Categorized
by the mechanism, two types of head injury are closed or penetrat-
ing(open), the former refers to any injury that does not break the skull
and is related to the contusion of the soft tissue inside, while the lat-
ter refers to the damage penetrates the skull and enters the brain, on
which extensive studies have been done [2, 3].

In order to predict the potential injury in an accident, improve the
protective devices such as helmets, better identification of the injury
criteria, understanding the biomechanics of head injury is the pre-
requisite. There has been considerable literature that forms a multi-
disciplinary work, including innovative clinical applications [4], in-
vestigating neuronic cell-based damage in the laboratory environment
[5, 6], and transitional study for understanding the injury mechanisms
and tolerance in accidents [7]. The goal of these studies is to find the
relationship between input (acceleration, angle, duration, etc.) and re-
sponse (in terms of mechanical change of the skull), and to identify the
mechanical loading along with the thresholds of the damage.

The methodologies can be categorized into physical experiment
and computer modeling. Physical experiment has several limitations.
Conditions of the models differ from those of the human in vivo, which
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means that the variables of the experiment are not controlled. In addi-
tion, due to the feature that the injury is related to the peak stress/strain,
it is hard to directly obtain from the experiment as the location is not
determined [2]. Furthermore, the response of the model varies both
in time and space domain, which can be regarded as continuous func-
tions of time and space, and in order to acquire the response signal, a
considerable amount of sensors need to be mounted to the model both
in vitro and in vivo. This is impractical and the installation itself may
already alter the mechanical properties of the model.

On the other hand, computer simulation provides a promising al-
ternative for the study of head injury. The central component is to es-
tablish a mathematical model in terms of the partial differential equa-
tion, which is then solved analytically or numerically. Particularly,
with the significant development in the computer science in the past
decade, finite element (FE) model that dominates the numerical ap-
proach has become the primary focus in the head injury study [8,
9], which usually contains the procedure starting from the model es-
tablishment, mesh generation, material properties assignment, con-
straints and impacts application including loading conditions, and re-
sult deduction [10]. The strength is that it overcomes the complexity
that a physical experiment cannot solve.

Thus, motivated by the urgent need for the accurate input of the
FE model, a markless motion capturing system that may be used in
various sports events is studied and validated. In particular, we are
interested in the possible head injuries during sports, boxing for in-
stance, where players suffer from fierce contact impact on the head
which leads to a high probability of traumatic brain injury. Since the
impact has been found having complicated effects on the head injury,
in terms of acceleration, angle, location, contact area, etc, it is impor-
tant to reveal the relations between mechanical impacts and clinical
dysfunctions, where loading conditions are investigated for propos-
ing FE modeling in this study.

1.1 Research Question

The analysis and estimation of body motion have been studied for a
long period as a sub-topic in computer vision [11][12]. Traditional
methods extract 2-dimensional data from the film or picture. However,
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such visual data can only provide with projective information and are
variant to light. The state-of-the-art algorithms and sensors make it
possible to use single depth camera to capture motion from depth data,
which improves the flaw of the traditional ones with better robust-
ness under various lighting conditions. The well-studied methods can
be categorized into depth map-based and skeleton based. And each
category is divided into space-time approaches, and sequential ap-
proaches, SVM (Support vector machine) and HMM (Hidden Markov
model) classifiers are then used for recognition respectively [13]. Due
to the limitation of the low-cost depth sensor, large-scale scene exceed-
ing the capacity cannot be captured, which means that valid capture
of body motion is fixed in a specic distance range. Depending on the
data scale used in the project, optimization of the algorithm might be
taken.

The project focuses on the head and neck biomechanics. The goal
is to analyze videos captured by the depth cameras (Kinetics) to obtain
the motion of human body parts. Such a system will allow measuring
loadings ready to be input to numerical analysis for kinematic study-
ing, and thus ultimately lead to improved injury prediction through
accident reconstructions.
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Methods

2.1 Selection of Tools

2.1.1 Kinect for Windows v2 Sensor

The Microsoft Kinect sensor is a depth-sensing camera specially de-
signed for developers, providing raw color image data from the RGB
camera with a resolution of 1920 * 1080 @ 30 fps and depth image data
from the depth camera with a resolution of 512 * 424 @ 30fps respec-
tively. The depth sensing part of the camera uses an infrared emitter
and sensor. The infrared beams emitted from the emitter reach the ob-
ject and then are reflected back and read by the sensor, thus the depth
information is converted by calculating the distance between the object
and the sensor. The sensor is capable of recognizing up to six persons
at the same time, with skeleton tracking function for twenty-five joints
[14]. With the target range of approximately 2 meters, the Kinect sen-
sor has the resolution of 3mm in x, y -direction and 1cm in z-direction
under the camera coordinates.

2.1.2 Kinect for Windows SDK 2.0

The SDK is an official Software Development Kit provided by Mi-
crosoft that processes the raw data from the sensor. The reason of
choosing this SDK is that besides the Application programming inter-
faces (APIs) and device interfaces, enabling the control of the camera,
it contains an application called Kinect Studio, which allows the de-
velopers to record data with Kinect sensor and replay, avoiding physi-
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cally repeat the movement several times during the testing the debug-
ging. In addition, the function of replaying the data frame by frame
and being fed into analyzing tool MATLAB also significantly decrease
the computational burden, so that the frame loss will not happen as in
real-time streaming. In this thesis, the video stream is first recorded by
Kinect Studio, then the raw data stream is processed under 30 frames
per second with built-in skeleton tracking mode turned on. Such con-
trol is vital for the Kinect camera to reach its maximum capacity of
30 frames/s, further to avoid frame loss and reduce the measurement
error.

2.1.3 DFRobot CurieNano Sensor

For the validation of the acceleration and angular velocity of the joint
(arm specifically in the case) captured by the Kinect camera, the DFRobot
CurieNano sensor has been chosen. The CurieNano includes an Intel R©
CurieTM Low-Power Compute Module, which contains a 16-bit inertial
measurement unit BMI160 with a tri-axial accelerometer and a tri-axial
gyroscope produced by Bosch. The accelerometer can monitor accel-
eration within a range of ±16g. The gyroscope can monitor angular
velocity between ±2000◦/s. The sensors are controlled by the Low-
power 32-bit Intel Quark microcontroller. The sampling rate is set at
200 Hz, which is sufficient for monitoring the movement of the human.

2.1.4 MATLAB Kin2 Library

Kin2 is a Kinect 2 toolbox for MATLAB, developed by Juan R. Terven
[15]. Despite the fact that C++ wrapper function in MATLAB Mex de-
creases the performance by 30% [15], quick prototyping and research
are enabled by reducing code length in MATLAB comparing to ordi-
nary C++ application.

2.1.5 Computer Configuration

The Kinect uses a USB 3.0 adapter for the operation since it needs a
sustained data transfer rate of 5GBps. To accommodate the transfer
rate, an extension PCIe USB3.0 card is added to the computer. The
computer runs under Windows 10 system with an Intel Xeon processor
X5650 @ 2.67GHz and 12 GB RAM. The device specification reaches a
stable frame rate of 30 frames/s.
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(a) Vertical lift movement. (b) Forearm flexion movement.

Figure 2.1: Movements of vertical lifting and forearm flexion, where
the CurieNano is attached to the wrist. The tester moves the arm ver-
tically up and down in the lifting movement. In the flexion movement,
the tester first flexes and then stretches the forearm. The solid and dot-
ted lines draw the movement.

2.2 Data Acquisition and Experiment Design

The boxing maneuver varies, but the region of interest locates at the
upper arm, wrist, and the head where most impacts happen thus the
highest risk of injury occurs. Besides, in the FE model analyzing, ve-
locity (including angular velocity) and accelerations are needed pa-
rameters as inputs. In the following experiments, the test subject bounded
with CurieNano is designed to simulate boxing activities, recorded by
the Kinect camera at the same time. Once the data has been success-
fully acquired, Matlab with open source library Kin2 [15] is used to
extract the spacial position of the joints as well as the output of the
CurieNano sensor. Three different movements including lifting, fore-
arm flexion, head rotation were collected from the subject with ap-
proximately 2 to 10 seconds using CurieNano and Kinect respectively
for validation. During the first two experiments, the CurieNano sen-
sor is attached to the wrist and forearm respectively, as shown in Fig.
2.1. For the head rotation movement, the CurieNano is held inside the
mouth and is bitten firmly so that the sensor and the skull can then be
regarded as a rigid body.
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2.3 Algorithms

Since the main focus of this thesis lies on the application and validation
of the depth camera, in the following subsections the algorithms of
the Kinect camera skeleton tracking, the joint angle and orientation
calculation, and the algorithms implemented on the Curienano motion
sensor will be introduced.

2.3.1 Kinect Camera Skeleton Tracking

The algorithm of Kinect Skeleton Tracking is encapsulated and imple-
mented in the drive that runs on the camera, in which the outputs are
3D joint orientation and location map in Cartesian space (x,y,z) that
explains the human pose. There are basically two steps in the skeleton
tracking process; First use structured light to obtain a depth map, then
infer body positions using machine learning. The depth map is com-
puted by analyzing the speckle pattern of infrared laser light. How-
ever, the technology is licensed by Microsoft and PrimeSense. Details
are not publicly available, and all the computation is done inside the
hardware. Once the depth map is constructed, the Kinect camera uses
machine learning to infer body parts. The algorithm was invented by
Shotton J [16] et al. in 2011, using randomized decision forest trained
by thousands of datasets over thousands of CPU hours. By doing this,
the prior calibration pose is waived, so that large pose change during a
small period of time will not cause significant error, which means that
the robustness of the approach that guarantees itself works in various
environments.

2.3.2 Kinect Camera Joints and Orientation

The Kinect camera provides 3D spatial information (x,y,z) of the twenty
five joints with the skeleton function turning on. These joints are:
SpineBase, SpineMid, Neck, Head, ShoulderLeft, ElbowLeft, WristLeft, Han-
dLeft, ShoulderRight, ElbowRight, WristRight, HandRight, HipLeft, KneeLeft,
AnkleLeft, FootLeft, HipRight, KneeRight, AnkleRight, FootRight, SpineShoul-
der, HandTipLeft, ThumbLeft, HandTipRight, ThumbRight, as shown in
the Fig. 2.2.

Each of these joints contains orientation information and is encap-
sulated in a structure Vector4, in which the rotation is given in three-
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Figure 2.2: Twenty five joints tracked by the Kinect camera.

degrees-of-freedom and described by quaternionQ(x, y, z, w) orQ(q0, q1, q2, q3).
By using the Orientation quaternion, the rotation of the joint can be
easily calculated mathematically.

yaw = tan−1(
2(q0q1 + q3q2)

q32 − q22 − q12 + q02
) (2.1)

pitch = sin−1(−2(q0q2 − q1q3)) (2.2)

roll = tan−1(
2(q1q2 + q0q3)

q32 + q22 − q12 − q02
) (2.3)

In addition, the rotation matrix can be converted from the Quater-
nions using the built-in function quat2rotm in MATLAB.

R =

1− 2(q22 + q23) 2(q1q2 − q0q3) 2(q0q2 + q1q3)

2(q1q2 + q0q3) 1− 2(q21 + q23) 2(q2q3 − q0q1)
2(q1q3 − q0q2) 2(q0q1 + q2q3) 1− 2(q21 + q22)

 (2.4)

Here the orientation of the joint is described by pitch, yaw, and roll,
and the motion is rotating around the x, y, z-axis respectively, where
pitch (orange) is perpendicular to the bone and normal, yaw (green)
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Figure 2.3: Joint orientation is a per-joint yaw, pitch, and roll. Pitch
(orange) is perpendicular to the bone and normal, yaw (green) always
matches the skeleton, and roll (blue) is perpendicular to the bone [17].

always matches the skeleton, and roll (blue) is perpendicular to the
bone, as shown in Fig. 2.3. Note that due to the anatomical limitation,
there is only one degree-of-freedom for the joints like elbow and knee.
Therefore, the z-axis points towards outside the body, and the rotation
of the bone is driven by the joint around the z-axis.

A typical total body joints orientation after the calculation is shown
as Fig. 2.4.

2.3.3 Kinect Camera Joint Angle Calculation

The Kinect SDK provides the structure CameraSpacePoint with X, Y,
and Z value in the 3D space, according to the camera coordinate as
shown in the Fig. 2.5. X value represents the horizontal distance of
the point measured from the left side of FOV. Similarly, the Y value
represents the vertical distance, and the Z value represents the dis-
tance between the point and the camera plane. Based on the official
Microsoft SDK document, the declaration is described as follow:

"Camera space refers to the 3D coordinate system used
by Kinect. The coordinate system is defined as follows: The
origin (x=0, y=0, z=0) is located at the center of the IR sen-
sor on Kinect X grows to the sensor’s left Y grows up (note
that this direction is based on the sensor’s tilt) Z grows out
in the direction the sensor is facing 1 unit = 1 meter"
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Figure 2.4: A typical total body joints with orientation after calculation.

Figure 2.5: The camera space coordinate system [18].
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Given two vectors in 3D Space, namely ~u and ~v. To find angles θ be-
tween the two vectors we calculate using following formula:

~u ·~v = ‖~u‖‖~v‖cosθ (2.5)
~u ·~v = uxvx + uyvy + uzvz (2.6)

cosθ =
~u ·~v
‖~u‖‖~v‖

(2.7)

In the MATLAB environment, the function acos is known to be inaccu-
rate for small angles. Hence a workaround and robust approach are to
use both sin and cos of the angle θ via the dot and cross product of the
two vectors.

~u ·~v = ‖~u‖‖~v‖cosθ (2.8)

‖~u× ~v‖ = ‖~u‖‖~v‖‖sin(θ) (2.9)

tan(θ) =
‖~u× ~v‖
~u ·~v

(2.10)

The angle value that we want should fall into the interval [0, π]. How-
ever, the standard inverse tangent function has a range of [−π/2, π/2].
Here we use the function atan2, which also avoids the problem when
the denominator of the fraction becomes zero. So that the formula
eventually becomes:

θ = atan2(‖~u× ~v‖, ~u ·~v) (2.11)

2.3.4 Kinect Camera Kinematics Calculation

As described before, the Kinect camera provides the 3D spatial infor-
mation of the 25 joints, and each joint has X, Y, and Z values in the
Cartesian coordinate system. The origin (0,0,0) is the position of the
camera. Once the position information of a single joint is known, it
is easy to know the displacement, velocity, and acceleration. Let ~r be
the position of the joint, then we have velocity ~v = d~r

dt
and acceleration

~a = d2~r
dt2

. Note that the Kinect camera has a maximum sampling rate
of 30 frames per second; therefore the time interval in the equation dt

equals 1/30 second.
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Happy:Maybe
Engaged:Maybe
Wearing Glasses:Yes
Left eye closed:No
Right eye closed:No
Mouth open:No
Mouth moved:No
Looking away:Maybe
Pitch:-3.2862 Yaw:-18.6595 Roll:-1.488

Figure 2.6: Demonstration of the results of face tracking. The orienta-
tion outputs have already been transformed into Eurler Angles.

2.3.5 Kinect Camera Face Tracking

Similar to the skeleton tracking, the Kinect camera is able to do mark-
less human faces tracking. The face-detection algorithms are able to
recognize faces using the data from the infrared camera, which is light
independent and thus faces are able to be accurately recognized no
matter how lightning condition changes. The algorithm of how the
Kinect camera track faces is not open-source. However, we are only
interested in the face orientation and rotation angle in the topic. The
Face API in Kinect for Windows SDK provides the access to the face’s
orientation in 3D space. It can be accessed as quaternions through
property FaceFrameResult.FaceRotationQuaternion and defined with the
data type Vector4. Similar to joint orientation, quaternions have the ad-
vantage of avoiding gimbal lock problem. The calculation is the same
as the Equation (2.1-2.3). Though it is not possible to do precise gaze
tracking such as where exactly the user is looking at, knowing where
the user’s face is pointing is sufficient for the scope of the thesis. Fig.
2.6 demonstrates the result of face tracking, and the outputs contain
orientation information.
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2.3.6 CurieNano Acceleration and Rotation Speed Mea-
surement

The CurieNano senor has the ability to monitor acceleration within a
maximum range of ±16g and rotation speed of ±2000◦/s. Practically,
the output from both the accelerometer and gyroscope rarely returns
a value in g and ◦/s, instead what it actually returns is 16-bit digital
value which needs to be converted to the analog value. The library
provides the function to obtain readings from accelerometer and gy-
roscope CurieIMU.readMotionSensor(), which returns the readings of
acceleration in XYZ axes and rotation speed around three axes. Af-
ter the raw reading is obtained, it is easy to convert the digital read-
ings to real acceleration and rotation speed. The outputs of the ac-
celerometer is 16bit, and a typical 16bit ADC last divider is 65536 = 216.
However, since the acceleration has positive and negative values, we
divide it by two then we get 32768. So that the real acceleration is
accRaw∗accrange

32768
(g). Similarly, the real rotation speed from the gyroscope

is gyroRaw∗gyrorange

32768
(◦/s). With sensor set stable and facing up, the read-

ings are (0,0,1) g for the accelerometer and (0,0,0) ◦/s for the gyroscope.
Note that what the accelerometer actually detect is the opposite direc-
tion from the acceleration vector, also called inertial force. Reasonably,
if the sensor is placed in space without gravity or during free fall on
the earth, the readings are all zero.

2.3.7 CurieNano Acceleration Measurement with the
Compensation of Gravity

The accelerometer senses both dynamic accelerations as the external
force and static accelerations as gravity, and we are interested in mea-
suring only the external force. A single accelerometer is not capable
to do so. In order to remove the gravity effect, i.e., to detect the pure
acceleration without gravity component, a compensation needs to be
deducted from the three-axis readings. This can be done by projecting
the gravity component to X, Y, Z axis according to the orientation of
the sensor itself. Fortunately, gravity is a linear force and thus can be
decomposed in the coordinate system when regarded as a vector. Let
the reading from accelerometer be ~am, then

~am = ~a+ ~g (2.12)
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where ~a is the acceleration caused by the external force and ~g is the
gravity. Assume the accelerometer is at rest, then ~a = 0, where no
external force but gravity is measured. Described in the coordinate
system of the accelerometer, gravity is written as:

~g =

gxgy
gz

 (2.13)

The sensor is regarded as a rigid object bounded on the body, and
the movement of the body contains 3D rotation. In the rotated coordi-
nate system,

~g′ =

gxgy
gz

′ (2.14)

An intuitive approach is to measure the rotation speed at any given
time related to the X, Y, Z axis, and based on it to calculate the roll,
pitch, and yaw so that the offset between the absolute frame and rela-
tive frame can be calculated, i.e., to obtain the orientation of the CurieN-
ano sensor using the gyroscope. Then use coordinate transformation
to subtract the gravity component offset on the sensor’s coordinate.
The Rotation matrix in Eurler angle form [19] is written as:

R(φ, θ, ψ) =

c(ψ)c(θ) c(ψ)s(φ)s(θ)− c(φ)s(ψ) s(φ)s(ψ) + c(φ)c(ψ)s(θ)

c(θ)s(ψ) c(φ)c(ψ) + s(φ)s(ψ)s(θ) c(φ)s(ψ)s(θ)− c(ψ)s(φ)
−s(θ) c(θ)s(φ) c(φ)c(θ)


(2.15)

and

~g = R ·~g′ (2.16)

However, by using Euler angle for calculating the orientation the well-
known fundamental problem Gimbal Lock will inevitably occur. For
example, at the moment when the pitch angle reaches 90 ◦, either yaw
or roll leads the same movement of the sensor. Therefore, when the
monitored movement approaches 90 ◦ in pitch angle, the Euler Angles
fails to produce useful estimations.
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Figure 2.7: Definition of coordinate system of CurieNano.

This can only be solved by stitching the Euler Angles representa-
tion method to another one, where outputs are always valid. The op-
eration can be solved using quaternions. Suppose quaternion Q =

q0 + q1i + q2j + q3k, the differential equation is: Q̇ = 1
2
QW The matrix

form can be written as:
q̇0
q̇1
q̇2
q̇3

 =
1

2


0 −wx −wy −wz

wx 0 wz −wy

wy −wz 0 wx

wz wy −wx 0



q0
q1
q2
q3

 (2.17)

where wx, wy, wz is the output from the gyroscope. After having the
quaternion using the formula above, the gravity component on the
three axes in the relative frame is written asgxgy
gz

 =

q02 + q1
2 − q22 − q32 2(q1q2 − q0q3) 2(q1q3 + q0q2)

2(q1q2 + q0q3 q0
2 − q12 + q2

2 − q32) 2(q2q3 − q0q1)
2(q1q3 − q0q2) 2(q2q3 + q0q1) q0

2 − q12 − q22 + q3
2

00
g


(2.18)

The idea behind is simple; the expected direction of gravity is com-
puted with quaternions and then the gravity component is subtracted
from the readings of the accelerometer.

~a = ~am − ~g (2.19)
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Figure 2.8: CurieNano orientation presented in Euler angle form.

2.3.8 CurieNano Orientation and Coordinate Opera-
tion

During the body movement, it is possible that the CurieNano experi-
ences spacial rotation, where the local coordinate is no longer aligned
to the original coordinate, so that the readings of the three axes are re-
lated to the sensor itself rather than the global coordinate as tester and
camera.

To identify the orientation of the CurieNano device, we use ac-
celerometer and gyroscope together to precisely calculate quaternions
from the six readings from sensors respectively. The quaternions are
then used to calculate Euler angels Pitch, Yaw and, Roll for later vali-
dation of the camera. Fig. 2.7 illustrates the coordinate system of the
accelerometer sensor in CuireNano, and Fig. 2.8 shows an intuitive
way of describing the device orientation by the Euler angle (θ, φ, ψ) .

Here we borrow the algorithm Madgwick filter developed by Sebas-
tian Madgwick in 2010, which is well documented in his PhD report
[20]. The input of the algorithm are raw data from the accelerometer
and gyroscope, and the output are quaternions.

Similar to the operation in Section 2.3.2, Equation (2.1-2.3), we use
quaternions matrix to obtain the x,y,z-axis rotation status in terms of
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Pitch, Yaw, and Roll. The reason for not choosing the other famous
filter such as the Kalman filter is due to the computation concern. The
sampling rate of the CurieNano is of most importance for the vali-
dation, and the Madgwick filter works effectively at low sampling as
10Hz [20]. Meanwhile, Kalman-based algorithms require a sampling
rate far exceed the maximum sampling rate of CurieNano. For in-
stance, the default sampling rate of miniature Attitude Heading Refer-
ence System (AHRS) DM-GX3-35TM reaches 30 KHz. Besides, Madg-
wick’s report states that the accuracy achieves that of the Kalman-
based filters by < 0.6◦ static RMS error, < 0.8◦ dynamic RMS error.

2.3.9 Kinect Camera and CurieNano Coordinate Map-
ping

The quaternions are recorded each time a sample is taken, which means
that not only the dynamic acceleration without gravity effect but also
the orientation status is known. The advantage is that once the original
position of the CurieNano is ensured, no matter what kind of move-
ment the sensor behaved, the recorded data is always aligned to the
original coordinate, as shown in the Fig. 2.9.

The process is transforming the local coordinate to the global co-
ordinate, and fortunately, there only exists rotation in the transforma-
tion. The transformation matrix is given in the Section 2.3.2, Equation
(2.4). For example, suppose a vector ~v in the global coordinate, after
the rotation the vector becomes ~v′. Then the relation is

~v′ = R ·~v (2.20)

In this application, since the external force is already projected in the
three axis x,y,z and is exactly the readings from them. Then

~a′ =

axay
az

′ = R ·

axay
az

 (2.21)

The approach brings extremely convenience to the experiment so that
each time one only needs to set CurieNano in the same coordinate
system as that of the Kinect camera. The recorded movement data are
then in the same coordinate both from the CurieNano and the Kinect
Camera.
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Figure 2.9: The orientation of Curienano changes after rotation. How-
ever, the readings are always aligned to the original coordinate.



Chapter 3

Results

The goal of this thesis is to evaluate whether the Kinect camera is
capable for sports event tracking such as boxing, measuring velocity
and angular changes for further head impact kinematic analysis. Any
movement of boxers can be decomposed to rectilinear motion and ro-
tation motion and the region of interests is the movement of the arm
and the head. Therefore, measurement of velocity during a vertical
lift and angular changes of the arm during a flexion, and the orienta-
tion of the head from the Kinect camera are compared with those from
CurieNano sensor for the validation. Results show that the RMS error
ranges from 0.0178 to 0.2334 in the vertical lift experiment, the relative
error is between 4.0% to 24.3% in the flexion experiment, and between
2.0% to 51.1% in the head orientation experiment.

The calculated values of velocities, forearm flexion angle measure-
ments, as well as the head orientation tracking from the Kinect camera
and CurieNano sensor, are presented following the previous experi-
ment description, where the CurieNano sensor is assumed as the ref-
erence. The sampling rate of position data from the Kinect camera is
30Hz while CurieNano provides 200Hz. Therefore, linear interpola-
tion is used here to increase the data of the Kinect camera to the same
level as that of the CurieNano.

3.1 Vertical Lift Experiment

After differentiating once for the position data from the Kinect and
integrating once for the acceleration data from the CurieNano, the ve-
locity of the joints are then calculated and compared. Since the noise

19
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Figure 3.1: The frequency response of a 4th Butterworth low pass filter
with cutoff frequency of 3Hz.

exists from the Kinect’s data, a 4th Butterworth low pass filter with a
cutoff frequency of 3Hz is applied. Fig. 3.1 shows the frequency re-
sponse of the filter. Fig. 3.2 shows the data from the Kinect camera
before and after applying the filter.

Fig. 3.3 and Table 3.1 show the calculated velocity in x, y and z di-
rection during a vertical lift movement. Results from both the Kinect
camera and the CurieNano show a nearly rectilinear y-directional move-
ment, where the peak velocities in the y-direction are much greater as
those in the other two directions.

For the first experiment, velocities from the Kinect camera and the
CurieNano sensor in three axes direction component are compared.
Root Mean Square Error (RMSE) is used here to measure how much
error there is between two data sets, using the following formula,

RMS =

√∑n
i (V Ki − V Ci)2)

n
(3.1)

where VK refers to the calculated velocity from the Kinect camera
while VC refers to the calculated velocity from the CurieNano sen-
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Figure 3.2: The velocity data from the Kinect camera before and after
applying the Butterworth filter.

Peak velocity tracked
by the Kinect camera (m/s)

axis
component

Peakmin Peakmax

x -0.0624 0.0798
y -0.3524 0.4294
z -0.0894 0.1315

Peak velocity tracked
by the CurieNano Sensor (m/s)

axis
component

Peakmin Peakmax

x -0.0634 0.1403
y -0.6547 0.5612
z -0.0527 0.1555

Table 3.1: Peak velocity of vertical lift movement
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Figure 3.3: Calculated velocity from the Kinect camera and the
CurieNano sensor in x direction (a), y direction (b), and z direction (c)
respectively, using a 4th order Butterworth filter with cutoff frequency
of 3Hz.
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sor. Data sets consist of 50 data points (250ms) centered on the peak
velocity and the RMSE is computed over these data, after aligning the
timeline. Table 3.2 shows the RMSE analysis result.

RMS of velocity error

axis
component

Peakmin Peakmax

x 0.0178 0.0342
y 0.2334 0.1362
z 0.0336 0.0241

Table 3.2: Vertical lifting RMSE analysis

3.2 Forearm Flexion Experiment

Fig. 3.4 shows the calculated angle measurements of forearm flexion.
The Kinect camera measures the inner angle of shoulder, elbow, and
wrist while the CurieNano sensor measures the tilt angle of the sensor
related to the ground plane. The peak angle from the Kinect camera
are 173.4 ◦ and 73.3 ◦, 180.5 ◦ and 59.0 ◦ from the CurieNano sensor
respectively.
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Figure 3.4: Angle measurement from the Kinect camera (a) and the
CurieNano sensor (b), where the camera measures the inner angle of
shoulder, elbow and wrist while the sensor measures the tilt angle of
the sensor itself related to the ground.
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During the second experiment, different algorithms are used to
measure the flexion angle, where the Kinect camera measures the in-
ner angle using the formula (2.11) based on the spacial position of the
joints and the CurieNano measures the orientation of the sensor itself.
Comparing only the peak error the following formula is used,

|Anglekinect − AngleCurieNano|
|AngleCurieNano|

× 100% (3.2)

The error is 4.0% when the forearm stretches and 24.3% when flexes,
as shown in the Table 3.3.

relative error of angles

Peak_min Peak_max
24.3% 4.0%

Table 3.3: Forearm flexion angle relative error analysis

3.3 Head Orientation Experiment

Fig. 3.5 and Table 3.4 show the orientation measurement of the head,
where tester moves the head in three different ways, yaw (shaking),
pitch (nodding) and roll (tilting). In the yaw orientation measure-
ment, the results match well, where the peak angles are 42.2◦, -40.5◦

and 35.6◦, -41.6◦ from the Kinect camera and the CurieNano sensor
respectively.

For the head tracking experiment, only peak angles are compared
and relative error is calculated using formula (3.2). The calculated er-
ror is shown in the Table 3.5.
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Figure 3.5: Face rotation tracking from the Kinect camera and the
CurieNano sensor in Pitch (a), Yaw (b) , and Roll (c) respectively, where
tester first shakes his head from side to side (yaw), then nods (pitch),
and then tilts (roll).
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Peak angle tracked
by the Kinect camera (◦)

directional
component

Peakmin Peakmax

pitch -22.5 31.3
yaw -40.5 42.2
roll -26.4 36.3

Peak angle tracked
by the CurieNano Sensor (◦)

directional
component

Peakmin Peakmax

pitch -46.0 35.1
yaw -41.6 35.6
roll -46.6 55.0

Table 3.4: Orientation measurement of the head

relative error of angles

directional
component

Peak_min Peak_max

pitch 51.1% 10.8%
yaw 13.1% 23.3%
roll 36.5% 2.0%

Table 3.5: Head tracking angle relative error analysis
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Discussion

4.1 Vertical Lift Experiment

Note that it can not be expected that the tester performs the motion as
totally vertical and thus only moves in one dimension. Though this
does not affect the measurement of the Kinect camera since it provides
3D spatial position data of the joints, the readings from the CurieN-
ano sensor is affected due to the potential rotation of the joint, where
the accelerometer can only sense the force in its own coordinate ref-
erence. The sensor does not just measure the acceleration caused by
external force, but also measure the gravity. And even the same exter-
nal force applied on the sensor can produce different readings based
on its orientation. In order to solve the problem, algorithms are ap-
plied to compensate the effect of gravity so that the sensor only reads
the dynamic acceleration without gravity, and rotation matrix is calcu-
lated for coordinate mapping so that the sensor always measures the
global coordinate acceleration (the same as the Kinect camera) no mat-
ter how the sensor is attached and what kind of orientation it has. The
implementation of algorithms have been well discussed in the The-
ory part of this thesis. RMS error as stated in Table 3.3 shows that for
low-speed movement as velocity component in x and z direction, the
RMS error ranges from 0.0178 to 0.0342, presenting a good agreement
of measurement between the Kinect camera and the CurieNano sen-
sor. For high-speed movement in y direction, the RMS error rises up
to 0.2334. This indicates that the Kinect camera performs at least 20
times better result in low-speed movement than in high-speed move-
ment, which is due to the limitation of the sampling frequency that

27
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dominates the error in velocity estimation.
It is interesting that from the Fig. 3.3, the time of maximum peak

velocity from the Kinect camera differs from that of the CurieNano, ap-
proximately 200ms (6 frames in original Kinect sampling rate at 30Hz).
This is because the connection line from the CurieNano sensor blocked
the joints at some moments during the vertical lift movement, which
interferes with the joint tracking and introduces error. A potential so-
lution can be using a battery to drive the CurieNano device and get rid
of the line interference. However, due to the storage limitation of the
sensor, either an SD card module or Bluetooth communication should
be implemented for data transmission.

4.2 Forearm Flexion Experiment

The relative error is 24.3% when the forearm flexes and 4.0% when it
stretches. The angle difference when the forearm is stretched is accept-
able but it goes up to 14◦ when the forearm is flexed. This is because
different algorithms are used here to estimate the angle changes. As
stated in Section 2.3.3, what the Kinect camera estimates is the inner
angle of shoulder, elbow, and wrist. While the CurieNano can only
detect the orientation itself and is thus bounded on the wrist. In the
beginning, the tester tried to keep the arm, forearm, and wrist at the
same horizontal plane, and kept arm stable when forearm flexed. So
that it can be assumed that the orientation angle of the CurieNano sen-
sor is the same as the inner angle of the result from the Kinect camera.
However, it is not easy to perform such movement due to the anatom-
ical structure and the tester was not trained to do a very standard flex-
ion. Also, due to the connection line blocking problem, it can be seen
from the Fig. 3.4 that although the trend matches well, there exist some
noise especially at the bottom of the curve.

4.3 Head Orientation Tracking Experiment

Fig. 3.5 (a) shows a worse performance compared to Fig. 3.5 (b) and
(c), where lots of noise exist and cannot be removed by the previous
designed Butterworth filter. Some of the raw data from the Kinect cam-
era are zero when face rotated to a large degree and then the tracking
is missing. Nevertheless, even the tester stood still, the output from
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the camera kept jittering. There are several reasons for this result, and
the factors that affect the tracking accuracy are discussed below.

Distance can be a dominant factor that influences the tracking ac-
curacy. A better tracking quality can be achieved with the distance be-
tween the tester and the camera within 1.5 meters. Occlusions could
also affect the result, since the tester wore a strong pair of glasses dur-
ing the experiment. The refraction of the light and the blockage area
caused by the glasses is still an open area for further improvement.
Besides, the CurieNano sensor is placed inside the mouth of the tester
with connection line coming out, which may also make it difficult for
the camera to do face tracking. Because what the camera detected is no
longer an ordinary human face and the connection line will also lead
unexpected result. Furthermore, the algorithm that Kinect chooses for
face tracking is not published. It means that if the depth data from
laser dots are not used, then the light condition should be taken into
consideration where bright backlight or sidelight may cause shadow
and decrease the tracking accuracy.

Instead of tracking face only, there may be an alternative method
to obtain the whole body joint orientations with the face tracking func-
tion turning on to increase the prediction accuracy. However, the prob-
lem is that in order to be thoroughly scanned by the Kinect camera, the
distance between the tester and the camera will exceed 1.5 meters and
thus decrease the performance of face tracking. A possible solution
that needs to be investigated in the future could be to reconstruct a
personalized facial model for better tracking results.

4.4 Other Concerns

As stated in the Method chapter as well as the data analysis section,
the largest limitation of the Kinect camera is its frame rate. 30 fps tem-
poral resolution may be the standard for the player interaction in the
game as the initial scenario of the Kinect camera. However, such frame
rate is inadequate for the application where numerical differentiation
is used for estimating velocity even acceleration. In addition, as a data
acquisition device, the Kinect camera has a built-in real-time depth
data processor aimed for the desired frame rate. Also, PC processor
plays an important role in the task of data processing. Basically, after a
single frame is captured by the Kinect camera, the PC processor should



30 CHAPTER 4. DISCUSSION

complete the computation before the next frame is sent. Since the PC
environment is not specially designed for fulfilling the motion cam-
era’s requirement, failure to keep the processing speed as the frame
rate of camera leads to data loss or corruption. The data loss problem
is partly solved by using the Kinect Studio in which the video stream is
stored in the buffering area of PC’s memory and then can be stored to
hard disk and later be used for post-processing. Note that normally 10
seconds of video data streams requires 5 Gigabytes of memory space.
Therefore in the practical scenario, it is nearly impossible to always
keep the camera on and implement the workflow mentioned above.
Real-time tracking requires stronger PC performance and large mem-
ory and disk space for data buffering. But even the requirements are
all fulfilled, there is still a frame rate threshold at 30 fps due to the
camera’s limitation.

There are two reasons for using interpolation to increase the data
rate from the Kinect camera. Firstly to adapt the sampling rate of the
CurieNano sensor. Secondly, a higher sampling rate leads to a bet-
ter result in numerical differentiation. It might be straightforward for
choosing linear interpolation, but the jittering spatial position of the
joints leads to undesirable and unnatural movements. Unfortunately,
Kinect v2 does not provide the Joint Smoothing API as that in Kinect v1.
Such measurement noise will cause substantial errors in velocity esti-
mation. Therefore, a 4th Butterworth low pass filter is therefore used
to suppress such error in the interpolated data as much as possible,
and only once differentiation is used to compare the velocity instead
of twice to compare the acceleration.

While we trust the output from the accelerometer and gyroscope
and use the integrated result as velocity reference, the CurieNano sen-
sor itself has not been carefully validated. Instead, a simple approach
is implemented: rotate the sensor arbitrarily and observe whether the
output value (pitch, yaw, roll) is acceptable by eyes. There is still much
work to be done on the calibration of the sensor using the Madgwick
filter for orientation sensing. For example, the sensor itself will, of
course, introduce error such as drifting, and the error will accumulate
over time. Such error is then transferred to the integration and rotation
matrix computation. Subsequently, the output coordinate frame may
change and no longer match the original global coordinate. However,
as the precision needed within 10 seconds such effect has not been ob-
served.
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There have been more commercial orientated optical systems such
as Vicon and OptiTrack, and advanced inertial measurement devices
such as Xsens and Konix in the market, and research has been made
regarding comparisons of these systems [21, 22, 23, 24]. Higher accu-
racy guarantees more trustful results and makes the direct comparison
between the second differentiation of the position data captured by the
optical system and acceleration data produced by the acceleration pos-
sible. It is reported that such optical motion tracking system is able to
reach 1 mm spatial resolution [25]. Due to the hardware limitation,
the thesis compares the velocity derived by the camera and the sensor
only. Further research thus needs to be carried out on the advanced
hardware. However, during the sports event, interruption should not
be brought to the players so monitoring device such as Vicon where
markers are placed on the body should not be taken into considera-
tion. This is also one of the reasons that depth camera is chosen as a
measurement tool.
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Conclusion

In this thesis, the accuracy of the Microsoft Kinect camera for motion
tracking is investigated. CurieNano inertial measurement unit is se-
lected as the reference for comparison. Velocity is extracted using the
raw data from the camera and the sensor. In order to adapt the sam-
pling rate of the CurieNano sensor, and for data post-processing, lin-
ear interpolation is used to increase the camera sampling rate and a
Butterworth low pass filter is used to suppress the noise. The output
of ordinary inertial measurement unit is affected by the gravity and
orientation, thus algorithms are implemented to compensate the grav-
ity effect so that the sensor only detects the dynamic acceleration and
rotation matrix is computed using quaternions so that the result is al-
ways aligned to the global coordinate.

The experiment shows that the accuracy of joint movement tracked
by the Kinect camera, particularly velocity, is acceptable. And the
camera performs better result in low-speed movement due to the lim-
itation with respect to spatial and temporal resolution. Some errors
caused by the blockage from the connection line of the CurieNano sen-
sor can be avoided, and further increase the accuracy.

Although the experiment is conducted in the laboratory environ-
ment, rectilinear and rotational movement of the joint as well as the
orientation of the head is validated. It proves that the Kinect camera
has been found to be an effective tool for kinematic measurement as a
cost-effective option. Another main contribution of the work is that a
platform and workflow is established, thus making further validation
and application possible when advanced hardware is available.

Future work includes investigating the performance of higher frame
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rate depth camera such as Intel RealSense D400 Product released in
2018. Investigating plural depth cameras and asynchronous capturing
approach to further increase sampling rate, as well as solve the joint
occlusion problem that a single camera can not handle.
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Chapter 1

Anatomy and Biomechanics of
Head and Neck

It is necessary to understand the anatomy and biomechanics of head
and neck for the further development of injury prevention strategies.
Multi-segmental cervical joints and several involved muscles that sup-
port and connect the head and neck region, in which neuronal path-
ways go through and govern daily activities such as speech, breathing,
hearing, vision, etc. For instance, Corneil et al. [1] found that signal
was propagated through cervical nerve afferents to the superior col-
liculus, a reflex centre that coordinates the movement between head
and neck. Mergner et al. [2] found that the nerve afferents also partici-
pated in the reflex responses for gaze stabilization in head movements.

1.1 The Cervical Spine

The spine (or called vertebral column) consists of 33 individual num-
bered vertebrae and can be divided into four regions; 7 vertebrae in
the cervical region, 12 vertebrae in the thoracic region, five vertebrae
in the lumbar region and nine fused vertebrae in the sacral-coccyx re-
gion. The cervical and lumbar regions have a concave curve while
the thoracic and sacral-coccyx regions look like a gentle convex curve
when observed from the side. The spinal column supports the body
and allows the actions such as standing, bending and twisting, as well
as protects the spinal cord from injury. When posture of spine changes,
a coupled movement of the joint segments is involved. The analysis of
the kinematics of the spine is complicated since not all segments are

1



2 CHAPTER 1. ANATOMY AND BIOMECHANICS OF HEAD AND
NECK

horizontal, for instance, the axial rotation of each single spine segment
does not follow the axial rotation of the head [3]. The upper cervical
spine has two vertebrae, atlas (C1) and axis (C2). Due to the two spe-
cialized vertebrae that connect to the skull, the neck has the greatest
flexibility. Atlas is the first vertebra that has the ring shape and con-
nects directly to the skull, which holds up the head and allows the
"nodding" motion of the head. The second vertebra has a peg-shaped
structure called dens that projects through the atlas, and the projection
is called odontoid which is pivoted around by atlas. The axis joint al-
lows the "side-to-side" motion. Both joints have flexion and extension
properties[3]. Every single vertebra has three main parts; body, verte-
bral arch, and processes. The body has a drum-shaped structure which
bears the weight and compression. The arch is a foramen through
which runs the spinal cord. The spinous processes on the back of the
vertebra are for the muscle attachment. A single motion segment con-
sists of a disc and two vertebrae, and the intervertebral disc keeps the
bones from rubbing together, providing the stability and flexibility of
the spine [4]. The disc also functions as a coiled spring that absorbs the
shock between the vertebrae, and small translations of each segment
are allowed due to the deformation [3].

1.2 Muscles

A complex arrangement of about twenty muscles controls the head
and neck, which enclose the cervical spine. The muscles located in
the upper cervical spine have specialized arrangement, allowing lat-
eral bending and side rotation in the occipital-atlantal (C0/C1) and the
atlanto-axial (C1/C2) joint respectively. The lower cervical spine is not
involved before the rotation exceeds 45 ◦[3]. Conversely, the muscles
located in the lower cervical spine are coherent, which means that sev-
eral segments can be activated by one muscle, resulting in segments in
the lower spine act as a whole part.
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Figure 1.1: The anatomy of the cervical vertebrae. Image source: [5]



Chapter 2

Body Kinematics from Depth Cam-
era

2.1 Depth Camera (Kinect)

Kinect, originally named "Project Natal," was presented by Microsoft
to the public in North America in 2010. The device was initially devel-
oped as a motion-sensing camera for a controller-free entertainment
system with Xbox console. With the function of body motion captur-
ing, Kinect changed the perception of the game industry. Though dis-
continuation was announced for the Kinect device, by October 2017,
it was stated that 35 million units had been sold since its release [6] .
The release of Kinect for Windows SDK by Microsoft in 2012 turned
the sensor from game-centric to PC-centric. After that, a significant
amount of developers were then able to write their own code and work
on apps. The SDK supports C++ and C and only operates on Microsoft
Windows. Besides the official API for Kinect development, current
renowned libraries allow a wider range of programing language and
operating system as Linux and OSX. Libfreenect [7] is recognized as
the project of Hector Martin in OpenKinect community based on the
Linux environment. OpenNI framework [8] is contributed by Prime-
Sense. Image Acquisition Toolbox Support Package for Kinect For
Windows Sensor [9] enables acquiring image sensor data in Matlab
and Simulink. All the libraries mentioned above provide real-time 3D
data acquisition and analyzing. Another widely used tool in health-
care applications is 3D fusion, which fuses and reconstructs consec-
utive 3D image data frames in real time. The main advantage of the
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method is that it provides increased stability comparing to single-frame,
for instance, a missing pixel in a frame can be fixed by the same posi-
tion in a later one.

Figure 2.1: The Kinect contains IR emitter, IR depth sensors, RGB camera and an array of microphones. Image
source: [10]

2.2 Sensors

The Kinect sensor consists of several essential components including
Infrared (IR) emitter, IR depth sensor, regular RGB color camera, and
microphones array. Besides, in order to work in a PC-centric environ-
ment, an external power adapter and a USB adapter are needed. Fig-
ure 2.1 shows a schematic layout of different components of a Kinect
depth camera.

2.2.1 The color camera

The color camera captures and sends the stream of the color video
data, which contains red, blue and green signals from the source. It
offers two modes: 640 * 480 @30fps and 1280 * 960 @12fps [11].

2.2.2 The IR Emitter and IR Depth Sensor

The Kinect offers an IR emitter and an IR depth sensor which is a
monochrome CMOS (Complimentary Metal-Oxide-Semiconductor) sen-
sor. The IR emitter is a projector that emits "random dots cloud" of over
200,000 points in IR light, which are invisible to humans but can be
captured by the IR depth sensor after being reected by the object. Thus
the depth information is acquired by calculating the distance from the
sensor and the point of reection. Kinect offers 640 * 480, 320 * 240 and
80 * 60 resolutions for the depth data stream [11]. Comparing to the
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normal RGB camera, the depth camera provides a 3D view of the ob-
ject regardless the lighting conditions.

2.2.3 Comparison of Kinect V2 and V1

So far, three versions of Kinect have been released, Kinect for Xbox,
Kinect for Windows, and Kinect for Xbox One. The first two are simi-
lar except that the later one is equipped with near-mode tracking func-
tion. Since these two utilize the same depth sensing technology, they
are both referred to as Kinect V1. As mentioned above, the Kinect V1
measures depth information using a coded light technique [12], which
is not always robust enough to deliver a complete frame and the ac-
quisition is usually stepped. Besides, the regular RGB camera has a
relatively low quality. Therefore, the latest release Kinect V2 was in-
troduced to the market in the summer of 2014, which provide RGB
images in High Definition with 1080 resolution and uses a new depth-
sensing technology based on time-of-ight measurement.

2.3 Time-of-flight Technique

Sell J et al. described the principle of how the time-of-ight sensor is
operated [13]. Generally, the sensor is made by different pixels, and a
single pixel is regulated by the clock and then is split and registered
to different accumulators, which generates depth data in greyscale de-
pendent and independent from ambient lightning [14]. The reected
IR light is acquired by two accumulators and the modulated signal,
therefore, has a phase shift between the emitted light and the redi-
rected light and is measured and computed with the Equation:

2d =
phase

2π
· c

fmod

where d is the distance, c is the light speed, fmod is the modulation fre-
quency. With the time-of-ight technique, Kinect V2 is able to acquire
images at multiple frequencies at 120 MHz, 80 MHz, and 16 MHz re-
spectively, decreasing the ambiguity of the depth measurement.
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2.4 The application of the Microsoft Kinect

Due to the low-cost comparing to the commercial 3D scanner, nowa-
days the Kinect devices are used as a sufficient substitute and no longer
limited to gaming filed but also used in robotics, healthcare, human-
computer interaction, etc. In fact, since it saves the cost of projects us-
ing depth sensing technology, new solutions are carried out to solve
old problems by the depth and visual imaging data proved by the
Kinect sensor. Over the last eight years, tremendous publications has
been related to the application of the Kinect in a scientific context.
Over 6000 papers related to the Microsoft Kinect have been published
in notable journals and conference proceedings, e.g., Elsevier (2096
research papers, 108 review papers), Eurographics (74 papers), ACM
(696 papers), IEEE (2992 papers). Areas range from reconstruction of
the transparent object to simultaneous localization and mapping.



Chapter 3

Previous Studies on body mo-
tion tracking

With increasing healthcare demand and economic pressure, there is
an urgent need for innovative approaches to tackle the problem. Mi-
crosoft Kinect as a commercially available system with low cost and
advanced technology has the ability to offer precise and efficiency in
clinical applications. The capacity to acquire quantitative data helps
decision-making in practice and personalized healthcare in a cost-effective
way [15].

Detecting and estimating body kinematics of human in accidents is
an active field of research and is valuable for damage prediction. Cur-
rently, there are different approaches utilizing various types of hard-
ware and algorithm [16]. Unlike following a moving person by a real
human, no intelligent computer systems can detect and classify dif-
ferent activities of a human robustly and efficiently. Difficulties lie in
several aspects, varying lighting conditions, the nature of high dimen-
sional space and interactions when human performing actions, e.g.,
occluded limbs and arbitrary appearances of the individual. How-
ever, due to the active and constant interest in the field, researchers
have achieved promising results.

One way to retrieve 3D information for pose estimation is through
2D image data, i.e., regular visual data as color images or videos. Siden-
bladh et al. [17] proposed a Bayesian method for tracking 3D human
figures using the 2D image. Kazemi et al. [18] used a random forest
classifier to recognize body part from multiple cameras. Burenius et
al.[19] showed the possibility of extending the 2D pictorial structures

8
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framework to 3D from multiple calibrated cameras.
Another way is to estimate the 3D pose directly using retrieved

3D depth information, e.g., by using point clouds. Though the most
precise way of motion tracking is by mounting physical markers on
human bodies, the cost and inconvenient still make the method un-
realistic in practice [20]. On the contrast, mark-less tracking method
as Kinect provides a low-cost and accurate motion detection method.
Gallo et al. [21] presented a controller-free system with the interaction
of medical image data. Kar et al. [22] and Nakamura et al. [23] inte-
grated the data from RGB and depth sensor to fit a skeleton model to
a human body, which addresses the problem of ambiguity when the
target and the background have the similar color.

Besides, Microsoft carried out research using dataset containing
over 100,000 human poses trained by random forest and then applied
it to various tasks such as medical image analysis [24]. Thanks to their
contribution, Kinect sensor is able to estimate real-time joint positions
of individuals and the implementation is built in the Kinect SDK. A
recent release of the Kinect SDK provides a new feature named Kinect
Fusion, which scans the 3D objects from multiple angles and then pro-
duces a 3D model from the retrieved data [25].

Regarding the applications in healthcare, such as computer-aided
diagnosis, therapy support, the Kinect sensor can provide 3D depth
data by measuring body physique of patients [16]. In the field of el-
derly care, Kinect is used to support an independent life for patients
by monitoring movement patterns and extracting health-related data
in the emergency situation, e.g., fall detection [26]. Mastorakis et al.
[27] presented a novel fall detection method using Kinect depth im-
ages rather than skeleton data. The system calculates the velocity and
thus does not take false positive activities into account. In the method,
the fall is detected by explicitly analyzing the 3D bounding box includ-
ing width, height, and depth of the human posture. The algorithm is
developed based on OpenNI, and since the high frame rate is required
in a real-time monitoring system for fall detection, considerable com-
putation is imposed. Parra-Dominguez et al. proposed a method to
detect falls and abnormal events on stairs, in which the walking speed
is estimated, and other features during stairway descending are ex-
tracted [28]. Rougier et al. [29] presented an occlusion robust method
for detecting human body falls. The accident is accurately detected
by computing 3D personal velocity before the occlusion based on the
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human centroid height from the ground.



Bibliography

[1] Brian D Corneil, Etienne Olivier, and Douglas P Munoz. “Neck
muscle responses to stimulation of monkey superior colliculus.
I. Topography and manipulation of stimulation parameters”. In:
Journal of Neurophysiology 88.4 (2002), pp. 1980–1999.

[2] T Mergner et al. “Eye movements evoked by proprioceptive stim-
ulation along the body axis in humans”. In: Experimental brain
research 120.4 (1998), pp. 450–460.

[3] Vladimir M Zatsiorsky. Kinetics of human motion. Human Kinet-
ics, 2002.

[4] Sandra Reynolds Grabowski and Gerard J Tortora. Principles of
anatomy and physiology. Wiley, 2000.

[5] OpenStax College. Anatomy Physiology, Connexions Web site. URL:
http://cnx.org/content/col11496/1.6/.

[6] DON REISINGER. Microsoft Has Finally Killed the Kinect Xbox
Sensor. URL: http://fortune.com/2017/10/25/microsoft-
kinect-xbox-sensor/.

[7] OpenKinect. OpenKinect Project: libfreenect. URL: http://openkinect.
org/.

[8] OpenNI. OpenNI: Openni framework. URL: http://www.openni.
org/.

[9] The MathWorks. Image Acquisition Toolbox Support Package for Kinect
For Windows Sensor. URL: https://se.mathworks.com/
help/supportpkg/kinectforwindowsruntime/index.
html.

[10] URL: https://commons.wikimedia.org/wiki/File:
Xbox-360-Kinect-Standalone.png.

11



12 BIBLIOGRAPHY

[11] Wikipedia contributors. Kinect — Wikipedia, The Free Encyclope-
dia. https://en.wikipedia.org/w/index.php?title=
Kinect&oldid=860099556. [Online; accessed 27-September-
2018]. 2018.

[12] Jordi Pages et al. “Overview of coded light projection techniques
for automatic 3D profiling”. In: Robotics and Automation, 2003.
Proceedings. ICRA’03. IEEE International Conference on. Vol. 1. IEEE.
2003, pp. 133–138.

[13] John Sell and Patrick O’Connor. “The xbox one system on a chip
and kinect sensor”. In: IEEE Micro 34.2 (2014), pp. 44–53.

[14] Diana Pagliari and Livio Pinto. “Calibration of kinect for xbox
one and comparison between the two generations of microsoft
sensors”. In: Sensors 15.11 (2015), pp. 27569–27589.

[15] MG Myriam Hunink et al. Decision making in health and medicine:
integrating evidence and values. Cambridge University Press, 2014.

[16] Sebastian Bauer et al. “Real-time range imaging in health care: a
survey”. In: Time-of-Flight and Depth Imaging. Sensors, Algorithms,
and Applications. Springer, 2013, pp. 228–254.

[17] Hedvig Sidenbladh, Michael J Black, and David J Fleet. “Stochas-
tic tracking of 3D human figures using 2D image motion”. In:
European conference on computer vision. Springer. 2000, pp. 702–
718.

[18] Vahid Kazemi et al. “Multi-view body part recognition with ran-
dom forests”. In: 2013 24th British Machine Vision Conference, BMVC
2013; Bristol; United Kingdom; 9 September 2013 through 13 Septem-
ber 2013. British Machine Vision Association. 2013.

[19] Magnus Burenius, Josephine Sullivan, and Stefan Carlsson. “3d
pictorial structures for multiple view articulated pose estima-
tion”. In: Computer Vision and Pattern Recognition (CVPR), 2013
IEEE Conference on. IEEE. 2013, pp. 3618–3625.

[20] Anders Boesen Lindbo Larsen, Søren Hauberg, and Kim Steen-
strup Pedersen. “Unscented kalman filtering for articulated hu-
man tracking”. In: Scandinavian conference on Image analysis. Springer.
2011, pp. 228–237.



BIBLIOGRAPHY 13

[21] Luigi Gallo, Alessio Pierluigi Placitelli, and Mario Ciampi. “Controller-
free exploration of medical image data: Experiencing the Kinect”.
In: Computer-based medical systems (CBMS), 2011 24th international
symposium on. IEEE. 2011, pp. 1–6.

[22] Abhishek Kar et al. “Skeletal tracking using microsoft kinect”.
In: Methodology 1.1 (2010), p. 11.

[23] Takayuki Nakamura. “Real-time 3-D object tracking using Kinect
sensor”. In: Robotics and Biomimetics (ROBIO), 2011 IEEE Interna-
tional Conference on. IEEE. 2011, pp. 784–788.

[24] A Criminisi, J Shotton, and E Konukoglu. “Decision Forests for
Classification, Regression, Density Estimation, Manifold Learn-
ing and Semi-Supervised Learning [Internet]”. In: Microsoft Re-
search (2011).

[25] Microsoft. Kinect Fusion. URL: https://msdn.microsoft.
com/en-us/library/dn188670.aspx/.

[26] Erik E Stone and Marjorie Skubic. “Fall detection in homes of
older adults using the Microsoft Kinect”. In: IEEE journal of biomed-
ical and health informatics 19.1 (2015), pp. 290–301.

[27] Georgios Mastorakis and Dimitrios Makris. “Fall detection sys-
tem using Kinect’s infrared sensor”. In: Journal of Real-Time Image
Processing 9.4 (2014), pp. 635–646.

[28] Gemma S Parra-Dominguez, Babak Taati, and Alex Mihailidis.
“3D human motion analysis to detect abnormal events on stairs”.
In: 3D Imaging, Modeling, Processing, Visualization and Transmis-
sion (3DIMPVT), 2012 Second International Conference on. IEEE.
2012, pp. 97–103.

[29] Caroline Rougier et al. “Fall detection from depth map video se-
quences”. In: International Conference on Smart Homes and Health
Telematics. Springer. 2011, pp. 121–128.



TRITA CBH-GRU-2018:132

www.kth.se


