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Abstract

Fall or sudden fall down is such a word to elder people when they talk about it among themselves,

makes them terrified with the consequences after a simple fall occurs, for example, fall while walking, fall

while trying to sit down on chair, fall caused by slipping inside toilet or slippery floor. Now the question

may come why the consequences of a sudden simple fall become so important because it can create fatal and

non-fatal injuries. People with an age of 65 or elder are in more risk with random and sudden fall. That’s

why sometime it is considered more dangerous than other old-age diseases which may lead to heart-attack,

brain-stroke etc. Therefore, more often it is seen that elder people limit their social life and normal daily

activities inside their own apartment and keep living a poor quality of life. As mentioned above a sudden

fall may occur during any activities related to daily living (ADL), so, fall detection and prediction is closely

related to human activity recognition. The probability of sudden fall compared to ADL is very less. In this

thesis human activity recognition is considered so that fall related service can be ensured to the user.

Research in fall related service has two directions, named fall detection and prediction, which are being

an interest to the research community since 2000. Early researches are belongs to single sensors with static

threshold methods and classical machine learning techniques which only classify fall and non-fall, while ADL

can causes false alarm. Recently, researchers show more interest with multiple sensors and modern machine

learning techniques on a single chip on-board device. This single chip on-board devices have issues with

computational power, battery consumption, memory which makes them unease to users. Current available

products in fall related service are mainly provide fall detection service and are also a single chip on-board

device either in form of smart watch, smart phone or smart pendent. But these product are costly, generate false

alarm, less accurate, perform binary classification only and are not fully automatic. Human participation is

needed for pressing SOS button in emergency. Therefore, a end-edge-cloud based human activity recognition

platform which can be used to predict and detect a sudden fall with a single algorithm, is introduced in

this thesis work. This research work solely focus on wearable type multiple sensors where they are fused

together. Signal from these different sensors are fused together and considered as the input for the human

activity recognition algorithm. The algorithm will be developed with recurrent neural network (RNN), broad

learning system and federated learning. The proposed method will successfully recognize daily activities as

well as predict and detect a sudden fall. As the functionality of the on-board system is distributed into three

tiers, this thesis work will also investigate total latency, overall accuracy, user specific model development,

raw data security etc. A series of simulation setups in MATLAB and Python environment will evaluate this

research work.

Key words: Elderly health-care; Human activity recognition; Fall detection and prediction; LSTM; Broad

learning system (BLS); Federated learning; Wearable Camera; Accelerometer; Gyroscope; Data Fusion.
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Chapter 1 Introduction

Elderly health care becomes a global issue nowadays. With the increasing number of old
people around the world, the number of caregivers becomes less. According to published statis-
tics in Statista [1], detailed elderly population distribution all over the world is shown by the
following Fig. 1-1. We can see that around 9% population in the world belongs to the elderly

Figure 1-1 Proportion of elderly citizens globally in 2019 (Original data source in [1]).

citizen class. It is a clear identification for Europe that in upcoming years services related to
elderly citizens will become an important issue to handle. Before going further the definition
of elderly citizen is as the people over 65 years old are considered as old people [1,3–5]. The
number of the elder citizen is also growing at a fast rate. For example, the USA is expecting an
increment of 19% of elder citizens in 2030 compared with 2010, while the ratio of the working
class citizen to elderly citizens will drop down from 4.3% to 2.3% [6]. Statista published that
the elder citizen in the United Kingdom will be around 24.7% by the year 2046 [7]. China, the
largest populated country in the world, is also facing a similar increasing trend in the case of el-
derly citizens. From the demographic report published in Statista, there are around 167 million
elderly citizens by 2018 which shows upward incremental slop [8]. The China National Commit-
tee on Aging (CNCA) has projected that by the year 2050, the elderly citizen will reach 35%
of the total population [9]. The number of people aged 65 or over grows so rapidly that will be
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around 1.5 billion by 2050 [10,11]. Due to the fact of social security provided by the governments
in developed and some developing countries along with other social factors like trends of young
people moving towards the city, unwilling to be burdened on grown-up children, elder citizens
like to live independently, regardless of complicated medical conditions e,g, heart attack, brain
stock, sudden sugar fall, dementia, frailty, urinary tract infections (UTI) or risk of falling [6,12,13].
However, untreated health conditions can cause death [6,14]. Similarly, delay in assessing health
can be very dangerous due to the fear of hospitalization, wrong physician’s assessment, self-
impression of such changes are normal at this age, the social reluctance of admitting health
issues, etc [12]. To support this increasing aging issue number of social welfare and medical
supports is increasing, but the manpower is limited. Therefore, it is worth taking advantage of
modern information and communication technologies like LTE-M, deep learning, IoT, wireless
sensors network, modern machine learning techniques, etc. To handle the unreported health
problem, sudden fall down an automatic health monitoring system can be the solution. Such a
monitoring system can be a smart home that monitors human activities regularly. Examples of
such systems are [15–18]. There are various techniques wearable, non-wearable, ambient, or fu-
sion, used for this daily activity monitoring. This human activity recognition (HAR) system can
be used for preventing, predicting, and detecting both chronic diseases and any sudden fall [19,20].
Researchers all around the world are making an effort on deploying ubiquitous wireless sensor
networks to monitor the health of older adults. As it is a vast area to explore, in this research we
are only considering human activity recognition techniques that can be used for fall detection
and prediction. The following Fig. 1-2 shows the exact research area that we want to explore.
As indicated in Fig. 1-2, this research work mainly focuses on developing a wearable fall pre-
diction and detection system through human activity recognition (daily activities like walking,
sitting, standing, lying down, etc) by using multiple sources of information and deep learning.
The term multiple sources of information presents information fusion of wearable cameras, ac-
celerometers, gyroscopes, and/or other wearable sensors.

1.1 Motivation

The following Fig. 1-3 shows the common fall scenarios like falling during walking stairs,
falling during walking, slipping on the floor or bathroom, falling while sitting on the chair, etc.
happen to elderly citizen [21,22]. The common consequences of a sudden fall are a violent blow,
loss of consciousness, sudden onset of paralysis as in a stroke or an epileptic seizure. A sudden
fall can occur both indoors and outdoors while performing any daily activities.
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Figure 1-2 Research area covered with this research.

The definition of fall can be given as the sudden change of state from standing to either
lying down, sitting, or any lower positions [26]. Elderly people described in the introductory
part are at high risk of getting a sudden fall. Every year there are around 650 thousand injuries
occur that are related to falls according to World Health Organization (WHO) [3], [27]. These falls
can cause fatal or non-fatal injuries from pain in the muscle, broken limbs, hip fractures, and
head trauma to death. Each patient has to spend a lot of money on treatment [26,28–30] as well
as personal costs. The after-effects of falls are also very serious as they contribute to fear of
falls, depression, avoidance of daily activities, less physical activity, and lower quality of life,
especially in individuals who live independently [29]. An elderly citizen faces a sudden fall and
enters into the fall cycle (see Fig. 1-4). This is a vicious cycle that causes an elderly person
to fall phobic after experiencing a fall, therefore avoiding certain activities and becoming less
physically active with a low-quality lifestyle. These fewer physical activities, make muscle mass,
balance, and bone density lose, which eventually makes them fall again.

A survey on 125 people over and equal 65 years old people shows that falling on the floor
and staying there over an hour causes death to half of the number within six months [14]. More
than eight hundred thousand elderly people who are 65 or above, are using medical alert systems
like MobileHelp, Bay Alarm Medical, LifeFone, Philips Lifeline, QMedic, etc with the lowest
monthly cost of USD 19.99 [2]. The following Fig. 1-5 shows different types of available fall
detection products.

These services provide wearable or mobile devices to provide mobility to the users. Be-
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(a) Fall down on floor [23].

(b) Backward fall from walking upstairs [24].

(c) Forward fall from walking [25].

Figure 1-3 Typical fall down scenarios.

sides the subscription fees, these systems also require user participation for pressing the SOS
button during an emergency (see Fig. 1-5a, 1-5c and 1-5d). Similar to Medical Guardian’s Free-
dom, the Apple watch of series 4 and 5 is capable of detecting falls using an accelerometer and
gyroscope. But the Apple watch for fall detection has mixed reviews and the Apple watch itself
is very costly and required an additional subscription fee for medical alerts. All these products
are only capable of detecting a fall not predicting [2,29]. Therefore, this is a need of developing
an effective solution that can predict and detect a sudden fall. We want to develop such a system
that can be self-engaged in the emergency situation and economically cheaper.

Similarly, technical challenges in the recent developmental works in fall detection and pre-
diction are also the motivation of this research work. Some of these technical challenges are as
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Figure 1-4 The fall cycle.

follows:

1. Most of the developments are either for fall detection [31], [32] or prediction [33], [34], so a
complete system which can provide both service like [35] with more efficiency need to
developed.

2. By developing a user-specific system in [35], authors are able to reach high efficiency. It
will be difficult to maintain such high efficiency when we consider an end-edge-cloud
type architecture.

3. Most review papers [29], [28] are only based on the published papers, so it is needed to make
an alternative review based on simulation or experimental data.

4. Accuracy, sensitivity or recall, specificity, precision are the evaluating parameters in most
of the research papers, for example, Ozcan [36], UniMIB SHAR [32], MobiAct [37], UCI
HAR [38], HAPT [39], Li [40], Howcroft [41], Engel [33], Wang [42], Saadeh [35], Mualdin [43].
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(a) Bay alarm medical in the home service.

(b) Medical guardian’s Freedom.

(c) Philip’s Homesafe.
(d) MobileHelp’s Duo.

Figure 1-5 Some fall detection products available in market [2].

Meanwhile, false alarm rate (FAR), training time, and execution time are also very im-
portant performance-evaluating metrics to check the reliability and the latency of the de-
veloped system.

5. The advancement in distributed systems can be applied to make this system a more reliable
and low latency-based system. So, we want to develop a smart system with end-edge-
cloud architecture with data fusion and modern machine learning techniques.

6. Battery lifetime is also an issue, e,g, in Ozcan’s research work, the smartphone dies in 4.6
hr when the APP runs [31].

Both these social and technical aspects of the need for an effective fall-related system that
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can make both prediction and detection, low cost, provide mobility to the user, user-specific
trained model, and provide data security. In spite of proposing a single on-board system, an
end-edge-cloud-based architecture is considered.

1.2 Problem statement
In this research, we are going to propose an end-edge-cloud-based three-tiered architecture

for human activity recognition so that a fall detection and prediction system can be designed.
This research work has four distinct but interconnected branches, feasibility analysis, new al-
gorithm development, signal processing, and wireless network design, which are shown in Fig
1-6. This figure is also useful to state the problem statement. The problem statements of this

Figure 1-6 The research map of the research.

research work are very specific which is

1. Proposing and simulating the end-edge-cloud-based architecture to figure out its feasibil-
ity in human activity detection. How much performance enhancement can be achieved in
classifying and recognizing human daily activity through tightly coupled multiple infor-
mation sources and modern recurrent neural network-based algorithms?

2. A suitable single algorithm needs to develop which can predict and detect falls.
3. Speeding up the execution time is another challenge in implementing the end-edge-cloud-

based architecture. Broad learning [44] can system can be a useful tool to speed up the
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training time.

1.3 Research objectives
The main research objective of this research work is to develop an end-edge-cloud-based

human activity recognition system for fall detection and prediction. Accuracy, false alarm rate
(FAR), precision, recall, training time, execution time, total latency including round trip time
from end to edge, signal processing time and execution time, reliability, and lead time to predict
are the performance evaluating metrics for this research work. Therefore, this research work
will answer the following research question to reach its final goal:

1. Is it really necessary to have an end-edge-cloud-based architecture to solve fall detection
and prediction? How does this architecture improve classification efficiency?

2. There is a challenge in machine learning techniques especially in convolution neural net-
works (CNN), and recurrent neural networks (RNN) where the training time is large com-
pared with classical machine learning techniques. CNN and RNN also provide a central-
ized model to all users. Therefore, the next research question will be how to develop a
lightweight algorithm that can detect falls.

3. One of the major challenges of this architecture is to determine the total latency includ-
ing end-to-end delay between end and edge, signal processing time, and execution time.
Therefore, the next question to answer is how to design a protocol and measure wire-
less channels which can provide low end-to-end delay and reliability. Along with this
question, there is another relevant question how to process signals in the end tier of the
architecture?

These research questions will also serve as the core research objectives for this research.

1.3.1 Challenges
The major part of this research will be simulation-based work. In that case, we have used

MATLAB 2022b, a Python platform for performing simulation. The major challenge is with
the data collection. The data collection required a prototype hardware development and the
contribution of volunteers. In the case of participating volunteers, most of them are willing to
take part in performing daily activities but feel fear to perform fall. Another challenge is the
APP and the infrastructure development for data collection. The APP requires an amount of
time for trials before start making real data collection with it.
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Chapter 2 Background

The background chapter will cover a brief about falls and the factors influencing falls, the
current research on human activity recognition for fall detection and prediction using wearable
sensors, and how and the concept of end-edge-cloud based distributed architecture and its scope
for fall-related service through human activity recognition.

2.1 Factors influencing a sudden fall
There are near about 400 risk factors leading to Fall [26]. These factors related to Falls can

be categorized into two ways, named, intrinsic factors and extrinsic factors [45], [29], [46], [22] in a
broad sense. The intrinsic factors are mostly behavioral and biological risk factors including
balance problems, low vision, side effects of medicine, chronic health conditions, sensation
loss in feet, inactivity, alcohol usage, etc. While the extrinsic factors include poor light, slip-
pery roads, clutter, and tripping hazards, holes in road, lack of stair railing, lack of grab bars,
and other environmental factors. Usually, two or more risk factors interact to cause a fall (such
as poor balance and low vision). The more risk factors a person has, the greater their chances
of falling [30]. Fig. 2-1 depicts the factors influencing fall. The controllable factors are more
related to human activity recognition. As posture is directly related to fall, the tilt transition of

Figure 2-1 Factors which lead to a sudden fall for the elderly.

trunk and legs can be used to determine the posture which in return decides a fall or not [22]. The
parameters that can separate a faller from a non-faller are gait speed, step duration, gait vari-
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ability, activity level, multi-scale entropy (MSE), local dynamic stability, harmonic ratio [46],
gravitational acceleration measurement during different activities [47]. That’s why human activ-
ity recognition is closely related to fall detection and prediction.

2.2 Fall detection

Fall detection is a process that detects a fall and provides alarms to the corresponding third
party. It provides notification after recognizing and detecting a fall event occurs. The third party
includes the relative of the victims, caregivers, and nearby medical facilities so that the effect of
falls can be minimized and the treatment can start as soon as possible. Using different types and
multiple sensors in different locales in the body can generate better results than a singular sensor
in a single location [41]. A wearable camera with a single accelerometer-based system has been
developed for fall detection on smartphones using data fusion techniques and pre-determined
thresholds. In this case, accelerometer data and features between odd images are fused together.
For fall detection the smartphone is worn around the user’s waist. The dissimilarity distance be-
tween frames is calculated and summed with the accelerometer value at that particular instance.
If the value crosses the pre-determined threshold, the system generates an alarm. The sensitivity
of this algorithm for detecting falls is 91% [31]. The application scenario considered is to differ-
entiate fall from ADL, in this case walking and falling down. They didn’t consider the effect
of other activities. Again, the energy consumption is quite high. If this application runs on the
smartphone the battery may drain in a few hours [31]. Due to the fact of having low supplied
power both in on-board systems and smartphones, the computational capacity is compromised.
So it can be assumed that a considerable amount of time is required to execute the action of clas-
sification. There is another example of data fusion between accelerometer and gyroscope data
presented in [39] using a support vector machine (SVM). UniMIB SHAR is a dataset for different
human activities and falls [32] defined by raw accelerometer data. The purpose of this dataset is
to find out the possibilities of machine learning techniques for human fall detection. There are
four types of machine learning techniques (SVM, k-nearest neighbor (k-NN), artificial neural
network (ANN), and random forest (RF)) are performed and the performance of SVM outper-
forms other methods in detecting falls or daily activities and classifying them. With a completely
different test dataset from the trained dataset, the performance of multi-class classification is not
up to the mark. Maximum accuracy is 73% with the RF method while the minimum accuracy is
63.32 % with SVM technique [32]. In [21], it is analyzed that k-NN achieved 96.26% accuracy in
fall detection in a binary type classification between ADL and fall. They didn’t present the chal-
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lenge of classifying various activities and different types of falls. MobiAct [37], UCI HAR [38],
and HAPT [39] also developed datasets for human activity recognition (briefs about these datasets
are summarized in Table table:dataset). Different machine-learning techniques are applied to
these datasets for performance evaluation. Another very recent work related to fall detection
using deep learning and WiFi channel state information (CSI) showed that the performance of
the gated recurrent neural network (GRU) and Long Term Short Memory (LSTM) to detect
falls including six types of daily activity in [48]. The usage of WiFi, made this system restrict
the mobility of the user to indoor only. Another use of LSTM-based technologies used in [49]

with ultra-wideband radar signal. The experimental setup and results show that LSTM-based
proposed algorithm enhanced accuracy, precision, and sensitivity with other considered meth-
ods. While the achieved accuracy is still below 90 % [49]. But these developmental works are
restricted to indoor usage only. Another related recent work in [43], shows that Deep learning
outperforms traditional machine learning techniques with both simulated and real-time mea-
surement data in achieving high accuracy which is almost 100 %. The authors have introduced
an IoT-based system architecture where a smartwatch communicates with a smartphone for fall
detection. Smart-watch collects data while smart-phone performs the classification. Heavy-
duty computational platforms run in the lower layer in order to develop classification models,
provide privacy, and save user-specific data. This work can be a benchmark for researchers who
want to develop a distributed system for fall detection and prediction. One of the drawbacks
of this project is the use of two smart devices by a single user i,e, a smartwatch, and a smart-
phone. If any user will forget to wear one of these devices the system will not work. There is
no information about the time required to develop the classification model and classify different
activities.

2.3 End-Edge-Cloud architecture

An end-edge-cloud-based architecture is a distributed three layers or tiers system, where the
cloud will be on the top, the edge will be in the middle, and the end devices will be at the bottom
layer [50]. Typical end-edge-cloud architectures are shown in Fig. 2-2. The end-edge-cloud
architecture can be considered as the role of family members in taking financial decisions for a
child or dependent. Let’s assume that the child or dependent is the end which needs money for
some purpose. The mother is allowed to give him money up for some matters like daily expenses,
school fees, books, and related materials, or a small amount of pocket money. While for bigger
financial issues like buying cycles, new clothes, investing in sports, educational materials or
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others the father has to think of the necessity and the logical explanation for the spending before
allocating the fund. In this way, the father acts as the cloud, the mother as the edge, and the child
as an end device. So in reality, in spite of letting the end devices take all computation and data
saving, the end devices only perform signal processing and ask for service from the nearest edge
devices or nodes. In case of updating edge nodes and new service scenarios the edge contacts
the cloud. Cloud servers have more computational power and storage capacity.

(a) Layered type end-edge-cloud architecture.

(b) Tiered based end-edge-cloud architecture.

Figure 2-2 Typical end-edge-cloud representation.

Before going into further details about the application area we should start this section with
the brief concept of cloud and edge computing, after that the application area. The point should
be mentioned here that when we describe our own end-edge-cloud-based architecture for human
daily activity recognition for fall detection and prediction, the tiered-based representation will
be considered like Fig. 2-2b.

2.3.1 Cloud computing
The national institute of Standard and Technology provides the definition of cloud com-

puting as ”a model for enabling ubiquitous, convenient, on-demand network access to a shared
pool of configurable computing resources (e.g., networks, servers, storage, applications, and
services) that can be rapidly provisioned and released with minimal management effort or ser-
vice provider interaction” [51,52]. The concept of the cloud in computer and information engi-
neering is the on-demand support of computational resources and storage without active user
management. Based on the definition cloud computing can be categorized into three service
models and four developmental models. The following Fig. 2-3 visualize them clearly.

For our research work, we are going to use the cloud as infrastructure as a service(IaaS)
and deployed it as a private cloud. In the IaaS service model, the cloud provides infrastruc-
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Figure 2-3 Cloud computing model from the point of application.

ture resources like computational power, storage, and networks based on demand. Without any
investment in the servers and other related equipment, the consumers can start the implementa-
tions [52]. Similarly, a private cloud is used exclusively for a particular purpose with a specific
organization, institute, enterprise, or government body [52]. It provides a high degree of per-
formance, reliability, and security to the service. In this theses work, the cloud layer will be
used to provide computational resources, large data storage, private networks, data security,
and privacy.

2.3.2 Edge computing
Edge computing is another concept we are going to apply in this research work. We can

define edge computing as such platform which provides small computational power and storage
to the end devices (e,g, IoT) as up-link data from IoT side and down-link data from the cloud
side [53,54]. Location-wise edge nodes or devices will be situated at the edge of the network as
shown in Fig. 2-3. See the middle part of the figure marked ’Edge layer of tier’. The edge
computing implementations are two types [54–56]. The following diagram, Fig 2-4 shows the
brief about these two implementations.

In this research work, we are going to consider edge as MEC. According to [50], MEC will
bring the limited version of cloud computing to the edge of the network i,e, more closer to the
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Figure 2-4 Edge implementation scenarios.

user. MEC has both computational capability and storage capacity. The deployment of MEC
will be at a macro or micro base station near the end devices. In this way, the end-to-end delay
can be minimized.

2.3.3 Application scenarios of end-edge-cloud architecture

The application scenario of end-edge-cloud-based architecture is quite large. Therefore, a
brief discussion will be presented here.

1. Smart health-care [35,57–61]

2. Smart cities/home [62–65].
3. Computational offloading [66–69].
4. Edge video caching [70,71].
5. Smart grid [72–75].
6. Indoor and outdoor navigation. [76,77]

7. Content delivery [58].
8. Mobile big data analytic [63,78].
9. Load balancing [67,79,80].

In this application scenario, the cloud is deployed as a private cloud and provides IaaS
service to the consumers. The edge nodes are implemented as MEC, located near the edge
of the cellular network. These application scenarios provide low latency, small computational
power, and data storage capacity. In this way, quality of service (QoS) enhancement is achieved.
Therefore, we can consider that the end-edge-cloud-based distributed system will be beneficial
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for human daily activity recognition for fall detection and prediction purpose.

15



Chapter 3 Methodology

In this chapter, the considered methods for simulating end-edge-cloud-based architecture
for fall detection and prediction will be discussed. The main idea of this research is to use and
apply currently developed machine learning techniques like Long Short Term Memory (LSTM)
type Recurrent Neural Network (RNN) to develop human activity recognition model for fall
detection. The Internet of Things (IoT) and long-term evaluation (LTE) will be used for wireless
communication. Besides, this chapter will also present the performance evaluation metrics.

3.1 Proposed EdgeFall architecture
In this research, a new end-edge-cloud-based three-tiered architecture will be presented to

recognize daily activity so that a sudden fall can be predicted and eventually detected. In the
proposed architecture the cloud will provide IaaS service and be deployed as private cloud due to
ensuring the data privacy issues of the users. The edge will act as a MEC node or device which
brings some computational power and temporary data storage capacity. Different sensors like
wearable cameras, accelerometers, gyroscope,s etc. will form the end tier of the architecture.

The proposed architecture is called ”EdgeFall” which is shown in the following Fig. 3-1.
We have already presented similar distributed architecture in [60,61]. The proposed architecture
makes the daily activity recognition for fall detection and prediction system into three distributed
sub-systems connected to each other by wireless networks like LTE-M. We are expecting that
this architecture will be efficient in terms of computational capacity and energy management.

The end tier is a platform for supporting sensors like wearable cameras, gyroscopes, ac-
celerometers, GPS sensors, and other related sensors. This end tier can be implemented with
IoT technology. The purpose of this tier is to collect data, extract features from raw data, send
them to the edge node for computation, and execute decisions based on the data received from
the edge node. The next tier is the mobile edge layer which is composed of intelligent edge
nodes and heterogeneous computing resources. User identification, activity recognition, lead
time calculation for fall prediction, and fall detection are major responsibilities of this tier. It
will adapt protocols, classification networks, and users’ daily human activity patterns from the
cloud in order to perform its own functions. The last tier is the cloud which is considered the
brain of the system. It is designed with deep learning, different machine learning technique, hu-
man intervention (HI), etc. The purpose of this tier is to develop a user identification model and
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Figure 3-1 Proposed architecture of EdgeFall system.

activity classification model. It should update the mobile edge tier with new improved system
parameters at regular intervals. This architecture can also be applicable to other areas related to
health care.

We have already simulated a recurrent neural network-based algorithm called ActDec-
SysOpt [61] using long short-term memory (LSTM). The performance is promising but needs
to modify for better accuracy and lower false alarm rate in fall detection. The training time is
also an issue (see the result part of [61]).

3.2 Comparison between the proposed work with other related
work

This section compares the proposed research with two recently published works to show
its effectiveness. Two research works named Ozcan16:IESL [31] and Saadeh19:ITNRE [35]. In
Ozca16:IESL, the authors used wearable cameras and accelerometers as sensors. They fused
these data with loose coupling and used a static threshold-based based algorithm for fall detec-
tion. They published their work in 2016. The reason behind considering this work is they use
wearable cameras and accelerometers. A recent work is presented by Saadeh19:ITNRE which
is published in 2019. This work demonstrated both fall detection and prediction with a single
device by using two algorithms. The authors claimed to have a patient-specific system while
the classification model is developed outside and pushed into the device. The high accuracy
achieved by them is due to the fact of considering only binary classification of fall and non-fall.
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There is not much information about the offline training model in their paper whereas the model
is a centralized model or user-specific model. The following Table 3.1 shows the comparison
between our work with these considered published works.

3.3 Dataset definition
As our primary goal is to recognize activities of daily living (ADL) and predict and detect

a sudden fall, so we have to consider all ADLs and all possible falls which can occur to elderly
people. There are various kinds of daily activities like walking, sitting, laying, stepping into or
from the car, bending, jumping, going up and down stairs, running, swimming, etc. But only
daily activities which can cause falls are included in this research. There are 7 activities which
are described in the following Table 3.2.

While performing these activities, anybody can face a sudden fall. In a broad sense, this
fall can be categorized into four types which are Fall backward, Fall forward, Fall side-ward,
and Specific fall. The following TABLE 3.3 provides more details about these falls.

3.4 Data collection
For the data collection, we have developed an APP using for collecting IMU (accelerometer

and gyroscope) data using a smartphone. Using this technique we can develop the trajectory
of human daily activity. For the data collection, we are going to use the following protocols as
described in Table 3.4.

3.5 Performance evaluation metrics
We are considering accuracy, recall, precision, F1-Score, training time, and execution time

as the performance evaluation metrics. The definitions are given below:

1. Accuracy is defined as the percentage of falls correctly detected from the dataset which
is given by

Accuracy =

∑
True positive

Total no. of Samples
. (3.1)

2. Recall is defined as the proportion of actual falls that are correctly identified. It provides
information about the accuracy row-wise of the confusion matrix.

Recall =

∑
True positive

True positive+ False negetive
. (3.2)
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Table 3.1 Comparison between our works with other

Metrics proposed research Ozcan16:IESL [31] Saadeh19:ITNRE [35]

System end-edge-cloud on-board onboard and offline

training

Activity recog-

nition

multi-class binary type multi-class

Service Human activity recog-

nition, fall detection,

and prediction

Fall detection Fall detection and pre-

diction

The algorithm

used

LSTM, BLS, Fed-

erated learning and

semi-supervised

learning

Static Threshold Machine learning for

prediction and thresh-

old for detection

No. of Algo-

rithms

1 for activity recogni-

tion, fall detection and

prediction

1 for detection 1 for detection and 1

for prediction

Used sensors Wearable camera, Ac-

celerometer and Gyro-

scope

Accelerometer and

wearable camera

Accelerometer

Information

type

Features (Tightly cou-

pled)

Raw data (Loosely

coupled)

Raw data (Loosely

coupled

Latency expected less than 100

ms

not specified 1 sec

Trained model User specific centralized centralized

Performance

evaluation

As mentioned in an-

swer to question 5

FD sensitivity or Re-

call, FD Specificity

FD sensitivity or Re-

call, FD Specificity,

FP sensitivity or Re-

call, FP
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Table 3.2 Considered ADL for the proposed system

Name of The ADL Description Label

Walking Normal walking movement ADL_walk

Sitting Down From standing position to sit on chair or some lower

platform

ADL_sit

Running Slow and moderate running (like Jogging) ADL_run

Laying Down From Stand up position to sit on the bed to lay down

(in normal speed)

ADL_laying

Jumping Continuous Jumping (like playing with rope) ADL_jump

Stair climbing up Climbing stairs from lower floor to upper floor ADL_climbUp

Stair climbing down Climbing stairs from upper floor to lower floor ADL_climbDown

Table 3.3 Type of Falls for the proposed system

Categories of The
Fall

Description Label

Fall in forward direc-

tion

Forward fall from standing, walking, sitting to stand

up, stair climbing down, jumping position with pro-

tection

Fall_Forward

Fall in backward direc-

tion

Backward fall from sitting to standing up, sitting,

jumping position with proper protection

Fall_Backward

Fall in sideway direc-

tion

Fall right and left side from standing position Fall_Sideward

Specific Fall Fall caused by hitting with object, sudden uncon-

scious, any other means that causes a fall

Fall_specific

3. Precision is defined as the portion of actual identified fall i,e, accuracy along column
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Table 3.4 Experimental protocols for training dataset acquisition and validating algorithm

Procedure Task Repetition

Movement procedure

(Walking, running and

jumping)

Open APP

Register with name, activity, and trail number

Walking for 9 sec 3 times

Stop

Register with name, activity, and trail number

Running in Normal Speed for 9 sec 3 times

Stop

Register with name, activity, and trail number

Jumping for 6 sec 3 times

Leave the APP and prepare for the next activities

Stationary Procedure

(Stand up position to

sitting and laying down)

Open APP

Register with name, activity, and trail number

Standing to Sit on Chair at normal speed 9 times

Register with name, activity, and trail number

Standing to Lay down on the floor at normal speed 9 times

Leave the APP and prepare for the next activities

Climbing Procedure

(Stair Climbing)

Open APP

Register with name, activity, and trail number

Climbing Up and down for 9 sec (each activity) 3 times

Leave the APP and prepare for the next activities

Fall Procedure

Start Registration APP and Camera

Register with name, activity, and trail number

Repeat each type of fall describe in Table 3.3 3 times

Leave the APP and prepare for the next activities
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wise of the confusion matrix.

Precision =

∑
True positive

True positive+ True negetive
. (3.3)

4. F1 score is the harmonic mean of precision and recall, which measures the accuracy of
the test.

F1− score =
2 · Precision ·Recall

Precision+Recall
. (3.4)

5. FAR FAR is the False alarm rate of the classification network. This factor enlightens
how the system gets confused between any activity and other considered activities. The
following equation is used to describe FAR

FAR =

∑
False negetive

False negetive+ True nagetive
. (3.5)

6. Training-time is the time required to train the classification network with the considered
method.

7. Execution time, τcls is the time required for the trained classifier to recognize human
activities

8. Bandwidth is defined as the maximum data rate of uplink and downlink channel to sup-
port this system in bit/s.

9. Network Latency,τnet means the round trip time required for end-to-edge tier.
10. Maximum packet size describes the largest packet which can be sent from end to edge

and edge to cloud with high reliability.
11. Reliability measures the packet drop rate. There are two types of reliability considered

in this work, i) end-to-edge reliability and i) edge-to-cloud reliability.
12. Packet generation time, τsig includes signal processing and packet generation time.
13. Total latency, τ gives the total time required from generation of signal to reception of the

recognized daily activity by end tier. The following simplified equation will be used:

τ = τsig + τnet + τcls. (3.6)
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Chapter 4 Feasibility Analysis of the Proposed
Cloud-Edge-End-based Fall Detection System

In this chapter, the results and findings related to the feasibility analysis of end-edge-cloud
architecture, deep learning, and data fusion from multiple sensors. Partial results are published
in two conferences, named, ‘Generating a Visual-Inertial Odometry Dataset based on a Helmet
Prototype for Recognizing Human Activities’ [81] in International Conference on Advancement
in Electrical and Electronic Engineering (ICAEEE), 2022 and ‘Performance Enhancement of
Human Activity Recognition and Fall Related System using Multi-modal Broad Learning Sys-
tem (mBLS)’ [82] in Third International Conference on Advances in Physical Sciences and Mate-
rials (ICAPSM), 2022. A journal paper ’EdgeFall: A Promising Cloud-Edge-End Architecture
for Elderly Fall Care’ [83] is published in the International Journal of Electrical and Computer
Engineering (IJECE). All this information is presented in chapter ??. The research map pre-
sented by Fig. 1-6 in ?? shows one of the tasks of this thesis work is feasibility analysis. We have
proposed EdgeFall, an end-edge-cloud-based architecture where data fusion and deep learning-
based algorithms will be used to classify human activity. We have set up our simulation through
four datasets which are UniMIB SHAR [32], MobiAct [37], UCI HAR [38] and HAPT [39] for prov-
ing the effectiveness of data fusion in human activity recognition. Different daily activities of a
group of volunteers can be simulated with these datasets. We have also investigated the classical
machine learning-based activity recognition model with the deep learning-based model on these
datasets. The performance evaluating metrics will help us to model human activity suitable for
the real world. These results also indicate how effectively EdgeFall architecture can classify
different types of human activities. It is seen from the evaluation that the model developed by
ActDec-SysOpt outperforms classical-based recognition models. So, our major contributions
are:

1. Proposing and simulating the cloud-edge-end-based EdgeFall architecture to figure out
the feasibility in human activity detection.

2. Finding out the challenges like FAR, accuracy, precision, and recall in loosely coupled
data fusion for recognizing human activities.

3. Performance enhancement in classifying and recognizing human daily activity through
tightly coupled multiple information sources and ActDec-SysOpt algorithm.
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4.1 Adupted Algorithms
In this section, we are going to discuss the methodologies, named, FuseFall and ActDec-

SysOpt algorithms. These two methods will be used to prove the effectiveness of data fusion,
cloud-edge-end type architecture, and the classification algorithm based on recurrent neural
networks.

4.1.1 FuseFall algorithm
There are two sources (a wearable camera and a tri-axial accelerometer) of information

used for fall recognition. The block diagram of the FuseFall algorithm is shown in Fig. 4-1

Figure 4-1 Block diagram of FuseFall algorithm for fall detection.

In this algorithm, the information sources are loosely coupled and analyzed separately.
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From the block diagram (Fig. 4-1), it can be seen that both sources use different suitable al-
gorithms to define the same activity separately and compared to come up to the final decision.
This algorithm is explained in [60]. We assume that the resource required to analyze IMU data
is lesser than image processing. Another algorithm will be necessary to optimize the system
which will be run in a cloud node. So we can design two separate algorithms for fall detection
and system optimization. Part of the FuseFall algorithm used for IMU data to detect a fall is
designed with SVM machine learning technique. A signal window of 3 seconds is considered to
determine an event. As we are not much interested in the specific type of ADL, the event detec-
tion has only two classes, named, ADL class and Fall class. In the case of fall detection, image
processing techniques are used to determine the feature (i,e, dissimilarity distance between odd
frames) from the captured images between 1.5 seconds backward and 1.5 seconds forward from
the instant of fall occurrence. This dissimilarity distance will be used to verify the fall event
determined in the detection phase. The overall fall detection algorithm is shown in algorithm
4.1.

Finally, another algorithm will be used to optimize the system which is presented in al-
gorithm 4.2. In this case, the test data are added to the training data to train both phases of
the FuseFall algorithm. If the result of the newly trained system is better than the old one, the
parameter e,g, threshold value used in the verification phase will be changed. Otherwise, the
old parameters are kept.

4.1.2 ActDec-SysOpt algorithm

The block diagram of ActDec-SysOpt is shown in Fig. 4-2. The classification model
is trained with LSTM. This algorithm has two parts, ActDec is used for recognizing human
activity and SysOpt is for generating a trained classification network. These two parts are also
the representation of mobile edge node and medical cloud respectively. The details are discussed
in [61]. Now the information sources are tightly coupled.

There are two separate algorithms will be used in the cloud and edge nodes to reduce the
complexity, computational power, and battery consumption. Both Algorithms will be presented
here but we will only evaluate the event detection algorithm. The trained classification network
explained in the previous section will run in the edge node, while initial network training and
optimization will take place in the cloud. So we can name these two algorithms event detection
and system optimization algorithm. A signal window of 1.5 seconds is considered to determine
an event (i,e, any type of daily activity or fall). The overall event detection algorithm is shown
in Algorithm 4.3.
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Algorithm 4.1: FuseFall algorithm for fall detection.

1 Detection phase;
Data: IMU Data
Result: Detection of a sudden fall

2 Load FuseFall trained model;
3 initialization;
4 while Unless detecting a fall do
5 Extract feature F(accl) from signal window;
6 %3 sec data;
7 if F(accl) ∼ ADL then
8 go to initialization;
9 else

10 if F(accl) ∼ Fall then
11 Verification phase

12 Verification phase;
Data: Image data
Result: Verification of fall

13 while Fall detected do
14 Load images between t-1.5 to t+1.5;
15 %Images correspond to 3 sec;
16 Extract features I(dissimilarity);
17 if I(dissimilarity) ∼ Fall then
18 Fall verified;
19 else
20 Consider as ADL;
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Algorithm 4.2: System optimization Algorithm
Data: New label data
Result: Optimization of the FuseFall trained model

1 begin
2 New label data −→ Training data;
3 Evaluate both algorithms ;
4 if ResultNew > ResultOld then
5 Pass Paranew to FuseFall algorithm;
6 Modify both phase;
7 else
8 Keep previous State;
9 Remove New label data;

Algorithm 4.3: ActDect algorithm for activity recognition and fall detection
Data: IMU data
Result: Human activity recognition and fall detection

1 Load trained ActDec classification model;
2 initialization;
3 while Unless detecting an activity or a fall do
4 Extract feature F(accl & gyro) from signal window;
5 %1.5 sec data;
6 if F(accl & gyro) ∼ Daily activity then
7 go to initialization;
8 else
9 if F(accl & gyro) ∼ Fall then

10 Alarm, Protection
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Figure 4-2 Simple block diagram of ActDec-SysOpt algorithm.

Finally, another algorithm will be used to initialize and optimize the system which is pre-
sented in Algorithm 4.4. In this case, the test data will be labeled and added to the training
data to train the Even detection network. If the result of the newly trained system is better than
the old one, the parameter e,g, threshold value used in the verification phase will be changed.
Otherwise, the old parameters are kept.

This algorithm represents a centralized trained model of human activity recognition for all
users. SysOpt generates the trained classification model (ActDec) on a cloud server and pushes
it to the edge server.
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Algorithm 4.4: SysOpt Algorithm.
Data: New label Data
Result: Optimization of ActDec algorithm

1 begin
2 New label data −→ Training Data;
3 Run LSTM with TrainingDataNew ;
4 if V alidationNew > V alidationOld then
5 Modify ActDec classification model;
6 Pass Paranew to ActDec Algorithm;
7 else
8 Keep previous State;
9 Remove New label data;

4.2 Results and Evaluation
In this section, we present experiments and findings using FuseFall and ActDec-SysFall

architecture. The performance evaluating metrics are described in .

4.2.1 Experiments with FuseFall

We have only simulated and evaluated the results produced by the wearable camera y1 and
by the raw accelerometer data y2 separately at this stage (see Fig. 4-1).

4.2.1.1 Experimental Setup and results

Fig. 4-3 provides the simulation scenario. A forward fall will occur from the walking
position. The details about how we evaluate it is given in [60]. A workstation with Intel core i5
(7th generation) with 12 GB RAM is used. For analyzing and simulating purposes we have used
MATLAB 2019a.

We calculate the accuracy, precision, recall, F1-score, and run time of y2 from ??. We
consider the k-NN method for comparison. The results are presented in the following Table 4.1.

We have performed the same activities wearing Xiaomi S2 mobile around the head height.
The front camera is used for capturing video. As shown in Fig. 4-4b, the dissimilarity distance
for the video frames during the fall is much higher than other frames, marked by two red circles.
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Figure 4-3 Experimental setup to evaluate FuseFall algorithm.

Table 4.1 Partial evaluation performance of FuseFall to differentiate fall from daily activities.

Metrics FuseFall for y2 k-NN

Accuracy 0.9667 0.900

Recall 0.9667 0.900

Precision 0.9839 0.9545

F1-score 0.9752 0.9265

Run-time(sec) 2.282 1.043

From the binary type of classification between fall and human daily activity, we can see the
capability of FuseFall. Still, the question remains about the performance of this FuseFall with
multi-class type classification to recognize human daily activity. Please refer to [61] for what we
mean by multi-class activity. Table 4.2 presents the performance of the FuseFall algorithm for
accelerometer data with k-NN.

During video processing, we have observed high picks like Fig. 4-5, which can cause a fall
alarm.

From Table 4.2 and Fig. 4-5, it can be easily observed that loosely coupled information
source with FuseFall algorithm is not suitable for multi-class type activity detection. That is
why we stop our experiments with y1 and y2. Besides, the time required to produce results with
video processing is high in our experiments. The challenges related to the multi-class activity
classification are handled more efficiently by the ActDec-SysOpt algorithm [61] which will be
explained in the next section.
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(a) Example frames of the captured video during the
test.

(b) Resultant dissimilarity between frames to differ-
entiate fall from walking.

Figure 4-4 Fall detection using wearable camera and FuseFall algorithm(test to generate y1).

Table 4.2 Performance of FuseFall for multi-class type human activity recognition.

Metrics FuseFall for y2 k-NN

Accuracy 0.8468 0.8022

Recall 0.8198 0.8222

Precision 0.8518 0.8595

F1-score 0.8355 0.8405

False alarm rate

(FAR)

0.0396 0.0547

4.2.2 Experiments with ActDec-SysOpt

As we have already observed that single sources of information and classical machine
learning-based models are not up to a satisfactory level for recognizing different human activi-
ties. Here we are going to use ActDec-SysOpt [61] algorithm and data fusion technique to prove
some important points like i) the need for proposed EdgeFall (see Fig. ??), ii) the effectiveness
of multiple sources, use of features and LSTM and iii) the necessity of tight coupling.
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Figure 4-5 FAR during multiclass activity detection with FuseFall (video processing part).

4.2.2.1 Experimental setup

For the experimental setup we have used four different data sources, named, UniMIB
SHAR [32], MobiAct [37], UCI HAR [38] and HAPT [39] to simulate BAN of the EdgeFall. These
sources contain different types of human activities for a number of volunteers. The modifica-
tion process of these considered datasets is described in brief with Table 4.3. UniMIB SHAR
represents raw single source, MobiAct depicts loosely coupled multiple sources while HAPT
and UCI HAR illustrate tightly coupled multiple information sources. We have modified the
original datasets in such a way so that it represents the BAN of the proposed architecture send-
ing data to the edge node continuously in time windows. The experimental results will prove
the effectiveness of tightly coupled data fusion. The term tightly coupling mean the features
extracted through signal processing. Details about the features can be found in [38] and [39].

Table 4.3 Considered datasets for performance evaluation.

Dataset UniMIB SHAR MobiAct UCI HAR HAPT

Size of original

data

255 MB 1.24 GB 241 MB 7.54 KB

Continued on next page
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Table 4.3 – continued from previous page

Dataset UniMIB SHAR MobiAct UCI HAR HAPT

Representation Both ADL and fall Both ADL and fall Daily Human activi-

ties

Daily Human activities

No. of sensors 1 3 2 2

Sensors used Accelerometer Accelerometer, Gy-

roscope and Orien-

tation sensor

Accelerometer and

Gyroscope

Accelerometer and Gy-

roscope

Devices used to

collect data

Samsung Galaxy

Nexus I9250 with

Bosh BMA220

Samsung Galaxy S3

with LSM330DLC

module

Samsung Galaxy S

II

Samsung Galaxy S II

with HARApp

Position of the

device

Trouser front pocket

(half of the time in

the left one and the

remaining time in

the right one)

Not Specified Waist-mounted Different body parts

(trunk, upper and lower

extremities)

No of Subjects 30 (24 Females, 6

males)

57 (15 Females, 42

males)

30 (number of fe-

male and male is not

specified)

17 (number of female

and male is not speci-

fied)

Physical infor-

mation about

the subjects

Age: 18-60, Height:

160-190, Weight:

50-82

Age: 20-47, Height:

160-189, Weight:

50-120

Age: 19-48 Not specified

No. of activi-

ties

9 types of ADL and

8 type of fall

9 types of ADL and

4 type of fall

6 type of daily activ-

ities

12 type of daily activi-

ties

Nature of data Raw accelerometer

data

Raw accelerometer,

gyroscope and ori-

entation data

Extracted feature ac-

celerometer and gy-

roscope data

Feature from ac-

celerometer and

gyroscope data

Sampling

frequency in

original dataset

50 Hz 20 Hz 50 Hz 50 Hz

Continued on next page
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Table 4.3 – continued from previous page

Dataset UniMIB SHAR MobiAct UCI HAR HAPT

Sampling

frequency in

original dataset

50 Hz 20 Hz 50 Hz 50 Hz

Samples in

modified

dataset

4,632 67,348 10,299 10,411

Depicted activ-

ities

walk, walk up-stair,

walk down-stair, sit-

ting, standing, lay-

ing down

walk, walk down-

stair, sitting, stand-

ing, jogging

walk, walk up-stair,

walk down-stair, sit-

ting, standing, lay-

ing down

walk, walk up-stair,

walk down-stair, sit-

ting, standing, laying

down

Signal window 3 second 1 second 1.5 second 1.5 second

Original Data

Source

[32] [37] [38] [39]

ActDec represents the mobile edge node while SysOpt is for the medical cloud. Here, we
want to evaluate how effectively this algorithm can recognize different human activities i,e, the
classification process.

4.2.2.2 Results

First, we will present the performance of EdgeFall through the ActDec-SysOpt algorithm.
The following table (Table 4.4 accumulates the simulation result which outperforms classical
machine learning type algorithm. We have considered a traditional data split (70-30) between
training and test data. Results show that ActDec-SysOpt outperforms the other two machine
learning-based classification models (where one of them is FuseFall). Therefore, we will evalu-
ate the performance of ActDec-SysOpt on different datasets. These different datasets represent
the BAN of the proposed EdgeFall architecture (i,e, number of users with different weights,
heights, ages, and gender). Details about these considered datasets are given in TABLE 4.3.

To make the simulation more realistic we have considered 50-50 approach for training and
test data to evaluate the effectiveness of data fusion. The following Fig. 4-6 presents the simu-
lation results and shows that data fusion from multiple sources with proposed ActDec-SysOpt
has better performance than information from a single source and loosely coupled multiple in-
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Table 4.4 Performance of ActDec-SysOpt over FuseFALL and k-NN algorithm.

Methods FuseFALL k-NN (k=2) ActDec-

SysOpt

Accuracy 0.8468 0.8022 0.9187

Recall 0.8198 0.8222 0.8303

Precision 0.8518 0.8595 0.8511

F1-score 0.8355 0.8405 0.8406

FAR 0.0396 0.0547 0.025

Training-time

(minute)

2.282 1.043 112

formation sources. It can be seen that feature extraction can produce far better results than raw
data fusion. The accuracy of raw data fusion is very poor around 59.65% with a large FAR
of 10.66%. Whereas the feature extraction (tightly coupled) from multiple information sources
produces high accuracy of 92.01 % with FAR of 1.69%.

The required training time and classification execution time are given in TABLE 4.5. The
time of training classification network and execution time to recognize an activity is more for
tightly coupled multiple information sources. As we have separated the classification model
development process and execution process into cloud and edge, the execution time may not be
a concerning factor. This time can be sped up by using a hardware/software co-design approach.

Table 4.5 Advantages of data fusion with ActDec-SysOpt algorithm.

Methods UniMIB

SHAR

MobiAct HAPT UCI HAR

Training-time

(minute)

84 161 1094 691

Execution time

(ms)

∼ 4.52 -

7.065

∼ 0.6 - 0.73 ∼ 14.16 -

15.74

∼ 15.20 -

16.71
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Figure 4-6 Advantages of data fusion from multiple information sources.

From these two tables (TABLE 4.4 and 4.5) and Fig. 4-6 we come up with the following
decisions:

1. Tightly coupled information sources with LSTM-based classification model, are more
effective. The accuracy is around 92% with FAR being 1.6 %. The high value of re-
call, precision, and F1-score prove that the classification model is capable of recognizing
human activity correctly.

2. The execution time required to recognize activity from one window of information is
very less, around 15 ms with data fusion from multiple sources (check execution time of
TABLE 4.5).

3. RNN-type machine learning-based algorithms are more suitable for recognizing human
daily activities.

4. Features are more suitable as they can lower the FAR. 1.69 % with HAPT and 1.87 %
with UCI HAR.

5. However, we can see that training the classification model takes a lot of time, 1094 minutes
for HAPT and 691 minutes for UCI HAR. The medical cloud is suitable to handle the
training process because there are no issues with computational power and storage.

6. The train network then can be passed to the edge node which can execute activity recog-
nition.
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7. Data collection and feature extraction can be handled efficiently in BAN.

So far ActDec-SysOpt is a bold step toward fall detection using EdgeFall. Still, there are
some challenges that need to solve. For example accuracy, FAR, single algorithm for fall pre-
diction and detection, and user identification. Still, we are a little behind to achieve the desired
accuracy of over 95%.
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Chapter 5 Research Schedule

5.1 Milestones
There are few milestones of my thesis which are presented in the following Table 5.1. These

milestones are important points which help me to finish this thesis work.

Table 5.1 Milestones of the thesis

Task ID Task Current Status

1 Literature review and feasi-

bility analysis

Completed.

2 New algorithm development Finished: LSTM based ActDec-SysOpt algorithm; On

going: a lightweight algorithm using federated learning,

broad learing system and semi-supervise learning.
3 New dataset using trajectory

analysis

Finished: APP and infrastructure development; Data col-

lection related to human daily activities and different type

of fall.
4 Documentation Finished: Report writing.

5.2 Schedule
Based on the milestones, Table 5.2 below shows the research schedule.

Table 5.2 Research Schedule

Phase Time Task

1 June 2021 - August, 2021 Theoretical literature review and related learning
2 September 2021 - July 2022 Simulation implementation
3 January 2022 - August 2022 Conference paper publication
5 September 2022 - June 2023 Journal paper writing and publication
6 October 2022 Research Work Presentation
7 July 2023 - August 2023 Research report writing and submission
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Chapter 6 Overall Progress

This chapter focuses on the progress I have made in this research work. I started my litera-
ture review works at the beginning of June 2021. I have surveyed papers related to fall detection
and prediction to understand the techniques, research scopes, and research demand. The overall
progress is as follows

1. Kazi2023:IJECE: K. M. Shahiduzzaman and M. S. Uddin Yusuf, ”Edgefall: A promis-
ing cloud-edge-end architecture for elderly fall care,” International Journal of Electrical
and Computer Engineering (IJECE), vol. 13, no. 4, pp. 4721–4733, August 2023.

2. Kazi2022:ICAPSM: K. M. Shahiduzzaman and M. S. Uddin Yusuf, “Performance en-
hancement of human activity recognition and fall related system using multi-modal broad
learning system (mbls),” in 2022 Third International Conference on Advances in Physical
Sciences and Materials (ICAPSM), 2022.

3. Kazi2022:ICAEEE: K. M. Shahiduzzaman and M. S. Uddin Yusuf, “Generating a visual-
inertial odometry dataset based on a helmet prototype for recognizing human activities,”
in 2022 International Conference on Advancement in Electrical and Electronic Engineer-
ing (ICAEEE), 2022, pp. 1–6.
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Chapter 7 Summary

This research will propose the next-generation fall detection and prediction technique using
cloud-edge-end-based architecture. From this research, it is expected to publish at least three
journal papers along with a number of conference papers. The trajectory-based dataset will be
a new contribution to this research community.

So far all results, published in [81–83], show that the proposed loud-edge-end-based dis-
tributed architecture with multiple information source fusion and modern learning technique
can provide a next-generation fall detection and prediction system through recognizing daily
human activities. This proposed solution provides both indoor and outdoor mobility facilities.
One of the major contributions of this research work is to develop a model which is lightweight,
and efficient in terms of accuracy and false alarm rate. As mentioned, one of the challenges of
this work is to collect datasets through the developed APP and helmet infrastructure and most of
the volunteers are willing to participate in tasks related to human activities but fear fall-related
activities due to the possibilities of suffering injuries.

This proposed architecture can be also applicable to other application scenarios like re-
mote ultrasound treatment, ECG measurements, and relevant cooperative use. Therefore, this
research work can be a bold step towards the implementation of a smart, mobile, distance health-
care system.
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