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Abstract

Falls are one of the biggest threats to older adults, and they have significant psychological, physical, and financial
implications. It is the leading cause of serious injuries, disabilities, hospitalizations and even death, especially if
they do not receive urgent medical assistance. Response time greatly affects the effectiveness of medical interven-
tion and reduces harm to the injured. As part of helping the elderly to lead their normal lives at home, smart
monitoring systems have been proposed that detect falls and give alerts to health care providers. In this work, we
present an instance of this system, which attempts to address the problem of fall detection through Vision-Based
Deep Learning (DL) techniques. The proposed methodology uses Motion History Image (MHI) algorithm to de-
termine the movement of a person through a set of frames in a (RGB) video clip. Using a Convolutional Neural
Network (CNN) we will create an image classification model to detect the state of falling and not falling. The
goal of the work is to correctly detect falls and reduce the number of false alarms for the system. Whereas, the
accuracy rate of our model reached 95.61%.

Keywords : Fall Detection, Classification, Deep Learning, Vision-Based.



Résumé

Les chutes sont I'une des plus grandes menaces pour les personnes agées et elles ont d’importantes répercussions psy-
chologiques, physiques et financiéres. C’est la principale cause de blessures graves, d’invalidités, d’hospitalisations
et méme de décés, surtout s’ils ne recoivent pas d’assistance médicale d’urgence. Le temps de réponse affecte
grandement 'efficacité de l'intervention médicale et réduit les dommages causés aux blessés. Afin d’aider les per-
sonnes agées & mener une vie normale & domicile, des systémes de surveillance intelligents ont été proposés qui
détectent les chutes et alertent les prestataires de soins de santé. Dans ce travail, nous présentons une instance de
ce systéme, qui tente de résoudre le probléme de la détection des chutes grace a des techniques d’apprentissage en
profondeur basé sur la vision. La méthodologie proposée utilise I’algorithme photos de I’historique des mouvements
pour déterminer le mouvement d’une personne a travers un ensemble d’images dans un clip vidéo (RVB). A Daide
d’un réseau de neurones convolutifs , Nous avons créé un modéle de classification d’images pour détecter les chutes
et les non-chutes. Le but des travaux est de détecter correctement les chutes et de réduire le nombre de fausses
alarmes pour le systéme. Alors que le taux de précision de notre modéle a atteint 95,61 %.

Mots clés : Détection de chutes, Classification, Apprentissage approfondu, basé sur la vision.
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1 Chapter 1 : General Introduction

1.1 Introduction

Falls are a major health concern worldwide due to severe short- and long-term consequences such as higher rates
of paralysis, mortality, reduced functional ability, and prolonged admission to recovery facilities [ Rubenstein LZ
, 2006] . As we age, our bodies go through many physical changes to become more fragile and prone to falls [
Lenise A , 2011 |. For example ,our reaction times are slower, which is associated with an increased risk of falls
,Our vision is weaker which makes it difficult for us to identify obstacles and Medicines that make us sleepy or
dizzy can impact our balance.

According to the World Health Organization [WHO ,2008] 30% of older persons fall at least once a year, and
the frequency of falls rises exponentially with age. Meanwhile, the costs of caring for injured people have risen
dramatically. As a result, the healthcare industry is interested in an automated system that can aid the elderly
and staff in the case of a fall.

1.2 Background

To identify falls in the elderly, various approaches have been tried. Wearable device-based approaches, environ-
mental sensor-based methods, and image-based methods are the three types we’ve identified. For wearable-based
methods, most use 3-axis accelerometers to detect sudden changes in acceleration caused by a fall. However,
because the elderly are prone to forgetfulness, wearable technologies are not ideal for them. Environmental
sensor-based approaches, on the other hand, make use of a variety of sensors to detect and interpret falls in the
environment. For instance, to detect falls, a smart floor with pressure-sensitive fiber sensors can be used. How-
ever, large-scale deployment of the sensors is both costly and unfeasible. The successful use of machine learning
algorithms in picture recognition has recently boosted the popularity of vision-based technologies. Due to the
limitations of wearable devices and ambient systems, vision-based systems provide feasible fall detection solutions.
Basically, different systems based on different algorithms have been proposed, In general, several vision-based
systems based on various algorithms have been presented, but they all share a basic standard architecture.

1.3 Motivation

Nothing beats working on research that has a huge impact on people’s lives. It is important to protect the right
of older people to lead their normal lives at home. However, studies have revealed that falls are a serious health
problem that has a significant negative impact on the lives of older adults, making their safety a priority. Each year,
2.8 million older adults are treated in emergency departments for fall injuries. In 20% of falls, severe head injuries
and bone fractures occur. Fall injuries cost $31 billion in direct medical costs, adjusted for inflation, the figures
could also increase dramatically [H.Alkittawi, 2017] . Therefore, fall detection systems have become a necessity.
Moreover, the rapid developments in the field of deep learning, as well as its accuracy in object recognition and
image classification, have led us to believe that it could be a useful option in health monitoring of the elderly,
especially in public places where surveillance cameras are common. Because vision-based fall detection systems
may be combined with an existing monitoring system, they are much less expensive than sensor-based or wearable
systems.

1.4 Objectives definition

The goal of this project is to develop a fall detection system that could be used as a subsystem to assist the elderly,
support staff, and other individuals. The following features would have to be included in such a system:

e The system should work in real time, which means it should detect a fall as soon as it occurs. The fall
detection algorithm, in particular, must operate at a faster rate than the input signal, which is the video
stream.

e The system should be able to detect a fall from up to six meters away, which is reasonable from the perspective
of a resident, given that a typical room is around 24 square meters, or 6x4 meters.

e Low intrusiveness is preferred because users should not feel that their rights were being violated.

e Interoperability ,means that the system must be accurate enough in detecting falls to allow other systems,
such as an alarm system, to make decisions based on the system’s predictions.

13



Chapter 1 General Introduction

1.5

Thesis Organization

The remainder of this thesis is organized as follows:

In the chapter 2 ,we will give literary reviews on the definition of falls, its kinds, the systems employed in
the detection of falls, and some current works in the field of fall detection.

In the chapter 3 ,we examine the fundamentals of machine learning, as well as the fundamental concepts of
neural networks and deep learning, and explain some of the algorithms.

In the chapter 4 ,the implementation of the system is described in more detail. Where we describe the
system’s overall structure, as well as the dataset that was used and other details.

In the chapter 5 ,we evaluate the system in relation to the identification of the problem. We compare our
solution to solutions that already exist, followed by an explanation of how it works and the disadvantages of
the existing system.

In the chapter 6, we concludes the thesis with delimitation and future vision.

14
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2 Chapter 2 : Litterature Review

2.1 Introduction

Falls are a major public health problem for the elderly. Needless to say, the injuries caused by falls that elderly
people experience have many consequences to their families, but also to the healthcare systems and to the society at
large.that fall detection has drawn increasing attention from both academia and industry, especially in last years,
where a sudden increase can be observed. Moreover, on the same line, the topic of fall-likelihood prediction is very
significant too, which is coupled with some applications focused on prevention and protection. Essentially, to clearly
understand and undertake the research problem, an empirical framework ought to be outlined to categorically
outline a fall and highlight challenges experienced after a fall. Furthermore, causes of falls in elderly patients’
aid in conceptualizing measures ought to be undertaken for fall detection. Moreover, a proper review of the
implemented technologies that aid in detecting falls by patients provides a framework to undertake the study.
Notably, different technologies have been proposed to aid in detecting falls each with a number of advantages and
challenges. A conceptual framework provides an outline of the study to be undertaken.

2.2 Falls

Falls are divided into two categories: fatal and non-fatal. Every year, around 684,000 people die as a result of
falls, demonstrating their seriousness [WHO, 2021] . It should be highlighted that falling is the most common
cause of subsequent difficulties. Broken hips and traumatic brain injuries are common among the elderly. Trauma
accidents primarily affect older persons’ lives since they are three times more prone to fall following a fall. Fall
accidents varies in terms of their forms and severity, as well as their causes. The study and classification of these
accidents enables the elderly and those who care for them to take the necessary preventative measures.

2.2.1 Definition

A fall is commonly visualized rather than defined . A fall, according to the World Health Organization [WHO,
2021] , occurs when a person comes to rest accidently on the ground , or other lower level. Falls can cause fatal or
non-fatal injuries, such as broken bones or bruises. Many people have no signs before a fall, but some do experience
dizziness or other symptoms.

2.2.2 Types of Falls

Patients fall for a variety of reasons, and if falls are to be prevented, it is critical to understand the etiology of a fall.
Analysis of circumstances surrounding 100 patients who fell and 100 randomly selected patients who had not fallen
[Morse et al, 1987] revealed that three types of patient falls occurred in hospitals and long-term care institutions.
Because falls have different causes, the strategies for preventing patient falls are different for each type of fall. A
fall may be classified as accidental or physiological, with the physiological falls further classified as predictable
that is, an anticipated physiological fall (i.e. the patient exhibits signs that indicates the likelihood of falling and
scores at risk on the " Morse Fall Scale " MFS) or as unpredictable that is, an unanticipated physiological fall.

a -Accidental Falls

Fourteen percent of all falls are accidental, caused by a patient tripping or slipping. The causes are mostly
due to environmental factors, for example unavailability of grab rails, slippery floors due to spilled water and
other factors, insufficient lighting, bed and toilets of improper height, obstructive corridors, and carpeting.
Inverted edges and raised door sills. It can also occur because the patient makes errors in judgment, such as
leaning on unstable objects or when moving from bed to a wheelchair. Accidental falls cannot be predicted
using any scale like other types because it is not due to physical factors but is due to environmental hazards
or miscalculation, prevention strategies are designed to ensure that the environment is free from risks, direct
the patient towards the environment, and receive instructions on how to do so . For the use of walkers, etc.
This includes instructions on the correct way to get out of a wheelchair. [Janice Morse, 2008]

b -Anticipated Physiological Falls

These are falls that occur in patients identified as being at risk with the Morse Fall Scale (MFS) assessment
test, which is a quick and simple way to assess a patient’s likelihood of falling. It represents six factors that
significantly contribute to a patient’s likelihood of falling, namely (history of the fall, secondary diagnosis,
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ambulatory aid, intravenous therapy, type of gait and mental state) . Anticipated physiological falls constitute
78% of all falls. [Janice Morse, 2008 |.

-UNAnticipated Physiological Falls

Unexpected physiological fall these are falls that may be attributable to physiological causes, but arise from
unpredictable conditions before they first occur. They make up approximately 8% of all waterfalls. Examples
include seizures, 'falling attacks’, syncope, or pathological fracture of the hip. Depending on the cause, when
this type of fall occurs, nursing attention is directed either toward preventing a second fall or preventing
injury when the patient falls again, as there is a possibility that the underlying condition will recur. For
example, we may teach a patient with orthostatic hypotension how to recognize dizziness when rising, and
how to get up slowly, thus reducing the risk of falls.[Janice Morse, 2008].

2.2.3 Importance of Fall Detection in the Society

a

- Healthcare Costs

Falls in the elderly is a major public health problem as they can lead to irreversible health ,social ,and
psychological consequences, and a large economic burden. More than one-third of persons 65 years of age
and older fall each year ,and a half of falls are recurrent .

Falls are not only a risk factor for fractures but also for development of traumatic cerebral or visceral hemor-
rhagia ,traumatic pain syndromes, functional limitations, dislocations ,soft tissue injuries, excess healthcare
costs ,and increased mortality .

In the year 2010 in the USA, there was an estimated 10,300 fatal and 2.6 million nonfatal but medically
treated fall-related injuries in individuals above the age of 65 years. Of the fall-related injuries identified
through the surveillance system in Florida, about 42% resulted in hospital admission and about 50% of fall
injury events that occurred at home and required hospital admission resulted in a person being discharged to
a nursing home . [Medicina, 2015]. As the population of elderly people is growing fall-related injuries affect
a substantial number of older adults. It is likely that the overall numbers and costs of fall-related injury
hospitalizations will continue to rise .

Several studies have been performed in different countries estimating the economic burden of falls . It is dif-
ficult to compare the costs between countries due to differences in populations investigated ,study methods,
and expenses of medical care ,but the magnitude of economic burden was demonstrated to be significant in
all these publications.

- Prevalent Injuries

A fall can change your day, your week, and maybe even your life. These injuries can often happen anywhere
and to anyone, which can be frightening in their suddenness ,and cause severe pain and injury. Falls are the
most common variety of accidental injuries. However ,a fall is not a type of injury ,it is a cause.

Sometimes people fall ;and don’t feel any significant pain until the next day ,but when they do begin to
feel pain ,it is often associated with discomfort and limited range of motion. Those symptoms might mean
something more serious.

Additionally, other fractures such as femur, pelvis, leg and ankle fractures result from falls. However, hip
fractures account for most of the health problems in the elderly from falls since they affect their mobility.
Furthermore, according to [Lidia Sanchez-Riera et al, 2017] mortality rate increase was closely associated
with an occurrence of a hip fracture.

As such, hip fractures affected the lives of elderly patients with increased dependence, decreased social
engagements and reduced quality of life. Intracranial Injury leads to traumatic brain injury. Notably, falls
result in over one-thirds of reported TBI in the population in the United States.

Among the elderly patients, falls lead up to 4 out of 5 cases of Traumatic brain injury "TBI". As such, falls
results in predominant injuries to the elderly patients.

- Quality of Life

Women with wrist fractures had higher quality of life declines than men 6 months after the fall in all ques-
tionnaires except the LBI, and greater declines than the non-fracture sample regardless of gender. Following
wrist and hip fractures, patients over the age of 80 had lower baseline scores on all end measures and lost
more HRQoL (Health-related quality of life) and functionality. Patients’ quality of life continues to decrease
after a fall. Fifty percent of all injury-related issues that prohibit the elderly from doing daily duties are
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caused by falls. [Taguchi et al, 2016] discovered that elderly people who have a high quality of life have
fewer falls. Furthermore, those who have undergone treatment for fall-related injuries, such as hip fractures,
lose their capacity to do daily tasks. Specific prophylactic actions may be required to minimize or lessen the
impact of fractures caused by falls. Many seniors will benefit from preventive tactics because of the residue
it leaves on the elderly who fall, who are unable to resume their activity and movements previous to the

accident and may gradually lose their ability to walk.

2.2.4 Fall Detection Architecture

In all fall detection systems the overall system structure of the fall detection system is similar. As the system
consists of different components that help in the fall detection process.
The model architecture for the implemented systems comprises of similar architecture. The figure (1) depicts the

basic architecture for fall detection systems:

| Accelerometer |

| Gyroscope [

Email

[}
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o'}

1 i
| |
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| |
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Figure 1: Fall Detection Architecture [Habib, 2014]
- Sense

This is the first phase of any fall detection and prevention system, and it involves sensing or measuring
acceptable physical quantities with appropriate sensors. This component is critical in supplying the neces-
sary data input to the system in order for it to identify a fall. This component, in particular, consists of
several sensors that can be utilized to retrieve data. The sensors could include an accelerometer, gyroscope,
barometer, and camera, as shown in Figure figure (1). This is significant since it is used to classify fall
detection systems. Wearable-device-based systems, ambient-based systems, and vision-based systems are all
examples of this.

- Analysis

The obtained signals/data should be analyzed after the physical quantities are measured using sensors. The
relevant features from the sensor’s outputs are retrieved in this step, and preliminary choices are made by
classifying and analyzing the extracted features.

Threshold-based algorithms and Machine Learning-based algorithms are the two types of algorithms used by
fall detection systems. To make early judgments concerning a possible fall event Threshold-based algorithms
match the sensor’s outputs to a predetermined threshold value (s). Threshold-based algorithms may employ
several thresholds, with the threshold value(s) being either fixed or adaptive. In order to detect falls, the
system uses pre-programmed values entered by the system engineers.

Machine-learning based systems, on the other hand, use machine learning techniques to identify a fall. The
algorithm, in essence, classifies an event as a fall or non-fall based on accurate feature extraction from sensor
input. Hidden Markov Models and Convolution Neural Networks are among the machine learning algorithms
used in these systems.

- Communication

Communication Algorithms in the second phase provide preliminary identification or prediction of falls events
based on sensor responses from the first phase. When the system detects or predicts a fall incident, it notifies
the user and/or carers.
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This communication phase is usually split into two parts in most fall detection technologies. The system
tries to get feedback from the user by checking the preliminary choice in the first stage, which improves the
system’s sensitivity. The user’s reaction determines the next stage. The system resets if the user actively
rejects the suspected fall. Otherwise, carers will receive a notice requesting quick assistance. Some systems
do not wait for user feedback and send an alarm message to the caregiver right away. Fall prevention systems
often inform users about their impending fall rather than soliciting comments.

In addition, rather than notifying users, fall prevention systems can also trigger additional assistive systems
(e.g., wearable airbag, intelligent walker, intelligent cane, intelligent shoe, etc.) to protect the user from
the negative impacts of falling. By analyzing the sensor’s output, user input can be collected automatically.
[Sposaro and Tyson’s, 2009] method, for example, derives the final decision by automatically assessing the
difference in location data before and after the alleged fall event. Other systems require the user to provide
manual feedback. The user’s feedback is also collected via a combination of alert systems. The system waits
for a pre-defined period (usually 1 minute) after requesting a response from the user. If the user does not
answer within that time frame, the system will treat the situation as a fall. Automatic fall detection systems
may fail to detect a true fall event. In such instances, some systems feature help (or panic) buttons, allowing
users to manually seek assistance.

Different ways of communication have been employed to deliver the message from the fall detection system
to interested parties, as shown in Figure 1. The primary notification modes for fall detection systems are
email, short messages, multimedia messaging, and voice calls. Notification messages may include information
such as time, GPS location (coordinates), and a geographical map.

2.2.5 Fall detection systems

Technology plays a significant part in the evolution of the healthcare industry. Most importantly, the employment
of assis- tive or adaptive technology in the medical profession helps the patients to acquire a degree of inde-
pendence. However, older patients still require proper surveillance to warn medical practitioners in the case of
emergency. As such, many technologies have been developed to aid with fall detection for the elderly. Notably, the
categories of the systems depend on the technology utilized to give the answer. According to [Kaur, 2017], fall de-
tection systems can be divided into wearable systems, vision-based systems and ambiance sensor-based systems.
Furthermore, each of the systems utilizes distinct approaches to detect falls. Wearable systems may be split into
inactivity based or posture-based systems. Additionally, vision-based sys- tems fall in categories : Body shape
change analysis, inactivity detection, and 3D head changeanalysis [Nizam et al, 2016]. Lastly, ambience-based
systems fall in two groups : Floor sensor detectors and posture. Essentially, each of the offered systems presents
a different way to detecting falls.

[ Fall detection ]

Wearable device Camera / Ambience /
based vision based fusion based
v v
Inactivity Posture Floor Sensor / Posture
based based Electric field
v
Body shape change Inactivity 3D head change
Analysis detection Analysis

Figure 2: Fall Detection Classification [Nizam, 2016]
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% Wearable Device Based Systems

These systems detect falls as they are attached to the patient’s body or their clothes. Sensors attached to
the body determine the posture of the patient and the acceleration. As such, this determines whether the
patient has fallen or is falling. Essentially, accelerometers determine the acceleration of the body while the
gyroscopes determine the change in angular velocity of the body. Notably, this highlights the difference in
technologies used in the wearable device based systems.

Furthermore, the implementation of the technologies on fall detection systems differ as similar devices may be
utilized with different approaches. Noteworthy, apart from the different technologies applied in fall detection,
there exist different algorithms applied that aim at fall detection.

As such, the precision of a fall detection system depends on the recognition features chosen in the system.
For instance, in wearable system using accelerometers, the change in acceleration maybe utilized as the
recognition feature. Essentially, with the recognition features, the detection algorithms can be categorized
as either threshold-based or machine learning based systems.

Threshold based systems rely on pre-defined parameters referred to as the thresholds outlined by the
system engineers thus lead to a fast system response time with reduced resource consumption. However,
precise predefined parameters ought to be provided to improve the accuracy of the system.

On the other hand, machine learning based systems utilize classification of the parameters to aid in
fall detection. Notably, this leads to system overhead as the approach utilizes more computing resources.
Therefore, due to the limited resource on wearable devices then most of the devices utilize threshold based
systems.

Accelerometers aid in fall detection through a threshold-based system comparing an object’s acceleration.
Essentially, a tri-axial accelerometer provides a body’s acceleration in three different orientations that is the
X, Y, and Z. As such, this may be evaluated to aid in detecting a fall.

Mostly, the systems detect a fall if there is an abrupt change in the body’s orientation resulting in a lying
position coupled with a prior negative acceleration. [Wu et al, 2015] proposed a wearable device that uses an
accelerometer to detect an elderly patient falling through an analysis of the acceleration.The total acceleration
magnitude is calculated as shown in equation(1).

la| = Va? +y? + 2 (1)

Notably, in a fall scenario, due to the impact with the ground or surface, there is a high value recorded in
the sum of the acceleration. Further, the system asserts a fall decision by calculating the change in angle
that is calculated as a result of the acceleration values. Since the system utilizes a threshold approach, if
the calculated values surpass the required thresholds then a fall is detected. The system then identifies the
geographic position of the person and sends a short alarm message to the care providers.

Wearable device based systems present a non-invasive and privacy compliant method to fall detection. How-
ever, the systems fail in accurately detecting a fall from an activity of daily living. Moreover, the systems
have high power consumption due to the sensors. Lastly, elderly patients may unintentionally not wear the
device therefore presenting a challenge on the use of the technology.

% Ambience Device Based Systems

Ambient device based systems detect falls with the use of sensors that measure the sound, pressure, vibration
and motion of an individual on a surface. As such, the systems utilize the environment to enable fall detection.
Systems under this category use pressure and vibration sensors to aid in distinguishing normal daily activities
and falls. As such, they consider that pressure on the surface caused from a fall is different from pressure
exerted by a normal daily activity. [Alwan et al, 2006] proposed a system that detects floor vibrations and
classifies them as falls or non-falls. If a fall is detected the system then sends a notification to the relevant
authorities. As highlighted earlier, the system assumes that vibration signature generated from a fall is
different from the signature generated from a normal activity.

The system computes the vibration pattern with features such as the frequency, amplitude, duration and
succession. The evaluation of the features and the values aid in identifying a fall. Notably, the system suffers
from the challenge of false alarms. Essentially, different surface materials lead to different vibration patterns.
Further, the weight of an object influences the vibration pattern of the object.

[Sixsmith and Johnson, 2004] Sixsmith and Johnson (2004) presented a system that detects falls with the
aid of a pyro electric infrared sensors. The sensors monitor the movement of an object on a surface thereby
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detecting a fall. Essentially, they provide the velocity, location and size of the object which is key in
determining a fall.

As such, this reduces the number of false positives that may be presented with the use of only the sensors.
The proposal leveraged on the use of readily available and cheap sensors. However, the applicability of the
system on a real environment presents issues due to the power consumption of the sensors.

Ambient-Based systems present a novel approach to fall detection. However, the systems suffer from the
challenge of false positives. Mostly, this is due to the fact that the sensors may pick noise as they aggregate
the data. Furthermore, the systems rely on sensors faced with the challenge of their power consumption.

% Vision-Based Systems

Lately, vision based systems have gained popularity due to the successful implementation of machine learning
algorithms in image recognition. Over the years, wearable systems and ambient systems have played a major
role in fall detection. Notably, most of the implemented systems use wearable devices.

However, due to the limitations of the wearable devices and ambient systems, vision based systems provide
feasible solutions to fall detection. Essentially, different systems based on different algorithms have been
proposed, however they have a standard architecture as discussed below:

1. Vision-Based Systems Architecture

a - Camera
The camera serves as the primary sensor for vision based systems. Notably, the systems provide a
real-time analysis of a fall algorithm to detect a fall. As such, the need to use fair priced cameras
and resourceful computing platforms. Currently developed systems use 2D vision cameras that pro-
vide images of the objects. However, some of the systems have utilized 3D time of flight cameras
that provide a 3D illumination of the object.

b - Processing Unit
Vision based systems require high computing resources for the images. Essentially, for a real-time
fall detection system, an analysis of one or a series of images requires fast processing units. There-
fore, the need for a fast processing unit.

¢ - Background Subtraction

The captured images contain data that is not relevant to the data analysis. Therefore, to focus on
an individual on an image, background subtraction ensures that not relevant information on the
image is removed. This reduces the required processing of the image in fall detection. Furthermore,
this ensures that the fall detection system utilizes the correct image of a person. This can be
accomplished with the use of an estimation model that aids in background subtraction. The models
are classified as recursive models and non-recursive models.

Non-recursive models store a buffer memory with a series of previous frames that aids in the
computation of the background model. Therefore, the approach uses a time sliding window function
that aids in calculation of the required model. The developed models adapt to frequent changes
since the model generated is based on the previous number of buffered frames not all the frames.
However, for the implementation of the system, the system requires adequate buffer memory to
store the images. Notable techniques in this model include: Median filtering and linear predictive
filter.

Recursive models update the background model with new occurrence of a new frame. Therefore,
the model stores only one image in the memory as such reducing the storage memory. However,
the occurrence of a problem in one of the frame leads to the subsequent issues in the background
image. As such, the model does not adapt to new changes in frames such as the non-recursive
model. The techniques implemented under this method include: running average, Kalman filter-
ing, approximated median filtering and Gaussian mixtures.

2. Vision-Based System Classifications
Vision based systems can be categorized into three based on the mode of operation:
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a - Inactivity

The systems assume that a person is inactive following a fall. As a result, the systems keep an eye
on a person to detect idleness. [Jansen et Deklerck, 2006] suggested a technique that uses a human
silhouette to capture a person’s 3D orientation. The system then looks at a series of photos for
inactivity. It includes a context-dependent inactivity detection feature that obtains the inactivity’s
location, time, and duration. This aims to lower the number of false positives.

The system may, for example, recognize that a subject is laying on the bed without issuing an
alert. Evidently, it employs a model that distinguishes between typical everyday activities and the
occurrence of falls. As a result, the model may adapt to different tasks. Because falls occur at
random, the system does not totally present a good approach to fall detection. As a result, using
the context dependent inactivity method in real-life random falls poses a hurdle. There was also
no validation of the system in a situation other than the simulated experiment, as the researchers
point out.

[Belshaw et al, 2011] suggested a system that combines body shape analysis and detection of inac-
tivity. Images of patients uploaded to the system are evaluated in this manner to detect a fall, but
some portions in a room have been divided as inactive sections. A person on a bed, for example,
may not be defined as falling because the region around the bed symbolizes an area of inactivity.
The researchers generate a silhouette of the subject, extract attributes, and classify the state as a
fall or non-fall for fall detection based on photographs. The method obtains a true positive rate of
97 percent and a false positive rate of 5% using neural network classifiers.

- Head Motion Analysis

The Head Motion Analysis approach to fall detection is based on the concept that the rate of change
of vertical motion is higher than horizontal motion during a fall. To identify a fall, the technology
analyzes the rate of change of an individual’s head.

[Rougier et al, 2006] suggested a three-dimensional head tracking system for detecting falls. Essen-
tially, the method implies that an individual’s head is visible in an image. The head’s trajectory
can thus be calculated using a particle filter. As a result, by measuring the motion of the head, the
threshold velocity for fall detection can be determined, allowing a fall to be identified.

The approach has a number of drawbacks, including improper head recognition, which can lead
to incorrect fall detection. Furthermore, there has been less research on 3D head motion analysis,
which has an impact on the approach’s accuracy.

- Shape Change Analysis

The method posits that a human’s body form changes over time during a fall occurrence. As a
result, this method tries to detect changes in the structure of the human body in order to detect
a fall or a daily activity. Machine-learning and threshold-based fall detection algorithms, as previ-
ously mentioned, play a vital role in accurate detection.

[Rougier et al, 2007] proposed a shape change analysis method based on thresholds. The method
uses Motion History Image to assess an individual’s change in motion, which is combined with an
examination of the person’s shape to determine a fall. Changes in an individual’s movements in
a video sequence can be identified using optical flow. With the usage of a real-time fall detection
system, this poses a problem.

As a result, the employment of a Motion History Image, which gives a static representation of an
object’s change in motion. A silhouette’s pixel intensity indicates an object’s most recent position
or motion in a video. The figures (3) below depict (a) an individual walking, (b) an individual
falling, and (c) an individual going about their daily activities. This is noteworthy since it demon-
strates an accurate method for detecting inactivity.
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Figure 3: Motion History Image

The collected features are then loaded into a Hidden Markov Model (HMM) that distinguishes
between a fall and a non-fall. On less complex fall detection scenarios, the system achieves a level
of accuracy of 100%, and on challenging fall detection scenarios, it achieves a low of 82.35%.

The algorithm’s average performance, on the other hand, is 87.38%. The system, in particular, suf-
fers a time constraint in processing video analysis of the algorithm to detect a fall. This effectively
increases the time it takes to detect and alarm in the event of a fall from 1 to 5 seconds. This is
clearly due to the calculation processes used in each frame, such as background subtraction and
feature extraction.

A convolution neural network fall detection system was proposed by [Nez-Marcos et al, 2017]. Op-
tical flow images are used as input to the network to help with feature extraction for fall detection.
Image processing processes such as background reduction are avoided to improve the system’s per-
formance and reduce processing time.

Previously, image processing was blamed for the lengthy processing time of fall detection systems.
The adaptability of the CNN to be trained on diverse datasets is applied in the system to boost
the algorithm’s robustness and accuracy due to the restricted amount of datasets in fall detection.
Various datasets are used to train the model with various picture properties that are significant in
fall detection. Furthermore, optical flow images assist the network in identifying an individual’s
various actions. Finally, fall detection is addressed through the application of transfer-learning and
network layer tweaking.

3. Object Detection Algorithms

The techniques discussed above serve as the foundation for detecting a fall in an image. The methods
are particularly useful when there is only one primary item (a person) in an image. As a result, the
methods described above rely on the presence of one object in each of the photos under consideration.
In a real-world setting, numerous people can appear in a single image frame, challenging the usage
of the vision-based techniques described above. Object detection is the process of detecting items in
an image and creating a bounding box around them. Different object detection algorithms have been
developed with time which based on the Convolution Neural Network Architecture:
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a - Region-Based Convolution Neural Network
|Girshick et al, 2014] introduced the Region-Based Convolution Neural Network (R-CNN) to over-
come object detection region proposal difficulties. The architecture suggests using a method that
extracts 2000 zones from an image using a selective search algorithm.
The image’s selected sections are twisted into squares and put into a convolution neural network,
which produces a feature vector. To classify the presence of an object within the region specified,
the retrieved feature vector is sent to a Support Vector Machine. Additionally, the technique gen-
erates offset values that aid in the process of changing the bounding box to improve the precision
of the region proposal.
The figure (4) shows the architecture of the algorithm:

warped region
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Figure 4: R-CNN [Girshick,2014]

The input image recorded by a camera is shown in the first image. The following image depicts
the several proposed regions, which total 2000. Furthermore, the following graphic depicts the use
of Convolution Neural Networks to compute or derive required features from the proposed regions.
Finally, the network determines whether the region belongs to a specific class.

b - Fast Region-Based Convolution Neural Network

[Girshick et al, 2015] suggested the Fast Region-Based Convolution Neural Network (Fast R-CNN)
as an improvement to the implemented Region Convolution Neural Network. An image is fed into
the network, along with object suggestions. This allows the network to process the image using
convolution neural networks and max pooling layers, and then produce convolution feature maps.
The convolution feature map allows the network to recognize area proposals that are twisted into
squares, and the proposal regions are reshaped using a Region of Interest (RoI) pooling layer before
being supplied to a fully connected layer. A softmax layer is created from the Rol feature vector
to forecast the specified class. the figure (5) shows the architecture of Fast RCNN:
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Figure 5: Fast RCNN [Girshick,2015]

The network’s performance improved once the convolution operation was used to replace the pro-
cess of producing region recommendations. Essentially, this reduces the amount of time it takes
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2.3

to process each image during training and testing. Though the network is faster at processing im-
ages, the adoption of region suggestions has a substantial impact on the network’s performance time.

¢ - Mask Region-Based Convolution Neural Network
Mask R-CNN extends Faster R-implementation CNN’s to construct object masks for each of the
image’s detected objects. Proponents of the Faster RCNN model suggested the algorithm [Girshick,
et al, 2017] This allows the model to provide accurate object instance segmentation for each object
in the image. Essentially, the process to solve the problem entails to main steps:

a. Undertake object detection by drawing a bounding box in each instance of a class.
b. Undertake semantic segmentation on each of the identified bounding boxes.

Notably, if the system achieves high levels of accuracy in the first stage, it will also achieve high
levels of accuracy in the second step. As previously stated, the model makes use of Faster R-
capabilities CNN’s to accurately perform semantic segmentation.

As a result, the algorithm adds a segmentation masks branch to each Region of Interest (Rol) that
runs alongside the classification branch. This allows the algorithm to quickly construct pixel-wise
masks for the various instances of each class. As a result of its capabilities, the algorithm will be
applied to aid in fall detection in a multi-person scenario.

Previous works

In previous works, several methods were used to detect falls in the elderly. We classify them into three categories:
wearable-based, environmental-sensor-based, and image-based methods. We will describe each of them in the
following paragraphs :

a

- Wearable-Device-Based Methods

[Rucco et al, 2018] offered a review of wearable device-based approaches to fall evaluation, prevention, and
detection. According to their survey, triaxial accelerometers were used to capture fall signals in the majority
of wearable-device-based techniques. Aside from that, the analysis reveals that the most commonly employed
body section for wearable gadget sensors is the trunk, which is closely linked to walking.

To capture acceleration readings, [Lai et al, 2011] used triaxial accelerometers scattered throughout the body.
The system found that the acceleration surpassed a pre-set threshold, indicating a fall accident. By com-
paring the acceleration at impact with normal acceleration, their method might also estimate the severity of
the injury.

Similarly, [Pannurat et al, 2017] created a hybrid system for detecting distinct phases of falls that combines
activity classification using machine learning and a rule-based knowledge representation. It can also be used
for the head, arm, wrist, ankle, chest, side waist, front waist, and thigh. For all of the locations, as well as
the fact that changing the wearable position does not require a calibration step.

[Wang et al, 2014] The use of accelerometer and barometer data to create a low-power fall detector was
proposed. The use of the sensor on the user’s chest was considered. The usage of the barometer sensor
in their work could explain our algorithm’s poor performance using most of the sensitivity settings when
compared to their work.

[Pierlenoi et al, 2016] and [Sabatini et al, 2016] employed gyroscope, magnetometer, and barometer sensors
in addition to triaxial accelerometers to recognize user posture.

[Aziz et al, 2011] Three accelerometers were put at the sternum, right ankle, and left ankle, and a linear
discriminant analysis algorithm was used to determine three causes of falling.
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[Bagala et al, 2012] used a lower back accelerometer. Algorithm With posture recognition, a comparison of
many threshold-based algorithms is made.

Location sensors were utilized by [Lustrek et al, 2015] to locate the user. The system raised an alarm when
the user fell to the ground.

However, the elderly usually forget to wear wearable devices and smartphones. Thus, the existing wearable-
device-based methods are not practical for long-term use.

b - Environmental-Sensor-Based Methods
Environmental sensors such as pressure, sound, and radar sensors have been used in several studies to detect
falls.

[Feng et al, 2016] employed a smart floor with pressure-sensitive fiber sensors to detect falls by analyzing
feature-specific pressure images comprising motion information. The device could be installed anywhere,
even the restroom.

[Daher et al, 2017] employed force sensors and accelerometers hidden behind intelligent tiles to detect, track,
and recognize user movements like walking, standing, sitting, lying down, and falling. The proposed ap-
proach, however, was expensive and could only be used indoors.

[Li et al, 2012] presented the acoustic-FADE approach for detecting falls using sound sensors. The system
is made up of a circular microphone array that can pick up sounds inside. When a sound is detected, the
system locates the source, amplifies the signal, and uses machine learning to classify the event as a "fall" or
"non-fall." However, installing a circular microphone array in every room is impossible. Furthermore, when
there are multiple people in the room, classification becomes more difficult.

[Su et al, 2015] used a ceiling-mounted Doppler range control radar to detect human falls. The radar detects
motions from both falls and non-falls due to Doppler effects.

Similarly, [Shiba et al, 2017] presented a microwave Doppler sensor-based system. The system uses a hidden
Markov model to calculate the trajectories of the frequency distributions that correspond to the velocities
of the motions while falling. The amount of persons in the room, on the other hand, can readily impact the
signal’s analysis.

In a toilet room where the temperature should be less than 31 °C, [Kido et al, 2009] employed thermal
imaging sensors to distinguish between normal and falling activities. However, due to privacy concerns, the
proposed method’s usefulness may be limited.

In summary, the accuracy of environmental-sensor-based methods can be easily affected by objects in the
environment. In addition, pervasively deploying sensors is costly and impractical.

¢ - Image-Based Methods

Most of the image-based methods can be categorized into four types: multi-camera, single-camera, depth-
camera, and wearable-camera methods.

1. For multi-camera methods
[Auvinet et al, 2011] used numerous cameras to reconstruct 3D models of humans and identified falls
by assessing volume distribution along the vertical axis. However, tracking people in public places with
several cameras is difficult and impractical.
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2. For single-camera methods
[Brulin et al, 2012| suggested a fuzzy logic-based posture identification algorithm. They used machine
learning technologies to detect a person amid other moving objects.

[Yu et al, 2012] proposed a human silhouette-based posture identification system as well. The object
with the most moving pixels is considered a human body when identifying a human body among moving
objects. Then, to describe different postures, elliptical fitting and a projection histogram are utilized.
Finally, the posture is classified using a directed acyclic graph support vector machine (DAGSVM). If
the person is lying on the ground, however, the procedure may give a false alarm.

[Mirmahboub et al, 2013] found a human silhouette using two distinct background separation methods
and used the silhouette’s area as a feature to feed into a support vector machine (SVM) for classification.

Background subtraction was utilized by [Agrawal et al, 2017| to detect things in the foreground, and
contour based human template matching was employed to categorize a human. They calculated the
distance between the top and mid-center of a human’s bounding box to identify a fall.

To detect human objects, [Poonsri et al, 2018] used a background removal and Gaussian mixture model.
They then extracted features and classified the postures using the orientation, aspect ratio, and area
ratio. Background subtraction, on the other hand, may not be able to distinguish several human objects
effectively, resulting in an incorrect classification result.

Furthermore, if the person is obscured by other objects, the above mentioned methods may not work
properly.

3. For depth-camera methods
[Ma et al, 2014| proposed an approach in which each frame’s curvature scale space (CSS) properties are
extracted and the action is represented by a bag of CSS (BoCSS) words. They then use the extreme
learning machine (ELM) classifier to distinguish the BoCSS representation of a fall from those of other
acts.
[Bian et al, 2015] proposed utilizing the SVM classifier with the input of the 3D trajectory of the head
joint to detect the motion of a fall.

[Auvinet et al, 2011] used many cameras to create a three-dimensional (3D) shape of an elderly person,
which they subsequently examined along the vertical axis.

To detect falls, [Diraco et al, 2010] measured the distance between a 3D human centroid and the floor
plane.

[Angal et al, 2016] collected information on the velocity, acceleration, and width height ratio of a human
item using the Microsoft Kinect sensor to detect a fall.

However, the above-mentioned methods may not be accurate when the person lies on the ground. In
addition, these methods cannot recognize the difference between falls and sitting on the ground. In
summary, all the above-mentioned methods focus on falls that occur during forward walking. They
cannot accurately detect falls that occur while sitting down and standing up from a chair.

4. For wearable-camera methods
Wearable cameras collect data from users that can be used to assess an environment, recognize interac-
tions, and categorize bodily activity. In addition to the imager, a wearable camera has several sensors
such as microphones and inertial measurement units.

In contrast to previous vision-based systems, [Ozcan et al, 2016] took the opposite approach by taking
a completely different perspective. The system used a modified version of the histograms of oriented
gradients (HOG) technique in conjunction with gradient local binary patterns (GLBP) to identify falls
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by comparing dissimilarity distances calculated by HOG and GLBP. However, because the elderly are
prone to forgetfulness, wearable camera systems are not feasible for daily use.

However, despite this richness in sensing modalities, the analysis of data from a wearable camera is
particularly challenging due to unconventional mounting and capturing conditions, rapid changes in
camera pose, self-occlusions, background noise and motion blur.

2.4 Conclusion

In this chapter, we have provided a detailed explanation regarding the subject of falling detection, where we
explained the types of falls and the techniques used to discover and deal with each type. We also presented an
explanation of the systems that have been proposed and developed so far to detect falls. We also mentioned some
previous work and experiences in this field. This will help us clearly understand and deal with the problems, and
choose the appropriate approach to develop our own system for detecting falls in the elderly.
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3 Chapter 3 : Theoretical Basis

3.1 Introduction

First attempts to build analytical models relied on explicitly programming known relationships, procedures, and
decision logic into intelligent systems through handcrafted rules (e.g., expert systems for medical diagnoses). Fu-
eled by the practicability of new programming frameworks, data availability,and the broad access to necessary
computing power, analytical models are nowadays increasingly built using what is generally referred to as ML
;machine learning seeks to automatically learn meaningful relationships and patterns from examples and observa-
tions. this relieves human of the burden to explicate and formalize his or her knowledge into a machine-accessible
form and allows to develop intelligent systems more efficiently.

Deep learning is a type of machine learning that uses artificial neural networks to learn. Deep learning models
outperform shallow machine learning models and traditional data analysis approaches in many applications. In
this chapter, we review the fundamentals of machine learning and deep learning in order to have a better grasp of
the methodology behind today’s intelligent systems. We give a theoretical description of the methodologies and
algorithms utilized to develop the automated analytic model using machine learning and deep learning, as well as
a conceptual differentiation between related terminology and concepts.

3.2 Machine Learning concepts

Machine learning is a branch of artificial intelligence and a subject of study that attempts to make computers
able to learn and improve on their own based on their past experiences. Machine learning focuses on the ability
of computer programs to learn from a variety of observations. Machine learning is gaining popularity in a range
of business areas and is rapidly increasing in the world of information technology. Despite the fact that machine
learning has only gained great popularity in recent decades, it is widely used in all technologies. In this subject,we
will cover some of the basic topics of machine learning, such as what machine learning is and the techniques and
algorithms used in it.

3.2.1 Fundamentals of machine learning

Machine learning can be defined as a branch of artificial intelligence where we design computer models capable
of learning from a given dataset with minimal human intervention. According to [Murphy , 2012] ,Machine learning
is defined as a set of methods that can automatically detect patterns in data and then use the uncovered patterns
to predict future data or perform other types of decision making under uncertainty. A machine learning model
can be predictive if it forecasts future conditions, descriptive if its goal is to gain knowledge from given data, or
both predictive and descriptive. We will highlight a number of fundamental machine learning concepts.

The fundamental learning process can be divided into two steps, a training phase and a testing phase, which
require two different types of data sets, as depicted in Figure (6).

Learning

Training Testing

Algorithm
Dataset Dataset

Step 1 : Training Phase Step 2 : Testing Phase

Figure 6: Fundamental Learning Process.

d Training dataset : It is a subset of data that is used during the training phase. This data has been labeled
with pre-defined classes so that the learning algorithm can learn to produce associations between the data
and the corresponding labeled classes.
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d Testing dataset : It is a subset of data that is used during the testing process. it is used to evaluate the
classification model generated by the learning algorithm. To maintain the overall veracity of the machine
learning algorithm,this data must remain unseen by the algorithm during training.

Algorithms for machine learning are broadly classified into three types: supervised learning, unsupervised
learning, and reinforcement learning. In this section, we will briefly review supervised learning algorithms,
as they are an important part of this thesis, and then go on to study various foundational algorithms that
will help the reader build a solid foundation for understanding more complex algorithms in the field of deep
learning.

3.2.2 Supervised learning algorithms

Supervised learning is a type of predictive learning algorithm in which we predict the label of unknown objects
using label-based associations inferred by the algorithm during its training phase[Murphy , 2012]. As illustrated
in Figure(7), supervised learning is divided into two major branches Regression and Classification, each with its
own set of algorithms.

Supervised Learning
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Linear Regression SVM
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Figure 7: Supervised Learning Taxonomy.

The goal of the algorithm in the supervised learning approach is to learn mappings from input x to output
y , given a labeled set of input-output pairs D = (x;,;)~, , and produce a prediction function. D denotes the
training set, and N denotes the number of training examples.
The nature of the training input is determined by the type of problem that the algorithm is attempting to solve.
The x; is a D-dimensional vector or set of numbers that represents the simple features or attributes. x;, on the
other hand, can represent complex structured objects such as an image, time series, e-mail, graphs, etc [Jurafsky
, 2019]. Depending on the problem, the output y; can also take various forms.
If the value of y; is a categorical variable from a finite set, y; € {1,...,C} , such as normal or malicious, then
the problem is known as classification or pattern recognition. Similarly,when y; is a real value, the problem is
considered as a regression. In simple terms, regression involves predicting a real value, leading to a label estimation
whereas, classification involves identifying class membership of a given sample. The function learned during the
training phase is also known as a classification model or simply a classifier.
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3.2.3 Neural Network

Neural networks are a type of machine learning model that is inspired by neurons in a brain system. In a machine
learning context, a neuron is a computational unit with scalar inputs and outputs. Each neuron is also associated
with a weight parameter. The neuron multiplies each input unit by its weight, sums all input units, and then
applies a nonlinear function to the result to generate an output [Grosan & Abraham, 2011].

Inputs Weights Activation
function

Figure 8: Perceptron Architecture [Hanukoglu,2019]

A perceptron is the simplest neural network architecture, consisting of only two layers of input and output
layers, as shown in Figure(8), where we have X,, input units, each with a weight association. We send the input
units to the next layer, which, as previously discussed, sums them and uses an activation function, such as a
sigmoid function in the case of logistic regression, to find the § output based on a boundary decision criterion.

Perceptron classification is limited to linear classification, which means that we can only classify linearly
separable sets of vectors. If the vectors are not linearly separable, the perceptron will fail to predict correctly. In
contrast, by adding more layers to the perceptron architecture, also known as hidden layers, we progress towards
a multi-layered perceptron (MLP) architecture that can perform non-linear classifications and solve much more
complex problems.

3.2.4 Multi-layered perceptron

A multi-layered perceptron is a perceptron augmented with additional intermediate layers known as the hidden
layers . MLP is a feed-forward neural network, which means that the computation process moves iteratively to
the next layers without getting stuck in a loop. The output of each layer becomes the input of the subsequent
layers, and no outputs are ever passed back to the previous layers.

The data appears to be moving forward in this manner, so we classify MLP as a feedforward network. The central
units of the feedforward MLP are input layer units, hidden layer units, and output layer units. Each layer’s units
are linked to all the units in previous layers. As a result, the architecture is also known as a fully connected
network, with one hidden layer between the input and output layers. Each unit in the hidden layer is connected
to x, units in the input layer, each with a weight association and bias. The hidden layer can be represented as a
vector h, the output of which can be written as : Equation (2),

h=c(Wuxz+0b). (2)

The function represented by ¢ is an activation function, W is a single matrix of weight associations between
the input and hidden layer units, and b is the bias vector for the entire layer. The combination of the weight vector
Wi;; ,which represents the weight of the connectivity between the ith input layer unit and the jth hidden layer
unit, into a single matrix W | simplifies and accelerates the computation for the hidden layer in the feedforward
network. Furthermore, the output of the hidden layer becomes the input of the output layer. The weight matrix
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between these two layers is denoted by the letter U. The output z can now be calculated as follows : Equation (3)
z=U X h. (3)

To predict the class labels, we would also need to normalize the output z, which is a vector of real number values,
into a probability distribution encoding. In neural networks, we typically use the Softmax function to normalize
the output layer, according to the Equation (4) :

exp(zi) (4)

softmax(z;) = 5, exp(2)
J J

A softmax function converts logits, which are simply the numerical output of the last linear layer of a multi-class
neural network, into probabilities by taking the exponents of each output and normalizing it by the sum of all the
exponents. As a result, the vector as a whole adds up to one, providing us with a probability distribution to map
the correct prediction labels to.

Neural networks can be thought of as a series of stacked logistic regression classifier units that learn the data
representations and induce them into the neural network’s subsequent layers. This makes the neural network
classifier more powerful in learning data representations on its own, without the need for anyone to handpick
the network’s feature templates. The self-organization of neural networks distinguishes them from other classical
machine learning algorithms. We described a neural network architecture with one hidden layer in this section.
Shallow neural networks are the name given to such neural networks. In the following sections, we will discuss
architectures that employ multiple hidden layers, also known as deep neural networks.

3.3 Deep learning architectures

Machine Learning

G — &y — 35—

Input Feature extraction Classification Output

Deep Learning

Gap — LI —

Input Feature extraction + Classification Qutput

Figure 9: Comparison between machine learning and deep learning classification [Alex,2017]

Deep learning allows computational models made up of many processing layers to learn numerous abstraction
levels of data representations .A deep learning model is one that has a large number of completely connected
hidden layers, as opposed to shallow learning models, which have only a few hidden layers. The information flow
can be used to classify deep neural networks. A feedforward-DNN is a network in which information goes from an
input layer to an output layer without any feedback replies. A recurrent neural network, on the other hand, is a
neural network architecture that has been integrated to function with several feedback loops.|LeCun, 2015]

The ability of a DNN to learn representations from a raw dataset is one of its most important features. A
representation or feature learning is a neural network model’s ability to autonomously discover the representations
in data required for feature detection and categorization . As illustrated in Figure(9), deep learning networks are
used to replace human hand-picking of domain-specific features, which is a requirement for various data mining
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and machine learning techniques.[Bengio, 2013]

Deep learning can be simply defined as a class of machine learning algorithms that employ multiple layers of
functional units to learn and extract features from a raw dataset. As we progress through the layers, the features
extracted become more pronounced, allowing the learning model to infer accurate solutions for the given prediction
or classification task. In the following sections, we’ll discuss two types of deep neural networks: Convolutional
Neural Networks and Recurrent Neural Networks.

3.3.1 Convolutional Neural Network (CNN)

fc_3 fc_4
Fully-Connected Fully-Connected
Neural Network Neural Network
Conv_1 Conv_2 RelLU activation
Convolution Convolution A /—M
(5 X 5) ker|.1el Max-Pooling (5 X 5) ker|.1el Max-Pooling (with
valid padding (2x2) valid padding (2x2) .

/" dropout)

INPUT nlchannels nl channels n2 channels n2 channels ||| :

(28x28x1) (24 x24 x n1) (12x12xnl) (8x8xn2) (4x4xn2) '/ OUTPUT

n3 units

-

Figure 10: CNN Architecture [Yash,2020]

CNN stands for convolutional neural network, which is a type of feed-forward deep learning network used to solve
visual and text-based problems. [Hubel and Wiesel, 1995] pioneered the study of neurons in the visual cortex of
mammals to learn how neurons in visual pathways take information from patterns cast on the retina of the eye and
modify it on the way to the cerebral cortex, which analyzes and recognizes an image. This discovery influenced the
design of [Kunihiko Fukushima, 1988] Neocognitron , a multilevel artificial neural network with cascading layers
made up of two components : the S-cell layer and the C-cell layer. In Neocognitron, S-cell layers are the primary
feature extraction units, whereas C-cell layers pool information from previous simple cells and give it back to
subsequent simple cell layers in a feed-forward manner. With the exception of backpropagation as the principal
learning method, a modern CNN is a sequential iteration of Neocognitron architecture. [Yann LeCun et al, 1998].
used the MNIST dataset to demonstrate one of the first implementations of a CNN architecture known as LeNet-5
for the job of hand-written digit recognition. A CNN architecture, as shown in Figure(10), is made up of a stack of
different types of layers organized into two main components: a convolution and pooling layers unit that extracts
the input layer’s features and a fully-connected layer that classifies the results of the preceding feature extraction
units into a predictive label output. CNN has a distinct operation for each layer, which is briefly summarized as
follows:

a - Convolution Layer

The convolutional layer is the central component of a CNN, and it generates feature activation maps from
the input layer by moving various receptive fields, also known as filters, across the width and height of the
input layer and computing the dot product between the input layer and entries in the filter.

The convolution procedure generates multiple two-dimensional activation maps, as shown in Figure(11),
which are then fed into successive pooling layers. The stride value, which is set to one by default, determines
how far the filter moves per step. The activation function ReLLU is also used in the convolution layer, which
turns all negative values to zero.
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Figure 11: Feature Map computation by Convolution Layer [Li Yin,2018]

b - Pooling Layer

The activation volume generated by the convolutional layer is down sampled using the CNN’s Pooling Layer.
This is critical for decreasing the number of computations. When compared to average or L2-norm pooling,
max pooling is the most often utilized method in CNN.

It takes the maximum value of the image in that window, sliding spatially across the full image to get its
output. It uses a window of a modest size, 2 or 3, and takes the maximum value of the image in that window.
Maximum pooling, average pooling, and sum pooling are all examples of pooling criterion. Figure(12) shows
how to use max pooling to subsample the feature map.

e |
3 2 1 0

Max Pool 2x2 filters and stride 2| 3 4

Figure 12: Max Pooling operation with 2x2 Filter and Stride value 2 [Rachmad,2020]

¢ - Fully Connected Layer

The final unit in the CNN architecture is a fully connected layer, similar to the artificial neural networks that
were previously considered. All activations in the preceding layer are related to the neurons in this layer.
The output of the final pooling layer is flattened into a 1-D vector space after the features are inferred from
the input layer’s matrix space, as shown in Figure(13). The fully connected layer uses the flattened column
vector as input to interpret the features further, which is done by training the network via backpropagation
over a number of epochs. The final unit of the fully connected layer generates class label predictions using
an activation function such as a sigmoid or softmax activation function, which is also the CNN’s final output.
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Figure 13: Flatten operation converting feature matrix into 1-D vector input [Rabia,2021]

3.3.2 Recurrent Neural Networks (RNN)

A recurrent neural network (RNN) is a form of artificial neural network that is designed to work with time series or
sequence data. Ordinary feed forward neural networks are only designed to handle data items that are unrelated
to one another. However, if we have data in a sequence where one data point is dependent on the preceding data
point, we must change the neural network to account for these dependencies. RNNs feature a concept of 'memory,’
which allows them to store the states or information of prior inputs in order to construct the sequence’s next
output.

Output

Y

Input

Figure 14: simple RNN cell Architecture [Pranj,2017]

As previously stated, information flows in a single forward direction in typical neural networks. In any sequence
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of events, the network does not keep track of its past states. Recurrent Neural Networks (RNNs) are a sort of
deep learning architecture that, in addition to feedforward connections, have looping feedback connections that
allow the model to store permanent information across time.|Graves, 2012]

An RNN, as shown in Figure(14), receives input z; at a time stamp t to create y;, which is the network’s output.
Moreover, the network computes an internal state at time stamp t, represented by h;, which it passes from one
time step to the next internally within the network, where:

he = fu(hi—1,¢). (5)

In this equation, we are computing the recurrence relation in the network at every time step. The value of h; is
determined by function F which is parametrized by a weight w the older state of the network donated as h;_1 and
the input vector x; time t.

wh
() =
Whh th

Figure 15: Unrolled RNN Architecture [Khodadadi,2019]

We unroll an RNN to grasp how it computes the output of its network, as shown in Figure(15), where we can
explicitly explain the flow of weight matrices that remain the same through the network for a given time step. We
also compute the loss value from each RNN unit, capping of a single loop of forwarding across the network. After
that, all of the computed loss values from the separate time steps are added together to form a single loss value
L, which also determines the network’s total loss. Now the updated hidden state of each step in the forward pass
can be expressed on equation (6) as follows,

ht = tanh(W;iyht_l + Wiixxt) (6)

In contrast to a sigmoid function, which only outputs non-negative values, tanh symbolizes the hyperbolic
non-linear function employed with RNN, whose value can be both negative and positive, allowing for a drop or
increase in states. We employ two weight matrices, WhTy and W | as shown in Figure(15), because we are feeding
two independent inputs, one from the previous state and the other from the input z;.Now the output vector for
each timestamp is expressed on equation (7) ,

gt = Wisy ht (7)

Where h; represents the computed hidden state and wfly represents the weight matrix between the hidden state
and the output unit.

Training an RNN necessitates updating each weight in the network at each time step, for which we employ the
backpropagation through time (BPTT) algorithm, in which errors are propagated backward at each individual
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step, then across all time steps to the beginning of the data sequence, as shown in Figure(16).

—— Backward pass
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Figure 16: RNN Gradient Flow [Harshit,2019]

Computing the gradient in the network with regard to cell state hg in deeper RNN designs requires numer-
ous repeated multiplications of the weight matrix as well as repeated gradient computations using the activation
functions. As a result, the network faces the problem of exploding gradients, in which gradients get progressively
enormous due to constant accumulation per step and the network is unable to optimize them, resulting in overall
network instability due to severe weight changes. Another typical problem with RNN design is vanishing gradi-
ents, which occur when gradients grow increasingly smaller after repeated matrix multiplications, preventing the
network from being trained and optimized after a certain number of epoch cycles.

RNNs can convert a single input into a single output. In an image classification challenge, such mapping is
used. RNNs can also be used to map many inputs into a single output. This mapping could be used to assess
the sentiment, whether positive or negative, of a group of words, such as a sentence. Finally, an RNN can con-

vert a series of inputs into a series of outputs. This is commonly used in language translation, where the input is
a sequence of text in one language and the output is the translation in another. Figure(17) depicts these mappings.

One to one One to many Many to one Many to many
- -!

Figure 17: The different input-output mapping used in a recurrent neural network [Rohan,2019]
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® One-to-one
With one input and one output, this is the classic feed forward neural network architecture.

® One-to-many
This is referred to as image captioning. We have one fixed-size image as input, and the output can be words
or phrases of varying length.

® Many-to-one
This is used to categorize emotions. A succession of words, or even pages of text, is anticipated as input.
The result can be a continuous-valued regression output that represents the likelihood of having a favorable
attitude.

® Many-to-many
This paradigm is suitable for machine translation, such as that seen on Google Translate. The input could be
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a variable-length English sentence, and the output could be a variable-length English sentence in a different
language. For video classification at the frame level, the last many to many model might be employed.
Expect an immediate output if you feed every frame of a video into the neural network. However, because
frames are often dependent on one another, the network must communicate its hidden state from one frame
to the next. For this type of task, we’ll require a recurrent neural network.

Vanilla Recurrent Neural Networks , Long Short-Term Memory Cells, Gated Recurrent Units, Depth Gated
Recurrent Neural Network , and Clockwork Neural Network are examples of recurrent neural networks. For
example we list the details of vanilla.

Vanilla RNN

Figure(18) depicts vanilla RNN, which is the most basic kind of RNN. It determines the hidden state using a
function f with W parameters. To calculate the current hidden state, the recurrence function, which is most
commonly a tanh function, takes the current cell input and the hidden state from a prior time step.

Figure 18: The Vanilla Recurrent Neural Network [colah,2015]

The output at that precise time step is calculated using this hidden state. Equations (8) to (10) depict this
process.

he = fw (hi—1,7¢) (8)
ht = tan h(Why~ht—1 + Wmh.[xt) (9)
Yt = Why~ht (10)

For short sequences, when the time delay between relevant information and the location where it is needed is
tiny, vanilla RNN perform well. Such networks suffer from vanishing/exploding gradients for lengthy dependencies.
For sequences of only 10 or 20 characters, gradients can quickly reach zero. Long backpropagation iterations cause
this, which inhibits the network from learning how to model the problem effectively.
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3.3.3 Long Short Term Memory (LSTM)
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Figure 19: Structure of a LSTM unit [Wikimedia,2020]

[Hochreiter and Schmidhuber, 1997 constructed long short-term memory (LSTM) units that are retrofitted with
simple RNN cells to enable them to selectively regulate the information flowing through them in order to alleviate
the problem of exploding and vanishing gradients. The information gates, which may selectively add or delete
information from their cell state, are the most important component of LSTM units. A sigmoid neural network
layer plus a pointwise multiplier unit make up a gate. The sigmoid layer restricts the retention of data passing
through the cell between zero and one, thus gating the flow of data. An LSTM unit is made up of three key gate
components, as indicated in Figure(19), which are briefly detailed below:

a - Forget Gate: This gate specifies which information from the cell state will be discarded. The sigmoid
layer makes this judgment, based on the values of h;_; and x;, and outputs a number between 0 and 1 for
the cell state Cy_1. The output represents the amount of data that will be stored. A score of 1 indicates that
you should keep everything, but a value of 0 indicates that you should completely forget this knowledge.This
gate can be expressed by the equation (11)

fo=o(Wy.[he—v, 2] + by) (11)

b - Store Gate:This gate defines the type of data that will be stored in the new cell state. First, a sigmoid
layer, also known as the input gate layer, determines which values will be updated in this two-part process.
The following layer, tan h, provides a new candidate C} vector that will be added to the new state.These
steps can be expressed by the equations (12) and (13) .

It = O’(Wf.[htfl,.’l,'t] + bl) (12)

Ct = tan h(Wc.[ht_l, Z‘t] + bc) (13)
Based on the computation of the last two gates, we now update the old cell state C;_1 to the new cell
state C;. We increase the old state f;, thereby forgetting the earlier information, and then add it to the

information from the storage gate, i.e. the value produced from i; *x C;.This step is expressed by the equation
(14).

Ct = ft * Ct—l + it % Ct (14)
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¢ - Output Gate:Finally, in the current cell state, the cell must determine what information it will output.
We decide how much information about the cell state will be outputted using the sigmoid layer of the gate.
The cell state is also passed via a tan h unit, which squashes values between -1 and 1, and then multiplied
by the sigmoid gate’s output.The process can be expressed in the following equations (15) and (16),

0r = 0(Wo[he—1, 2¢] + bo) (15)

ht = o * tan h(Ct) (].6)

The major feature of LSTM is its capacity to preserve independence for each cell in the network, which elim-
inates the problems of vanishing and exploding gradients encountered in simple recurrent neural networks.
This allows the network to generate long- and short-term retention dependencies without losing key data or
filtering out irrelevant data.

3.4 Conclusion

Machine learning or deep learning has been in great demand in recent decades, and this can be said as a result
of the availability of computing power, as well as the availability of data in an organized and large manner. This
has made the world today turn towards research and development in this field to benefit as much as possible from
the available information to produce new knowledge and expectations that may be crucial for many fields. In
this chapter, we discuss many aspects of machine learning, such as deep learning, some types of artificial neural
networks, and their improvements to solve problems that researchers face in accessing highly efficient systems.
This chapter has been helpful in understanding the different techniques used in the field of machine learning and
deep learning, helping us to identify appropriate techniques to implement our vision-based system for detecting
falls in the elderly.
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4 Chapter 4 : Methodology and System Design

4.1 Introduction

This chapter describes implementation details of the system. The system can be divided into four modules or
steps, an input step that collects data, followed by a pre-procssing step where motion history images are generated,
followed by a convolutional neural network for feature extraction, and finally a neural network of densely inter-
connected neurons that is used for classiffcation. The implementation of the system is done using pytorch [Sarah
Lewis,2019| the open source machine learning (ML) framework based on the Python programming language and
the Torch library.

The algorithms used by deep neural networks allow learning the parameters of the functions that best classify
the data. This eliminates the need for hand-crafted features in order to categorize data, but offers a new difficulty
for machine learning programmers. That is, we need to discover the appropriate data format that would allow the
network to learn those properties. Therefore, in this chapter, we offer more details on pre-processing and represen-
tation of data and description of Dataset, that collectively gave insight into the appropriate data representation
for our purpose. Figure (20) shows a diagram of the stages of the fall detection system.

Data P .
) o reprocessing
collection -
Evaluation Processing .

M

Figure 20: the stages of the fall detection system.

4.2 Data Pre-processing and data representation
4.2.1 Motion tracking

In computer vision, motion tracking is the technique of separating a moving item from the backdrop in a series of
photographs. Optical flow and background subtraction, in combination with motion history images, are two such
approaches.

a - Background subtraction

Background subtraction is a frequent pre-processing step in motion analysis. A moving item can be differen-
tiated from the backdrop using a fixed camera by computing the frame difference between two consecutive
frames. The difference function D can be defined as en equation (17).

D(x;yvt) :‘I(‘T,yat)fj(xﬂ%t*l) |7 (17)

where I(x,y,t) is the pixel value at (x,y) at time t for an image I.
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b - Motion history image

To capture the movement which is considered to be temporal, one technique in computer vision we can use
is called Motion History Image (MHI). The concept is to incorporate the previous movement information
into the current image by decaying the previous position of the person along a specific period or a number
of frames.[Ahad, M et al, 2012]

A motion history image (MHI) is a way to represent motion over time in a single image. It keeps a history of
temporal changes for each pixel, which then decays over time. The MHI Hrp(z,y,t) can be computed using
an update function ¢ (x,y,t):

T if Y(x,y,t)=1

; (18)
max(0, Hp(z,y,t — 1) — § otherwise.

Here (z,y) and t shows the position and time, ¥ (x,y,t) gives the motion in the current image, the duration

T decides the temporal extent of the movement (e.g. in terms of frames), and 0 is the decay parameter. this

function is called for every new frame to be analyzed in the video sequence. the resulting image will be in

grayscale where more recently moving pixels are brighter and vice-versa.

The update function ¢ can be defined through a function as in equation (19),

semn={ 5 ot > (19)

0 otherwise.

where ¢ is a threshold value, that is, the motion is only detected when the difference is larger than £. the
time complexity of Hr is linearly dependent on the number of pixels in the image. That is, calculating the
difference between two images using the background subtraction method defined in equation (19) and then
updating each pixel in the MHI, the total cost is : O(N), where N is the number of pixels in the images.

4.2.2 Pre-Processing

The pre-processing step has three important tasks, sampling images from an input stream, re-scaling the sampled
images, and finally generating motion history images. these steps are executed in that order, see figure (21).

- - Image, .
Dimension Duration

Interval -

Video stream MHI

MHI—»
Image.: 7| UPDATER

Sampling

Figure 21: Shows an overview of the pre-processing module. It takes an image stream as input and outputs an
motion history image [Haraldsson,2018]

The preprocessing module is in charge of updating the state, which is the MHI "motion history image",
whenever a new image is provided to the module. The state-updating-behavior procedure’s is determined by three
parameters:
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e Interval indicates how often images are sampled from the image stream; for example, if interval is two, every
second image will be utilized to update the MHI.

e Dimension defines the MHI’s width and height in pixels.

e Duration defines the number of frames embedded in the MHI; for example, if duration equals five, the MHI
contains the last five sampled images. It’s worth noting that the module just has to save the previous image
and the current MHI because the prior images can be discarded whenever the MHI is updated.

The module can be adjusted to capture a time period T seconds of video footage in the MHI given an input stream
with a given frames-per-second (FPS) using the aforementioned parameters. This is described on equation (20).
duration x interval

= FPS (20)

The two variables interval and duration can be used to fine tune the time span, as shown in equation (20).
The preprocessing module uses duration = 40, interval = 2, and dimensions = 128 * 128.

Updating MHI:

Figure (22) shows an implementation of the MHI updating function, which is based on Hp, which was defined
in equation (20).

Figure 22: Shows generated MHIs. In A) a person is falling from a chair, B) a person is falling from standing
position, C) a person walking around.

Below is the pseudocode of the implemented algorithm:

Input : A MHI mhi, the current image I., the previous image I, a duration J, and a threshold &.
Output: An updated MHI mhi*.

1 Iy < DiffRGB(I,, I,,);

2 I, <+ ConvertToGrayScale(1,);

3 I < BinaryThreshold(Iy,§);

4 mhix < Decay(mbhi, 9);

5 mhix < Add(mhix, I});

The algorithm starts by subtracting the background from two successive sampled images as described in section
4.2.1. The end product might be viewed as a snapshot of the motion between the two images. The algorithm then
converts the difference-image I; to grayscale, with brighter pixels indicating more movement and darker pixels
indicating less movement. The pixel values are saved in the range [0, 1], therefore each pixel is compared to a
threshold value £ = 0.1 when determining if I; has moved enough. As a result of this operation, you now have an
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image with just black or white pixels. Finally, the MHI’s status is updated in two steps.First by reducing all pixel
values with ——=— and secondly by adding the binary image I, to the MHI.

duration’

4.2.3 Data Splitting

The captured images from RGB videos were converted from the default bitmap image file to PNG format for
easier compatibility with the available image processing libraries. This enabled the easier processing of the images.
Further, each of the images was annotated with a fall classification to represent a fallen person. The images were
split into images for training and images used for testing the developed model. This was achieved after selecting
the images according to the number of people appearing in the image. This ensured the proper distribution of the
images in both the training and validation set to reduce the chance of bias. As highlighted earlier, the training
set were placed in a folder with their data annotation information. Similarly, a validation set folder was created
with the pictures and the annotation data.

4.3 Dataset

We used the Fall Detection Dataset (FDD) | Charfi, 2013 | was utilized for training.For training efficiency, not
having to pre-process the dataset all the time, the complete FDD was converted to a new dataset called Motion
Dataset (MD) that consisted solely of motion history images.

Figure 23: Pre-processing operation.

4.3.1 What is FDD ?

FDD It was recorded using a camera with 25 FPS and a resolution of 320 x 240 pixels ,and comprises of 190 films
in different simulated scenarios including offce, coffee room, home, and lecture room. By simulate, it indicates
that the situations were staged and folks in the videos were falling on purpose. The falls were done for different
angles, falling backwards, forwards or to the sides, and also from different positions such as sitting and standing.
Some movies would not involve any fall but rather have similar gestures such as picking up an object from the
foor, or sitting down in a sofa or on a chair.
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4.3.2 What is MD ?

MD created by passing the FDD, frame by frame through the preprocessing module and recording the output.
The produced MHI was separated into two classes, fall and non-fall . For MHI belonging to the Fall-class, it
must have the most recent photo taken in the critical phase period of the Fall, otherwise the MHI will belong to
the non-Fall-class
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MD was further separated into three subsets : train, val, and test with a ratio of 0,7, 0,2, and 0,1 respectively.
MHIs originating from the same video would be in the same subset to avoid any correlation between the subgroups.
The train set was utilized for training, the val set for validation during training and for determining suitable model
parameters, and the test set for evaluation.

4.3.3 Dataset description

Table No. (1) shows MD the total number of tires and the number of tires falling and not falling in (FDD ,MD
Jtrain ,val ,test)

Dataset Size (MB) Total frames Fall frames Non-fall frames
FDD 17408 75911 4908 (6.5%) 71003 (93.5%)
MD 25 26346 11446(43.46%)  14891(56.54%)
train 17 21569 11173(51.8%) 10396(48.2%)
val 5.7 3310 153(4.62%) 3157(95.38%)
test 24 2133 120(8.23%) 1338(91.77%)

Table 1: Shows the number of frames that are labeled as fall and non-fall.

The MD that was generated As shown in the Table(1). The dataset is unbalanced because the original dataset,
the FDD, contains 75911 frames, 4908 of which are labeled as fall and 71003 as non-fall. Because each MHI might
span several frames and hence contain frames labeled as non-fall, there are more MHIs labeled as fall than there
are frames labeled as fall in the original dataset.

4.4 Framework’s overall architecture
4.4.1 Transfer learning

Transfer learning consists in reassign the parameters of a neural network trained with one dataset and task to
another problem with a different dataset and task.When the target dataset is significantly smaller than the base
dataset, transfer learning can be a powerful tool to enable training a large target network without over-fitting.
We have used MobileNet-v2 as the base model, pre-trained for object detection task on the ImageNet dataset.
Learning millions of parameters during this pre-training will be done in order to get generic visual features. These
features will be fed to our convolutional neural network .We retrained the network on the FDD dataset [imvia ,
2020] to learn more motion features that could be later used to classify falls in the motion stream. Finally, we
reuse the network weights and fine-tuning the classification layers in order to generate two classes ‘fall’ or ‘not
fall’.

4.4.2 Proposed Neural Network Architecture

To overcome these challenges with CNNs, we offer a more elegant deep learning architecture in this study that
can function with less training photos and produce more precise classifications. The fundamental idea is to add
layers to a traditional contractual network, replacing pooling operators with up sampling operators. As a result,
these layers improve the output resolution [ O.Ronneberger, 2015], [S.Guan, 2020].

High resolution characteristics from the contracting path are merged with the up sampled output to localize.
Based on this knowledge, a subsequent convolution layer can learn to create a more exact result. One significant
change in our architecture is that the up-sampling portion now has a large number of feature channels, allowing
the network to pass context information to higher resolution layers.
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Figure 26: Proposed Neural Network Architecture to classify human fall.

e MobileNetV2 Stage

The proposed network architecture, shown in the figure (26) for binary classification , consists of a contracting
path (left side) and a classifier head (right side). Now we describe architecture of The contracting path (
MobileNet-v2 ) in detail. The basic building block is a bottleneck depth-separable convolution with residuals.
The detailed structure of this block is shown in Table (2).

Input Operator Output
hxwxk | 1x1conv2d,ReLU6 | h x w x (tk)
h x w x tk | 3 x 3 dwise s=s, ReLU6 | 2 x % x (tk)
%x%xtk linear 1 x 1 conv2d %x%xk'

Table 2: Bottleneck residual block transforming from k to kO channels, with stride s, and expansion factor t, and
hight h, and width w.

MobileNetV2’s architecture ( see table (2) ) includes a fully convolutional layer with 32 filters, followed by 19
residual bottleneck layers. Because of its robustness when utilized with low-precision computation, we use
ReLU6 as the non-linearity [Andrew G et al, 2017]. During training, we always use kernel size 3x3, which
is common for current networks, and we use dropout and batch normalization. [Mark Sandler et al, 2018].

We use a consistent expansion rate across the network, with the exception of the initial layer. In our tests, we
discovered that expansion rates of 5 to 10 produce almost equal performance curves, with smaller networks
performing somewhat better with lower expansion rates and bigger networks performing slightly better with
higher expansion rates.[Mark Sandler et al, 2018].

We use an expansion factor of 6 to the size of the input tensor in all of our key studies. The intermediate
expansion layer is 64x6 = 384 channels for a bottleneck layer that receives a 64-channel input tensor and
generates a tensor with 128 channels.

e Trade-off hyper parameters

We tune our architecture to multiple performance points, as described in [Andrew G et al, 2017|, by employ-
ing the input picture resolution and width multiplier as configurable hyper parameters that may be altered
based on desired accuracy/performance trade-offs. Our core network (width multiplier 1, 224x224) uses 3.4
million parameters and has a computational cost of 300 million multiply-adds. For input resolutions ranging
from 96 to 224 and width multipliers ranging from 0.35 to 1.4, we investigate performance trade-offs. The
network computational cost ranges from 7 to 585 million multiply additions, with model sizes ranging from
1.7 million to 6.9 million parameters [Mark Sandler et al, 2018].as show on figure (27).
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Figure 27: MobileNetV2 convolutional neural network architecture [Wang,2020]

One minor technical difference from [Andrew G et al, 2017] is that we apply the width multiplier to all layers
except the very last convolutional layer for multipliers less than one. For smaller models, this increases
performance.

Input Operator t c nl s
2242 x 3 conv2d - 032 [ 1]2
1122 x 32 bottleneck 1 16 111
1122 x 16 bottleneck [ 6 | 24 |2 | 2
562 x 24 bottleneck 6 32 3|2
282 x 32 bottleneck | 6 | 64 |4 |2
142 x 64 bottleneck 6 96 311
142 x 96 bottleneck | 6 | 160 | 3 | 2
72 x 160 bottleneck 6] 320 |11
72 x 320 conv2d 1x1 | - [ 1280 [ 1 | 1
72 % 1280 avgpool 7x7 | - - 1] -

1x1x1280 | conv2d 1x1 | - k - -

Table 3: MobileNetV2 : describtion of al sequence.

As shown in the Table (3) Each line describes an n-times repeating sequence of one or more identical (modulo
stride) layers. The number of output channels is the same for all layers in the same sequence. Each sequence’s
initial layer has a stride s, whereas the rest utilize stride 1. kernels 3x3 are used in all spatial convolutions.
As shown in Table (2), the expansion factor t is always applied to the input size. [Mark Sandler et al, 2018].

e Classifier (Fully Connected Layers) Stage
At the end of the last block of the MobileNetV2 stage, the feature map matrix is flattened into vector
form and fed into a fully connected layer, like a neural network, called the classifier stage. With the fully
connected layers, we combined these features together to create a model. Finally, we have an activation
function, Softmax, to classify the outputs as a fall case or non fall case.

4.4.3 Training with a Pre-Trained Model

A good initialization of the weights is highly crucial in deep networks with several convolutional layers and diverse
pathways through the network. Otherwise, some portions of the network may activate excessively while others

50



Chapter 4 Methodology and System Design

never contribute. The initial weights should ideally be adjusted so that each feature map in the network has
approximate unit variance.

Since we work with a medium dataset in fall theme, it is a common practice to take advantage of features learned
by a model trained on a larger dataset in the same domain. This is done by instantiating the pre-trained model
and adding a fully connected classifier on top. A pre-trained model is a saved network that was previously trained
on a large dataset, typically on a large-scale image-classification task. The pre-trained model is "frozen" and only
the weights of the classifier are updated during training. In this case, the convolutional base extracted all the
features associated with each image, and a classifier was trained to determine the image class given that set of
extracted features.

In this study, we used all the model features extracted from theMobileNetV2 model pretrained on the ImageNet
dataset with 1.4M images and 1000 classes for all the training parameters in the MobileNetV2 stage of our network
architecture [M.Sandler, 2018] , [A. Michele, 2019].

4.4.4 Fine-Tuning a Pre-Trained Model

Along with the training of the new classifier, one technique to improve performance even further is to train (or
"fine-tune") the weights of a few selected layers of the pre-trained model. The weights will be forced to be modified
from general feature maps to features particular to the dataset during the training phase. The farther up a layer
is in a convolutional network, the more specialized it is. The first few layers learn very basic and generic aspects
that apply to practically all image formats. The features get more particular to the dataset on which the model
was trained as you move higher up. Instead of overwriting the generic learning, finetuning aims to adapt these
specialized features to operate with the new dataset.

4.5 Conclusion

In this section ,we pre-processed and description the data ,we also proposed a model based on detection the fall
of the elderly using the Python programming language and the Torch library on the fall detection dataset ,and
training this model.
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5.1 Evaluation of results

In this section we evaluate the system based on the problem definition from the section (1.4). An evaluation of the
performance of the system and the accuracy of detecting positive and negative cases of falls is conducted for the
total test dataset. We will also compare the quality of the system with other similar systems, based on sensitivity,
specificity and accuracy. This will give an insight into the possibility of applying the system to reality based on
the results obtained.

5.1.1 Throughput test

Since we did not have a computer with powerful features that would enable us to implement our project, we used
the Google Colab service.

Google Colab is a research tool for machine learning education and research , available in two versions free and
paid. It is a Jupyter notebook environment that does not require any setup to use. Google Colab works with all
major browsers such as Google Chrome, Mozilla Firefox, Safari. Google Colab allows us to use Jupyter notebook
Portable and share it with others without the need to download, install or run anything on your computer other
than the browser, we used the free version period, but it was very intermittent and had weak features such as
GPU and RAM account resources, also little execution time. It wasn’t enough to get our work done, so we signed
up for the paid Collab Pro service.

We also faced a problem with storage space, as we relied on Google Drive to store files and data collection. So we
made a paid subscription to get extra storage space.

Configuration material

GPU: 1xTesla P100, having 3584 CUDA cores, compute 5.3, 16GB HBM2 Vram

CPU: 2 core hyper threaded i.e., (2 core, 4 threads) Xeon Processors @2.20GHz 56MB Cache RAM: 13GB
available.

high-RAM: 27.3 gigabytes of available RAM.

5.1.2 Detection test

The system must determine if an MHI reflects a fall or not from the perspective of binary classification. The
accuracy, sensitivity, and specificity measures are used to evaluate the system’s performance. Where sensitivity
indicates how well the system detects genuine falls, and specificity indicates how well the system accurately clas-
sifies non-falls. Accuracy is simply the ratio of correctly classified to incorrectly classified data. Sensitivity and
specificity are particularly valuable since they are not influenced by unbalanced datasets, as are the fall detection
datasets. These metrics are defined as:

TP
itivity = ———— 21
Sensitivity TP LN (21)
TN
Y 99
Speci ficity TN+ FP (22)
TP+ TN
ACCUTGC:IJ_TP—I—TN+FP+FN (23)

Where TP = True-Positive, TN = True-Negative, FP = False-Positive, FN = False-Negative. Thus, the system
performance is evaluated for each MHI for a given video, that is, we check if a prediction matches the label for a
certain MHI. As a result, the following is the definition of the values indicated above:

e TP: a MHI is predicted as fall when labeled as fall.

e TN: a MHI is predicted as non-fall when labeled as non-fall.
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e FP: a MHI is predicted as fall when labeled as non-fall.
e FN: a MHI is predicted as non-fall when labeled as fall.

The test was carried out using the dataset MDtest specified in Section 4.3.2, and the result can bee seen in
the confusion matrix in table 4. In other words, when a fall occurred over n frames, the algorithm correctly labels
95.61% of these n frames, yet 4.39% of all non-fall frames also get categorized as a fall.

5.1.3 Generality test

The ability of the system to be independent of the background is one of the primary benefits of evaluating motion
rather than posture. The system was trained on FDD as outlined in Section 4.4.3 and then tested using the same
methods to see if it had learned and generalized the falling motion.

Actual Fall | Actual No Fall
Pred. Fall 83 27
Pred. No Fall 37 1311

Table 4: Shows the number of TP, FN, TN, and FP for MDtest.

Confusion Matrix

A confusion matrix is a visual representation of the performance of a classification model. It basically is a
table with four different combinations of predicted and actual values. A classification model’s outcome can be
summarized into these four possible categories:

a . True Positive(TP): This corresponds to the values which were predicted to be positive, and they turn out
to be positive and correct. In the case of fall detection, the model predicted the person to be fall, and it
indeed is fall. Hence the system made a correct prediction. A higher true positive value means the model is
making good positive predictions.

b . False Positive(FP): This corresponds to the values which were predictive to be positive, but they turn out
to be negative and hence false. In the case of fall detection, the model predicted the person to be fall, but
the person a no-fall. A high false positivity of an fall detection leads to unnecessary false alarms and causes
needless disruption of services.

¢ . True Negative(TN): This corresponds to the values which were predicted to be negative and they turn out
to be negative and hence correct. In the case of fall detection, the model predicted the person to be no-fall
and it was indeed a no-fall. Again, a higher true negative is also deemed to be a positive indicator of the
model’s performance.

d . False Negative(FN): This corresponds to the values which were predicted to be negative, but they were
in actual positive values. In the case of fall detection, the model predicted the person to be no-fall, but the
person a fall. This is the most crucial indicator of an intrusion detection system’s performance. This value
represents how many wrong predictions the model made.
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Results and Discussions

In order to evaluate the efficiency of the classification model of our system compared to other fall detection
systems that have been trained based on different datasets, we note the results shown in Table (5).

Dataset | Sensitivity | Specificity | Accuracy
URFD 74.90 % 88.20 % 80.20 %
MCFD 33.99 % 88.76 % 83.95 %
MDye st 69.17% 97.98% 95.61%

Table 5: Shows the sensitivity, specificity, and accuracy on the three different datasets.

As in the previous section, the detection test, compare on two other public datasets; MCFD [E.Auvinet et al,

2010], and URFD [Bogdan Kwolek, 2014]. The results can be seen in the figure(29).
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Figure 29: Comparison of the proportions of sensitivity, specificity, and accuracy on the three different datasets.

5.1.4 Fall detection range

When RGB images are used as input to the system, the system can theoretically detect a fall from any distance as
long as the resolution is high enough. The FDD used for training simulated a variety of environments, including
a standard-sized room with varying distances between the camera and the person falling. There is no information
on the dimensions of these rooms, but based on the videos, the areas were around 6x4 meters.

5.1.5 Low intrusiveness

Another requirement was low intrusiveness. Only the silhouette was analyzed, hence this was partially solved
using MHI. Furthermore, because the system only analyzes the motion of a person’s silhouette, it will not see you
while you are still ,such as when you are sleeping.

5.1.6 Interoperability

The output of the neural network is in the interval [0,1], which can be understood as a confidence value for how
convinced the system is that it has detected a fall. This might then be used to communicate with other systems,
such as an alarm system, to make decisions based on the system’s predictions.

Where is efficient automated data sharing between applications, databases, and other computer systems is a crucial
component throughout networked computerized systems, especially interoperability in healthcare information and
management systems.

5.2 Discussion

In this section, we will compare the performance of our system to that of other similar vision-based systems, as
well as evaluate its flaws and potential improvements. We’ll also review some problems that came up during the
process of building and training the model, before concluding with some comments about deep learning.
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Approach Sensitivity | Specificity | Accuracy

Nunez-Marcos [Nunez-Marcos et al, 2017| 99.00 % 97.00 % 97.00 %

Charif [Charfi, 2013| 98.00 % 99.69 % 99.61 %

Zerrouki and Houacine [N, Zerrouki and A, Houacine, 2018§] - - 97.02 %
Our Proposal 69.17% 97.98% 95.61%

Table 6: Comparison between our system and other approaches that used FDD for evaluation.

5.2.1 Comparison

When comparing the results of Section 5.1.3 with those of other vision-based systems, one issue is the absence
of public available datasets, which has pushed many to construct their own. As a result, our system will be
compared against other vision-based systems that have utilised the FDD.Table (6) shows the results from Section
5.1.3 compared to others on the FDD.

e Nunez-Marcos [Nunez-Marcos et al, 2017] produced state-of-the-art classification results. They evaluated
their system in the same way that we did, frame by frame classification. They employed the more compli-
cated VGG network as a classifier, and the amount of trainable parameters for VGG and MobileNet with
a= 1 may be compared in [Andrew G et al, 2017], with VGG having 138 million compared to 0.5 million for
MobileNet. We used o = 0.25 and hence have a lower level of complexity. Their research made no mention
of whether their system method works in a real-time context, however they did train on an NVIDIA TitanX.

e Charif [Charfi, 2013] used a majority vote over a series of frames to test their system. They classified 18 im-
ages individually before making a final decision in their case. Their findings are striking, demonstrating that
a fall detection system based on simpler classification methods is more effective than deep neural networks.

e Zerrouki and Houacine tested their method on sub-video sequences that were labeled as fall or non-fall.
However, they merely reported the accuracy, which might be misleading if the dataset is unbalanced, as in
the case of FDD [N, Zerrouki and A, Houacine, 2018].

5.2.2 System drawbacks & Improvements
Even though the system has shown to be fairly effective, there is still potential for development.

a - Input

The use of RGB photos as input is an obvious flaw in the current design. Because the preprocessing module
cannot identify a moving person from the background if the input feed is all black, the system cannot function
effectively at night. Instead of using daylight-independent cameras, infrared cameras or other comparable
daylight-independent cameras could be used.

b - Pre-processing

How the MHIs are generated is a problem linked with brightness. the background subtract function set in is
sensitive to changes in light, for example, if a light is turned on, all pixels will move and the resulting MHI
will be covered with just white pixels. Other, more complicated backdrop subtraction algorithms, such as
removing shadows, partially overcome the difficulties with light changes. Because light changes in the input
stream are an inherent part of RGB cameras, one could argue that the problem is at the input level, which
could be rectified for example by employing a time-of-flight camera.

¢ - Feature extractor & Classifier

During training, it was often found that the network would overfit on the training data. Which is called
overfitting. To solve this problem, the network must distinguish silhouette poses, not just the person’s
silhouette. And a larger dataset might be another way, to minimize overfitting.

The present classifier has only been trained on FDD, and each video in that dataset only has one actor. The
system is incapable of detecting many falls at the same time. but could be tackled via image segmentation,
then analyze it.

Decision are made is currently done at a frame-by-frame, which could result in isolated decisions. Charif
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[Charfi, 2013] shown that utilizing a majority vote approach to solve this problem yielded good results.
The feature extractor’s input layer currently accepts a 3-channeled input, but the resulting MHI are only
1-channeled. The grayscale images were copied over all three channels to solve this problem. the depth of
the input layer should be reduced to one.

d - Problems encountered

During the early stage of development, after selected FDD as the dataset, it was observed that the annotation
of FDD was incomplete. Less than half of all the videos were annotated, and we had no access to the tools
that had been used for labeling. Because it is desired to have an uniform labeling method for the entire
dataset.

One aspect that have affected the whole project is the time demanding task of training neural networks, in
particular the convolutional layers. It could take days merely to test one set of parameters.

There were several reasons for using a pre-built network, such as MobileNet, rather than building one from
scratch. Using a network that has been shown to converge well towards an optimal solution seemed like a
reasonable choice, and it was used in [Nez-Marcos et al, 2017] where they used VGG. It was also discovered
early on that using weights learned from ImageNet to transfer learning gave a significant boost in classification
accuracy, but training a custom network from scratch on ImageNet would be too time consuming for this
project’s time window. As a result, using a model with pre-trained weights was appropriate because it saved
time.

The limited amount of public fall detection datasets has already been noted as a barrier to deep learning
solutions in the field of automatic fall detection [Shehroz,S et al, 2017]. Fortunately, transferred learning
can help to alleviate this issue to some extent, although a larger and more diverse dataset with additional
regions and people would be ideal. Other strategies include data augmentation, which involves transforming
data, such as rotating and scaling, to produce a huge dataset. This was tried, however it resulted in
faster overfitting. The explanation for this could be that the transformations were insufficient; for example,
because turning a photo 90 degrees would cause the person to tumble off the wall, we utilized considerably
less rotation, resulting in nearly similar images. Perhaps simply arranging the photos horizontally, so that
a person descending from the left would fall from the right, and vice versa, might suffice. This strategy was
abandoned because data augmentation effectively increases data size and therefore training time.

e - Our thoughts

We believe this study was a fascinating study that demonstrates how strong, but also constrained, deep
learning can be. By examining silhouettes of people, the network became surprisingly good at recognizing
falls. As a result, deep learning is a truly revolutionary technology that will likely have a profound impact
on our entire society. With the rise of the internet of things, it will be interesting to observe if machine
learning algorithms can be implemented at the network’s edge in the next years. That is, rather than being
done in data centers, intelligent decision making is done at the sensor level.

5.3 Conclusion

In this work, we presented a real-time vision-based fall detection solution. The system captures temporal features
using motion history images, that are used as input to a deep convolutional neural network. The network employs
depthwise separable convolutional layers to effciently extract spatial features from the motion history images.
The system performed fairly well against previously proposed systems in terms of sensitivity and specificity on
the public fall detection dataset FDD. The system was also evaluated on two other public datasets to test the
generality of the system. However, it was shown that the system is very dependent on the training data and could
not generalize the moving motion of a fall across different datasets.
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6.1 Conclusion

Because late detection of falls can have serious consequences such as death or serious injury, especially for the
elderly and sick. Fall detection systems seek to reduce response time as much as possible.

In this work, we present a solution for fall detection, which is a vision-based system. The system uses the public fall
detection dataset (FDD) to train a binary classification model to classify the activity as fall or no fall. The system
first processes the input data, by means of a preprocessing unit, which converts RGB videos into motion history
images MHI, which are passed as input to a deep convolutional neural network CNN. The network ingeniously
extracts the spatio-temporal features of the falling motion from motion history images MHI.

It was noted that the performance of the system is somewhat good in terms of sensitivity and specificity compared
to other previously proposed systems that depend on the fall detection dataset FDD. The system showed good
accuracy in detecting falls but it relies heavily on training data and cannot generalize the movement of falls to
different datasets. The preprocessing unit can be set manually to adjust the sampling frequency and capture
longer or shorter time intervals, both parameters can be adopted to improve the accuracy of the system. The
pre-processing algorithm has some flaws such as light and background effect, but nevertheless it was a partial
solution to the problem of interfering with people’s privacy, where silhouette images are processed instead of raw
input data. The use of transfer learning ,by pre-trained model MobileNetV2 has been very successful , especially
when a large amount of training data is not available.

6.2 Delimitations

Although various fall detection systems exist, our project will focus on creating a vision-based system. The major
objective will be to develop a machine learning model that can identify falls in pictures, such as video broadcasts.
As a result:

e We won’t be able to set up a complete system with cameras and computation units.
e The system part that alerts a third party if someone falls will not be built.

e To train the model, we’ll use a pre-processed dataset (images), which means we won’t finish pre-processing
the video clips.

6.3 Future Vision

In the future, researchers should look into transferable learning from other domains, such as video classifications.
There are still a few things to finish, such as To use a real camera, as the current input module is simulating
a camera using stored videos, an Application Programming Interface (API) to integrate with other systems,
and further development to make the choice more robust, i.e. higher sensitivity and specificity, Which can be
accomplished by following the recommendations:

e To improve the accuracy of posture detection, more balancing data for falls and routine activities should be
used to train the model.

e Data augmentation settings can be explored further, such as rotating the person to a larger angle and using
vertical and horizontal flips to improve the model’s learning for detection. In the final step, better posture
detection can enhance LSTM classification accuracy.

e It’s also a good idea to training the model in low-light situations at night. This may aid in the model’s
subsequent generalization.

e To explore more possibilities in fall detection, compare the detected region features with various classification
algorithms.

e In the future, it may be possible to track a falling person while another person is present.
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