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A B S T R A C T

Preventing human falls is an essential part of healthcare. Nowadays
there is a strong interest in human falling detection systems. Recent
publications use different cameras and sensor combination to detect
falls. Unfortunately, the comparison and evaluation of different sys-
tems remains challenging.
This master thesis proposes that the evaluation of falling detection
systems can be effectively done through a virtual environment. There-
fore, the transition between normal and falling behaviour is mod-
elled kinematically. For modelling the virtual environment, data is
obtained through a motion capture system. The system uses reflect-
ing markers for joint detection. Thus, the position and rotation of
body segments can be analysed.
The thesis concludes that the models of the lower body are accurate.
The upper body shows discrepancies compared to the motion capture
data. The discrepancies accrue due to different movements between
the participants while capturing the same falling type.
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1
I N T R O D U C T I O N

Falls can occur in many situations at home and are a major cause
of fatal injury [18]. They can happen while lying, walking, standing
or sitting [33]. Fall detection approaches try to detect falls through
sensors and cameras. There are systems relying on a combination
of sensor and camera data. Other fall detection systems use one or
more cameras to evaluate if a person has fallen. A key challenge for
comparing different approaches and their used techniques is that ev-
ery published method obtains data in a different way [11]. Meaning,
there is no standard method in which data is gathered. Every publica-
tion acquires data specifically for their approach without considering
requirements of other systems. Disclosed results of each system can-
not be compared to others straightaway.

Human fall datasets try to overcome this issue by providing different
types of data. They can include videos (e.g. Red, Green and Blue (RGB)
or depth data) and sensors (e.g. acceleration or gyroscope sensors).
The major limitation is the restricted amount of camera perspectives
and sensor data (cf. Table 1). This means that the comparison to other
approaches using different input parameters cannot be done with the
same dataset.

The thesis of this work is that evaluation of fall detection methods can be
done efficiently through a Virtual Environment (VE).

A VE is a computer-generated, three-dimensional representation of
the real world [6]. This thesis uses a VE to create kinematic models
of human falling in a home environment. The simulation of the vir-
tual environment provides different types of data from the kinematic
falling models. It is possible to get different camera perspectives and
simulated sensor data (e.g. data of an acceleration sensor). Compar-
ing fall detection approaches with the exact same data from the VE

enables a feasible evaluation of systems requiring various settings.

1.1 problem definition

To build-up a virtual environment, human falls and normal behaviour
must be modelled to simulate the process of falling. In this case, nor-
mal behaviour describes human movements or body positions that
are carried out during daily activities. Activities of Daily Living (ADL)
involve standing, sitting and walking. The critical part of modelling
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2 introduction

falls is the transition between normal and falling behaviour, because
the pattern of human movement changes completely. The research
question for this Master’s thesis is therefore:

Can the transition between normal and falling behaviour be modelled well
enough to be a practical simulation model?

The term simulation model characterises a 3D prototype of a body
which can simulate human movements in a virtual environment. Fur-
thermore, mathematical equations describe the developed models com-
pletely. Practical means 1) a compact kinematic description of the
body segments positions within the simulation model and 2) that
the 3D simulation of the falling procedure can be compared to a real-
life fall regarding the degree of detail in the movement. Well enough
in this contexts means that the trajectories of the modelled falls dif-
fer not more than 20 % of the body height from the captured real
life falls. Meaning, if a test person has a body height of 1.9 meters,
the trajectory positions from every recorded body joint must be in a
range of 38 centimetres. A test person with a height of 1.6 meters has
an evaluation range of 32 centimetres.
A practical simulation model can be used in a virtual environment
evaluating fall detection systems. Key challenges for the usage are the
degree of detail and the usability of the simulation. Usability means
that the simulation can be customised by the user, e.g. changing the
size of the displayed human body or changing the camera position.

1.2 contribution

The relevance and scientific contribution of this thesis is based on
multiple innovative aspects which are briefly addressed in this sec-
tion. The development of a virtual environment for human falling
procedures has not been done before. For evaluating fall detection
systems, researcher use human fall datasets. The major drawback of
these sets is inflexibility [34]. A virtual environment is useful for eval-
uating detection methods, because the same fall can be reproduced
with different parameter settings. This means that systems with dif-
ferent requirements (e.g. camera positions) can be evaluated on the
exact same data.

Second, the user is able to alter and adjust the created models to spe-
cific requirements such as height, weight or place of the fall. With
these parameters it is possible to determine if a specific fall can be
detected. Furthermore, whether the position in the in-home environ-
ment or the human size changes the detection accuracy.
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In addition, the Motion Capture (MC) data is used to derive motion
primitives for specific falling scenarios. The angular change of the in-
volved body segments describe derived motion primitives completely.
The Kinematic Motion Primitives (KMPs) and their corresponding an-
gles are reusable for any other model which uses the same motion
primitive. The benefit is that the angles can be applied to every body
without being changed, recorded or analysed again. Moreover, the us-
ability of this approach is increased compared to human fall datasets
when evaluating falling procedures.

1.3 outline

Chapter 2 describes existing human fall datasets which are currently
used to evaluate fall detection systems. Moreover, the current state-
of-the-art of deriving KMPs analysis is presented.

Chapter 3 briefly discusses the laboratory settings and the imple-
mented recording process which where used to record human motion.
Moreover, the chapter describes in more detail the different character-
istics of the participants as well as the recorded falling procedures. It
ends with a brief summary of the faced challenges.

The data analysis is outlined in Chapter 4 including the derivation of
motions primitive that are exhibited during falling procedures. These
primitive motions are defined through specific angular changes and
accompanying angular velocities. The chapter concludes by present-
ing the discovered results.

Chapter 5 illustrates modelling human falling procedures. For the
kinematic models the gained information from the previous chapters
is used for development. The chapter presents the simulation of each
falling model within a virtual environment.

Chapter 6 introduces the evaluation criteria that are used to evaluate
the developed models. These criteria are analysed and the findings
are shown throughout the chapter. The final Chapter 7 concludes the
presented work and will give and overview of possible future work.

In the appendixes detailed information about the findings are given.
Appendix A illustrates all computed angles from Chapter 4 and Ap-
pendix B shows the maximal errors of each body segment detailing
the findings shown in Chapter 6.





2
R E L AT E D W O R K

Human fall datasets enable the evaluation of fall detection systems.
These datasets represent the state-of-the-art for evaluating different
systems. Another approach is portrayed by a virtual environment
including simulations of falling scenarios. To carry out these simula-
tions, various falling procedures have to be modelled. Current human
falling models are described throughout this section.

2.1 human fall datasets

Table 1 compares common human falling datasets. The parameters
point out the main differences between datasets. The characteristics
of accessible camera angles and sensors list the total number of avail-
able system inputs. The number of different types of falls indicates
how many different types (like falling sidewards or backwards) are
recorded. However, the number of recorded falls and the number of
recorded ADL outlines the total amount of recordings.

Parameter
UR Fall

Detection [13]

SisFall

[26]

EDF

[34]

Auvinet

et. al [3]

Available camera angles 2 1 2 8

Available sensors accel. accel. - -

Number of diff. types 30 15 8 4

Number of rec. falls 30 550 320 200

Number of rec. ADL’s 40 19 1 24

Table 1: Comparison of datasets

The table demonstrates that in each set many different recorded falls
are obtainable to evaluate fall detection systems. The number of avail-
able falling types illustrates the main difference between the datasets.
UR Fall Detection dataset [13] includes the most amount of differ-
ent types. However, this dataset consists of the smallest quantity of
recorded falls.
Auvinet et. al [3] presents the dataset with the most camera angles,
but does not include any sensor data. The available camera angles
and sensors are the crucial parameter defining if an approach can be
evaluated with a dataset. The low numbers of this datasets reduces
the ability to evaluate different approaches.
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6 related work

2.2 existing models of human falls

Human movement is analysed by a lot of publications, especially gait
movement [15, 21, 22, 23]. However, the special case of modelling hu-
man falling behaviour is not entirely explored yet. Thompson et. al
[30] from the University of Louisville, USA, have done a sensitivity
analysis for human falls from an object, e.g. a bed. The work focuses
on the injury outcome of a fall in respect to specified parameters as
bed height or the mass of the subject. Due to concentrating on the
injury outcome, the model design of the human body is simplified.
In their work, no information is given about the used mathematical
model.

Researches from the University of Chicago, USA [35] use a model
of the human body consisting of six rigid segments with revolute
joints. This approach includes a model of ankle, knee and hip joints
on both sides of the body. With this model the human gait with trip
is modelled which represents a transition from normal to falling be-
haviour. The bio-mechanical description shows that they use a mix-
ture of inverse and forward dynamics to set up the equation used
to model the human fall during gait. In forward dynamics a mathe-
matical model describes how positions and velocities change due to
applied forces and torques (moments). This means, solving the mo-
tion from the forces. Whereas, inverse dynamics is solving the forces
from the motion [5].

In terms of humanoid models research focuses on preventing models
from falling. It is not the goal to let humanoid robots and therefore
their models fall, because damage to the robots can be extremely ex-
pensive and time consuming. In [31] a method is published that tries
to minimise the impact with the ground when a fall is happening. All
body trajectories are controlled to gain optimal results while consid-
ering the constraints of the feasible robot’s joint movements.

These models are not sufficient enough for building up a virtual
environment which enables the evaluation of fall detection systems.
Therefore, new models must be developed that represent a practi-
cal simulation model for human falling procedures. To develop these
models, the analysis of human motion during the falling is neces-
sary. The next section presents the state-of-the art for deriving motion
primitives.
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2.3 motion primitives analysis

Human motion can be modelled with kinematic or dynamic models.
These models represent a mathematical description of real world mo-
tions using kinematic or dynamic concepts. The difference is that a
kinematic approach does not consider forces or energy usage of the
motion in their models. This means, kinematic models describe the
human motion geometrically with variables correspond with the po-
sition, time, velocity and acceleration [5].

Kinematic models use KMPs to describe human motion. They are in-
variant motions in complex movements and can describe periodic
and discrete human movements such as walking or reaching for a
target with one hand. Invariant motions describe human movement
which are carried out similarly at every execution (e.g. a step during
walking). For complex human motions different KMPs are combined
to produce a new set of KMPs that characterises the complex motion
(e.g. reaching for a target with one hand while walking). With this ap-
proach it is possible to describe complex human motions in a lower
dimension compared to approaches which do not derive KMPs [17].

Figure 1: Procedure of deriving kinematic motion primitives (cf. [19])

Motion Capture
MC is the first step to derive kinematic motion primitives (cf. Figure 1).
The used technologies in this step can be grouped into on-line and
off-line motion capture.
Real-time application such as Virtual Reality (VR) or advanced user
interfaces use the on-line MC output for their applications. These gen-
eral domains can be specified to a wide range of applications like
games, character animation or gesture driven control [7]. This tech-
nology is often based on magnetic sensors. Faced limitations are the
range of measurement space and noisy data [10].
Off-line MC contains two processing stages to retrieve the performer’s
motion. The first stage is the actual motion tracking followed by the
fitting stage that matches tracked data to a 3D skeleton [10]. The mo-
tion can be tracked by Electromyography (EMG) signals. EMG signals
are recordings of the electrical activity of human muscles [4, 14]. Yet,
this technology is typically based on optical motion capture from mul-
tiple camera views [19, 16]. Joint maker recordings deliver the trajec-
tory of marked joints at each point in time. After the motion tracking,
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the marker position have to be mapped to a 3D skeleton. This means,
each marker has to be assigned to a specific body part or joint. The
decision which technique is used to derive KMPs depends on how the
collected information is used later on.

Analysis
Motion analysis of human body parts can be done by various ap-
proaches which involve 2D and 3D analysis of the human body struc-
tures. Human bodies can be represented by stick figures, 2D contours
or volumetric models. Thus, body segments can be approximated as
lines, 2D ribbons, and 3D volumes [2].
Typically, the limbs address the motion of the body. Hence, the veloc-
ities of the limbs or the angular velocity of various body parts can be
derived by two general strategies. Model-based approaches or meth-
ods are not relying on a given shape model [7]. Whereas, when no
shape model is given, it is more difficult to establish feature corre-
spondence between different frames. Thus, it is harder to determine
where specific body parts will be within the next frame.
With model-based approaches the recorded data is analysed to de-
rive motion primitives. Therefore, processing the motion capture data
enables feature extraction like angular velocity of body parts. This
can be achieved by various techniques such as a systematic analysis
[24]. Systematic analysis puts different peaces of information together
for extracting KMPs. Therefore, information (e.g. video or accelera-
tion data) from different sources is taken into account. Which data is
available depends on how the motion is captured. Another way is to
use different learning algorithms [32]. A decision tree can be used to
group similar movements together for deriving KMPs [12].

Re-targeting
The last step is re-targeting the gained information to enable reusage.
Michael Gleicher [8] published how to re-target information acquired
by a tracking system to fit models of different body measurements.
In this approach walking, climbing a ladder, and swing dancing are
re-targeted for different body heights.
In [19] motion primitives of legs are derived to make a robot dance.
Therefore, feasible joint angles have to be restricted to transfer the
knowledge gained from the dancer to the robot. Without this restric-
tion the robot cannot perform the dance moves, because the robot’s
joints have a limited range of motion.
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Adjusted Motion Primitve Analysis
The motion primitive analysis (cf. Figure 1) is adjusted to fit the needs
of this thesis. The adaptation is made to achieve the goal of mod-
elling and simulating human falling procedures. Every single step
uses a specific tool to derive information and further develop kine-
matic models.

Figure 2: Procedure modelling human falls

Figure 2 illustrates the detail steps of the concept. The first step is
to capture human motion. The tool used in this thesis is a motion
capture system called Qualisys [1]. It tracks markers on the moving
subject to get the corresponding trajectories throughout the record-
ing.
MATLAB enables the analysis of the 3D trajectories recorded by the
motion capture system. The MATLAB product family consists of many
different toolboxes which provide usability for various applications
[29]. The analysis focuses on computing the angles and angular ve-
locities of each motion primitive.
Re-targeting the angles and the angular velocity is a further expan-
sion of the analysis. The restriction of angular movement and their
velocity is a crucial step to derive feasible angles for the fall models.
Through this step, each motion primitive is linked to certain angular
changes and their corresponding velocity. Each motion primitive is
defined completely through certain angular movements.
The last step uses these angular movements for modelling human
falling scenarios. Each kinematic motion primitive has to be mod-
elled according to the gained information from the analysis. This in-
formation is the foundation for the kinematic model. The models are
build-up in Acumen [27] which enables 3D simulations of falling pro-
cedures.





3
M O T I O N C A P T U R E

The data acquisition part provides information about the movement
of body parts and joints. The joint trajectories are recorded with the
video system called Qualisys [1]. This chapter examines the labora-
tory setting of the motion capture, the characteristics of the partici-
pants and recorded falling procedures as well as the faced challenges.

3.1 laboratory setting

The Qualisys Track Manager (QTM) allows data capturing in 2D and
3D. Figure 3 portrays the laboratory setting containing six Qualisys
ProReflex cameras 500 for data acquisition.

Figure 3: Camera placement in laboratory

This type of camera allows a maximal measurement frequency of 500

Hz and a field of view between 10 and 45 degrees. The measurement
range lies between 0.2 and 70 meters. The range is restricted to the lab-
oratory room that reduces the range to feasible 3 to 7 meters. The cam-
era has a build-in 680 x 500 pixel Charge-Coupled Device (CCD) image
sensor. CCD sensors are light-sensitive electronic components used for
image capturing. The use of CCD technology results in very low-noise
data compared to a higher resolution Complementary Metal-Oxide-
Semiconductor (CMOS) sensor which has a considerably higher pixel
noise level. By using a patented sub-pixel interpolation algorithm, the
effective resolution of the camera is 20000× 15000 subpixels in the de-
fault setup, enabling the ProReflex camera to detect motions as small
as 50 microns [1].

11



12 motion capture

Figure 4: Motion Capture with Qualisys [20]

The video data is directly converted into coordinates within the cam-
era and there can be up to 32 cameras recording the same motion.
The laboratory setting facilitates the combination of the video footage
from the six different ProReflex cameras. Transmitting the computed
coordinates of each camera to the QTM enables the merging of the dif-
ferent perspectives into a three dimensional view of the scene (cf. Fig-
ure 4). For 3D measurements, the system needs to be calibrated. QTM

uses a dynamic calibration method where a wand is moved around
the desired recording space while a stationary reference object in this
space defines the coordinate system for the motion capture.

The system works with the help of reflecting markers placed on the
moving subject. The cameras detect the markers in each recorded
frame and give them a specific position within the coordinate system.
The software’s 3D perspective shows the marker positions and the
connecting bone structure, illustrated in Figure 3 and Figure 6. More-
over, Section 3.2 explains in detail the number of markers and their
placement during the recordings.

The obtained data can be exported in different file formats. The sup-
ported formats are Tab Separated Values (TSV) and Audio Video In-
terleaved (AVI). AVI is utilised primarily to store the recording of the
body movement into a video format and TSV especially to use the
collected data in MATLAB.

3.2 participants and marker positions

Six persons participated for recording falling procedures. Two partic-
ipants were female, whereas four were male. The weight and height
differs between 67 kg - 95 kg and 172 cm - 190 cm. To record data of
particular joint movements, markers must be placed on the moving
persons. They where placed on the following body parts:

• Left and right toe

• Left and right ankle

• Left and right knee

• Left and right hip
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• Left and right shoulder

• Left and right elbow

• Left and right wrist

This results in 14 different markers within each recorded frame, al-
lowing it to analyse 14 different trajectories of joint positions. Figure 5

demonstrates the marker positions exemplary on one participant.

(a) Upper body (b) Lower body

Figure 5: Marker placement on participant

Figure 6 shows two different frames during one recording. The two
frames represent two different events. In figure (a) all markers are
visible in contrast figure (b) is missing one marker. This is the case,
because the marker is hidden by the movement of the upper body.

(a) All markers visible (b) Left hip marker invisible

Figure 6: Markers with bone structure in Qualisys

During falling procedures, any obscuring body segment can conceal
markers. Thus, the exact placement of the markers has a great impact
on the accuracy of the calculated 3D data. Repositioning the markers
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to a better visible position can reduce the amount of hidden markers.
Though, this readjustment cannot be applied in every situation. An
example are the markers on the hip. During recording a falling pro-
cess, it is likely that the upper body, an arm or the ground conceals
the hip marker. Therefore, it is not always possible to avoid hidden
marker positions.

3.3 falling scenarios

A Falling scenarios or procedures are the process of human motions
during a fall. These scenarios can differ in their expression on every
execution, but there are movements which are similar throughout
every performance of the same falling procedure. Chapter 4 identifies
and analyses this similarities.
Capturing various falls enables to build up a VE. Every falling pro-
cedure starts with normal behaviour like sitting or standing. Table 2

illustrates the recorded falling scenarios. This scenarios are specified
through their start and end position as well as the falling direction.

Type Start Position End Position Falling Direction

1 Standing Lie resupine Backwards

2 Standing Lie on side Sidewards

3 Sitting Lie prone Forwards

4 Sitting Lie on side Sidewards

Table 2: Characteristics of recorded falling types

In Table 2 falling type 1 describes a fall from a standing position back-
wards. This falling behaviour represents the situation when a person
looses balance and therefore falls backwards and lies on the back at
the end of the falling scenario. Type 2 starts also from a standing
body position, however in this case the whole body falls to the side.
Falling type 3 and 4 are starting from a sitting position. Type 3 falls
forwards which represents the case when a person tries to stand up
from a sitting position, but looses balance in this process and falls
down. At the end of this falling scenario the person lies face-down
on the ground. The fourth type illustrates the case when a person
falls to the side. The end position is lying on one body side next to
the seating accommodation.
The numbering of the different falling scenarios in Table 2 is refer-
enced throughout the thesis. Exemplary, a fall from a standing posi-
tion backwards is called fall 1.

In each case the characteristics were explained to the participants.
Each participant performed the different falling types three times.
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Hence, 18 recordings have been created for every falling type. Overall,
the motion capture system recorded 72 falls for this master thesis.
Figure 7 illustrates the recording process which is always performed
in this manner. Meaning, the same steps are carried out for record-
ing all files. The process starts with the marker perpetration on the
participant. Followed by the verification if every marker placement is
correct. After this step, the researcher instructs the participant which
falling type should be performed. The given instructions are the in-
formation shown in Table 2.

Figure 7: Execution of recording falls

When this information is understood by the participant, the fall can
be recorded. Therefore, the participant chooses a position inside the
recording space and starts falling when the recording is started and
the researcher gives a starting signal. The recording stops after five
seconds and when this time has passed the participant can get up
again. Every falling type is recorded three times, meaning if the fall
is not recorded three times already, the recording starts again with
the positioning of the participant inside the recording space.

3.4 data processing

After capturing the motion with the QTM the unassigned trajectories
are displayed in the software and need to be linked to the correspond-
ing joint labelling list. This means, each joint has to be labelled to be
able to reuse the collected data later on in MATLAB (cf. Chapter 4).
QTM combines marker occlusion and merging detection techniques
with the tracking algorithm to be able to merge different recognised
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markers into one trajectory [20]. This implementation is very useful
when it comes to hidden markers, so that the most information possi-
ble is extracted from the recordings and stored into a labelled trajec-
tory list.

The trajectories are then exported to a AVI and TSV file. The TSV file
consists of a header and all recorded trajectories with their x,y and
z position. The MC system has the capacity to record 500 frames per
second which results in 2500 frames for a five seconds record length.
This means, each coordinate per trajectory has 2500 data points. The
header includes the information about the number of frames, cam-
eras, markers and moreover the time stamp.

3.5 challenges

During the recording one major challenge was the compliance of the
participant’s performances with falls that are not staged. The partic-
ipants need basic instructions beforehand, including the falling type
they should perform and when they should perform it. Meaning, the
falling characteristics illustrated in Table 2 are told. Hence, the degree
of authenticity is reduced and consequently the accuracy of the mod-
els relying on this data are less authentic.

The marker positions are challenging throughout the motion capture.
The positioning of the markers during the recording has an impact on
the quality of the calculated 3D data (cf. Section 3.2). This means, if a
marker is not visible through different reasons (e.g. obscuring body
segment) no data can be recorded for that point in time. This instance
lead to the fact that the markers had to be replaced for different types
of falls. For falling sidewards the marker were placed on the front
side of the participants. While recording backward or forward falls
the markers were placed alongside the participants to gain data at
the best possible rate. However, data gaps occur in the stored files
and these gaps have to be considered during the analysis.
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KMPs are derived by taking the files of the motion capture software
into account. The motion primitive analysis is divided into specific
steps. At first, the exported video footage from the QTM software
is analysed. Meaning, the overall movements of the participants are
identified as KMPs. With this knowledge the captured 3D data is anal-
ysed to get the angle positions and their velocity and acceleration of
each derived motion primitive. Afterwards, the falling scenario can
be modelled with the help of the motion primitives. This procedure
is repeated for every recorded falling type.

4.1 primitive motion derivation

KMPs are invariant motions like steps during a walking movement are
explained in Section 2.3. The analysis of these primitives gives expo-
sure to single movements in a complex motion. The characteristics
can be generalised and mapped into a virtual environment.
The process of deriving primitive motions starts by analysing the
video footage exported from QTM. Through that, KMPs can be iden-
tified and afterwards compared to the MATLAB findings to check
their correctness.

Figure 8: Recording of sidewards falls

Figure 8 takes out five frames of the video recordings portraying one
participant. The footage shows the joint position during falling type
2 (falling to the side from a standing position).

17
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Every participant performed the same fall three times to ensure that
the fall had been captured properly. As seen in frame (d) and (e) in
Figure 8 the left ankle joint is missing. Recording the same fall three
times allows to fill these data gaps.

Comparing the three different recordings of each participant results
in deriving general movements. These movements are the KMPs that
the simulated falling scenario should show. Table 3 lists the derived
KMPs for each falling type(cf. Section 3.3). Every falling scenario is di-
vided into a anterior, interior and posterior phase. The anterior phase
contains the position before the fall whereas the interior phase in-
volves all KMPs during the body is falling. When the first body part
hits the ground the posterior phase is reached. This phase includes
all KMPs that happen after the body hits the ground and moreover the
end position of the body.

Phase Body part Specification Fall 1 Fall 2 Fall 3 Fall 4

Anterior Whole body
Standing

√ √

Sitting
√ √

Interior

Whole body
Forwards

√

Backwards
√

Sidewards
√ √

Back
Forwards

√ √ √

Backwards
√

Arms Balancing
√

Legs
Bending

√ √

Streching
√

First on ground
Hip

√ √ √

Knee
√

Posterior

Back
Forward

√

Backward
√

Arms
Upward

√ √

Downward
√

Legs
Upward

√ √

Streching
√

Whole body Lying
√ √ √ √

Table 3: Motion primitives for every falling type

Table 3 represents the KMPs for different falling types (cf. Section 3.3).
It is possible that different falls contain the same motion primitives. If
a falling type does not show any KMPs for one body type it does not
have to mean that there is no movement during a particular phase.
It means that no KMPs could be driven. This is the case, when the
different video files of the falling type do not show a recognisable
movement or the movements made by different participants differ
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widely. At least 50 % of the participants have to demonstrate the same
movement for deriving a motion primitive.
The next step of the analysis is the mapping of the body angles to each
motion primitive. This is important, because it provides a checking
possibility for the later calculated angles within MATLAB. Thus, the
motion primitive angles must be changing in the falling phase (cf.
Table 3). Falling type 2 represents falling to the side from a standing
position. Table 4 maps the KMPs to the corresponding body angles.

Phase Body Part KMP Angles

Anterior Whole body Standing no change in angles

Interior

Whole body Sidewards Every Θ in X direction

Back Forward ΘBackY

Arms Balancing ΘShoulderXY, ΘElbowXY, ΘWristXY

Legs Bending ΘAnkleY, ΘKneeY

Posterior
Legs Upwards ΘHipX, ΘKneeX

Whole Body Lying no change in angles

Table 4: Angles mapped to KMPs

Figure 9 illustrates the angles with their corresponding body seg-
ments.

Figure 9: Changing body segments angles

The figure demonstrates the angles for arms and legs one side of the
body. There exists a separate angle for the left and right side of each
body segments. The simplification in the figure is made due to clarity.
The next step during the analysis is to compute the angular change
of the body segments. This calculation is performed with MATLAB.
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4.2 data handling with matlab

To derive the angular change of the motion primitives MATLAB is
used. The software provides usability for many different applications
[29]. The data handling with MATLAB consists of three main parts: at
first importing the files containing the motion data, afterwards calcu-
lating trajectories changes and angular change of body parts as well
as finally showing the results in figures.

To import data from files into MATLAB various possibilities are pro-
vided. The usage is restricted due to the format of the data file. For
reading Comma-Seperated Values (CSV) or TSV files MATLAB pro-
vides the functions csvread and readtable.

% read into array

array1 = csvread(’file1.csv’,row,column);

array2 = csvread(’file2.tsv’,row,column);

% read into table

table1 = readtable(’file1.csv’);

table2 = readtable(’file2.tsv’);

As seen in the MATLAB code above, the main difference between
those function is weather the imported data is stored in an array or
in a table. Moreover, csvread provides two more options row and
column which can limit the read-in rows and columns as explicitly
specified in these parameters. Self-developed functions provide an-
other important feature in MATLAB. These functions can be created
as follows:

function [returnVal1,returnVal2,...] = myFunc(par1,par2,...)

%function code

end

Self-developed functions can be called inside MATLAB files as any
other system function. This functionality is particular useful for han-
dling large data files. Computations can be outsourced into a self-
developed function which provides oversight and usability of the
code. The analysis and the evaluation part using this feature. Another
important aspect are the plotting possibilities in 2D and 3D.

Plotting in 2D:

subplot(rows,columns,1);

hold on

plot(x,y,’r’);

scatter(x,y,’filled’,’b’)

hold off

Plotting in 3D:

subplot(rows,columns,2);

plot3(x,y,z,’r’)

hold on

scatter3(x,y,z,’filled’,’b’);

hold off
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Plots can be split in subplots dividing a figure in rows*columns num-
ber of subplots. When dealing with large datasets, subplots provide
an easy and clear way to visualise different variables like angles or
angular velocity. 2D plots are created with the command plot or
scatter as well as 3D plots with plot3 or scatter3. Scatter creates
circles at the specified parameters location and is also known as bub-
ble plot. This presentation is used for visualise trajectory positions in
3D. However, plot connects all data points provided by the parame-
ters. Mainly used during the analysis to illustrate angles and angular
movement. All MATLAB figures shown in this chapter are created
through one of these plotting functions.

4.3 primitive motion angles

When the data from the motion capture is imported into MATLAB
(as explained in Section 4.2), the angles between the recorded joints
are computed. Therefore, all three files from one falling type and
participant are compared to each other. The median value of those
recordings are taken for further calculation. The median is used to get
rid of outliers and fill data gabs that occurred during the capturing
process.
The way Acumen displays bodies requires to know the rotation of
every body part within the coordinate system. The rotation of each
body in a three dimensional coordinate system can be completely de-
scribed by two angles. There a different combination of angles which
fulfil the criteria of completeness.

(a) 3D View (b) 2D View (X and Z) (c) 2D View (Y and Z)

Figure 10: Angle definition of body parts

Figure 10 illustrates the two chosen angles. Figure (b) defines the an-
gle between the body and the z-axis within the z and x plane. In
(c) the second angle portrays the rotation between the body and the
z-axis in the z and y plane. These angles are computed for each avail-
able point in time, by the following equation.
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ΘX = arccos
( #           »vBodyX · # »vZ

| #           »vBodyX| · | # »vZ|

)
, (1a)

#           »vBodyX =

(
X2 − X1

Z2 − Z1

)
, # »vZ =

(
0
1

)
(1b)

ΘY = arccos
( #           »vBodyY · # »vZ

| #           »vBodyY| · | # »vZ|

)
, (2a)

#           »vBodyY =

(
Y2 −Y1

Z2 − Z1

)
, # »vZ =

(
0
1

)
(2b)

Equation 1 and Equation 2 show that the body part is represented as
a vector. Thus, each body part has a specific vector for the x and z
plane as well as the y and z plane for each recorded frame. With this
vector the angles between the body part and the z axes are computed.
The angle between the left ankle and knee of the falling type 3 (sitting
position forwards). The y and z axis define the angular movement (cf.
Figure 10). The dashed lines demonstrates each participant and the
solid line represents the smoothed median angle.

Figure 11: Computed angle between left ankle and knee

The values of the angle in Figure 11 changes approximately from 0 to
π rad. If compared with the video footage, the angular displacement
is consistent. The smoothness of the median angle is reached by filter-
ing the output with a Savitzky-Golay filter.

Savitzky-Golay Filtering
A moving average filter smooths data by replacing each data point
with the average of the neighbouring data points defined within the
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span. The span is the number of data points taken into account for
the computation [9]:

ys(i) =
1

2N + 1
(y(i + N) + y(i + N − 1) + ... + y(i− N)) (3)

In Equation 3 ys(i) is the smoothed value for the ith data point, N is
the number of neighbouring data points on either side of ys(i), and
2N + 1 is the span.
Savitzky-Golay filtering can be seen as a generalised moving aver-
age. The filter coefficients are derived by performing an unweighted
linear least-squares fit using a polynomial of a given degree. The
least-squares method is a standard approach in regression analysis
which can be applied for data fitting. It tries to minimises the sum of
squared error between an observed and the fitted value [9].
An advantage of Savitzky-Golay filters are that high frequencies are
not just cut off, instead they are taken into account during the compu-
tation. Thus, the filter leaves relative maximums, minimums and scat-
tering intact. When applying Svaitzky-Golay smoothing, two rules
have to be followed. First, the span must be odd and second the poly-
nomial degree must be less than the span.

Figure 12: Comparison of smoothed and computed data

The applied filter considers a span of 10% using a polynomial model
of second order. In figure Figure 12 the dashed line represents the
data before smoothing and the solid line represents the data after be-
ing smoothed. Between second three and four the data gets smoothed
by the filter.
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4.4 findings

After this step the gained information is reviewed to check if the
computed angles are feasible compared to the captured motion. If this
is the case, the corresponding angular velocity is calculated. Figure 13

shows the left angle between ankle and knee when falling forwards
from a sitting position. The calculation angle is the same smoothed
angle as displayed in (cf. Figure 12). The dashed line represents the
fitted polynomial of the smoothed angle with a polynomial degree of
three. Furthermore, the green line shows the simplified angle derived
from the polynomial’s minimum and maximum.

Figure 13: Comparison of smoothed and simplified angle

The resulting angle for the Acumen model starts changing at 0.532
and stops changing at 4.048. Within this time the angular change is
carried out by 0.859 rad/second. The exact velocities for each falling
procedure can be found at Appendix A. The motion primitives are
defined completely through the angular changes. With this data it is
possible to model the behaviour into a virtual environment.
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M O D E L L I N G H U M A N FA L L I N G P R O C E D U R E S

The purpose of this master thesis is the analysis of the transition be-
tween normal and falling behaviour and thereafter the modelling of
this transition into a virtual environment. To accomplish this goal,
data has been captured and analysed to provide information about
real life falls. This information has also been re-targeted (cf. Sec-
tion 4.4) to enable the modelling process. The modelling as well as
the simulation of these falling procedures is performed by Acumen.
The basic structure and usage of this tool is explained in more detail
in the following section.

5.1 acumen modelling language

Acumen [27] is a tool for simulating mathematical models and it can
visualise them as 2D plots and in 3D. The information given in this
section is aligned with the Acumen reference manual [28]. The tex-
tual modelling language provides an experimental modelling and
simulation environment. The key feature of this tool is the internally
derivation of variables, which makes manual derivations in the code
obsolete. Combined with the possibility to plot in two and three di-
mensions, physical human-like behaviour can be modelled. In this
section basic Acumen features and their handling during the mod-
elling and simulation process are outlined.

Models
The basic structure of an model must include a model called Main

with a parameter called simulator. Every model must contain an
initially section and can contain an always section. The initially

section defines initial values to the introduced variables. These vari-
ables can be altered in the always section.

model Main (simulator) =

initially

// Initiation of variables

a = create aModel (paramOne, paramTwo) // Static

always

create aModel (paramOne, paramTwo) // Dynamic

A model can be instantiated through another model in the initially

or always section. When it is done initially a static instance is created,
whereas created in the rest of the body a dynamic instance is con-
structed. A static instance cannot be changed in the rest of the body,
whereas a dynamic instance can be altered within the code. Variables

25
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from the static model instance can be accessed in the rest of the body
through the object of the instance (In the above code example illus-
trated by variable a).

Expressions
Variable names in Acumen are a sequence of one or more characters
starting with a letter or an underscore, thereafter digits are possible.
Ready to use variable names in Acumen start with an underscore
(_3D). Variable names can be followed by one or more apostrophes
and they indicate that this variable is the time derivative of the vari-
able without the apostrophe. For example is x’ the first derivative of
x. There is no need to manually derive the variable x’ in the code,
because Acumen does this internally and all defined derivatives can
be used in the same way initial variables.

vector = (1,2,3,4,5),

matrix = ((1,0,0),(0,1,0),(0,0,1)),

Moreover, vectors and matrices can be created through a certain order
of parentheses and commas. In the previous example a vector and a
matrix are created.

Built-in Functions
Acumen provides built-in functions. In most cases, supported pre-
fix operators start with a letter and take explicit arguments such
as sin(x). Whereas infix operators start with a symbol such as x+y.
The only exception to this rules are xor and unary -. The supported
functions for example are unary operators like not, abs, sin, norm,

length, etc. and binary operators (+, *, dot, |, %,.ˆ, etc.).

Statements
There are five different types of statements in Acumen, each of them
will be explained shortly in the following section.
Firstly, multiple simultaneous statements can be expressed in a collec-
tion by placing a comma between them. The order is of these state-
ments are irrelevant, because they are always evaluated simultane-
ously. A discrete assignment must have a variable or derivative of a
variable on the left side and any expression on the right side. Discrete
assignments represent an instant changes in values and can be used
to indicate a discontinuous change of a variable during simulation.

t += 1, x’ += 0

Furthermore, there are continuous assignments. This type must have a
variable or derivative of a variable on the left side and any expression
on the right side. All statements in one model are evaluated simulta-
neously after all discrete assignments have been executed completely.

x’’ = -9.8, f = x’’*m,
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If-statements are the first type of conditional statements. They allow
expressions of different statements that affects different conditions. In
following example illustrates a falling object. The fist assignment is in
affect as long as x is greater than zero. Meaning, till the object reaches
the ground. If x is equal to or smaller than zero, the assignments in
the else part will be executed. In the if part, more than one variable
can be changed, as well as in the else part when the comma-separated
assignments are in parentheses.

if (x>0) then

x’’ = -9.8, ...

elseif (x=0) then

x’ = 0, ...

else

(x = 15, ...)

The second type of conditional statements are a match-statements and
they can be seen as a generalisation of an if-statement. These state-
ments enable multiple statements under various, different cases de-
pending on the value of a particular expression. In the example be-
low, only one case can be enabled at any point during the simula-
tion. The matching is done by explicit, constant values as ‘‘Fall’’ or
‘‘Ground’’.

match myState with

[ "Fall" ->

x’’ = -9.8, ...

| "Ground" ->

x’ = 0, ...

| "Reset" ->

x = 15, ...

]

The last type are iterations, as for-statements, that can be performed
in the always section. It is possible to include classic for-loops and
moreover foreach-statements.

foreach i in 1:10 do x=2*y

Evaluation Order of Models
The simulation of an acumen model has only one object, the Main

object. When more objects are created within the code, a tree of ob-
jects is created where the Main is always the root. Every simulation
sub-step needs to go through the entire tree. There are two kinds of
sub-steps performed (cf. Figure 14).
Discrete assignments and structural actions as create or terminate

are processed during a discrete step. When the structural actions are
performed and all active discrete assignments are collected, the col-
lected assignments are performed simultaneously. If variables or ob-
jects change during this performance, the discrete step is revisited.
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Important to consider for example for if-statements, because they can
be revisited in one simulation step. Otherwise, executed next is the
continuous step, where all continuous assignments and integrations
are performed. This two steps are redone as long as the end time of
the simulation isn’t reached.

Figure 14: Simulation routine in Acumen [28]

Visualising the Models
Acumen has a _3D panel that can be used to create static or dynamic
visualisations in 3D. The panel uses a Cartesian coordinate system to
address specific positions within the visualisation. A Cartesian coordi-
nate system is a coordinate system that specifies each point uniquely
in a plane by a pair (2D) or a triplet (3D) of numerical coordinates.
The coordinates in each direction (x,y,z) is the signed distances to
the point from two or three orthogonal directed lines.
The rotation of each body in the 3D simulation must be specified
through a triplet of angles in radians. The rotation is executed around
the centre of the object, and applied in the following rotation order:
first the rotation around the x-axis, then the y-axis and thereafter
the z-axis. There a predefined objects available, as boxes, cylinders
and spheres. However, Acumen also supports 3D meshes that can be
loaded into Acumen.

initially
_3D = (), _3DView = ()

always
_3D = (

Obj center=(1,1,1) rotation=(0,0,0) content="name",

Box center=(0,0,0) color=red rotation=(0,0,0)),

_3DView = ((10,10,10), (0.5,0.5,0.5))
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When the object is assigned to the _3D variable in the always section,
the panel animates the progression of the three-dimensional scene
throughout the simulation time. Not only the displayed objects can
be controlled in the visualisation, it is also possible to control the
viewpoint of the scene manually with variable _3DView. This variable
can be changed dynamically over the simulation time. Therefore, the
camera perspective and rotation can be changed dynamically.

5.2 developed models

With the features described in the last section it is possible to model
the transition between normal and falling behaviour. Therefore, dif-
ferent models are created which interact with each other to achieve
the desired falling behaviour within the simulation.

Figure 15: UML of Acumen models

The simulation parameters are defined through the Main model. In
this model one out of four different falling types can be created for
the current simulation. Thus, the user can chose which falling pro-
cedure will be simulated. Every falling model has the same transfer
parameters which influence the height, weight, and starting position
of the simulated body, the start time of the falling procedure and
how the environment and simulated body are displayed during the
simulation.
Furthermore, every falling model creates an instance of the Calcula-
tion model which is responsible for computing all joint and body parts
positions. In addition, the simulation needs to show a human body.
This is done in the initially section of the Calculation model. The
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transfer parameters for the Body model define if a bone structure or
volumed body is displayed during the simulation. In contrast, the En-
vironment model is responsible for setting up the surroundings which
includes the room settings with chairs and couches. In the following
section each model is described in more detail.

Main Model
In the Main model (cf. Figure 15) the user can influence different sim-
ulation parameters. This can be done by changing the parameters of
the falling model. When creating one of the falling models the size
and shape of the simulated human as well as the environment can be
altered. Moreover, this parameters influence falling characteristics as
for example the falling time and force with which the body will hit
the ground. In addition, the overall simulation time and the _3DView
system variable can be adjusted to adjust the overall simulation time
and the viewpoint of the scene, as described in Section 5.1.

Environment Model
The Environment model consists of various imported 3D files and stan-
dard Acumen 3D ready to use objects. These files are imported as
described in Section 5.1. Through the variable env the display set-
tings of the surroundings can be changed inside the Main model. If
1 >= env <= 3, the environment will be shown during the simulation.
If the variable has a different value, then the complete environment
will not be created and displayed during the simulation.
The user can choose between three different environments, a living
room, a bathroom, and a retirement home room. The different envi-
ronments are illustrated in Figure 16. It can be seen that every sur-
rounding has different typical furniture. The living room contains of
a couch, desk, a rack with a TV as well as a shelf. The elderly home
room includes a hospital bed, a desk, a wardrobe and a TV. The bath-
room environment includes a toilet, a shower and a washbasin. Some
of the furniture can be included into a falling procedure. This means
that the bed, couch or the desk for example can be used to simulate
a fall from the sitting position.

The different environments are not set up with one 3D file, every
furniture piece, walls and windows are separate objects in Acumen.
Hence, the setting of the rooms and the placement of every furniture
can be easily changed and adjusted to specific requirements. More-
over, other 3D files can be included through extending the Environ-
ment model. The required code for this alteration is shown in Sec-
tion 5.1. Therefore, it is possible to simulated every room size and
shape as well as every piece of furniture.
Another important aspect is that the simulated body and fall can be
altered in its position. The body position can be changed within the
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(a) Living room

(b) Retirement home room

(c) Bathroom

Figure 16: Possible simulation environments

Main model and effects the Calculation model, because the start posi-
tion of the calculation is changed through that. Another parameter
changeable in the Main model is how the simulated human body
will be displayed during simulation. The responsible variable for this
alteration is called man. Its effects are explained in the next subsection.

Body Model
The Body model is responsible for creating the 3D body within the
simulation. The user can choose how the simulated body will be
shown during the simulation. This choice is made within the Main
model through the variable man. If the value of this variable is greater
than zero a volumed and coloured body is created, whereas a value
smaller or equal to zero forces the model to display a bone and
joint model of the body. There is no option as in the Environment
model which suppresses the creation of the complete model, because
a model for a falling procedure without simulation a human body in
any form is not feasible.
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(a) Body
structure

(b) Bone struc-
ture

Figure 17: Possible human bodies during simulation

With the bone structure the bones are displayed in black and the joints
in white (cf. Figure 17). The volumed body is illustrated wearing dark
blue trousers and a light blue shirt. To be able to create the three di-
mensional body, the body height is required. All other heights of the
body parts and where the joints will be in respect to each other are
defined through the overall body height.

The dependencies between the body segments and the total height
are published in [25] and demonstrated in Figure 18. Every body seg-
ments length is calculated through the overall length of the body
which guaranties that the proportions between the different body
parts are correct and do not change during the simulation.

Figure 18: Dependency of body height and segments length [25]



5.2 developed models 33

The calculated body lengths of this model are used by the Calculation
model to compute the position of every body segment and joint at
each point in time during the simulation.

Calculation Model
During the always section of this model, an very important part of
the simulation takes place. The calculation of the position of each
body part and joint. The angles (pictured in Figure 9) are initialised
in this model and are consequently part of the calculation object. The
model uses these angles to compute the current position of each body
part and joint. Therefore, a rotation matrix is needed which maps the
rotation to the associated body segment.
The angle definition within the coordinate frame are shown in Fig-
ure 10. In Equation 4 the general rotation matrix is shown. It applies
for every body segment’s rotation. Hence, there exist one specific ma-
trix for every body part with the current angles in x and y direction.
Meaning, ΘX and ΘY are different for every body part.

R =

sin(ΘX) cos(ΘY)

sin(ΘY)

cos(ΘX) cos(ΘY)

 (4)

The general rotation matrix is derived from the angles, as shown in
Figure 10. In this figure it can be seen that both angles are computed
from the z-axis to the body part. This definition leads to basic rotation
matrices about the x and y axis.

RX =

1 0 0

0 sin(ΘY) cos(ΘY)

0 cos(ΘY) − sin(ΘY)

 (5a)

RY =

sin(ΘX) 0 cos(ΘX)

0 1 0

cos(ΘX) 0 − sin(ΘX)

 (5b)

When these two rotation (shown in Equation 5) are carried out in one
simulation step, they have to be multiplied as described in [5]. Not
all rotations calculated for this combined rotation RXY are necessary
for the computation of body part rotations. The needed rotations in
the x, y, and z plane are shown in Equation 4. The current position
of a joint or body segment is calculated through the preceding joint
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or body segment and the current rotation, exemplary shown for the
right knee in Equation 6:


Pos.

xKneeR

yKneeR

zKneeR

 =


Pos.

xAnkleR
yAnkleR
zAnkleR

+ lLoLeg


Rotation

sin(ΘrAnkX) cos(ΘrAnkY)

sin(ΘrAnkRY)

cos(ΘrAnkRX) cos(ΘrAnkY)


(6)

In Equation 6 the right knee trajectory is computed by adding the ro-
tated length of the lower leg to the trajectory of the right ankle. This is
possible, because the starting position at the beginning of the falling
procedure is well defined. Thus, every trajectory position afterwards
can be calculated from the known starting position. In addition, it
means that one trajectory throughout the falling procedure have to
be known to compute all other body part positions. The chosen tra-
jectory for that purpose is the hip. It is selected, because it is the
first body part which hits the ground in three out of the four falling
types. The sitting fall forward is the only case in which the knees hit
the ground first (cf. Table 3). The calculation is done in the exactly
the same way for every falling type and is therefore of general usage
for the falling models. This means, every falling model creates an in-
stance of the same Calculation model.

Falling Model
There are four different falling models available, each of the models
is addressed with the same possible parameters that can change the
simulation. As described before, height, weight, start position and
a time delay can change the behaviour of each model. The possible
models are a sidewards and backwards fall from standing position as
well as a sidewards and forwards fall from sitting position.
The height, the start positing, and the size of the displayed body
joints and parts are the parameters that are given in the initially

section of each falling model to create a static instance of the Calcula-
tion model.

The main part of each model in the always section is the angular
change over time involving the findings of the analysis. This is done
in different states. The states represent the different phases during
specific falls and are split up in the anterior, interior and the posterior
phase (cf. Figure 19). During the anterior phase all body movements
before a fall are described. In all of the different falling models this
phase represents either a standing or sitting position. There is no
movement in the current models during the anterior phase.
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Figure 19: States of Falling Model

The following phase is the interior phase which shows the falling
process. The interior phase is the part of the falling procedure where
the body position changes the most. It changes from either standing
or sitting to a lying position on the floor. This change is accomplished
by the angular change over time in this phase. The used velocities and
acceleration of each angle is the result of the analysis of the motion
capture data. For example, if the results for ΘX of left elbow show
a change with a certain velocity, this would result in the following
Acumen code:

calc.theta_elbowX_left’ = -2.4,

All angles are initialised in the Calculation model which means that
the variables need to be addressed with the help of the object of the
Calculation Model. In this case, the object is calc and this referenc-
ing allowing to change variables of a different model. This is possi-
ble in Acumen when the referenced model was created during the
initially section of the model code.

5.3 simulations

The predefined simulation time is five seconds, meaning the dura-
tion of the simulation is restricted to five seconds. This length can
be altered by the user. The following frames which are showing the
behaviour of the falling model are all taken out of these five seconds.
Between the presented frames 20 milliseconds passed, this means the
transition between standing or sitting to lying takes place in a time
span less then one second. The presented simulations throughout this
section will be demonstrated through the bone structure option and
without displaying an environment to be able to focus on the falling
models itself. In Figure 20 five frames are illustrated that are taken
from the simulation of the FallBackward model.
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Figure 20: Falling backwards from standing position

This type illustrates a situation where a person looses the balance and
falls backwards. Thereby, the analysis showed that the balance is tried
to get back by arm movements. The arms of the participants tend to
go upwards and this is also shown by the model.
The following figure presents five frames from the three dimensional
simulation of the FallSitForward model.

Figure 21: Falling forwards from sitting position

Figure 21 shows simulated human behaviour while falling forward
from a sitting position. This type tries to simulate the situation where
the subject attempts to get up, but the knees fail to hold the persons
weight and the whole body falls forward. While falling forward, the
participants tried to soften the fall by absorb the forces on the upper
body by their arms. This is the reason why the upper body in the
simulation does not touch the ground with its full length, the position
of the arms prevent this.

Figure 22: Falling sidewards from sitting position

In Figure 22 five frames are shown from the simulation of the FallSit-
Sideward model. This falling type represents the case when a person
slides down to the ground, because the grip on the chair, sofa, or bed
is lost. The time span between start falling and reaching the ground is
shorter than in the other models, because the falling height from a sit-
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ting position is lower and in this model there are no arm movements
which try to soften the fall.

Figure 23: Falling sidewards from standing position

The fourth falling type is presented in Figure 23, where five frames
are shown from the FallSideward model. This type of falling repre-
sents the case when a person gets unconscious and therefore loses
the balance and falls to the ground. Visually compared to the video
footage of the linkage model in QTM (cf. Section 4.1), the same mo-
tion primitives are shown as derived in the analysis. The next chapter
deals with the evaluation of the four presented models.





6
E VA L U AT I O N

The evaluation answers the research question (cf. Section 1.1) if the
transition between normal and falling behaviour can be modelled
well enough to be a practical simulation model. This chapter de-
scribes the evaluation process of the Acumen models and their simu-
lations. The evaluation is carried out with MATLAB.

The proposed evaluation criteria are derived from the demands ex-
plained in Section 1.1. At first, it has to be evaluated if the Acumen
models represent a practical simulation model. Practical in this case
means a compact mathematical description of the body parts calcu-
lation and that the 3D simulation of the falling procedure can be
compared to a real-life fall regarding the degree of detail in the move-
ment. Moreover, the trajectories of the modelled falls must be within
specific range compared to the captured motion. The allowed range
is 20 % of the body height, this means when comparing a falling type
with a subjects body size of 1.9 meters, the allowed range is 38 cen-
timetres. However, a test person with a height of 1.6 meters results in
an evaluation range of 32 centimetres. Summing up, the evaluation
will be carried out for these criteria:

• Code compactness

• Match of KMPs between motion capture and models

• Joint trajectory accuracy

The achievement of point two and three will be determined by com-
paring the captured falls with the created models. Therefore, the data
stored in the AVI and TSV files will be used.

6.1 code compactness

In this section the compactness of the calculation in Acumen is anal-
ysed. The evaluation focuses on the mathematical description of the
body parts positions within the simulation model and therefore the
Acumen code is evaluated. The criteria are the number of code lines
and how the angles and their velocities and acceleration are derived.
The Acumen implementation will be compared to MATLAB code.
The mathematical or rather kinematic description of the Acumen
code is within the Calculation model (cf. Section 5.2). This model is
used for every falling scenario with the same settings. The complete
calculation of every displayed joint and body part is realised within
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about 50 lines of code. These lines represent the always section of the
Calculation model. The initially section of this model has 21 lines
of code and within these lines all needed variables are declared. In
Acumen all variables of a model need to be declared in the initially

section first, without being able to perform calculations involving
other variables of this section. However, transfer parameters of the
model can be used to calculate values within this section. In contrast,
when compared to other tools differences can be observed.
For example, MATLAB does not have separate sections and it pro-
cesses the code once from the first line till it reaches the end of the
code. Therefore, a loop is needed to be able to run a simulation with
more than one time step. Contrary, there is no need to declare vari-
ables before their value can be computed by the combination of other
variables.

Acumen code:

model Calculation(p1)

initially

p2 = 0, p3 = 2*p1

always

p2 = 3*p3

Matlab Code:

p1 = 0.5;

p2 = p1 * 3;

p3 = p2/2;

Due to the structure in Acumen it is not possible to use variables
that are not initiated in the initially section, whereas in MATLAB
there are no sections and therefore this allocation beforehand is not
necessary. Meaning that the 21 lines of the initially sections are not
needed in MATLAB.

The second criteria is the handling of the angles and their velocities
and acceleration. In Acumen this implementation is straightforward.
Due to the fact that the angular velocity is the first derivative of the
angle and the accompanying acceleration is the second derivative of
the angle, the following code is possible in Acumen.

initially

thetaAnkle = pi/2, thetaAnkle’ = 0, thetaAnkle’’ = 3

always

if (thetaAnkle >= pi) then

thetaAnkle’’ = -3

noelse

It is not necessary to compute the angular velocity from the given
acceleration manually as well as compute the angle size in every sim-
ulation step, because Acumen has a build-in Ordinary Differential
Equation (ODE) solver. An ODE solver computes the differential equa-
tion containing one or more functions of one variable and its deriva-
tives.
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Contrary, this is not feasible in MATLAB. In MATLAB it is possible
to use ODE solver, but for computing the angle for a constant acceler-
ation, the following correlations would rather be used (cf. [5, 29]).

θ = ω̄t (7a)

ω = ω0 + αt (7b)

θ = ω0 +
1
2

αt2 (7c)

To compute the angle and the angular velocity as specified in Equa-
tion 7, the MATLAB code needs at least three extra extra lines per
angle. For the sixteen body segments which each is described by two
angles, it means at least 32 ∗ 3 more lines of code.

Criteria Acumen MATLAB

Calculation ∼ 90 number of lines ∼ 70 number of lines

Angle derivation ∼ 95 number of lines ∼ 195 number of lines

Total 185 number of lines 265 number of lines

Table 5: Evaluation of code compactness

In conclusion, when both evaluation criteria are taken into account
(cf. Table 5) the Acumen model provides a compact mathematical
description of the different falling procedures.

6.2 motion primitives accordance

Kinematic motion primitives are the foundation of the simulated mod-
els. These KMPs are defined through the angular change of the in-
volved body parts. The angular velocity is analysed within the motion
capture falls and then re-targeted for the use in Acumen. This section
evaluates if the transition between the captured real-life falls is imple-
mented in a way that insures the accordance in the Acumen models.
The derived KMPs of each falling type in Table 3 are compared to the
simulation of the same falling type.
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KMPs
Fall 1 Fall 2 Fall 3 Fall 4

MC Sim. MC Sim. MC Sim. MC Sim.

Standing
√ √ √ √

Sitting
√ √ √ √

Falling forwards
√ √

Falling backwards
√ √

Falling sidewards
√ √ √ √

Leaning back forwards
√ √ √ √ √ √

Leaning back backwards
√ √

Arms balancing
√ √

Arms upwards
√ √ √ √

Arms downwards
√ √

Leg upwards
√ √ √ √ √

X

Leg bending
√ √ √ √

Leg stretching
√ √

Lying
√ √ √ √ √ √ √ √

Table 6: Motion primitives in simulation and MC

In Table 6 MC stands for motion capture and it describes all KMPs that
are derived previously in Table 3. The table demonstrates that the
same KMPs are carried out in falling type one, two, and tree. Hence,
the simulation of both falls from a standing position and the fall from
a sitting position forwards show exactly the same KMPs as the partici-
pants during the motion capture process.
For the forth falling type (falling from a sitting position sidewards)
the derived motion primitive of the leg movement is not shown ex-
actly in the same way as performed by the participants. During the
simulation just one leg has a small upwards movement whereas the
other leg does not show any recognisable movement. The motion
primitive derived from the video recordings of the participants is de-
fined as a upwards movement for both legs. This discrepancy can
be explained by reviewing the video recordings again. Three out of
six participants can be considered as showing the motion primitive,
whereas two participants show the same behaviour as the simulation
does. Meaning, just one leg has a small upwards movement. The re-
maining participant did not lift the legs at all. A motion primitive is
derived when at least 50 % of the participants show the same move-
ment. In this case, the participants did not perform the motion prim-
itive in a clear way. Thus, the boundary value has to be reconsidered,
if the boarder is set high enough.
Summing up, this section evaluated if the derived KMPs are shown in
the simulation as well. The conclusion is that the simulation of each
falling scenario shows the same general movements of the body parts.



6.3 joint trajectory accuracy 43

6.3 joint trajectory accuracy

This section evaluates if each joint trajectory is accurate enough to
provide a practical simulation model. Practical means that the joint
trajectory must be in a specific range around the trajectories gathered
from the motion capture process.
To evaluate the simulation with the data from the MC, the simulation
must be adjusted to each participant. Each participant has his own
height and weight, meaning the simulation is executed six times with
the parameter settings of the participants for each falling type. Thus,
the height and weight of the participants are set as parameters in the
Main model and afterwards the simulation data is exported into CSV

files. 24 files are exported from Acumen in this manner.

The evaluation of each file is done with MATLAB. The files are im-
ported and analysed with the same functions as described previously
in Section 4.2. Evaluated are the trajectories of the ankles, knees, hips,
shoulders, elbows, and wrists for both sides (left and right).
The simulated joint trajectories are analysed by splitting the positions
into x, y, and z coordinates. Each coordinate is then compared to
the corresponding variable of the motion capture data. Hence, the
simulated x coordinate over time of the left ankle is evaluated based
on the x coordinate of the left ankle of the MC data.
The coordinates are compared to the real-life coordinates for each
point in time and the distance between them represents the differ-
ence of the two coordinates. All plots that are shown in this section
have a removed bias. Bias means the difference between the coordi-
nate origin and the first recorded coordinate position. The removal
of this bias over the complete dataset has to be done before compar-
ing the simulation to the real-life falls, because the coordinates of the
simulation and the MC start at different position inside the environ-
ments. Without a removal the evaluation would be impossible. Thus,
the removal of the bias allows comparing the coordinates throughout
the falling time. Moreover, the time frame is shorten to two seconds,
because each fall is finished within this time and a broader frame is
not necessary.

Figure 24 portrays the wrist movement in x direction while falling
backwards. The blue plot represents the motion capture data of the
sixth participant which has a body height of 1.72 meters and weights
76 kilogrammes. The red line shows the acumen simulation data for
the same height, weight and falling type. The falling scenario of both
data sets is a backward fall from a standing position. The dashed
green line illustrates the difference between the simulated and the
captured data. When the difference is smaller than 20 % of the body
height (in Figure 24 it means 34.4 cm), the error is represented with a
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zero value. When the distance between the two graphs is bigger than
the defined range, the error function shows the difference between
the plots in centimetres. In the presented case, it can be seen that the
overall direction of the movement in x is portrayed well, but the wrist
movement of the participant shows quicker changes over the time
period.

Figure 24: Falling type 1: Left wrist in X direction

Figure 25 shows the wrist movement of the same participant in y and
z directions. It is compared to the same simulation as represented
in the previous figure. Considering the motion in this direction, the
movements after 0.4 seconds tend to differ in opposite directions. This
can be the case when the directions within the different participants
differ from each other. This phenomena is observed especially when
comparing the movement of elbows and wrists. Hence, the arm move-
ments are not completely similar throughout the recording of the
same falling procedure with each participant. Consequently, the cho-
sen direction for the simulation does not fit all movements of the
participants.

Figure 25: Falling type 1: Left wrist in Y direction
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The z direction of the same wrist movement is shown in Figure 26. In
this case, the wrist movement of the simulated model fits the motion
capture data. This means, the position of the z coordinate of the sim-
ulated model is always within the defined 34.4 centimetres range. Til
0.6 seconds of the falling time both data sets are very similar, after-
wards it can be noticed that the simulation coordinate shows an extra
movement. The motion capture data does not change the direction af-
ter it reached the ground. However, the simulation data shows such
an movement. This can be explained by the different movements of
each participant during the recording. When most of the participant
show such an upwards movement, it is included into the simulation
model which does not mean that every participant has to show the
movement in the same intensity.

Figure 26: Falling type 1: Left wrist in Z direction

Another important aspect is how the simulation changes when the
parameters change. This means, what happens when the same coor-
dinate of a fall is evaluated between different participants. The fol-
lowing results present a fall from a standing position sidewards.
Figure 27 illustrates the z coordinates of the right knee while falling to
the side for two different persons. The simulated body of the smaller
participant needs less time to fulfil the movement than the taller par-
ticipant. As discussed before, not every participant shows the same
movements during the complete falling time. In this case, the the par-
ticipant shown in subplot (b) does a contrary movement backwards,
whereas the taller participant shown in (a) does not make this par-
ticular movement. To stay in the range a median movement between
those to opposites are shown by the simulation.
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(a) Participants body height of 1.88 metres

(b) Participants body height of 1.72 metres

Figure 27: Falling type 2: Right hip in Z direction

The described evaluation for the knee of the sideward fall and the
wrist of falling backwards is conducted for every joint listed before.
This means, 18 coordinates are compared for each falling type and
each of these coordinates produces an error function. Hence, after
the evaluation is carried out every falling type contains six error func-
tions per coordinate, concluding in 18 ∗ 6 = 108 error functions. From
all the produced error functions of one coordinate the maximal error
is obtained and afterwards compared if the maximal error is bigger
than the allowed range. If the maximal error between the simulated
and the motion capture data is smaller than the specified range the
coordinate of this participant is evaluated as success. This method
evaluates each coordinate x, y, and z independently from each other.
This method is preferred, because it allows to draw conclusions on
every coordinate itself.

Table 7 and Table 8 display the number of how many coordinates are
evaluated as success. Meaning, the x, y, and z coordinates of each
falling type are grouped together and the displayed value in the table
represents how often each coordinate of a specific falling type is eval-
uated as success. Thus, when 6/6 is displayed in the table, it means
that every comparison from this coordinate was within the defined
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range. Thus, every evaluation of the simulated coordinate compared
to the six different participants is declared as success. When the num-
ber decreases, it means that the matches decline. The following table
illustrates the findings for the lower body.

Joints Fall 1 Fall 2 Fall 3 Fall 4

Position x y z x y z x y z x y z

Ankle right 6/6
6/6

6/6
6/6

6/6
6/6

6/6
5/6

6/6
6/6

6/6
6/6

Ankle left 6/6
6/6

6/6
6/6

6/6
6/6

6/6
5/6

6/6
6/6

6/6
6/6

Knee right 6/6
6/6

6/6
6/6

6/6
6/6

6/6
6/6

6/6
6/6

6/6
6/6

Knee left 6/6
6/6

6/6
6/6

6/6
6/6

6/6
6/6

6/6
6/6

6/6
6/6

Hip right 6/6
6/6

6/6
6/6

6/6
6/6

6/6
6/6

6/6
6/6

6/6
6/6

Hip left 6/6
6/6

6/6
5/6

6/6
6/6

6/6
6/6

6/6
6/6

6/6
6/6

Table 7: Evaluation of lower body joint trajectories

Table 7 demonstrates at which body joints the simulated models are
exact and at which the precision is lower. Considering the lower body
from ankles to the hips, 3 out of 432 are not within the range. 432 is
the total amount of all compared variables in the table. Hence, the
variables which are out of the range represent 0.69 % of all variables,
therefore 99.31 % are within the defined area. These percentages are
calculated through 3∗100/432 = 0.69 % and (432−3)∗100/432 = 99.31 %.
Once the x coordinate is not in the range and twice the y coordinate.
The z coordinate is always within the defined boundary.

The coordinates in every direction are also analysed and evaluated
for the upper body, shown in the table below.

Joints Fall 1 Fall 2 Fall 3 Fall 4

Position x y z x y z x y z x y z

Shoulder right 5/6
6/6

6/6
6/6

6/6
6/6

6/6
6/6

6/6
6/6

6/6
6/6

Shoulder left 4/6
6/6

6/6
6/6

6/6
5/6

6/6
6/6

6/6
6/6

5/6
6/6

Elbow right 5/6
4/6

6/6
6/6

6/6
6/6

3/6
6/6

6/6
3/6

6/6
6/6

Elbow left 6/6
3/6

6/6
4/6

6/6
6/6

4/6
5/6

6/6
4/6

6/6
6/6

Wrist right 6/6
6/6

6/6
5/6

5/6
6/6

6/6
6/6

6/6
6/6

4/6
6/6

Wrist left 5/6
4/6

6/6
4/6

5/6
6/6

6/6
5/6

6/6
6/6

4/6
6/6

Table 8: Evaluation of upper body joint trajectories

Analysing the evaluation of the upper body in Table 8, the precision
of the coordinates drops. 36 out of 432 variables which means 8.3 %
of all coordinates are not evaluated as success. Hence, the achieved
accuracy of all falling scenarios considering the upper body joints is
91.67 %. This means that over 90 % of all variables are still within the
defined range, but compared to the lower body the accuracy drops
nearly by 10 %. This leads to the conclusion that the lower body joints
are simulated more precise throughout all participants than the upper
body parts.
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Moreover, in Table 8 just one z coordinate is not within the defined
range. Thus, the z coordinate has an accuracy of 143 out of 144 vari-
ables, resulting in 99.31 %. Concluding that the drop of the accuracy
at the upper body is due to the x and y coordinates and not caused
by the z direction. This can be explained by the fact that the falls are
similar regarding the change of height which the z coordinates rep-
resents. The arms are reducing the height in the same amount as the
rest of the body. Whereas, the arm movements are primarily different
in the x and y direction.

The evaluation of falling type 1 (backwards from standing position)
has its worst accuracy at the elbows. Just 83.33 % of the left and
right elbow variables in x, y, and z direction are within the specified
range. The reason for this low rate is the different arm movements of
each participant. If half of the participants make an arm movement
in the opposite direction and the difference between the movements
is big enough, it is not possible to derive one model of this falling
type that will fit every move of the participants. The worst case sce-
nario for falling type 1 occurred at the right elbow. One participant
differed 82.68 centimetres in the x direction and 79.99 centimetres in
the y plane. This is because this person showed a completely different
movement than the rest of the participants and is therefore not within
the defined range. Appendix B holds the detailed information about
the maximal errors of each coordinate outside of the specified range
for every falling type.
All other comparisons between the motion capture data and the sim-
ulated variables for this falling type differed less. The analysis of
the other participants showed that every other coordinate that is not
within the range differs less than 50 centimetres from the captured
data. This means that the occurring deviation between the allowed
range and the actual values is smaller than 20 centimetres. From
this findings can be concluded that the simulation of this specific
falling type cannot be illustrated by one movement. Especially the
arm movement is carried out differently by the participants. Mean-
ing, the model is accurate for one case of falling backwards, but their
are variations of this fall that are not illustrated by this model.
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C O N C L U S I O N A N D F U T U R E W O R K

A key challenge for comparing different fall detection approaches
is that every method obtains data in a different way. The proposed
thesis is that the evaluation can be done efficiently through a virtual
environment. The major advantage compared to the state-of-the-art
of human fall datasets is that the virtual environment is more flexible.
Requirements such as camera perspective, room partitioning or body
height and weight can be changed at any time. To build-up a virtual
environment real life falls are captured and analysed to enable the
modelling of human falling scenarios.
Therefore, the models are based on findings derived from real-life
falls. The evaluation takes the motion capture data, the developed
models, and their simulation into account. The three evaluation crite-
ria are the compactness of the kinematic description, the accordance
of the KMPs, and the accuracy of the joint trajectory. The simulated
trajectories of the practical simulation model must be within a range
of 20 % of the body height to be considered “well enough”. This
percentage is the area in which the trajectories are allowed to differ.
Each individual criteria is brought together to answer the research
question.
The result of evaluating the kinematic description is that the imple-
mented mathematical statements in Acumen are compact. The joint
trajectory of each falling scenario and the derived motion primitives
were evaluated with the data obtained by the motion capturing pro-
cess. The accordance of the motion primitives between the captured
data and the simulated models is given. Moreover, the evaluation re-
sults show that a distinction between the accuracy of the lower and
the upper body trajectories have to be made. The lower body trajecto-
ries are in 99.3 % within the specified range. However, the coordinates
of the upper body are in the range with a percentage of 91.67 %.

The research question of this master thesis is if the transition between
normal and falling behaviour can be modelled well enough to be a
practical simulation model. Each of the four falling models present a
simulation model. To be considered a practical simulation model, the
kinematic description must be compact and the 3D simulation of the
falling scenario has to be comparable with real-life falls. These two
points were found to be met by the evaluation.
Furthermore, the evaluation demonstrates that a distinction between
the upper and the lower body have to be made. Concluding that the
transition between normal and falling behaviour of the lower body
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is modelled well enough to be a practical simulation model. In case
of the upper body, the developed simulation model cannot be consid-
ered to be satisfactory. The simulation model of the upper body needs
improvements to be considered a practical simulation model, because
not every variation of the participants upper body movements are
covered by the current models.

The limitations of this work are the number of modelled falling sce-
narios and the settings of the VE. The virtual environment is limited
through the provided options for the surroundings and the human
body. Furthermore, the accuracy of the simulated upper body trajec-
tories restrict the usability of this models. Another limitation presents
the Acumen language itself. The distinction between the initially and
the always sections limits the way how compact the models can be
coded.

The developed simulation models provide room for many improve-
ments and further research. The number of different falling types
have to be increased to represent the standards of current human
fall datasets. Moreover, the accuracy of the upper body have to be
improved to be a practical simulation model. Considering the fact
that the participants showed contrary movements, especially at upper
body segments, led to the conclusion that there is not one behaviour
that fits all participants well enough. Therefore, a new strategy has
to be used to derive motion primitives that allow more liberty for
the models. Additionally, the process of deriving motion primitives
from the obtained real-life data can be enhanced by using learning
algorithms. For example, using a decision tree to group similar move-
ments together can refine the derived motion primitives.
Regarding Acumen, the developed environment and the representa-
tion of the human body can be improved. Creating more accurate 3D
objects enhance the displayed body and environment in the 3D an-
imation. Acumen itself can also be improved. The evaluation of the
Acumen models demonstrated that splitting up the code in two sec-
tions (initially and always) takes longer than compared to MATLAB.
It could be useful for Acumen to explore ways that make the distinc-
tion between the statements of the initially and the always section
more concise.
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C O M P U T E D A N G L E S

In the following section the computed angular change from Chap-
ter 4 is illustrated in detail. The tables consist of the angles during a
falling type and their positions over time. The calculated velocity is
the angular velocity between the two positions.
Every falling type is presented through four tables. Two tables demon-
strating the angle in the x and z plane and two tables in the y and z
plane. Furthermore, within this planes the angles are split up for the
left and right body segments.

Falling Type 1: Backwards from standing position
The following table demonstrates the angular change in the x and z
plane of the right body segments.

Body part angle
Position 1

in rad

Time 1

in seconds

Position 2

in rad

Time 2

in seconds

Velocity

in rad/seconds

Foot to Ankle 0.101 0.000 1.582 4.998 0.296

Ankle to Knee 1.348 0.658 2.840 4.012 0.445

Knee to Hip 0.089 0.766 1.448 4.000 0.420

Hip to Shoulder 2.572 0.094 4.954 3.902 0.626

Shoulder to Elbow 0.061 0.160 1.883 4.066 0.466

Elbow to Wrist 1.611 0.842 0.234 4.058 -0.428

The following table shows the angular change in the x and z plane of
the left body segments.

Body part angle
Position 1

in rad

Time 1

in seconds

Position 2

in rad

Time 2

in seconds

Velocity

in rad/seconds

Foot to Ankle 0.103 0.822 0.405 3.910 0.098

Ankle to Knee 0.168 0.594 1.095 3.962 0.275

Knee to Hip 2.726 1.058 1.999 4.998 -0.184

Hip to Shoulder 0.004 0.252 1.959 3.944 0.529

Shoulder to Elbow -0.176 1.236 0.898 4.284 0.353

Elbow to Wrist 1.661 0.894 2.265 4.998 0.147
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The following table illustrates the angular change in the y and z plane
of the right body segments.

Body part angle
Position 1

in rad

Time 1

in seconds

Position 2

in rad

Time 2

in seconds

Velocity

in rad/seconds

Foot to Ankle 0.101 0.000 1.582 4.998 0.296

Ankle to Knee 0.739 0.408 3.072 3.960 0.657

Knee to Hip 0.019 0.698 0.232 4.076 0.063

Hip to Shoulder 2.487 0.000 5.273 4.154 0.671

Shoulder to Elbow -0.065 0.756 2.612 4.256 0.765

Elbow to Wrist 1.303 0.978 1.060 4.398 -0.071

The following table outlines the angular change in the y and z plane
of the left body segments.

Body part angle
Position 1

in rad

Time 1

in seconds

Position 2

in rad

Time 2

in seconds

Velocity

in rad/seconds

Foot to Ankle 0.013 0.704 1.210 3.992 0.364

Ankle to Knee -0.019 1.036 0.558 4.600 0.162

Knee to Hip 2.749 2.414 2.194 4.998 -0.215

Hip to Shoulder 0.153 0.500 2.244 4.004 0.597

Shoulder to Elbow -0.027 1.318 0.941 4.148 0.342

Elbow to Wrist 1.861 0.626 1.656 3.906 -0.063

Falling Type 2: Sidewards from standing position
The following table demonstrates the angular change in the x and z
plane of the right body segments.

Body part angle
Position 1

in rad

Time 1

in seconds

Position 2

in rad

Time 2

in seconds

Velocity

in rad/seconds

Foot to Ankle 1.733 0.000 1.522 3.498 -0.060

Ankle to Knee 1.035 0.790 2.605 4.236 0.456

Knee to Hip 0.082 0.696 1.483 4.038 0.419

Hip to Shoulder -0.013 0.670 2.027 4.000 0.613

Shoulder to Elbow 2.897 0.764 4.434 4.120 0.458

Elbow to Wrist 1.921 3.154 1.639 4.998 -0.153



computed angles 53

The following table shows the angular change in the x and z plane of
the left body segments.

Body part angle
Position 1

in rad

Time 1

in seconds

Position 2

in rad

Time 2

in seconds

Velocity

in rad/seconds

Foot to Ankle 1.192 2.658 1.529 4.998 0.144

Ankle to Knee 0.014 0.642 1.660 3.956 0.497

Knee to Hip -0.001 0.754 1.346 4.420 0.367

Hip to Shoulder 2.738 0.392 4.861 4.646 0.499

Shoulder to Elbow 0.536 0.604 -1.422 3.648 -0.643

Elbow to Wrist 1.715 0.000 2.503 4.998 0.158

The following table illustrates the angular change in the y and z plane
of the right body segments.

Body part angle
Position 1

in rad

Time 1

in seconds

Position 2

in rad

Time 2

in seconds

Velocity

in rad/seconds

Foot to Ankle 1.733 0.000 1.522 3.498 -0.060

Ankle to Knee 1.348 0.932 2.298 4.172 0.293

Knee to Hip 0.081 0.000 0.708 3.132 0.200

Hip to Shoulder 0.002 0.734 2.270 4.262 0.643

Shoulder to Elbow 2.876 0.582 3.716 3.894 0.254

Elbow to Wrist 2.749 0.800 1.702 4.160 -0.312

The following table outlines the angular change in the y and z plane
of the left body segments.

Body part angle
Position 1

in rad

Time 1

in seconds

Position 2

in rad

Time 2

in seconds

Velocity

in rad/seconds

Foot to Ankle 0.471 0.952 0.586 3.974 0.038

Ankle to Knee 0.227 0.660 1.529 3.762 0.420

Knee to Hip 0.004 0.772 1.268 4.210 0.368

Hip to Shoulder 2.851 0.904 5.281 4.998 0.594

Shoulder to Elbow 0.352 0.778 -1.416 3.658 -0.614

Elbow to Wrist 3.059 0.980 1.088 3.872 -0.682
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Falling Type 3: Forwards from sitting position

The following table demonstrates the angular change in the x and
z plane of the right body segments.

Body part angle
Position 1

in rad

Time 1

in seconds

Position 2

in rad

Time 2

in seconds

Velocity

in rad/seconds

Foot to Ankle 2.419 0.184 1.447 3.890 -0.262

Ankle to Knee 1.216 0.548 0.390 4.054 -0.236

Knee to Hip 0.636 0.120 1.999 3.870 0.364

Hip to Shoulder 2.243 0.242 1.416 3.910 -0.225

Shoulder to Elbow 0.112 0.788 1.805 4.174 0.500

Elbow to Wrist 1.362 0.000 1.530 1.938 0.087

The following table shows the angular change in the x and z plane of
the left body segments.

Body part angle
Position 1

in rad

Time 1

in seconds

Position 2

in rad

Time 2

in seconds

Velocity

in rad/seconds

Foot to Ankle 2.040 0.000 -0.295 2.940 -0.794

Ankle to Knee 0.652 0.142 1.930 3.946 0.336

Knee to Hip 1.863 0.000 1.141 2.036 -0.355

Hip to Shoulder 0.153 0.860 1.560 4.284 0.411

Shoulder to Elbow 3.125 0.714 1.587 4.304 -0.428

Elbow to Wrist 1.500 1.010 2.912 4.758 0.377

The following table illustrates the angular change in the y and z plane
of the right body segments.

Body part angle
Position 1

in rad

Time 1

in seconds

Position 2

in rad

Time 2

in seconds

Velocity

in rad/seconds

Foot to Ankle 2.419 0.184 1.447 3.890 -0.262

Ankle to Knee 0.586 0.462 0.207 3.976 -0.108

Knee to Hip 0.053 0.528 2.924 4.100 0.804

Hip to Shoulder 2.254 0.588 1.545 4.080 -0.203

Shoulder to Elbow 0.198 0.982 1.953 4.404 0.513

Elbow to Wrist 1.348 0.000 1.549 4.998 0.040
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The following table outlines the angular change in the y and z plane
of the left body segments.

Body part angle
Position 1

in rad

Time 1

in seconds

Position 2

in rad

Time 2

in seconds

Velocity

in rad/seconds

Foot to Ankle 2.690 0.000 0.752 3.836 -0.505

Ankle to Knee 0.000 0.532 3.021 4.048 0.859

Knee to Hip 2.187 0.000 0.848 1.870 -0.716

Hip to Shoulder 0.146 2.994 0.468 4.998 0.161

Shoulder to Elbow 3.159 0.962 1.699 4.998 -0.362

Elbow to Wrist 1.596 0.956 2.068 4.346 0.139

Falling Type 4: Sideward from sitting position
The following table demonstrates the angular change in the x and z
plane of the right body segments.

Body part angle
Position 1

in rad

Time 1

in seconds

Position 2

in rad

Time 2

in seconds

Velocity

in rad/seconds

Foot to Ankle 1.511 0.000 1.572 4.998 0.012

Ankle to Knee 1.018 0.858 2.764 4.478 0.483

Knee to Hip 0.037 0.654 1.441 3.974 0.423

Hip to Shoulder 1.385 0.000 2.059 2.978 0.226

Shoulder to Elbow -0.016 0.614 1.604 4.006 0.478

Elbow to Wrist 1.994 0.972 2.775 4.516 0.220

The following table shows the angular change in the x and z plane of
the left body segments.

Body part angle
Position 1

in rad

Time 1

in seconds

Position 2

in rad

Time 2

in seconds

Velocity

in rad/seconds

Foot to Ankle 1.239 1.192 1.420 4.998 0.047

Ankle to Knee 0.093 0.500 1.668 3.948 0.457

Knee to Hip 2.575 0.802 0.989 4.122 -0.478

Hip to Shoulder 0.186 0.878 1.685 4.132 0.461

Shoulder to Elbow 2.912 0.426 1.363 4.024 -0.431

Elbow to Wrist 2.309 1.132 2.609 4.998 0.077
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The following table illustrates the angular change in the y and z plane
of the right body segments.

Body part angle
Position 1

in rad

Time 1

in seconds

Position 2

in rad

Time 2

in seconds

Velocity

in rad/seconds

Foot to Ankle 1.511 0.000 1.572 4.998 0.012

Ankle to Knee 1.410 0.842 1.920 4.218 0.151

Knee to Hip 0.292 0.434 0.815 3.714 0.160

Hip to Shoulder 1.508 0.926 2.185 3.924 0.226

Shoulder to Elbow 0.206 0.716 0.737 4.010 0.161

Elbow to Wrist 2.712 0.916 2.052 4.402 -0.189

The following table outlines the angular change in the y and z plane
of the left body segments.

Body part angle
Position 1

in rad

Time 1

in seconds

Position 2

in rad

Time 2

in seconds

Velocity

in rad/seconds

Foot to Ankle 0.546 1.164 1.123 4.584 0.169

Ankle to Knee 0.270 0.588 1.335 3.780 0.334

Knee to Hip 2.881 0.876 1.405 4.416 -0.417

Hip to Shoulder 0.090 0.944 1.493 4.242 0.425

Shoulder to Elbow 3.191 0.694 1.185 4.060 -0.596

Elbow to Wrist 2.954 0.952 1.757 4.324 -0.355
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M A X I M A L E R R O R O F J O I N T P O S I T I O N S

The appendix outlines the detail evaluation results of the joint posi-
tions from Chapter 6. The presented tables in this section show the
maximal error of the coordinates x, y and z for every falling type. The
number of displayed error depends on how many participants were
not in the evaluation range (cf. Section 6.3). These errors are ordered
descending, starting with the highest error. The listed body segments
are the ones which show an error that is greater than the allowed
range.

Falling Type 1: Backwards from standing position
The table below illustrates the maximal errors of each body segment
when falling backwards from a standing position.

Joint Position
Max. Error

X in cm

Max. Error

Y in cm

Max. Error

Z in cm

Shoulder right 42.68 - -

Shoulder left 44.04 / 43.44 - -

Elbow right 82.68 79.09 / 69.59 -

Elbow left - 46.89 / 45.56 / 41.07 -

Wrist left 42.88 47.61 / 35.90 -

Falling Type 2: Sidewards from standing position
The table below shows the maximal errors of each body segment
when falling sidewards from a standing position.

Joint Position
Max. Error

X in cm

Max. Error

Y in cm

Max. Error

Z in cm

Hip left 39.91 - -

Shoulder left - - 43.18

Elbow left 49.15 / 39.26 - -

Wrist right 65.03 57.99 -

Wrist left 67.11 / 44.01 47.70 -
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Falling Type 1: Forwards from sitting position
The table below outlines the maximal errors of each body segment
when falling forwards from a sitting position.

Joint Position
Max. Error

X in cm

Max. Error

Y in cm

Max. Error

Z in cm

Ankle right - 42.36 -

Ankle left - 46.59 -

Elbow right 66.34 / 49.58 / 51.74 - -

Elbow left 75.19 / 57.88 41.01 -

Wrist left - 53.85 -

Falling Type 1: Sidewards from sitting position
The table below demonstrates the maximal errors of each body seg-
ment when falling sidewards from a sitting position.

Joint Position
Max. Error

X in cm

Max. Error

Y in cm

Max. Error

Z in cm

Shoulder left - 44.58 -

Elbow right 61.03 / 41.73 / 39.07 - -

Elbow left 58.69 / 49.54 - -

Wrist right - 72.26 / 46.69 -

Wrist left - 47.61 / 35.90 -
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