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ABSTRACT

FALL DETECTION AND CLASSIFICATION USING
WEARABLE MOTION SENSORS

Mustafa Sahin Turan
M.S. in Electrical and Electronics Engineering
Advisor: Billur Barshan
August 2017

Effective fall-detection systems are vital in mitigating severe medical and eco-
nomical consequences of falls to people in the fall risk groups. One class of
such systems is wearable sensor based fall-detection systems. While there is a
vast amount of academic work on this class of systems, the literature still lacks
effective and robust algorithms and comparative evaluation of state-of-the-art
algorithms on a common basis, using an extensive dataset. In this thesis, fall-
detection and fall direction classification systems that use a motion sensor unit,
worn at the waist of the subject, are presented. A comparison of a variety of fall-
detection algorithms on an extensive dataset, comprising a total of 2880 trials, is
undertaken. A novel heuristic fall-detection algorithm (fuzzy-augmented double
thresholding: FADoTh) using two simple features is proposed and compared to
15 state-of-the-art heuristic fall-detection algorithms, among which it displays
the highest average accuracy (98.45%), sensitivity, and F-measure values. A
learner version of the same algorithm (k-NN classifier-augmented tree: kAT) is
developed and compared to eight machine learning (ML) classifiers based on the
same dataset: Bayesian decision making (BDM), least squares method (LSM),
k-nearest neighbor classifier (k-NN), artificial neural networks (ANN), support
vector machines (SVM), decision tree classifier (DTC), random forest (RF), and
adaptive boosting (AdaBoost). The kAT algorithm yields an average accuracy
of 98.85% and performs on par with BDM, k-NN, ANN, SVM, DTC, RF, and
AdaBoost, whereas LSM produces inferior results. Finally, the same eight ML
classifiers are implemented for fall direction classification into four basic direc-
tions (forward, backward, right, and left) and evaluated on a reduced version of
the same dataset consisting of only fall trials. BDM achieves perfect classifica-
tion, followed by £-NN, SVM, and RF. BDM, LSM, £-NN, and ANN are modified
to work in the presence of data from an unknown class and evaluated on the re-
duced dataset. In this robustness analysis, ANN and £-NN yield accuracies above

il



v

96.2%. The results obtained in this study are promising in developing real-world
fall-detection systems.

Keywords: wearable sensors, motion sensors, fall detection, fall classification,

fall-detection algorithms, heuristic (rule-based) methods, machine learning.



OZET

GIYILEBILIR HAREKET ALGILAYICILARIYLA
DUSME SEZIMI VE SINIFLANDIRMASI

Mustafa Sahin Turan
Elektrik ve Elektronik Miihendisligi, Yiiksek Lisans
Tez Danigmani: Billur Barshan
Agustos 2017

Etkin diisme algilama sistemleri, diisme risk gruplarindaki kisiler i¢in diigmelerin
ciddi tibbi ve ekonomik sonuglarimin hafifletilmesinde yasamsal éneme sahiptir.
Bu tiir sistemlerin bir ¢esidi, giyilebilir algilayici kullanan diigme saptama sistem-
leridir. Konuyla ilgili ¢ok sayida akademik ¢aligma bulunmasina ragmen, literatiir
hala etkin ve giirbiiz algoritmalara ve en giincel algoritmalarin ortak ve kapsamli
bir veri kiimesi tlizerinde degerlendirilmesine ve karsilastirilmasina gerek duymak-
tadir. Bu tez ¢aligmasinda, kiginin belindeki bir hareket algilayicisi iinitesini
kullanan diisme saptama ve diisme yonii simiflandirma algoritmalar: sunulmus-
tur. Ayrica, gesitli diigme algilama algoritmalarinin toplam 2880 veri 6rneginden
olugan kapsamli bir veri kiimesi iizerinde kargilagtirmasi yapilmigtir. Sinyallerden
elde edilen iki basit 6znitelik kullanan yeni bir bulugsal diigme algilama algorit-
mast (FADoTh) onerilmig ve 15 giincel bulugsal diigsme algilama algoritmas ile
karsilagtirilmigtir. FADoTh algoritmasi, en yiiksek ortalama dogruluk (%98.45),
duyarhilik ve F-0lciitii degerlerine sahiptir. Aymi algoritmanin 6grenici siirtimii
(KAT) geligtirilmig ve sekiz makine 6grenme (ML) smiflandiricisi ile ayni veri
kiimesi tizerinde kargilagtirilmigtir: Bayesgi karar verme (BDM), en kiigiik kareler
yontemi (LSM), k-en yakin komguluk simflandiricist (k-NN), yapay sinir aglar
(ANN), destek vektor makineleri (SVM), karar agaci simflandiricist (DTC), rast-
gele orman (RF) ve adaptif takviyeli simflandirma (AdaBoost). Bu karsilagtir-
mada kAT algoritmasi, %98.85 ortalama dogruluk ile BDM, £-NN, ANN, SVM,
DTC, RF ve AdaBoost ile benzer basarim gosterirken, LSM’den daha yiiksek
sonuglar tiretmistir. Son olarak, diigme eylemini dort temel yone (6ne, arkaya,
saga ve sola) smiflandirmak i¢in aym sekiz ML siniflandiricist uygulanmig ve veri
kiimesinin sadece diisme aktivitelerinden olusan indirgenmis bir stiriimii tizerinde
degerlendirilmistir. BDM kusursuz siniflandirma elde ederken £-NN, SVM ve RF
onu izleyen basarimlar sergilemiglerdir. BDM, LSM, £-NN ve ANN, bilinmeyen
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bir siiftan gelen verilerin varligina kargin degistirilmis ve indirgenmis veri seti
tizerinde degerlendirilmigtir. S6z konusu giirbiizliik analizinde ANN ve k-NN,
%96.2'nin iizerinde dogruluk sergilemistir. Bu calismada elde edilen sonuclar,
gercek diinyada kullanilabilecek diigme sezim sistemleri geligtirilmesinde yol gos-
terici olacaktir.

Anahtar sézciikler: giyilebilir algilayicilar, hareket algilayicilari, diisme sezimi,
diigme simflandirmasi, diigme sezimi algoritmalar1, bulugsal (kural tabanl) yon-

temler, makine 6grenmesi.
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Chapter 1

Introduction

1.1 Problem Definition

Today, a significant portion of elderly people live alone which is a major problem
in cases of emergency. Falls are often dangerous for the elderly and might lead to
serious injury or even death when medical attention is not provided rapidly. A
fall is defined as an unstable event where a person unintentionally ends up on the
ground or other lower level [1]|. Statistically, falls constitute the most common
cause of injury-related deaths for people over the age of 79 [2|. Serious medical
conditions can arise due to either direct injury from the contact with the ground
or the extended period of lying on the ground in cases where the elderly faller is
unable to get up by herself/himself [3]. Aside from primary physical injuries that
might stem from falls, secondary psychological damages that falls can cause are
not to be overlooked. Fear of falling that is developed over periods of repetitive
falling is shown to cause decrease in the mobility, independence, and social life
among the elderly [4]. Considering that more than 66% of people who have fallen
once have a tendency to fall again [5], elderly people experiencing falls are prone
to suffer from its long term physical, psychological, and social consequences. This
signifies the importance of attention on preventing or minimizing fall-related risks

in the elderly healthcare domain. The elderly would not only benefit from efforts



that improve their quality of life, such efforts would also help reduce the medical
costs of fall-related injuries among the elderly, which was reported to be 30 billion
USD in the U.S.A. in 2010 [6]. Although the elderly face the direst danger
related to falls, disabled people, patients with visual, gait, balance, orthopedic,
and neurological problems, workers, athletes, mountain climbers, and children
are also in the fall risk group. Furthermore, falls may have different consequences
for people in different age, gender, and profession groups: While they may cause
trauma in children, athletes and workers may experience injury-related absence
from work. Regardless of the nature of the faller, falling is a serious, costly, and

life-threatening public health problem.

Developing reliable and effective fall-detection systems would help mitigate the
consequences of falls for people, society, and even economies of countries. There-
fore, it is not surprising that a considerable amount of academic and commercial
work has focused on recognizing a fall event as accurately and quickly as possible.
A fall-detection system should not fail to recognize fall events because missing
a fall (missed detection) would mean that providing prompt medical attention
will not be possible; nor should it label non-fall activities as falls (false alarm),
because false alarms are disturbing and frustrating for the users. Besides, timely
detection of falls is crucial since the severity of fall-related health risks generally
increase with the initial response time. In addition to the primary properties
above, a good fall-detection system should have other qualities for the ease of use

on a daily basis.

It is important for a fall-detection system to be unobtrusive and ergonomic
so that it is comfortable and non-invasive to the subject. Because these systems
are supposed to monitor everyday life of the subjects for prompt detection of
falls, they should not create too much inconvenience for the user. Fall-detection
systems that require the subject to wear or carry around equipment suffer the
disadvantage of obtrusiveness. As the number and amount of equipment to be

carried on increases, the comfort of the user deteriorates.

Furthermore, a fall-detection system should also be low cost, while delivering

high performance. Since the main purpose of these systems is to reduce the direct



and indirect costs of falls to the patients and healthcare organizations, besides
improving the quality of life in general, cost is a crucial criterion in designing a

fall-detection system.

Considering that fall-detection systems are expected to monitor the user con-
tinuously, they also need to have low computational complexity and energy con-
sumption. While computational complexity increases with the amount of data
processing that has to be overtaken, energy consumption depends heavily on the
sensor type as well as the computational complexity. Designing algorithms with
lower computational complexity will yield faster response times, whereas low en-

ergy consumption will be favorable where power is expensive or limited.

Another concern for fall-detection systems is privacy. Patients may hesitate to
use a system that intrudes into their daily lives. Privacy issues may be addressed
by choosing the type of sensing accordingly or issuing protocols that prohibit

monitoring of sensory data outside the scope of the fall-detection algorithm.

Finally, a fall-detection system should also be able to handle situations where
there might be multiple persons, pets, or some obstacles in the environment to
hinder proper data collection. Some type of sensors that can be used in fall-
detection systems are inherently robust against these issues in that they record
data only from the subject; however, others may need additional data processing
to extract the information belonging to the subject of interest (SOI), or special

configurations and constraints to ensure acquisition of useful data.

1.2 Related Work

Considering the design issues outlined above, numerous academic attempts have
been made to tackle the problem of fall detection, each taking on some aspects
of the extensive definition of the problem. Although the academic work on fall-
detection systems is yet to mature, commercial systems already exist for public

use. El-Bendary et al. [7] presented a comprehensive survey on fall-detection



and prevention systems including commercial ones. After grouping commercial
fall-detection and prevention systems into movement-sensing solutions and anti-
wandering solutions, the authors go on to review some major products one at
a time before concluding that each of them has its own advantages and dis-
advantages and that there is still room for more research in the area. Several
commercial products are available for monitoring the elderly and automatic de-
tection of falls |8, 9, 10] which help the elderly overcome the effects of falls to some
extent. Nonetheless, when these systems were reviewed and tested extensively
in [11], their real-world accuracies failed to exceed 70%. Users of commercial
products also report that their high false alarm rates render them annoying,
eventually leading to a reluctance to use them. Patents on fall-detection meth-
ods [12] and devices [13, 14, 15| provide a valuable insight into the academic
work that has commercial value. Although patented systems are more likely to
consider and tackle real-world problems with existing fall-detection systems and
methods, shortcomings of existing fall-detection products indicate that there is

still room for development in the area.

As the current progress in developing reliable fall-detection systems is still not
adequate, it is beneficial to review the current articles in this area. Although
different categorizations exist [16, 17|, the literature on fall-detection systems can
be separated into two categories: ambient (external) sensor based systems and
wearable sensor based systems. This categorization is also employed in some
reviews of existing fall-detection systems [18, 19]. Despite that hybrid systems
that employ some combination of these two types of systems may exist, only the
pure categories of systems as specified above will be examined in this thesis in

order to highlight the general characteristics.

In the first approach, smart environments are developed by installing sensors
(ambient sensors) in the environment. The most commonly used ambient sensors
are cameras. Camera-based systems depend on fitting the environment that the
user will live in with one or multiple cameras and processing the image data gath-
ered by them. Commercially available standard RGB (red-green-blue) cameras

can be used, though depth cameras such as Microsoft Kinect are also used in



the literature [6, 20]. Upon specifying the visual sensor type, appropriate fea-
ture extraction is undertaken to obtain meaningful information on the posture
of the SOI [20]. Once the necessary features are extracted, various classification
algorithms can be implemented to recognize falls. Although this category of fall-
detection systems are non-invasive in that they do not cause discomfort to the
user, they require installation of relatively expensive equipment in the living en-
vironment of the SOI and limit the mobility of the user. While a possible solution
to the limited range of this category of systems is equipping the whole living en-
vironment of the SOI with cameras, this solution brings about privacy concerns.
Furthermore, the user is still not monitored when s/he is outdoors for shopping,
commuting, sports, etc. Apart from the high installation cost and limited range,
camera-based systems also suffer from high computational cost and energy con-
sumption caused by image processing algorithms. Moreover, vision-based systems
need a special arrangement of the living area and may have problems where the
view is blocked by other people or objects, which is commonly referred to as the
occlusion or shadowing problem. In cases where only conventional RGB cameras
are used, some postures of the user cannot be captured because of the informa-
tion loss in 2-D projection. A possible solution to this issue is to combine the
2-D projections of multiple cameras to reconstruct 3-D data about the user. This
solution, however, brings about more computational complexity, more cost, and
the problem of associating the data to the correct objects or users, which is called
the correspondence problem. Another disadvantage of camera-based systems is
the need for camera calibration. On the whole, while the capacity of camera-
based applications is virtually limitless, their use in the realm of fall detection

has major drawbacks.

Although other ambient sensor based systems are essentialy similar to camera-
based ones in installing external sensors in the living environment of the subject,
this class of systems can employ a variety of sensor types, not necessarily re-
stricted to vision sensors. Living environment of the subject can be equipped
with infrared proximity sensors [21], pressure or force sensing mats on the floor
(smart floors), microphones, vibration sensors etc. to capture information-bearing

signals about the state and activity of the subject. One or multiple of these



sensors can be used in conjunction with vision-based sensors [22| to eliminate
the drawbacks a single-sensor solution might have and improve the performance.
Once the necessary features are extracted, suitable methods are used to distin-
guish falls from activities of daily living (ADLs). While ambient sensor based
systems are unobtrusive as vision-based systems are, they are advantageous over
the latter considering they are low cost [16], their processing requirements are
simpler, and they do not pose as major privacy concerns as camera-based ones
do. Once the necessary hardware is set up, multiple persons (e.g., an elderly cou-
ple) in need of such systems can benefit from the smart environment at the same
time. In addition, problems related to forgetting to wear the sensors or wearing
them improperly are eliminated in ambient sensor and camera-based systems.
On the other hand, this class of systems is susceptible to other people or pets
moving within the workspace; however, it is possible to overcome such limitations
through implementing corresponding algorithms [21]. In spite of their advantages
over camera-based systems, ambient sensor based fall-detection systems also suf-

fer substantial difficulties.

Wearable sensor based systems consist of sensors of various types worn on the
body of the user. With recent advances in the Micro Electro-Mechanical Sys-
tems (MEMS) technology, these devices have become smaller, lighter, compact,
embeddable, inexpensive and wireless, while also consuming less and less power.
Although most studies use tri-axial, bi-axial, or uni-axial accelerometers [23], a
diversity of sensors including gyroscopes, magnetometers, pressure sensors, mi-
crophones, and even cameras can be worn on the body of the subject to capture
the defining characteristics of the movements. After extracting features from the
sensory data that have the adequate discriminative power, several classification
tools are used. An illustration of the layout of wearable sensor based fall-detection

systems is given in Figure 1.1.

Wearable sensors have virtually limitless range; the SOI can be monitored
wherever s/he might go indoors and outdoors. This is due to the small, light,
and compact nature of wearable sensors, which are therefore easily embeddable in
portable devices, daily accessories, and clothing. In addition, the sensors directly

acquire and record the data of only the SOI in 3-D, without any occlusion or
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Figure 1.1: A Typical Wearable Fall-Detection System.

noise effects caused by other people, pets, or objects. Furthermore, this class
of systems do not capture video or audio data of the subjects, therefore they
do not pose any privacy concerns. Since the collected data are comprised of
typically 1-D signals recorded from multiple axes, data processing is simpler and
faster in wearable sensor based systems. However, wearable systems have been

criticized because of a couple of disadvantages. First, the user may forget to wear

7



them or may not wear them properly. In addition, since they are worn on the
human body, they are battery-powered and their batteries need to be replaced or
charged periodically. However, recent studies consider energy harvesting systems
to overcome this problem [24, 25]. Besides, they are obtrusive to the users, that
is, they can cause discomfort depending on the design. Although users might
feel reluctant to carry around equipment, wearable sensor based fall-detection
systems are highly preferred considering all their advantages. Since we believe
that “activity can best be measured where it occurs [26],” we will focus on wearable

sensor based fall-detection systems in this thesis.

Falls often occur unexpectedly while performing ADLs or while making tran-
sitions between two body postures (e.g., standing-to-sitting, lying down-to-
standing). For this reason, falls and ADLs are usually considered together under
the same umbrella. Activities that produce high acceleration (jumping, sitting
down rapidly on a couch or bed, crouching, etc.) can be easily misclassified as
falls. Therefore, fall-detection algorithms need to be sophisticated enough to cor-
rectly distinguish falls from ADLs, while at the same time be sufficiently simple
to be fast and computationally efficient. Two types of approaches are used to
distinguish falls from normal daily activities: one group of academic work uses
heuristic (rule based) algorithms to make inferences about the captured motion,

while the other group utilizes machine learning (ML) based classifiers.

Heuristic algorithms rely on defining simple rules and /or thresholds that even-
tually lead to recognizing fall events. Designed by hand, heuristic algorithms
necessitate proper inspection of the collected sensory data from fall and non-fall
scenarios. One then has to identify characteristics unique to all and only fall
events to create a set of rules that lead to proper classification. Because these
rules are usually simple in comparison and no training is required, heuristic algo-
rithms are in general faster than ML classifiers. Not being restricted by a fixed
set of ML tools, heuristics based fall detection is more flexible. Nonetheless, this
class of algorithms may need special tuning of their parameters or thresholds

according to a user or application.



Alternatively, a more recent approach is to utilize ML classifiers for fall detec-
tion. Supervised ML classifiers are mostly preferred over unsupervised ones in
the fall-detection domain, since mere classification of activities is not sufficient
and proper labeling is also needed. This kind of classifiers need to be trained with
labeled training data beforehand. A variety of supervised ML classifiers is used
in the literature, including, but not limited to, support vector machines (SVMs),
artificial neural networks (ANNs), naive Bayes (NB), Bayesian decision making
(BDM), k-nearest neighbor classifier (k-NN), linear discriminant analysis (LDA),
least squares method (LSM), and decision trees (DTs) [18, 20, 23, 27]. Ozdemir
and Barshan [28] compared different ML classifiers to show that, among k-NN,
BDM, SVM, LSM, and ANN, k-NN yields the best accuracy. Although certain
classifiers may give better results in specific studies, each classifier has its advan-
tages and disadvantages, and should be selected accordingly. The selection of the
parameters of the classifiers is another important issue in the implementation of
ML classifiers. Because ML classifiers usually involve complex algorithms, they
can be slow and computationally costly for some applications. Nevertheless, ML

classifiers are shown to display better detection results in general [29].

The number of academic works on wearable sensor based fall-detection systems
utilizing ML classifiers is considerably lower than those with heuristic algorithms.
This is in large part due to the ease of developing novel heuristic algorithms
that can resolve the binary fall detection problem, compared to developing or
implementing ML classifiers. Some studies employ standard implementations of
ML classifiers [30, 31, 32, 33|, whereas others utilize hybrid algorithms that exploit
one or multiple ML classifiers |34, 35, 36, 37].

Among the studies in the former group, Kansiz et al. [30] compare the K-
star, DT, and NB classifiers based on a dataset comprising 412 data instances
(feature vectors) collected using smartphones in the pockets of eight subjects
to conclude that the K-star classifier yields the best results with up to 88%
sensitivity. Another comparison of ML classifiers using accelerometer data from
the chest and the right thigh of the subjects is conducted by Yang et al. [33],
where they compare the SVM, OneR, DT, and NB classifiers. They conclude
that the NB classifier yields the best performance on a dataset comprising 288

9



data instances, with sensitivity values up to 87.5%. Similarly, Rescio et al. [3§|
compare four different kernel functions of the SVM classifier for detecting falls
from tri-axial accelerometer data from 12 subjects. Polynomial and Gaussian
radial basis function kernels yield the best performances as they display sensitivity
and specificity values over 95% when using only 20% of the dataset comprising 700
data instances as the training set. Tong et al. [39] utilize a hidden Markov model-
based fall prediction system for the prompt detection of falls. Their algorithm
can predict falls with 100% accuracy with a minimum lead time of 200 ms, on a

dataset comprising 280 data instances.

As an example of studies that offer hybrid algorithms, the article by Aguiar
et al. [34] presents a fall-detection system employing a DT and a state machine.
The state machine recognizes various stages of a fall using the thresholds that
are determined by the DT, to eventually detect a fall or an ADL. They eval-
uate their algorithm on a large dataset comprising 3490 data instances that is
acquired in agreement with the protocols proposed by Noury et al. [40]. Using
36 features in total, their algorithm achieves accuracy, sensitivity, and specificity
values of 97.6%, 97.0%, and 98.4%, respectively. Zhang et al. [37] employ one-
class SVM to extract doubtful data, before using kernel Fisher discriminant and
k-NN classifiers for the detection of falls. Yuwono et al. [36] use a hybrid al-
gorithm employing ANN and augmented radial basis function neural network
classifiers together with regrouping particle swarm optimization and Gaussian
distribution of clustered knowledge techniques. Their algorithm achieves sensi-
tivity and specificity values above 97.6% and 96.8%, respectively, by combining
the outputs of the two classifiers based on majority voting. Finally, Cheng and
Jhan [35] combine the cascade-AdaBoost and SVM classifiers to detect falls using
accelerometer data where each data sample in a sliding window is taken as a
feature. The cascade-AdaBoost classifier is preferred to reduce false alarms and
SVM detects falls based on the outputs of cascaded AdaBoost classifiers.

It is observed in the survey of fall-detection systems using ML classifiers that
they usually involve complex data processing and ML algorithms; therefore, they
are computationally more intensive than heuristic algorithms. Because of their

advantages over ML classifiers, heuristic fall-detection algorithms are chosen for a
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more extensive review. Table 1.1 displays a summary of the literature on wearable

sensors based fall detection that use heuristic algorithms.

It can be observed from the table that the most commonly used type of sensor
in this approach is the accelerometer. This is reasonable because the event of
fall is mostly characterized by an impact, which creates high peaks and a unique
acceleration profile. Most fall types also come with a rapid change in body incli-
nation as they result in lying down on the ground. The orientation of the body
can be inferred by processing acceleration data or using gyroscopes, which mea-
sure the angular rate of the body of the subject. Moreover, magnetometers can
be used to measure the orientation of the subject with respect to the Earth frame.
Some studies use motion sensor units that consist of a tri-axial accelerometer, a
tri-axial gyroscope, and a tri-axial magnetometer; however, acceleration data are

considered to be adequate in most fall-detection studies.

One of the most suitable locations on the human body to place wearable sensors
for fall detection is the waist. Most of the studies listed in Table 1.1 have selected
the waist, since it is closer to the center of mass of the body of the subject.
This, in turn, means that the acceleration and angular velocity readings reflect
the motion of the subject better. Ozdemir [41] compares different configurations
of sensors, that is, their location on the body of the subject and concludes that
the waist of the SOI is the best location to attach accelerometers for automatic
fall detection. Results of the work by Ntanasis et al. [42], on the optimal place
to fix wearable motion sensors on the human body for fall detection, also agrees
with this, as they conclude that the waist and the thigh of the subject are the
best places. However, some comparative studies in Table 1.1 display contrary
results on the optimal place on the body to fix sensor units. Dai et al. [43] and
Fang et al. [44] compare the chest, waist, and thigh of the subjects to attach
their sensor units and show that their respective algorithms yield better results
when the sensor units are worn on the chest, whereas Bourke et al. [45] conclude
that the trunk is the best place to fix wearable sensors for fall detection. Some
studies place a single sensor unit on the head and claim that rapid motions at the

head are more likely to be caused by fall events [46]. Several studies consistently
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Table 1.1: Wearable Sensor Based Heuristic Fall-Detection Systems.

Author Year No. of Sub- No. of Sensor Types Sensor Place- Features Used No. of Activity Performance (%)
jects Sensors ment Types
Abbate et al. [48] 2011 4M 1 ACC waist SV, AAMV, FFI, 17 Se: 100, Sp: 100
FFAAM (8 falls, 9 ADLs)
Anania et al. [49] 2008 N/A 1 ACC trunk trunk inclination 9 Se: 98, Sp: 100
(4 falls, 5 ADLs)
Baek et al. [50] 2013 5 1 ACC, GYR neck trunk angles, SV, 14 Se: 81.6, Sp: 100
Gsvm (5 falls, 9 ADLs)
Bianchi et al. [47] 2010 20 (SF, 12M) 2 ACC, BAR waist SV, SMA, tilt an- 16 Acc: 96.9,
gle, AP (8 falls, 8 ADLs) Se: 97.5, Sp: 96.5
Boissy et al. [51] 2007 10 2 ACC trunk accelerations, 15 Acc: 93, FPR: 29
trunk angles (9 falls, 6 ADLs)
Bourke et al. [45] 2007 20 2 ACC trunk, thigh SV 16 Sp: 100
(8 falls, 8 ADLs)
Bourke et al. [52] 2008 5 1 ACC chest Vyert 10 Se: 100, Sp: 100
(4 falls, 6 ADLs)
Chao et al. [53] 2009 "™ 1 ACC chest SV, ACP 21 Se and Sp > 85
(8 falls, 13 ADLSs)
Chen et al. [54] 2006 2 1 ACC waist SV, body inclina- N/A N/A
tion
Chen et al. [55] 2011 5 (1F,4M) 1 ACC waist SV, body inclina- 19 Se> 97, Sp: 100
tion (13 falls, 6 ADLS)
Dai et al. [43] 2010 15 (2F,13M) 1 ACC, GYR, MAG chest/waist/thigh SV, Z N/A FPR: 8.7-11.2,
FNR: 1.0-10.0
Fang et al. [44] 2012 4 1 ACC, GYR, MAG chest/waist/thigh SV, Z N/A Se: 72.22, Sp: 73.78




€l

Jacob et al. [56] 2011 3 3 1 ACC, 2 GYR back SV, Gsvm, Asvm, N/A Se: 100, Sp: 100
AY

Jantaraprim et 2010 20 (6F, 14M) 1 ACC trunk SV 10 Se: 100, Sp: 100

al. [57] (4 falls, 6 ADLs)

Kangas et al. [68] 2007 2 1 ACC waist SV, Z 45 Se: 100, Sp: 100

(14 falls, 31 ADLs)
Kangas et al. [59] 2008 3 (1F, 2M) 3 ACC wrist/waist/head SV, Z, V 9 falls Se: 97, Sp: 100
Kangas et al. [60] 2009 41 (24F, 17M)1 ACC waist SV, 7Z,V 10 Se: 97.5, Sp: 100
(6 falls, 4 ADLs)

Koshmak et 2013 7 1 ACC waist AM, roll, pitch N/A Acc: 94,

al. [61] Se: 90, Sp: 100

Lee and 2011 18 (6F, 12M) 2 ACC waist SV 12 Se: 96, Sp: 82

Carlisle [62] (4 falls, 8 ADLs)

Li et al. [63] 2009 3M 4 2 ACC, 2 GYR chest, thigh SV, Gsvm, trunk N/A Se: 91, Sp: 92
and thigh angles

Lindemann et 2005 1 1 ACC head SV, V, SV..y 12 Se: 100

al. [46] (7 falls, 5 ADLs)

Pierleoni et 2015 10 (2F,8M) 3 ACC, GYR, MAG waist SV, body angles 18 Acc: 90.37,

al. [64] (5 falls, 13 ADLs)  Se: 80.74

Sorvala et al. [65] 2012 2 2 IMU, ACC waist, ankle SV, Gsvm, body 10 Se: 95.6, Sp: 99.6
inclination (3 falls, 7 ADLs)

Tolkiehn et 2011 12 (4F,8M) 2 ACC, BAR waist Owyz, Oa, body 25 Acc: 86.97,

al. [66] tilt, body tilt (13 falls, 12 ADLs) Se: 85.24, Sp: 87.77
change, pressure

Wang et al. [67] 2008 5 1 ACC head SV, SVgy, V 15 N/A

(8 falls, 7 ADLs)




4!

Wu and Xue [68] 2008 24 2 ACC, GYR waist V! N/A N/A

Wu et al. [69] 2015 3 1 ACC waist SV, body inclina- 9 Se: 97.1, Sp: 98.3
tion (4 falls, 5 ADLs)

Abbreviations used in Table 1.1:

SV: acceleration sum vector magnitude, Z: vertical acceleration, V: velocity, SV,.,: SV in horizontal (x-y) plane, Vyer: vertical velocity, AAMV: average
acceleration magnitude variation, FFI: free fall interval, FFAAM: free fall average acceleration magnitude, Gsym: angular velocity sum vector magnitude,
SMA: signal magnitude area, AP: differential pressure, A9: total angular change, ACP: acceleration cross product, Asym: angular acceleration sum
vector magnitude, AM: activity measure, V': velocity in inertial frame, o,,.: sum vector magnitude of standard deviations, 6,: standard deviation of sum
vector magnitude, Acc: accuracy, Se: sensitivity, Sp: specificity, FPR: false positive rate, FNR: false negative rate, ACC: accelerometer, GYR: gyroscope,

MAG: magnetometer, BAR: barometric pressure sensor, IMU: inertial measurement unit.



agree that the arms and the legs are not suitable parts of the body to carry a fall-
detection device since they are associated with higher accelerations and relatively

more chaotic acceleration patterns [47].

Because the waist is considered to be one of the most suitable places to po-
sition sensors for fall detection, mobile phones are often utilized for this pur-
pose |27, 70, 71|. Because they are very common and are already carried by most
people today, a number of academic works employ them as a platform to run their
algorithm on [37, 43, 72]. Besides, mobile phone-based fall-detection systems can
also locate the subject when a fall is detected for a more rapid emergency response,
because all recent smartphones employ GPS technology for localization |61, 62].
A small network for the user can be pre-defined on the telephone network. This
network may consist of a hospital, a call center, healthcare professionals, the user’s
relatives and friends, etc. If the algorithm detects a fall, a warning or an alarm
signal can be automatically sent to this small network to alert them. If at least
one member of the network acknowledges the receipt of the alert signal, prompt
medical attention can be provided. While these systems require no additional
hardware to be worn on the user’s body, they either require fixing the mobile
phone tightly on the user’s body or need to make use of special algorithms that
consider small movements that the mobile phone may undergo. The work in [73|
proposes a rotation-invariant activity recognition algorithm that can be exploited
in mobile phone based fall-detection domain to address the mentioned problem.
Similarly, mobile phones can easily be misplaced to other pockets, bags, or other
locations on the user or elsewhere; therefore, solutions need to be developed to
eliminate such a potential problem [74]. With the rapid advances in technology,
mobile phones are getting smaller and more capable; therefore, developing com-
prehensive healthcare monitoring applications for them can be considered as a

potent research direction.

While the most commonly used feature in the studies that are listed in Ta-
ble 1.1 is total acceleration (SV), vertical acceleration (Z), body angles, total
angular velocity (Gsym), and speed of impact (V) are highly preferred features as

well. This is only natural, since falls are mainly characterized by high impacts,
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sudden body posture changes, and free fall before the impact. Furthermore, sev-

eral studies exploit the distinctive profile of the acceleration data of falls [48].

1.3 Current Issues and Challenges in the Area

Regarding the evaluation of the proposed systems, there is no common basis for
comparison, that is, the literature lacks standards of subjects, activities, and
collection procedures for creating datasets and evaluation methods [75]. Most of
the existing work use their own datasets to evaluate their systems, which might
have an inadequate number of subjects, fail to capture some types of falls or
ADLs, or have an insufficiently small size. As is evident from Table 1.1, the
number of subjects and activities vary, which signifies the need for standardized
protocols in evaluating fall-detection systems. Noury et al. [40] proposed protocols
for designing and conducting fall-detection experiments, while Abbate et al. [76]
set out the most important criteria to consider while designing fall-detection
systems. Although there is a limited number of studies that follow the proposed
experimental protocols [34, 38, 55, 64, 77|, the majority of the existing literature
does not present comparable evaluation methods and results. This, then, brings
about the need to compare the existing fall-detection methods on a common basis,
using an extensive dataset. This task is tiresome since few publicly available
datasets exist. For example, Ojetola et al. [78| acquired a publicly available
dataset consisting of 42 subjects and four fall activities with numerous ADLs.
Their dataset includes accelerometer and gyroscope readings from the chest and
the thigh of the subjects.

Even when datasets are available for comparative evaluation of fall-detection
systems, the performance of the algorithms on the datasets might fail to capture
the real-life situations as most of the datasets used in the literature are collected
from young and healthy subjects performing intentional (simulated) and scripted
fall scenarios in a laboratory-like environment with protective equipment such
as helmets, knee supports, and mats. Fall risk groups comprise elderly people

or patients who might have impairments and abnormalities in their daily gaits,

16



which might not necessarily match the subjects who participated in the exper-
iments. Moreover, planned falls with protective equipment might differ from
the sudden and chaotic nature of real-life falls. Using laboratory experiments
in evaluating fall-detection systems thus hinders their real-world performances
on fall risk groups. Although there is a limited number of studies that consider
real-world falls [79] and use elderly subjects [45, 46, 57, 60, 68|, these data are
very scarce and are usually confined to special disease groups. Kangas et al. [80]
compare real fall data collected from elderly people with those of intentional falls
and conclude that the intentional fall data are similar to the real ones in their
characteristics, despite that some parameters are different between experimental
and real-life falls. Similarly, Bourke et al. [81] include unscripted ADL data from
elderly subjects to evaluate the false alarm rate of their algorithm in a real-world

setting. Their algorithm produces less than one false alarm per day.

Other issues about fall-detection systems include segmentation of the sensor
signals. Some algorithms may require a time interval of sensor readings to iden-
tify some characteristics of falls such as impact after free fall and lying down
after impact. In cases of real-time operation, such algorithms require proper seg-
mentation of the sensory data. Commonly, static sliding window segmentation is
employed by most of the academic works. This technique involves taking signals
within a time window of pre-determined size and processing the windows by the
algorithm one at a time. The consecutive windows might either overlap with
each other or not. Whilst the latter option might possibly cause some falls to
be missed, the former has the disadvantage of higher computational complexity.
For robust detection of falls, overlapping windows are mostly employed in the
literature. Automatic segmentation of the data to a variable/fixed size window
around a possible fall event would prevent the detection algorithm from run-
ning on unlikely windows and thus would reduce the computational complexity
considerably [28, 41].

An additional issue about the real-time operation of fall-detection systems is
their run time. Recognizing fall events as quickly as possible or even predicting
them before they occur is crucial in the fall prevention realm. Wu and Xue [68§]

developed a heuristic algorithm for a wearable sensor based fall detector that
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recognizes falls at least 70 ms before the impact. Their algorithm successfully
detects all falls before they occur in the experiments and the authors claim that
their system would facilitate development of a hip airbag to help mitigate fall-
related injuries. Despite this study, most articles in the literature do not mention

the detection time or discuss the real-time implementation of their systems.

1.4 Contributions and the Outline of the Thesis

Although the area of wearable fall detection has been active for a few decades,
there is still a substantial need for original research to address the existing is-
sues and challenges. This thesis tackles the lack of standardization in evaluating
wearable fall-detection algorithms over an extensive dataset. Previously, Aziz et
al. [29] compared five heuristic and five ML-based fall-detection algorithms using
waist-mounted tri-axial accelerometers on their own dataset, which comprised a
total of 210 fall and 390 non-fall activities performed by 10 participants. This
thesis adds on the article by Aziz et al. [29] by proposing one heuristic and one
ML-based fall-detection algorithm besides comparing them to 15 state-of-the-
art heuristic algorithms and eight ML-based algorithms on a large dataset that
consists of 1600 falls and 1280 non-falls performed by 16 subjects. Further, a

classification of falls into four basic directions is also undertaken.

In this thesis, a number of existing fall-detection algorithms are implemented
and evaluated based on the same dataset to compare their performances. A novel
heuristic algorithm based on a waist-worn motion sensor unit is also presented
and compared with the existing algorithms. The proposed algorithm performs
better than 15 state-of-the-art heuristic fall-detection algorithms in terms of ac-
curacy and sensitivity, where only one of the algorithms in the literature yields
a higher specificity than the proposed one. In addition, a learner version of the
proposed algorithm is formulated and compared to eight standard ML classifiers
on the same dataset, which then performs the best. Having successfully detected
falls with over 98.5% accuracy, falls are then classified with respect to their direc-

tions for more accurate emergency first response. The main contributions of this

18



thesis are, thus, providing valuable insight to the relative performances of the
state-of-the-art fall-detection algorithms over a common dataset and developing
two effective fall-detection algorithms with a fall-classification module, which is

sufficiently robust to recognize data from an unknown class.

The organization of this thesis is as follows: The next chapter introduces the
proposed heuristic algorithm and describes the dataset used in conducting the
comparison between the state-of-the-art algorithms and the proposed algorithm,
along with brief descriptions of the selected algorithms and the details of the im-
plementation. The results of the comparative evaluation is provided in the same
chapter. Chapter 3 describes the learner version of the proposed algorithm in
detail before presenting the comparison procedures and the results of the eight
existing ML classifiers and the proposed algorithm. Following a survey of the lit-
erature on fall classification, fall direction classification is presented in Chapter 4.
Finally, Chapter 5 provides a summary and concluding remarks with possible

future research directions.
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Chapter 2

A Novel Heuristic Fall-Detection
Algorithm: FADoTh

As mentioned in the previous chapter, an effective fall-detection system should
be both accurate and fast to be used for real-time detection of falls. To develop
such a system, it is of utmost importance to examine the signals generated by
fall and non-fall activities closely. Therefore, as a first exercise, the acceleration
and angular velocity signals resulting from fall and non-fall activities over the
extensive dataset that is used in this thesis are inspected. As an illustrative
example, representative acceleration and angular velocity signals of walking and
forward fall activities from the waist sensor are shown in parts a) and d) of
Figure 2.1, respectively. In part d) of the figure, we can see a distinctive profile
that most fall signals follow, characterized by an acceleration drop caused by
the free-fall phase and an acceleration peak followed by the impact with the
floor. It seems from these two activities that non-fall activities also have their
distinct acceleration profiles: repetitive acceleration peaks and valleys in the case
of walking. Although these representative signals of fall and non-fall activities are
significantly distinct from one another, distinguishing falls from non-falls is not
always straightforward, considering fall-like non-fall activities such as stumbling,

limping, and jumping with high accelerations, and fall activities such as syncope
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Figure 2.1: Acceleration and angular velocity signals of a) walking (non-fall), b)

running (non-fall), ¢) standing to lying on bed (non-fall), and d) forward fall.
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and falling out of a bed. Acceleration and angular velocity signals from fall-
like ADLs, running and standing to lying on bed, that are provided in parts b)
and c) of Figure 2.1, respectively, show that at least some ADLs can also have
acceleration peaks and valleys, and high acceleration values. When a vast range
of fall and non-fall activities is considered, adequately complex algorithms need
to be developed in order to embrace every possible fall and non-fall scenario.
Thus, the need for an extensive dataset arises. Having carefully examined the
characteristics of the signals originating from fall and non-fall activities, and the
differences between them, we develop a heuristic fall-detection algorithm that
uses two simple features extracted from the data acquired from a waist-mounted

motion sensor unit.

2.1 The Proposed Algorithm

The proposed heuristic algorithm uses total acceleration and total angular ve-
locity data from the waist of the subject to extract two simple features named
maxSVtot and maxMULT, respectively: maximum total acceleration and the
maximum of the signal resulting from element-wise multiplication of total accel-

eration (SVror) and total angular velocity (Gror) signals:

SVror = \/agg2 +a,?+a,? (2.1)

Gror = \/wgc2 + wy? + w,? (2.2)

where a,, ay, a,, w,, wy, and w, represent acceleration and angular velocity signals
in the x, y, and z directions, respectively. The calculation of the two features

used in the proposed algorithm are as follows:

maxSVtot = max SVror() (2.3)
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maxMULT = max (SVror(i) - Gror (7)) (2.4)

1<i<N
where N is the length of single trial data as well as the signals SVtor and Gror.

These two features, maxSVtot and maxMULT, are selected as falls mostly
cause high acceleration and rotation in the torso of the subject. Upon capturing
high accelerations at the waist with the first feature, the second feature captures
the data points where both acceleration and angular velocity are high at the
waist of the subject. These two simple features bear enough information to yield
satisfying performance without costing substantial time and computational power

to compute.

The algorithm then employs double thresholding to separate and classify the
extreme data, that is, it utilizes upper and lower thresholds for each feature.
The data instances (feature vectors) whose first or second feature is above the
upper threshold or below the lower threshold for the corresponding feature are
identified as extreme data. The selection of the upper and lower thresholds, as
well as the thresholds of the other algorithms, is done using cross validation,
and this procedure is further explained in Section 2.3. Once the thresholds for
the features are selected, any extreme data are directly assigned to one of the
classes (fall or non-fall) with certainty. After this step, membership values of the
non-extreme data to both of the classes are extracted using the values of their

features.

Fuzzy logic is employed to calculate the membership values of the non-extreme
data [82]. To this end, we assume a linear distribution of the features of non-
extreme fall and non-fall instances. Because data instances with maxSVtot higher
than the upper threshold are detected as falls with certainty, fall membership
values of these instances are taken as 1, whereas their non-fall membership values
are taken as 0. Similarly, data instances with maxSVtot lower than the lower
threshold have fall membership values of 0 and non-fall membership values of

1. Thereupon, a fall membership line that takes the value of 0 at the lower
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Figure 2.2: Calculation of Membership Values.

threshold and the value of 1 at the upper threshold is created, as well as a non-
fall membership line with the reversed borderline values (Figure 2.2). Any non-
extreme data instance takes a fall and a non-fall membership value between 0 and
1 corresponding to its feature value between the lower and upper thresholds. The
same procedure is then followed for the second feature, maxMULT, to obtain the
second fall and non-fall membership values of each non-extreme data instance
before proceeding with the final part of the algorithm. Figure 2.2 shows the

calculation of the fall and non-fall membership values for one of the two features.

Membership values of every non-extreme data instance for both features are
averaged to obtain one fall membership and one non-fall membership value for
that particular data instance. These membership values to the two classes are
finally compared with each other and the data instance is assigned to the class
with the larger average membership value. Figure 2.3 displays the flowchart of
the proposed algorithm. In the figure, Feature 1 (and F1) is used instead of
maxSVtot and Feature 2 (and F2) is used instead of maxMULT for compactness,
while subscripts L and U indicate lower and upper thresholds, respectively. The
order of the features within the figure signify their importance, that is, the fea-
ture that has more capability of distinguishing fall and non-fall activities is used
before the other. The MATLAB code of the proposed algorithm is provided in
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Figure 2.3: Heuristic Fall-Detection Algorithm.

Appendix A.1. Because the algorithm is a fuzzy-augmented double thresholding,
we name it FADoTh.

It should be noted that, the assumption that non-extreme fall and non-fall
data would have a linear distribution between the lower and upper thresholds
is a strong one. Not every feature assumes such a behavior; moreover, it is not
always possible to obtain such a classification of extreme values. For instance,
in some features (e.g., minimum of total acceleration) both the left and right
parts of the extreme data instances may belong to one of the classes and thus
the proposed membership lines may not work properly. This may, then, require
a different profile of membership distributions, that is, possibly of higher order,
to better fit the distribution of the non-extreme data. It is, therefore, of great

significance to examine the distribution of selected features thoroughly, prior to
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using them in the FADoTh algorithm. We have done this and have observed that

the two features that are selected in this work have the desired linear distributions.

As mentioned in Chapter 1, the comparative evaluation of fall-detection algo-
rithms on an extensive dataset that is collected according to the comprehensive
protocols put forth previously in the literature |76] is highly valuable, as the cur-
rent literature lacks studies that compare different algorithms. Before providing
the details of the comparative evaluation of the algorithms from the literature in
Section 2.3, the description of the dataset that is used throughout this thesis to

evaluate all algorithms is provided in the next section.

2.2 The Dataset

The dataset that is used in this thesis was originally acquired by Ozdemir and
Barshan [28] in 2014 to evaluate different ML based fall-detection algorithms.
It was collected by following the protocols defined by Abbate et al. [76] with
the approval of Erciyes University Ethics Committee. A total of 16 young and
healthy subjects performed the scripted activities with their informed written
consent. The seven female subjects had an average age of 21.5, an average weight
of 58.5 kg and an average height of 169.5 cm, whereas the nine male subjects
averaged 24 years in age, 67.5 kg in weight and 172 cm in height. The subjects
performed the activities on a soft floor mat, with protective equipment on their

head, wrists, elbows, and knees in order to avoid injuries (Figure 2.4 a)-c)).

Six wireless MTw sensor units from Xsens Technologies, each consisting of
three tri-axial devices (an accelerometer with a working range of £120 m/s? a
gyroscope with a working range of +£1200°/s, a magnetometer with a working
range of +1.5 Gauss) and an atmospheric pressure sensor with a working range
of 300-1100 hPa were fixed to the head, waist, chest, right wrist, right thigh,
and right ankle of each subject. Figure 2.4 illustrates the configuration of the
sensor units on the subject’s body as well as the axes of each sensor unit. Data

were collected at a sampling frequency of 25 Hz and sent to a PC via a ZigBee
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Figure 2.4: a)-c) Configuration of the sensor units on the subject’s body, d) MTw

sensor unit, e) axes of a sensor unit, f) connection to a PC and the interface [28].

connection for storage.

Each subject performed five different executions of 16 non-fall activities
(ADLs) and 20 fall activities. A broad span of activities was selected, in agree-
ment with the guidelines in [76], to capture most of the real-world activities so
that the evaluation of developed algorithms can produce realistic outcomes. A
list of these activities, with a brief explanation of each activity, is given in Ta-
ble 2.1. Common ADLs were included in the dataset as well as near-fall activities
in order to construct a genuine representation of real-life activities. Included fall
activities also embrace a wide variety of fall types that can be encountered in

real-life scenarios.
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A vast dataset comprising 2880 trials was obtained: 1280 non-fall trials and
1600 fall trials. Each trial of duration 10-15 seconds was recorded and stored
in a separate .txt file. All of the features are extracted over the whole duration
of single trial data. In addition, three-point median filter is applied to the data
before extracting the features in the proposed algorithms, in order to eliminate

the high-frequency noise components of the signals.

Table 2.1: Activities in the Dataset.

No. Description Type

1 walking forward non-fall
2 walking backward non-fall
3 running non-fall
4  squatting and then standing non-fall
5  bending at about 90° non-fall
6  bending to pick up an object non-fall
7 walking with a limp non-fall
8  stumbling with recovery non-fall
9 ankle sprain non-fall
10 coughing/sneezing non-fall
11  standing to sitting on a hard surface (chair) non-fall
12 standing to sitting on a medium surface (sofa) non-fall
13 standing to sitting on air non-fall
14 standing to sitting on a soft surface (bed) non-fall
15 standing to lying on bed non-fall
16 lying on bed to standing non-fall
17  standing to falling forward to the floor fall

18 standing to falling forward to the floor with arm protection  fall

19 standing to falling on knees fall

20 standing to falling on knees and then lying down fall

21 standing to falling forward with quick recovery fall

22 standing to falling forward with slow recovery fall
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23 standing to falling forward, ending in right lateral position fall

24 standing to falling forward, ending in left lateral position fall
25 standing to falling down on the floor, ending sitting fall
26 standing to falling backward, ending lying fall

27 standing to falling backward, ending in right lateral position fall

28 standing to falling backward, ending in left lateral position fall

29 standing to falling on the right side, ending lying fall
30 standing to falling on the right side with recovery fall
31 standing to falling on the left side, ending lying fall
32 standing to falling on the left side with recovery fall
33 from lying, rolling out of bed and falling on the floor fall
34 standing on a podium to forward fall on the floor fall
35 syncope — standing to falling vertically fall
36  syncope fall, slowly slipping off a wall on the side fall

Although the dataset contains data from six different sensor units on the body
of the subjects, only the data from the waist sensor unit are used throughout
this study. This results from an attempt to render the proposed algorithms more
feasible to embed in a hardware system, because not only the cost of a system
which requires six sensor units would be considerably high, such a system would
also be quite obtrusive to the user. As established in the literature survey in
Chapter 1, the waist is one of the most commonly used and best performing
places to capture motion signals from the subjects for fall detection, along with
the chest [41, 42].

It must be emphasized that the dataset was collected from young and healthy
subjects performing simulated falls in a laboratory setting with protective equip-
ment. Although it would have been preferable to have real fall data from elderly
subjects or subjects from certain disease groups, current subject profiles and fall
categories were chosen with the aim of gathering an extensive dataset [28]. It

has been stated in Chapter 1 that the real-life fall data or data involving elderly
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subjects are limited and difficult to collect because of long waiting times and
fragility of the elderly. We believe this situation should not hinder the results
obtained in this thesis, because it has been reported in [80] that real-life falls by

older people bear similar characteristics to simulated falls.

After importing the dataset, three loops for activities, subjects, and trials are
run to span every data instance from separate .txt files and extract the necessary
features. Every data instance is labeled as non-fall (denoted by 0 in the MATLAB
code) if the index of the activity is smaller than or equal to 16 or as fall (denoted
by 1in the MATLAB code) if the index of the activity is greater than 16. A record
of the subject index for each data instance is kept to be used in subject-based

cross validation, which will be explained in detail in the next section.

2.3 Comparative Study

2.3.1 State-of-the-art Algorithms

The FADoTh algorithm and 15 state-of-the-art heuristic fall-detection algorithms
are evaluated based on the above-mentioned dataset and compared to each other.
Before proceeding to the comparison procedure, the selected algorithms are briefly

described below:

Abbate: The work by Abbate et al. [48] is based on improving the detection
accuracy of a basic fall-detection system by filtering out the false alarms that
are caused by three fall-like ADL types. The basic system includes an upper
threshold to SVroT with the detection of a static interval after the impact, where
SVror does not exceed the threshold. After this basic system, AAMV feature is
used to distinguish sitting/lying on a bed, sofa, or a chair that causes false alarms.
Furthermore, FFI and FFAAM features are used to detect the jumping activity

and eliminate the false alarms that it causes. The expansions of the acronyms
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AAMYV, FFI, and FFAAM are available underneath Table 1.1 in Chapter 1. Be-
cause these three features are custom created by the authors of this work and
their descriptions are lengthy, it is left to the reader to resort to [48] for further
details.

Anania: This algorithm by Anania et al. [49] uses an upper threshold to total
angular velocity followed by an upper threshold to the trunk angle change. It

also checks if these two peaks are close to each other before detecting a fall.

Baek: The algorithm by Baek et al. [50] first determines the posture of the sub-
ject by employing thresholds to roll, pitch, and yaw angles obtained by exploiting
trigonometric relationships between low-pass filtered acceleration signals in x,y,
and z directions and these angles. Once the lying posture is detected, upper

thresholds to SVror and Gror are employed to detect falls.

Bourke-1: This algorithm by Bourke et al. [45] uses a single upper threshold to
SVror. Raw data are filtered with a second-order digital Butterworth low-pass
filter (LPF) with a cutoff frequency of 250 Hz.

Bourke-2: This algorithm by Bourke et al. [52] uses a single lower threshold to
velocity. Raw data are filtered with a second-order digital Butterworth LPF with
a cutoff frequency of 15 Hz. To prevent drift in the velocity integration, a second-
order digital Butterworth band-pass filter with cutoff frequencies of 0.15 Hz and
15 Hz is applied to the resulting velocity signal.

Bourke-3: This algorithm by Bourke et al. [83] employs upper thresholds to sum
vector magnitudes of angular acceleration, angular velocity, and angular change
signals in roll and pitch axes. Raw data are filtered with a second-order digital
Butterworth LPF with a cutoff frequency of 100 Hz. Angular acceleration signal
is obtained by taking the first difference of the angular velocity signal and the
angular change is obtained by numerical integration of the angular velocity signal

in time windows of 1.7 s.
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Chen: This algorithm by Chen et al. [54] relies on detecting an impact by em-
ploying an upper threshold to SVror and if the threshold is exceeded, calculating
the change in the orientation of the body of the subject after the impact. If the
orientation of the body after the impact is significantly different than that before

the impact, a fall alarm is raised.

Jacob: Jacob et al. [56] propose an interesting algorithm which uses seven differ-
ent flags that are raised when seven different features exceed the corresponding
thresholds. Separate thresholds are used for SVror, Gror, Asvm, total angular
change, and angle changes in the x, y, and z directions. If more than four of these
flags are raised, a fall is detected. Angular acceleration is obtained by numerical

differentiation and the angular changes are calculated by numerical integration.

Jantaraprim: This algorithm by Jantaraprim et al. [57] employs a lower and an
upper threshold to the SVror signal. When SVt value falls below the lower
threshold before it exceeds the upper one, the time indices of these two elements
of SVror are inspected and if they are close to each other, a fall is detected.
Raw data are filtered with a second-order digital Butterworth LPF with a cutoff
frequency of 20 Hz.

Kangas-1, Kangas-2, and Kangas-3: Kangas et al. [59] have proposed three
different fall-detection algorithms with low complexity. The first algorithm,
Kangas-1, is based on detecting the impact of a fall and the posture of the sub-
ject after the impact. Detection of the impact is performed by applying an upper
threshold to the dynamic total acceleration (SVp), where detection of the posture

is achieved by exploiting the low-pass filtered version of the vertical acceleration
(Zvpr).

The second algorithm, Kangas-2, is based on detecting the start of the fall,
impact moment, and the posture. The start of the fall is detected by applying a
lower threshold to SVror, while the detections of the remaining two events are

the same as in Kangas-1.

The third algorithm, Kangas-3, is based on detecting the start of the fall, fall
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velocity, impact, and posture. What is different than Kangas-2 is that, the fall
velocity is calculated by integrating SVror signal from the start of the fall until
the impact.

A three-point median filter is applied to the raw data before extracting any
features in all three algorithms. In order to obtain SVp, acceleration data are
filtered with a second-order digital Butterworth high-pass filter with a cutoff
frequency of 0.25 Hz and the sum vector magnitude of the resulting acceleration
is calculated. For the calculation of posture, a second-order digital Butterworth
LPF with a cutoff frequency of 0.25 Hz is used.

Lindemann: Lindemann et al. [46] use upper thresholds for the total acceleration
in the horizontal plane (SVroT.nor), SVror, and total velocity before the impact.
SVror.nor is calculated by simply exploiting the configuration of the sensor unit,
whereas total velocity is calculated by backward integration of SVtor over a 1.5
second window from the peak of SVtor backwards. All raw data are filtered with
a LPF with a cutoff frequency of 80 Hz.

Sorvala: This algorithm by Sorvala et al. [65] uses upper thresholds to SVror
and Gror in order to detect impact. Once the impact is detected, angular change
of the body is compared to a threshold and a fall alarm is raised if it exceeds
the threshold. Raw acceleration data are filtered with a three-point median fil-
ter, whereas a second-order digital Butterworth LPF with a cutoff frequency of

0.25 Hz is employed to obtain angular change based on acceleration signals.

Wang: Wang et al. [67] developed an algorithm that uses an upper threshold to
SVror. If SVror exceeds the threshold, then a fall alarm is raised. If SVror
does not exceed the threshold, SVror.nor is compared to an upper threshold. If
it exceeds the threshold, the linear velocity is calculated by backward integration

and a fall alarm is raised if the velocity is greater than an upper threshold.

33



2.3.2 Comparison Methodology

No additional LPF is applied to the raw data other than the filters that are spec-
ified in the individual algorithms; however, 10 data samples from the beginning
and the end of every trial recording are trimmed off and excluded from any pro-
cessing because they bear corrupted data caused by switching the sensor units

on and off.

Almost every heuristic algorithm relies on the use of thresholds and the selec-
tion of these thresholds should be done properly. Although every study that is
considered here states the optimal parameter values for their algorithms, these
parameters are selected according to their own dataset and do not necessar-
ily give the best or most realistic results in another dataset. Consequently, a
subject-based cross validation is employed in this study to determine the optimal

parameter values and realistically evaluate the performance of each algorithm.

First, the dataset is partitioned into eight folds with respect to the subjects:
seven partitions of data from one male and one female subject each and one data
partition from two male subjects. This way, eight folds, each consisting of the
data of a pair of subjects, are created. In a loop, each of these eight folds is
kept as the test data while the remaining seven are combined to be used as the
training data. For each iteration of this loop, a grid search is conducted for the
parameters of each algorithm to obtain the set of parameters that gives the best
classification accuracy on the training set. After the parameter set that yields
the highest accuracy on the training set for that fold is obtained, the algorithm is
evaluated on the test set for that fold with the obtained parameter value(s) and

the corresponding confusion matrix is stored.

Fall detection is a binary decision problem that requires a decision on whether
a fall has occurred or not. While testing the algorithms, we may encounter four
different cases:
a) true positive (TP): a fall occurs and the algorithm detects it
b) false positive (FP): a fall does not occur but the algorithm detects a fall

¢) true negative (TN): a fall does not occur and the algorithm does not detect a
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P n’ total:
p TP FN P
Y
=
-
-
n FP TN N
total: P’ N’

Figure 2.5: A 2 x 2 Confusion Matrix.

fall
d) false negative (FN): a fall occurs but the algorithm does not detect it

As in radar terminology, a FP can be called a false alarm and a FN can be
called a missed detection. Having identified these data, a confusion matrix can be
constructed as in Figure 2.5, where P represents the total number of true positives
and N represents the total number of true negatives. Furthermore, P’ and N’

represent the total numbers of estimated positives and negatives, respectively.

Based on the obtained confusion matrices and the aforementioned definitions,
accuracy, precision, sensitivity (recall), specificity, and F-measure values are cal-

culated. These performance metrics are calculated as follows:

Accuracy = % ' (TPTJFPFN * TNT+N FP) (25)
Precision = % (2.6)
Sensitivity = % (2.7)
Specificity = % (2.8)
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Precision - Sensitivity
F-measure = 2 -

2.9
Precision + Sensitivity (29)
Based on the definitions given above, FP and FN ratios can be easily obtained:

FP ratio = 1 — Specificity and FN ratio = 1 — Sensitivity.

Obviously, there is an inverse relationship between sensitivity and specificity.
For example, in an algorithm that employs simple thresholding, as the threshold
level is decreased, the rate of FN decreases and the sensitivity of the algorithm
increases. On the other hand, FP rate increases and specificity decreases. As
the threshold level is increased, the opposite happens: sensitivity decreases and
specificity increases. We would like to emphasize that we have used the average
of the class-based accuracies in Equation (2.5) rather than the typical definition
of accuracy, given by (TP + TN)/(TP + FN + TN + FP), since the sizes of the
two classes are not exactly the same. The F-measure metric in Equation (2.9) is
obtained by multiplying the harmonic mean of precision and sensitivity metrics
by two and provides a combined measure of a system using the two metrics that

have an inverse relationship.

While performing parameter selection, sufficiently large intervals are selected
for the parameters to avoid obtaining optimal parameter values on the limits of
the intervals; furthermore, the intervals of parameter sweep are updated, should

such a situation be encountered.

Subject-based cross validation is preferred over m-fold cross validation in this
thesis, because a more realistic evaluation of the algorithms where the data of
the test subjects are not used in the determination of parameters is attempted.
It is almost certain that any user of such a fall-detection system will not have
contributed to this dataset, if any algorithm presented here were to be embedded
in a hardware system for real-world use. Therefore, by excluding all of the data of
the test subjects from the training data, we seek to avoid optimistic results that
may be caused by the correlation among the data from the same subject. This
selection, in turn, causes relatively high variations in the performance metrics of

the eight different training and test set combinations.
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2.3.3 Comparison Results

The performance metrics for each algorithm are presented in Table 2.2 where

each performance metric is provided in mean-+standard deviation format.

It is evident from Table 2.2 that the FADoTh algorithm has the highest average
accuracy, sensitivity, and F-measure among all the algorithms considered. Only
Kangas-2 has slightly higher average precision and specificity values; however, this
algorithm then gives poor results in the sensitivity metric. The only algorithm
that produces an average sensitivity value that is comparable to the FADoTh
algorithm is Kangas-3. However, it is not within one standard deviation of the
accuracy, precision, and specificity values of the FADoTh algorithm. In fact, there
are only two algorithms that are within one standard deviation of the accuracy of
the FADoTh algorithm: Kangas-1 and Kangas-2. Sensitivity and precision values
usually have a trade-off; thus, it is beneficial to inspect the F-measure metric
that combines these two metrics into one. Only two algorithms, Kangas-1 and
Kangas-2, are within one standard deviation of the F-measure of the FADoTh
algorithm. It can be concluded here that only Kangas-1 and Kangas-2 yield
comparable results to the FADoTh algorithm, albeit not better. Although the
difference between the accuracy of FADoTh and these algorithms may not seem
statistically so significant, we note that subject-based cross validation is employed
in this study, which generally yields lower overall accuracy values with more

variations.

2.3.4 Runtime Analysis

All of the algorithms are run on MATLAB version R2015a installed on a com-
puter with Intel® Core™ i5-3230M CPU running at 2.60 GHz, 4.00 GB RAM,

and Windows 7 Home Premium 64-bit operating system while no other external

application or program is running.

In order to determine the runtimes of the algorithms, 10 runs of each algorithm
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Table 2.2: Results of the Comparative Study on Heuristic Algorithms.

Algorithm Accuracy (%) Precision (%) Sensitivity (%)  Specificity (%)  F-measure (%)
Abbate [48] 96.52+2.07 98.13£2.49 95.37£2.59 97.66+3.15 96.70+1.84
Anania [49] 90.19+3.00 96.54+4.80 84.44+2.64 95.94+5.84 90.00£2.48
Baek [50] 96.024+1.38 97.90+1.41 94.63+3.03 97.42+1.75 96.20+1.43
Bourke-1 [45] 96.234+1.28 97.61+1.51 95.444+2.80 97.03+£1.91 96.48+1.30
Bourke-2 [52] 94.95+1.16 95.05+2.44 96.3143.18 93.5943.23 95.61+1.11
Bourke-3 [83] 89.944+2.04 96.8542.66 83.314+2.19 96.5642.95 89.55+1.91
Chen [54] 95.20+1.86 98.00+2.35 92.81£2.07 97.58+2.90 95.32+1.65
Jacob [56] 90.284+2.17 94.70+3.34 86.81+3.42 93.75+4.25 90.51+1.97
Jantaraprim [57] 91.97+1.24 96.83+2.30 87.63+4.38 96.25+2.95 91.93+1.68
Kangas-1 [59] 97.80+1.12 98.41+1.97 97.63+1.33 97.97+2.56 98.00+0.88
Kangas-2 [59] 98.05+0.83 98.94+1.16 97.44+1.45 98.67+1.47 98.17+0.76
Kangas-3 [59] 97.13+1.45 96.924+2.20 98.254+2.36 96.024+2.91 97.55+1.26
Lindemann [46] 96.554+2.07 98.134+2.49 95.4442.53 97.6643.15 96.74+1.83
Sorvala [65] 95.02+1.29 96.45+2.52 94.56+4.44 95.47+3.34 95.39+1.50
Wang [67] 97.03£0.61 97.53+1.44 97.19+1.58 96.88+1.86 97.34+0.54
FADoTh 98.45+1.21 98.89+1.51 98.31+1.03 98.59+1.91 98.59+1.03




Table 2.3: Runtimes of the Heuristic Algorithms.

Algorithm Runtime (ms) Algorithm Runtime (ms)
Abbate [48] 1.242+0.033 Jantaraprim [57] 5.3574+0.026
Anania [49] 5.949+0.044 Kangas-1 [59| 5.955£0.034
Baek [50] 6.0641+0.035 Kangas-2 [59| 6.105£0.022
Bourke-1 [45] 5.269+0.025 Kangas-3 [59| 6.420+0.025
Bourke-2 [52] 10.7314+0.074 Lindemann [46] 1.307+0.010
Bourke-3 [83] 5.369+0.017 Sorvala [65] 6.111+0.024
Chen [54] 5.974+0.029 Wang [67] 5.344+0.009
Jacob [56] 5.533£0.014 FADoTh 5.461+£0.017

on the whole dataset are conducted without cross validation. The average runtime
results for the classification of a single data instance are provided in Table 2.3 in

mean-tstandard deviation format.

Although the FADoTh algorithm ranks as the seventh fastest algorithm for
classification, it is faster than every algorithm within one standard deviation
from its average accuracy value. Furthermore, the only two algorithms that
produced comparable performance metrics to the FADoTh algorithm, Kangas-1

and Kangas-2, are considerably slower than the FADoTh algorithm.

2.3.5 Discussion

Majority of the 15 state-of-the-art algorithms failed to produce accuracy values
higher than 96% based on the comparison on the same dataset. This situation is
similar for the other performance metrics although all of the algorithms compared
in this thesis are reported to show high classification performance in the original
datasets that they are developed and tested on. This is most likely to be caused

by the relative size of the dataset used in this study. To our knowledge, none of
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the datasets that are used in the publications that these 15 state-of-the-art algo-
rithms are originally proposed in are comparable in size to the dataset employed
here. Not only the mere size of the dataset used here is larger than those in the
included publications, the range of activities it includes spans far more of real-life
scenarios as well. On the contrary, the fall-detection algorithms developed by
Kangas et al. [59]| perform very well on our large dataset, despite originally us-
ing a limited dataset collected from three subjects performing nine fall types for
the evaluation. Their success lies in being able to successfully capture the most
general defining characteristics of falls. We believe that the FADoTh algorithm
can perform very well in other datasets as it exploits two major characteristics of

falls: high acceleration and points of high angular velocity with high acceleration.

On the whole, the FADoTh algorithm, using only two simple features, performs
better than 15 state-of-the-art heuristic fall-detection algorithms on an extensive
dataset comprising a total of 2880 trials of 16 non-fall and 20 fall activities by 16
subjects, when subject-based cross validation is employed for parameter selection
and performance evaluation. We believe that the FADoTh algorithm would give
satisfying results in real-world applications if embedded in fall-detection hard-

ware.

It seems possible, at this point of algorithm development, that a learner version
of the same algorithm can be formulated and tested against other ML classifiers
for fall detection. In the next chapter, this developed learner version is explained
and compared to eight other ML classifiers based on the same dataset to assess

its viability for fall detection.
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Chapter 3

A Novel Fall-Detection Algorithm
Based on Machine Learning: kAT

Two main limitations associated with FADoTh that is proposed in Chapter 2 are
class assignments of the extreme data and the distribution of the non-extreme
data, as mentioned previously. Focusing on these limitations, we anticipated that
better detection results can be obtained with a learner version of that algorithm
which would then be able to utilize training data. A learner version of the pro-
posed heuristic algorithm is then formulated and developed, which is able to select
the features to apply lower and upper thresholds to and utilize the non-extreme
training data. It should be emphasized that the proposed learner, based on ma-
chine learning (ML), is a supervised learner requiring the labels of the training
data.

3.1 The Algorithm

As with any ML based algorithm, the proposed learner also consists of a training
and a testing phase. The procedures for each of these phases are given in the

subsequent sections.
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3.1.1 Training

The two features that are used in the Chapter 2 are employed in this classifier
to observe that they yield an average accuracy value of 97.92% and that the
performance can be improved with the addition of four more features. After the
raw data are imported and filtered with the same procedure as in the heuris-
tic algorithm, six features are extracted: maxSVtot, minSVtot, maxANGVEL,
ANGVELenergy, maxABSLENGTH, and maxMULT. We believe that these fea-
tures contain sufficient information to distinguish falls from ADLs because they
can capture the defining characteristics of falls. Falls are usually characterized by
low total acceleration in the free fall phase and high total acceleration together
with high angular change of the body at the moment of impact with the ground.
The selected features can capture high and low acceleration points, large angular
change points, points where both acceleration and angular changes are high, and
points where large changes occur in acceleration. We suggest that this feature
set captures all aspects of a fall and therefore should span all fall types. Brief

descriptions of these features are given below.

maxSVtot: This feature is the same as the first feature of FADoTh given in
Chapter 2: it is the maximum value of the SVt signal within the duration of

single trial data. The calculation of this feature is given in Equation (2.3).

minSVtot: Related to the first feature, this feature is the minimum value of the
SVror signal within the duration of single trial data. This feature is calculated

as follows:

minSVtot = min SVror(i) (3.1)

1<i<N

where N is the length of single trial data.

maxANGVEL: Similar to the first feature, this feature is the maximum value

of the Gror signal within the duration of single trial data. The calculation of it
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is as follows:

maxANGVEL = max Gror(7) (3.2)
1<i<N
where N is the length of single trial data.

ANGVELenergy: As the name suggests, this feature is the energy of the Gror
signal in a window of 160 ms around the maximum peak of SVyor. With 25 Hz
sampling frequency, this interval includes five samples: the sample closest to
the peak of acceleration, the two samples preceding it, and the two samples
following it. This feature is selected to reflect on activities where drastic rotations
occur near the acceleration peak which might not necessarily be very high. The

calculation of this feature is as follows:

k+2
ANGVELenergy = Z [Gror(i)]? (3.3)

i=k—2

where k is the index of the maximum peak of the SVyor signal.

maxABSLENGTH: This feature is selected to give three-sample data windows
where rapid acceleration changes occur. First, the absolute difference of each data
sample in SVror with the previous data sample is calculated and a sequence con-
sisting of these absolute differences for each sample is created. Then, the sum of
these absolute differences in three-sample windows are observed. The maximum
of these total absolute differences are then assigned as the maxABSLENGTH
feature. Readers are directed to Appendix A.2 for the extraction of this feature

in the MATLAB environment. This feature is calculated as follows:

maxABSLENGTH = max “SVTQT(i + 1) - SVTQT(i)H‘
1<i<N-3 (34)
ISVror(i +2) — SVror(i + 1)| + [SVror(i + 3) — SVror(i + 2)|]
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where N is the length of single trial data.

maxMULT: This feature is the same as the second feature of FADoTh given
in Chapter 2: it is the maximum value of the signal resulting from the element-
wise multiplication of SVror and Gror signals. This feature is selected in order
to capture the activities where both high accelerations and body rotations are

observed. The calculation of this feature is given in Equation (2.4).

These six features are selected by hand and all of them are used in the al-
gorithm. After the features are extracted and the training and test data are
separated, the features are normalized using the means and standard deviations
of the features of the training data. The training phase consists of taking the
training data and the parameter o — which will be explained later — and then

designing the classifier. The structure of this classifier will be disclosed later.

First, let us consider a typical distribution that a feature of non-fall and fall
data typically assumes, displayed in Figure 3.1. In this figure, the minimum
and maximum feature values of non-fall and fall data and RANGE (the distance
between the lower one of the maximum values and the greater of the minimum
values of the two classes) are shown. Although the assumption that the left and
right parts of extreme data would belong to two different classes is still valid
here, this does not cause any loss of generality in the explanation of the proposed

algorithm.

As the first step of training, thresholds should be set so that extreme and non-
extreme data can be discriminated. Although it would be intuitive to assign the
lower threshold to non-fall,,;, and the upper threshold to fall., at a first glance,
this option would mean overfitting to the training data. To illustrate another
risk in such a practice, in Figure 3.1, non-fall;, corresponds to a data instance
that is far away from the nearest non-fall data and it probably corresponds to an
outlier or erroneous data. Thus, setting the lower threshold to this value would
worsen the performance of the algorithm. Even in the absence of such anomalies,
setting the thresholds to these extreme values would be naive and fail to deliver

the best results; hence, we use the first parameter: a.
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X: fall data
0: non-fall data

falln  non-fall g, Tallpax non-fall;,

feature i

RANGE

Figure 3.1: A Typical Distribution of a Feature of Non-fall and Fall Data.

This parameter is the offset ratio of the upper and lower thresholds, that is,
a measure of how far away the upper and lower thresholds are from fall,,,, and
non-fall,;,, respectively. Specifically, the lower and upper thresholds for any
feature (F'i) are set as shown in Equations (3.5) and (3.6), respectively, using the

parameter .

Fi; = non-fall,i, — o - RANGE (3.5)

Fiy = fallpax + a - RANGE (3.6)

As « is a coefficient of RANGE, the minimum value that it can take is —0.5.
This borderline value of the parameter results in an overlap of upper and lower
thresholds as the lower threshold would be equal to non-fall,,;;,+0.5-RANGE and
the upper threshold would be equal to fall,,,,—0.5-RANGE with this value of the
a parameter, and RANGE=fall,,.,—non-fall,,;, by definition. Extreme negative
values of the parameter result in narrow non-extreme data interval and conse-
quently large numbers of false alarms and missed detections in the classification
of extreme data. Extreme positive values of this parameter, on the other hand,
would result in overly conservative separation of the extreme data and accuracy

would drop in the classification of the non-extreme data. In the evaluation of the
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proposed learner, cross validation is applied with a grid search for the a param-
eter ranging from —0.3 to 0.3. We observed that small positive values between
0.083 and 0.150 yield the best results.

For a single value of the a parameter, the algorithm decides on which feature
to use among the six available features. To do so, lower and upper thresholds and
the percentage of non-extreme data are calculated for each feature. Among the
six features, the feature that yields the lowest percentage of non-extreme data is
selected to be used as the first feature because it provides more extreme data that
can be directly classified into classes. After the feature and the thresholds are
set and the extreme data are classified, non-extreme data are stored along with
their labels to be used in testing later. The process of determining the feature
and thresholds to be used in the test phase, produces an element (node) of the

classifier. The structure of a node is explained later.

Following the formation of the first node of the classifier, the same procedure
is repeated for the non-extreme data of the first node: the data instances that
do not exceed the upper threshold of the first feature and are not below the
lower threshold of the first feature. This process for creating the nodes of the
classifier is iterated until the size of any of the non-extreme fall or non-fall data is
less than 10% of the total training data or the classifier consists of a total of six
nodes. The first terminating condition is selected empirically, as excessively small
values of percentage lead to overfitting and excessively large values lead to poor
utilization of the thresholds. The second terminating condition is selected as the
total number of features, because the learner may have to use a feature multiple
times and probably overfit the training data if the training is not terminated at

a node count of six.

At the end of training, a classifier structure comprising a maximum of six
nodes is provided as output. Figure 3.2 illustrates the structure of a classifier
that is produced by the proposed learner. Each of the nodes of the classifier
structure includes the feature to be used (denoted as ftr in the figure), lower and
upper thresholds (denoted as thr 1 and thr u in the figure, respectively), labels
of the two parts of the extreme data (denoted as Ibl 1 and Ibl u in the figure),
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Figure 3.2: The structure of the classifier and its nodes.

and the non-extreme non-fall and fall data along with their labels (denoted as
f nextreme, Ibl f nextreme, n nextreme, and lbl n_ nextreme in the figure,
respectively). Although the classifier in the figure is shown to have more than
three nodes, there is not a minimum number of nodes in the classifier, that is,
the proposed learner can even produce a classifier that has a single node. It
should be noted again that this algorithm does not have the two limitations of
the heuristic algorithm: it can work with features where the two parts of the
extreme data belong to the same class (for instance, when both 1bl 1 and 1bl u
are fall actions) and the distribution of the non-extreme data does not necessarily

comply with a prescribed distribution profile.

3.1.2 Testing

In the testing phase, already normalized features of the test data and the labels
of the feature vectors are provided as input to the testing function, as well as the

classifier and the parameter £.

Similar to the heuristic algorithm, test data that exceed any of the thresholds
are directly assigned to the corresponding classes and the algorithm is terminated
for them. For the non-extreme data that do not exceed the thresholds of any node

of the classifier, a modified version of the k-NN classifier is implemented. Contrary
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to the standard £-NN classifier, the proposed learner takes the k£ nearest neighbors
in the feature space consisting of only the features that are used in the classifier
structure. Throughout the development of the algorithm, we figured that the
features that are used in the classifier nodes, that is, those that can separate a
large percentage of the data into extreme data and classify them, perform better

when k-NN is applied to the non-extreme data.

To explain in detail, the non-extreme training data of the very end node of
the classifier are transferred to a feature space with reduced dimensions, which
includes only the features that are used in the formation of extreme and non-
extreme data and the classifier in the training phase. After this transfer is done,
any test instance that does not exceed any thresholds of the classifier is com-
pared to these non-extreme training data in this space with reduced dimensions.
Euclidean distances of every non-extreme training data to this test data are cal-
culated and the k£ data instances with the smallest distances are selected, hence,
the name £ nearest neighbors. Finally, the test instance is assigned to the class
that is more frequent among these k nearest neighbors (majority voting). In
the case of an even k& number and equal number of nearest neighbors from both

classes, the test instance is assigned to the non-fall class.

The proposed learner obviously has a tree structure due to the double thresh-
olding it applies to the features. Furthermore, it bears elements of boosting since
it utilizes a collection of “weak learners” (decision stumps); however, the weights
of the training instances are equal and are not modified in the proposed learner,

contrary to boosting methods.

Since k is also a parameter of the learner, a grid search is conducted for this
parameter in the evaluation of the algorithm with cross validation. We consid-
ered k values ranging from 1 to 51 and observed that those between 20 and 34
provide the best results. More detail on this parameter selection process with
cross validation is given in the next section. The MATLAB code of the proposed
learner algorithm is given in Appendix A.2, along with the code of the parameter
selection method. Algorithm 1 provides the pseudocode of the proposed learner.

Because the proposed learner is a k-NN classifier-augmented tree, we name it
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kAT.

Algorithm 1: Pseudocode of the kAT algorithm.
TRAINING PROCEDURE

Inputs: Training Set Features, Training Set Labels, @ Parameter
for Each One of the Six Features do

Calculate the upper and lower thresholds with the o parameter for this fea-
ture
Separate the extreme and non-extreme data according to these upper and
lower thresholds
Calculate the percentage of the non-extreme data
end for
Select the feature with the lowest percentage of non-extreme data
Construct the node and add it to the end of the classifier
if Size of the non-extreme data is greater than 10% of the training data AND
Classifier has fewer than six nodes then
Call the training function for the non-extreme data and this « value
end if
TEST PROCEDURE
Inputs: Classifier, Test Set Features, Test Set Labels, k& Parameter
for Each Node of the Classifier do
Separate and classify the extreme data
if This is the final node of the classifier then
Calculate the distances of the non-extreme data instances to the test in-
stances in the feature space of reduced dimension
Select k nearest neighbors
Conduct majority voting
Assign the non-extreme test instances to the most frequent class among &
nearest neighbors
end if

end for
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Once the classification of the whole test set is completed, a confusion ma-
trix is obtained and the five performance metrics (accuracy, precision, sensitivity,

specificity, and F-measure) are computed based on this matrix, as given in Equa-
tions (2.5)—(2.9).

3.2 Comparative Study

In this section, the evaluation of the kAT algorithm on the dataset in [28], in
comparison with the performances of eight different ML classifiers on the same
dataset, is presented. First, brief explanations of the selected classifiers are pro-
vided. Secondly, the methodology of the comparative study is given, followed by
its results. Brief remarks on the runtime analysis of the compared algorithms are

presented before providing a discussion of their overall performances.

3.2.1 ML Classifiers Selected for the Comparative Study

Eight state-of-the-art ML classifiers are selected for comparative evaluation with
the kAT algorithm based on the same dataset: Bayesian decision making (BDM),
least squares method (LSM), k-nearest neighbor classifier (k-NN), artificial neural
networks (ANN), support vector machines (SVM), decision tree classifier (DTC),
random forest (RF), and adaptive boosting (AdaBoost). Five of these classifiers
have parameters which are optimized using a grid search similar to the kAT
algorithm. Brief explanations of these classifiers are provided below, together
with the intervals of the grid searches for the optimization of their parameters.
More detail on the classifiers can be found in [84, 85].

BDM: BDM is based on fitting multi-variate Gaussian distributions to the data
from each class — in our case, two classes — and obtaining the mean vectors and
covariance matrices of these fitted Gaussian distributions to each class. Once

these parameters are obtained, the training process is completed and the testing
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phase continues with calculating the a posteriori probabilities of each test data
for both classes and assigning the test data to the class that gives the larger a

posteriori probability. No parameters need to be optimized for BDM.

LSM: In the training phase of classification with the LSM, the mean vectors
of the data from each of the two classes are calculated and stored. In testing,
sums of squared distances of a test instance to the mean vectors of each class are
calculated and the test instance is assigned to the class whose mean is the closest

to it on the feature plane. LSM has no parameters to be optimized.

k-NN: Training of the k-NN classifier comprises the storage of the training
feature vectors. In the testing phase, the Euclidean distances of a test feature
vector to every training feature vector are calculated and the nearest £ training
feature vectors are selected. The test feature vector is then assigned to the most
frequently occurring class among these &k training feature vectors. The parameter
k is optimized through a grid search, taking integer values from 1 to 50. Optimal
k values widely range from 3 to 41 among different combinations of test and

training data.

ANN: ANNs are networks of units called neurons, arranged in multiple lay-
ers [86]. In this study, an ANN with only a single hidden layer of neurons is
considered. The input layer (the very first layer) includes the input neurons, each
of which takes the value of a feature in the feature vector; therefore, the number
of neurons in the input layer is exactly the same as the number of features used.
In the hidden layer (the layer in the middle), there are multiple neurons, each of
which is connected to the neurons in the input layer with unique weights. Each
neuron in the hidden layer then applies a non-linear activation function to the
weighted sum of the input neurons using the unique weights from each of the in-
put neurons to itself. A similar connection is then made from the hidden layer to
the output layer (the third layer), which includes only a single neuron in the scope
of this chapter. Once a non-linear activation function is applied to the weighted
sum of the outputs of all neurons in the hidden layer, the output of the ANN is
obtained. In this study, a sigmoid function in the form of g(x) = (1 + e )71,
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where z is the weighted sum of the outputs of the neurons in the previous layer, is
used as the activation function in all hidden and output neurons. An output that
is smaller than 0.5 corresponds to a non-fall activity, whereas an output greater
than 0.5 corresponds to a fall activity. The connection weights are initialized
with a uniform random distribution between 0 and 0.2, and training is performed
using iterative online (stochastic) back-propagation method with a learning rate
of 0.3. The algorithm is terminated when there is not a significant reduction in
the average errors of all training data. While learning the weights corresponds to
finding the weights of the ANN, testing is equivalent to multiplying the feature
values of the test data with the obtained weights to identify its label. The number
of hidden-layer neurons is optimized through a grid search where integer values
from 1 to 50 are used. Optimal values for this parameter range between 8 and
38.

SVM: SVM is based on creating a hyperplane in the feature space that has the
maximum margin between two classes in the training data. A kernel function
can be utilized to transform the original feature space to another space, which
can prove to be useful when the training data are not linearly separable in the
original feature space. In this thesis, Gaussian Radial Basis Function kernel,
farer(Z, ) = e=IE=31 is used, where # and § are two data vectors. After the
transformation to another space, an optimization is run to find the hyperplane
that maximizes the margin between the data of the two classes and C' is the
penalty parameter of this optimization. MATLAB’s built-in LIBSVM toolbox
is used for the implementation of SVM. The parameters C' and « are optimized
through a grid search where they both range from 107° to 10° on a logarithmic
scale. Optimal values of C' range from 1072 to 102, whereas optimal values of v

are found to be between 1072 to 10~ ".

DTC: DTC is an ML classifier based on decision stumps: a simple structure
applying a threshold to one feature, that is, comparing the value of that feature
to a threshold to determine if it is higher or lower. At each node of a DTC,
there is a decision stump to produce two branches which are then connected to

two other nodes. Final nodes of a DTC, which do not utilize splits (a feature
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and a threshold value) and thus do not lead to any more nodes, are called leafs.
At the leaf nodes of a DTC, the decision about the estimated class of the data
instance is made. The features and the thresholds to be used in the nodes of
a DTC are selected using a splitting criterion in a greedy fashion; that is, the
split that yields the optimal value of a specific criterion is selected at each node
without considering the optimality of the overall tree structure. In this study,
Gini impurity criterion is selected as the splitting criterion, which is a measure of
the frequency of incorrectly classifying a randomly chosen data instance when it
is classified according to the distribution of the classes in that split. The value of
this criterion is zero when the nodes created by that split are pure. Building the
tree structure from the training set until all leafs are pure; that is, all training
instances in one leaf belong to a specific class, results in overfitting to the training
set. Therefore, different pruning techniques are employed to prevent trees having
an excessive depth and number of nodes. Prepruning technique is employed to
prevent DTC from overfitting, which involves rejecting to add any more nodes
when building the tree when the size of a node is sufficiently small, even though

the node is not pure. There are no parameters to optimize in DTC.

RF: RF is a special classifier employing bagging (bootstrap aggregating) tech-
nique: an ensemble learning technique which involves taking a large number of
subsets from the training set and combining the results of the classifiers that
are trained by each of these subsets to obtain the final decision. As the name
suggests, RF is based on training a large number of DTCs with the randomly
generated subsets of the training set and combining the results of each classifier
to end up with a final decision. Because training a large number of DTCs is
computationally intensive, a randomly selected subset of the features of a smaller
size is used their training. Using the decisions of a large number of decision trees
trained on subsets of the training set, RF eliminate the problem of overfitting that
is usually pronounced with DTCs. Two parameters are optimized in the subject-
based cross-validation process: the number of trees to be trained is ranged from
40 to 200 to observe that the optimal parameter values are between 80 and 140,
and the number of features to be used in the training of trees is varied from 1 to

6 to obtain optimal values between 3 and 6.
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AdaBoost: AdaBoost is a boosting algorithm, that is, it utilizes the whole
training set to iteratively train a large number of weak learners. At the first
iteration, a weak learner is trained where all instances in the training set have
equal weights. Afterwards, at each iteration, the weights of the training instances
that are incorrectly classified by the previous weak learner are increased to train
a new weak learner with the updated weight distribution of the training set. The
AdaBoost algorithm utilizes decision stumps as weak learners, and the number
of weak learners to be used is a parameter that needs to be optimized. For the
comparative study presented here, the number of weak learners is changed from

40 to 200 to obtain optimal parameter values between 70 and 190.

In the next section, the details of the comparative study that is undertaken

are given.

3.2.2 Comparison Methodology

The same six features that are described in Section 3.1 are used for all algorithms
in order to make a fair comparison. Since the number of features is not large,
feature reduction is not performed in the evaluation of the eight ML classifiers
as well. As with the kAT algorithm, all eight ML classifiers presented above are

trained and tested with the normalized features.

Although subject-based cross validation is preferred over m-fold cross vali-
dation in the evaluation of the ML based algorithms as well, the procedure is
different from that in Chapter 2 because of the nature of the ML algorithms that
necessitates training. Similar to the procedure in the evaluation of the heuris-
tic algorithms, the whole dataset is separated into eight folds in a subject-based
fashion: seven folds of data from one male and one female subject and one fold of
data from two male subjects. In an outer loop, each one of these eight folds is sep-
arated to be used as the test set whilst the remaining seven folds are combined to
form the training set, which will be used for parameter optimization and training.
In an intermediate loop, a grid mesh of parameter values is swept and specific

parameter value(s) is considered in each iteration of this intermediate loop. In
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every iteration of the intermediate loop, training data are divided into seven sub-
folds of data from the same combinations of subjects that formed it in the first
place. In an inner loop, each one of the seven sub-folds is taken as the test set for
the parameter selection (called sub-test set to avoid confusion) and the remaining
six sub-folds are combined to obtain the training set for the parameter selection
(called sub-training set to avoid confusion). In every iteration of the inner loop,
the learner is trained using the designated parameter value(s) and sub-training
set combination and tested using the designated parameter value(s) and sub-test
set combination. After the inner loop is completed, the average of the sub-test
accuracies of all seven runs are calculated. At the end of the intermediate loop,
the parameter value(s) that yield the highest average sub-test accuracy is se-
lected. At the end of one iteration of the outer loop, the learner is trained using
the corresponding training set (seven of eight folds) and the selected parameter
value(s) and tested with the corresponding test set (one of eight folds) and the
selected parameter value(s). The confusion matrix for each of these training and
test combinations obtained in every iteration of the outer loop is stored. At the
very end of the subject-based cross validation with parameter optimization, eight
confusion matrices are obtained. A pseudocode of this subject-based cross val-
idation with parameter optimization is given in Algorithm 2. In addition, the
MATLAB code of the AT algorithm in Appendix A.2 also includes the code
for the procedure of partitioning the data into folds and sub-folds together with

subject-based cross validation with parameter optimization.

The next section presents the performances of the kAT algorithm and the eight
state-of-the-art ML classifiers which are evaluated on the dataset acquired in [28§]

using this cross-validation method.
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3.2.3 Comparison Results

Based on the eight confusion matrices stored in the outer loop of the cross-
validation process, eight accuracy, precision, sensitivity, specificity, and F-
measure values are calculated for each learner. Afterwards, the mean and stan-
dard deviation values of these five performance metrics are calculated and pre-

sented in Table 3.1 in meandstandard deviation format.

Algorithm 2: Pseudocode of the Cross Validation with Parameter Optimization.

Divide the whole dataset into eight folds with respect to the subjects
for Each Fold {Outer Loop} do
This fold is the test set
Remaining seven folds are combined to obtain the training set
Best Accuracy = 0
for Each Value of the Parameter(s) {Intermediate Loop} do
Divide the training set into seven sub-folds with respect to the subjects
for Each Sub-Fold {Inner Loop} do
This sub-fold is the sub-test set
Remaining six sub-folds are combined to obtain the sub-training set
Train the learner with the sub-training set and the parameter value(s)
Test the learner with the sub-test set and the parameter value(s)
Store accuracy
end for
Find the average accuracy over all seven iterations of the Inner Loop
if Average Accuracy > Best Accuracy then
Optimal Parameter Value(s) = This Parameter Value(s)
Best Accuracy = Average Accuracy
end if
end for
Train the learner with the training set and the optimal parameter value(s)
Test the learner with the test set and the optimal parameter value(s)
Store the confusion matrix

end for
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Table 3.1: Results of the Comparative Study on ML Algorithms (AB: AdaBoost,

Acc: accuracy, Pr: precision, Se: sensitivity, Sp: specificity, F'-m: F-measure).

classifier Acc (%) Pr (%) Se (%) Sp (%) F-m (%)
BDM 98.23+1.21 97.76+£2.06 99.124+0.88 97.114+2.75 98.43+1.05
LSM 94.34+1.29 98.17+1.81 91.56+£2.19 97.81+£2.19 94.72+1.21
k-NN 98.33£1.35 98.55+£2.19 98.50+1.07 98.124+2.89 98.51£1.18
ANN 98.75+£0.70  99.01+£1.02 98.75+0.89 98.754+1.29 98.87+0.62
SVM 98.75+£1.04 98.85+1.84 98.944+0.86 98.524+2.41 98.88+0.91
DTC 98.61+1.15 98.07£1.96 99.50+0.60 97.50+£2.57 98.77+1.01
RF 98.58+1.25 98.41+£1.80 99.06+0.94 97.97+2.33 98.73+1.11
AB 98.58+1.04 98.36+1.75 99.13+0.69 97.8942.29 98.73+0.92
kAT 98.85+0.81 99.144+1.19 98.81+0.88 98.91+1.52 98.97+0.72

It is observed in Table 3.1 that the kAT algorithm provides the highest accu-
racy, precision, specificity, and F-measure among all ML classifiers. SVM shows
an average accuracy value that is very close to that of the kAT algorithm; how-
ever it then fails to match the performance of the kAT algorithm in other metrics
besides also displaying larger variations in those metrics. ANN yields more con-
sistent results (with smaller standard deviation) than the kAT algorithm on four
of the five performance metrics; nonetheless, it fails to match the performance of
the kAT algorithm in any of the performance metrics. DTC produces a very good
average sensitivity value of 99.50%; however it then yields average precision and
specificity values that are not so high. In fact, five of the eight ML classifiers yield
higher average sensitivity values than the kAT algorithm, but none can perform

superior to it or other ML classifiers when all performance metrics are considered.

We would like to note that the performances of the compared classifiers are
rather close to each other. In particular, seven of the eight ML classifiers are
within one standard deviation of the accuracy, precision, sensitivity, and F-
measure of the kAT algorithm. Moreover, ANN and SVM yield remarkably close
results to the KAT algorithm. This situation is relatively different than that in
Table 2.2 where only a few of 15 state-of-the-art heuristic algorithms can display
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results that are comparable to FADoTh. It must be noted here that the classifiers
in this comparison are ML classifiers and are based on learning the data. ML
classifiers have been shown to perform better than heuristic algorithms in the fall-
detection realm before [29]. Therefore, the fact that the majority of the compared
ML classifiers perform better than the best performing heuristic algorithm is not
surprising. It should also be noted that all ML classifiers evaluated here use six
features, whereas most of the heuristic algorithms in Table 2.2 use less. Regarding
the closeness of the results of BDM, k-NN, ANN, SVM, DTC, RF, AdaBoost,
and the kAT algorithm, these seven ML classifiers are already state-of-the-art
algorithms that are capable of learning extremely complex patterns. Fach of
the three best performing algorithms, ANN, SVM, and the kAT algorithm, yield
almost 99% accuracy on an extensive dataset, whereas the performances of the
k-NN, BDM, DTC, RF, and AdaBoost classifiers are not considerably inferior to
these three learners despite displaying higher variations in their results. Overall,
the LSM classifier exhibits inferior performance to the remaining eight. BDM, k-
NN, ANN, SVM, DTC, RF, AdaBoost, and the kAT algorithm yield comparable
results to each other and their relative performances can change in an evaluation

based on a different feature set and dataset.

3.2.4 Runtime Analysis of ML Classifiers

As in Chapter 2, all of the algorithms are run on MATLAB version R2015a
installed on a computer with Intel® Core™ i5-3230M CPU running at 2.60 GHz,
4.00 GB RAM, and Windows 7 Home Premium 64-bit operating system while no

other external application or program is running.

To determine the runtimes of the algorithms, subject-based cross validation of
each algorithm is run without parameter optimization. First, the whole dataset is
divided into eight folds of data based on subject pairs as before and in a loop, each
one of these eight folds is used as test data while the remaining seven are combined
to obtain the training data. In each iteration of this loop, the learners are trained

using the corresponding training data and fixed parameter value(s) and then
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Table 3.2: Runtime Results of the ML Algorithms.

classifier Training (us) Testing (us) Total (us)
BDM 0.94+1.57 198.70+3.86 199.64+4.01
LSM 0.24+0.26 28.01+0.90 28.2510.92
k-NN — 527.494126.46 527.49+126.46
ANN 2010.40+98.99 83.97+25.28 2094.37+103.28
SVM 310.204+12.33 68.09+15.78 378.29422.55
DTC D7.76+£22.61 124.58+69.44 182.33+90.58
RF 7050.21£119.39 73.70+£74.63 7123.92+176.36
AB 19807.984+707.74 13707.044+490.71  33515.02+1173.08
kAT 13.954+8.25 420.36+£68.51 434.32+76.14

tested with the corresponding test data and the same parameter value(s). This
process is analogous to executing only the outer loop in Algorithm 2. Both the
training and testing times of the learners are recorded for each iteration. Training,
testing, and total times are given in Table 3.2 in terms of mean+standard devi-
ation for the classification of a single data instance. The total time is the sum of

the training and testing times. The same abbreviations as in Table 3.1 are used.

From Table 3.2, it is observed that the KAT algorithm is the fifth fastest
algorithm among all the ML classifiers with respect to the total time. While the
kAT algorithm is not the fastest, it is faster than SVM, k-NN, RF, and AdaBoost,
four algorithms that perform comparable to it in Section 3.2.3. It should be
stressed that the fastest algorithm, LSM, did not match the performance of the
kAT algorithm. SVM, on the other hand, not only produced comparable results
to the kAT algorithm in the previous section, but is also faster. On the other
hand, training of the kAT algorithm is considerably faster than that of SVM.
Concerning the training times of the learners, k&-NN does not require any learning
time as the learning phase corresponds to storing the training data. Following
k-NN, LSM and BDM are trained quickly since their simple training procedures
make use of optimized vector operations of MATLAB. The optimization processes

in the training phases of the ANN and SVM learners require longer training
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times. While DTC does not require particularly long runtimes to train, RF
and AdaBoost classifiers that depend on constructing a large number of DTCs
then need significantly long training times. Testing times of LSM and SVM are
the lowest when compared to the other learners because the testing procedure
corresponds to simple calculation and comparison in these two learners. Testing
of the ANN algorithm is faster than that of BDM, £-NN, and the kAT algorithm
because it utilizes the optimized vector multiplication functions of MATLAB.
Despite requiring a substantial time to train, RF classifier is quicker than six of the
compared classifiers to test, because the test procedure corresponds to a number of
threshold comparisons. The k-NN classifier displays relatively slow testing times
because the distances from one test instance to every other training instance are
created. Despite utilizing optimized vector functions of MATLAB, this process
is computationally demanding. Despite the high performance that the AdaBoost
classifier displays, it takes a total of more than 33 ms to train and test single data
instance. This runtime is nearly five times as much as that of the second slowest
algorithm, RF. The testing time of the kAT algorithm is considerably more than
those of LSM, SVM, and ANN since it involves thresholding and a modified k-NN
algorithm.

We would like to refer to the obvious difference between the total runtimes of
the ML classifiers in Table 3.2 and the runtimes of the heuristic algorithms in Ta-
ble 2.3. The apparent speed of ML classifiers compared to the heuristic algorithms
by a large margin is not normally expected; the sum of the training and testing
times of a ML classifier is usually anticipated to be more than the classification
time of a heuristic algorithm. However, the large difference between the runtimes
in Table 2.3 and the total runtimes in Table 3.2 arise from one major difference
in the evaluation of the two groups of classifiers: while the runtimes of heuristic
algorithms also include preprocessing and feature extraction, training and testing
times of the learners in this chapter are measured after all preprocessing, feature
extraction, and feature normalization have been completed. The latter method
could not have been applied in the evaluation of the heuristic algorithms since
each algorithm has a different set of features and the runtime of the algorithm is

affected by this set. In the evaluation of the ML classifiers, features need to be
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extracted beforehand for the complicated procedure of cross validation with pa-
rameter optimization to be conducted; otherwise, this procedure would take days
or even weeks for the evaluation of only a single learner. Furthermore, including
the time to do preprocessing and feature extraction would hinder the clarity of the
results of the comparison between the training and testing times of different ML
classifiers, since all learners use the same set of features and preprocessing and
feature extraction take much longer time than training and testing the learners.
With an average feature extraction time of 5.6 ms for a single data instance, even
the fastest ML classifier, LSM, is slower than eight of the algorithms in Table 2.2,
whereas the slowest ML classifier, AdaBoost, is slower than all algorithms in that
table. It should be noted that the features used in this chapter are simple features
that utilize optimized vector operations of MATLAB, whereas some algorithms
in Table 2.2 use features such as velocity. Calculation of this feature involves

integrating the acceleration data, which is a computationally intense operation.

3.2.5 Discussion

Performance of the eight ML classifiers are evaluated on the dataset in [28] us-
ing subject-based cross validation and compared to the performance of the kAT
algorithm. The kAT algorithm yields the highest average accuracy, precision,
specificity, and F-measure among all ML classifiers; however, the differences be-
tween the results of BDM, k-NN, ANN, SVM, DTC, RF, AdaBoost, and the kAT
algorithm are not very significant. Two of the ML classifiers, ANN and SVM,
perform comparably well to the kAT algorithm, with their average accuracy and
F-measure values only within 0.1% of it. Moreover, SVM, ANN, and the kAT
algorithm achieve better performances than FADoTh of Chapter 2. Among these
two state-of-the-art ML classifiers, SVM produces high variations in its results in
cross validation, whereas the average total runtime of ANN is nearly five times
as much as that of the kAT algorithm. Although SVM ran faster than the kAT
algorithm, the difference is not acute. BDM, k-NN, DTC, RF, and AdaBoost
yield accuracy values that are within one standard deviation of the three best
performing learners: ANN, SVM, and the kAT algorithm. The results of the
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LSM classifier are considerably inferior to the remaining eight classifiers, despite
that LSM is the fastest one among the compared classifiers. Considering the com-
parable performances of BDM, £k-NN, ANN, SVM, DTC, RF, AdaBoost, and the
kAT algorithm, any one of these learners can be chosen to be implemented under
different scenarios. BDM or DTC can be selected for a shorter total runtime with
acceptable performance, while ANN would be more suitable for implementations
where less variations of the results are desired. The k-NN classifier can be chosen
for a system where lower training times are desired and an ongoing learning from
the used test data are planned. The SVM classifier can be of preference when low
testing times are important. DTC and AdaBoost can then be implemented for
high sensitivity values. The kAT algorithm then provides a reasonable balance

between low training time, high performance, and small variations of the results.

We believe that the kAT algorithm performs comparably with BDM, k-NN,
ANN, SVM, DTC, RF and AdaBoost, if performance metrics and runtimes are
considered altogether. With an accuracy of 98.85% over an extensive dataset
when subject-based cross validation is applied and an average total runtime of
434.32 us, it would provide excellent results if embedded in fall-detection hard-

ware.

Having detected falls with such high accuracies, we suggest that an effective
fall-detection system should also be able to classify the direction of a fall. Moti-
vation for developing such an algorithm, a survey of the existing literature on the
topic, and the description as well as the evaluation of the proposed fall direction

classification system are presented in the next chapter.
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Chapter 4

Classification of Fall Direction

We have proposed two novel algorithms to detect falls with waist-mounted wear-
able motion sensor units: a heuristic algorithm (FADoTh algorithm of Chap-
ter 2) and a learner version of the same algorithm (kAT algorithm of Chap-
ter 3). The former achieves a fall-detection accuracy of 98.45% on an exten-
sive dataset, whereas the latter achieves a slightly better accuracy on the same
dataset: 98.85%. Both of these algorithms are compared to the state-of-the-art
algorithms of their own type on the same dataset based on subject-based cross
validation. While FADoTh performs superior to the 15 state-of-the-art heuristic
fall-detection algorithms, its learner version, kAT, yields results that are compa-
rable to eight state-of-the-art ML classifiers. With such results on fall detection,
we intend to implement a fall direction classification algorithm that can estimate
the direction of a fall effectively, should a fall be detected. The overall system
with the fall-detection and fall direction classification modules is illustrated in
Figure 4.1. Upon receiving the activity data, the system employs feature ex-
traction and classifies the data into a fall or ADL activity employing either a
heuristic algorithm or an ML classifier. If a fall is detected, fall direction clas-
sification module is activated. In this module, new features are extracted from
the raw data and an algorithm is employed to classify the fall into four basic

directions: forward, backward, right, and left.
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Figure 4.1: The overall system consisting of a fall-detection and a fall direction

classification module.

4.1 Motivation and Related Work

In Chapter 1, we presented the need for an effective fall-detection system: such
a system would not only benefit the elderly, it would also diminish the harm
that people from different fall risk groups are likely to suffer from falls. Falls can
cause serious and even life-threatening injuries to the elderly and special disease
groups, and injuries that could tarnish the professional performance of workers
and athletes. We therefore think that it is preferable if fall-detection algorithms

could offer more than solely detecting falls, which is a binary decision process.

The direction of a fall can contain various cues regarding the nature of the fall.
Forward falls are mostly caused by tripping, whereas lateral falls can be caused
by loss of consciousness, and backward falls can be due to slipping. The direction
of a fall can also be of value in an emergency scenario to assess the situation and
apply appropriate treatment. That is, knowing the direction of a fall can lead the
emergency response team to a more accurate diagnosis of the state of the subject.
Lateral falls are more likely to cause limb and neck injuries whereas backward
falls are often associated with the head coming into contact with the ground and
therefore are more dangerous. A forward fall is usually more controlled than a
lateral or backward fall because people are more experienced to use their arms in
the forward position. A wearable fall-detection system usually already includes

motion sensor units which can supply adequate information for recognizing the
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directions of falls. Therefore, once a fall is detected, a fall-detection system can
provide invaluable fall direction information without requiring any additional
hardware. Typical acceleration, angular velocity, and magnetic field signals of
falls belonging to the four basic directions are provided in Figure 4.2. The two
fall-detection algorithms that are proposed in this thesis already rely on these
motion sensor data from the waist of the subject, which, we presume, are sufficient

for effective fall direction classification as well.

Research has been conducted on classifying the type of falls in both the ambient
assisted living field [87] and wearable sensors field [31, 66, 88, 89, 90, 91], albeit
much limited in quantity compared to the vast literature on fall detection. Almost
all of these fall classification algorithms are activated after detecting a fall, except
that Choi et al. [89] integrated fall direction classification into the fall-detection
algorithm. They classified the activities of the subjects into seven activity types:
three ADLs and four falls towards the basic directions — forward, backward,
right, and left. Using NB and a novel feature selection method, they were able
to classify the activity types of 670 data instances in their dataset with 99.4%

accuracy.

Although most wearable sensor based fall classification studies classify falls into
four basic directions as given above, Tolkiehn et al. [66] classify falls into three
directions: forward, backward, and lateral. Utilizing a sensor node comprising a
tri-axial accelerometer and a barometric pressure sensor at the waist of the subject
and using a heuristic algorithm employing the azimuth angle of the subject, they
were able to achieve a 94.12% fall direction classification accuracy on a dataset
consisting of 119 fall instances. Dinh and Struck [90] also consider these three
types of falls with the addition of collapse type. Attempting to capture four
types of falls, they use accelerometer data collected from the waist of the subject
and convert them from Cartesian to spherical coordinates. With an algorithm
that utilizes fuzzy logic and ANNs, they achieve an average fall classification
sensitivity of 94% over all types of falls, on a dataset collected from five subjects

and comprising a total of 100 fall instances.

Majority of the studies on wearable sensor based fall classification use motion
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sensor units on the waist, chest, or the back of the subject; however, Tao et al. [91]

propose a fall direction classification system with force sensor resistors (FSRs) in

the shoe insoles of the subjects. They attempt to classify falls into four directions
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as Choi et al. [89]. Using four FSRs in the insoles of both right and left shoes
each, they achieve a fall direction classification of 75% on a very limited dataset

of only 12 fall instances.

The study by Albert et al. [88] attempts to classify falls into the four basic di-
rections mentioned above using the accelerometer data from a mobile phone fixed
to the back of the subjects. Their dataset for fall classification consists of a total
of 223 fall instances collected during laboratory experiments involving 15 sub-
jects. They compare five different classifiers — SVM, sparse multi-nomial logistic
regression (SMLR), NB, k-NN, and DT — with a large feature set of 178 features
in total, without using any feature reduction technique. They evaluate these clas-
sifiers on their own dataset with two different cross-validation techniques: 10-fold
and subject-based cross validation. SMLR yields the best classification perfor-

mance with a classification accuracy of 99.6% with both types of cross validation.

There is need for further research in the fall classification field, especially con-
sidering the broad field of fall detection. Existing literature not only lacks in pro-
viding effective fall classification systems, but also fails to present an exhaustive
evaluation process. In this thesis, eight different ML classifiers are implemented
for classifying falls into four basic directions. These classifiers are then evaluated
and compared to each other, on an extensive dataset comprising 1600 fall in-
stances using a subject-based cross validation with parameter selection. Besides,
four of the eight ML classifiers are modified for robustness analysis against un-
known classes. To our knowledge, previous studies on fall direction classification
do not tackle the problem in such depth and achieve as high performance. This
study adds on the existing work in the literature by evaluating and comparing
eight state-of-the-art ML classifiers on a large dataset and conducting a robustness
analysis. The datasets used in previous studies are rather limited. Furthermore,
this study contributes to the fall direction classification area by modifying four
of the eight ML classifiers to avoid making any decisions in the presence of data
from an unknown class and conducting a robustness analysis. No other study in

the literature considers such an evaluation of their fall classification algorithms.
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4.2 Fall Direction Classification System

In this section, the classifiers that are considered for the problem of fall classifica-
tion are presented. The reduced dataset that is used for fall direction classification
is then given before displaying the results of the evaluation and comparison of the
classifiers. A brief discussion of the runtime analysis of the considered classifiers

is given before the final remarks of the section.

4.2.1 Considered Classifiers

For fall direction classification, eight ML classifiers that are compared to kAT in
Chapter 3 are implemented and compared with each other. Although it would
have been preferable to use kAT also in fall direction classification, this is not
done since it is a binary classifier. It is possible to convert any binary classifier
to work in multi-class classification; however, it is avoided in this thesis because

of the excellent performance of the eight ML classifiers.

Similar to fall-detection algorithms, raw data are filtered using a three-point
median filter. Then, 27 simple features are extracted from the raw data collected
from the motion sensor unit attached to the waist of the subject: minima, max-
ima, and mean values of the accelerometer, gyroscope, and magnetometer data
in the z,y, and z directions. When the feature set consisting of these 27 (=9
axesx 3 features per axis) simple features is normalized with the same procedure
as in Chapter 3, corresponding training and test sets are used in the eight ML
classifiers that are also featured in Chapter 3: BDM, LSM, k-NN, ANN, SVM,
DTC, RF, and AdaBoost.

4.2.2 The Reduced Dataset

For the evaluation of the considered classifiers in fall direction classification, the

dataset that is used in Chapters 2 and 3 will be used partially. Because only
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fall activities are classified into four basic directions, only fall-type activities from
Table 2.1 will be included in this evaluation; that is, the dataset will be reduced
in size. Table 4.1 shows the fall types that are considered within the scope of this
chapter.

It is observed from the table that there are four classes of falls corresponding

Table 4.1: Fall Activities in the Reduced Dataset.

No. Description Direction

17 standing to falling forward to the floor forward

18 standing to falling forward to the floor with arm protection forward

20 standing to falling on knees and then lying down forward
21 standing to falling forward with quick recovery forward
22 standing to falling forward with slow recovery forward

23 standing to falling forward, ending in right lateral position  forward

24  standing to falling forward, ending in left lateral position forward
34 standing on a podium to forward fall on the floor forward
26 standing to falling backward, ending lying backward

27 standing to falling backward, ending in right lateral position backward

28 standing to falling backward, ending in left lateral position  backward

29 standing to falling on the right side, ending lying right

30 standing to falling on the right side with recovery right

31 standing to falling on the left side, ending lying left

32 standing to falling on the left side with recovery left

19 standing to falling on knees undefined
25  standing to falling down on the floor, ending sitting undefined
33 from lying, rolling out of bed and falling on the floor undefined
35 syncope — standing to falling vertically undefined
36 syncope fall, slowly slipping off a wall on the side undefined
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to the four basic directions, together with an undefined direction class. Although
this table contains all the fall activities in our dataset, only 15 of the 20 different
fall types are used in the evaluation of fall direction classification algorithms
in this section because the remaining five class types do not have well-defined
directions. Specifically, there are eight forward, three backward, two right, and

two left fall types. Remaining five fall types are reserved to be used in Section 4.3.

In the reduced dataset that is used in this section, there are 15 types of falls,
each of which is performed five times by each one of the 16 subjects. This sums
up to a total of 1200 fall instances: 640 forward, 240 backward, 160 right, and 160
left fall instances. Note that the sizes of the data belonging to the four classes
are not comparable; that is, size of the forward fall class is almost three times as
large as the size of the backward fall class and even four times as large as the sizes
of the right and left fall classes. This imbalance in class sizes would corrupt the
performance of certain classifiers. For instance, such a distribution of class sizes
is likely to cause ANN to learn the weights with a bias towards the forward fall
class because there are more instances from that class and every data instance
updates the weights once in each epoch in online back propagation. To avoid this
problem, every data instance in backward, right, and left fall classes are copied
and added to the dataset until the sizes of the classes become comparable; that
is, the data from backward fall class are copied twice and added to the dataset
while the data from right and left classes are copied three times and added to the
dataset to make the sizes of the four classes comparable. Finally, the order of the

data instances are rearranged with a random permutation.

4.2.3 Evaluation and Comparison of the Classifiers

Eight ML classifiers using 27 simple features extracted from the accelerometer,
gyroscope, and magnetometer data collected from the waist of the subjects are
evaluated on the reduced dataset described above. Because the considered ML
classifiers are the same as those in Chapter 3, the same evaluation technique is also

employed here. The subject-based cross validation with parameter optimization
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that is explained in Section 3.2.2 of Chapter 3 is used in the evaluation of the fall

direction classification algorithms here as well.

For the parameter selection of k.-NN, ANN, SVM, RF, and AdaBoost classifiers,
separate grid searches for each parameter are conducted. For the k-NN classifier,
integer k£ values ranging from 1 to 50 are used in subject-based cross validation
with parameter selection and an optimum k value of 1 is obtained for each of the
eight folds. The number of hidden neurons parameter for ANN classifier takes
integer values from 1 to 50 and the optimal values range from 19 to 46 for the
eight folds. Both the C' and v parameters of SVM are varied from 107 to 10°
and optimal values in intervals [1072,10'] and [1073,107!] are obtained for these
two parameters, respectively. For RF, the number of DTCs to be trained and
the number of features to be used in their training are changed from 40 to 240
and from 1 to 27, respectively. Optimal intervals for these parameters are found
to be between 120 and 200, and 1 and 10, respectively. Finally, the number of
weak learners for the AdaBoost algorithm is varied from 50 to 250 to find optimal

parameter values between 100 and 190.

Eight 4 x 4 confusion matrices that are obtained in each iteration of the outer
loop of the cross-validation process are summed up and shown in Table 4.2 to
reflect the overall performance of each classifier. Upon inspecting this table,
one can see that forward falls are mostly confused with right and left falls by
LSM, k-NN, ANN, SVM, DTC, and AdaBoost. Furthermore, LSM, ANN, RF,
and AdaBoost can classify falls from the backward direction class into the left
direction class. DTC further confuses falls in the backward direction with those
to the right and to the left. Although misclassifications occur, no major problems

are observed in Table 4.2 other than those mentioned.

After producing the confusion matrices, accuracy, precision, sensitivity, speci-
ficity, and F-measure metrics are calculated separately for each of the four
classes and the averages of these metrics over all four classes are taken. Per-
formance metrics of the eight considered ML classifiers are given in Table 4.3 in

mean=standard deviation format.
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Table 4.2: Confusion Matrices in Fall Direction Classification (AB: AdaBoost).

BDM: SVM:
classified classified
(640 0 0 0 | (620 0 9 2 |
=1 0 70 0 0 =1 0 70 0 0
0 0 640 0 0 4 636 0
0 0 0 640 0 0 0 640
LSM: DTC:
classified classified
(616 0 15 9 | (621 5 1 13 |
= | 0 6% 3 21 = | 3 687 12 18
0 8 632 0 4 16 620 0
0 0 0 640 12 32 0 59
k-NN: RF:
classified classified
(623 0 9 3 | (640 0 0 0 |
=1 0 70 0 0 = | o 77 0 3
0 0 640 0 0 4 636 0
0 0 0 640 0 0 0 640
ANN: AB:
classified classified
(616 4 13 7 | (619 0 1 20 |
=l o0 77 0 3 = | o0 717 0 3
0 4 636 0 4 24 618 0
4 0 0 636 4 4 0 632
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Table 4.3: Results of the Comparison for Fall Direction Classification (AB: Ad-

aBoost, Acc: accuracy, Pr: precision, Se: sensitivity, Sp: specificity, F-m: F-

measure).
classifier Acc (%) Pr (%) Se (%) Sp (%) F-m (%)
BDM 100.00+£0.00 100.00£0.00 100.00£0.00 100.00+0.00 100.00+£0.00
LSM 97.88+1.85 98.04£1.66 97.924+1.83 97.88+£1.84 97.98+1.74
k-NN 99.556+1.17 99.57£1.10 99.53+1.20 99.54+1.17 99.55+1.15
ANN 98.684+2.10 98.77£1.91 98.65+2.17 98.67£2.11 98.714+2.04
SVM 99.43+1.20 99.47£1.12 99.414+1.23 99.43+£1.20 99.444+1.18
DTC 95.61+3.67 96.10£3.20 95.614+3.72 95.61£3.68  95.8643.45
RF 99.43+0.89  99.47+0.83 99.434+0.92 99.43+0.90 99.45+0.87
AB 97.73+2.52  97.94+£2.37 97.67+2.61 97.72£2.53 97.8042.48

It is evident from Table 4.3 that BDM achieves perfect classification with the
given feature set when evaluated on the reduced dataset with subject-based cross
validation. This is an excellent result especially considering the size of the dataset;
that is, BDM classifies all fall instances to correct directions without needing any
parameter optimization and any complicated features. The performances of three
other classifiers are also very good. The k-NN classifier follows BDM with the
average values of all performance metrics being above 99.5%. Similarly, SVM and
RF yields performance metrics above 99.4%, only within 0.1% of A-NN. Although
their performances are not comparable to the top three ML classifiers here, ANN
and LSM produce performance metrics above 98.6% and 97.8%, respectively. This
overall high performance of the ML classifiers considered show that the feature set
chosen for fall classification bears adequate information for reliable and accurate

direction classification.

It must be noted that the compromise between precision and sensitivity met-
rics is not as obvious in this table as it is in Table 3.1. However, this can be
explained by the fact that these values are averaged over all classes in this table,
contrary to Table 3.1 where these performance metrics are calculated for a binary

classification problem using only TP, FP, TN, and FN values.
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Table 4.4: Runtime Results for Fall Direction Classification (AB: AdaBoost).

classifier Training (us) Testing (us) Total (us)
BDM 3.05£2.58 1004.39+£66.21 1007.44£65.79
LSM 0.51£0.19 36.53+1.88 37.04+1.98
k-NN — 327.93£374.67 327.93£374.67
ANN 2605.014+84.74 115.50+14.51 2720.51£92.19
SVM 210.43+£27.69 135.924+261.27 346.35£288.18
DTC 362.95+£316.11 587.93+£1127.23 950.8941438.55
RF 10170.05+300.71 230.55+378.49 10400.59+671.46
AB 41504.2444736.56 24810.02£421.73  66314.32+5063.93

4.2.4 Runtime Analysis

All eight ML classifiers are run on the same MATLAB version installed on the
same computer as in Chapters 2 and 3. Training and testing times of each al-
gorithm are recorded with the same procedure as in the previous chapter, that
is, subject-based cross validation without parameter estimation is executed and
training and testing times for each training and test set combination are recorded
for each algorithm. Training, testing, and total times of the eight ML classifiers
run for fall direction classification are given in Table 4.4 in mean+standard de-

viation format and for the classification of a single data instance.

It can be observed from Table 4.4 that the total runtime of the LSM classifier
is significantly lower than the other algorithms. In fact, it is nearly as low as one
tenth of the next fastest algorithm, k-NN. Average total runtimes of £-NN and
SVM are on par with each other and significantly lower than the total runtimes
of BDM, ANN, DTC, RF, and AdaBoost. Although the total runtime of ANN
is over 70 times more than that of LSM, it corresponds to an average of 2.72 ms
for the classification of a single data instance. We think that this runtime is
feasible for real-world operation. Despite displaying a very good performance,

RF displays a total runtime that is nearly as much as four times that of ANN.
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Furthermore, AdaBoost requires even more time to train and test single data
instance, because it uses all 27 features in each weak classifier that it trains.
Considering the relatively large total runtime of DTC, the runtime results of

these two algorithms that use a large number of DTCs are expected to be slow.

Compared to Table 3.2, differences occur in the total runtimes of the different
classifiers. While the total runtimes of BDM, LSM, ANN, DTC, RF, and Ad-
aBoost are higher than their runtimes in Chapter 3 in proportion to the difference
in the number of features used (27 vs 6), k-NN and SVM run faster in fall di-
rection classification. This behavior of the k-NN classifier can be explained with
the considerable decline in the size of the training set that the algorithm needs
to consider for each test instance, whereas, smaller number of training instances

cause the optimization process of SVM to run faster.

4.2.5 Discussion

Eight different ML classifiers are implemented to classify fall actions into four
basic directions. A feature set consisting of 27 simple features extracted from the
accelerometer, gyroscope, and magnetometer data acquired from the waist of the
subject are used in all eight ML classifiers. Classifiers are evaluated based on a
reduced dataset comprising a total of 1200 data instances, with a subject-based

cross validation with parameter selection.

Perfect classification is achieved using the BDM classifier, whereas SVM, k-
NN, and RF achieve average performance metrics above 99.4%. Upon conducting
a comparison of the runtimes of the considered classifiers, it is observed that the
majority of the selected classifiers can train and test a single data instance roughly
in 1 ms time. Besides, the four best performing algorithms — BDM, k-NN, SVM,

and RF — achieve smaller total average runtimes than AdaBoost.

It seems that BDM, k-NN, SVM, or RF with the feature set employed here,
can be used for superior fall direction classification under real-world scenarios.

However, under these scenarios, one needs to consider more than the evaluation
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process that has been undertaken. We next tackle the problem of fall direc-
tion classification in the presence of test data from an unknown class. To our
knowledge, such an investigation has not been considered previously in the fall
classification realm. Four of the eight ML classifiers are modified and a robustness
analysis for these modified fall direction classification algorithms is presented in

the next section.

4.3 Robustness Analysis

In the previous section, an evaluation of the eight fall direction classification
algorithms, where four basic directions are considered, is performed. Such an
evaluation implicitly makes the assumption that all types of falls are in one of
these four well-defined directions. However, falls can have no direction or unclear
directions in the way they occur, for instance, syncope and falling out of a bed.
A fall direction classification system that only classifies a fall instance into one
of these four directions would erroneously classify such falls into one of the four
directions regardless. An effective fall direction classification system should be
able to assign the data instances that do not belong to any of the four basic classes
to the unknown (zero or null) class. However, the standard implementations
of the eight ML classifiers that are used in this thesis do not provide such a
function. Therefore, in this section, the standard implementations of four of
these algorithms are modified to obtain satisfactory results in the presence of test
data from an unknown class. After this modification, algorithms are included in a
robustness analysis where test instances from falls whose directions do not belong
to any one of the four basic directions are also used. Modifications that are made
on the standard implementations of BDM, LSM, k-NN, and ANN classifiers are
briefly explained below.

BDM: Modifications are made both to the training and the test phases of the
BDM algorithm. After calculating the mean vectors and the covariance matrices
of the classes, a posteriori probabilities of each training instance for all classes are

obtained in a loop. For each class, the minimum a posterior: probability among
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all training instances is stored to obtain a 4 x 1 threshold vector of minimum «a
posterior: probability values for each class. In the test phase, if the maximum «a
posteriori probability of a test instance to one of the four classes does not exceed
the average of the 4 x 1 threshold vector over the four classes, the test instance

is assigned to the unknown class.

LSM: Similar to the BDM algorithm, modifications to both the training and the
test phases of the LSM algorithm are made. Upon calculating the mean vectors
of the classes in the training phase, the sum of the squared distance of every
training instance to the mean vector of the class that it belongs to is calculated
and a 4 x 1 threshold vector consisting of the maximum of these distances over
the whole training set is obtained. In the test phase, after the classification of
each test instance, the sum of the squared distance from the test instance to the
mean vector of the class that it is assigned to is compared to the minimum value
of the 4 x 1 threshold vector. If the obtained sum of squared distance is greater

than this threshold value, the test instance is assigned to the unknown class.

k-NN: A distance threshold similar to the modified LSM classifier is also em-
ployed in the k-NN classifier. In the training phase, after storing the training
instances, Fuclidean distances from every training instance to the others are cal-
culated. The maximum distance from one training instance to another of the
same class is then stored for each class. Upon storing this 4 x 1 distance thresh-
old vector, the test procedure begins. In the standard test procedure of the k-NN
algorithm, after the label of the test instance is estimated as the most frequent
class among its k nearest neighbors, the distance from the test instance to the
nearest neighbor is calculated and compared to the average of the 4 x 1 distance
threshold vector. If the nearest distance is greater than this distance threshold,
the test instance is assigned to the unknown class. A grid search for k£ from 1 to
50 is conducted for parameter optimization in the subject-based cross-validation
process that will be explained later, and the optimum £ value of 1 is obtained for

each fold.
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ANN: Before explaining the modifications made to the ANN classifier, it is ben-
eficial to stress one difference that the structure of a multi-class ANN classifier
has, when compared to the binary ANN classifier that is implemented in Chap-
ter 3. Contrary to a single output neuron in the ANN structure that is used in fall
detection, the ANN used for fall direction classification has four different output
neurons, which use the same sigmoid activation function and can display output
values ranging from 0 to 1. When a data instance is given as input to the ANN,
results obtained in each one of these four output neurons indicate the confidence
levels of that data instance belonging to each one of the classes. Bearing this
in mind, one can go on to make modifications to the ANN classifier. To make
the ANN classifier capable of detecting unknown classes, a confidence threshold
is employed. After obtaining the confidence levels of class memberships of each
test data through the standard test procedure of ANN, the maximum of these
confidence levels is compared to the confidence threshold. If it is less than this
confidence threshold, the data instance is assigned to the unknown class. An em-
pirical confidence threshold value of 0.85 is employed in this section. The number
of hidden neurons parameter of the modified ANN classifier is optimized in the
subject-based cross-validation process. This parameter is varied from 1 to 50 and
the optimal parameter values are found to be in the interval of [2, 22] for the eight
different folds.

These four modified ML classifiers are evaluated on the reduced dataset that
is presented in Section 4.2.2. In that section, only 15 of a total of 20 fall types
are used and the remaining five types of falls are excluded from the evaluation of
the fall classification algorithms. The remaining five fall types that are labeled
as “undefined” in Table 4.1 do not have a well-defined direction unlike the other
fall types belonging to one of the four basic directions. These five fall types are,
therefore, used here as an unknown fall class to evaluate the robustness of the
four modified fall direction classification algorithms. Excluded from any training
or validation set in parameter selection, these fall types are to be used only in the
test procedure of already trained classifiers with already optimized parameters.
There is a total of 400 fall instances in this unknown class; therefore, the total

dataset comprises 1600 fall instances.
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The same subject-based cross validation with parameter optimization that is
employed in Chapter 3 is also used here with a minor modification. After dividing
the folds and sub-folds of data and separating the training, test, sub-training, and
sub-test sets corresponding to every iteration of the three (inner, intermediate,
and outer) loops, data from the unknown class are also separated into eight folds
based on the same pairwise subject combinations used previously. Every fold of
data from the unknown class is then added to the test set of the corresponding
iteration. At the end, every training set in the outer loop consists of a total of
1050 (=15 fall typesx 14 subjectsx5 trials) data instances whilst every test set in
the outer loop consists of a total of 200 (=20 fall typesx2 subjectsx5 trials) data

instances.

The overall confusion matrices of the four modified classifiers, that are ob-
tained by summing up the eight 5 x 5 confusion matrices that are acquired in
the outer loop of the cross-validation process, are provided in Table 4.5. In this
table, there is an obvious trade-off between detecting the falls in the four basic
directions correctly and rejecting to make a decision when a data instance from
the unknown class is encountered. Modified BDM, k-NN, and ANN classifiers
display a strict approach in rejecting to make a decision; that is, they classify a
considerable amount of falls that belong to one of the four basic directions into
the unknown class to then correctly classify the data from the unknown class
with high accuracies. Modified LSM algorithm, on the other hand, displays a
less strict approach in rejecting to make a decision. It shows high accuracy in
classifying fall instances that belong to one of the four basic directions; however,
it does not show acceptable performance in rejecting to make a decision in the

presence of data from an unknown class.

After obtaining the confusion matrices for each of the eight folds, the same five
performance metrics are calculated in the same way as in Section 4.2.3. The re-
sults of the robustness analysis for the four fall direction classification algorithms

are provided in Table 4.6 in mean+standard deviation format.

The performance metrics of the modified fall direction classification algorithms

in the presence of data from an unknown class are all above 90.8%. ANN achieves
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Table 4.5: Confusion Matrices in the Robustness Analysis.

BDM: k-NN:
classified classified
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Table 4.6: Results of the Robustness Analysis (Acc: accuracy, Pr: precision,

Se: sensitivity, Sp: specificity, F-m: F-measure).

classifier Acc (%) Pr (%) Se (%) Sp (%) F-m (%)
BDM 94.51+4.68 94.70+£3.73 94.64+4.48 94.514+4.67 94.67+4.10
LSM 92.96+2.05 92.83+£2.62 90.89+2.11 92.8742.05 91.85+2.32
k-NN 96.25+2.78  95.84+£2.55 96.30+2.78 96.25+2.78  96.07+2.66
ANN 96.41+3.11 96.201+3.05 96.6242.95 96.424+3.11 96.41+3.00

the highest average values in all performance metrics, followed by £-NN, which
is within only 0.4% of ANN in all of the performance metrics. BDM and LSM
classifiers follow the performances of these two classifiers with performance values

above 94.5% and 90.8%, respectively. Comparing the results in this table with
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those in Table 4.3, one can observe a significant decline in the overall perfor-
mances of the classifiers. This decline is caused by not only the fall instances
with a certain direction that are assigned to the unknown class but also the fall
instances from the unknown class that are classified into one of the four directions.
This decline in performances, however, is not dire considering the difficult nature
of detecting data from the unknown class with simple modifications to the stan-
dard ML classifiers. It is also evident in Table 4.6 that the variations (standard
deviations) in the results of the performance metrics over different combinations

of training and test data are larger than the previous case.

The runtimes of the modified classifiers are also investigated. Because of the
additions in the training and test phases of the classifiers, we expect their training,

testing, and total times to be considerably higher than those in Table 4.4.

The same procedure as the one in Section 4.2.4 is followed to obtain the train-
ing, testing, and total times of the four modified fall direction classification algo-
rithms. The MATLAB version and the PC that are used to run the algorithms
are the same throughout this thesis; therefore, the details of these can be found
in Sections 2.3.4 and 3.2.4. The same subject-based cross validation without pa-
rameter optimization as in Section 4.2.4 is employed here, albeit with a minor
modification: the test data belonging to the unknown class is also divided into
eight folds of data from the same two-subject combinations as used previously and
each of these folds of additional test data from the unknown class is then added
to the test data of the corresponding iteration of the loop. Training, testing, and
total runtimes of the four modified fall direction classification algorithms are pre-
sented in Table 4.7 in mean+standard deviation format and for the classification

of a single data instance.

It is observed in Table 4.7 that there are significant changes in the runtimes and
especially in the training times of the fall direction classification algorithms, when
compared to the runtimes in Table 4.4. The total runtime of the ANN classifier
in this table is almost twice as much as that in Table 4.4, whereas the increase is
almost three times in BDM, four times in LSM, and more than 14 times in £-NN.

These differences were previously predicted to be caused by the fact that every
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Table 4.7: Runtime Results for the Robustness Analysis.

classifier Training (ms) Testing (ms) Total (ms)
BDM 1.438+0.016 1.359£0.017 2.797£0.033
LSM 0.054+0.001 0.06110.002 0.1444-0.003
k-NN 2.554£0.010 2.223+0.032 4.777+0.039
ANN 4.734+0.183 0.18140.039 4.915+0.188

training instance needs to be considered in the training phase in order to obtain
the thresholds. The reason for the significant increase in the runtimes of k-NN
when compared to the former case is the fact that it calculates the distance from
every training instance to every other training instance, meaning that it considers
all combinations of pairs for the training set. On the whole, the rankings of
the total runtimes of the modified fall direction classification algorithms are the
inverse of the rankings of their performances in the robustness analysis. That
is, the best performing algorithm, ANN, is the slowest in Table 4.7, which is
followed by k-NN, BDM, and LSM, which are the second, third, and fourth best
performing algorithms in the robustness analysis, respectively. Even with a total
runtime of nearly 5 ms for the classification of a single data instance, ANN yields
good results in the robustness analysis and it can be implemented in a real-world

fall-detection and classification system.

In this section, BDM, LSM, k-NN, and ANN classifiers are modified to rec-
ognize data instances from an unknown class. Highest average classification ac-
curacies of 96.41% and 96.25% are achieved by the ANN and k-NN classifiers,
respectively. Although the total runtimes of the modified algorithms are consid-
erably higher than their original versions, they have an essential function in the
presence of test data from an unknown class. Besides, the achieved performances
in the presence of test data from the unknown class are not comparable to the per-
fect classification obtained in the classification of falls into four basic directions;
however, the results obtained in this robustness analysis bear great importance
in the evaluation of the fall classification algorithms in a realistic scenario. This

robustness analysis is especially valuable since none of the earlier studies reviewed
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in Section 4.1 capture the presence of unknown fall types. It should be noted that
such an analysis is not needed in a fall-detection study where a binary decision
is made, since every activity is either a fall or non-fall activity and therefore an
unknown class does not exist. Classifying the direction or type of a fall, however,
is a type of activity recognition; thus, this kind of investigation happens to be

crucial.
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Chapter 5

Summary, Conclusions, and Future
Work

In this thesis, robust and effective fall detection and fall direction classification
using wearable motion sensor units worn on the waist of the subject are achieved.
In the first chapter, a comprehensive literature survey on fall detection with
wearable sensors is presented. Afterwards, a novel heuristic and a novel machine
learning algorithm are developed for fall detection and compared to 15 state-of-
the-art heuristic fall-detection algorithms and eight ML classifiers, respectively, on
an extensive dataset. Besides, eight ML classifiers are implemented for superior
fall direction classification and four of them are then modified for robustness

analysis.

In the second chapter of the thesis, a novel heuristic fall-detection algorithm
is proposed: FADoTh. The FADoTh algorithm utilizes two simple features and
applies upper and lower thresholds to these features to separate and classify ex-
treme data. Membership values of the non-extreme data instances are calculated
by using fuzzy logic and the non-extreme data are assigned to fall or non-fall
classes accordingly. A large dataset comprising a total of 2880 data instances —
16 subjects performing 36 different activities five times each — is used for eval-

uating and comparing the FADoTh algorithm with 15 state-of-the-art heuristic
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fall-detection algorithms. Subject-based cross validation is used for parameter
selection and evaluation of all algorithms, which is more challenging than other
cross-validation techniques. The FADoTh algorithm performs the best among all
of the heuristic algorithms in terms of accuracy, sensitivity, and F-measure. In
the runtime analysis of the heuristic algorithms, the FADoTh algorithm displays
faster runtimes than the algorithms that yield comparable performances, despite

being the seventh fastest algorithm.

In the third chapter of the thesis, a learner version of FADoTh is presented:
kAT. The kAT algorithm uses the parameter OFFSET to determine which feature
to use and set upper and lower thresholds. Similar to the heuristic algorithm,
extreme data are directly classified and the non-extreme data are stored for the
testing phase. In the testing phase, a modified k-NN classifier is employed to
classify the non-extreme data, with the second parameter of the kAT algorithm:
k. The kAT algorithm is evaluated and compared to eight ML classifiers —
BDM, LSM, k-NN, ANN, SVM, DTC, RF, and AdaBoost — on the same dataset
with subject-based cross validation that employs parameter optimization. All of
the learners are run with six features which are presumably adequate for fall
detection. The kAT algorithm yields better performance than the LSM classifier
and performs on par with the other ML classifiers: while the average accuracy,
precision, specificity, and the F-measure of the kAT algorithm are higher than
all classifiers, the margin between the remaining seven ML classifiers and the
kAT algorithm is not very significant. The average total runtime of the kAT
algorithm is faster than four of the seven ML classifiers that yield comparable
results, although SVM, BDM, LSM, and DTC are faster than it.

In the fourth chapter of the thesis, fall direction classification is considered.
The same eight ML classifiers using a simple feature set consisting of 27 fea-
tures are implemented for classifying falls into four basic directions: forward,
backward, right, and left. Eight ML classifiers are evaluated on a reduced ver-
sion of the same dataset comprising 1600 fall instances in total, with the same
subject-based cross validation using parameter optimization. BDM achieves per-
fect classification whereas k-NN, SVM, and RF follow with average values of all
performance metrics above 99.5%, 99.4%, and 99.4%, respectively. BDM, LSM,
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k-NN, and ANN are then modified to avoid making any decision in the presence
of data from an unknown class. A robustness analysis is conducted where 400 test
instances belonging to an unknown fall direction class are included in the test set
to evaluate the performance of the modified classifiers. ANN and £-NN display
satisfactory results with average accuracies of 96.41% and 96.25%, respectively.
To our knowledge, the study presented here is the first one in the fall classification
field that considers the presence of data from an unknown class to modify the
classifiers and conduct a robustness analysis. Secondly, the size of the dataset
used for the evaluation of the fall direction classification algorithms is the largest

among all studies in the fall classification literature.

In the future, FADoTh and kAT algorithms can be evaluated on public datasets
for an even more thorough assessment of their performances. Although the
dataset used in this thesis is extensive in size, it consists of segmented data col-
lected from laboratory experiments with young and healthy subjects. A dataset
including real-world data from middle-aged or elderly subjects can be acquired
and used to evaluate the proposed algorithms in the future. Different ways of seg-
mentation can be considered and compared. Moreover, the kAT algorithm can
be improved and evaluated on other classification problems, not only restricted
to the fall-detection realm. Although the fall direction classification system is
satisfactory in performance, it is susceptible to the misalignment of the sensor
unit. This is another direction of academic work that can be carried out in the
future. With the pervasiveness of wearable devices, there is an ever growing
need for systems that can harvest their own energy. Therefore, energy harvesting
can be considered and applied to address the problem of battery maintenance in
wearable systems. Furthermore, the algorithms can be embedded in hardware
for real-world use. Such an implementation would also enable the evaluation the
algorithms based on real-world data collected from real fall and non-fall activities

of the middle-aged or even the elderly.
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Appendix A

Code

A.1 MATLAB Code of the Proposed Heuristic
Fall-Detection Algorithm (FADoTh)

load ( "data.mat’);
CONF=zeros (2,2); % Create Confusion Matrix
for sub=1:size (data,1)
for act=1:size(data,2)
for ts=1:size(data,3)
datamed=medfilt1 (data{sub, act ,ts},3);
% 3—pt median filter
SV _tot=sqrt (sum(datamed (: ,10:12).72,2));
% Total acceleration
SV _tot trimmed=SV _tot{sub,act,ts}(10:end—9);
% Trimmed total acceleration
angvel=sqrt (sum(datamed (:,13:15).72,2));
% Total angular velocity
angvel trimmed=angvel (10:end—9);
% Trimmed total angular velocity

maxsvtot=max(abs (SV_tot trimmed));
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% First feature: maximum of total acceleration
mult=abs (SV_tot trimmed.*angvel trimmed);
% Multiplication signal
maxmult=max (mult ) ;
% Second feature: maximum of multiplication signal
if maxsvtot<MAXSVTOT lower
% Extreme conditions for first feature
label =0;
elseif maxsvtot>MAXSVTOT upper
% Extreme conditions for first feature
label =1;
else
first _nonfall membership=abs(maxsvtot—MAXSVTOT upper) /
(MAXSVTOT upper—MAXSVTOT _lower) ;
% First membership values
first fall membership=abs(maxsvtot—MAXSVTOT lower) /
(MAXSVTOT _upper—-MAXSVTOT _lower) ;
if maxmult<MAXMULT lower

label =0;

elseif maxmult>MAXMULT upper
label=1;

else

second nonfall membership=abs (maxmult—-MAXMULT upper) /
(MAXMULT upper-MAXMULT lower) ;

% Second membership values

second fall membership=1—abs (maxmult—-MAXMULT lower) /
(MAXMULT _uppe—MAXMULT lower) ;

nonfall membership=(first nonfall membership+
second mnonfall membership) /2;

% Total membership values

fall membership=(first fall membership+
second fall membership) /2;
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label=double (fall membership>nonfall membership);
% Labels for non—extreme data
end
end
g=l+double (act >16);
h=label +1;
% label: 0—> non—fall , 1—> fall
CONF(g,h)=CONF(g,h)+1;
end
end
end
%670 PERFORMANCE METRICS %%
CONF
acc=CONF(1,1) /sum(CONF (1 ,:))/2+CONF(2,2) /sum(CONF(2,:)) /2
precision=CONF(2,2) /sum(CONF(:,2))
sensitivity=CONF(2,2) /sum(CONF(2,:))
specificity=CONF(1,1) /sum(CONF(1,:))

Fmeasure=2«precision*sensitivity /(precision+sensitivity)
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A.2 MATLAB Code of the Proposed Machine
Learning Based Fall-Detection Algorithm
(KAT)

load ( "data.mat’);

labels=zeros(size (data,1l)xsize (data,2)*size (data,3) ,1);

features=zeros(size (data,l)*size (data,2)xsize (data,3) ,6);

%| maxsvtot , minsvtot ,maxangvel ,angvelenergy ,maxabslength ,
maxmult |

subject=zeros (size (data,l)x*size (data,2)x*size(data,3) ,1);

f 1bl=zeros(size(data,l)=*size(data,2)xsize(data,3) ,7);

% All features and labels combined for testing

%670 PREPROCESSING & FEATURE EXTRACTION %%

for sub=1:size (data, 1)

11

12

13

14

15

16

17

18

19

20

21

22

23

24

25

26

27

for act=1:size (data,2)
for ts=1:size(data,3)
datamed=medfilt1 (data{sub,act,ts},3);

SV_tot=sqrt (sum(datamed (: ,10:12).72,2));
SV _tot shaved=SV tot(10:end—9);
indmax=find (SV_tot=—max(SV _tot) ) ;
angvel=sqrt (sum(datamed (:,13:14).72,2));
angvel shaved=angvel (10:end—9);

angvel int=angvel (indmax—2:indmax+2);

angvel energy=angvel int’xangvel int;
maxangvel=max(abs (angvel shaved));
maxsvtot=max(abs (SV _tot shaved));
minsvtot=min(abs(SV_tot_shaved));

abs_temp=abs (|0;SV _tot shaved|—[SV _tot shaved;0]);
abs length=abs temp (2:end—1);
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cum_abs length=[abs length’ 0 0]+[0 abs length’ 0]+[0 0
abs length ] ;

maxabslength=max(cum abs length);

mult=abs (SV_tot shaved.xangvel shaved);

maxmult=max (mult) ;

features ((act —1)xsize (data,1l)x*size (data,3) +...
(sub—1)xsize (data,3)+ts ,:) =[maxsvtot minsvtot
maxangvel angvel energy maxabslength maxmult|;
labels ((act —1)xsize (data,1)x*size (data,3) +...
(sub—1)*size (data,3)+ts)=double (act >16);
% 0—> non—fall 1—> fall
subject ((act —1)xsize (data,l)x*size (data,3) +...
(sub—1)*size (data,3)+ts)=sub;
end
end
end
perm=randperm (length (labels));

% Randomize the order of the data

features=features (perm,:) ;
labels=labels (perm) ;
subject=subject (perm) ;
%% Data Separation for Subject—Based Cross Validation %%
tr _set=cell (8,1);

tst set=cell (8,1);
fall=cell (8,1);
nonfall=cell (8,1);

tr _set lbl=cell (8,1);

tst set lbl=cell (8,1);

tr _set sub=cell (8,1);

tst _set sub=cell (8,1);
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meann=cell (8,1);
stdd=cell (8,1);

tr _sub=cell (8,7);

tst _sub=cell (8,7);

fall sub=cell (8,7);
nonfall sub=cell (8,7);
tr _sub_lbl=cell (8,7);
tst _sub_ lbl=cell (8,7);

shjets={[1 10] [2 11| [3 12] [4 13] [5 14] [6 15] [7 16]
[8 91}

% Subjects for the test data

sbsbjets={[2 11] [3 12| [4 13] [5 14] [6 15] [7 16] [8
9];...

[1 10] [3 12] [4 13] [5 14] [6 15] [7 16] [8 9]:...
[1 10] [2 11] [4 13] [5 14] [6 15] [7 16] [8 9]:...
1 10] [2 11] [3 12] [5 14] [6 15] [7 16] [8 9]:...
[1 10] [2 11] [3 12] [4 13] [6 15] [7 16] [8 9]:...
[1 10] [2 11] [3 12] [4 13] [5 14] [7 16] [8 9]:...
[1 10] [2 11] [3 12] [4 13] [5 14] [6 15] [8 9]:...
[1 10] [2 11] [3 12] [4 13] [5 14] [6 15] [7 16]};

% Subjects for the sub—test data

for indx=1:8

tr_set{indx}=features( ismember(subject ,sbjcts{indx}) ,:);

meann{indx}=mean(tr set{indx},1);

stdd{indx}=std (tr _set{indx},0,1);

% Find the mean and standard deviation values

tr set{indx}=(tr set{indx}—repmat(meann{indx}, size (tr set{
indx},1),1))./repmat(stdd{indx},size (tr set{indx},1),1)

% Normalize training data

tst set{indx}=features (ismember(subject ,sbjcts{indx}) ,:);
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tst set{indx}=(tst_ set{indx}—repmat (meann{indx},size (
tst _set{indx},1),1))./repmat(stdd{indx}, size (tst set{
indx },1),1);
% Normalize test data
tr _set Ibl{indx}=labels(~ismember(subject ,sbjcts{indx}));
tst _set Ibl{indx}=labels (ismember(subject ,sbjcts{indx}));
% Assign labels
tr _set sub{indx}=subject( ismember(subject ,sbjcts{indx}));
tst set sub{indx}=subject (ismember(subject ,sbjcts{indx}));
% Subjects
fall {indx}=tr_set{indx}(tr_set_ Ibl{indx}==1,:);
nonfall{indx}=tr_ set{indx}(tr_set 1lbl{indx}==0,:);
for sbindx=1:7
tr _sub{indx ,sbindx}=tr set{indx}( ismember (tr set sub{
indx },sbsbjcts{indx ,sbindx}) ,:);
tst sub{indx,sbindx}=tr set{indx}(ismember(tr set sub{
indx } ,sbsbjcts{indx ,sbindx}) ,:);
% Training and test sub—folds
tr _sub_1bl{indx,sbindx}=tr_set_ 1bl{indx}(  ismember (
tr _set sub{indx},sbsbjcts{indx,sbindx}));
tst _sub 1bl{indx ,sbindx}=tr set 1bl{indx}(
tr _set sub{indx},sbsbjcts{indx ,sbindx})
% Labels of the training and test sub—fold
fall sub{indx,sbindx}=tr sub{indx,sbindx}(tr sub Ilbl{indx
,sbindx }==1,:);
nonfall sub{indx,sbindx}=tr sub{indx,sbindx}(tr sub 1bl{
indx , sbindx }==0,:);

% Subjects of the training and test sub—folds

smember (

i
)
.

end
end
%% PARAMETER OPTIMIZATION %%%
acc_thr=zeros (8,7);
CONF _best=cell (8,7);
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acc_act=zeros (8,1);
specificity act=zeros(8,1);
sensitivity act=zeros(8,1);
precision act=zeros(8,1);
Fmeasure act=zeros (8,1);
CONF _act=cell (8,1);
K best=zeros (8,1);
offset best=zeros (8,1);
classifier act=cell (8,1);
for indx=1:8
% Outer Loop
for offset=linspace(—0.3,0.3,37)
% Interval of the OFFSET Parameter — Intermediate Loop
for K=1:51

% Interval of the K parameter of the learner

acc=zeros (1,7);

precision=zeros (1,7);

sensitivity=zeros (1,7);

specificity=zeros(1,7);

Fmeasure=zeros (1,7);

for sbindx=1:7

% Inner Loop

classifier=iteration (fall sub{indx,sbindx}, nonfall sub{
indx ,sbindx }, tr_sub{indx,sbindx}, [tr_sub{indx,
sbindx} tr sub Ibl{indx,sbindx}|, 1, size(tr sub{indx
,sbindx } 1), [], offset);

[CONF, acc(sbindx), precision(sbindx), sensitivity (
sbindx ), specificity (sbindx), Fmeasure(sbindx)|=test (
classifier , tst sub{indx,sbindx}, tst sub 1bl{indx,
sbindx }, [tr_sub{indx,sbindx} tr sub 1bl{indx, sbindx
s K)s

end

if mean(acc)>mean(acc_thr(indx ,:))
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138 acc_thr(indx ,:)=acc;
139 K best(indx)=K;
140 offset best (indx)=offset ;

141 end
142 end
143 end

s classifier act{indx}=iteration(fall{indx}, nonfall{indx},
tr_set{indx}, [tr_ set{indx} tr set 1bl{indx}|, 1,
size (tr_set{indx},1), cutoff, [], offset best(indx));

us |[CONF _act{indx}, acc act(indx), precision act(indx),
sensitivity act(indx), specificity act (indx),
Fmeasure act(indx)|=test (classifier act{indx}, tst_ set
{indx}, tst_set 1bl{indx}, [tr set{indx} tr set 1bl{
indx }|, K_ best(indx));

e end
wur Y96% TRAINING FUNCTION %%
us function [classifier| = iteration (fall , nonfall, features

, f 1bl, num iter, initial size , featuresused, offset)

o 1f size(fall ;1)/initial size >0.1 && size(nonfall 1)/
initial size >0.1

1o % First Terminating Condition

151 threshold=inf;

152 % Initial upper threshold of portion of excluded extreme
instances

153 for ftr=1:size(features ,2)

15« % Sweep through all features

155 fall max=unique (max(fall (:,ftr)));

ftr)));
cftr))) s

157 nonfall max=unique (max(nonfall

)
15 fall _min=unique (min( fall (:, ftr)));
(
155 nonfall min=unique (min(nonfall (

1o maxes=|nonfall max fall max|;

161 mins=|nonfall min fall min |;
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[maxx, maxind|=min(maxes) ;

% Find thresholds w/ activity types —> maxind=1 means
nonfall maxind=2 means fall

[minn, minind|=max(mins) ;

range—max ( maxes )—min (mins) ;

thr max=maxx+rangexoffset ;

thr min=minn—rangexoffset ;

nonextr fall=fall (fall (:, ftr)>thr min & fall (:, ftr)<
thr max, ftr);

nonextr nonfall=nonfall (nonfall (:, ftr)>thr min & nonfall
(:, ftr)<thr max, ftr);

uncut count=(size (nonextr fall /1)+size(nonextr nonfall /1)
) ;

perc_nonextremes=double (uncut count/size (features ,1));

if perc nonextremes<threshold

classifier . ftr=ftr;

classifier.falldata=fall (fall (:,ftr)>thr min & fall (:,
ftr)<thr max, ftr);

classifier .nonfalldata=nonfall (nonfall (:, ftr )>thr min &
nonfall (:, ftr)<thr max, ftr);

classifier.r thr=thr max;

classifier.r label=mod(maxind,2) ;

% 0—> non—fall 1-—> fall

classifier.l thr=thr min;

classifier .1l label=mod(minind,2) ;

threshold=perc nonextremes;

classifier .threshold=threshold;

classifier .interval ind=f 1bl(:,ftr)>thr min & f 1bl(:,
ftr)<thr max;

end
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end
features (features (:, classifier.ftr)>classifier.r thr,:)
=1l
features (features (:, classifier.ftr)<classifier.l thr,:)
=1
fall (fall (:, classifier.ftr)>classifier.r thr,:) =|[];
fall (fall (:, classifier.ftr)<classifier.l thr, :) =][];
nonfall (nonfall (:, classifier.ftr)>classifier.r_thr,:) =[];
nonfall (nonfall (:, classifier.ftr)<classifier.l thr, :)=[];
if num _ iter<=6 % Second Terminating Condition
classifier .next=iteration (fall , nonfall , features,
f 1bl, num iter+1, initial size , featuresused,
offset);
else
classifier .next=|];

classifier .next. ftr=0;

end
else
classifier =[|;
classifier . ftr=0;
end
end

%% TEST FUNCTION %%
function [CONF, acc, precision, sensitivity , specificity ,
Fmeasure| = test(classifier , test data, test lbl, f 1bl
. K)
dummy=classifier ;
mid=ones (size (f 1bl 1) ,1);
while dummy. ftr~ =0
% Obtaining the ultimate non—extreme training data
mid=mid & dummy. interval ind;
dummy=dummy . next ;

end
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CONF=zeros (2,2) ;

falsealarm =0;
for inddex=1:size (test_data,1)
feature=test data(inddex ,:) ;
label=test 1bl(inddex);

dummy=classifier ;
features used =|[];
while dummy. ftr~ =0
if feature (dummy. ftr )>=dummy.r thr
% Assign the classes of the extreme data
CONF(label , dummy.r label+1)=CONF(label, dummy.r label
+1)+1;
break ;
elseif feature (dummy. ftr )<=dummy.l thr
% Assign the classes of the extreme data
CONF(label , dummy.l label+1)=CONF(label , dummy.l label
+1)+1;
break ;
else
% Process non—extreme data
features used (end-+1)=dummy. ftr ;
if dummy.next.ftr==0
% Modified k-NN procedure
distance=sqrt (sum((f_ 1bl(:,unique(features used))—
repmat (feature (unique (features used)),size(f 1bl 1)
1)).72.2));
[bb inn|=sort (distance);
all_nn=f 1bl(inn ,:);
all nn_ mid=mid(inn);
all mid=all nn(all nn mid,:) ;

nn=all mid (1:min([nn size (all _mid,1)]) ,:);
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244

245

246

247

248

249

250

2

ot

1

252

253

254

255

256

257

output=double (sum(double (nn(:,end)==1))>sum(double (nn
(:,end)==0)));
CONF(label , output+1)=CONF(label , output+1)+1;
end
dummy=dummy . next ;
end
end
end
%967 PERFORMANCE METRICS %76/
acc=(CONF(1,2)+CONF(2,3)) /sum (sum (CONF) ) ;
precision=CONF(2,3) /sum (CONF(:,3));
sensitivity=CONF(2,3) /sum(CONF(2,:))
specificity=CONF(1,2) /sum(CONF(1,:))

Fmeasure=2xprecisionxsensitivity /(precisiontsensitivity);

)
b

end

111



	Introduction
	Problem Definition
	Related Work
	Current Issues and Challenges in the Area
	Contributions and the Outline of the Thesis

	A Novel Heuristic Fall-Detection Algorithm: FADoTh
	The Proposed Algorithm
	The Dataset
	Comparative Study
	State-of-the-art Algorithms
	Comparison Methodology
	Comparison Results
	Runtime Analysis
	Discussion


	A Novel Fall-Detection Algorithm Based on Machine Learning: kAT
	The Algorithm
	Training
	Testing

	Comparative Study
	ML Classifiers Selected for the Comparative Study
	Comparison Methodology
	Comparison Results
	Runtime Analysis of ML Classifiers
	Discussion


	Classification of Fall Direction
	Motivation and Related Work
	Fall Direction Classification System
	Considered Classifiers
	The Reduced Dataset
	Evaluation and Comparison of the Classifiers
	Runtime Analysis
	Discussion

	Robustness Analysis

	Summary, Conclusions, and Future Work
	Code
	MATLAB Code of the Proposed Heuristic Fall-Detection Algorithm (FADoTh)
	MATLAB Code of the Proposed Machine Learning Based Fall-Detection Algorithm (kAT)


