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ABSTRACT

FALL RISK ASSESSMENT USING GAIT PARAMETERS

Falls lead to severe public health problems resulting in devastating psychologi-
cal and physical consequences for older people and their families. Therefore, fall risk
assessment has been a popular field of research in the last decades to understand the
underlying reasons of the fall and eventually to identify people at high fall risk so that
effective preventive strategies for falls can be taken at an early stage. Clinical and
functional fall risk assessment tools are not objective and reliable for the assessment
of fall risk as they require human observation and judgement. Related studies aim to
assess the fall risk based on gait parameters in a more objective way, however, they
either propose obtrusive systems composed of numerous sensors or do not utilize ma-
chine learning methodology. In this study, we employ machine learning techniques and
aim to develop an accurate, unobtrusive, objective and continuous fall risk assessment
system based on gait parameters. For this purpose, we studied two gait analysis tech-
niques: a Kinect-based gait analysis system, and a foot-mounted inertial sensor-based
gait analysis system developed by our research group. Using the latter, experiments are
conducted to extract gait parameters of 37 subjects of whom 21 have neurological con-
ditions with gait implications. Gait features are computed from these gait parameters.
Feature selection techniques are used to determine the most significant gait features.
Based on these features, different machine learning algorithms are employed to classify
people into high and low fall risk groups. This system enables us to identify people
who are likely to experience a fall in the near future and inform their caregivers to
take preventive interventions. The predictions are evaluated based on the accuracy,

sensitivity, specificity and F-measure.
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OZET

YURUME PARAMETRELERINI KULLANARAK DUSME
RISKI DEGERLENDIRMESI

Diigmeler, yaghlar ve aileleri i¢in ciddi sonuclar iceren onemli saglik sorunlarina
neden olur. Diigmeleri 6nlemek i¢in etkili 6nlemler erken bir agamada alinmahdir. Bu
nedenle, diigme riskinin degerlendirilmesi, diigme riski seviyesinin saptanmasi ve bu se-
viyeye uygun bir onlem alinmasi i¢in onemlidir. Kullanilan diigme riski degerlendirme
olcekleri, kigiden kisiye degisen gozlem ve yargiya baglh oldugundan dolay1 objektif ve
glivenilir degildir. Yiirtime parametrelerini kullanarak diigme riskini daha objektif ve
dogru bir gekilde degerlendirmeyi amaglayan sistemler vardir. Ancak bu sistemler ya
¢ok sayida sensorden olusur ve kullanimi rahatsizlik vericidir ya da makine 6grenme
metodolojisinden faydalanmamaktadir. Bu ¢aligmada, makine 6grenme tekniklerinden
faydalanarak, yiiriiyiis parametrelerine bagl, dogruluk orani yiiksek, rahatsizlik verici
olmayan, objektif ve stirekli 6lgiimleme yapmay1 hedefleyen bir sistemin gelistirilmesi
amaglandi. Bu amacla, iki yiirtime analizi teknigi incelendi: Kinect tabanli bir sis-
tem ve aragtirma grubumuz tarafindan gelistirilen ayaga monte edilen hareket sensorii
tabanl bir sistem. Ikinci sistemi kullanarak, deneyler yaptik ve deneylerimize 21
tanesi norolojik sorunlara sahip olmak iizere toplam 37 denek katildi. Bu deney-
lerin amaci yiiriime parametreleri lizerinden, yiiriime 6zniteliklerini hesaplamakti. En
onemli yirtime oznitelikleri, oznitelik segme yontemleri kullanilarak belirlendi. Bu
oznitelikleri kullanarak, cesitli makine 6grenme yontemleri ile denekler iki farkli gruba
simiflandirildi: yiiksek ve diigiik diigme riskli grup. Bu sistem, diigme riski ytliksek olan
kigileri tespit etmemizi sagladi ve sistem sayesinde kiginin yakinlari énlem almalar:
i¢in uyarildi. Simiflandirma sonuglar1 dogruluk, duyarlilik, 6zgiilliikk ve F-Ol¢tisii temel

alinarak degerlendirildi.
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1. INTRODUCTION

Falls cause severe public health problems with potentially devastating conse-
quences and significant financial implications for older people and their families. Falls
mostly lead to serious psychological and physical consequences for older adults such as
fear of falling, post fall anxiety, loss of independence and confidence, decreased physical
ability, injury, hospitalization and even mortality [1]. These consequences result in a
further restriction in daily activities, which causes further damage in the psychological
and physical wellbeing of people. Moreover, falls incur both direct and indirect costs
to the family and society. Direct costs to the family are the cost of hospitalization,
treatment and care. Falls also cause societal and indirect costs that are severe for the
family and the society such as loss of productivity of family caregivers which would

have been used more effectively if the family member had not experienced fall [2,3].

Approximately one third of people aged 65 and over fall each year, and for those
who aged over 70, the rates are even higher. Between 20% and 30% of the falls result in
mild to severe injuries, and approximately 15% of all emergency department visits result
from falls [4]. This requires taking effective intervention strategies to prevent falls and
finally to eliminate damaging consequences and fall incurred financial costs. Moreover,
a fall may be the first indicator of an undetected illness. Therefore, it is a vital issue to
identify people at higher risk of fall so that the most appropriate interventions can be
implemented and ultimately the risk of fall can be reduced. Thus, elderly’s quality of
life is improved. In this sense, fall risk assessment plays a significant role in determining
the fall risk level of individuals and eventually in helping taking steps to prevent the

possible harm and cost to potential fallers and the relevant stakeholders [5].

Falls are caused by the complex interaction of multiple risk factors [3]. Therefore,
it is of great significance to investigate these factors and identify the most crucial ones
in order to take effective interventions accordingly and eventually to lower the risk
and consequences of falling. There has been extensive research to identify which risk

factors have the greatest association with the falls [6-9]. These studies focus on different



aspects of the causes and research the association between the potential causes of falls
and fall occurrences among both healthy people and people with different pathological

conditions in order to make appropriate decisions on which factors need intervention.

The main risk factors of the fall are the combination of various health determi-
nants that directly or indirectly affect the wellbeing of people. Mainly fall risk factors
can be divided into two main categories: intrinsic (personal) and extrinsic (environ-
mental) risk factors. Intrinsic risk factors include individual characteristics such as
age, previous falls, muscle weakness, gait and balance problems, vision deficit, postural
hypotension, chronic conditions including arthritis, diabetes, stroke, movement disor-
ders such as Parkinson’s disorder, incontinence, medications, impaired cognition such
as dementia, and psychological status such as fear of falling and anxiety. Extrinsic
factors refer to hazards found around the environment of the house such as slippery
floors, poor lighting or improper use of walking aids and assistive devices [3]. It should
be noted that falls often result from dynamic interactions of the factors in all of the

categories.

Fall risk of the elderly can be identified by healthcare professionals using fall risk
assessment tools. There are a number of fall risk assessment tools in the literature
[10-12]. These tools can be divided into two categories, namely clinical (nursing)
assessment tools and functional assessment tools. The clinical fall risk assessment of
the patients are performed in hospital and nursing home settings, and typically specific
screening instruments or forms are employed for the assessment. These instruments
consist of questions about intrinsic characteristics of the patient including psychological
status, cognitive impairment, mobility dysfunction, fall history, disorders and sensory
deficits. The scoring of these questions determines the fall risk level of the patients.
Healthcare professionals use these instruments on a regular basis depending on the
severity of the patients. Because of the regular use of the tools, they tend to be short
and do not require detailed assessment of the patient. However, these assessments
depend on the observation and judgement of the healthcare professionals or the self-
report from the patient. Therefore, the objectivity and reliability of these tools are

questionable [10].



Another assessment type performed to evaluate fall risk is functional mobility
assessment. The functional fall risk assessment is mostly performed for community-
dwelling elderly or outpatients. The functional assessment tools consist of tests that
measure the functional capabilities and limitations in gait, balance and strength such as
Tinetti Performance Oriented Mobility Assessment (POMA) [13], Berg Balance Scale
(BBS) [14], Functional Reach (FR) [15], Dynamic Gait Index (DGI) [16], Timed Up
and Go (TUG) [17], One Leg Balance (OLB) [18]. They provide standardized measures
of disability and functional limitations and assess various motion characteristics in a
more objective way than the clinical fall risk assessment tools. The scoring of these
tests determines the fall risk level of the patients. However, they do not provide a
detailed understanding of the theoretical relationships between the test result and the

fall risk; therefore, the functional assessment tools are not totally reliable [12].

Among methods for identifying fall risk, fall risk assessment tools are the most
commonly used technique; however, these tools require healthcare professionals to com-
pany the elderly during the test and this repeats on a regular basis, which is costly,
overwhelming and time consuming. Also, no single fall risk assessment tool can be used
for the elderly living in different settings because of lack of validation of the tools with
a large group of people living in different settings and with different conditions [19].
Thus, these instruments lack standardization which causes lack of reliability and valid-
ity. Moreover, they lack sensitivity and objectivity as they require human observation
and judgement, which often causes inaccurate results. While modern motion capture
laboratories provide precise quantitative data, this method is obtrusive and cumber-
some [20]. Therefore, a new, unobtrusive, objective, inexpensive, portable and user
friendly fall risk assessment method is needed. Recently, researchers and physicians
rely on assessments of a patient’s gait, balance and the daily activities of the people
in order to assess fall risk. Systems with wearable sensors have been developed to
assess functional ability and mobility of people during their daily lives [21]. Differ-
ent from clinical or functional assessment tools performed by healthcare professionals,
these systems provide assessment of the fall risk in an objective way without requiring
any expert knowledge. Also, most of these systems can be used outside the clinical

environment, which gives an early alert of high fall risk and, therefore helps caregivers



implement preventive strategies at an early stage. However, current body-worn inertial

sensor based systems are obtrusive, imprecise, and even inaccurate.

In this thesis, we study an unobtrusive foot-mounted inertial sensor-based fall risk
assessment system. We assess fall risk based on gait characteristics that are significant
fall risk factors. First of all, gait analysis techniques are studied. A Kinect-based gait
analysis system is developed for unobtrusive and continuous monitoring of the gait.
Later, an inertial sensor-based gait analysis system developed by our research group
is utilized. Using this system, experiments are conducted to extract gait parameters
of the subjects. Gait features are extracted out of these gait parameters to utilize
for the assessment of the fall. Feature selection techniques are used to determine the
most significant gait features having impact on fall risk. Different machine learning
algorithms are employed to identify people at high and low fall risk based on selected
gait features. In this way, people who are most likely to fall are detected. Thus, this
fall risk assessment system enables us to identify people at high fall risk and inform

their caregivers to take preventive interventions.

We tested our system with 37 subjects. Among 37 subjects, 11 of them are la-
beled as high fall risk, and 26 of them are labeled as low fall risk based on their history
of fall and use of walking aid. T'wenty one of the subjects are identified with different
neurological conditions with gait implications. A questionnaire including factors that
affect fall risk is prepared in collaboration with the neurologist to evaluate the charac-
teristics of the subjects. The questionnaire is filled for every subject and the results of

fall risk level identification methods are discussed based on these factors.

When compared to related studies in the literature, the proposed system has

contributions to fall risk assessment as follows.

e Objective assessment: Our proposed system yields an objective assessment of the
fall risk when compared with the functional fall risk assessment tools. These tools
evaluate the mobility and gait of the subjects depending on the observation and

the judgement of the healthcare professionals, so it does not provide an objective



assessment of the fall. Also, they do not provide the detailed explanation of
the relationship between the test score and the fall risk, which does not help to
take effective preventive strategies. Moreover, these tools require a great amount
of time and effort for the healthcare professionals to apply on a regular basis.
However, our system overcomes these difficulties by providing an objective and
automated solution to the fall risk assessment.

e Unobtrusive design: Our proposed system provides an unobtrusive solution to
fall risk assessment, which does not intervene the daily lives of the users. Any
change in the elderly’s physical, psychological or health condition might result in
a change in their fall risk. Also, some medications or combination of medications
might put the elderly at high fall risk. Considering that these are the common
scenarios for the elderly, daily fall risk assessment systems are of great significance.
Many studies assessing fall risk based on gait parameters utilize obtrusive sensor
networks or motion capture systems and ground reaction platforms, which are
expensive and require dedicated space to be set up, therefore, they can not be used
for daily fall risk assessment purposes. However, our proposed system overcomes
this limitation and provides an unobtrusive design.

e High accuracy: Our proposed system outperforms the fall risk assessment systems
identifying people at high fall risk using gait parameters. We achieve a high
accuracy of 94.59% for the identification of fall risk levels. This is a very promising

result when the similar studies [22,23] detailed in Chapter 3 are considered.

The rest of the thesis is organized as follows. In Chapter 2, we provide background
information about inertial sensors, Microsoft Kinect and gait analysis. In Chapter 3,
we present related works in the context of fall risk assessment and provide a compar-
ative list of the related studies in the literature. In Chapter 4, gait analysis technique
developed using Kinect is detailed. Inertial sensor based gait analysis system devel-
oped by our research group is explained in Chapter 5. In Chapter 6, we present the
methodology for fall risk assessment using gait features. We provide our conclusions

and directions for the future research in Chapter 7.



2. BACKGROUND

In this chapter, we present introductory information about the background con-
cepts and tools which are used throughout the thesis. Particularly, we provide the
overview of the tools used in our study, namely IMUs and Microsoft Kinect, and also
we provide the overview of gait analysis, human gait characteristics and gait parameters

that are key concepts in our study.

2.1. Inertial Measurement Units

Inertial measurement unit sensors (IMUs) are electronic devices that typically
include an accelerometer and a gyroscope. The accelerometer measures changes in
velocity, namely acceleration; while the gyroscope captures angular velocity changes. In
theory, accelerometers can be used to estimate position changes by double integration of
the acceleration, and changes in orientation can be estimated by integration of angular
velocity. However, practically this is not the case as measurement errors cause drift
in the signal. Therefore, it is worth noting that this must be taken into consideration

while developing systems with IMUs.

Recently, due to reduced cost, miniaturization and improvement of precision of
measurement, IMUs have been widely used for quantitative gait analyses as they enable
gait analysis outside the laboratory. Therefore, IMU based gait analysis systems enable

unobtrusive and continuous assessment of the gait.

In this study, we employ EXEL ExLs3 IMUs [24] as shown in Figure 2.1. The
raw data is collected at a sampling rate of 100 Hz. ExLs3 IMUs can send the sensor
readings via Bluetooth or can store the data in a local storage. Therefore, the data can
be either used in real-time or can be stored in the device for a later use. The IMUs are

strapped on both feet via adjustable tailor-made velcro straps as depicted in Figure

2.2.



Figure 2.1. ExLL IMUs utilized in this study.

Figure 2.2. IMUs strapped on the feet.

2.2. Microsoft Kinect v2 Sensor

Kinect [25] is a low-cost, portable device that includes a camera and a depth
sensor. In addition to the raw depth image, Kinect extracts a 3D virtual skeleton
of the body with a rate of 30 frames per second. Each acquired frame data includes
information of the skeleton that consists of twenty five joints as shown in Figure 2.3.
Each joint information contains the 3D position of that joint in the Kinect coordinate
system. The best operational range of Kinect to be able to obtain skeleton data is

between 1.5 m and 4 m.

In this study, we use the skeleton data which enables us to track human walking
using 3D positions of the joints. We have developed a data acquisition software for
the Microsoft Kinect v2 sensor. The software was developed in the Visual Studio 2015

development environment using the C# programming language.
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Figure 2.3. 25 Joints provided by the Microsoft Kinect v2 SDK.

2.3. Background to Gait

Human gait is a periodic movement of the body segments and includes repetitive
motions. Gait analysis is the systematic study of the periodic movements and involves
the measurement, description, and assessment of quantities that characterize human

movement [26].

Gait analysis plays an essential role in identifying abnormalities or changes in
human walking which are indicators of potential fall risk. Quantification of gait pa-
rameters helps people understand if they have any abnormalities in walking and helps
assess the fall risk of people [27]. Especially, as people get older, their gait patterns
change, and these changes might be indicators of different health problems and fall risk.
Understanding these changes help them to maintain a stable walking pattern which re-
duces the risk of falling. Since the risk of falling in the elderly is among major problems

that results in serious consequences and affects the quality of life negatively, monitor-



ing of the gait is of great importance for timely interventions aiming for preventing

falls [28].

Monitoring of gait analysis is significant not only for fall risk assessment but also
for medical inspection, follow-up and patient recovery. Neuro-degenerative diseases es-
pecially Parkinson’s disease influence the gait and cause a decrease in mobility during
the progression of the disease. Monitoring of the gait parameters is needed in order to
obtain insight into progression of the disease for better treatment [29]. Furthermore,
monitoring of the gait parameters is also important for assessment of the patient re-
covery. Clinicians are interested in measuring gait parameters for better assessment of

the patient recovery [30].
2.3.1. Gait Cycle

A single gait cycle is defined as the period between two successive occurrences
of one of the repetitive events of walking. Gait cycle starts with the initial contact of
the reference foot with the ground and the cycle continues until this foot contacts the

ground again. The main events and phases in the gait cycle are depicted in Figure 2.4.

A= JEJ4R <hed AS,

=t - . — -
RIGHT LEFT ~ LEFT LEFT RIGHT RIGHT RIGHT LEFT

INITIAL FOOT MID- INITIAL FOOT MID- INITIAL FOOT

CONTACT OFF SWING CONTACT OFF SWING CONTACT OFF
1, Double Right single 1 Double Left single 1 Double
' support support ' support support ' support
0% 10% 50% 60% 100% i
Right Stance Phase Right Swing Phase

Left Swing Phase Left Stance Phase
0% 40% 50% 90% 100%

Figure 2.4. Human gait cycle.
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The gait cycle consists of two main phases, namely stance phase and swing phase.
Normally, the stance phase constitutes approximately 60% of the whole gait cycle, while
the swing phase constitutes 40% [31]. The stance phase is the part of the gait cycle
during which the foot remains in contact with the ground; hence the stance phase begins
with the initial contact (IC) of the reference foot and ends with the foot-off (FO), which
indicates the final contact of the reference foot with the ground. The swing phase is
the part of the gait cycle that starts from the moment that the reference foot lifts off
the ground until the reference foot contacts the ground again [31]. Gait phases and

sub-phases are listed in Table 2.1 along with their definitions.

Table 2.1. Gait Phases.

Phase Sub-phase Description

Loading Response | phase starting with initial contact and ending with opposite toe-off
Mid-stance phase starting with opposite toe-off and ending with heel strike

Stance Phase
Terminal stance phase starting with heel strike ending with opposite initial contact
Pre-swing phase starting with opposite initial contact ending with toe-off
Initial swing phase starting with toe-off ending with feet adjacent

Swing Phase | Mid-swing phase starting with feet adjacent ending with tibia vertical
Terminal swing phase starting with tibia ending with initial contact

2.3.2. GGait Parameters

Gait parameters are measurable characteristics of the gait. Gait parameters are
divided into three categories, namely kinetic, kinematic and spatio-temporal gait pa-
rameters. Kinetic parameters are measurement of the force made during walking with-
out any detailed knowledge of the position and orientation of the foot. Force platforms
are used for extraction of kinetic parameters. Kinematic parameters describe the move-
ment of the body through the space, but without reference to the forces involved. Kine-
matic parameters include the position and orientation of the body segments, such as the

angles of the joints. Kinematic parameters can be extracted using camera systems or
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inertial sensors [32]. Spatio-temporal parameters are based on temporal variables and
provide fundamental timing and position information about the gait. Walking speed,
stride length and cadence are examples of spatio-temporal gait parameters. In this
study, we extract and use spatio-temporal gait parameters. Important spatio-temporal

gait parameters are listed in Table 2.2 along with their definitions.

Table 2.2. Spatio-temporal Gait Parameters.

Gait Parameter Definition

Stride Length (m) Distance between two successive placement of the foot.

Step Length (m) Distance one foot moves ahead of the other foot during the gait cycle.
Walking base (cm) Side to side distance between the two feet.

Cadence (steps/mins) | Number of steps taken per minute.

Cycle Time (s) Duration between two successive occurrences of the same gait event of the same foot.
Stance Time (s) Duration of the stance phase, starting with IC and ending with FO of the same foot.
Swing Time (s) Duration of the swing phase, starting with FO and ending with IC of the same foot.

Speed (m/s) Stride Length / Cycle Time

Clearance (cm) Elevation of the foot during swing phase.
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3. RELATED WORK

Fall risk assessment has been a popular field of research in the last decades.
Especially devastating psychological and physical consequences of the falls make this
research field very significant to understand the underlying reasons of the fall and
eventually to identify people at high fall risk so that preventive strategies for falls can
be taken at an early stage. In this chapter, we present the overview of the related
works in the field of fall risk assessment. In Table 3.1, the details of the related studies
are summarized. These studies are presented in terms of features used to assess fall
risk, the system setup such as the number of sensors and the sensor placement; design
considerations such as daily life usability and unobtrusiveness; experiment design such
as the number of subjects used in the experiments; and the methods applied for fall

risk assessment.

Fall risk assessment studies in the literature focus on mainly three abilities of the
people that are related to the fall risk, namely physical, social and cognitive abilities.
In this chapter, related works are presented based on the studies that assess fall risk

in terms of one of these three categories.

Walking patterns and physical functioning of people are among potential fall risk
factors that need to be investigated. The gait and physical daily activities of people
have been investigated in the literature to find the risk factors of the falls so that
efficient fall risk assessment can be implemented based on the most important fall
risk factors. Gait analysis, mobility and daily activities are the most studied physical

aspects to analyse potential risk factors of the falls.

Gait analysis plays a crucial role in fall risk assessment. Gait parameters and gait
variability features are extracted to investigate whether or not a specific gait feature
is associated with falls. Walking speed, stride length, step width, cadence, stride time,
swing time, stance time and variability of these parameters are the most commonly

studied gait features [22,23,33-36]. Caby et al. [23] studied feature selection for fall
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risk assessment. They use a rich set of gait characteristics extracted from 10 inertial
sensors worn on different parts of the body. They validate their system with 20 hos-
pitalized elderly. They find stride and step frequencies as the most important features
distinguishing fallers from non-fallers in a cohort of hospitalized elderly. However, their
setup is so obtrusive that it is not suitable for daily assessment of fall risk. Zhang et
al. [22] studied identification of people at high and low fall risk based on gait features
extracted from a motion capture system and a ground reaction force platform. Machine
learning algorithms are employed to identify people at high and low risk of fall. Their
system requires a laboratory setup and; therefore, it is not suitable for daily fall risk
assessment. Other studies [33-36] focus on distinctive gait features between fallers and
non-fallers. Statistical analysis is carried out to investigate the relationship between
two groups of subjects and their extracted gait features. Therefore, distinguishing gait

features between fallers and non-fallers are found.

Other gait characteristics that have association with falls are gait stability and
symmetry. The gait is unsteady in the elderly who are prone to fall and; therefore,
Paterson et al. [37] study the effect of gait stability and symmetry on fall risk. The raw
acceleration signal is utilized to extract gait stability and symmetry features. According
to the threshold of absolute values of these features, people are classified into three level

of fall risk namely normal, attentive and dangerous.

One of the most important factors that characterize the different studies using gait
features for fall risk assessment is the selection of sensors to extract gait parameters.
Gait parameters are mostly extracted using body worn inertial sensors or instrumented
walkways such as GAITRite [38] and ground reaction force platforms. While modern
gait analysis laboratories or instrumented walkways provide precise quantitative anal-
ysis of the gait, these methods are costly and impractical, especially for the elderly and
patients. However, systems with body-worn inertial sensors do not require such a lab-
oratory environment and, therefore they are more suitable for daily life use. However,
it should be noted that some of the gait analysis systems with inertial sensors are so

obtrusive that they are not appropriate for daily use.
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Besides gait characteristics, physical daily activities of people are related to fall
risk. There are studies in the literature that investigate the risk factors of daily ac-
tivities and mobility which indicate important clues about people’s wellbeing in terms
of their psychology and physical conditions [39,40]. Schooten et al. [39] conduct a
retrospective and prospective study to investigate the effect of daily life activities on
fall occurrence. Daily activities of sitting, lying, standing, walking and walking charac-
teristics are extracted from a trunk-mounted accelerometer during 8 consecutive days.
Correlations between extracted physical mobility and fall occurrence are analysed in
both retrospective and prospective manner in order to find the most significant factors
correlated with falls. Weiss et al. [40] conduct a 3-day assessment of continuous gait
and mobility, and extract features from PD patients. Not only mobility features but
also disease related features are investigated to define the most important predictor for
falls for PD patients. They conclude that body-worn sensors can continuously evaluate

the fall risk in PD.

Raw data obtained from inertial sensors are analyzed in [41,42] during functional
fall risk assessment tests. Functional test scores such as TUG and BBS are not in-
formative enough themselves in identifying people at high risk and low risk; therefore,
these tests are instrumented with inertial sensors. In this way, these tests capture more
information about the fall risk of people. Frequency and time domain features are ex-
tracted from the raw acceleration and gyroscope data collected during functional tests,
and not only test scores but also extracted features are used in identifying distinctive
fall risk factors between fallers and non-fallers; and eventually people at high risk and
low risk of fall are identified. However, this study is not suitable for daily assessment

of fall risk since it still requires physicians to company the elderly.

Postural stability and balance of people are among potential fall risk factors
that need to be addressed [43-45]. Tests to measure postural stability and balance
are performed in different conditions such as with open and closed eyes, on firm and
compliant surfaces using force platforms. Muscular, strength and balance features are
extracted. The relationship between these features and the history of fall is analysed to

understand the effect of the features on fall occurrences. However, it should be noted
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that these systems are costly and require a clinical environment because of the sensor

setup and; therefore, they are not suitable for daily assessment of fall risk.

Additionally, there are camera-based systems that aim to assess the fall risk of
the elderly. Rantz et al. [46] studied a continuous and unobtrusive in-home monitoring
system that provides an accurate automated assessment of the fall risk. They track
gait parameters of the people using Kinect. They investigate the correlation between
gait parameters and fall risk assessment tool scores for fall risk assessment. In a further
study [47], they improve their system and deploy the Kinect-based system in the private
apartments of 19 older adults, and they track gait parameters of the people over two
years. The fall risk is assessed and automated based on changes in the gait over a

continuum of time.

Sociodemographic characteristics, cognitive and emotional conditions of people
play a crucial role in fall risk assessment. These metrics have been studied in the lit-
erature to analyze risk factors of the falls. In [48,49], risk factors of chronic diseases,
medication use, life style factors, socio demographic characteristics and physical func-
tioning are studied as potential predictors of the fall risk. In [50], the effectiveness of
cognitive and motor tests are studied for prediction of falls with subjects who have
different neurological diseases. Machine learning algorithms are employed based on
these tests to identify patients who are likely to fall. They find that a single cognitive
test is the most successful test in the prediction of fall for patients with neurological

diseases.

Among the studies mentioned in this chapter, there are two studies that they
have similarities to our study in terms of feature selection and applied fall risk iden-
tification techniques. Zhang et al. [22] aim to identify the fall risk level classifying
people into two groups, high and low fall risk groups. They extract 32 gait features
using a motion capture system and a ground reaction force platform. They collect
data from 35 elderly people, in which 19 of them are with a fall history. They use
dimensionality reduction techniques to prevent overfitting of the data and use KNN,

NB, LR, NN, SVM classifiers for identification of the individuals with high fall risk.
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The highest accuracy that they achieve with these techniques is 85.8%, whereas, in our
study, we achieve a higher accuracy of 94.59%. Another point that our study differs
from this study is the sensor setup. This study requires a laboratory environment for
the extraction of gait features and does not enable unobtrusive daily assessment of fall
risk. Moreover, our study differs from this study in terms of extracted gait features
and techniques used in selecting features for classification algorithms. Caby et al. [23]
studied feature selection for fall risk assessment using accelerometers. They use forward
wrapper selection algorithm and apply four classification algorithms to select the fea-
tures according to classification performances. Sixty seven features are extracted from
the raw data obtained from 10 accelerometers mounted on different parts of the body.
They collect data from 20 hospitalized elderly. Among the algorithms they applied,
they report the highest accuracy as 95% with 80% specificity and the lowest accuracy
as 80%. When our best performance metrics are compared with their best performing
algorithm, we have almost the same accuracy (94.59%) with a higher specificity metric
(96.15%). When the accuracies of all algorithms used for identification of the fall risk
level are compared, they have average accuracy of 85% whereas we have higher average
accuracy of 91.44%. Moreover, they extract a different set of gait-related features,
and their proposed system is obtrusive and designed for hospitalized patients. Thus,
our study differs from this study in terms of extracted features, and also we propose
an unobtrusive inertial-sensor based fall risk assessment system that can be used in

non-hospital settings.
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4. EXTRACTION OF GAIT PARAMETERS USING
KINECT

We propose a Kinect-based gait analysis system, which includes a single Kinect
placed in a corridor in a home setting or clinic, so that as people walk through the
corridor in their daily lives or during medical inspection, their gait parameters are
estimated and reported. For this reason, we conducted a preliminary work in the

laboratory and the clinical setting.

Kinect provides skeleton data for every frame. Skeleton data consists of 3D
positions of 25 joints. We use 3D position of the left and right foot joints provided
by Kinect in its own coordinate system. To be able to work with the data better, it
is needed to convert the skeleton data in Kinect coordinate system to the real world
coordinate system as shown in Figure 4.1, in which the origin corresponds to projection
of the camera position on the floor: The X axis is to the sides of the camera, the Y
axis is straight forward from the camera and the Z axis is straight up from the ground
toward to the Kinect. For this purpose, the tilt angle of the Kinect is estimated using
the floor clipping plane vector given together with every frame by the Kinect Software
Development Kit (SDK). After the tilt angle is estimated, the Kinect coordinate system
is rotated around its origin so that its z-axis is parallel to the floor. Then, the rotated
data is translated into the real world coordinates. Described algorithm is given in

Figure 4.2.

Kinect Coordinate System Desired Coordinate System

Conversion
B — e

x Tilt Angle

Floor Floor

Figure 4.1. Kinect coordinate system to real world coordinate system.
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Require: a,b, c,d floor-clipping-plane vector coefficients provided by Kinect SDK
wherea X x +bxx+cexx+d=0and va?2+ b2+ 2 =1

Require: m x 3 joint 3D position vector jointPosition provided by Kinect SDK
kinectFloorVector «+ [a b ¢
worldFloorVector + [() 1 0

0 < arccos(kinectFloorVector - worldFloorVector)
-1 0 0 1 0 0

Rotation < | 0 0 1| X [0 cos(f) sin(f)

0 10 0 —sin(f) cos(0)
NewJointPosition - Rotation x jointPosition™

NewJointPosition < NewJointPosition™
for i =1 tom do

NewJointPosition|i, 3] <+ NewJointPosition[i, 3] + d
end for

return NewdJointPosition

Figure 4.2. Algorithm to convert from Kinect coordinate system to the real world

coordinate system.

The gait cycle begins when the foot initiates a contact with the ground and
ends when the same foot initiates the subsequent contact with the ground. The stride
length is computed measuring the distance between these two subsequent contacts.

The trajectory of the feet while walking is shown in Figure 4.3.
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Figure 4.3. Trajectory of the right and left foot during walking through the corridor.
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We employ a heuristic algorithm as explained in Figure 4.4 and 4.5 to estimate the
gait parameters of stride length and cadence. This implemented algorithm to measure
gait parameters makes use of the fact that Kinect measurement is more accurate when
3D position of the foot has the lowest elevation in z axis, where the foot is stationary.
Therefore, the displacement between two consecutive lowest-z periods of the specific
foot gives very accurate stride length estimations as shown in Figure 4.3. After ex-
tracting individual stride lengths, the average stride length and the standard deviation
of the stride lengths are estimated. Moreover, the cadence is computed as the number

of steps (i.e. 2 steps equal to 1 stride) per minute.

The accuracies of the Kinect based gait analysis systems are investigated in the
literature [51,52]. When compared with the gold standard instrumented walkways
and camera motion capture systems, kinect-based gait analysis systems have reported
highly accurate results. In [35] and [38], the mean absolute displacement errors of 2.5
cm and 2.9 cm per stride are reported, respectively. Also, the accuracy of Kinect based

systems for analyzing pathological gait is studied in the literature [53,54].

The validation of the system has been conducted with 5 healthy subjects on a
designed walking path such that every 0.5 and 0.75 meter (m) of the path is marked.
In this validation study, data collection is performed in two different sessions, with
subjects being asked to walk on the designed path such that each step corresponds to
every 0.5 m and 0.75 m marks respectively. Estimated stride lengths and predefined
lengths are compared. The error rate is computed as 2.8% when walked with the step

length of 0.5 m, and as 2.9% with the step length of 0.75 m.
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Require: m x 3 position matrix M where m is number of data points;
Define window size p;
Define threshold z;
Define StanceCount « 0;
Define Stance <+ m x 1;
{Find potential zero-velocity periods}
for i =1 tom do
if MJi][2] < z then
Stanceli] < true;
else
Stanceli| + false;
end if
end for
for i =1 tom do
if Stanceli] == true then
if StanceCount < p then
Stance[i] < true;
end if
StanceCount + +;
else
if StanceCount >= p then
for j =1topdo
Stanceli — j| « false;
end for
end if
StanceCount <« 0;
end if
end for

return Stance

Figure 4.4. The algorithm for finding the stance periods (lowest-z periods).
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Require: m x 1 stance matrix Stance using Figure 4.4;
StrideLengths < []
fori=2tom—1do
if Stanceli] == true and Stanceli — 1] == false then
StanceStart < i;
else if Stance[i] == true and Stance[i + 1] == false then
StanceEnd < i;
TimeDiff « findTimeBetweenPoints(StanceStart, StanceEnd);
DistanceDiff < findDistance BetweenPoints(StanceStart, StanceEnd)
StrideLengths.append(DistanceDiff);
TimePassed < TimePassed + TimeDiff;
else
Continue;
end if
end for
AverageStrideLength < get Average(StrideLengths);
StdStrideLength «+ getStdDeviation(StrideLengths);
Cadence « (2 * TotalStrideCount/TimePassed) * 60;
return AverageStrideLength, StdStrideLength, Cadence

Figure 4.5. The Algorithm for Extracting Gait Parameters.



26

4.1. Experiments

In this section, experiments conducted to test the proposed Kinect-based gait
analysis system is presented. Experimental setup, data collection procedure and ex-

periment results are presented and discussed.

4.1.1. Experimental Setup and Data Collection

The best operational range of Kinect for skeleton data is between 1.5 m and 4
m. Subjects are asked to walk through a corridor in this range towards Kinect. The
subjects are asked to repeat the walking through the corridor three times. Kinect is

mounted on a tripod at a height of 0.7 m as shown in Figure 4.6.

Figure 4.6. Experiment Setup and Data Collection.

21 subjects participated in the study. Fifteen of these subjects (8 males, 7 females)
are healthy and six of these (3 males, 3 females) have different neurological conditions
with gait implications; particularly, one with dementia, one with vascular dementia,
one with progressive dysarthria, one with normal pressure hydrocephalus and one with
Parkinson’s disease and one with frontal gait apraxia. The healthy subjects’ average

age is 44.9+16.1 (min:25, max:76) and the average height is 1.684+0.08 m. The subjects
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with neurological conditions have an average age of 68.54+12.2 (min:52, max:82) and
an average height of 1.6740.08 m. As Kinect operates in a limited range, every subject

is asked to walk through the corridor three times at their normal pace.

4.1.2. Results

The average stride length, the standard deviation of stride length and the cadence
of all subjects are extracted. The results are presented in Table 4.1. The gender, age,
height and health status of the subjects are also presented. The subject ID is assigned

to each subject for easy reference.

Considering the results, it is observed that there are differences between people
having healthy gait and people having pathological gait. For example, one of the
observations is that standard deviation of the stride length is higher in people with gait
implications (avg: 0.122) than people with healthy gait (avg: 0.078). This difference
is especially observed in Subjects 18 and 21. Another observation is that people with
pathological gait have smaller stride lengths compared to stride lengths of people with
healthy gait when also their heights are taken into consideration. Stride lengths and
the standard deviation of stride lengths for both healthy and pathological gait are

shown in Figure 4.7.
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Figure 4.7. Standard deviation of stride length and stride length.
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Table 4.1. Experiment Results.

Avg. Std.
Subject . Health
Gender Age Height Stride Stride Cadence
No Status
Len(m) Len

1 F 49 1.55 Healthy 1.07 0.08 94.59
2 M 26 1.72 Healthy 1.10 0.07 97.35
3 M 27 1.82 Healthy 1.36 0.04 93.18
4 F 25 1.68 Healthy 1.17 0.08 86.25
5 M 34 1.76 Healthy 1.18 0.06 90.04
6 M 29 1.73 Healthy 1.24 0.05 89.24
7 M 39 1.65 Healthy 1.16 0.09 96.68
8 M 36 1.8 Healthy 1.16 0.11 80.28
9 M 53 1.74 Healthy 1.41 0.10 89.88
10 76 1.55 Healthy 0.92 0.06 90.66
11 63 1.64 Healthy 0.99 0.08 82.29
12 67 1.59 Healthy 1.15 0.06 100.94
13 M 48 1.73 Healthy 1.29 0.15 90.98
14 F 42 1.63 Healthy 1.03 0.04 85.94
15 F 60 1.6 Healthy 1.12 0.10 109.83

Vascular
16 M 82 1.74 0.91 0.08 86.06

dementia
17 F 56 1.58 Dementia 0.90 0.12 95.05
Progressive
18 M 68 1.73 1.05 0.19 106.97
dysarthria

Frontal

19 M 74 1.7 0.85 0.13 98.47

gait apraxia

Normal pressure
20 F 79 1.57 0.13 0.02 67

hydrocephalia

21 F 52 1.56 Parkinson 0.78 0.19 102.61
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The stride length and cadence comparison is depicted in Figure 4.8. The cadence
is another important gait parameter that gives us information about gait abnormalities.
Normally, when people intend to increase their pace, the average stride length and
cadence increase together. For example, in Subject 21 it is observed that the average
stride length of the subject is observed to be small, and the cadence is observed to be
high compared to the rest of the subjects. Therefore, small stride length with high
cadence makes staying in balance difficult, which might be an indicator of abnormality
and an increase in the fall risk. Furthermore, when Figure 4.8 is examined, it can be
observed that people with healthy gait and pathological gait form two different clusters,

which can be used in further studies for identification of the pathological gait.

*
i

—_ #  Healthy Gait £ *
£ 100 £ Pathological Gait 13 * e
‘E o * +
T ol + * st &
® o @ *
= *
o sof *
=
['T]
E:
[ 0 r ﬁ

ED 1 1 1 1 1 1 1

0 0.2 0.4 06 0.8 1 12 14

Stride Length (m)

Figure 4.8. Stride length and cadence.

4.1.3. Discussion

This study is a preliminary work to investigate whether or not Kinect is useful in
gait analysis for both healthy and patients. The purpose of this work is to automate
gait analysis and eventually fall risk assessment using environmentally placed sensors
in the community dwelling facilities and at the homes of the elderly people so that
fall risk can be measured in everyday living activities. Hence, the elderly and their
caregivers can be alerted when fall risk increases and informed to take interventions to

avoid devastating falls.
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We show that the gait parameters of stride length and cadence can be computed
using a Kinect-based system. Our system consists of a single Kinect and a notebook,
which enables to measure gait parameters without requiring people to visit gait analysis
laboratories or clinics. However, it still requires a simple infrastructural setup (a tripod
to mount the device, a power source and a wired connection to a computer for data

collection).

The Kinect system has a potential to be a low-cost, in-home sensor for extracting
gait parameters. However, it should be noted that even though Kinect enables a non-
intrusive and cheap solution for gait analysis, it has drawbacks such as the operational
range limitation for skeleton frames and some technical limitations, such as its accuracy

with different type of cloths and environmental lighting.
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5. EXTRACTION OF GAIT PARAMETERS USING IMUs

Recently, our research group has proposed a foot-mounted inertial sensor-based
gait analysis system [55]. In this thesis, we utilize the data provided by this gait
analysis system. In this chapter, we present the details of this study and explain how

gait parameters are extracted using this system.

Gait parameters are extracted using our foot-mounted inertial sensor-based gait
analysis system that employs the zero-velocity update and Kalman filtering method-
ology. IMUs make it possible to analyse data outside the laboratory and capture
information about the human gait during the person’s everyday life activities, hence
provide portable and unobtrusive solution to gait analysis. However, it is still challeng-
ing to work with them due to measurement errors. Theoretically, it is possible to obtain
the change in the orientation of the IMU by integrating the angular velocity measured
by the gyroscope, and the change in the position of the IMU can be computed by dou-
ble integration of the acceleration signal of the accelerometer. As a result, when IMU
mounted on the foot, gait parameters can be derived using the change in orientation
and position. However, accelerometers and gyroscopes suffer from measurement errors,
which causes the error to be accumulated when integrated. Therefore, estimation of

the position and orientation is not accurate and reliable.

Implemented methodology solves the challenges of the IMUs using the zero veloc-
ity update method. We exploit the time period that feet remain stationary within the
stance phase of the gait cycle, in order to correct errors in IMU measurements. When
IMUs are placed on the feet, it is the situation that feet have near-zero velocity within
the stance period of the gait cycle, thus correction can be applied on a step by step
basis using the zero velocity update method and a Kalman filter to track and correct

the correlations of the state errors [56,57].

Corrected 3D position of the foot is obtained after applying zero velocity up-
date with Kalman filter. Corrected 3D position signal is smoothed using Rauch-Tung-
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Striebel smoother [58]. Corrected and smoothed 3D position is used for the detection of
IC and FO events. Once IC and FO events are detected, gait parameters are estimated

based on these events.

The estimation of gait spatio-temporal parameters requires the detection of the
FO and IC events. Swing and stance phases are initiated and ended with gait events.
Therefore, after identifying IC and FO events of the gait cycle, temporal gait param-
eters are derived. Gait parameters of the swing time is calculated as the time period
between subsequent FO and IC events of the same foot and the stance time is calculated
as the time period between subsequent IC and FO events of the same foot. Detection
of IC events can be further used to segment strides, which enables the extraction of
stride length, clearance, cycle time, cadence and speed. The stride length is calculated
as the spatial distance between the positions of two consecutive IC events of the same
foot. Cycle time is computed as the time difference between two consecutive IC events
of the same foot. Clearance is computed as the maximum elevation between two con-
secutive FO and IC events. Cadence is computed as steps taken per minute. Speed is
computed as the distance taken in a gait cycle time, which is the time taken between
two consecutive IC or FO events. The parameters of stance and swing times, stride
length and clearance are computed per stride and per foot, and hence their standard

deviations are also calculated.

Using the system described above, we extract a variety of spatio-temporal gait
parameters and use them for fall risk assessment. We are able to extract all spatio-
temporal gait parameters listed in Table 2.2. However, gait parameters of step length
and walking base can not be computed. By the definition, these two parameters require
spatial synchronization between two feet. However, our proposed system tracks the
spatial change of every single foot separately. Although there are methods in the
literature that solves this issue by the introduction of an additional equipment, we
prefer to keep our proposed system unobtrusive at the cost of inability to extract step

length and walking base.
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5.1. Experiments

In this section, experiments conducted to test the foot-mounted inertial sensor-
based analysis system are presented. Experimental setup, data collection procedure

and experiment results are presented and discussed.

5.1.1. Experimental Setup and Data Collection

Thirty seven subjects participated in the study. Sixteen of these subjects (8
males, 8 females) are healthy and their average age is 43.87£16.20 (min:25, max:76)
and the average height is 1.6740.08 m. 21 of the subjects (11 males, 10 females) have
different neurological conditions with gait implications. Among these subjects, seven of
them suffer from Parkinson’s disease (PD), two have dementia with lewy bodies (DLB),
one has mild cognitive impairment (MCI), one has vascular mild cognitive impairment
(VaMCI), one has vascular dementia (VaD), two with normal pressure hydrocephalus
(NPH), one has vascular parkinsonism (VaP), one has dementia, one has frontal gait
apraxia, one has progressive dysarthria and the remaining three suffer from multiple
conditions. They have an average age of 77.8049.55 (min:52, max:90) and an average

height of 1.6540.08 m.

The IMUs are strapped on both feet of the subjects via adjustable tailor-made
velcro straps. Subjects are asked to walk through a corridor. The subjects are asked

to repeat the walking through the corridor three times.

5.1.2. Results

Average stride length, cadence, average cycle time, average L/R stance time,
average L/R swing time, L /R stance ratio, speed and average L/R max clearance are
extracted. Standard deviations of the parameters are also computed. The results of
the experiments are presented in Table 5.1. The gender, age, height and health status
of the subjects are also presented. The subject ID is assigned to each subject for easy

reference.
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L R L R
stride cadence cycle L R L max R max
Subject Gender Age Height Health length (steps/ time stance stance swing  swing stance stance speed clearance clearance

D (m) Status time  time time time (m/s)

(m) min) (s) ratio  ratio (cm) (cm)

© © ©® ®
1 M 72 1.74 Mixed 1.2 88.9 1.35 0.84 0.84 0.5 0.52 0.62 0.62 0.88 8.6 9.1
2 M 85 1.65 DLB 0.99 109.3 1.1 0.66 0.71 0.44 0.39 0.6 0.65 0.9 7.3 6.9
3 F 73 1.62 PD 1.11 99.9 1.2 0.76 0.7 0.45 0.49 0.63 0.58 0.92 3.9 5.3
4 F 82 1.58 PD 0.5 72.4 1.66 1.18 1.18 0.47 0.49 0.72 0.71 0.3 4.5 4.4
5 M 80 1.76 Mixed 1.1 75 1.6 0.87 1.02 0.71 0.6 0.55 0.63 0.69 7.7 8.4
6 M 88 1.8 PD 0.36 87.1 1.38 0.99 1 0.37 0.4 0.73 0.72 0.26 2.1 3.7
7 F 85 1.65 NPH 0.81 88.3 1.36 0.86 0.85 0.49 0.52 0.64 0.62 0.6 5.3 6
8 F 81 1.6 PD 0.72 70.6 1.7 1.15 1.12 0.55 0.58 0.68 0.66 0.42 5.2 5.9
9 F 80 1.6 Mixed 0.73 82.6 1.45 0.94 0.96 0.53 0.48 0.64 0.67 0.5 4.5 5.2
10 M 82 1.65 VaD 1.16 88.4 1.36 0.78 0.82 0.57 0.56 0.58 0.59 0.86 9.4 10.7
11 F 90 1.6 PD 0.53 119.3 1.01 0.67 0.61 0.35 0.38 0.66 0.62 0.52 3.7 4
12 M 83 1.59 PD 0.93 95.6 1.26 0.77 0.76 0.48 0.5 0.62 0.6 0.74 6.9 6.1
13 M 76 1.82 MCI 1.31 92.2 1.3 0.76 0.76 0.56 0.53 0.58 0.59 1.01 9 9.3
14 M 84 1.69 VaP 0.45 90.9 1.32 0.89 0.87 0.43 0.45 0.67 0.66 0.34 3.7 3
15 F 82 1.5 DLB 0.83 83.8 1.43 0.96 0.84 0.47 0.59 0.67 0.59 0.58 5.2 4.8
16 M 82 1.74 VaMCI 0.87 84.3 1.42 0.91 0.91 0.51 0.51 0.64 0.64 0.61 6.6 6.6
17 F 56 1.58 Dementia 0.89 88.9 1.35 0.89 0.8 0.49 0.52 0.65 0.61 0.66 8.6 7.9
18 F 79 1.57 NPH 0.15 4.5 1.61 1.39 1.37 0.21 0.26 0.87 0.84 0.09 2.1 2.4
19 M 4 1.7 Frontal 0.93 107.5 112 0.69 0.67 0.43 0.45 0.62 0.6 0.83 8.3 7.3
gait apraxia
20 M 68 1.73 Progressive 1.23 102.1 118 0.8 0.69 0.45 0.42 0.64 0.62 1.04 8.2 8.1
dysarthria

21 F 52 1.56 PD 1.01 111.4 1.08 0.62 0.67 0.46 0.41 0.57 0.62 0.94 5.7 7.6
22 F 28 1.7 Healthy 1.13 92.9 1.29 0.84 0.74 0.5 0.51 0.63 0.59 0.87 7.3 7.2
23 F 49 1.55 Healthy 1.17 103.6 1.16 0.74 0.7 0.44 0.44 0.63 0.61 1.01 8.5 8.3
24 M 26 1.72 Healthy 111 96.8 1.24 0.73 0.76 0.51 0.49 0.59 0.61 0.89 8.2 8.1
25 M 27 1.82 Healthy 1.44 96.2 1.25 0.77 0.7 0.53 0.5 0.59 0.58 115 8.2 8.8
26 F 25 1.68 Healthy 1.16 92.1 1.3 0.82 0.8 0.47 0.52 0.64 0.61 0.89 8.5 8.5
27 M 34 1.76 Healthy 1.14 95.1 1.26 0.77 0.8 0.47 0.5 0.62 0.62 0.91 8.2 8.1
28 M 29 1.73 Healthy 1.22 92.1 1.3 0.82 0.84 0.5 0.45 0.62 0.65 0.94 9.3 8.9
29 M 39 1.65 Healthy 1.18 105 1.14 0.7 0.71 0.44 0.44 0.62 0.62 1.03 8.7 8.6
30 M 36 1.8 Healthy 1.04 83.2 1.44 0.91 0.88 0.55 0.55 0.63 0.62 0.72 9 8.7
31 M 53 1.74 Healthy 1.39 88.2 1.36 0.79 0.82 0.57 0.54 0.58 0.6 1.03 9 8.9
32 F 76 1.55 Healthy 0.93 87.1 1.38 0.86 0.88 0.5 0.52 0.63 0.63 0.68 7 72
33 F 63 1.64 Healthy 1.02 91.7 1.31 0.78 0.69 0.58 0.58 0.58 0.55 0.78 7.6 74
34 F 67 1.59 Healthy 1.22 96.8 1.24 0.74 0.7 0.51 0.53 0.59 0.57 0.99 77 77
35 M 48 1.73 Healthy 1.37 95.2 1.26 0.76 0.76 0.49 0.51 0.61 0.6 1.09 9.1 9
36 F 42 1.63 Healthy 1.01 81.2 1.48 0.91 0.92 0.58 0.55 0.61 0.63 0.68 6.9 6.8
37 F 60 1.6 Healthy 1.01 100 1.2 0.78 0.78 0.42 0.43 0.65 0.65 0.85 6.7 6.5

assessing the gait abnormalities of the subjects with neurological conditions.

The gait parameters of the healthy subjects can be treated as a reference for

summary of the findings of the healthy gait is as follows:

The
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e Stride length is dependent on age, height, gender and the intended walking speed
of the subject at the moment. Therefore, not only stride length but also char-
acteristic features of the subject should be taken into consideration to assess the
gait abnormality. However, extreme low values might be an indicator of gait
abnormality. The average stride length among the healthy subjects is 1.161+0.14
m, with the lowest stride length of 0.93 m. It is observed that the standard de-
viation is low and extreme low values are not common. Hence, rather than small
inconsistencies, extreme values should be considered while assessing the gait.

e (Cadence is also dependent on age, height, gender and the subject’s intended pace.
Moreover, cadence should be assessed considering stride length because these two
metrics affect each other. For example, when a person intends to increase his/her
pace, the average stride length and cadence increase together. Therefore, a small
stride length value together with high cadence might be an indicator of the gait
abnormality, since the person tries to have a certain speed at the cost of the small
steps and a faster rate.

e One of the most important metrics in determining a gait abnormality is gait
asymmetry, which reflects the differences for the same metric on the left and
right sides of the feet. Asymmetries are mostly observed in the swing and stance
times, stance ratios and maximum clearance metrics. It is observed that there
are no considerable asymmetries for the healthy subjects.

e Another observation in the subjects with healthy gait is that they have stance ra-
tios very close to the normal stance ratio of 60%. Therefore, the healthy subjects
have not only the similarity of the left and right stance ratios which indicates
symmetry and normal gait, but also normal stance ratios with average 61% for
the left side and 61% for the right side, with very low standard deviations of 2.1%
and 2.6% respectively. Any significant deviation from the nominal value of stance
ratio might be an indicator of gait abnormality, hence it must be considered while

assessing the gait.

Clinical observations of the subjects are compared with the extracted gait pa-

rameters. The clinical observations and the abnormalities observed in the gait of the
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subjects with neurological conditions can be summarized as follows:

e Subject 1 has DLB and VaMCI with no history of fall. Extracted gait parameters
do not suggest any gait abnormality. Also, there is no clinical findings of gait
abnormality.

e Subject 2 has DLB with no history of fall. It is observed that there is a slight
temporal asymmetry with stance ratios. Right and left feet stance ratios are mea-
sured to be 60% and 65% respectively. There is no significant gait abnormality
verified by the clinical observation.

e Subject 3 has PD pronounced on one side and has a history of fall. The left-right
asymmetry is observed by the neurologist. This observation is reflected in the
extracted gait parameters, as there is a significant difference in clearance for the
left and right feet, and a difference between the left and right stance ratios.

e Subject 4 has PD with classical Parkinsonian gait. The rigidity on the feet
results in difficulty in taking off the feet from the ground. This difficulty causes
deviations from the normal stance ratio of 60% with high stance ratios for the
left and right feet, 72% and 71% respectively. It is also observed that the stride
lengths and feet clearance are low, which indicates Parkinsonian gait.

e Subject 5 has VaD and DLB, without any extrapyramidal symptoms, but with
overall slow movement. There is no significant asymmetry reflected in gait param-
eters. Also this is verified by the clinical observation. The slowness is reflected
in the cadence and speed.

e Subject 6 has Parkinsonian gait. Small stride lengths, high stance ratios and an
asymmetry in clearance are observed. These findings are verified by the clinical
observations.

e Subject 7 has NPH and has problems in maintaining balance. This is not observed
in any gait parameters, and the gait parameters of this subject do not indicate
any significant abnormalities.

e Subject 8 has Parkinsonian gait with slow movement. This is reflected in small

stride length, cadence and speed values.
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Subject 9 has VaD, DLB and Parkinsonism. It is observed that the stride lengths
are small and the stance ratios are slightly higher than nominal value. Another
observation is that right stance times are slightly higher than the left, which
indicates an asymmetry.

Subject 10 has VaD and exhibits no gait-related symptoms. The gait parameters
also do not indicate any abnormality.

Subject 11 has PD. The stride lengths are observed to be small. Also, a slight
stance ratio asymmetry is reflected in the gait parameters, which is verified by
the clinical observation of slightly higher left-sided rigidity.

Subject 12 has PD with no significant gait-related symptoms. This is consistent
with the gait parameters which do not indicate any significant abnormalities.
Subject 13 has MCI and does not show any gait-related symptoms as expected
from MCI. The gait parameters support this clinical observation.

Subject 14 has VaP with Parkinsonism symptoms. High stance ratios, low feet
clearance values and small stride lengths are observed, which is verified by the
clinical observation.

Subject 15 has DLB, causing left-right gait asymmetry. This is reflected in the
higher left stance ratio. No other gait abnormalities are observed.

Subject 16 has VaMCI. No significant abnormality is reflected in the gait param-
eters, which is verified by the clinical observation.

Subject 17 has Dementia. Axial rigidity and slowness are observed by the clinical
observation. This is reflected in slight asymmetry on stance ratios and clearance,
and also low speed.

Subject 18 has NPH. Small stride lengths, low cadence and speed are observed
as a result of the experiments with this subject. Also, very high stance ratios on
both feet are measured. These observations are in agreement with the clinical
observation.

Subject 19 has frontal gait apraxia. A slight asymmetry on clearance is observed
which is verified with the clinical observation of balance problem.

Subject 20 has progressive dysarthria. A slight asymmetry on stance times is

observed. Clinical treatment verifies this with the observed balance problem.
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e Subject 21 has PD. Asymmetry on stance ratio and clearance are observed. Clin-

ical observation verifies this with the identified dyskinesia on the right foot.

5.1.3. Discussion

A mobile, unobtrusive and cheap inertial sensor-based gait analysis system is
proposed. This system includes two small IMUs mounted on both feet and provides an
unobtrusive solution to gait analysis without requiring any infrastructural setup, which
can be used during daily activities of the people. Unlike the Kinect-based system, this
system yields more mobility to the users, since it can be used outside the hospital or
their homes. However, the battery life of the sensors remains to be a drawback in this

system.

There are advantages of our system over existing inertial sensor-based systems in
terms of sensor placement, the number of sensors in the system, sensor orientation and
sensor noise and drift. The proposed system requires to mount two inertial sensors only
on the feet without requiring any extra sensor placed on different parts of the body,
which enables daily and friendly use of the system. Also, it does not require to place
the sensor in a certain orientation, and IMUs can be placed in any orientation, which
facilitates the daily use of the system. Moreover, the applied techniques overcome the
challenges of inertial sensors such as errors in measurements and eventually a rich set

of gait parameters are extracted.

The proposed system is tested with the healthy subjects and the subjects with
neurological conditions. Healthy subjects are used as a reference in assessing gait
parameters and in understanding gait abnormalities in the patient subjects. When
extracted gait parameters are compared with the clinical observations, it is found that
gait parameters reflect the abnormalities in the gait. Therefore, we conclude that the
proposed system enables to monitor the gait parameters of both healthy people and

people with neurological conditions.
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6. METHODOLOGY FOR FALL RISK ASSESSMENT
USING GAIT PARAMETERS

The purpose of this study is to investigate the effect of gait features on fall risk
and then to identify people who are at high risk of fall based on the most significant
gait characteristics. Objective assessment of gait analysis is valuable to identify the
fall risk level since gait is an important intrinsic cause in fall risk. Previous studies
showed that gait quality characteristics are related to fall risk [59,60]. We further study
whether gait parameters that we extract from our foot-mounted inertial sensor-based

gait analysis system can be utilized in the assessment of fall risk.

Using estimated gait parameters by utilizing the foot-mounted inertial sensor-
based system described in Chapter 5, we extract significant gait features in terms of
gait variability and symmetry, and determine their predictive effects in fall risk. We
use feature selection algorithms and determine the most significant gait features which
are related to the fall risk. Selected features are used in the classification of people into

two groups, namely high and low fall risk.

Subject characteristics, including fall history, age and height are obtained from
medical records and self reports. A questionnaire including subject characteristics that
play important role in fall risk is prepared in collaboration with the neurologist. The
classification results are evaluated based on these factors. We label our subjects who
have a history of fall or who use a walking aid or cane as the high fall risk group and the
subjects who have no history of fall in the past and use no walking aid are labeled as
the low risk group. We examine gait features of these two groups and employ different

machine learning methods for the classification of these two groups.

This chapter presents the details about the methodology employed in fall risk
assessment. In Section 6.1, we present how we extract gait features out of estimated

gait parameters. An insight into utilized dataset is given and, the visualization and
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interpretation of extracted features are presented in Section 6.2. In Section 6.3, we
provide the details of feature selection from a rich set of gait features. In Section
6.4, we employ different machine learning methods using selected features for fall risk
classification. We conclude the chapter with the results and our discussion in Section

6.5.

6.1. Feature Extraction

Gait parameters are extracted using our inertial sensor-based gait analysis sys-
tem. In addition to these parameters, symmetry and variability of gait parameters are
computed. In this section, how we compute these features are detailed. The full set of

features utilized in the fall risk assessment is presented in Table 6.1.

Gait symmetry provides valuable information concerning the fall risk in the el-
derly. For this reason, we choose to investigate the effect of gait symmetry in fall risk.

We use Equation 6.1 to compute the symmetry indexes of the gait parameters.

ST = Xz — Xgl

— 100 6.1
05 x (Xp + Xp) < 100% (6.1)

The Symmetry Index (SI) is the most commonly used method in the measurement
of gait symmetry. SI factor is a method of percentage assessment of the differences
between the gait parameters for both sides of the lower limbs during walking. The value
of SI which is equal to zero indicates full symmetry, whereas SI equal to or greater than

100% indicates its asymmetry [61].

Another gait feature extracted in this study is the variability of gait parameters.
We quantify the variability in stride length, max clearance, stance time and swing time
per foot for every gait cycle. We use the coefficient of variation (CV) to reflect the

variability for each of the parameters, which is computed as in Equation 6.2.
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X
CV = 2% % 100% (6.2)

m

The reason why we compute the variability with coefficient of variation is that
the standard deviation is not informative enough itself without considering the average
values, therefore we choose to use the coefficient of variation to reflect variations of the

gait.

Table 6.1. Full Set of Gait Features.

CV Stride Len CV Cycle Time
CV Swing Time L CV Swing Time R

Extracted Gait

Variability
CV Stance Time L CV Stance Time R
Features
CV Clearance L CV Clearance R
Extracted Gait SI Stance Time SI Swing Time
Symmetry Features || SI Stance Ratio SI Clearence

Avg Stride Length Avg Cycle Time
Speed Cadence

Avg Stance Time (L) Avg Stance Time (R)
Avg Swing Time (L) Avg Swing Time (R)
Stance Ratio (L) Stance Ratio (R)
Avg Clearance (L) Avg Clearance (R)

Extracted Gait

Parameters

6.2. Data Visualization and Interpretation

In this section, we present a detailed insight into the dataset that is used in
this study. We provide the details of the subjects participated the conducted experi-
ments and visualize important gait features of the subjects so that it gives us a better

understanding of the problem.
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Thirty seven subjects participated the study. Among 37 subjects, 11 of them are
labeled as high fall risk and 26 of them are labeled as low fall risk based on their fall
history by their self reports and use of walking aid or cane as these factors are related

to fall risk [62].

e High fall risk group: People who experienced at least a fall in the past; or use
either walking aid or cane.
e Low fall risk group: People who have no history of fall in the past; and do not

use any walking aid or cane.

Additionally, 21 of the subjects are identified with different neurological condi-
tions with gait implications. We collaborate with the neurologist and identify the most
important factors having impact on the fall risk. These factors are listed in Table 6.2.

Fall risk level identification of the subjects are interpreted based on the listed items.

Table 6.2. Questionnaire Topics.

Hearth Rhythm Sedatives
Blood pressure Anti depressant
Orthostatic hypotension Dopaminergic
Health
Significant Polyneuropathy Antipshotic
Significant Vision Defect Medication | ACHEI
Sleep disorder Neuroleptics
Anxiety Antiarhythmic
Depression Antihypertensives
Behaviour
Agitation Alcohol
Psychosis Pure movement disorder
Tremor Mild cognitive impairment (MCI)
Gait Disorder Cognition | MCI with movement disorder
Parkinsonizm
Rigidity Dementia pure cognitive
Bradykinesia Dementia with movement disorder
History of fall Prothesis
Mobility Orthopedic
Use of walker/cane Orthopedic surgery
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Participant characteristics are compared between groups using health status (pa-
tient or healthy) and fall risk (high fall risk group and low fall risk group) as two
categorical factors in an analysis of variance (ANOVA). Subject characteristics and
their main effects on their health status and fall risk are presented in Table 6.3. Signif-
icant p-values are starred. From the results, there is a statistically significant difference
between the groups in terms of age. So, it can be said that age plays a crucial role in

fall risk level and health status of the participants.

Table 6.3. Participant Characteristics Between Groups.

High Risk | Low Risk Health Status Risk Level
Mean+SD | Mean4+SD | F-ratio p-value F-ratio p-value
Female/Male 8/3 10/16
Age (year) 82.2+4.6 | 55.07+20.3 | 63.112 | 2.96e-09*** | 18.452 | 0.000138***
Height (m) | 1.63£0.08 | 1.68+£0.08 | 0.793 0.379 0.258 0.614

*

p < 0.01, “p < 0.05 p<0.1

Additionally, the effect of gait characteristics on health status and fall risk are
compared using ANOVA between high and low fall risk groups, and also between
people with neurological diseases and healthy people. Gait characteristics and their
main effects on health status and fall risk are presented in Table 6.4. Significant p-
values are starred. From the results, it can be inferred that gait variability features are
significantly different between people with healthy gait and people with pathological
gait. Therefore, it can be said that the gait variability is an important indicator
of the health status. Also, some of these gait variability features are significantly
different between people with high fall risk and low fall risk such as the variability
of stride length, swing time and clearance for the left foot. Symmetry indexes are
other significant features between groups. The symmetry index of stance ratio and
clearance are the most significant features between groups according to the health
status, while the symmetry indexes of stance and swing time are the most significant

features between fall risk groups. Speed and clearance of the left foot have significant
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effect on the health status and fall risk. Moreover, it is observed that the average cycle
and swing time for the right foot are significant on the health status of the people while

cadence, the average stance time for the right foot are significant on fall risk.

Table 6.4. Gait Characteristics Between Groups.

Health Status Risk Level
F-ratio p-value F-ratio p-value
CV Stride Length 1630.264 2.61e-13%** | 48.847  2.3e-05%**
CV Cycle Time 8.835 0.01269** | 0.000  0.997771

CV Stance Time (L) | 385.967  6.47e-10*** | 1.083  0.320446
CV Stance Time (R) | 5.113 0.04499** 0.843 0.378184

CV Swing (L) 411.025  4.62e-10*%** | 32.205  0.000143***
CV Swing (R) 450.906  2.81e-10%%* | 1.920  0.193322
CV Clearence (L) 4834.682 6.76e-16™** | 11.134  0.006631***
CV Clearence (R) 7.523 0.01913** 0.021 0.886583
STAvgStanceTime 1.069 0.32327 4.584  0.055508%*
STAvgSwingTime 1.700 0.21895 3.429 0.091083*
SIStanceRatio 18.155 0.00134** 1.724 0.215941
STAvgClearance 14.673 0.00279** 1.674  0.222292
Cadence 0.130 0.72504 16.394  0.001919**
Speed 6.254 0.02947** 4.100  0.067855*
Avg Stride Length 1.519 0.24343 0.013 0.910299
Avg Cycle Time 4.932 0.04830** 0.364  0.558638
Avg Stance Time (L) | 1.093 0.31823 0.020  0.889434
Avg Stance Time (R) | 1.222 0.29262 4.030  0.069909*
Avg Swing Time (L) | 2.634 0.13291 0.238 0.635376
Avg Swing Time (R) | 3.925 0.07314* 0.931 0.355439
Stance Ratio (L) 0.990 0.34105 3.184  0.101959
Stance Ratio (R) 1.498 0.24649 2.634 0.132866
Avg Clearance (L) 6.712 0.02511** | 15.697  0.002227%**
Avg Clearance (R) 0.016 0.90077 0.430  0.525374

*

“p <0.01, "p < 0.05 p<0.1
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Significant gait characteristics between fall risk groups are visualized in Figures

6.1-6.7. Significant gait characteristics in figures can be summarized as follows.

e In Figure 6.1, left and right feet clearance of the participants is shown. From
the figure, it can be observed that people who have experienced at least a fall in
the past have lower clearance compared to people who do not have a fall history.
This might suggest us that a low foot clearance might cause falls. However, as
participants’ gait characteristics are examined in a retrospective manner with
respect to the history of fall, it might be also said that a low foot clearance is a
result of the fall as people develop fear of falling after falls, they hesitate to take
their foot off the ground afterwards.

e In Figure 6.2, the stance time of the left and right feet is shown. It can be
observed that people at high fall risk in general have higher stance time than
people at low risk. This might be due to the situation that they find it difficult
to move on and so, they prefer to stay in the stance period longer, which helps
them to balance themselves better. Another reason for a longer stance period
might be that if people have fear or anxiety of falling, they might intentionally
choose to stay in the stance period longer.

e In Figure 6.3, cadence and speed comparison is depicted. This figure shows
that people at high fall risk in general have lower speed compared to people at
lower fall risk. Also, the former group has slightly lower cadence than the latter
group. It can be inferred that people who are likely to fall walk slowly than the
others. Another reason for slow speed might be the preventive behaviour they
have against the thought of a possible fall.

e In Figure 6.4, the swing time variability for both feet is shown. It can be observed
that people at high fall risk in general have higher swing variability than people
at lower fall risk. This might be due to irregularities and abnormalities in their
walking.

e In Figure 6.5, the stance time variability for both feet is shown. It can be observed
that people at high fall risk in general have higher stance variability than people

at lower fall risk. There are a few outliers in the low risk group, this might be
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due to the fact that they have not experienced a fall in the past but they have a
some kind of gait problem that might cause to fall in the future.

In Figure 6.6, the average swing time for both feet is shown. When looked at
the figure, no general pattern is observed. However, it can be said that people at
high risk in general have smaller swing time than people at low risk. This might
be because they have difficulty in staying in balance, and they hurry themselves
to do the transition to the stance period.

In Figure 6.7, left and right stance ratio is shown. It is observed that people at
higher fall risk have higher stance ratio than low fall risk group. This observation
is in the agreement with the previous observations that they stay in the stance
period longer and they stay in the swing period less than the fall risk group.
Furthermore, normally, the stance phase constitutes approximately 60% of the
whole gait cycle, while the swing phase constitutes 40% [31]. Therefore, it is
expected that the stance ratio in a gait cycle will be around 60% of the whole
gait cycle. From the figure, it is observed that people in the low fall risk group
have a stance ratio between 55%-65% whereas, people in the high fall risk group
usually have a stance ratio higher than 65%.

In Figure 6.8, cadence and stride length comparison is shown. From the figure,
it can be observed that some of the people in the high fall risk group have higher
cadence with smaller stride lengths compared to the low risk group; or they have
smaller cadence with higher stride lengths than the low risk group. This might

be due to abnormalities in their walking, which cause falls.
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6.3. Feature Selection

Using more features does not always provide better results. Different features
often mask distinctiveness of each other when they are used together and hinder better
understanding of the underlying process that generated the data, which results in
low performance. Also, it might be the case that some features include the same
kind of information, which increases the complexity of the model. Especially, using
more features with a small dataset creates the overfitting problem and reduces the
generalization of the classifier. Therefore, an ideal subset of relevant features must be
selected for model construction in order to obtain better performance in classification.
In addition to the better performance, there are a number of advantages of selecting
and working with subset of features. It, for instance, facilitates data visualization and
data understanding; which is very significant for the solution of the problem. Also,
it reduces the storage requirements and training time; which, in turn, decreases the

computational cost of the system [63].

In this section, feature selection algorithms that are employed to obtain the ideal
subset of features to classify high and low fall risk groups are detailed. We employ
a pairwise correlation based feature selection method, a stepwise feature selection
method, a decision tree for feature selection and a random forest for feature selec-

tion.

6.3.1. Pairwise Correlation based Feature Selection

One of the methods for understanding the relation of the feature to the response
variable is the correlation analysis. The correlation is a measure of the strength of the
association between the two variables. The most common measure of correlation is
the Pearson Correlation [64], and it is used in this study. Pearson correlation analysis
results in a coefficient that lies between -1 and +1, in which -1 represents perfect
negative correlation whereas +1 means perfect positive correlation and 0 means no

linear correlation between the two variables.
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We apply a pairwise Pearson correlation technique to the full set of gait fea-
tures listed in Table 6.1. It is aimed to investigate the relationship of features among
themselves in a pairwise manner and the relationship of the features with the fall risk

level.

The correlation coefficients which have absolute values higher than 0.3 are pre-
sented in Table 6.5. These are the most significant features which affect the fall risk
level. However, pairwise correlations of all features must be considered while selecting
the most appropriate features. Therefore, the relationship of the features are investi-

gated in a pairwise manner and then features are selected.

Table 6.5. Correlated Features.

Feature Coefficient | Feature Coefficient
CV Stride Length 0.5416 Speed* 0.7475

CV Clearance (R)* 0.4744 Avg Stride Length 0.7174

CV Clearance (L) 0.5423 Avg Cycle Time 0.4552

CV Swing Time (L) 0.6725 Cadence 0.3833

CV Swing Time (R) 0.3626 Stance Ratio (R) 0.4892

ST Avg Swing Time*  0.5106 Stance Ratio (L) 0.5445

ST Stance Ratio* 0.3330 Average Stance Time (L) 0.5630

SI Average Clearance®* 0.5149 Average Stance Time (R) 0.5451
“Selected Features

For every feature in Table 6.1 and fall risk level, 25 x 25 correlation matrix
is calculated, where 25 is the number of gait features including the fall risk level.
The most correlated features with the fall risk level are found as listed in Table 6.5.
The speed is found to be the most correlated feature with the fall risk level which has
coefficient of 0.7475. It is also observed that other correlated features have high pairwise
correlation with speed. Therefore, all correlated features can not be directly selected
as a feature without considering pairwise correlations as it will create redundancy.

Feature selection procedure is as follows. Initially, selected feature set is defined as an
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empty set. The speed is included to the selected feature set. After including the speed
feature to the selected feature set, other features are included to this set considering
pairwise correlations with already selected features. Thus, the next most correlated
feature is found and its pairwise correlations with the selected features are examined.
If this feature has an absolute correlation coefficient higher than 0.5 with one of the
selected features, this feature is not included to the selected feature set; otherwise it
is included, as it is considered that it contains additional information which is not
covered by already selected features. The process continues until pairwise coefficients
of all correlated features are compared. As a result, selected features with the pairwise
correlation method are found to be speed, CV of clearence (R), ST of average clearance,

SI of average swing time and SI of stance ratio.

6.3.2. Stepwise Feature Selection

We apply logistic regression in a stepwise procedure to select the best subset of
the features. Stepwise forward selection and stepwise backward elimination procedures
for feature selection are utilized. Akaike information criterion (AIC) is a measure
of goodness of the fit and the most common criterion used in evaluating the quality
of models, so it is utilized for model selection [65]. At every step, both procedures’
selection criterion is minimizing AIC information. In stepwise forward selection, we
start with an empty feature set, and at each step we add the best feature based on the
chosen criterion. The process stops when no more improvement in the result can be
obtained with the remaining features in the set. Unlike the stepwise forward selection,
in the stepwise backward elimination, we start with the full feature set and at each step
we remove the feature that provides the least or no improvement based on the chosen
criterion. This process terminates when it is not possible to improve the performance
by removing any of the features from the selection. We also use a combination of the
forward selection and backward elimination which is a bidirectional search selection. In
this technique, at every step both stepwise forward selection and backward elimination
are conducted, the one that yields the best result based on the chosen criterion is

selected [66].
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Considering the size of the dataset used in this study, three different models are
constructed for different features. Stepwise feature selection methods are applied on
gait symmetry, gait variability features and gait parameters separately. Full models
are constructed as depicted in Figure 6.9. The first model is constructed to select
significant gait variability features, whereas the second model is constructed to select
significant gait symmetry features. The third model is constructed to investigate the
significance of speed. From the pairwise correlation analysis, it is observed that the
speed has high correlation with other gait parameters, therefore only the speed is
included to the third model. As a result of the stepwise method, the final and the
best model for the first model includes CV of stride length, cycle time and clearance.
The final model for symmetry features consists of SI of swing and clearance. The best
model for gait parameters includes the speed. We combine the selected features from

three final models and feed them as input into the classification algorithms.

Require: CVStrideLength, CVCycleTime, CVClearence(R), CVClearence(L)
CVSwingTime(R), CVSwingTime(L), CVStanceTime(L), CVStanceTime(R),
gait variability features for all subjects

Require: SIStanceTime, SISwingTime, SIStanceRatio, SIClearance, gait symme-
try index features for all subjects

Require: Speed , speed for all subjects

Require: FallRiskLevel, list of fall risk level
full.model.variability <— Fall Risk Level ~ C'V StrideLength+ CV CycleTime +
CVClearence(R)+CV Clearence(L)+CV SwingTime(R)+CV SwingTime(L)+
CV StanceTime(L) + CV StanceTime(R)
full.model.symmetry < FallRiskLevel ~ SI1StanceTime + SISwingTime +
SIStanceRatio + SIClearance
full.model.gaitparameters < FallRisk Level ~ Speed
final. model.variability < stepwiseTechnique(full. model.variability)

final. model. symmetry <+ stepwiseTechnique(full. model.symmetry)

final. model. gaitparameters < stepwiseTechnique(full. model.gaitparams)

Figure 6.9. Model Construction for Stepwise Selection Procedure.
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6.3.3. Decision Tree for Feature Selection

Decision Trees (DT) are a non-parametric supervised learning methods used for
classification and regression. A decision tree is constructed by learning simple decision
rules inferred from the data. Each decision tree consists of decision nodes and terminal
nodes. At each step, the feature that splits the input best is chosen as a decision
node. While decision nodes represent the rules of the split, terminal nodes represent
the decision results. Splitting continues recursively until there is no input to split where

the terminal node is constructed [67].

The goodness of the split is defined by the impurity function that aims the best
separation of the data. In our implementation, entropy function is used as an impurity
measure. Splitting continues until all the leaves are pure based on impurity measure.
However, this might cause overfitting. For instance, if splitting is continued to the point
where each terminal node contains only one data point, then it means that the tree
overfits to the training data, and performs poorly with testing data. Pruning methods

are employed to overcome this problem [68]. We use pruning to prevent overfitting.

The decision tree selects features while constructing the tree. The decision node
is chosen such that it has the feature that separates the data best. Therefore, features
selected at each decision node represent the data best. The algorithm results in 2-node
decision tree as depicted in Figure 6.10. The features used in the construction of rules
in the decision tree are average clearance for the left foot and SI of average stance time.
The most important feature utilized in decision tree is the clearance for the left foot.

The other important feature is SI of stance time.

From Figure 6.10, it can be inferred that if a person has an average clearance
for the left foot less than 5.5 cm, his or her fall risk level is classified as high risk. If
a person has an average clearance higher than 5.5 cm and SI of stance time less than
12.4516%, his or her fall risk level is classified as low risk. Otherwise, the constructed
terminal node is not pure and they are again classified as the low fall risk group because

of the pruning.



26

Avgl.clearance < 5.5
entropy = 0.878
samples = 37
value = [26, 11]
class = Low Fall Risk Group

entropy = 0.9183
samples = 3
value = [2, 1]

class = Low Fall Risk Group

Figure 6.10. Decision Tree for Feature Selection.

6.3.4. Random Forest for Feature Selection

Random Forest (RF) is used as a classifier and also as a method for the feature
selection. RF combines a number of decision trees built using different subsets of the
training dataset. At each step of the tree construction, a different subset of features
is randomly selected and a split is performed using a feature which separates the data

best [69].

As a random forest includes many decision trees, different set of features are used
by all of the decision trees. Feature importance of a single tree is computed based
on the decrease in the model accuracy when the feature is removed. After computing
feature importances for individual trees in RF, the importance of the features for RF
is obtained by averaging importance measures for individual trees. Figure 6.11 shows
the importance of features for the constructed random forest. We threshold the feature
importances shown in the figure. We select the features which have importance more
than 0.04. In the order of significance, average clearance for the left and right foot,

speed, average stride length, CV of swing time for the left foot, stance ratio for the left
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foot and SI of average clearance are selected features.

Feature Importance
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Figure 6.11. Random Forest for Feature Selection.

6.3.5. Discussion

Four different feature selection techniques are employed. Comparison of selected
features by all of the methods is presented in Table 6.6. The speed is selected by
all techniques. The symmetry index of swing time and clearance and stance ratio
are selected by the pairwise correlation based feature selection method. The stepwise
feature selection method selects only two of the symmetry indexes while the decision
tree and random forest select only the symmetry index of stance time and stance ratio

respectively. All four methods select different gait variability features.

Pairwise correlation based feature selection is used in this study to investigate

fall risk level-feature and feature-feature correlations. This is the most commonly used
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method in measuring linear correlations as it is efficient and reliable. However, it is
not the most appropriate measure if correlations are not linear and if outliers exist in
the dataset. For example, a single outlier especially in the small dataset can mask the
strong correlation between two variables. Therefore, it is useful to study more robust
measures of correlation for feature selection. On the other hand, tree based feature
selection methods are not always able to exclude irrelevant features since an irrelevant
feature also splits the data best [70]. Therefore, this must be taken into consideration
while choosing the most appropriate feature selection method. Considering these as-
pects of pairwise correlation based and tree based feature selection methods, in Section

6.4 we employ features selected by the stepwise feature selection method.

Table 6.6. Selected features with different feature selection methods.

Full Set of Features | Pairwise Correlation | Stepwise Selection | DT Selection | RF Selection
CV Stride Length X v X X
CV Cycle Time X v X X
CV Stance Time (R) X X X X
CV Swing Time (L) X X X v
CV Clearance (R) v X X X
CV Clearance (L) X v X X
SI Swing Time v v X X
SI Stance Time X X v X
SI Stance Ratio v X X X
SI Clearance v v X v
Speed v v v v
Average Clearance (L) X X X v
Average Clearance (R) X X X v
Average Stride Length X X X v
Stance Ratio (L) X X X v
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6.4. Classification

In this section, we employ different machine learning methods to build binary clas-
sifiers which can classify people into two groups, namely high and low fall risk groups.
We use KNN, NB, LR, DT, RF and SVM classifiers and discuss their performances.

We identify the outliers, and evaluate them based on the questionnaire.

Features selected by the stepwise feature selection method described in Section
6.3.2 are utilized in the training of the algorithms. Labeling of the subjects are de-
termined based on their history of fall and use of walking aid as described in Section

6.2.

For the testing of the algorithms, leave-one out cross-validation technique is em-
ployed. The leave one out cross-validation procedure is performing the learning step
with all but except one data point in the dataset and then testing the learned algo-
rithm with the one left out at the beginning. This procedure is repeated for every
data point in the dataset [67]. Average performances are reported. For evaluating the
performances, accuracy, precision, sensitivity, specificity and F-measure metrics are

used.

6.4.1. K Nearest Neighbours

K Nearest Neighbours (KNN) is a simple algorithm comparing a data point with
its K-nearest neighbours and classifying this data point to the class that most frequently
occurs among its K-neighbours [71]. Comparison of the data point with K-nearest
neighbours is based on a defined similarity function. We use the Euclidean distance
as the similarity function to identify the nearest neighbours. Thus, we normalize the

dataset before applying KNN.

K is selected to be 3 considering the size and the nature of the dataset. Features
selected by the stepwise method are used for the training of KNN. Otherwise, when

full set of features feed into the KNN, it is observed that its performance decreases
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as irrelevant features increase the complexity of the model. Moreover, unlike DT and
RF, KNN does not perform feature selection; therefore, KNN takes advantage of the

feature selection. KNN classifier performance is summarized in Table 6.7.

Table 6.7. KNN Confusion matrix for leave-one-out cross validation (K=3).

Predicted Class Results (%)
True Class | Low Risk High Risk | Accuracy | Precision | Sensitivity | Specificity | F-measure
Low Risk 24 2
91.89 83.33 90.91 92.31 86.96
High Risk 1 10

As shown in the Table 6.7, three of the subjects are misclassified. Subjects 2 and
21 are assigned to high fall risk. Based on the questionnaire filled for these subjects,
Subject 2 uses antidepressants and exhibits depression and agitation. Even though
this subject does not labeled as high fall risk, the effects of antidepressants and his
or her psychological mood might have been reflected in the gait, and so he or she is
classified into high fall risk group. Subject 21 has use of anti-dopamine, sedatives and
has dyskinesia. Even though this subject has no fall history or use of walking aid, the
effects of these characteristics might have been reflected in the gait and put his/her
at high fall risk, that’s why she or he is misclassified into the high fall risk group by
the KNN. Subject 3 has a history of fall; however, this subject is misclassified into the
low fall risk. It is observed in the clinical treatment that she or he has normal gait;
however, experiences sudden changes in her or his postural tone, which might have
caused a fall. Therefore, this misclassification suggests us continuous data collection

and analysis for the identification of such cases.
6.4.2. Naive Bayesian
A Naive Bayesian (NB) is a simple probabilistic classifier based on the Bayes rule,

so it probabilistically predicts the classes from the features based on Bayes’ theorem.

NB classifiers assume that the effect of a feature on a given class is independent of other
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features. This assumption is called class conditional independence, which simplifies the

computation involved and, therefore, is considered 'naive’ [72].

NB classifier performance is depicted in Table 6.8. As shown in this table, three
of the subjects are misclassified. Subject 3, 4 and 6 are misclassified to the low risk
group. Initially they labeled as high fall risk because of history of fall and use of
walking aid. However, it might be the case that they experienced a fall not because
of gait characteristics but other reasons. For example, Subject 3 has sudden changes
in postural tone and unpredictable changes in the gait. Therefore, this observation
might cause misclassification of him to the low risk group. Subject 4 has orthopedic
problems and also his or her family takes care of him/her very well. Therefore, the
reason why she or he does not reflect any abnormality in the gait might be because of
this protective care and eventually is classified to the low risk group. Subject 6 uses
various medications and has slowness; however, she or he has protective behaviour
concerning her/his walking. Therefore, this might cause misclassification of her/him

to the low risk group.

Table 6.8. NB Confusion matrix for leave-one-out cross validation.

Predicted Class Results (%)

True Class | Low Risk High Risk | Accuracy | Precision | Sensitivity | Specificity | F-measure
Low Risk 26 0
High Risk 3 8

91.89 100.0 72.73 100.0 84.21

6.4.3. Logistic Regression

Binary Logistic Regression (LR) is another classification technique [66]. It com-
putes the relationship between certain class and features. It estimates the probability
that a data point belongs to certain class when the features are given. In our study,
LR estimates the probability of being classified to certain fall risk group. The proba-
bilities of being classified as high fall risk group is shown in Figure 6.12. LR classifier

performance is depicted in Table 6.9.
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Four of the subjects are misclassified. Subject 4, 7, 11 are misclassified to the
low fall risk group, whereas Subject 21 is misclassified into the high fall risk group.
Subject 4 has movement problems and her/his family takes care of her/him very well.
Therefore, it might be the reason why she or he does not reflect any abnormality in
the gait. Subject 7 has a problem in maintaining her/his balance. However, this is not
reflected in her/his gait, which later causes misclassification. Subject 11 has significant
cognitive skills and has awareness of fall. Even though she or he experienced a fall in
the past, she or he is very careful with his/her walking. Therefore, any abnormality
might not be reflected in the gait, which later causes misclassification. Subject 21
uses sedatives and also has dyskinesia and asymmetric movement disorder on the right
foot. Even though this subject has neither fall history nor use of walking aid, these
characteristics might be reflected in the gait and put his/her at high fall risk.
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Figure 6.12. Probabilities of being classified as high fall risk group using LR.
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Table 6.9. LR Confusion matrix for leave-one-out cross validation.

Predicted Class Results (%)

True Class | Low Risk High Risk | Accuracy | Precision | Sensitivity | Specificity | F-measure
Low Risk 25 1
High Risk 3 8

89.19 88.89 72.73 96.15 80

6.4.4. Decision Tree

Decision Trees (DT) form a well known supervised machine learning technique
used for classification and regression. A decision tree is constructed by learning simple
decision rules inferred from the data. DT is one of the most commonly used classifi-
cation algorithms since they are simple to understand and to interpret [67]. However,
decision tree learners can create over-complex trees that overfits to the training data
and do not generalize the overall data. This is called overfitting and, methods such as
pruning are necessary to avoid this problem. In our implementation, pruning methods
are employed to prevent overfitting and also entropy function is used as an impurity

measure.

Decision trees are also used for feature selection as described in Section 6.3.3.
Therefore, we compare the DT performance with full feature set and with features
selected by the stepwise feature selection algorithm. DT classifier performances with
different feature sets are summarized in Table 6.10 and Table 6.11. It is observed
that DT performs better with full set of features. This is because DT selects the most
important features while constructing the tree and, these features might not be selected

by the stepwise method.
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Table 6.10. DT Confusion matrix for leave-one-out cross validation.

Predicted Class Results (%)
True Class | Low Risk High Risk | Accuracy | Precision | Sensitivity | Specificity | F-measure
Low Risk 25 1
89.19 88.89 72.73 96.15 80.00
High Risk 3 8

Table 6.11. DT Confusion matrix for leave-one-out cross validation with full set of

features.
Predicted Class Results (%)
True Class | Low Risk High Risk | Accuracy | Precision | Sensitivity | Specificity | F-measure
Low Risk 25 1
91.89 90.00 81.82 96.15 85.71
High Risk 2 9

As shown in Table 6.10, four of the subjects are misclassified when the DT algo-
rithm is applied with features selected by the stepwise procedure. Subjects 3, 5 and 7
are misclassified into the low fall risk group, whereas Subject 16 is misclassified into the
high fall risk group. Moreover, when the DT algorithm is applied with the full feature
set, three of the subjects are misclassified. Subjects 3 and 5 are misclassified into the
low fall risk group, whereas Subject 21 is misclassified into the high fall risk group.
Subject 5 is initially labeled as high fall risk because of the history of fall in the past.
However, this subject has a hip prosthesis, which might suggest that this subject has
experienced a fall because of the hip problem, which is not reflected in gait character-
istics and; therefore, this causes misclassification. Based on the questionnaire, Subject
7 uses antidepressants and has a high hearth rhythm. Also in the clinical treatment, it
is observed that she or he has difficulty in maintaining balance. These characteristics
might not be reflected in the gait, and therefore, this subject is misclassified to the
low fall risk group. Event though Subject 16 is not label as high risk, she or he is
classified into the high fall risk group. She or he has MCI and uses antidepressants and

sedatives, which might have impact on the gait and so might cause misclassification.
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6.4.5. Random Forest

Random Forest (RF) is a supervised learning method for classification and regres-
sion. RF constructs a number of decision trees at training time using different samples
of training set and feature set. RF outputs the class that is the most selected one
among the individual trees [69]. In our implementation, we use pruning for individual
decision trees in the forest to prevent overfitting. We construct 100 different decision

trees in RF and use entropy as an impurity function.

Random Forests are also used for feature selection as described in Section 6.3.4.
Therefore, we compare the performance of RF algorithm when both full feature set
and features selected by the stepwise feature selection algorithm are given separately.
RF classifier performances with different feature sets are summarized in Table 6.12 and
Table 6.13. It is observed that RF performs better with full set of features. This is
because individual trees in RF select the most important features while constructing

themselves and, these features might not be selected by the stepwise method.

Table 6.12. RF Confusion matrix for leave-one-out cross validation.

Predicted Class Results (%)
True Class | Low Risk High Risk | Accuracy | Precision | Sensitivity | Specificity | F-measure
Low Risk 25 1
91.89 90.00 81.82 96.15 85.71
High Risk 2 9

Table 6.13. RF Confusion matrix for leave-one-out cross validation with full set of

features.

Predicted Class Results (%)

True Class | Low Risk High Risk | Accuracy | Precision | Sensitivity | Specificity | F-measure
Low Risk 26 0
High Risk 2 9

94.59 100.00 81.82 100.0 90.00
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As shown in Table 6.12, Subject 3, 5 and 17 are misclassified when the RF
algorithm is applied with features selected by the stepwise procedure. Also, when the
RF algorithm is applied with the full feature set, Subject 3 and 5 are misclassified
into the low fall risk group. Event though Subject 17 is not label as high risk, she
or he is classified into the high fall risk group. This subject has axial rigidity and
uses antidepressants. These two factors might have effects on the gait that eventually

classifier detects a risk of fall.

6.4.6. Support Vector Machines

Support Vector Machines (SVM) is a supervised machine learning technique.
SVM projects the feature space onto a higher dimensional space in which the dataset
becomes linearly separable. Kernel functions are used to construct a mapping into a
high dimensional feature space. Then, a hyperplane is searched in the projected data
space such that the margin between the hyperplane and both classes is maximized [73].

In our implementation, we use linear kernel function.

Features selected by the stepwise feature selection algorithm are used for the
training of the SVM. Otherwise, when full set of features feed into the SVM, it is
observed that its performance decreases, which is due to high complexity of the model
that creates generalization problem. Also, unlike DT and RF, SVM does not perform
feature selection. Therefore, SVM takes advantage of the feature selection. SVM

classifier outperforms all of the classifier and its performance is depicted in Table 6.14.

Table 6.14. SVM Confusion matrix for leave-one-out cross validation.

Predicted Class Results (%)

True Class | Low Risk High Risk | Accuracy | Precision | Sensitivity | Specificity | F-measure
Low Risk 25 1
High Risk 1 10

94.59 90.91 90.91 96.15 90.91
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Two of the subjects are misclassified. While Subject 4 is misclassified into the
low fall risk group and Subject 21 is misclassified into the high fall risk group. These
two subjects are also commonly misclassified by other methods. As mentioned, Subject
4 has orthopedic problems and so, his or her family takes care of him/her very well.
Therefore, it might be the reason why she or he does not reflect any abnormality in the
gait that might cause fall. Subject 21 has dyskinesia and uses sedatives. Even though
this subject has no fall history or use of walking aid, these characteristics might be

reflected in the gait and put his/her at high fall risk.

6.5. Results and Discussion

We study different feature selection techniques and employ different machine
learning methods to identify people at high fall risk based on selected gait parameters.
Feature selection and classification techniques are discussed in detail. The feature se-
lection method and the classification technique should be chosen considering all the
discussed aspects. The applied methodology yields promising results. However, there
are limitations of the study. First of all, we work with a small dataset. It is very chal-
lenging to recruit people with a fall history so that their gait features are investigated.
This suggests that generalization of the results should be considered carefully. Thus,

even though our results are promising, more data must be collected and analysed.

Machine learning methods are employed to classify people into two fall risk
groups, namely high and low fall risk groups. Performance of the machine learn-
ing methods are evaluated based on accuracy, precision, sensitivity, specificity and
F-measure metrics. When people are classified to the high fall risk group; how accu-
rate this classification is measured by precision. Sensitivity, also called true positive
rate or recall, measures the accuracy of true classification when people have high fall
risk, while specificity measures the accuracy of true classification when people have
low fall risk. F-measure is harmonic mean of precision and recall values, and indicates
the trade-off between precision and recall. Among these metrics, sensitivity or recall is
particularly important as it can lead to unexpected consequences to classify people at

high fall risk as people at low fall risk. All in all, the most appropriate classifier must
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be chosen not only considering their accuracies but also taking into consideration their

specificity, sensitivity, precision and F-measure.

Table 6.15 shows the comparison of accuracy, precision, specificity, sensitivity
and F-measure of the applied different machine learning algorithms. As presented in
Table 6.15, the SVM classifier and RF trained with the full feature set outperform the
other classifiers. KNN, RF and NB classifiers and DT classifier trained with the full
feature set have the same performance in terms of accuracy; however, other performance
metrics differ. LR and DT classifiers have the same and the poorest performance among

others.

Table 6.15. Performance comparison of different classification techniques.

Result (%)
Classification Accuracy | Precision | Sensitivity | Specificity | F-measure

SVM 94.59 90.91 90.91 96.15 90.91

RF (full feature set) 94.59 100.0 81.82 100.0 90.00
KNN 91.89 83.33 90.91 92.31 86.96

RF 91.89 90.00 81.82 96.15 85.71

DT (full feature set) 91.89 90.00 81.82 96.15 85.71
NB 91.89 100.0 72.73 100.0 84.21

LR 89.19 88.89 72.73 96.15 80.00

DT 89.19 88.89 72.73 96.15 80.00

DT and RF algorithms are applied with both features selected by the stepwise
feature selection procedure and the full feature set. They perform better when the full
feature set is given as they select the best features while constructing trees. Therefore,

it should be taken into consideration while employing these algorithms.
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Figure 6.13. ROC curves of the classification algorithms.

Figure 6.13 shows the receiver operating characteristic (ROC) curves of the algo-
rithms. The ROC curve is one of the methods for visualizing the classification quality,
which shows the dependency between the true positive rate (TPR) and the false positive
rate (FPR). TPR is equivalent to sensitivity and FPR is equivalent to (1 — specificity).
All possible combinations of TPR and FPR compose a ROC space. One TPR and one
FPR together determine a single point in the ROC space, and the position of a point
in the ROC space shows the tradeoff between sensitivity and specificity. The steepness
of the ROC curves is an important metric, as it is ideal to maximize the TPR while
minimizing the FPR [74]. The quality of classification can be determined using the
ROC curve by calculating the area under the ROC Curve (AUC) coefficient. AUC is
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a measure of how well a parameter can distinguish between two groups. The higher
the value of AUC coefficient, the better the classification accuracy is. AUC equal to 1
means a perfect classifier and, AUC equal to 0.5 is obtained for purely random classi-
fiers. AUC less than 0.5 means the classifier performs worse than a random classifier.
From Figure 6.13, it can be concluded that the SVM has the highest classification

quality over other classification algorithms.

Additionally, evaluation of the results are made carefully, considering the items
in the questionnaire that are listed in Table 6.2. This helps us understand cause
and effect relationships of the fall better. Misclassification of the each classifier is
discussed. Subjects 3, 4, 5 and 21 are the most commonly misclassified subjects.
These subjects are the outliers and needed to be investigated in detail. Subject 3
has hypertension and exhibits sudden changes in postural tone whereas Subject 4
has orthopedic problems. Subject 5 has a hip prosthesis and uses medication for
hypertension. Subject 21 uses sedatives and has dyskinesia. The characteristics of the
patients should be taken into consideration as they might have different relationships
with the fall. Therefore, interventions for fall prevention should be taken carefully
considering these characteristics and the future studies should be conducted considering

the misclassified subjects.

All in all, we must be very careful in making conclusions regarding the importance
of health issues in this problem; however, we can conclude that machine learning meth-
ods can be used in the prediction of the level of fall risk based on gait characteristics

of the people.
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7. CONCLUSION AND FUTURE WORK

In this thesis, we proposed a fall risk assessment system based on gait parameters.
First of all, we studied a Kinect based gait analysis system and a foot-mounted inertial
sensor-based gait analysis system, and discussed their advantages and drawbacks. We
chose to utilize the foot-mounted inertial sensor-based gait analysis system for the fall
risk assessment for two reasons: (1) it provides a portable and mobile solution to gait
analysis, which does not limit the mobility of the people during their daily lives and, (2)
it enables to extract a rich set of gait parameters, which provide a more comprehensive

assessment of the fall.

The purpose of this study is two-fold: (1) to determine which gait features are
the most related with the fall and (2) to identify people at high fall risk based on these
significant gait features. For this reason, we employed four different feature selection
algorithms to determine the most important gait features associated with the falls,
and discussed the features selected by these different methods. Later, we employed
different machine learning algorithms to identify people at high fall risk. Performance
of the algorithms evaluated based on accuracy, precision, recall and F-measure. We
discussed the performance of the algorithms and examined the misclassified subjects in
order to understand the factors that cause them to be outliers so that more extensive

metrics or methods are considered for further studies.

Compared to other studies in the literature, our study has contributions to fall
risk assessment using gait parameters in three main points. First, our study provides
a more objective assessment of fall risk when compared with the functional fall risk
assessment tools which evaluate the mobility and gait of the subjects. These tools de-
pend on the observation and the judgement of the healthcare professionals, so it does
not yield objective assessment of the fall risk. Also, it requires a massive amount of
time and effort for the healthcare professionals to implement these tools on a regular
basis. However, our system overcomes these difficulties by providing an objective and

automated solution to the fall risk assessment. Second, our study provides an unob-
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trusive solution to fall risk assessment, which does not intervene the daily lives of the
users. Many studies assessing fall risk based on gait parameters utilize motion capture
systems, ground reaction platforms or obtrusive sensors, which are mostly expensive
and require dedicated space to be set up, therefore, they can not be used for daily fall
risk assessment purposes. Third, our system outperforms other fall risk assessment
systems identifying people at high fall risk using gait parameters. We achieved a high
accuracy of 94.59% at the identification of fall risk levels. This is a very promising

result when similar studies that are mentioned in Chapter 3 are considered.

As a future work, prospective experiment design is suggested for the assessment
of the fall. In this study, we designed a retrospective experiment to investigate the
role of gait features in fall risk level. However, there might be cases where the history
of the fall in the past might not be reflected by the current gait features. Therefore,
a prospective study should also be studied. Furthermore, the algorithms applied in
our methodology yield better results when there are enough data representing the
particular group. Therefore, utilized dataset can be enriched for a more comprehensive
assessment of the fall risk. Moreover, daily activities of the people play an important
role in fall risk. It is suggested that not only gait parameters but also daily activities

should be tracked and used in the assessment of the fall risk.
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