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Abstract

Throughout the history of technology, various mechanisms to support the elderly and
the disabled have been introduced as a remedy for the inadequacy of caregivers to
provide them with the required assistance in leading an independent and secure living.
Among all those mechanisms, smart homes and social robotics appear to play a signi-
ficant and effective role in assuring a comfortable and safe environment for the elderly
and the disabled who prefer to live independently without causing an extra burden on
their families.

However, most of the existing assistive systems lack the required levels of accuracy
and timeliness which causes increased probability of resulting them in higher risk of
damage after encountering an emergency while staying alone at their homes. Therefore,
in order to ensure the availability of timely assistance and support, the introduction and
development of effective emergency detection and notification systems is an essential
necessity in the present world.

This research work introduces a Smart Home System consisting of three subsystems in-
tegrated together over an IoT Cloud with the main objective of improving the quality of
life of the elderly and the disabled by providing them with ample support in performing
their activities of daily living without compromising safety and independence.

The proposed system presents a novel vision based method of detecting falls from
standing or walking positions that is also capable of distinguishing the identified falls
among three types so that the medical attention could be easily focused. A special
subsystem is also introduced for the identification of sitting postures and detection of
falls from wheelchairs for the people with mobility impairments.The fall detection and
posture identification are carried out with a social robot called MIRob which receives
visual input through a Microsoft Kinect Sensor. A novel emergency notification system
is also presented where, the notification is performed by implementing a Q-Learning
algorithm using a Reinforcement Learning agent via an Android application. Through
experimental studies the overall proposed system has promised to guarantee acceptable
levels of accuracy and timeliness in providing assistance to the elderly and the disabled.

Keywords- Fall Detection, Posture Identification, Emergency Notification,
Wheelchair Users, Social Robotics, Smart Homes, Independent Living
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Chapter 1

INTRODUCTION

1.1 Background

Elderly is found to be the fastest growing segment of the world population.

According to the global statistics, in 2015, one in each eight persons worldwide

had aged over 60 years or above and it is anticipated this to become one in

every six persons by 2030 and one in every five persons by the middle of the 21st

century [1]. The Figure 1.1 shows the trends in global population growth by age

groups. The bottom most band represents the global share of children aged up

to 14 years. It is seen that this share has decreased from 37% in 1960 to 26% in

2018 and is expected reduce to 21% in 2050. The top most band represents the

Figure 1.1: Percent of Population by Age Group, 1960 - 2050 [2]
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global growth of older adults aged 65 and above. It is observable that this share

has increased from 5% in 1960 to 9% in 2018 and is expected to rise to 16% by

2050. Thus, it is quite clear that the world is experiencing a drastic growth in

elderly population.

The demographical projections suggest population ageing in all countries caus-

ing effects widely on the social, economical and health systems, out of which the

health systems are made to encounter major complications [3]. According to the

World Health Organization (WHO), over one billion people accounting for around

15% of the world population have been found to live with some form of disability

and about 2-4% of them suffers from considerable difficulties in functioning. The

WHO predicts the prevalence of disability to increase to greater extents in the

coming years, due to the higher ageing populations, increased disability risks in

adults and ever-growing rise in chronic health conditions such as cardiovascular

diseases, diabetes, and cancer etc. They also state that almost every person will

be either permanently or temporary impaired at-least once in their lifetime. They

have more over identified that people who live to older ages have an increased

probability of facing difficulties in functioning.

The International Classification of Functioning, Disability and Health (ICF),

categorizes the problems with human functioning into 3 areas as impairments,

activity limitations and participation restrictions. The impairments are the prob-

lems in body functions or alterations in body structures such as paralysis or

blindness. Difficulties in executing activities such as walking or eating are in-

cluded in activity limitations. Participation restrictions involve the problems

with the engagement in any area of life such as facing discrimination in employ-

ment or transportation. Accordingly, disability is referred to as the difficulties

encountered in any or all these 3 areas of functioning [4].

In order to facilitate the elderly and the disabled with a safe and comfort-

able living, and to minimize the negative consequences of the possible emergency

situations encountered by them, the availability of timely assistance and support

2



mechanisms is necessary. Thus, the development of effective emergency detection

and notification systems is an essential requirement in today’s world.

1.2 Problem Statement

Majority of the persons with disabilities and the older adults require assistance

and support to achieve a better quality of living by being able to participate in

the basic social and economic lives in a way experienced by the others [5]. It must

be noticed that ageing and disability not only affect the person being concerned,

but also the whole support system of family and friends, who usually need to

take care of the older person or the person with the disability.

In order to provide a reasonable standard of living for the disabled people, their

families require to meet extra costs on health services, medication, help with daily

activities, and disability-specific aids such as assistive devices, personal assistance

and house adaptation etc. [6]. While providing care, the care givers are often

found to face challenges in physical, emotional, and financial aspects, which are

collectively known as the caregiver burden. It is found that the caregivers often

live with a huge amount of stress due to increased time spent with the disabled

person, increased housework, and lack of sleep etc. and they usually feel isolated

and alone [7].

As a result of all these issues the modern world is facing a lack of adequate num-

ber of caregivers to provide the necessary support and assistance to accomplish a

safe and comfortable living for the elderly and the disabled. Thus, they most of

the times need to stay home alone making them more vulnerable to emergency

situations. Even though timely detection and notification systems can reduce

the negative consequences caused from such occasions, there exists a shortage

of suitable systems that provide the required level of accuracy, timeliness, and

non-obtrusiveness.
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1.3 Thesis Overview

This thesis consists of 6 chapters. Each chapter is briefly described below.

Chapter 1: Provides an introduction to the thesis. It discusses the back-

ground that motivated this research and also presents the problem statement

addressed by this research work.

Chapter 2: Presents a literature review on related concepts and past research

work that are concerned on addressing similar problems.

Chapter 3: Illustrates the proposed Detection System for Falls from Standing

or Walking Positions. In the later part of the chapter the system performance is

also discussed using experimental results.

Chapter 4: Discusses the proposed System for Posture Identification and Fall

Detection of Wheelchair Users. The performance of the system is also presented

along with experimental observations and results.

Chapter 5: Describes the proposed Emergency Notification System. The

later part of the chapter reveals the performance results with the help of experi-

mental studies.

Chapter 6: Concludes the thesis by providing an evaluation of the overall

proposed system along with the observable limitations and possible future devel-

opments.
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Chapter 2

LITERATURE REVIEW

2.1 Fall Detection Systems

Falling, generally defined as inadvertently coming to rest on the ground, floor

or other lower level, excluding intentional change in position to rest in furniture,

wall or other objects [8], is the most dominant cause leading to both fatal and

non-fatal injuries among people aged 65 and above [9]. The complications with

mobility, balance, and muscle strength and the chronic health conditions requiring

various kinds of medications often results in increased risk of falling among the

adults [10].

It is estimated that 30% of people aged above 65 and 50% of those above

85, falls at least once every year [11]. It is also found that those falls can cause

moderate to severe injuries like hip fractures and head traumas [12]. In fact, 23%

of injury-related deaths of people older than age 65 and 34% of those older than

age 85 are found to occur after a fall [13].

Furthermore Chaccour et al. [14] defines a fall detection system as an assisting

device that is capable of sensing, processing and communicating alarm data in the

event of a fall under real-life conditions effectively. Thus, real-time detection of

falls can help immediate intervention of caregivers and timely treatments resulting

in greater probability of saving lives, reducing medical expenses and lowering

anxiety within the adult [15].

5



In order to mitigate the impacts and minimize the consequences caused by

falls, many researchers have extensively studied them for over two decades [14]

and it has been found that older adults living alone are especially prone to delayed

help in the case of falls and it is necessary to have an automated fall detection

and notification system to provide the required assurance and timely help [16].

Sposaro et al. [17] has presented an alert system for fall detection using an

Android based smart phone with an integrated tri-axial accelerometer. Once a

fall is detected, a notification is raised requiring response of the user. If the user

fails to respond, the system alerts a predefined list of social contacts. If the social

contacts do not respond or confirm a fall, the system alerts an emergency service.

Villaverde et al. [18] has introduced a Machine Learning based fall detection

method using a smartwatch accelerometer. The same method has been used

in [19] to detect falls by developing a home telecare system. Once a fall is de-

tected an AI-based robot navigates to the location and provides web-based as-

sistance from caregivers by sharing real-time videos and allowing communication.

Another smartwatch-based telecare system has been presented in [20], where a

tri-axial accelerometer inside the smartwatch detects falls and sends notification

to a predefined number.

A fall detection system by having a tri-axial accelerometer based wearable

device around the elder’s waist has been presented in [21]. As soon as a fall is

detected, a GPS/GSM module automatically sends help request to caregivers with

patient’s location. Santiago et al. [22] has proposed a fall detection system using a

wearable device with a motion sensor. Once a fall is detected, it sends an alert to a

mobile phone, which notifies a user-defined list of emergency contacts. A robot-

assisted emergency system to support elderly living alone has been discussed

in [23]. Falls are detected by a wearable device with motion sensors to which a

robot is wirelessly connected. Another wearable device for elderly fall detection

by the fusion of a tri-axial accelerometer, a gyroscope and a magnetometer has

been developed in [24].
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Shoaib et al. [25] presents an assistant living environment for the elderly using

a network of video cameras. A fall is detected by considering the location of the

head with respect to the floor. Once a fall is detected, the system tries to confirm

it with the monitored elder and if a positive response or no response is received

from the elder, the emergency situation is notified to responsible parties.

A home elder care system where falls are detected by considering skeleton

data obtained using a Kinect Sensor has been introduced in [26]. The system

identifies an incident as a fall if the acceleration and distance change of Centre of

Mass and the recovery time exceeds some defined thresholds and sends alarm to

nurses’ phones if a fall gets detected. Yang et al. [27] has presented an indoor fall

detection method for the elderly using 3D depth images from a Kinect Sensor.

The direction of the individual is determined by coefficients of ellipses and a fall

gets detected when both the distance from centroids of the body to the floor plane

and the angle between the body and the floor plane are lower than some threshold

values. A fall detection method using height and velocity of body obtained from

depth images generated by a Kinect sensor has been introduced in [28]. Here,

the distance from head to floor of the subject is considered as the height and

the velocity of the shoulder centre of the subject is considered as the velocity. A

fall is identified when the velocity increases beyond a threshold and the height

decreases below the previous position of knee joint.

Similar to the above, many researches have been carried out in order to detect

and notify falls timely and effectively. However, most of the already proposed

wearable devices are obtrusive and uncomfortable and most of the already in-

troduced vision-based methods are unable to satisfy both accuracy and robust-

ness [29].
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2.2 Emergency Notification Systems

It is found that, most the elderly people as well as the disabled people prefer to

live independently at their own homes which is a familiar environment for them

[30]. But, as living alone does not guarantee safety all the times, they are always

more vulnerable to emergency incidents such as fall and unconsciousness [25]. In

order to provide timely assistance for the home-bound elders and disabled in such

situations, it is required to have a constant and reliable emergency notification

system which can quickly inform the responsible parties.

Lin et.al [31] introduces a stray prevention system for elders suffering from

dementia. It monitors indoor, outdoor, emergency as well as remote locations.

Whenever, an incident that requires assistance is detected, a message is sent to the

relevant parties such as the caretakers, search volunteers, and family members.

The system called iCare presented in [32], serves as a real-time health mon-

itoring system for the elderly by using wireless body sensors that communicate

with a smartphone over Bluetooth, and also as a living assistant for the elderly

by providing functions like regular reminders, quick alarms, and medical guid-

ance etc. When the system detects an emergency, the smart phone automatically

alerts the emergency center as well as a preassigned list of people including the

elder’s family and friends. A similar system has been presented in [33] where

wearable sensors have been used to monitor the heart rate, body temperature,

ECG, respiration rate, tilt and fall of the elders. The data from these sensors are

sent to a smartphone that notifies the caretaker during critical situations.

A user-friendly emergency response system for the elderly has been invented

in [34]. Once the user triggers an emergency call function, the mobile phone

automatically notifies a predetermined list of emergency contacts along with in-

formation including current location, and health information such as heartbeat,

blood pressure, etc..
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Solórzano et.al [35] discusses the design and implementation of a Home Tele-

assistance system for the elderly and the disabled who live alone or have poor

access to emergency services. The details regarding their personal information

and the geographical location are sent to their relatives and emergency services

using email and SMS, in order to achieve an accelerated response in case of an

emergency.

Johnson et. al [36] have designed a mobile robot integrated with smart house-

hold technology that monitors the environment as well as the health and behavior

of elders and issues alerts to caregivers and emergency personnel during danger-

ous situations through video communication over the internet. Another robot

that acts as a companion for the elderly while ensuring their safety by provid-

ing reminders for medication and generating notifications to caregivers during

emergencies has been proposed in [37].

2.3 Mobility Disability and Use of Wheelchairs

Mobility is defined as the ability to move and is considered to be one of the most

important physical functions essential in achieving an independent living [38].

Independent mobility is critical to individuals of all age, and mobility disability

is a highly dynamic process among older persons [39].

Mollaoğlu et.al [40] has studied about the relationship between mobility disab-

ility and life satisfaction, which are two of the most important properties related

to life quality. They have found that mobility disability was prevalent among

majority of the elderly population and has a significant effect on the life satisfac-

tion of them. They have also established that once elderly people are concerned,

mobility was affected by the factors such as their age, gender and chronic dis-

eases while life satisfaction was related to their age, level of education and level

of health perception.
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In the United States, it has been found that 61 million adults live with some

sort of a disability and 13.7 % of people with a disability have a mobility disability

with serious difficulty walking or climbing stairs [41].

Statistics show that 17 % of world’s population is affected by some form of

blindness or visual impairment while 6% has deafness or hearing loss. It has also

been found that 2.6% of the global population suffer from some form of intellectual

disability while 1% of the world need a wheelchair on a daily basis [42]. It is

important to note that 1% of the population of world approximately accounts

for around 75 million people. Figure 2.1 shows a Manual Wheelchair, which is

considered to be one of the most commonly used assistive devices to enhance

personal mobility [43].

Several factors that hinder the participation of persons with mobility impair-

ments in public activities have been identified in the literature. The factors such

as low quality of wheelchairs and lack of confidence with wheelchair use were

particularly noted in [44]. Thus, the solutions designed to solve the problem of

mobility disability, should also focus on the restoration and maintenance of in-

dependence, as mobility is a precondition for enjoying human rights and living

with dignity.

Figure 2.1: Manual Wheelchair [43]
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Figure 2.2: George Klein with the World’s First Power Wheelchair [45]

So, with that in mind, the world’s first power wheelchair shown in Figure 2.2,

which was a technological advancement from the manual wheelchair, was invented

by George Klein from National Research Council of Canada [45]. This was mainly

to assist the people with quadriplegia injured in World War II. George Klein was

able to develop a unique set of technologies including the joystick, tighter turning

systems and separate wheel drives that are still continuing to be important in

developing power wheelchairs.

The Figure 2.3 shows some modern Power Wheelchairs.However, it has been

found from a survey that, though the power wheelchair assures to satisfy the

needs of certain persons with disabilities, around 40% of the disabled community

undergoes difficulty in operating the power wheelchair and between 5-9% find it

impossible to operate the power wheelchair without assistance [46].

Figure 2.3: Some Modern Power Wheelchairs [48]
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With the intention of overcoming these problems, the Smart wheelchair was

introduced. The smart wheelchair was created using the technologies originally

developed for mobile robots. It was able to serve as one of the potential solutions

for the shortcomings brought about by the power wheelchair and reduced the

need for physical, perceptual, and cognitive skills that are required to operate a

power wheelchair [47]. Leaman et.al [48] have suggested that the best possible

smart wheelchair needs to have the ability to support people with all types of

disabilities by utilizing a combination of computer vision, touch, voice, brain

control etc.

2.4 Falls from Wheelchairs

Forslund et.al [49] have studied about recurrent falls and fall-related injuries

in wheelchair users with spinal cord injury by monitoring a sample of 149 parti-

cipants over a year. Almost two-thirds (64%) of the participants has fallen and

nearly one-third (32%) has fallen recurrently. They have identified wheelchair

transfers (to bed/ sofa/ car/ toilet) and pushing of wheelchair (over flat/ uneven

grounds) as the most common situations of causing falls from wheelchairs. Fur-

ther, they have encountered 70 fall-related injuries out of which 67% has been

minor involving mostly bruises and scratches, 23% has been moderate causing

strains or sprains and 10% has been severe with femoral or tibiae fractures.

Chen et.al [50] have interviewed 95 active wheelchair users regarding wheelchair-

related accidents encountered during last 3 years prior to the interview and have

found that 54.7% of them have undergone at least 1 accident and 16.8% have

faced 2 or more accidents. They have categorized those accidents into 3 types

based on the mechanism of the accidents as tips and falls (87.8%), accidental

contact(6.8%), and dangerous operations(5.4%). Tips and falls included falling

of the wheelchair user with or without reported tipping of the wheelchair. Colli-

sions with mobile or immobile objects not resulting in tips or falls were included
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in the accident contact category. Dangerous operations were defined involving

situations where users are unable to control the wheelchair properly. Out of the

reported accidents, 55.4% has resulted in some form of injury with abrasion or

laceration (70.7%) as the most common type of injury followed by sprain, head

injury, fracture and organ injury. They have also identified that most injuries are

located in the upper and lower extremities.

Many researchers have acknowledged wheelchair-related accidents as a signi-

ficant problem and that a majority of injuries resulted from those accidents are

due to tips and falls.

Gavin et.al [51] states that, a wheelchair tip or a fall has the ability to im-

pact the morbidity and mortality of an individual who relies on a wheelchair

for mobility by affecting the function, activity, independence, and quality of life.

Further they show that serious injuries such as fractures that are resulted from

a tip or a fall can lead to extended hospital stay, or extended bed rest, or loss

of strength due to immobilization. In fact, they also state that approximately

one wheelchair-related death is reported every week in the United States, out of

which a majority is due to falls.

A lot of practices such as user precautions, wheelchair modifications, health-

care provider interventions, and environmental modifications are being already

undertaken to prevent tips and falls from wheelchairs, but if any such accident

takes place causing the user to fall, it is important to have a quick fall detecting

mechanism in order to minimise negative consequences.

Sung et.al [52] have studied a group of full time wheelchair users with spinal

cord injury and multiple sclerosis and have analyzed the most recent falls under-

gone by them. They have revealed transferring, wheelchair propulsion, walking

short distances, reaching for an object and standing as the 5 main actions causing

falls from wheelchairs. Fall detection of elderly is a major public health problem

and the earlier a fall is detected the lower the consequences [53].
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Ma et.al [54] have developed a smart wheelchair equipped with pressure sensors

to detect abnormal sitting postures of wheelchair users in order to avoid falls and

wheelchair overturns. They have used supervised machine learning to distinguish

among 6 different sitting postures namely; nobody sitting, proper sitting, lean-

forward, lean-backward, lean-left, and lean-right. They have further developed

their system by attaching inertial measurement units on the user’s wrists to ex-

tract features of upper limb motion as well [55].

With the aim of creating a healthier and more active lifestyle for the wheelchair

users, Hiremath et.al [56] have developed a system using gyroscopes to detect

wheelchair overturns and accelerometers worn on upper arm to monitor physical

activities.

2.5 Vitruvius Framework

Vitruvius is an advanced 3D motion framework released by Microsoft and

Channel 9. The features of this third-party library are available for a wide range

of cameras including Intel RealSense D415 & D435, Orbbec Astra & Astra Pro

and Microsoft Kinect v2. As the Vitruvius framework is able to provide a series

of useful functional characteristics for the analysis of body pose, joints, rotation

of a segment in the 3D space, and its distance from the camera etc. [57] [58], it

has been used by many researches to carry out their research work.

A Socially Assistive Robot that coaches older adults in physical exercises has

been introduced in [57]. It also monitors and evaluates their performance, and

provides suitable feedback to encourage further exercise. The application has

been developed using C# and WPF, and Vitruvius to detect the user posture;

sitting, standing, raising hands, opening arms, etc. Magsino et.al [59] has de-

veloped models for lower body exercises used for rehabilitation of post-stroke

patients. They have utilized the functionalities of Kinect v2 and Kinect for Win-
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dows Software Development Kit (SDK) 2.0 with C# to develop the system. The

features such as joint angles of hips and knees, and distances of feet and shoulders

have been found using Vitruvius.

A portable Kinect-based system for gait analysis has been presented in [58].

They have developed an application, using C# and WPF with Vitruvius, to

interface with a Kinect Sensor in order to detect the skeleton of the user and

perform the necessary computations. The feasibility of a game to involve parents

in the language development of their hearing impaired child by using sign language

has been investigated in [60]. The system has been built using Microsoft Kinect

SDK on Vitruvius Kinect framework to recognize letters from the Alphabet in

Sign language through hand gesture recognition.

An interactive robotic bear that can mimic the motions of a user in real time

using body recognition features of Microsoft Kinect has been developed in [61].

They have recommended the use of Vitruvius for future development of their

project to explore and implement more advanced features of the Kinect. Chua

et.al [62] have developed a microcontroller based robotic arm capable of map-

ping the skeletal layout of a person and tracking its movements. For the motion

capturing, they have used Kinect sensors programmed on Visual Studio. The

development of this program, which has been responsible for getting the angles,

the measurements between each joint, and calculating forward and inverse kin-

ematics, has been performed using the Vitruvius framework.

2.6 Summary of the Literature Review

The literature review was done focusing on the two main areas concerned in this

research; fall detection and emergency notification. Fall detection was considered

from walking or standing position as well as from wheelchairs. A summary of the

literature review is given in Table 2.1.
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Table 2.1: Summary of Literature Review

Areas concerned Existing systems

Fall Detection Falls from Standing or Walking Position;
-Wearable Devices:

-Smartphone [17]
-Smartwatch [18] [19] [20]
-Waistband [21]
-Other Devices [22] [23] [24]

-Vision based Devices:
-Video Cameras [25]
-Kinect Sensor [26] [27] [28]

Falls from Wheelchairs;
-Wheelchair Modification:

-Using Pressure Sensors [54]
-Using Gyroscopes [56]

Emergency Notification Automatic Notification;
-Notifying a Predefined List of Contacts
[31] [32] [33] [34] [35] [36] [37]

Once the fall detection is considered, mechanisms for fall detection from stand-

ing or walking position as well as from wheelchairs were studied. Thereby it was

found that, the existing systems for fall detection from standing or walking po-

sition can be mainly categorized in to two as wearable devices and vision based

devices.

The main problem with wearable devices is that, if the person forgets to wear

or carry the device with him/her, then the whole purpose of the entire system will

go in vain. Further, most of them are obtrusive and uncomfortable to wear, for

instance a waistband, which needs to be specially worn for the expected purpose

of detecting a fall. Therefore, researchers have focused on developing vision based

devices for fall detection.
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When vision based systems are considered, researches have been conducted

using both video cameras as well as the Kinect sensor. The video cameras are

capable of capturing only the mere physical visual of the human body while the

Kinect sensor can seize the skeleton configuration of the human body. Thereby,

the Kinect sensor is more accurate in extracting data of the human body and

thus, more reliable than the video cameras in developing fall detection systems.

Therefore, in this research the Kinect sensor has been utilised to enable vision of a

service robot called Moratuwa Intelligent Robot (MIRob) [63], who continuously

monitors the elderly or the disabled person.

Further, most of the already proposed vision based methods fail to satisfy

required levels of accuracy and robustness. Thus, this research introduces a novel

method of detecting fall using the Kinect sensor, which assures to minimise most

of the shortages prevailing in the existing vision based systems.

For instance, once the distance change of the centre of mass of the body or

even that of the centroid of the body are considered, they are highly dependent

upon the body structure of the person. For a considerably shorter person, these

centres will lie closer to the ground and thereby the distance change during a fall

will be comparatively very lower than that for a taller person.

Therefore, in this research the velocities of three joints; Spine Shoulder, Spine

Mid and Spine Base, all lying in the upper half of the body are considered in

detecting a fall from standing or walking position. Here, all the three joints under

concern show significant changes during falls and thereby makes the system more

accurate and reliable.

In addition, this research also presents a novel method of distinguishing falls

in to three types; Prone, Crawl and Kneel. This categorisation helps in providing

more focused medical attention and more effective treatments as well.

When considering detection of falls from wheelchairs, only a few researches

have been done for the development of suitable systems. There also, research
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has been conducted for the improvement of wheelchairs to accomplish the task

of identifying abnormal sitting postures and falling from wheelchairs. Here,

these mechanisms are limited only to the particular wheelchair which is spe-

cially equipped with the required devices and thereby restrict their applicability

and reliability.

This research introduces a novel vision based system to identify abnormal

sitting postures in wheelchairs as well as to detect falls from wheelchairs. The

proposed system requires no modification in the wheelchair and thereby can be

easily implemented in a wider range of applications with higher reliability.

As both the proposed fall detection systems involve the Kinect sensor, they can

be easily implemented in real-time. Further, they have the ability to guarantee

speedy process and thereby can result in timely detection of falls as well.

When considering the emergency notification systems, a lot of researches have

been carried out in order to facilitate quick notification and thereby provide timely

assistance.

One of the major drawbacks encountered in most of the existing emergency

notification systems is the making of simultaneous calls to a predefined list which

causes unnecessary disturbance to everyone on the list. The proposed notification

system in this research provides a solution for this drawback, as it notifies a list

of persons successively. So that, if the system could make a successful contact,

then the rest of the persons on the list will not be disturbed.

Another failure is the lack of attention paid to the response patterns of the

contact persons resulting in making many futile attempts. For instance, if a par-

ticular person usually do not respond, then we can avoid wasting time on trying

to contact him/her. But, this facility is not available in the existing notifica-

tion systems. The proposed system in this research caters this problem as well,

by taking the response patterns of the contact persons in to consideration while

making the order of contacting them.
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The inadequacy of proper feedback system raising the obvious possibility of the

call not getting answered and the elder not getting assisted is also another most

common drawbacks found in the existing emergency notification systems. The

notification system proposed in this research is capable of obtaining feedback of

whether a responsible person gets successfully contacted or not. Thus, it assures

assistance to the elderly or the disabled person by continuing the calling process

until a successful contact is made.

Further, the proposed Artificial Intelligence based notification system can be

triggered manually as well as automatically. This facilitates more reliable and

versatile notification during an emergency.
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Chapter 3

DETECTION SYSTEM FOR FALLS FROM STANDING

OR WALKING POSITIONS

Figure 3.1 and Figure 3.2 give the overview and the model of the system

developed to detect falls from standing or walking positions respectively.

It deploys a service robot called MIRob to continuously monitor the elder/

individual by being in his/her surrounding in a non-obtrusive manner. The robot

is equipped with a Microsoft Kinect Sensor to enable vision. The RGB and depth

data from the Kinect Sensor are extracted by the ‘Data Extraction Unit’ using

Kinect for Windows SDK. The x,y and z position data of joints Spine Shoulder,

Spine Mid, Spine Base and Knee are recorded by the ‘Data Recorder’ every 0.5

seconds for analysis.

RGB 

Camera
Depth 

Camera

Data Extraction 

Unit

Data Recorder

Fall Detection

and 

Fall Type Identification

Body Vector Angle 

Calculator

Body Joint Velocity 

Calculator

Figure 3.1: Overview of Detection System for Falls from Standing or Walking
Positions

20



• Finds Vectors Spine and Femur

Spine; AC[x,y,z] = A[x,y,z] – C[x,y,z]

Femur;CD[x,y,z] = C[x,y,z] – D[x,y,z]

• Calculates Angles 𝜃 and 𝛼

𝜃 = sin−1
𝐴𝐶[𝑦]

𝐴𝐶 𝑥 ∗ 𝐴𝐶 𝑥 + 𝐴𝐶 𝑦 ∗ 𝐴𝐶 𝑦 + 𝐴𝐶 𝑧 ∗ 𝐴𝐶[𝑧]
∗
180

𝑝𝑖

𝛼 = sin−1
𝐶𝐷[𝑦]

𝐶𝐷 𝑥 ∗ 𝐶𝐷 𝑥 + 𝐶𝐷 𝑦 ∗ 𝐶𝐷 𝑦 + 𝐶𝐷 𝑧 ∗ 𝐶𝐷[𝑧]
∗
180

𝑝𝑖

Kinect Sensor

RGB Camera

Depth Camera

RGB Data

Depth Data

Data Extraction Unit

Kinect for Windows SDK

x, y, z Position Data of Joints Spine Shoulder, 

Spine Mid, Spine Base and Knee

Data Recorder

• Records Position Data Every 0.5 seconds

A[x,y,z] = Spine Shoulder

B[x,y,z] = Spine Mid

C[x,y,z] = Spine Base

D[x,y,z] = Knee

Body Vector Angle Calculator Body Joint Velocity Calculator

• Calculates Vertical Velocities of Joints Spine Shoulder, 

Spine Mid and Spine Base considering y Position Change 

within Adjacent Instances in Time

• Vertical Velocity of Spine Shoulder (A), 

𝑃𝑜𝑠𝑖𝑡𝑖𝑜𝑛 𝑎𝑡 𝑡1 = 𝐴[𝑥1, 𝑦1, 𝑧1]
𝑃𝑜𝑠𝑖𝑡𝑖𝑜𝑛 𝑎𝑡 𝑡2 = 𝐴[𝑥2, 𝑦2, 𝑧2]

𝑡2 − 𝑡1 = 0.5 𝑠𝑒𝑐𝑜𝑛𝑑𝑠

𝑣𝑒𝑙𝑜𝑐𝑖𝑡𝑦𝑣𝑒𝑟𝑡 =
𝐴 𝑦2 − 𝐴[𝑦1]

0.5

• Vertical Velocity of Spine Mid (B),

𝑃𝑜𝑠𝑖𝑡𝑖𝑜𝑛 𝑎𝑡 𝑡1 = 𝐵[𝑥1, 𝑦1, 𝑧1]
𝑃𝑜𝑠𝑖𝑡𝑖𝑜𝑛 𝑎𝑡 𝑡2 = 𝐵[𝑥2, 𝑦2, 𝑧2]

𝑡2 − 𝑡1 = 0.5 𝑠𝑒𝑐𝑜𝑛𝑑𝑠

𝑣𝑒𝑙𝑜𝑐𝑖𝑡𝑦𝑣𝑒𝑟𝑡 =
𝐵 𝑦2 − 𝐵[𝑦1]

0.5

• Vertical Velocity of Spine Base (C),

𝑃𝑜𝑠𝑖𝑡𝑖𝑜𝑛 𝑎𝑡 𝑡1 = 𝐶[𝑥1, 𝑦1, 𝑧1]
𝑃𝑜𝑠𝑖𝑡𝑖𝑜𝑛 𝑎𝑡 𝑡2 = 𝐶[𝑥2, 𝑦2, 𝑧2]

𝑡2 − 𝑡1 = 0.5 𝑠𝑒𝑐𝑜𝑛𝑑𝑠

𝑣𝑒𝑙𝑜𝑐𝑖𝑡𝑦𝑣𝑒𝑟𝑡 =
𝐶 𝑦2 − 𝐶[𝑦1]

0.5

A

C

D

𝜽

𝜶

Fall Detection and Fall Type Identification

Algorithm 1

Body Vector Angles

Body Joint Velocities

Figure 3.2: Model of Detection System for Falls from Standing or Walking Posi-
tions
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The fall detection and fall type identification take place by considering the

orientation of two limbs; Spine and Femur, and velocities of three joints; Spine

Shoulder, Spine Mid and Spine Base. The calculation of body joint velocities

and body vector angles happen in the ‘Body Joint Velocity Calculator’ and the

‘Body Vector Angle Calculator’ respectively. The method of calculating them are

discussed in detail in the Section 3.3.

Based on the findings of these two units, the unit called ‘Fall Detection and

Fall Type Identification’ follows Algorithm 1, which is discussed in Section 3.4.

And hence, outputs whether a fall is detected and if detected, the type of that

fall is also recognized.

The system was developed with a Windows PC using Kinect for Windows SDK

and Visual Studio 2017. The programming was done with C++ language.

3.1 Microsoft Kinect Sensor

The Kinect sensor has been launched by Microsoft in 2010 as a motion-sensing

input device for the Xbox360 gaming console. It has become extensively popular

within the field of robotics because of the advanced capabilities it offers for the

human-robot interaction through high performance in 3D image capture, facial

recognition and voice recognition.

As shown in Figure 3.3, the Microsoft Kinect Sensor has 3 vital hardware

components working together to generate 3D images of objects and recognize

human beings within its field of vision; an RGB color VGA video camera, a

depth sensor, and a multi-array microphone.

The RGB camera detects the red, green, and blue color components and carries

out the body and facial recognition. It has a pixel resolution of 1280 x 960 and

a frame rate of 30 fps (frames per second).
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Figure 3.3: Microsoft Kinect Sensor

The depth sensor has a monochrome CMOS sensor and an infrared projector

that create 3D imagery throughout the surrounding environment. It also trans-

mits invisible near-infrared light and finds the distance to points of objects by

measuring its “time of flight” after getting reflected off the objects. The use of

an infrared generator helps in solving the problem of ambient light as it does not

register visible light. This has a 640 x 480-pixel resolution and run at 30 fps.

The Kinect microphone is an array of 4 microphones providing a wide-field,

conic audio capture. It is capable of isolating voices from other background noises.

The Kinect can distinguish objects’ depth within 1 centimeter and height and

width within 3 millimeters. For the sensor to work properly, it is recommended

to allow about 6 feet (1.8 meters) of space between the target and the sensor.

The normal depth vision of the Kinect ranges from around two and a half feet

(800mm) to just over 13 feet (4000mm). However, the recommended usage range

is 3 feet to 12 feet as the reliability of the depth values degrade at the edges of the

field of view. It has view angles of 57 degrees horizontal and 43 degrees vertical.

To work with its hardware, the Kinect developers have built an excellent soft-

ware as well. They have collected motion-capture data in real-life scenarios and

processed them using an artificial intelligence machine-learning algorithm so that

the sensor can map the visual data it collects to models representing people who

are different in attributes such as age, height, gender, body type, and clothing

etc.
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3.2 Kinect for Windows SDK (Software Development Kit)

The Kinect for Windows SDK is a set of libraries that allows programming

of applications on a variety of Microsoft development platforms using the Kinect

sensor as input. It runs only on Windows operating systems and installs several

reference applications as well as samples which are written in a combination of

C# and C++. These applications provide a starting point for working with the

SDK. They show how to use the Kinect SDK and present the best practices for

programming with the SDK.

The most distinguishing feature of Kinect is its ability to visually track human

skeletal and joint structures. The Kinect SDK processes the IR data received

from the infrared camera and produces depth images. In skeleton tracking, the

depth image data is processed to establish the positions of various skeleton joints

on a human form. Each joint has an identity such as head, shoulder, elbow, etc.

and a 3D vector determining its position. The 3D vector is provided by skeleton

tracking, where each skeleton joint point gets X, Y, and Z values indicating its

position.

The skeleton space is measured in meters with the zero X and Y positions at

the center of the depth sensor. The skeleton space uses a right-handed coordinate

system where the positive values of the X-axis extend to the right and the positive

Y-axis extends upward. The X-axis ranges from -2.2 to 2.2; the Y-axis ranges

from -1.6 to 1.6; and the Z-axis from 0 to 4.

Figure 3.4 depicts the skeleton space obtained from the Kinect SDK. The

Kinect for Windows SDK can capture up to 2 individuals simultaneously and

track 20 joints as shown in Figure 3.5.
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Figure 3.4: Skeleton Space from Kinect SDK [64]

Figure 3.5: Skeleton Joint Points from Kinect SDK [64]
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3.3 Calculation of Body Joint Velocities and Body Vector Orientations

The fall detection and fall type identification happen by calculating body joint

velocities and body vector angles. For this, the system first monitors and stores

x, y and z position data of four joints; the Spine Shoulder joint, Spine Mid joint,

Spine Base joint and the Knee joint as shown in the Figure 3.6.

As discussed in Section 3.2, from Kinect for Windows SDK we can obtain the

x, y and z positions of the joints. Thus, the developed system records the position

details of the selected joints every 0.5 seconds intervals.

When calculating the body joint velocities, the system considers the vertical

velocities of three joints; Spine Shoulder, Spine Mid and Spine Base. All these

three joints lie in the upper part of the body. These were chosen as they show

comparatively higher variations in velocities during a fall from a standing or

walking position. Although knee and ankle joints are also subjected to a much

higher movement during a fall, their velocities are not considered, as they move

fast in a number of daily activities as well.

Spine Base Joint

Knee Joint

Spine Shoulder Joint

Spine Mid joint

A

B

C

D

Figure 3.6: Body Joints used to calculate Body Joint Velocities
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The vertical velocities of the three considered joints are calculated using the

change in their y position within adjacent instances in time as shown in Equations

(3.1) to (3.3).

Vertical Velocity of Spine Shoulder(A);

Position at t1 = A[x1, y1, z1]

Position at t2 = A[x2, y2, z2]

t2 − t1 = 0.5 seconds

velocityvert =
A[y2]− A[y1]

0.5

(3.1)

Vertical Velocity of Spine Mid(B);

Position at t1 = B[x1, y1, z1]

Position at t2 = B[x2, y2, z2]

t2 − t1 = 0.5 seconds

velocityvert =
B[y2]−B[y1]

0.5

(3.2)

Vertical Velocity of Spine Base(C);

Position at t1 = C[x1, y1, z1]

Position at t2 = C[x2, y2, z2]

t2 − t1 = 0.5 seconds

velocityvert =
C[y2]− C[y1]

0.5

(3.3)

For the calculation of body vector orientations, the system considers two body

vectors; Spine vector and Femur vector, by monitoring and recording position

data of three body joints; Spine Shoulder, Spine Base and Knee.
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As humans often make random movements with their Tibia, the system does

not involve the vector Tibia.

Spine vector is obtained by connecting the joints Spine Shoulder and Spine

Base, and Femur vector is obtained by connecting joints Spine Base and Knee

Right as shown in the Figure 3.7.

The orientation of these vectors are found by considering the angles they make

with the horizontal. Thus the angle made by the Spine vector with the horizontal

is named as theta (θ) and the angle made by the Femur vector with the horizontal

is named as alpha (α). The Femur vector is found using the right limb of the

skeleton. Here, it must be noted that the vectors are used in order to ease the

calculation of considered angles.

Figure 3.8 shows the body triangle made by the three joints Spine Shoulder(A),

Spine Base(C) and Knee Right(D). Thus, the Spine Vector and the Femur Vector

are found by Equations (3.4) and (3.5) respectively.

Figure 3.7: Body Vectors used to calculate Body Vector Orientations
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A[x,y,z]

C[x,y,z]

D[x,y,z]

𝜽

𝜶

Spine 

Vector

Femur 

Vector

Figure 3.8: Body Triangle made by the Three Joints; Spine Shoulder(A), Spine
Base(C) and Knee Right(D)

Spine Vector(AC);

AC[x, y, z] = A[x, y, z]− C[x, y, z] (3.4)

Femur Vector(CD);

CD[x, y, z] = C[x, y, z]−D[x, y, z] (3.5)

Then, the angles theta (θ) and alpha (α) are found by the Equations (3.6) and

(3.6) respectively.

θ = sin−1

(
AC[y]√

AC[x] ∗ AC[x] + AC[y] ∗ AC[y] + AC[z] ∗ AC[z]

)
∗ 180

pi
(3.6)

α = sin−1

(
CD[y]√

CD[x] ∗ CD[x] + CD[y] ∗ CD[y] + CD[z] ∗ CD[z]

)
∗ 180

pi
(3.7)
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3.4 Fall Detection and Fall Type Identification System

The fall detection and fall type identification system makes use of body joint ve-

locities and body vector orientations which are calculated as discussed in Section

3.3. Falls are distinguished from activities of daily living (ADLs) by considering

the vertical velocities of the body joints, as falling always causes higher velocities

than ADLs.

The proposed fall detection and fall type identification system is developed

based on experimental data. The experiment was conducted in a simulated do-

mestic environment inside the laboratory with the participation of 27 volunteers,

who were asked to perform falls in different ways without specifically telling how

to fall.

The data obtained were analyzed and were categorized into 3 types of falls

namely; Prone Position, Crawl Position, and Kneel Position as depicted in the

Figure 3.9.

Figure 3.9: Types of Falls (a)Prone Position (b)Crawl Position (c)Kneel Position
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Prone Position is where the subject’s whole body is on the floor and he/she

lies on the chest with face down. Crawl Position is where the subject’s knees

are on the floor and he/she tries to avoid the body from hitting the ground by

applying hand cushioning. Kneel Position is where the subject is seated on the

floor with his/her torso approximately upright.

When observed closely, during a fall, there is a considerable change in velocity

and this is shown in Figure 3.10. These graphs are drawn considering a single

person falling in the above mentioned 3 types of falls.

Equations (3.8), (3.9) and (3.10) give the range of transition velocities during

the 3 types of falls; Type 1: Prone Position,Type 2: Crawl Position,Type 3: Kneel

Position. Upper limits of the vertical velocities of the 3 types of falls are denoted

by limhigh type1, limhigh type2 and limhigh type3 respectively. Similarly, lower limits

of the 3 types of falls are denoted by limlow type1, limlow type2 and limlow type3

respectively. The actual values of these limits are determined empirically by

simulating the falls multiple times.

limhigh type1 ≥ velocityvert ≥ limlow type1 (3.8)

limhigh type2 ≥ velocityvert ≥ limlow type2 (3.9)

limhigh type3 ≥ velocityvert ≥ limlow type3 (3.10)

To confirm a certain movement as a fall, the angles made by 2 selected body

vectors with the horizontal are also analyzed. For a single type of fall, a range

of values could be observed for these angles, depending on the individual under

consideration. The variation of these angles during the 3 types of falls are shown

in Figure 3.11.
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Equations (3.11) to (3.16) give the angle limits observed for each type of fall.

The upper limits of the angles made by spine and femur body vectors with the

horizontal for the 3 types of falls are denoted by θhigh type1, αhigh type1, θhigh type2,

αhigh type2, θhigh type3, and αhigh type3 respectively. Similarly, the lower limits of

the angles made by spine and femur body vectors with the horizontal for the 3

types of falls are denoted by θlow type1, αlow type1, θlow type2, αlow type2, θlow type3 and

αlow type3 respectively. The actual values for these variables were found empirically

by simulating falls.

θhigh type1 ≥ θtype1 ≥ θlow type1 (3.11)

αhigh type1 ≥ αtype1 ≥ αlow type1 (3.12)

θhigh type2 ≥ θtype2 ≥ θlow type2 (3.13)

αhigh type2 ≥ αtype2 ≥ αlow type2 (3.14)

θhigh type3 ≥ θtype3 ≥ θlow type3 (3.15)

αhigh type3 ≥ αtype3 ≥ αlow type3 (3.16)

The ‘Transition Period’ denoted in Figure 3.11, corresponds to the time dur-

ation in which the velocity changes during a fall. This period differs according

to the type of fall and this feature is used to identify a fall and distinguish it in

between the 3 types of falls.

To confirm a particular scenario as a fall, the system will analyze it over a

timeline. This is due to the fact that sometimes a person may bend down to pick

an object or scratch the leg. In such situations, the postures and velocities may

be similar to that of a fall, depending on the individual characteristics. However,

such occasions prevail only for a very short duration of time. Therefore, the

system observes a scenario that is suspected to be a fall, for a few more seconds

as soon as a ‘Transition Period’ is detected.
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t= 0 s       t= 1 s                          t=2 s                                t=3 s   ………….         t=t-1 s                          t=t s

Figure 3.12: Behavior of an Individual during a Fall. The transition from initial
posture to a fall (the transition period) is observed at t=0 s. This fall exists for
a period of t seconds before the person gets up back to a standing position.

If the conditions continue to exist for a period of ‘t’ seconds as shown in Figure

3.12, the considered scenario is confirmed to be a fall. The actual value of ‘t’ is

determined after analyzing a set of simulated falls and the time taken by an

individual to get up back to a standing position.

Algorithm 1 shows how a fall is detected and differentiated among the 3 types

of falls using the proposed approach. The logical flow diagram of Algorithm 1 is

given in Figure 3.13. Firstly, it is required to find the body joint velocities and

body vector angles. Then, it must be identified whether a transition period is

observed. If so, the system must wait for t seconds to confirm the occurrence of

a fall. After that, by comparing the body joint velocities and the body vector

angles, the fall type is identified.
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Algorithm 1 Identify Fall, Type of Fall

Require: Body Vector Angles, Body Joint Velocities
Ensure: Type of Fall

State: Transition period observed
if fall is present throughout t seconds then

Select the corresponding type of fall
if θhigh type1 ≥ θ ≥ θlow type1 AND αhigh type1 ≥ α ≥ αlow type1 AND
limhigh type1 ≥ velocityvert ≥ limlow type1 then

Type 1 fall
else

if θhigh type2 ≥ θ ≥ θlow type2 AND αhigh type2 ≥ α ≥ αlow type2 AND
limhigh type2 ≥ velocityvert ≥ limlow type2 then

Type 2 fall
else

if θhigh type3 ≥ θ ≥ θlow type3 AND αhigh type3 ≥ α ≥ αlow type3 AND
limhigh type3 ≥ velocityvert ≥ limlow type3 then

Type 3 fall
else

Other fall
end if

end if
end if

end if
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False

False

True

Type 3 Fall

Body Vector Angles

Body Joint Velocities

Transition Period Observed?

Fall Present Through ‘t’ Seconds? Non Fall

𝜃ℎ𝑖𝑔ℎ_𝑡𝑦𝑝𝑒1 ≥ 𝜃 ≥ 𝜃𝑙𝑜𝑤_𝑡𝑦𝑝𝑒1 𝐴𝑁𝐷

𝛼ℎ𝑖𝑔ℎ_𝑡𝑦𝑝𝑒1 ≥ 𝛼 ≥ 𝛼𝑙𝑜𝑤_𝑡𝑦𝑝𝑒1 𝐴𝑁𝐷

𝑙𝑖𝑚ℎ𝑖𝑔ℎ_𝑡𝑦𝑝𝑒1 ≥ 𝑣𝑒𝑙𝑜𝑐𝑖𝑡𝑦𝑣𝑒𝑟𝑡 ≥ 𝑙𝑖𝑚𝑙𝑜𝑤_𝑡𝑦𝑝𝑒1

Type 1 Fall

𝜃ℎ𝑖𝑔ℎ_𝑡𝑦𝑝𝑒2 ≥ 𝜃 ≥ 𝜃𝑙𝑜𝑤_𝑡𝑦𝑝𝑒2 𝐴𝑁𝐷

𝛼ℎ𝑖𝑔ℎ_𝑡𝑦𝑝𝑒2 ≥ 𝛼 ≥ 𝛼𝑙𝑜𝑤_𝑡𝑦𝑝𝑒2 𝐴𝑁𝐷

𝑙𝑖𝑚ℎ𝑖𝑔ℎ_𝑡𝑦𝑝𝑒2 ≥ 𝑣𝑒𝑙𝑜𝑐𝑖𝑡𝑦𝑣𝑒𝑟𝑡 ≥ 𝑙𝑖𝑚𝑙𝑜𝑤_𝑡𝑦𝑝𝑒2

Type 2 Fall

𝜃ℎ𝑖𝑔ℎ_𝑡𝑦𝑝𝑒3 ≥ 𝜃 ≥ 𝜃𝑙𝑜𝑤_𝑡𝑦𝑝𝑒3 𝐴𝑁𝐷

𝛼ℎ𝑖𝑔ℎ_𝑡𝑦𝑝𝑒3 ≥ 𝛼 ≥ 𝛼𝑙𝑜𝑤_𝑡𝑦𝑝𝑒3 𝐴𝑁𝐷

𝑙𝑖𝑚ℎ𝑖𝑔ℎ_𝑡𝑦𝑝𝑒3 ≥ 𝑣𝑒𝑙𝑜𝑐𝑖𝑡𝑦𝑣𝑒𝑟𝑡 ≥ 𝑙𝑖𝑚𝑙𝑜𝑤_𝑡𝑦𝑝𝑒3

True

True

True

True

False

False

Other Fall

False

Figure 3.13: Logical Flow Diagram of Algorithm 1
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3.5 System Testing and Results

The 3 types of falls were performed in a simulated domestic environment inside

the laboratory with the participation of 27 individuals in the age range of 25-58

(Mean-27.6, SD-11.4). Then each fall was categorized into the respective category

by the algorithm. The participants were unaware of the way of falling.

It must be noted that, the approach does not consider the dimensions of human

body as a parameter to determine falls. The reason behind this approach is that,

the body dimensions are unique to each individual and therefore establishing a

general criteria upon dimensional changes during fall is unreliable and extremely

difficult.

After several empirical studies upon various activities of daily living and in-

cidents of falling, the value of t was determined to be 4 seconds. The limits of

limlow type1, limlow type2 and limlow type3 in Equations (3.8), (3.9) and (3.10) were

found to be 80, 85, and 65 cm/s respectively. The actual values for limhigh type1,

limhigh type2 and limhigh type3 determined through the experiments were 100, 150

and 130 cm/s respectively. The Table 3.1 shows these upper and lower limits of

velocities.

Table 3.1: Lower and Upper Limits of Velocities in Equations (3.8) to (3.10)
Fall Type Lower Limit (cm/s) Upper Limit (cm/s)

Prone Position 80 100
Crawl Position 85 150
Kneel Position 65 130

The lower and upper limits of θ and α in Equations (3.11) to (3.16) were found

to be -5, 35, -40, 5, -5, 35, -40, -65, 70, 90, -25 and 0 degrees for the 3 types of falls.

The Tables 3.2 and 3.3 shows these lower and upper limits of theta and alpha

respectively. The transition period was recognized by the difference of body joint

velocities for a consecutive 2 seconds before the counting of t got started.
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Table 3.2: Lower and Upper Limits of Angle theta
Fall Type Lower Limit (degrees) Upper Limit (degrees)

Prone Position -5 35
Crawl Position -5 35
Kneel Position 70 90

Table 3.3: Lower and Upper Limits of Angle alpha
Fall Type Lower Limit (degrees) Upper Limit (degrees)

Prone Position -40 5
Crawl Position -40 -65
Kneel Position -25 0

Table 3.4 shows the confusion matrix for falls and non-falls for a sample 40

scenarios with the participation of 27 individuals. The table gives the overall

scenarios including falls and non-falls and, successful and unsuccessful attempts

made by the proposed approach.

Table 3.4: Results obtained for the Fall Detection Algorithm
Predicted scenarios

Total scenarios Falls Non-falls
Falls True Positives (TP) - 21 False Negatives (FN) - 1
Non-falls False Positives (FP) - 2 True Negatives (TN) -16

Out of the 22 falls recorded, 21 were identified and the recognition accuracy

of each type of fall is as follows.

• Type 1 fall (Prone position)- 10 out of 10 (100%)

• Type 2 fall (Crawl Position)- 4 out of 5 (80%)

• Type 3 fall (Kneel Position)- 6 out of 7 (86%)

There was another occasion where type 2 was identified as type 1 as a result

of self-occlusion caused during the fall. Recognition of crawl position was diffi-

cult due to this reason. Hence type 2 falls were recognized with a relatively low

accuracy. Due to the easily-visible body arrangement in prone position, type 1

falls were recognized with the highest accuracy. There was one occasion where
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type 3 fall was recognized a type 2 fall. In that occasion, the individual trans-

formed into kneel position from crawl during the fall and the system had already

recognized the fall as type 2 before the individual settled in kneel position. This

behavior could be observed among adults as they try to balance themselves to

reduce damage by fast movements before trying to stand on foot after the fall.

The accuracy of the fall detection system was calculated by considering the

percentage ration between the sum of TP and TN and the entire sample (Sum of

TP, FP, TN and FN). Hence, we received an accuracy of 92.5%.

Similarly, the sensitivity of the system was calculated by considering the per-

centage ratio between the recognized falls (TP) and the number of actual falls

(sum of TP and FN). Hence we received a sensitivity of 95.45%. The reason

for this is the inability of the system to perceive scenarios with multiple jerks

during a fall. For example if a person hits something, falls down while trying to

avoid that incorporates a series of movements. In such scenarios, recognizing a

transition period becomes difficult.

The specificity of the system was calculated by taking the percentage ratio

between the recognized non-falls (TN) and the number of all non-falls (sum of

FP and TN) and this was 88%. The reason for having 2 FPs was that the system

was incapable of recognizing movements in activities such as an exercise involving

sudden up and down movements.

From the observations we could observe that for fall detection to be even more

accurate, human activities have to be distinguished. Even though we receive a

satisfactory accuracy from the proposed approach, still we lack the capability of

identifying complex scenarios such as activities incorporating sudden movements.

In type 1 fall, the person lies on the stomach. This same body arrangement could

be observed when a person lies on his/her back. Even rare, such falls should also

be distinguished using the proposed approach.
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Chapter 4

SYSTEM FOR POSTURE IDENTIFICATION AND FALL

DETECTION OF WHEELCHAIR USERS

Figure 4.1 and Figure 4.2 respectively depict the overview and the model of

the system developed for posture identification and fall detection of wheelchair

users.

It involves a service robot called MIRob that continuously monitors the wheel-

chair user by being in his/her surrounding in a non-obtrusive manner. The robot

is equipped with a Microsoft Kinect Sensor that enables vision. The RGB and

depth data from the Kinect Sensor are extracted by the ‘Data Extraction Unit’

using LightBuzz Vitruvius Framework. The x,y and z position data of joints

Spine Shoulder, Shoulder Left, Shoulder Right and Spine Base along with the

Floor Plane are recorded by the ‘Data Recorder’ every 0.5 seconds for analysis.

RGB 

Camera
Depth 

Camera

Data Extraction 

Unit

Data Recorder

Posture Identification 

and Fall Detection

Torso Inclination 

Calculator

Waist Position and 

Velocity Calculator

Figure 4.1: System for Posture Identification and Fall Detection of Wheelchair
Users
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• Finds Vertical Axis through Waist

var verticalAxis = new CameraSpacePoint{X=waist.X,Y=0f,Z=waist.Z};

• Finds Torso Angles

∅𝑓𝑜𝑟𝑤𝑎𝑟𝑑; var angleForward = waist.Angle(mid,verticalAxis);

∅𝑙𝑒𝑓𝑡; var angleLeft = waist.Angle(left,verticalAxis);

∅𝑟𝑖𝑔ℎ𝑡; var angleRight = waist.Angle(right,verticalAxis);

Kinect Sensor

RGB Camera

Depth Camera

RGB Data

Depth Data

Data Extraction Unit

LightBuzz Vitruvius Framework

• x, y, z Position Data of Joints Spine Shoulder, 

Shoulder Left, Shoulder Right and Spine Base

• Floor Plane

Data Recorder

• Records Data Every 0.5 seconds

Mid;        var mid = body.Joints[JointType.SpineShoulder].Position;
Left;          var left = body.Joints[JointType.ShoulderLeft].Position;
Right;        var right = body.Joints[JointType.ShoulderRight].Position;
Waist;       var waist = body.Joints[JointType.SpineBase].Position;

Floor Plane;      var floor = frame.Floor();

Torso Inclination Calculator Waist Position and Velocity Calculator

• Finds Distance from Waist to Ground(D)

D;      double waistToFloor = floor.DistanceFrom(waist);

• Calculates Velocity of Waist considering Change in 

Distance from Waist to Ground within Adjacent Instances 

in Time

𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒 𝑎𝑡 𝑡1 = 𝐷1
𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒 𝑎𝑡 𝑡2 = 𝐷2
𝑡2 − 𝑡1 = 0.5 𝑠𝑒𝑐𝑜𝑛𝑑𝑠

𝑉 =
𝐷2 − 𝐷1
0.5

Algorithm 2

Distance from Waist to Ground

Velocity of Waist
Torso Angles

Algorithm 3

Posture Identification and Fall Detection

Figure 4.2: Model of System for Posture Identification and Fall Detection of
Wheelchair Users
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The posture identification occurs by calculating the torso inclination of the

wheelchair user in 3 directions inside the ‘Torso Inclination Calculator’. The

method of calculating the torso angles is described in Section 4.1.1. The fall

detection takes place by calculating and analyzing the waist position and the

velocity inside the ‘Waist Position and Velocity Calculator’. The process of this

calculator is explained in Section 4.2.1.

By analyzing the results from these two units, the ‘Posture Identification and

Fall Detection’ unit outputs whether the wheelchair user is seated in an abnormal

posture by following Algorithm 2 and whether the wheelchair user is encounter-

ing a fall from the wheelchair by following Algorithm 3. The Algorithm 2 and

Algorithm 3 are explained in Section 4.1.2 and Section 4.2.1 respectively.

The system was developed using a Windows PC with LightBuzz Vitruvius

Academic Version and Visual Studio 2017. The programming was done with C#

language.

4.1 Posture Identification of Wheelchair Users

The main objective of wheelchair user posture identification is to detect any

abnormal sitting postures that might result in wheelchair overturns. The system

has the ability to distinguish among 4 different sitting postures as depicted in the

Figure 4.3 namely; proper-sitting, lean-forward, lean-left, and lean-right.

The distinguishing is done by calculating and analyzing the angles made by

the torso of the wheelchair user with the vertical axis in 3 directions; forward,

left and right. As the system calculates these angles with respect to the vertical

axis, the results do not depend on the camera angle.
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(a) (b)

(c) (d)

Figure 4.3: Four Sitting Postures Identified by the System.(a)Proper-Sitting
(b)Lean-Forward (c)Lean-Left (d)Lean-Right

4.1.1 Calculation of Torso Inclination

Under Section 3.2, it was mentioned that the Kinect for Windows SDK can

track 20 human body joints simultaneously. A joint structure includes three

components; the position of the joint in 3D space, the name of the joint and the

tracking accuracy. The structure called CameraSpacePoint is used to express the

3D position of a joint in camera space.
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The Camera space refers to the 3D coordinate system used by the Kinect

sensor, where the origin (x=0, y=0, z=0) of the coordinate system is located at

the center of the IR sensor on the Kinect Camera, and each unit corresponds to

one meter. Here, the x grows to the left of the sensor, y grows upwards from the

sensor depending on its tilt, and z grows out in the direction in which the sensor

is facing [65].

The LightBuzz Vitruvius Framework contains special extension methods that

supports the measurement of angles using CameraSpacePoint [66]. The extension

method supplied by the LightBuzz Vitruvius Framework for angle calculation is

the Angle method. To utilize this extension method in measuring angles, the only

requirement is to know the position of three points; a starting point, a middle

point and an ending point.

For example, if the Vitruvius Framework is used to measure the angle made

by the elbow, then it requires only the position data of three points; the shoulder,

elbow and the wrist. Then the elbow angle can be easily calculated by using the

Statement (4.1).

double angle = elbow.Angle(shoulder, wrist); (4.1)

Here, the joint ShoulderLeft is taken as the starting point ‘shoulder’, the joint

ElbowLeft is taken as the middle point ‘elbow’ and the joint WristLeft is taken

as the ending point ‘wrist’. In this manner, any human body joint angle can be

easily measured by using the Vitruvius Framework.

In the proposed system, for the calculation of the torso inclination of the

wheelchair user, a similar approach as discussed above is used. The inclination of

the torso is considered in 3 directions by measuring the angles made by 3 joints;

Spine Shoulder, Shoulder Left and Shoulder Right, with the vertical axis that

goes through the Spine Base as shown in Figure 4.4(a).
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Right Left

Mid

Waist

Vertical 
Axis

∅

Waist

Chest

Vertical Axis

Torso 
Inclination

(a) (b)

Figure 4.4: (a)Joints considered in measuring the Torso Inclination in Three
Directions (b)How Torso Inclination is measured

Here, the joint Spine Base is taken as the point ‘Waist’, the joint Spine Shoulder

is taken as the point ‘Mid’, the joint Shoulder Left is taken as the point ‘Left’,

the joint Shoulder Right is taken as the point ‘Right’ and the vertical axis going

through the ‘Waist’ is taken as the axis ‘Vertical Axis’. In order to determine the

4 postures accurately, the proposed system considers the 3 directions; forward,

left and right by measuring the angles made by these joints.

The x,y and z position data of the four considered joints are recorded every

0.5 seconds using the Statements (4.2) to (4.5).

var mid = body.Joints[JointType.SpineShoulder].Position; (4.2)

var left = body.Joints[JointType.ShoulderLeft].Position; (4.3)

var right = body.Joints[JointType.ShoulderRight].Position; (4.4)

var waist = body.Joints[JointType.SpineBase].Position; (4.5)
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Further, Figure 4.4(b) depicts clearly how the angles are being measured with

respect to the Vertical Axis from the point ‘Waist’, where all 3 joints; Mid, Left

and Right, are referred together as the ‘Chest’.

The Statement (4.6) shows how the Vertical Axis through ‘Waist’ is obtained.

var verticalAxis = new CameraSpacePoint{X = waist.X, Y = 0f, Z = waist.Z};

(4.6)

The Statements (4.7) to (4.9) indicate how the torso angles are calculated.

var angleForward = waist.Angle(mid, verticalAxis); (4.7)

var angleLeft = waist.Angle(left, verticalAxis); (4.8)

var angleRight = waist.Angle(right, verticalAxis); (4.9)

The forward inclination of the torso is found using the ‘angleForward’, which

is the angle made by the point ‘mid’ with the ‘verticalAxis’. The left and right

inclinations are obtained by considering the ‘angleLeft’ and ‘angleRight’ which are

the angles made by the points ‘left’ and ‘right’ with the ‘verticalAxis’ respectively.

4.1.2 Determination of Postures

The 4 postures shown in Figure 4.3, are identified by comparing the torso angles

measured using the Statements (4.7) to (4.9) against their lower and upper limits

as given in Equations (4.10) to (4.12).

φhigh forward ≥ φforward ≥ φlow forward (4.10)

φhigh left ≥ φleft ≥ φlow left (4.11)

φhigh right ≥ φright ≥ φlow right (4.12)
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The angles ‘angleForward’, ‘angleLeft’ and ‘angleRight’ in Statements (4.7)

to (4.9) are represented by φforward, φleft and φright in the Equations (4.10) to

(4.12). The upper limits and lower limits of angles φforward, φleft and φright are

represented by φhigh forward, φhigh left, φhigh right and φlow forward, φlow left, φlow right

respectively.

Algorithm 2 shows how the proposed system differentiates among the 4 sitting

postures. The logical flow diagram of Algorithm 2 is given in Figure 4.5. After

the system finds the torso inclination by measuring the torso angles in the 3

directions, the postures are identified by comparing φforward, φleft and φright with

their respective lower and upper limits.

Here, the postures ‘Proper-Sitting’, ‘Lean-Forward’, ‘Lean-Left’ and ‘Lean-

Right’ are numbered as 1, 2, 3 and 4 respectively. Therefore, a posture is identi-

fied as ‘Proper-Sitting’ if, φforward is within φhigh 1,forward and φlow 1,forward, φleft

is within φhigh 1,left and φlow 1,left and φright is within φhigh 1,right and φlow 1,right.

Similarly, the other 3 postures could also be identified by considering the corres-

ponding ranges.
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Algorithm 2 Posture Identification

Require: Torso Angles
Ensure: Sitting Posture

if φhigh 1,forward ≥ φforward ≥ φlow 1,forward AND
φhigh 1,left ≥ φleft ≥ φlow 1,left AND φhigh 1,right ≥ φright ≥ φlow 1,right then

Proper-Sitting
else

if φhigh 2,forward ≥ φforward ≥ φlow 2,forward AND
φhigh 2,left ≥ φleft ≥ φlow 2,left AND φhigh 2,right ≥ φright ≥ φlow 2,right then

Lean-Forward
else

if φhigh 3,forward ≥ φforward ≥ φlow 3,forward AND
φhigh 3,left ≥ φleft ≥ φlow 3,left AND φhigh 3,right ≥ φright ≥ φlow 3,right then

Lean-Left
else

if φhigh 4,forward ≥ φforward ≥ φlow 4,forward AND
φhigh 4,left ≥ φleft ≥ φlow 4,left AND φhigh 4,right ≥ φright ≥ φlow 4,right

then
Lean-Right

else
Person out from Wheelchair

end if
end if

end if
end if
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Lean-Right

Torso Angles

𝜑ℎ𝑖𝑔ℎ_1,𝑓𝑜𝑟𝑤𝑎𝑟𝑑 ≥ 𝜑𝑓𝑜𝑟𝑤𝑎𝑟𝑑 ≥ 𝜑𝑙𝑜𝑤_1,𝑓𝑜𝑟𝑤𝑎𝑟𝑑 𝐴𝑁𝐷

𝜑ℎ𝑖𝑔ℎ_1,𝑙𝑒𝑓𝑡 ≥ 𝜑𝑙𝑒𝑓𝑡 ≥ 𝜑𝑙𝑜𝑤_1,𝑙𝑒𝑓𝑡 𝐴𝑁𝐷

𝜑ℎ𝑖𝑔ℎ_1,𝑟𝑖𝑔ℎ𝑡 ≥ 𝜑𝑟𝑖𝑔ℎ𝑡 ≥ 𝜑𝑙𝑜𝑤_1,𝑟𝑖𝑔ℎ𝑡

Proper Sitting

Lean-Forward

True

True

True

False

False

Person Out From Wheelchair

False

Lean-Left

True

False

𝜑ℎ𝑖𝑔ℎ_2,𝑓𝑜𝑟𝑤𝑎𝑟𝑑 ≥ 𝜑𝑓𝑜𝑟𝑤𝑎𝑟𝑑 ≥ 𝜑𝑙𝑜𝑤_2,𝑓𝑜𝑟𝑤𝑎𝑟𝑑 𝐴𝑁𝐷

𝜑ℎ𝑖𝑔ℎ_2,𝑙𝑒𝑓𝑡 ≥ 𝜑𝑙𝑒𝑓𝑡 ≥ 𝜑𝑙𝑜𝑤_2,𝑙𝑒𝑓𝑡 𝐴𝑁𝐷

𝜑ℎ𝑖𝑔ℎ_2,𝑟𝑖𝑔ℎ𝑡 ≥ 𝜑𝑟𝑖𝑔ℎ𝑡 ≥ 𝜑𝑙𝑜𝑤_2,𝑟𝑖𝑔ℎ𝑡

𝜑ℎ𝑖𝑔ℎ_3,𝑓𝑜𝑟𝑤𝑎𝑟𝑑 ≥ 𝜑𝑓𝑜𝑟𝑤𝑎𝑟𝑑 ≥ 𝜑𝑙𝑜𝑤_3,𝑓𝑜𝑟𝑤𝑎𝑟𝑑 𝐴𝑁𝐷

𝜑ℎ𝑖𝑔ℎ_3,𝑙𝑒𝑓𝑡 ≥ 𝜑𝑙𝑒𝑓𝑡 ≥ 𝜑𝑙𝑜𝑤_3,𝑙𝑒𝑓𝑡 𝐴𝑁𝐷

𝜑ℎ𝑖𝑔ℎ_3,𝑟𝑖𝑔ℎ𝑡 ≥ 𝜑𝑟𝑖𝑔ℎ𝑡 ≥ 𝜑𝑙𝑜𝑤_3,𝑟𝑖𝑔ℎ𝑡

𝜑ℎ𝑖𝑔ℎ_4,𝑓𝑜𝑟𝑤𝑎𝑟𝑑 ≥ 𝜑𝑓𝑜𝑟𝑤𝑎𝑟𝑑 ≥ 𝜑𝑙𝑜𝑤_4,𝑓𝑜𝑟𝑤𝑎𝑟𝑑 𝐴𝑁𝐷

𝜑ℎ𝑖𝑔ℎ_4,𝑙𝑒𝑓𝑡 ≥ 𝜑𝑙𝑒𝑓𝑡 ≥ 𝜑𝑙𝑜𝑤_4,𝑙𝑒𝑓𝑡 𝐴𝑁𝐷

𝜑ℎ𝑖𝑔ℎ_4,𝑟𝑖𝑔ℎ𝑡 ≥ 𝜑𝑟𝑖𝑔ℎ𝑡 ≥ 𝜑𝑙𝑜𝑤_4,𝑟𝑖𝑔ℎ𝑡

Figure 4.5: Logical Flow Diagram of Algorithm 2
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4.1.3 System Testing and Results

The system parameters (upper and lower limits of torso angles) were found by

performing the 4 sitting postures on a manual wheelchair with the participation

of 29 individuals aged 23 to 65 (Mean-38.9, SD-13.7) in a simulated domestic

environment inside the laboratory.

Thus, the values of φhigh forward, φhigh left, φhigh right and φlow forward, φlow left,

φlow rightin Equations (4.10) to (4.12) could be found separately for the 4 postures.

It must be noted here that, the system performance does not depend upon the

camera angle, because the measuring of the torso angles is done with respect to

the world coordinates (vertical axis through the waist).

Table 4.1 to Table 4.4 show the lower and upper limits of torso angles for the

4 postures as obtained from the experimental observations.

Table 4.1: Lower and Upper Limits of Torso Angles for Posture Proper Sitting
Torso Angle Lower Limit (degrees) Upper Limit (degrees)
φ1,forward 335 342
φ1,left 31 37
φ1,right 30 38

Table 4.2: Lower and Upper Limits of Torso Angles for Posture Lean Forward
Torso Angle Lower Limit (degrees) Upper Limit (degrees)
φ2,forward 349 360
φ2,left 24 28
φ2,right 21 26

Table 4.3: Lower and Upper Limits of Torso Angles for Posture Lean Left
Torso Angle Lower Limit (degrees) Upper Limit (degrees)
φ3,forward 33 38
φ3,left 339 346
φ3,right 55 59
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Table 4.4: Lower and Upper Limits of Torso Angles for Posture Lean Right
Torso Angle Lower Limit (degrees) Upper Limit (degrees)
φ4,forward 329 333
φ4,left 45 50
φ4,right 343 348

Then, the system algorithm (Algorithm 2) was tested upon 116 scenarios and

the accuracy of identifying each posture was as follows.

• Proper-Sitting - 24 out of 29 (82.8%)

• Lean-Forward - 25 out of 29 (86.2%)

• Lean-Left - 27 out of 29 (93.1%)

• Lean-Right - 26 out of 29 (89.7%)

The system determined 5 of the ‘Proper-Sitting’ as other postures (4 as Lean-

Forward, 1 as Lean-Right), and therefore it has the lowest accuracy of 82.8%. The

posture ‘Lean-Forward’ was correctly identified in 25 occurrences and thus has

an accuracy of 86.2%. Here, 3 of the ‘Lean-Forward’ were identified as ‘Proper-

Sitting’ as, the participants bent forward only slightly. In an another instance

of performing ‘Lean-Forward’, the participant tilted to the right and thus, it was

identified as a ‘Lean-Right’. The system has an accuracy of 93.1% in identifying

the posture ‘Lean-Left’ as it wrongly determined 2 of the ‘Lean-Left’ scenarios

as ‘Proper-Sitting’. The posture ‘Lean-Right’ was identified with an accuracy

of 89.7% as 2 of the ‘Lean-Right’ were resulted as ‘Proper-Sitting’ and 1 as a

‘Lean-Forward’.

From the observations made, it could be found that the overall system is having

an acceptable accuracy in identifying each posture. However, the posture ‘Proper-

Sitting’ is having the lowest accuracy and the reason for this is that not every

individual is having their torso exactly upright when sitting freely and thereby

the angles sometimes deviate from the considered limits.
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4.2 Fall Detection of Wheelchair Users

The main objective of the proposed fall detection system for wheelchair users

is to detect falls quickly so that a responsible party could be informed in time to

minimize any possible negative consequences.

As sitting on a wheelchair always tend to have the waist almost stationary

and at the same level from the ground, the distance from waist to the ground

can be assumed to be kept constant unless the person rises or falls. As the

person considered here is having a mobility impairment and the lower limbs lack

adequate strength, regardless of the way in which the person falls, the waist will

ultimately rest on the ground as in Figure 4.6.

Thus, a fall can be easily identified by measuring and analyzing the distance

from waist (joint spineBase) to ground (floorPlane) as shown in the Figure 4.7.

In the proposed system, an incident is considered to be a fall, if the distance

from the waist to the ground gets lower than the usual value, within a short time.

Here, both the distance from waist to ground as well as the velocity of waist are

considered, in order to discriminate a fall from a normal activity.

Figure 4.6: When a Person with Mobility Impairment falls from a Wheelchair,
the Waist will ultimately rest on the Ground
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Waist

D – distance 
from waist 
to ground

Ground

Figure 4.7: How Distance from Waist to Ground is measured

In situations such as, the person sitting on the ground for some special task

like meditation, where the velocity is significantly lower than during a fall, the

person may be supported by another person, and securely made to sit on the

ground slowly, without causing any harm to his/her body, unlike in a fall.

4.2.1 Calculation of Waist Position and Velocity

In order to measure the distance from the waist to the ground, it is required

to know the position of the waist and identify the floor plane. The LightBuzz

Vitruvius Framework provides special functions to accurately recognize the floor

plane in 3D space as well as to measure the distance between a point in 3D space

and the floor plane [66].

The position of the waist is obtained by finding the position of the joint Spine

Base using the Statement (4.13).

var waist = body.Joints[JointType.SpineBase].Position; (4.13)

54



Some floor plane detection functionality is already built into the Kinect SDK

and with Vitruvius Framework the floor plane can be easily detected by using

the Statement (4.14).

var floor = frame.F loor(); (4.14)

To measure the distance between a point in 3D space and the floor plane,

the Vitruvius Framework offers the DistanceFrom method which can be used as

shown in the Statement (4.15), where the 3D position of the considered point is

passed as the argument to the function.

double distance = floor.DistanceFrom(point); (4.15)

In the DistanceFrom method, Vitruvius uses the Point-Plane Distance Formula

given in Equation (4.16). Here, D (the distance from the point to the plane) is

obtained by projecting w (a vector from the plane to the point) onto v (the normal

vector to the plane) as depicted in Figure 4.8.

D =
ax0 + by0 + cz0 + d√

a2 + b2 + c2
(4.16)

Figure 4.8: Depiction of Point-Plane Distance Formula [67]
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Thereby in the proposed system, the distance from waist to the ground is

found using the Statement (4.17).

double waistToF loor = floor.DistanceFrom(waist); (4.17)

The velocity of waist (V ) is calculated by considering the change in distance

from waist to ground (D) during every 0.5 seconds by using the Equation (4.18).

Distance at t1 = D1

Distance at t2 = D2

t2 − t1 = 0.5 seconds

V =
D2 −D1

0.5

(4.18)

When a person is sitting on a wheelchair, the distance from waist to ground

D is approximately constant. But this D is different from one person to another

depending on the body structure of the individual. Therefore, as usual values of

D, a range is considered. Thereby, if D is in between Dlow usual and Dhigh usual,

the person is considered to be “Sitting on Wheelchair”.

During a fall, D reduces and reaches a minimum Dmin while the velocity of

waist V increases and reaches a maximum Vmax. These Dmin and Vmax values get

varied from one scenario of falling to another. Therefore, the system considers a

range for them as shown in Equations (4.19) and (4.20).

Dhigh min ≥ Dmin ≥ Dlow min (4.19)

Vhigh max ≥ Vmax ≥ Vlow max (4.20)

Thereby, the proposed system identifies an incident as a “Fallen from Wheel-

chair to Ground” if, D is lower than or equal to Dhigh min and V is greater than

or equal to Vlow max.
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If a particular incident is neither identified as a “Sitting on Wheelchair” nor

as a “Fallen from Wheelchair to Ground”, such an incident is considered as a

“Out from Wheelchair for an ADL” as presented in Algorithm 3. The logical

flow diagram of Algorithm 3 is given in Figure 4.9.

Algorithm 3 Identification of Fall from a Wheelchair

Require: Distance from Waist to Ground, Velocity of Waist
Ensure: Fall from a Wheelchair

if Dhigh usual ≥ D ≥ Dlow usual then
Sitting on Wheelchair

else
if Dhigh min ≥ D AND V ≥ Vlow max then

Fallen from Wheelchair to Ground
else

Out from Wheelchair for an ADL
end if

end if

Distance from Waist to Ground

Velocity of Waist

𝐷ℎ𝑖𝑔ℎ_𝑢𝑠𝑢𝑎𝑙 ≥ 𝐷 ≥ 𝐷𝑙𝑜𝑤_𝑢𝑠𝑢𝑎𝑙

Out from Wheelchair for an ADL

𝐷ℎ𝑖𝑔ℎ_𝑚𝑖𝑛 ≥ 𝐷 𝐴𝑁𝐷

𝑉 ≥ 𝑉𝑙𝑜𝑤_𝑚𝑎𝑥

Fallen from 

Wheelchair to Ground

Sitting on Wheelchair
True

True

False

False

Figure 4.9: Logical Flow Diagram of Algorithm 3

57



4.2.2 System Testing and Results

Falling from a wheelchair was performed using a manual wheelchair in a sim-

ulated domestic environment inside the laboratory with the participation of 23

individuals in the age range of 22-49 (Mean-32.9,SD-9.3). The participants were

informed that the person concerned in the proposed system is supposed to have

a mobility impairment and thus lacks strength in the lower limbs. However, they

were not aware of the way in which the system identifies a fall from a wheelchair.

While the individuals were freely seated on the wheelchair, their waist positions

were monitored and thereby their usual D values were found. By analyzing all

the D values thus obtained, the actual values of Dhigh usual and Dlow usual were

found as 0.52 m and 0.46 m respectively.

When the participants performed different activities including falls from wheel-

chair and other activities of daily living that requires getting off from wheelchair,

the respective Dmin and Vmax values were calculated and recorded. After per-

forming several such empirical studies, the higher and lower limits of Dmin in

Equation (4.19) were obtained as 0.13 m and 0.08 m respectively. The mag-

nitudes of Vhigh max and Vlow max in Equation (4.20) were found as 1.28 m/s and

0.96 m/s respectively. Thus, the system identifies an incident as a fall if, D gets

lower than Dhigh min (0.13 m) and V gets higher than Vlow max (0.96 m/s).

Figure 4.10 and Figure 4.11 depict how D and V changed during a fall per-

formed by one of the participants. Here, the value of Dmin was 0.08 m and the

magnitude of Vmax was 1.18 m/s. Therefore, the system was able to successfully

identify it as an incident of fall.

Similarly, to test the performance of proposed system in distinguishing falls

from activities of daily living that require getting off from wheelchair, an exper-

iment was carried out. The confusion matrix for falls and non-falls for a sample

of 33 scenarios with the participation of 23 individuals is given in Table 4.5.
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Figure 4.10: Change of Distance from Waist to Ground with Time during a Fall
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Figure 4.11: Change of Velocity of the Waist with Time during a Fall
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Table 4.5: Results obtained for Algorithm of Fall Detection from a Wheelchair
Predicted scenarios

Total scenarios Falls Non-falls
Falls True Positives (TP) - 19 False Negatives (FN) - 2
Non-falls False Positives (FP) - 0 True Negatives (TN) -12

The total sample consisted of 21 falls and 12 non-falls. The system was able to

successfully identify 19 out of the 21 falls and thus, has a sensitivity of 90.5%. The

reason for identifying 2 of the falls as non-falls was that, in those 2 scenarios the

distance from waist to ground was not lower than Dhigh min. This was because,

the individuals did not completely rest on the ground when performing the fall.

The system has a specificity of 100% as it was able to identify all the 12 non-

falls correctly. Therefore, according to the experimental results, the proposed fall

detection system for wheelchairs has an acceptable accuracy of 93.9%.
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Chapter 5

EMERGENCY NOTIFICATION SYSTEM

Figure 5.1 shows the system developed for the automatic notification of emer-

gencies. Once the system receives a message indicating occurrence of an emer-

gency, it enters the ‘GPS Location Tracker’ unit where it is checked whether any

contact persons are available within 5 kilometer radius from the person under

concern. If so, those people are contacted simultaneously and if there are no

such people, or if they do not respond, then the system enters the ‘Reinforcement

Learning Algorithm’ unit where a list of contact persons is contacted success-

ively in an order of descending Q-Value. The Q-Values are calculated based

on two parameters; ‘Probability of Answering a Call’ (PA) and ‘Level of being

Busy’ (LB) of persons on the contact list. Once a successful contact is made,

the emergency notification happens by an Android Application. This system was

developed using Android Operating System with Android Studio 3.0 and Java

8. The Q-Model was trained using Pycharm in Python and the trained Q-Model

was sent to the Android application over Firebase Real-time Database.

Emergency 
Detection

GPS Location 
Tracker

Reinforcement 
Learning 

Algorithm

Emergency 
Notification

Android App

Figure 5.1: Reinforcement Learning based Notification System
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5.1 Android Operating System

Mobile apps have become extremely popular over the last few years and offer

a great opportunity for the developers as well as the users. As Android offers

a unified approach to the application development of mobile devices, it has be-

come one of the most popular mobile systems utilized in the present world with

almost 2 billion devices activated. Android is a mobile operating system based

on a modified version of Linux, originally developed by a start-up of the same

name, Android. In 2005, Google purchased Android and started to take over its

development work.

Google developed codes for low-level operations and built the required middle-

ware to power and use electronic devices, and gave Android free of charge to the

community who wanted to write codes and build operating systems with it. They

even included an application framework, so that third-party applications could

also be built and installed.

In 2014, Google introduced Android Studio as the official IDE (Integrated De-

velopment Environment) for Android app development and eventually it became

the standard. A single downloading of Android Studio includes everything that is

needed to begin the development of an Android application. The download pack-

age has the Software Development Kit (SDK), which includes all the Android

libraries that may be required in developing a mobile application, and the infra-

structure to download many Android emulator instances, so that the developers

can initially run their applications without the need of real devices.

The best recommended and most convenient way of developing Android ap-

plications is by using the Java programming language. Therefore, in developing

the proposed system, the standard and official way of developing Android ap-

plications that is by using Java with Android SDK and Android Studio IDE was

adopted.
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5.2 Reinforcement Learning for the Notification System

With the ever-advancing technology, the use of Artificial Intelligence (AI) for

tasks such as identifying patterns, learning from experience, and finding novel

solutions to challenges etc. is continuously growing. AI simply refers to the

simulation of human intelligence in machines which are programmed to think

similar to humans and mimic their actions.

Machine learning (ML) is an application of AI that enables systems to automat-

ically learn and improve from experience without being explicitly programmed.

There exists 3 types of ML as Supervised Learning, Unsupervised Learning and

Reinforcement Learning.

Though both Supervised and Reinforcement learning use mapping between

input and output, RL uses rewards and punishments as signals for positive and

negative behavior of the agent where as Supervised learning provide the agent

with correct set of actions for performing a task.

As compared to Unsupervised learning, Reinforcement learning is different in

terms of goals. While the goal in Unsupervised learning is to find similarities

and differences between data points, that of Reinforcement learning is to find a

suitable action model to maximize the total cumulative reward of the agent.

After comparing the functionalities and the goals of the 3 types of ML, Rein-

forcement Learning (RL) was chosen as the most suitable for the development of

the proposed Notification System, as the scenario of a person answering a phone

call is mostly random and the possible situations are unlimited. In addition, it

is practically impossible to train an agent for all those situations. But, as RL

enables the agent to learn in an interactive environment by trial and error using

feedback from its own actions and experiences, it is possible to achieve better

results by training the agent for a limited number of situations.
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Figure 5.2: Typical Reinforcement Learning Cycle

The typical RL cycle is depicted in Figure 5.2. At time t, the RL Agent

observes state St from the environment and receives a reward Rt. The agent then

takes an action At. In response to action At, the environment provides the next

state St+1 and reward Rt+1, and the process continues.

The system was developed using Q-Learning which is an off-policy, model-free

RL algorithm based on the well-known Bellman Equation. The Markov Decision

Process (MDP) for the Q-Model of the proposed system is as follows.

• Agent: Android Mobile App

• Environment: List of Emergency Contacts

• Action: Making Successive Calls

• State: The Contact Person’s Status of being ‘Free’ or ‘Busy’ at a given

instance in time

• Reward: For a successful action, a positive reward proportional to the con-

tact’s probability of answering is awarded. For an unsuccessful action, a

negative reward is imposed as a failure penalty
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5.3 Training of Reinforcement Learning Agent

Building and training of the Q-Model was done using Python in PyCharm

platform. It is important to note that the Q-Model was built on arbitrary data

of 10 emergency contact persons.

Firstly, each person was assigned with a probability of answering a call, which

was a random value in-between 10% to 80%. This was referred to as ‘Probability

of Answering’ (PA), an initial detail of every contact person. This indicates that

if a particular contact person receives 100 phone calls, he/she will answer PA

number of calls and will not answer (100-PA) number of calls.

At each episode, every contact person was assigned with another detail called

‘Level of being Busy’ (LB), by assuming 3 persons to be less busy (may include

people staying home), 4 persons to be moderately busy and the rest to be highly

busy (may include people engaged in an occupation). This was achieved by giving

a random value from 0% to 25% for less busy, 25% to 50% for moderately busy

and 50% to 100% for highly busy.

Thus, every contact person got 2 details namely ‘Probability of Answering’

(PA), and ‘Level of being Busy’ (LB).

For a given instance in time, each contact person got a Contact Status of being

‘Free’ or ‘Busy’ which was chosen depending on the respective PA and LB. For

an example say, a particular person had a very high PA and a very low LB. Then

that person is highly probable to get assigned with the Status of being ‘Free’

and thereby, it would be significantly effective to contact that person first and

therefore would have the highest q-value.

The Q-Model was trained for 100 episodes, meaning 100 random combinations

of ‘Free’ or ‘Busy’ Contact Status corresponding to 100 different instances in time.

At each episode, 50 iterations were made, where each iteration corresponded to
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a State in the Q-Model. If the nth State has ‘x’ number of contacts then the

(n + 1)th State has only ‘x-1’ contacts. That is, once a particular contact is

attempted, that contact is not called again until all the remaining contacts are

tried. After calling all the contacts, the Next State gets all 10 contacts again.

So that each person can be attempted for a maximum of 5 times within the 50

iterations. After each iteration, the probabilities of answering and the Q-values

of the Q-Table were updated.

Equations 5.1 and 5.2 were used to update probabilities of answering after each

successful and unsuccessful attempt respectively. The Q-Values of the Q-Table

were updated according to the Equation 5.3.

new probability = (((current probability ∗ 100) + 1)/101) ∗ 100 (5.1)

new probability = ((current probability ∗ 100)/101) ∗ 100 (5.2)

new q value = ((1− learning rate) ∗ current q value+

learning rate ∗ (reward+ discount factor ∗maximum future q value))

(5.3)

If the RL Agent chooses a contact with Status ‘Free’ in a particular iteration,

then that episode is escaped and the training of next episode is started so that a

new set of ‘Free’ and ‘Busy’ status gets trained. If the RL Agent chooses a con-

tact with Status ‘Busy’, then the iteration loop continues. Each time where the

Agent selects a person with Status ‘Free’, is considered as a successful attempt,

and a positive reward proportional to the particular PA of the contact person is

awarded. Each time that the Agent selects a contact person with Status ‘Busy’,

is considered as an unsuccessful attempt, and a negative reward is imposed as a

failure penalty. After performing all 100 episodes the contact persons’ probabilit-

ies of answering and the Q-table are uploaded to the Firebase Real-time Database

to be accessed by the Android Application.
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Algorithm 4 gives the algorithm used for training the Q-Model. The logical

flow diagram of Algorithm 4 is given in Figure 5.3.

Algorithm 4 Training of Q Model

Initialize: episode = 1, epsilon = 1
Require: PA of contacts, epsilon decay constant
for episode in range 100 do

Initialize: iteration = 1
Require: LB of contacts
Assign: Contact Status ‘Free’ or ‘Busy’ depending on PA and LB
for iteration in range 50 do

Require: random [0:1]
if random ≥ epsilon then

Choose the contact with maximum future q value
else

Choose a random contact
end if
epsilon = epsilon - epsilon decay constant
if Contact Status == ‘Free’ then

Award positive reward
Update PA of contacts and q values of q table
Go to next episode

else
Award negative reward
Update PA of contacts and q values of q table
Go to next iteration

end if
end for
Go to next episode

end for
Upload PA of contacts and q values of q table to Firebase Real-time Database
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episode=1

epsilon=1

𝑐𝑜𝑛𝑡𝑎𝑐𝑡 𝑠𝑡𝑎𝑡𝑢𝑠 == "𝐹𝑟𝑒𝑒"

PA of Contacts

epsilon decay constant

𝑒𝑝𝑖𝑠𝑜𝑑𝑒 ≤ 100
Upload PA of contacts and q values of q 

table to the Firebase Real-time Database

iteration=1

LB of Contacts

Assign Contact Status “Free” or “Busy” 

depending on PA and LB

𝑖𝑡𝑒𝑟𝑎𝑡𝑖𝑜𝑛 ≤ 50 episode+=1

random[0:1]

𝑟𝑎𝑛𝑑𝑜𝑚 ≥ 𝑒𝑝𝑠𝑖𝑙𝑜𝑛 Choose a Random Contact

Choose the Contact with Maximum future q 

value

epsilon = epsilon-epsilon decay constant

Award positive reward

Update PA of contacts and q values of q table

episode+=1

Award negative reward

Update PA of contacts and q values of q table

iteration+=1

True

False

False

True

False

True

False

True

Figure 5.3: Logical Flow Diagram of Algorithm 4
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It must noted that, at the beginning of training, epsilon-greedy policy was

adopted, where exploration was encouraged. So that at the beginning, random

actions were also taken without choosing only the action with max.future q value.

With time exploitation dominated. This was achieved by having a decaying

epsilon, which decayed by midway of the episodes. This was done by using an

‘epsilon decay constant’ which was calculated as shown in the Equation 5.4.

epsilon decay constant = epsilon/(end epsilon decay − start epsilon decay)

(5.4)

In Equation 5.4, the variable ‘epsilon’ carried the initial value of epsilon. The

variables ‘end epsilon decay’ and ‘start epsilon decay’ corresponded to the epis-

ode numbers for starting and ending the decaying of epsilon, which were episode

1 and episode 50 respectively in this application.

5.4 Android Application for Emergency Notification

The Android Application provides both manual as well as automatic emer-

gency notification capabilities. The interface of the developed application has

a large icon with the label ‘EMERGENCY’ as shown in Figure 5.4. By simply

touching this icon, the elder can trigger the calling function. The same calling

function can be automatically triggered if a fall gets detected by the MIRob in

either way described in Chapter 3 or Chapter 4.

Once a notification needs to be done, firstly the system will look whether

there is a contact person within 5 kilometer radius from the elder. This is done

by comparing GPS location data of the elder and the contact persons. For that,

the latitude and longitude values of the location of the elder and the contact

persons are updated in a Firebase Real-time Database every 5 seconds as shown

in the Figure 5.5.
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Figure 5.4: Android Application for Emergency Notification

Figure 5.5: Firebase Real-time Database with GPS Location Data

If the system finds a contact person within 5 kilometer radius from the elder

as the Contact Person A in Figure 5.6, then that person will be contacted first. If

that person fails to respond or if there is no such person within 5 kilometer radius,

then the system will enter the Reinforcement Learning based calling algorithm,

which makes successive calls to a list of emergency contacts in an order made

based on Q-Learning.
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Elder

Contact Person A

Contact Person B

Figure 5.6: Contact Person within 5km Radius from the Elder are called first

The RL based calling algorithm initially uses the probabilities of answering and

the q values of the contact persons that were uploaded to the Firebase Real-time

Database as described in Section 5.3. By taking those details into consideration

the system comes up with an order of calling, where the person with the maximum

q-value out of a list of emergency contacts is tried first.

For example, consider the situation shown in Figure 5.7. Here, the Contact

Person 5 is having the highest q-value, thus the system calls that person first.

(a) (b)

Figure 5.7: Android Application calling Contact Person with Maximum Q Value
(a) Q Values of Contact Persons (b) Android Application
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If a call gets unsuccessful (rejected, or ended), the contact person with the next

maximum q-value is called. It must be noted that, each person will be ringed for

a maximum of 10 seconds, and if no response is received, the system will move

on to the next person on the list. After each attempt, the probabilities and the

q-values are updated on the Firebase Real-time Database. The system will keep

on calling the contact persons successively according to the descending order of

q-value, until a successful contact is made and the delivery of the emergency

notification to a responsible party is accomplished.

5.5 Reinforcement Learning based Calling Algorithm Testing

The proposed Reinforcement Learning (RL) based Calling Algorithm was tested

in a simulated environment for different random combinations of probability of

answering (PA) to ensure that the system is versatile enough to adapt to various

situations.

For each combination of PA, the contact order suggested by the RL Agent was

compared with the contact orders presented by 3 middle-aged human volunteers

by applying them to 100 unique instances in time. Each instance in time had a

random combination of ‘Free’ or ‘Busy’ Status based on the respective probability

of answering and the level of being busy.

The results obtained for two such combinations of PA are graphically shown

in Figure 5.8. The red color graphs correspond to the behavior of the RL Agent

and the graphs of the colors yellow, blue and green correspond to the behavior of

the 3 human volunteers. As observed in Figure 5.8 (a) for case 1, the RL agent

was able to perform considerably better and quicker than the human candidates

with a maximum of 3 attempts. In case 2 also, as noticeable in Figure 5.8 (b),

the RL agent seemed to perform quite effectively with 88% of the instances being

successful from the first attempt itself.
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(a)

(b)

Figure 5.8: Comparison of Results obtained by the Proposed Calling System for
Two Unique Cases

Accordingly, it was observable that the RL Agent is able to perform quite

similar to a human in most cases and even better in some cases. In situations

where multiple contact persons had considerably alike conditions (PA and LB),

the RL Agent seemed to perform more easily and quickly than the humans,

because humans find those situations hugely confusing.
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Chapter 6

CONCLUSIONS

This research proposes a smart home system for the elderly and the disabled

with the intention of improving the quality of life by providing ample support in

their daily activities while ensuring a safe environment for independent living.

Most often, the elderly and the disabled face troubles when carrying out their

daily tasks independently. The mere thought of the inability to perform those

activities on their own, makes them frustrated. The insufficiency in support ser-

vices makes the elderly and the disabled excessively dependent upon their families,

which restrains them from being economically active and socially included [68].

In spite of all the emotional stress they have got to undergo, the smart home can

help give them exceptional strength and hope for better living conditions [69].

The Smart home technology can highly facilitate aging-in-place or growing

old at home, by providing the elderly with emergency assistance, fall preven-

tion/detection, reminder systems, medication administration and many more [70].

It is a promising and cost-effective way of improving home care for the elderly and

the disabled in a non-obtrusive way, allowing greater independence, maintaining

good health and preventing social isolation [71].
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6.1 Evaluation of the System

The overall proposed smart home system is shown in Figure 6.1 and the func-

tional overview of the overall system is given in Figure 6.2.

It basically consists of three subsystems, which are integrated over an IoT

Cloud developed using Google Firebase Real-time Database. The subsystem

called ‘Fall Detection and Fall Type Identification System for Walking or Stand-

ing Positions’ is discussed under Chapter 3. Chapter 4 explains the subsystem

‘Posture Identification and Fall Detection System for Wheelchair Users’. The

subsystem ‘Reinforcement Learning based Emergency Notification System’ is de-

scribed in Chapter 5.

The three subsystems work together to provide the elderly and the disabled

with two main services; Fall Detection and Emergency Notification, and promise

to offer great support and safety in leading their daily lives.

Fall Detection and 
Fall Type 

Identification System  
for Walking or 

Standing Positions

Posture 
Identification and 

Fall Detection 
System for 

Wheelchair Users

Reinforcement 
Learning based 

Emergency 
Notification System

Figure 6.1: Overall Proposed Smart Home System
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The Fall Detection takes place in two different ways as described below and

both of them are capable of automatically triggering the Emergency Notification

System.

• Fall Detection from standing or walking position by the MIRob

• Posture Identification and Fall Detection of Wheelchair Users by the MIRob

Fall detection from both standing and seated positions as well as sitting pos-

tures are detected by the system automatically with the help of a service robot

called MIRob, which obtains visual input through a Microsoft Kinect Sensor.

If the user detects any other emergency that the system cannot identify auto-

matically, then the system provides the user with the facility of signaling the IoT

cloud manually by providing an ‘Emergency’ button in an Android app.

Once the IoT cloud receives an emergency signal either automatically or manu-

ally, the emergency notification system starts to operate. Thus, a responsible

person will get informed regarding the emergency in time, so that the elder or

the disabled person will get support quickly enough to minimize any possible

negative consequence.

Thereby, the proposed overall system is capable of providing the elderly and

the disabled with adequate support as well as ensure safety and improve their

independence and quality of living.

6.1.1 Fall Detection and Fall Type Identification System for Walking

or Standing Position

This is a novel vision based approach of detecting falls using the skeleton data

obtained from the Kinect sensor. This can be implemented in real-time and can

ensure timely detection of falls. Further, the system overcomes the limitations of

the existing similar systems, which are discussed in detail under Section 2.6.
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A fall is detected by considering the velocities of three body joints; Spine

Shoulder, Spine Mid and Spine Base, and the orientations of two body vectors;

Spine and Femur. A fall is distinguished from an activity of daily living by waiting

for ‘t’ seconds, after encountering a ‘Transition Period’.

Once a fall is detected, it is categorized in to one of the three types of falls;

Prone, Crawl and Kneel, which will enable more focused medical attention.

The system was tested in a simulated domestic environment inside the labor-

atory and was found to have an accuracy of 92.5%, a sensitivity of 95.45% and

a specificity of 88%. Also, the system was able to discriminate among the three

types of falls with accuracy 100% for Prone, 80% for Crawl and 86% for Kneel.

6.1.2 Posture Identification and Fall Detection System for Wheelchair

Users

This method of posture identification and fall detection for wheelchair users is

a novel vision based mechanism involving a Kinect sensor and Vitruvius Frame-

work. This can operate in real-time and can detect falls fast. This system provides

solution to the limitations of similar systems, which are explained in Section 2.6.

The system is capable of discriminating among four sitting postures; Proper

Sitting, Lean Forward, Lean Left and Lean Right by considering the angles made

by the torso in three directions. A fall from the wheelchair is detected by ob-

serving the distance from waist to floor and the velocity of waist.

Experiments were conducted in a simulated domestic environment inside the

laboratory and the system could identify Proper Sitting with an accuracy of

82.8%, Lean Forward with 86.2%, Lean Left with 93.1% and Lean-Right with

89.7%. Further, it could detect a fall with an accuracy of 93.9%, a sensitivity of

90.5% and a specificity of 100%.
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6.1.3 Reinforcement Learning based Emergency Notification System

This is a novel method of emergency notification using a Reinforcement Learn-

ing agent with an Android application. This assures timely notification with a

proper feedback mechanism. This system can solve the limitations found in sim-

ilar systems, which are described in detail in Section 2.6.

The system utilizes two parameters namely; probability of answering and level

of being busy of the contact persons to come up with an order of calling based

on a Q-Learning algorithm. The GPS location data is also taken in to account

when making the order of making calls.

The Reinforcement Learning based calling algorithm was tested on a simulated

environment and it was found to perform similar to a human in most cases and

even better in some cases. Further, as an elder is more likely to become nervous

when making decisions during an emergency, this automatic notification system

is more effective in notifying emergencies to responsible parties.

6.2 Limitations of the System

The major drawback in testing the fall detection system was experimenting on

actual scenarios. All the experiments were conducted in simulated environments

with the participation of healthy individuals. Therefore, the parameter limits

found by the experiments may differ from those encountered in actual incidents.

However, the proposed algorithms will still guarantee the obtained levels of per-

formance after modifying the parameter limits so as to suit the actual scenarios.

The proposed system cannot automatically identify each and every possible

emergency that could occur to a person. It can identify a limited set of emergen-

cies as discussed throughout this thesis, but as the system offers manual triggering

as well, the proposed system will assure acceptable performance in a daily basis.
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For the continuous performance of the proposed system, we must always ensure

an uninterrupted network connection, as every element is interconnected via an

IoT cloud. The system cannot be developed over a local database due to 2

major reasons. One is that, the notification system takes GPS location data

into consideration when making the required decisions. The other is that, the

emergency calling is done over the internet because the mobile network providers

do not allow tracking of call status which is an essential feature in operating the

proposed notification system.

6.3 Recommendations for Future Developments

The system can be implemented in an elders’ home or a hospital and the

parameter limits can be adjusted accordingly with values from actual scenarios,

so that one of the major drawbacks discussed in Section 6.2 can be overcome.

Another possible way of overcoming this drawback is the modification of the

system algorithm, so that the system automatically adjusts the parameter limits

to suit each individual by getting trained for sometime before being implemented.

The accuracy levels of the emergency detection system can be improved by

testing the system with a wider variety of ADLs and falls. Further, health emer-

gencies can also be identified by monitoring and analyzing the body parameters

such as heart rate and pressure using suitable sensors.

The emergency notification system can be improved and made more precise by

including details regarding the health condition of the elder, and involving more

details about the response patterns of the contact persons.

Further, research can be extended towards the smart control and navigation

of the wheelchair as well, so that the users are provided with better support and

comfort.
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