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ABSTRACT 

 Elderly’s fall is a serious medical risk since it might result in irreversible health injuries 

such as bone damage due to their normal changes of aging, especially elderly age 65 or older. 

However, there is still a lack of automatic fall detection systems for the elderly. Therefore, the 

objectives of this study are to develop 1) a wireless, flexible, skin-wearable electronic device with 

motion sensors for accurate motion sensing and user comfort and 2) a deep learning-based 

classification algorithm using training datasets collected from elderly for reliable fall detection. A 

flexible and ultrathin skin-wearable device for user comfort was designed and fabricated by using 

traditional MEMS techniques. It included a 6-axis motion sensor and can be directly laminated on 

the skin for the collection of accurate motion data. It exhibited excellent connectivity by optimizing 

the RF efficiency at 2.45 GHz, which allowed wireless transmission up to 10 m while operating 

on the skin. To study accurate fall detection for elderly, the motion data was collected from a total 

of 20 participants from two different age groups (young adults aged 21-30 and elderly aged 65 or 

older) while performing different human activities (e.g., falling, running, walking, sitting, and 

climbing stairs). Various deep-learning models (CNN, LSTM, CNN-LSTM, and Conv-LSTM), 

including their hyperparameters and different body locations (chest, wrist, and a form of necklace) 

and input datasets (acceleration, gyroscope, and magnitude of acceleration) were investigated. Our 

results indicate 1) the CNN model and non-normalized acceleration dataset achieved the highest 

accuracy, 99.4% (± 0.3), with 40 epoch, 2) the optimal location to place the device is the chest, 

achieved 99.4% (± 0.3) accuracy, compared to wrist, 55.9% (± 1.2), and necklace, 62.8% (± 2.4). 

Also, our result suggests a large motion dataset directly from elderly is required to improve the 

accuracy of fall detection for elderly since it achieved, 74.6% (± 2.0) accuracy, compared to 

training young adults’ datasets with elderly’s testing datasets that achieved, 43.3% (± 1.5). 
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CHAPTER I 

INTRODUCTION 

 Wearable sensors that are small and light have the potential to revolutionize healthcare, 

save lives, and minimize some of the adverse effects of aging. There has been an increase in the 

usage of such systems in a variety of application sectors throughout the years, including sports 

(e.g., to help in training), entertainment (e.g., motion capture), and healthcare (e.g., for long-term 

monitoring of patients in their homes). Advances in this technology have been partly motivated by 

the development of MicroElectroMechanical Systems (MEMS) technology to fabricate small, 

lower-power sensors, and in part by the wide use of devices like tablets and smartphones with 

ever-increasing processing capability. Wearable sensors also have the advantage of being smaller 

and less expensive, as well as being able to follow the wearer in any location without the need for 

extra sensors. 

 Fall detection is one area where wearable sensors can be beneficial. Falls, especially among 

the elderly or infirm people, can cause serious harm or even death if the individual fails to seek 

medical help. According to the World Health Organization (WHO), roughly 28~35% of those over 

65 years old fall every year, and this number increases to 32~42% for those over 70 years old [1]. 

By 2050, the global population of adults aged 65 and up is expected to increase by 21.64% [2]. 

Due to weak leg strength, adverse effects of long-term medicine, vision issues, and strength loss, 

the effect and chance of falls increased rapidly with age. The number of elderly people suffering 

from falls will gradually increase as time goes on since their population is growing fast; their 

population is expected to reach 98 million by 2060 [3]. However, since the individual forgets or 

refuses to wear remote alarm pendants or purposefully avoids calling aid, help may be delayed or 
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completely denied. This is due to the fear of losing their independence or not wanting to be a 

burden. Patients will also be unable to activate an alert if they faint as a consequence of a fall. 

Automatic fall detection using a wearable sensor is another option. This encourages independence 

and safety by allowing the individual to live normally in their own home while also alerting a 

caregiver or medical professional if they fall. The system may be more easily concealed since no 

wearer-accessible activation button is required.  

 Towards the goal of providing a high specificity, sensitivity, and accuracy fall detection 

system, this thesis presents deep-learning-based classifications algorithms for fall detection using 

a skin-wearable sensor including a 6-axis motion sensor (specifically, 3-axis accelerometers and 

3-axis gyroscopes) operating at 33 Hz to collect motion data from two different age groups (young 

adults and elderly) by placing the device in three different body locations (chest, wrist, and a form 

of a necklace). The algorithms differentiate between falls and other activities of daily living (e.g., 

sitting, walking, running, and climbing stairs) in confusion matrices by using Python. Different 

neural networks (CNN, LSTM, CNN-LSTM, and Conv-LSTM) with their hyperparameters and 

different input datasets (X, Y, Z acceleration, X, Y, Z gyroscope, and acceleration of magnitude) 

are optimized and algorithm evaluations are described in order to choose the highest accuracy 

among them to be used for further experiments.  

1.1  Objectives of Thesis Work 

 The objectives of this study are: Develop 1) A wireless, flexible, skin-wearable electronic 

device with motion sensors for accurate motion sensing and user comfort and 2) A deep learning-

based classification algorithm using training datasets collected from older adults for reliable fall 

detection. The objectives will help to achieve the long-term goal of the study, which is to minimize 

adverse consequences of falls and fall-related injuries and provide the necessary support and care 
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by sending emergency alerts to healthcare providers in a timely manner and that will improve the 

life quality and independence of elderly while using wearable fall detection system. 

 This study is unique since it is the first study: 1) Using the skin-wearable electronics to 

detect the risk of falling in elderly. The developed device is considered to significantly improve 

fall detection performance by displaying high fidelity in motion sensing and user comfort for long-

term usage during daily activities, making it a suitable method for monitoring fall risk in elderly 

and other age groups. 2) Few research studies have collected training datasets from actual elderly, 

which is critical for improving the sensitivity and specificity of deep-learning algorithm 

performances. Also, this research is significant due to its results that will help biomedical 

engineers, healthcare providers, and some families to improve elderly’s life and other age groups 

easily when they are using the skin-wearable devices and increase the confidence in older adults 

to be independent. Therefore, to achieve the optimal results in this study, the five hypotheses below 

were tested. 

Objective 1: The first objective is to design and fabricate a smart wireless skin-wearable device 

with motion sensors to detect the fall risk of elderly while using the device and improve the signal 

fidelity and user comfortability for long-term use due to its flexibility and other mechanical 

properties. The device will be fabricated by using traditional MEMS techniques and contain all 

essential electronic components and integrated circuit components for motion sensing.  

Objective 2: The second objective is to test a combination of input datasets and different neural 

networks with the collected training dataset in order to prove which will be appropriate to provide 

the acceptable accuracy and improve the sensitivity and specificity in elderly’s fall detection that 

will save time and effort as well. 
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Objective 3: The central objective of this study is to train body motion data collected from elderly 

in deep-learning-based classification algorithm to achieve a high accuracy since those results will 

be more accurate in developing and improving high fall detection systems for elderly. 

Objective 4: The other objective is to train and optimize the motion data collected from different 

body locations (body, wrist, and a form of necklace) and compare which body location will give 

the optimal result and be more accurate to predict human activities for elderly. 

Objective 5: The last objective is to train the body motion data collected from both groups (young 

adults and elderly) by mixing training and testing datasets in deep-learning. First, use the training 

body motion dataset collected from young adults and mix it with testing dataset collected from 

elderly, and then use the training body motion dataset collected from elderly and mix it with the 

testing dataset from young adults to compare the performances of the body motion data for each 

result and test if young adults’ body motion data can be used to predict the falls in elderly to 

develop a fall detection system for them.  

1.2  Thesis Structure 

 Chapter I presented an introduction to the work on this thesis and the objectives developed 

for this work. The rest of this thesis is organized as follows: Chapter II is a general background of 

falls in elderly, with a discussion of some literature reviewed related to the existing sensing 

technologies and approaches used for fall detection. Chapter III describes the materials and 

methods used to fabricate the device, data collection, experimental setups prepared to test device 

functionality, and different models and inputs used with optimization for fall detection 

development. Chapter IV demonstrates the results of the skin-wearable device and its functionality 

with the optimal location for device placement and deep-learning optimizations, including models 

and input datasets. Finally, Chapter V presents the conclusion and the directions for future work.  
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CHAPTER II 

BACKGROUND 

2.1  Falls in Elderly 

 Falls are commonly defined as an incident that results from an individual coming to rest 

unintentionally on the floor, that are often caused by multifactorial risk factors including intrinsic 

and extrinsic factors [4]: intrinsic risk factors are patient-related circumstances such as age, gender, 

history of falls and number of pathologies and medications, and extrinsic risk factors consist of 

environmental influences that can cause tripping, slipping, or loss of balance. While falls and fall-

related injuries are one of public health problems among all age groups, adults older than 65 years 

of age are at higher risk of falls and fall-related injuries due to their health issues and normal 

changes of aging such as vision and hearing acuity, muscle strength, and chronic diseases [5]. As 

a result, falls are the leading causes of morbidity, immobility, and mortality in older adults after 

road traffic accidents [5].  

 There are several reasons that are usually associated with falls among elderly such as: 

improper balance, medication effect, gait inconsistency, cardiovascular diseases, weakness and 

loss of strength, and impaired vision [6-16]. According to the Centers for Disease Control and 

Prevention (CDC), 28.7% of older adults in the United States reported falling in 2014; resulting in 

approximately 29.0 million falls and 7.0 million injuries among elderly people that required 

medical treatment or caused restricted activity [17]. The number of falls among elderly will 

increase since their population is growing fast in many nations throughout the world; globally, this 

age group was estimated to be 688 million in 2006, and projected to grow to almost two billion by 

2050 [5]. For example, researchers found a relative increase of nearly 30% of falls from 1998 to 

2010 among older adults since their risk level is higher due to the changes associated to aging [18]. 
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 There is a number of consequences that affect well-being as a result of falling such as 

dependence, loss of autonomy, confusion, immobilization, and depression that lead to further 

restriction in daily activities [5]. In addition, falls lead to moderate to severe injuries and may vary 

from no injuries, bruises, and lacerations to dislocations, fractures, and head injuries depending on 

the individuals’ fall [19-22]. Besides, healthcare impacts and costs of falls in elderly are 

significantly rising around the world [5]. Carroll et al. [23] stated that the total direct medical costs 

in the United States of fall injuries among elderly were $6.2 billion in 1997, then the costs 

increased to $19 billion in 2000 [24] and $30 billion in 2010 [25]. Furthermore, adults older than 

60 years of age are suffering from fatal falls [5]; according to the World Health Organization 

(WHO), fatal falls are estimated to occur around 684,000 each year in the world.  

 Therefore, a smart automatic fall detection system for elderly is one of the most important 

healthcare applications as it enables timely medical intervention and can reduce the number of 

fatal falls when alerts are sent immediately to health providers or family members. Generally, fall 

detection devices are used to detect the abrupt changes of body movements and prevent or limit 

impairment and subsequently allow preservation of daily activities. Thus, the early detection of 

falls can be crucial for a person’s survival or for providing necessary support since a quick reaction 

and help after the event can significantly mitigate harmful effects [26].  

2.2  Human Activity Recognition 

 Human Activity Recognition (HAR) is one of the active research areas, especially in 

healthcare which is known as one of the most critical technologies for monitoring systems. HAR 

is essential to humanity since it recognizes and records the individuals’ daily activities and 

behaviors with data that can compute the systems to monitor, examine, and support their daily 

behaviors and life [27]. The aim of recognizing HAR is to understand the human body’s behaviors 
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that can be presented by a collection of human activities observations and evaluations with their 

surroundings. A valuable characteristic will be extracted from their data after it gets preprocessed 

by multiple steps such as denoising, normalization and segmentation [28].  

The recognition of human activities and behaviors can be an interesting field for medical, 

military, and security applications. For example, some treatments consist of exercising routine that 

are made for patients with diabetes, obesity and heart diseases [29]. Therefore, those activities 

such as walking, running, and cycling are useful to be recognized by caregivers in order to detect 

abnormal activities, provide feedbacks to patients, and prevent undesirable consequences.  

HAR is utilized in healthcare systems that are installed in many places such as residential 

environments, hospitals, and rehabilitation centers. Moreover, HAR is used widely for monitoring 

elderly’s behaviors that are staying in rehabilitation centers for chronic disease management and 

disease prevention [30]. HAR can also be inserted in smart homes to track elderly’s daily activities 

and monitor patients to prevent some diseases such as obesity and estimate their energy 

expenditure. In addition, it can motivate patients with some kinds of disabilities to do physical 

exercises and it can observe some behaviors such as abnormal conditions for specific patients and 

detect early signs of illness [31-34].  

Furthermore, HAR can be used in many services, and it can be beneficial for smart health and 

smart home applications. HAR research is using different sensor networks in order to record the 

human behavior data with identifying the behaviors of the humans from the same data. There are 

many sensors that are used for HAR like wearable sensors, ambient sensors, smartphones, cameras, 

and many other sensors. Also, it is much easier now to differentiate human behaviors by using 

some devices like video and motion sensors and that is after the improvement of Machine Learning 

(ML) and Deep Learning (DL) technologies [35]. 
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Currently, HAR can be performed by either external or internal sensing technologies. One 

example of the external sensing devices for HAR is intelligent homes [36]. These systems can 

detect very complicated activities (e.g., eating, taking a shower, washing dishes, etc.) to collect 

data from multiple sensors that are placed around the participants’ that can interact with (e.g., 

stove, faucet, washing machine, etc.). However, those external sensing for HAR has some 

limitations such as high cost, environmental issues like weather, complexity of video processing, 

and difficulty of identification and recognition of the activities when users are moving out of the 

sensor range. Besides, inertial sensors are placed on the user’s body to sense their motions such as 

wearable sensors that are commonly used for HAR. Also, accelerometers, gyroscopes, and 

magnetometers are considered wearable sensors that are used to convert human motions to signal 

patterns to identify human activities [37-39]. Inertial sensors do not have that kind of limitations 

compared to external sensors and they are used to identify some activities such as walking, jogging, 

and running by using the commonly used to sensor the three-axis accelerometer [28].  

Another new sort of smart-terminal-based wearable devices are increasingly growing. 

Smartphones and smart devices, such as smartwatches, are becoming more complex, and they now 

have a huge number of high-precision sensors. There are many different devices for measuring a 

variety of human activities, but the concepts are the same. Researchers use internal sensors to 

record changes in data produced by different behaviors as shown in Figure 1 some of the examples 

of human activities that can be detected and each signal associated with each activity, and then 

send the data to intelligent terminals such as computers via wireless networks or Bluetooth 

technology, where it is processed through a series of complex steps. Researchers can easily 

evaluate and record data on various human behaviors referred to as data processing [28]. 
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Figure 1. Examples of Human Activity Recognition. 

 Most of the human daily tasks can be simplified or automated if they can be recognized via 

HAR system [41, 42]. Although the objective of HAR is to understand the position of the human 

body in the videos or the sensor data in order to recognize the semantics of behavioral actions and 

to make the computer understand the behavior sequence in the video scene. In addition to HAR 

benefits, it is considered as an important component in various scientific research contexts, and it 

has a broad application use, specifically, in surveillance systems and healthcare systems [27, 43-

46], and other fields with providing support to those fields.  

 A surveillance system is composed of a system of cameras, monitors, and recorders which 

is important to many applications such as elder care and home nursing [47]. Therefore, HAR is 

required in the surveillance system and it was adopted and installed in surveillance systems that 

are at public places such as banks and airports [48-50]. Based on a new type of human activity 

prediction that was introduced by Ryoo [46] in order to prevent crimes and serious activities from 

happening in public places. Those findings can easily recognize any in-progress human-human 

interactions in the advanced phase. Furthermore, there are several factors and challenging issues 

are contributing to the difficulty of action recognition: 1) human movements are performed in a 

very high-dimensional space, 2) interactions between diverse participants make searching in this 

area more difficult, 3) different participants performing comparable or similar activities show 
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significant variations, and 4) standard video cameras can only record projective information of the 

real environment and are affected by lighting conditions [51]. 

 

Figure 2. General structure of HAR system [52]. 

 In general, the sensors in HAR play a significant role in detecting human activity. Figure 

2 describes the process of identifying a human activity when a body gesture is generated as input. 

The information obtained from human body gestures is captured by the sensors, and the 

identification engine analyzes the data to determine the type of activity performed. After being 

processed and determined by a classification system, physical human action may be easily 

identified by evaluating the data provided from various wearable sensing devices [27]. A summary 

of HAR is provided in Table 1. 
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TABLE 1 

 SUMMARY OF HAR 

Types Examples Purpose Limitations 

External 
Sensing   
[36, 52] 

Intelligent 
Homes. 

Detect 
complicated 

activities (e.g., 
eating & 

drinking). 

Expensive, environmental issues, 
complexity of video processing, and 
difficulty of identifying activities. 

Internal 
Sensing  
[37-39] 

Wearable 
Sensors. 

Detect human 
motion 

activities. 

Doesn’t have limitations compared to 
external sensing [28]. 

Smart-
terminal-

based 
wearable 

devices [52]  

Smartphones 
and smart 
watches. 

Record changes 
in data produced 

by activities. 

Complex, and have a huge number of 
high-precision sensors. 

Surveillance 
System          

[27, 43-46]  

Cameras, 
monitors and 

recorders [47]. 

Recognize in 
progress human-

human 
interactions in 
advance phase. 

Activities performed in a high-dimensional 
space, difficulty searching with many 
participants, and cameras only record 
some information and are affected by 

lighting. 

 

2.3  Sensing Technologies 

 Sensing technologies can be used to gain a thorough technical understanding of an existing 

fall detection system, classify different methodologies, and identify issues that may arise during 

implementation. There are some classifications of fall detector systems such as ambient and 

wearable sensing detectors, each of which is further investigated by sensor technology based on 

the device's location. This evaluation covers every competing sensor technology, from 
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accelerometers, gyroscopes, to pressure sensors, camera-based sensors, and many other sensing 

technologies and their integration into a complete fall detection system. 

2.3.1 Ambient sensors-based fall detection 

 Ambient sensors are non-wearable systems that consist of multiple sensors placed around 

the human proximity for gait monitoring. Ambient sensors are used to capture the interactivity 

between humans and their environment, such as home and senior care facility. Those sensors are 

installed in areas around humans to monitor their activities as well as examining their surroundings 

whenever the individuals interact with the environment of the sensor zone, to be able to detect the 

fall event based on the sensed signals and some other factors such as the time spent in falling. 

While these factors are unique for each person and each fall event, this system utilizes pattern 

matching or machine-learning methods to identify falls for each individual. There are some 

features in the ambient sensors that are not in the other sensors, which are used to detect multi-

occupant activities and can be adopted for indoor localizing that is difficult for other sensors to 

achieve. While longevity, accuracy, installation complexity, lack of portability and reliability, and 

long-term monitoring are some limitations associated with ambient sensors. Also, those sensors 

convert measurements and a physical amount taken in the actual world into data that may be used 

in the digital sphere and into a signal by measuring it. Some examples of ambient sensors are: 

camera or image sensors, acoustic sensor, pressure sensor, infrared sensor, ultrasonic sensor and 

radar sensor as shown in Figure 3 [53]. Pressure sensors can be used to detect human activities and 

has to be direct in physical contact that can detect any small movement which depends on the 

mechanical mechanisms. It can be deposited in various places, like a chair [54], a table [54], a bed 

[55], and the floor [56], this is when it is being embedded in a smart environment. Also, it is 

convenient for exercise monitoring such as pressure sensors under the fitness mat [57] and writing 
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posture corrections [58]. Pressure sensors can be used as wearable devices for energy harvest and 

can identify the self-powered application [59]. Those can be installed in shoes [60], wrist bands 

[61], and human chests [62]. 

A previous study related to ambient sensors by Change [63] utilized an array of six ultrasonic 

sensors to monitor the individual’s posture. The sensors generate an eight-pulse signal waveform 

at 40 Hz. The distances between the subject and the sensors were determined, and the target's 

gesture was analyzed using the various distance information identified by the array of sensors. For 

pattern matching, a trained Support Vector Machine (SVM) model was used, which achieved a 

fall detection accuracy of 98%. While the challenge with this approach in the monitored area, only 

one person can be served, thus no pets, partners, or friends are allowed and even walking sticks. 

 

Figure 3. Example of ambient sensing-based fall detection system [53]. 

2.3.2 Image processing-based fall detection 

 Elderly people can be monitored while staying inside their home for fall detection by using 

the vision-based systems which are used to obtain motion data by monitoring devices such as 
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indoor cameras that are placed at a predefined fixed location and to record a video sequence of the 

activities and motions of the users in order to extract human body images of the activities from the 

recorded videos to realize and understand the individuals’ daily behaviors, and to determine 

whether a fall has occurred [64, 65]. The activity inference is completely dependent on the user's 

interaction with these devices around their environment, and when falls occur, camera-based fall 

detection systems can assist by sounding an alarm [28]. Also, the aim of using image processing 

systems is to target the simple and complex activities of the individuals by constant interaction 

with the environment in realistic scenarios. Some of those examples of simple activities are 

walking, sitting, and jogging while the complex activities are drinking, eating, cooking and 

playing. In addition, the processing phase is most likely based on the vision, which is including 

the preprocessing, object segmentation, feature extraction, and classifier implementation [66]. If 

the defined requirements are met, vision-based fall detection systems assess the human position, 

human movement, or a combination of both and categorize fall events. Some examples of the 

vision-based system: depth camera [67], RGB camera such as Raspberry Pi camera [68], and 

indoor video surveillance cameras [69] for the purpose of acquiring images to detect falls. Depth 

cameras can calculate 3D information using only one camera. It also performs better in low-light 

situations [67]. RGB cameras, on the other hand, are regular video cameras that are utilized in 

everyday life, ranging from low-profile internet cameras to high-end surveillance cameras. A study 

related to image processing systems by Bian [67], proposing a robust fall detection system using 

a depth camera to track human body parts and measure the relationship between the body and the 

environment. The 3D body joints are extracted first, followed by the head and hip, which are the 

most obvious body parts to be extracted and tracked. The camera's frame rate is 30 frames per 

second, and the key joint extraction takes only a few milliseconds by using a randomized decision 
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tree (RDT) algorithm, proving that such an approach is effective. Finally, the head joint distance 

trajectory is used as an input feature vector for SVM analysis to detect if a fall motion has occurred, 

achieving a 97.6% accuracy. The challenge with this approach it does not detect fall when occur 

if one of the joints of the body is hidden by an obstacle. To sum up, the advantages of cameras is 

that the recorded videos can be later utilized to figure out what caused the fall to avoid these causes 

in the future and can track and monitor the individuals in their environment even with other people 

or pets comparing to ambient sensors. While the disadvantages are blind spots caused by the 

presence of a single camera, the number of cameras that should be used around their place which 

lead to a high cost, complex setup, and privacy issues since most elderly people are uncomfortable 

in their place if it is filled with cameras that record videos and sounds and more of their personal 

life as shown in Figure 4 [70]. Moreover, there are some negative effects on accuracy in vision-

based systems, such as the angle and position of the observers, the shadow of the object, and the 

background colors.  

 

Figure 4. Example of image processing-based fall detection [53]. 



  

 16 

2.3.3 Wearable sensors-based fall detection 

 Electronic devices that can be comfortably worn on the human body are known as wearable 

sensors that can be effective in solving the falling issue among elderly. These wearable sensors are 

used to keep track of human activities in real-time. They have motion sensors that record 

individual’s daily activities and sync them with tablets or laptop computers [71]. Due to their ease 

of use and cost-effectiveness for remote health monitoring, wearable sensors are becoming more 

popular alternative to traditional healthcare. As next generation of electronic devices, the wearable 

devices have gotten a lot of interest. Also, they are the most popular used sensors for HAR because 

they are effective in capturing the human body activities, and they can be inserted into 

smartphones, watches, bands, and clothes. Wearable system’s benefits in healthcare monitoring or 

fall detection; real-time vital statistics monitoring and allowing for more timely data analysis. 

Early identification of sickness or the possibility of a significant health event, as well as immediate 

alerting when biometric readings enter a danger zone, patient monitoring, surveillance, screening, 

diagnosis, and therapy, post-treatment, and continuous management can all be done with wearable 

devices. 

 The accelerometer, gyroscope, and magnetic sensors are kinematic sensors that are used 

extensively in wearable devices. Since most fall detection systems are designed for indoor use and 

have a high level of installation difficulty, a new study by Lai et al. 2010 [72] with a new design 

of six accelerometers were installed at the neck, waist, wrists, and thighs. The amount of the 

acceleration and its angle with respect to gravity establish the body's movement posture. Apart 

from fall detection, the system distinguishes between standing, sitting, lying down, and walking. 

The proposed system utilized a self-learning technique, in which the classification rules, such as 

the threshold for accelerometer value and angle cluster for sensors, were adaptively modified in 
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response to the user's motion behavior. The system provided high accuracy, 99.55%, by using 

Support Vector Machine (SVM) in machine-learning but it was impractical to utilize in everyday 

life due to the multiple sensors that needed to be used.  

 Another classification of wearable sensors are smartphone sensors. The importance of the 

mobile phone in everyday life for individuals of all ages opens the way for the development of a 

standalone mobile app for fall detection. Smart devices are the latest release of wearable devices 

which are improving for measuring the human activities that have a precision sensor. It is detecting 

capabilities rely on the sensor being worn in real time, however the elderly may not be able to use 

it in particular situations, for example, when taking a shower. Built-in sensors such as the 

accelerometer and gyroscope are used by the smartphone [73]. Smart bands and smartwatches with 

heart rate monitors, pulse oximeters, accelerometers, gyroscopes, and other sensors are examples 

of skin-worn fall detectors. The accelerometer data are recorded, and if they cross a certain 

threshold and do not return to their normal value within a certain time frame, the event is 

categorized as a fall. The prototype successfully detected fall, but there were certain design 

restrictions, such as the necessity for mobile phones to be placed directly in the front pocket of the 

shirt, facing the user. The program consumed sufficient power because it was necessary to operate 

continuously. Most fall detection algorithms are based on observational data analysis, which leads 

to the establishment of thresholds for fall/non-fall situations. A study by Vo et al. [74] was 

addressed for the issue of fixing the position of the mobile phone in the front pocket through the 

classification of posture by using mobile phone. Different fall signatures were identified as a result 

of the changes in accelerometer values corresponding to each posture change, Figure 5 shows an 

overview of fall detection system using wearable sensors. To characterize an event as a fall, three 

sets of accelerometer measurements were compared to a threshold. The concept was simple, but 
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the design's primary flaws were the power consumption and false alarms caused by threshold-

based algorithms' limits that achieved low accuracy of 85%. The smartphone-based design 

generates great accuracy and simplicity. However, the necessity of a fixed orientation and location 

for a mobile phone, inability to use in restrooms, and regular charging of the device are significant 

technological issues. The advantages of wearable sensors in general, according to Kreil et al. [33], 

is their inexpensive cost, compact size, and low power consumption. Furthermore, wearable 

sensors are well-known for their flexibility in enabling location-independent and efficiency in 

human monitoring without interfering with their everyday lives, i.e. privacy issues [38]. Other 

advantages such as being portable, discreet, and noninvasive. Short battery life is a major concern 

in wearable devices [75] and if the individual forgets to wear the device, the entire goal is defeated. 

A Summary of Sensing Technologies is provided in Table 2. 

 

Figure 5. Overview of fall detection system using wearable sensors [76]. 

2.3.3.1 Motion Sensors 

 A motion sensor, sometimes known as a motion detector, is an electronic device that 

detects falls nearby people or objects using a sensor. Motion detectors are an essential part of any 

security system. When a motion sensor detects movement, it will transmit an alert to the security 

system and, in some cases, the mobile phone. Also, there are some motion sensor devices that the 

researchers use in order to record the changes in the data for each behavior and this data will be 
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sent to computers using Bluetooth for processing and analyzing the data. Some motion sensors are 

accelerometers, gyroscopes, and magnetometers that can be used for monitoring and identifying 

the human activity such as walking, running, and standing. An accelerometer is a sort of low-

power radio wave technology sensor, are used in fall detection systems to track the user's 

movements. Three-axis accelerometers, like those seen in smartwatches and smartphones, are 

employed in state-of-the-art fall detection devices. The device is used for measuring the rate of 

change of the velocity of an object in meters per second squared (m/s^2) or G forces (g), which is 

acceleration. Putting the accelerometers on many parts of the body to realize human activities, like 

the waist [7], arm [77], ankle [23], wrist [38], et al. A gyroscope is a device for measuring the 

orientation and angular velocity in degrees per second (°/s). The gyroscope is inserted with an 

accelerometer to be placed on some parts of the human body. A magnetometer is compiled with 

an accelerometer and a gyroscope into an inertial unit and is commonly used wearable sensor for 

activity recognition. It measures the change of a magnetic field in Tesla (T). 

Motion sensors combine a body-worn triaxle accelerometer with motion detectors situated 

in the monitored area to detect falls. Motion detectors monitor the general presence or absence of 

motion, whereas accelerometers offer information regarding body motion during a fall [78]. 

Wearable, wireless motion sensor data can be used to define the type, quantity, and quality of 

mobility-related activities in the community when examined by activity pattern-recognition 

algorithms. Continuous monitoring is possible because of data transmission from sensors to a cell 

phone and the Internet.  
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TABLE 2  

SUMMARY OF SENSING TECHNOLOGIES 

Types Examples Purpose Limitations 

Ambient 
Sensors   

[63] 

Camera or image, 
pressure, infrared, and 
ultrasonic sensors [53]. 

Multiple sensors placed 
around the human 
proximity for gait 

monitoring. 

Longevity, accuracy, 
installation complexity, 
lack or portability and 

reliability, and long-term 
monitoring. 

Image 
Processing 

[67] 

Depth camera, RGB 
camera such as 

Raspberry Pi, and 
indoor surveillance 

cameras. 

Monitoring elderly inside 
their home to obtain 
motion data by using 

monitoring devices [64, 
65]. 

Blind spots, number of 
cameras need to be used, 
high cost, complex setup, 

and privacy [70]. 

Wearable 
Sensors 

[72] 

Kinematic sensors: 
accelerometer, 
gyroscope, and 

magnetic sensors. 

Used to keep track of 
human activities in real-

time [71]. 

Short battery life and 
individual’s neglecting of 
wearing the device [75]. 

 

2.4  Epidermal Electronics 

 Epidermal Electronic systems (EES) are classified as flexible epidermal electronics, 

integrating electronic circuits, and functional components, such as sensors and actuators [79], that 

have been widely developed recently due to widespread applications in healthcare monitoring [80-

82], such as the human-machine interaction interfaces [83-86], motion capture [86-88], remote 

communications [84], and physical therapy [89]. By utilizing this technique, a wide range of 

electronics devices may be used to measure electrophysiological signals, such as 

electrocardiograms, electromyograms, and electrooculograms. Also, it has a variety of significant 

medical uses, including monitoring brain activity, heart activity, or premature newborns, to 
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improve prosthesis control, and establish human-machine interface. EES are integrated into 

extremely thin, lightweight, flexible "skin-like" membranes with low modulus and can be 

stretched, folded, and bent without causing damage due to improved mechanical structures and 

materials [79, 84, 86] that can also laminate such devices onto the skin surface by direct interaction 

results in conformal contact and appropriate adherence through van der Waals interactions only, 

without the need of mechanical fixturing hardware or adhesive tapes, and EES in almost 

mechanically unrecognized to the user. Moreover, the direct interaction between the devices 

integrated onto the skin can guarantee to get accurate measurements considering that noninvasive 

integration can prevent signal noises caused by artifacts such as motion induced variations [79]. 

Unlike existing wafer-based technologies that are inappropriate for some applications since it has 

difficulties to achieve strong electrical contacts with the skin and failed to achieve portable 

integrated systems with biocompatible forms, compact size, light weight, continuous, and real-

time operations while they are still able to capture these types of electrical signals. These traditional 

electronics are frequently give inaccurate measurements since they are attached to the skin surface 

using caps, belts, conductive glues, or tapes [90]. Both the work of adhesion and the contact area 

dictate how well the EES adheres to the skin. The contact between device and skin for the EES/skin 

interface is characterized by its work of adhesion	γ!"#$%"/'($), whereas the contact between silicone 

and skin is characterized by its work of adhesion γ'$*$%+)"/'($). The effective adhesion work 

between EES and skin is therefore averaged as	γ = 	αγ!"#$%"/'($) + (1 − 𝛼)γ'$*$%+)"/'($), where 𝛼 

is the device area fraction. The effective work of adhesion is simplified to 𝛾	 ≈ (1 −

α)γ'$*$%+)"/'($)	because adhesion between the device and the skin is relatively weak (~0). The skin 

surface can be performed by a sinusoidal form using equation (1) 

                                           𝑦	(𝑥) = ℎ,-./0[1 + cos52𝜋𝑥/𝜆,-./0:]	/	 2	                                     (1) 
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With skin roughness amplitude ℎ,-./0 and wavelength 𝜆,-./0 . 

 There are two types of contact as shown in Figures 6, for the first type which is the non-

conformal contact between EES and the skin their total energy will be 𝑈1-123-14-,567	 = 0 since 

the former maintains flat surface and has a very tiny contact area (~0). For the second type, the 

conformal contact, both EEs and skin deformed to make their total displacement the same as the 

skin roughness 𝑦	(𝑥). Therefore, the displacements of EES and skin surface can be clarified by 

using equation (2) and (3) [91]. 

 

Figure 6. Mechanics model analyzing the contact between EES and the skin.                           
Top: Non-conformal Contact State. Bottom: Conformal Contact State [91]. 

 

                                            𝜔	(𝑥) = 0
9
	(1 + cos 9:;

<!"#$%
)	                                                  (2) 
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                         𝑢;(𝑥) = 𝑦 − 𝜔 = 0!"#$%20
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	(1 + cos 9:;
<!"#$%

)	                                      (3) 
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 Moreover, when the adhesion energy is greater than the sum of the bending and elastic 

energies, conformal contact occurs. The critical membrane thickness for EES, as shown in Figure 

7, is ≈ 25 μm, according to theoretical study in Figure 7B. In other words, EES constructed with 

membrane thicknesses less than this crucial value will form conformal contact with the skin. The 

results of the analysis are qualitatively consistent with the experimental results in Figure 7A. In 

instance, a 5 μm-thick membrane, establishes great conformal contact with a polymer surface 

molded into the shape of human skin (forearm). While air gaps can be seen at the interface of 

membranes with a thickness of 36 μm; membranes with a thickness of 100 μm and 500 μm exhibit 

decreasing regions of contact, especially at wrinkles and pits on the skin surface. 
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Figure 7. (A) Cross-sectional image exhibiting degree of conformal contact between a silicone 
replica of the surface of the skin (grey) and various thickness of elastomer membrane substrate 
(blue) for EES. (B) Analytical calculation of the energy associated with the interfacial contact 

between a representative skin surface and a membrane substrate as a function of thickness. 

2.5  Fall Detection Approaches 

2.5.1 Threshold-based  

 In threshold-based algorithms, features are computed from observed accelerations and 

analyzed with a set of criteria such as amplitude that are set for each activity, and after the measured 

signals from the sensor reach a particular threshold, then the fall and the other activities can be 

recognized. Individual sensors, such as accelerometers, gyroscopes, and electromyography, are 

typically used in threshold-based approaches. A study by Montanini et al. [92] proposed a 

threshold-based approach to fall detection using wearable sensors with low complexity, which 

achieved a 97.1% accuracy by performing experiments on a developed prototype. The advantages 

of the threshold approach: its applications are simple to develop which require less computing 

effort, and when a fall happens it can be detected. On the other hand, the rate of false positives is 
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a significant issue [93]. Also, because of the complexity of human movement, such thresholds are 

less efficient in detecting diverse types of falls and unobserved participants. As a result, for 

generalized fall detection and after deep learning's breakthrough, threshold-based techniques have 

become less desirable.  

2.5.2 Machine Learning 

Machine Learning (ML) methods rely on complicated algorithms to get a detailed 

understanding of data and anticipate outcomes by using a set of features. Wearable, ambient, and 

camera-based fall detectors can use traditional ML approaches such as Support Vector Machine 

(SVM), Regrouping Particle Swarm Optimization, Decision Trees (DT), and Multilayered 

Perceptron (MLP) to gain insights into the data and detect and even predict future falls. These 

approaches require the extraction and selection of characteristics that will allow for accurate fall 

classification, as well as the training of the classification model using collected and labeled data. 

In research using wearable sensors, traditional ML algorithms outperform threshold-based systems 

in fall detection and activity recognition [94]. Bianchi et al. introduced the addition of a barometric 

pressure sensor to fall detection systems as a surrogate measure of altitude to help distinguish true 

falls from typical ADLs in [95] a wearable device was used to capture acceleration and air pressure 

data, which was then evaluated offline. The accuracy, sensitivity, and specificity of a heuristically 

trained decision-tree classifier used to categorize suspected falls were 96.9%, 97.5%, and 96.5%, 

respectively. The ML method is more advanced and results in higher detection rates compared to 

the threshold-based approach. Nonetheless, implementing ML techniques has been documented to 

be difficult (for example, requiring high mathematical skills, requiring more computation 

resources, etc.) , despite the fact that they are currently the prevailing trend since threshold-based 

techniques have been shown to be ineffective [96].  
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2.5.3 Deep Learning  

Deep-learning-based (DL) classification and detection are now increasingly often utilized 

in fall detection systems that can automatically extract feature information. Layer-by-layer 

structures of deep learning algorithms enable them to learn from basic to abstract features .DL 

approaches are becoming state-of-the-art for fall detection and other activity recognition. As a 

result of this benefit, DL approaches have grown in popularity in the research community. They 

have been utilized in a variety of situations when they have taken on the role of human experts. 

The main steps in DL approaches using wearable sensor data are: preprocessing the obtained 

signals, extracting features from signal segments, and training a model that uses these features as 

input. Therefore, current research in the field of wearable sensors data fall risk assessment is 

mostly focused on engineering features that may be optimized. Different DL algorithms utilize the 

extracted data as input to predict the occurrence of fall [97]. Deep neural networks have a variety 

of architectures that encode features from multiple perspectives. For example, Convolutional 

Neural Networks (CNNs), are capable of capturing the local connections of multimodal sensory 

input, and locality introduces translational invariance, which leads to correct recognition [98], 

Long Short Term Memory (LSTM) is a deep learning architecture based on an artificial recurrent 

neural network (RNN), and Convolutional- Long Short Term Memory (Conv-LSTM) is a 

Recurrent layer similar to LSTM, except instead of internal matrix multiplications, convolution 

operations are used. Queralta et al. (2019) used an LSTM approach in which wearable nodes with 

accelerometers, gyroscopes, and magnetometers were integrated into a low-power wide-area 

network with combined edge and fog computing. The LSTM method is a recurrent neural network 

that is used to solve long sequence learning problems. Their system had a 95% average recall rate 

while delivering a real-time fall detection solution that ran on cloud platforms [94]. Deep neural 
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networks are detachable and can be flexibly assembled into unified networks with a single overall 

optimization function, allowing for a variety of DL techniques, such as deep transfer learning [99], 

deep active learning [100], deep attention mechanism [101], and other less systematic but equally 

effective solutions [102, 103]. However, deep-learning required a large amount of data in order to 

perform better than the other fall detection approaches. A summary of fall detection approaches is 

provided in Table 3. 

TABLE 3  

SUMMARY OF FALL DETECTION APPROACHES 

Approaches Principle Algorithms Limitations 

Threshold-
based [92] 

Recognize a fall when 
measured signals from 

the sensor reach a 
particular threshold. 

 

N/A 

Rate of false positives 
and less efficient in 

detecting diverse types of 
falls and unobserved 

participants [93]. 

Machine 
Learning 

[94] 

Approach rely on 
complicated 
algorithms to 

understand data and 
anticipate outcomes 

[95]. 

Support Vector Machine 
(SVM), Decision Trees 
(DT), and Multilayered 

Perceptron (MLP). 

Difficult in 
implementation (e.g., 

requiring high 
mathematical skills, 

requiring more 
computation resources, 

etc.) [96]. 

Deep 
Learning 
[97, 99]. 

Utilized in fall 
detection systems that 

can automatically 
extract feature 
information. 

Convolutional Neural 
Networks (CNN), Long 

Short Term Memory 
(LSTM), Conv-LSTM 
and CNN-LSTM  [94]. 

 

Large amount of data is 
required to perform 

better. 
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2.5.4 Deep-Learning Techniques 

2.5.4.1 Supervised learning 

 There are new deep learning methods for extracting distinguishable features from sensory 

data. Mostly they are supervised methods, but HAR system can be either supervised or 

unsupervised [7]. The machine learning task of learning a function that translates input to output 

input-output pairs is known as supervised learning (SL). A supervised HAR system needs some 

training with dedicated datasets while unsupervised HAR system is already configured with rules 

through development. Also, the necessity of a mass of labeled data to train the discriminative 

models is an essential feature of supervised learning methods. Although, there are two reasons 

why a substantial amount of reliable labeled data is not always available. The first reason is the 

annotation process is high in cost, takes a long time, and so tedious. The second reason is the labels 

are subject to different sources of noise like sensor noise, segmentation issues, and the variation 

of activities across diverse people that makes the annotation process error prone. Therefore, 

researchers have begun to investigate unsupervised learning and semi-supervised learning 

approaches to decrease the dependence on massive, annotated data. 

2.5.4.2 Unsupervised learning 

 Unsupervised learning enables the system to recognize patterns in data sets without the 

need for human intervention. In unsupervised learning, an artificial intelligence system will 

categorize unsorted data based on differences and similarities even if no categories are given. It is 

mostly used for exploratory data analysis to find patterns among data. Authors tested the feasibility 

of incorporating unsupervised learning methods in activity recognition [29]. Also, it is used as the 

process of feature extraction to exploit unlabeled data by researchers due to its simplicity and low 

cost in order to collect unlabeled activity datasets. Lately, it is common in an unsupervised fashion 
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to pre-train a deep network on large-scale unlabeled datasets. Moreover, there are two parts of the 

process for recognition. The first part is the input data are fed to feature extractors that are usually 

deep generative models, for pre-training, in order to extract features. While the second part is a 

top-layer or other classifier is added and then trained with labeled data in a supervised fashion for 

classification. Despite the success of deep generative models in unsupervised learning for HAR, 

unsupervised learning still cannot undertake the activity recognition tasks independently since 

unsupervised learning is not capable of identifying the true labels of activities without any labeled 

samples presenting the ground truth. Therefore, the methods should be considered as semi-

supervised learning, in which both labeled data and unlabeled data are leveraged for training the 

neural networks. 

2.5.4.3 Semi-supervised Learning 

 During training, semi-supervised learning blends a small amount of labeled data with a big 

amount of unlabeled data. The algorithms learn to anticipate the output based on the input data by 

labeling all of the observations in the dataset. On the other hand, no unsupervised learning 

algorithm is applied. The unsupervised learning models function independently to find the 

unlabeled data's fundamental structure. Semi-supervised: While some of the dataset's observations 

are labeled, the vast majority are not. As a result, supervised and unsupervised approaches are 

frequently combined. Machine Learning (ML) models allow us to analyze large volumes of data. 

These ML models can accurately extract data patterns that would be impossible to spot by a human 

in seconds. However, correct results (excellent models) almost always need a large amount of time 

and money for model training (the procedure under which the model learns a function or a decision 

boundary). The limited range of infrared sensors is a disadvantage of this system. As a result, it is 

restricted to a few applications; in particular, it is only suited for interior monitoring and not for 
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outdoor monitoring. However, the fundamental advantage of the fall detection approach is that no 

extra equipment is required. Can only operate in areas where the sensors have already been 

installed. Since there is a difficulty in obtaining labeled data, the Semi-supervised learning became 

a new trend in activity recognition. Also, it requires few labeled data and massive labeled data for 

training. Thus, as deep learning is powerful in capturing patterns from data, various semi-

supervised learning has been combined for activity recognition such as co-training, active learning, 

and data augmentation. 
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CHAPTER III 

MATERIALS AND METHODS 

 3.1  Designing the Flexible Device  

 The flexible device was designed by using KiCad which is an open-source program that 

has a large collection of libraries for designing and validating circuit boards. Beneath its singular 

surface, KiCad combine an elegant ensemble of the following stand-alone software tools such as 

KiCad, Eeschema, PCBnew, and other software that may be used to create electronic schematic 

diagrams, Printed Circuit Board (PCB) layouts, and 3D viewer models. More sensors are now 

available on the market, and integration is often accomplished using breadboard and jumper wire 

connections. Therefore, PCB board fabrication is required to have a smooth operating product or 

prototype. Also, KiCad can be used for successful development and maintenance of complex 

electronic boards. The design has been simplified to make it more suitable for 3D printing designs 

[104]. First, it is critical to begin with a clean schematic for the circuit board layout to run 

smoothly. To achieve this, KiCad’s Schematic Capture in Eeschema should be used which is the 

process to design the electronic circuit and validate the design before creating a PCB layout where 

symbols are placed on the schematic and linked nets to the symbol pins as shown in Figure 8 where 

each part in the circuit schematic design is important and has its function, and also it will be easier 

for the designers in order to reduce their time and effort as well. 
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Figure 8. Circuit Schematic Design with labeled function for each part. 

 After completing the electronic Schematic Capture correctly, the converting process of the 

PCB layout can be started where the design tools can contribute to the transition directly from 

electronic to physical design as shown in Figure 9 with the dimensions of the device 27 mm X 18 

mm. There were some important components that were used in the circuit such as RF Antenna 

which is a component that facilitates wireless communication in electronic transmission systems. 

An antenna's primary function is to convert an electrical signal into a radio frequency that can 

travel through the air [105]. Next, nRF52 which is optimized to be used in PCB designs and 

essential in order to support Bluetooth Low Energy and more efficient in transferring the data 

faster. The nRF52 DK (Nordic Semiconductor) was used which is versatile single board 
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development kit. Also, it is known as Arduino Uno that allow easily attaching third-party shields 

that has an on-board SEGGER J-Link debugger for programming and debugging [106]. Moreover, 

Motion Processing Unit (MPU) was used which contains 3-axis gyroscope, 3-axis accelerometer, 

and a Digital Motion Processor to process complex motion algorithms [107]. The whole bill of 

materials that were used in designing the circuit are listed in Table 4.  

 

Figure 9. Circuit PCB Design. 
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TABLE 4 

BILL OF MATERIALS THAT CONTAINS ITEM NUMBER, FOOTPRINT REFERENCE, 
COMPONENTS DESCRIPTION, QUANTITY AND VALUE THAT ARE MATCHING WITH 

FIGURE 9 

Item 
Number 

Footprint 
Reference 

Component Description Quantity Value 

1 A1 RF Antenna Chip 1 2.4 GHz 

2 C1, C2, C23 Capacitor (SMD 0402) 3 1.0 uF 
3 C21 Capacitor (SMD 0402) 1 4.7 uF 
4 C22, C26, 

C33, C35, 
C36 

Capacitor (SMD 0402) 5 100 nF 

5 C24, C25, 
C28, C29 

Capacitor (SMD 0402) 4 12 pF 

6 C30 Capacitor (SMD 0402) 1 1.0 pF 

7 C34 Capacitor (SMD 0402) 1 100 pF 

8 D1 Green LED 1 - 

9 D2 Blue LED 1 - 

10 F1 Frequency Ceramic Low Pass Filter 1 2450 MHz 

11 L3 High frequency chip inductor (SMD 0402) 1 15 nH 

12 L4 Chip inductor (SMD 0603) 1 10 uH 

13 L5 Inductor (SMD 0402) 1 2.7 nH 

14 L6 High frequency chip inductor 1 3.9 nH 

15 P1 CONN_2 / BATT_IN 1 - 

16 U1 Voltage Regulator 1 3.3 V 

17 U3 nRF52840-QIAA Multi-protocol   
Bluetooth ® low energy 

1 - 

18 U4 Motion Processing Unit (MPU-9250) 1 - 

19 Y1 Crystal GND 1 32 MHz 

20 Y2 SMD Crystal 1 32.768kHz 
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3.2  Microfabrication Process 

 Microfabrication is a process of fabricating microdevices and manufacturing of integrated 

circuits which was known as semiconductor manufacturing, by using a combination of traditional 

MEMS (Micro Electro Mechanical System) techniques to complete fabrication flexible circuits 

where electronic components are mounted using soldering techniques. This process is essential to 

be used in order to construct physical objects with dimensions in the micrometer to millimeter 

range [105]. The basic microfabrication process consists of substrate cleaning, surface preparation, 

spin coating, pattern generation, photolithography, wet and dry etching, and mounting the 

components by using soldering techniques [106]. Moreover, the total thickness of the circuit will 

be less than 5 µm while the overall dimension will be 27 mm X 18 mm. The microfabrication 

process is shown in Figure 10 and the overall illustration is shown in Figure 11. The detail of the 

step-by-step process is found in appendix A.   

A. Preparation of the Substrate: 

 The first step of the microfabrication process was preparation of a glass slide substrate (7” 

X 5” 1.2 mm thick; Brain Research Laboratories; Inc.,) which is the backbone of the 

microfabrication that the entire system is formed and that can enable the microdevices to be 

handled easily through all the fabrication steps [106]. After that, a piece of copper was cut from 

the Copper sheet which is commonly used  due to its good electrical conductivity, durability and 

simplicity of fabricating with hot or cold techniques and that are used in a variety of industries, 

such as electrical [107]. The Copper was cut in the size of the thin glass slide (3” X 2” 1.0 mm 

thick; Premiere; Inc.,) and attached to the substrate with Kapton tape. Then polyimide was used 

(PI; HD MicroSystems, Parlin, NJ; Inc.,) due to its good thermal resistance and electrical 

properties. Also, it has a wide range of applications that can be utilized as a high-temperature 
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adhesive, mechanical stress buffers, and micronized circuity support material when manufacturing 

semiconductors and flexible printed circuits [108]. Two layers of PI were spin coated separately 

by using spinner (Laurell Techniques Corporation; Model WS-400A-6NPP/LITE; Inc.,) which is 

a technique used to generate uniform thin films to the flat surface by applying a small amount of 

coating material on the center on the cleaned surface of copper then spinner starts to rotate until 

the desired thickness of the film is achieved (1.5 μm-thick for each PI layer). Then soft baking on 

a hot plate to evaporate the solvent and it can guarantee that the resist surface is non-sticky, 

preventing debris from being transferred later. Then let it cool down at room temperature followed 

by hard baking on a hot plate to prepare the sample for the next step and to improve the resist 

adhesion for subsequent and then cooling down again. Then, Ecoflex™ rubber (Ecoflex™ 00-10; 

Smooth-On, Inc.,) were used which are platinum-catalyzed silicones with a wide range of 

applications that are mixed 1A:1B by weight or volume and cured with little shrinkage at room 

temperature [109]. Ecoflex™ 00-10 was spincoated on a thin glass slide and it has a 30-minute pot 

life and 4 hours cure time. Later the Ecoflex™ 00-10 coated thin glass slide was placed on the top 

of the copper sample that was prepared in the beginning. The sample was placed inside the vacuum 

oven (VWR Scientific Products; Inc.,) that was used to remove the air bubbles trapped under the 

glass slide and then cured at least 2 hours at room temperature. After that, the copper film around 

the thin glass was cut to obtain the sample and, the backing layer of the copper film in the sample 

was removed. 

B. Photolithography:  

 After removing the backing layer, the sample was taken for photolithography to create a 

detailed pattern on the substrate by transferring the designed circuit on the photomask to the 
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surface of the Copper substrate. Before starting the first step of the photolithography, the surface 

of the substrate should be clean. Then, HDMS (Hexamethyldisilazane; West Chester, PA; Inc.,) 

was spincoated on the cleaned surface of Copper which is used to ensure that the substrate surface 

is hydrophobic and helps promote excellent photoresist-to-substrate adhesion, followed by soft 

baking and cooling down [110]. After that, photoresist AZ P4620 (AZ Electronic Materials; 

Philadelphia, PA; Inc.,) was spincoated to form a patterned coating on a surface and produce a 

uniformly thick layer between (0.5 and 2.5 μm-thick) then the sample was soft baked to drive off 

excess photoresist solvent and cooled down. After that, a photomask was placed on the sample to 

obtain the desirable pattern into the substrate then exposed to UV radiation by using the Mask 

Aligner (OAI; Hybralign Series 200; Inc.,) for 60 seconds. The exposure is essential in order to 

change the solubility of photoresist, which can enable selective removal of resist in the next step. 

Lastly, the pattern was developed since light exposure produces a chemical change that allows a 

specific solution called developer (Mixing AZ400K: DI water in 1: 3 ratio) to remove some of the 

photoresist. 

C. Wet Etching: 

 After photolithography, is the developing of Cu circuit patterns by using etching process 

for removing some portion of the thin film of Cu layer. The copper film was etched by using liquid-

phase Cu etchant (APS Copper Etchant 100; Transene; Danvers, MA; Inc.,) where the substrate is 

immersed in a bath of Cu etchant for a particular time to remove unnecessary copper patterns then 

transfer to other tank with DI water for rinsing and removing the formation of air bubbles on the 

circuit. After that, the remaining photoresist on the substrate was removed by using acetone and 

once the etching is completed, the sample was rinsed with DI water and dried with N2 gas.  
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D. Surface Activation: 

Next, RIE (Reactive Ion Etching; March Instruments Jupiter III; Inc.,) was used which is 

an etching technique that removes material placed on substrates using chemically reactive plasma. 

An electromagnetic field produces plasma under low pressure (vacuum). The substrate surface is 

attacked by high-energy ions from the plasma and react with it [111], the details of RIE using 

process is found in Appendix B. Followed by spin coating a PI layer with soft baking and then 

hard baking inside vacuum oven at maximum temperature (250°C) for at least 2 hours. The 

photolithography process was repeated for aligning the second photomask that was aligned and 

exposed to UV radiation for 60 seconds. Lastly, the pattern was developed by using the developer 

and dried etch to obtain PI openings. The alignments of the circuits can be verified, by placing the 

samples under the microscope to make sure that the openings covered at least 75% of designated 

Cu contact pads. Finally, flux the sample to observe the color change and rinsed with acetone to 

remove unnecessary photoresist when etching is done properly.  

E. Mounting the components: 

 After completing the microfabrication process, the process of mounting the components 

can be started by using solder paste (SMDLTLFP, Chip Quik; Niagara Falls, NY) by adding a small 

amount on Cu contact pad and start placing the components on their right place. Add flux (SMD291, 

Chip Quik; Niagara Falls, NY) to remove the excess solder paste with a wire that are around the 

components and use Soldering Iron (AOYUE Preparing System; Int968A; Inc.,) to attach the copper 

and jump wires to their sites. Then, the circuit was transferred to the elastomer that was prepared 

from four different elastomer materials (12g of ratio 1:1) to achieve 500 µm thick elastomer: 1) 

Ecoflex™ 00-30 Part A (Smooth-On), 2) Ecoflex™ 00-30 Part B (Smooth-On), 3) Ecoflex™ GEL 
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A (Smooth-On), 4) Ecoflex™ GEL B (Smooth-On). Then the device was powered by using a 

battery (Miniature lithium-ion polymer; Shenzhen Data Power Technology; Inc.,). After 

encapsulation the device is ready to be tested and used for data collection.  

 

Figure 10. The step-by-step microfabrication process and design of a flexible circuit for fall  
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Figure 11. The overall illustration of microfabrication process and design of a flexible circuit for fall detection. 
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3.3  Experimental Setup 

 In this study, some experimental setups were done after developing the device in order to 

verify the functionality of the device and to observe, record, and measure some changes to make 

sure it gives the optimal results that will work well while collecting motion data from participants.  

3.3.1 Antenna Performance 

 The scattering and absorption of electromagnetic waves by the human body has a 

substantial impact on the antenna's radiation properties. Due to the skin-wearable device close 

approach to the skin, an effort was taken to assure the antenna’s performance since its performance 

is too sensitive to the environment by measuring S11 which is the reflection coefficient, and it can 

indicate how much power is reflected from the antenna. In this experiment, the probe was attached 

to the ground and to the T-matching network to perform the impedance matching network in order 

to test the frequency of the signals. The T-matching network was implemented with empirically 

determined passive components to enhance the RF efficiency at 2.45 GHz despite the proximity. 

A matching network enables proper impedance matching by transforming the impedance 

relationship between source and load, Figure 12 is an example of T-matching network. Also, 

impedance matching is designing source and load impedances and it is significant in RF circuits 

that must be matched to avoid standing waves reduce signal reflection or increase effective power 

transmission from the source to the load [112, 113]. However, signals can move in both directions 

in RF design: from source to load, but also from load to source due to reflections [114]. Therefore, 

a matching network was utilized to establish the matched impedance between a source and a load, 

for example, between a power amplifier and an antenna [114] and to allow the maximum power 

flow from source to load. Typical matching networks use reactive components that store energy 

rather than dissipate energy. If the matched network included energy-dissipating components, it 
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would consume parts of the power that need to be supply to the load. Capacitors and inductors, are 

mostly used in matching networks, rather than resistors [113]. The other side of the probe was 

attached to the Vector Network Analyzer (VNA) as shown in Figure 13 that was used to verify 

and test that the design and its components are functioning effectively together in their systems 

and can plot S11. In order to determine the matching network's RF efficiency, a simulation was 

run by using BioCapture software and then display the voltage across the load divided by the 

current flowing into the load, which equals the input impedance. Also, the antenna’s impedance is 

not constant relative to signal frequency.  

 

Figure 12. T-matching Network. 

 
Figure 13. The Experimental Setup of the S11 Measurement. 
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3.3.2 Flexibility 

 Over the last few decades, the application potential of wearable electronics in the 

healthcare industry has attracted people's attention. Skin-friendly soft elastic materials can be used 

to create flexible and wearable devices that can be properly adhered to the surface of human skin 

[111]. Moreover, flexible printed circuits, unlike rigid printed-circuit boards (PCBs), bend, twist, 

and contort into various shapes while keeping the high performance of the devices and they can 

function as both mechanical and electrical devices [111]. Flexible circuits provide a number of 

significant advantages that can support the flexibility test, including great flexibility, ultralight 

weight, and conformity, which also allow them to be utilized in a larger range of applications. 

Therefore, a flexible device is needed to ensure user’s comfortability and use it in a continuous 

manner. The flexibility test of the skin-wearable device was tested by using two glass slides 

(Radius Curvature = 1.0 mm) attached together and the device was placed on the middle as shown 

in Figure 14. The two glass slides were adjusted and bended while the device was attached with 

five different angles (0°, 20°, 40°,	60°, 80°) to show the desired flexibility and to make sure that 

the device will be functioning when bending.  

 

Figure 14. The Flexibility Experimental Setup of the flexible device. 
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3.3.3 Device Placement  

 In this study, three different body locations (chest, wrist, and a form of a necklace) were 

used to place the flexible and skin-wearable device as shown in Figure 15 in order to collect motion 

data from participants from different body locations while performing different human activities 

and compare their results in deep-learning after testing the collected data to confirm which body 

location can give the optimal and accurate results for predicting human activities and will be more 

effective for fall detection systems. Furthermore, motion data is sensitive and can be affected by 

any extra movement of the device that can produce extra noise in the data and might confuse with 

the human activities motions which will not be appropriate to use in order to be ideal for elderly 

fall detection and achieve the goal of predicting the human activities easily. According to the 

observations while collecting data from participants each body location has different movements 

with the device. For example, when the device was placed on the wrist there was extra movement 

on the hand with most of the activities that generate noise on the collected data which makes it 

confused with the human activities and make it harder in deep-learning to predict which activity 

was performed with wrist data. Another observation with wearing the device as a form of a 

necklace. The necklace was placed near the chest but was not fixed on the body in that case when 

participants were performing human activities especially running and falling, the necklace was 

moving away from the body which will be inappropriate for the necklace data to be used due to 

the sensitivity of motion data and that can be affected easily when the device is not placed well on 

the human body. Finally, when the device was placed on the chest, and it was laminated well and 

fixed when participants were performing their activities which can produce more reliable motion 

data that can be used to achieve the goal of predicting the human activities while the device is 

placed directly on a fixed location of the body. Therefore, the body (chest) location can be 
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considered as the ideal location for placing the skin-wearable device and will give optimal and 

accurate results that will be more effective for fall detection systems.  

 

Figure 15. Three different body locations for device placement. 

 Another priority for choosing the best location for placing the skin-wearable device is user 

comfort. Elderly people will be using the skin-wearable device throughout their daily activities 

which means they have to wear the device most of their day to detect fall when it occurs that leads 

to add the user comfortability feature to the device when it was developed to make also easier for 

them to wear it without feeling there is something placed on their body all day. Therefore, if the 

best body location for device placement is established, fall detection systems and test studies may 
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be better developed to achieve higher accuracy and user comfortability by considering this 

location. 

3.4  Data Collection 

 In this study, motion data were collected from two different age groups of twenty people 

(15 young adults participants aged 21-30 and 5 elderly participants aged 65 or older) to compare 

accuracies of deep-learning models trained and optimized with two different training datasets. 

Participants will be recruited from Wichita, Kansas to collect training data. The following 

eligibility criteria will be used: 1) being the age 65 or older and 2) willing to sign the consent form 

(IRB Approval Study #4759). The optimal placement will be determined before collecting training 

dataset while the proposed device will be adhered on the upper chest, wrist, or wear it as a necklace. 

The skin-wearable device contains a 6-axis motion sensor (3-axis accelerometer and 3-axis 

gyroscope sensors) operating at 33 Hz sampling rate to collect motion data from participants.  

 For training data collection, all participants were performing five different human daily 

activities including: standing up from seated position, sitting down from a standing position, 

walking, running, climbing stairs as well as 3 types of falls: forward, backward, and lateral. The 

types of falls considered in this study are the most prevalent among the elderly. According to Lord 

et al., 82% of falls occur while elderly are standing upright [115]. Elderly people are also likely to 

fall forward [116]. In addition, lateral falls in the wrong direction can result in significant injuries, 

such as a trochanter fracture [117]. Backward falls are extremely dangerous since the elderly can 

have a pelvic fracture and a head injury. As a result, forward, backward, and lateral falls were done 

in this research. Air mattress was provided for participants’ safety and to reduce the impact for the 

fall trials. Also, participants will perform each normal human activity for a duration of 5 minutes 

for walking, running, and climbing stairs and will perform each type of fall 10 times and a total of 
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30 times for sitting as shown in Figure 16, so the training data collection will take approximately 

60 minutes. The device will be wirelessly connected with a mobile Android device such as a 

smartphone or tablet PC to process the raw motion data through a deep learning algorithm for fall 

detection in real time.  

 Using the training datasets collected from participants, and careful selection of 

classification models and combinations of features will be optimized to achieve desired sensitivity 

and specificity in elderly fall detection by using Python. The deep learning algorithm will be 

optimized as testing various classification models and combinations of features, and the training 

dataset collected from older adults will contribute to improving the performance of the deep 

learning algorithm in real world scenarios. After finishing data collection, all participants will be 

interviewed to know their perspectives about skin-wearable device for fall detection among elderly 

by filling a survey with the social workers. 

 After collecting the data, the raw motion data was processed and reshaped by using 

MATLAB code. The human falling time is about 2 seconds and the time duration for 3-axis 

accelerometer and 3-axis gyroscope data points is 12 seconds, and also the magnitude of 

acceleration (X=%%>=?) was claculated by using equation 4 which was also taken in 2 seconds, 

therefore, the total time duration for all data points is 14 seconds and data was divided and 

organized into seven different files. Each file contain X, Y, Z, acceleration, X, Y, Z, gyroscope 

and acceleration magnitude reshaped into 66 data frame,   

(X@=%%, XA=%%, XB=%%, X@?AC+, XA?AC+, XB?AC+, X=%%>=?).  

                                         X=%%>=? =	FX			@=%%9 , X		A=%%9 , X		B=%%9                                                        (4) 
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Figure 16. Motion Data Collected from Elderly. 

3.5  Deep-Learning Optimization  

 In this study of falls, fall detection is an essential and a major research direction. One of 

the primary criteria that influence the severity of a fall in the elderly is the amount of time they 
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spend laying on the floor after falling. Early identification of falls allows caregivers to provide 

rapid assistance and reduces the risk of injury. Falls have negative repercussions, the likelihood 

and frequency of accidental falls in the elderly are extremely high due to the aging of physiological 

structure and the deterioration of physical function. The advancement of human fall detection 

technologies will be useful in the future. Therefore, fall detection systems are needed which can 

automatically extract feature information using deep-learning-based classifications and detections. 

To predict the occurrence of falls, several deep-learning systems use the collected data as input, 

therefore, in this study it was essential to use Python in deep-learning to test the collected data and 

get the optimal results for fall risk monitoring. In deep-learning four different neural networks 

were trained (CNN, LSTM, CNN-LSTM, and Conv-LSTM) as shown in Table 5 and their 

hyperparameters were investigated using Python to identify an optimal fall detection algorithm 

with four different input datasets: 1) X, Y, Z acceleration, X, Y, Z gyroscope, and total acceleration 

magnitude, 2) X, Y, Z acceleration, and X, Y, Z gyroscope, 3) X, Y, Z acceleration, and 4) Total 

acceleration magnitude, as shown in Table 6 and validate their training results to choose one neural 

network with one input dataset to reduce time and effort for further experiments. While participants 

were performing the activities, the skin-wearable device was connected wirelessly to Android 

tablet device to process the raw motion data through a deep-learning algorithms for fall detection 

in real time. The collected motion data was then processed into two seconds intervals, and it was 

divided into 70% training datasets and 30% testing datasets to accurately evaluate the models and 

compare accuracies of deep-learning models trained and optimized with two different training 

datasets.  
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TABLE 5 

FOUR DIFFERENT NEURAL NETWORKS. 

Neural Networks Description 

CNN 1D Convolutional Neural Network 

LSTM Long Short-Term Memory 

CNN-LSTM Combination of 1D CNN layer and LSTM layer 

Conv-LSTM Convolutional LSTM is a recurrent cell inside a 2D LSTM layer 

TABLE 6 

 FOUR DIFFERENT INPUTS DATASETS. 

Normalized Data Non-Normalized Data 

nAcc, nGyro, and nAM nnAcc, nnGyro, and nnAM 

nAcc and nGyro nnAcc and nnGyro 

nAcc nnAcc 

nAM nnAM 
The abbreviations for each input dataset: n = Normalized, nn = Non-Normalized, Acc = X, Y, Z Acceleration,  
Gyro = X, Y, Z Gyroscope, and AM = Acceleration Magnitude. 
 

3.5.1 Convolutional neural network (CNN) 

 A Convolutional Neural Network (CNN) is a DL method that can take an image as input, 

assign importance (learnable weights and biases) to distinct aspects/objects in the image, and 

distinguish one from the other. The higher performance of CNN with picture, speech or audio 

signal inputs sets them apart from CNN. They are divided into different sorts of layers: Layer of 

convolution, layer for pooling, a flatten layer, fully connected (FC) layer and several hidden layers 

to extract information from pictures. The hidden layers are usually a stack of convolutional layers 

that execute pixel-wise convolution or multiplication to produce a convolved image. Following 

that, a series of convolution layers with a rectified linear unit (ReLU) activation function are 
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included in the suggested architecture and different activation functions are used by each layer. 

The result of the ReLU activation function is a rectified feature map as output. It does not stimulate 

all of the neurons at the same time. The neurons will be eliminated when the output of the linear 

transformation reaches zero. In addition, there are three different types of pooling operations: 

maximum pooling, minimum pooling, and average pooling. The max-pooling technique is the 

most often utilized between these since it reduces both computing cost and learnable parameters.  

Although there are several types of pooling layers, the max-pooling layer can be optimal choice to 

be used. Face recognition, picture classification, and other applications of CNN in computer vision 

are examples of convolutional neural networks [118]. The main advantage of CNN is that it 

classifies the image and reduces the risk of computational time while the disadvantage of CNN is 

that it classifies the image with different positions and angles. 

3.5.2 Long Short-Term Memory (LSTM) 

 Long short-term memory (LSTM) is a deep learning architecture based on an artificial 

recurrent neural network (RNN). It is one of the most popular used recurrent structure and it can 

hold long term memories very well. LSTM has feedback connections, unlike normal neural 

networks. LSTM can be used for tasks like unsegmented, linked handwriting recognition, speech 

recognition, and anomaly detection in network traffic or IDSsfor example (intrusion detection 

systems) [119]. An LSTM layer is made up of memory blocks, which are recurrently connected 

blocks. These blocks can be thought of as a differentiable version of a digital computer's memory 

chips. Each one has one or more recurrently connected memory cells, as well as three 

multiplicative units (input, output, and forget gates) that offer continuous analogs of write, read, 

and reset operations for the cells. Given time lags of uncertain duration, LSTM is well-suited to 

identify, analyze, and predict time series. LSTM has an advantage over alternative RNNs, hidden 
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Markov models, and other sequence learning approaches due to its relative insensitivity to gap 

length. 

3.5.3 Convolutional Neural Network Long Short-Term Memory (CNN-LSTM) 

 Convolutional Neural Network Long Short-Term Memory (CNN-LSTM) networks are a 

sort of RNN that may learn order dependence in sequence prediction challenges. This is a 

requirement in a variety of complicated issue domains, including machine translation, speech 

recognition, and others. DL’s LSTMs are a complicated topic. The CNNs two branches encode 

features during a short period, but the Conv-LSTM encodes changes over a longer time interval 

[120]. How to use Keras to implement the CNN-LSTM architecture in Python is an example of it. 

The main advantage of CNN-LSTM is that it does not only find interdependence of data but also 

detects the best and suitable mode for relevant data.  

3.5.4 Convolutional Long Short-Term Memory (Conv-LSTM) 

 Convolutional Long Short-Term Memory (Conv-LSTM) is a recurrent layer similar to 

LSTM, except instead of internal matrix multiplications, convolution operations are used. Conv-

LSTM have several drawbacks, including high computational costs and memory usage. Conv-

LSTM performs better when combining spatial and time-series information, and the convolution 

layer can realize state transitions, allowing it to capture spatial correlation in the coding network 

more effectively. 
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CHAPTER IV 

RESULTS 

4.1  Skin-wearable Device  

 In this study, a skin-wearable device was developed as can be seen in Figure 17 and 

encapsulated with the elastomeric membrane to provide flexibility to the device and place it easily 

on the skin. Then, the skin-wearable device can be used to perform some experiments to ensure 

the functionality and well development of the device as well as the other features like flexibility, 

wearability, and antenna performance with the wireless connections. After that, the device can be 

ready to wear and use for collecting motion data from the participants to meet the goal of this 

research for developing the fall detection system for elderly population. 

 

Figure 17. Skin-wearable Device. 

4.2  Antenna Performance 

 Antenna’s performance was tested by building a T-matching network that was tuned to get 

the optimal Bluetooth frequency. As shown in Figure 18 the tuned T-matching network and its 

illustration; a series connection of 3.9 nH inductor, 1.0 pF capacitor, and a parallel connection of 
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a 2.7 nH inductor. The antenna probe was attached to the T-matching network components and to 

the ground for measuring S11 which is the reflection coefficient that can indicate how much power 

is reflected from the antenna, which was connected to the Vector Network Analyzer to plot the 

S11 measurement. The goal is to produce electric power that can be turned into electromagnetic 

radiation. In general, all power must be transferred from source to load, which implies reflections 

must be kept to a minimum. As a result, the optimal Bluetooth frequency of the RF efficiency, 

2.45 GHz, was achieved as can be seen in Figure 19.  

 

Figure 18. The T-matching Network for testing Antenna performance. 

 

Figure 19. The plot showing the desired Bluetooth frequency 2.45 GHz. 
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4.3  Flexibility 

 The developed skin-wearable device has the flexibility feature that needed to be tested 

since the device will be placed on the skin, flexibility text can ensure that it will be easy to place 

and use the device while it is working well to predict the fall on the users. This test was done by 

performing an experiment where the device was placed and adjusted on two glass substrates 

(Radius Curvature = 1.0 mm) with different angles to make sure that the device can bend easily. 

As a result of the flexibility test, it showed successfully that the device is bending with all adjusted 

angles and still working and functioning well as shown in Figure 20A that can also confirm that 

the flexible device can be adhered easily on the skin, and users can use them for real-time 

monitoring while doing their normal daily activities without affecting their lifestyle. Figure 20B 

can also support the functionality of the flexible device, while adjusting the glass substrates with 

different angles, the device is connected to the tablet and it can display the X, Y, Z acceleration 

signals that indicate the device is working well with all angles with the LED lights ON. 
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Figure 20. The flexibility test results with different angles. (A) Adjusting glass substrates with 
the device, and (B) Device connected to tablet with displaying X, Y, Z Acc signals. 

 

4.4  RSSI 

 Received Signal Strength Indicator (RSSI) is a technique implemented in the radio to 

measure the power of the received radio signal and measure how well the device can hear a signal 

from an access point. Testing the RSSI values is useful for determining if there is enough signal 

to get a good wireless connection with the device. In this study, the device was placed first on the 

table to measure how far the device can receive the signals while operating. Then the device was 
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placed on the skin to measure the received signals again as shown in Figure 21A with the 

experimental setup of measuring the RSSI values. The RSSI sample will hold the average received 

signal strength during this sample period. As a result, the motion sensor was able to retain wireless 

connection for up to 10 m while operating on a skin and on air as shown in Figure 21B, that can 

prove the device's connection capability. 

 
Figure 21. Wireless connectivity between the Skin-wearable device and the tablet for a distance 
of 10 m. (A) Two figures showing the experimental setup of RSSI measurements on the table 

and skin, (B) The plot showing the working distance of the device. 

4.5  Wearability 

 One of the important features of the developed skin-wearable device was user comfort and 

another priority for choosing the best location for placing the device is user feeling comfortable 

when the device is placed on optimal location. Elderly population will be using the skin-wearable 

device throughout their daily activities which means they have to wear the device most of their 

day to detect fall when it occurs that leads to add the user comfortability feature to the device when 

it was developed to make it also easier for them to wear it without feeling there is something placed 
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on their body all day and will not prevent them from doing any other activities in their normal 

routine. 

According to the observations of placing the skin-wearable device on three different body 

locations, body (chest) location was more comfortable for the participants since it is also soft, thin, 

lightweight, and less than 5 µm thick as shown in Figure 22 compared to wearing the device on 

the wrist or wear it as a form of a necklace. Wrist will not be an optimal choice for wearing the 

device due to the extra movement on the wrist since users will be utilizing their hands mostly 

which can affect the stability of the device on the wrist. Also, wearing the device as a form of a 

necklace will not be preferable because when users are performing their daily activities the device 

will be moving away from the body which can be uncomfortable for the users to wear a device 

that is moving most of the time. Furthermore, when the device was placed on their chest it was 

unnoticeable for them while they performed the human activities which can achieve the goal of 

adding the user comfort feature into the device when it was developed and testing it to confirm 

that it can ensure the daily wear of its users. Table 7 contains some questions from survey 

that was filled by participants about device wearability, which shows most participants 

strongly agree with using the Skin-wearable device due to its features such as comfortable, 

convenient, important, safe, and useful. This survey can also support the results from the 

skin-wearable device and indicate that it will be helpful in developing a fall detection system 

for elderly. 
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Figure 22. Device laminated on the chest. 

TABLE 7 

SURVEY FROM PARTICIPANTS ON THE STUDY FOR DEVICE WEARABILITY. THE 
MEAN SCORE FOR USER PERCEPTIONS IS 18.73 (S.D. = ±1.98), WHILE MEAN SCORE 

RANGE IS 5 (LOWEST) ~ 20 (HIGHEST). N = 15. 
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4.6  Elderly Motion Data  

 

Figure 23. Elderly Motion Data for five different activities. 

 Figure 23 shows the signals for each human activity (falling, walking, sitting, running, and 

climbing stairs) performed by the elderly participants while collecting their motion data. The 

collected motion data was then processed into two seconds intervals, and those motion patterns 

represent the magnitude of acceleration and were used to classify each type of the activities by 



  

 61 

visual observations without difficulty. As can be seen from the motion patterns of elderly there are 

some waveforms are similar to each other such as walking, sitting, and climbing stairs which 

makes it difficult to distinguish between some of them due to the elderly’s body movements that 

are slow and hard to move easily to perform the normal activities compared to any other age group. 

The scenario will be the same when this motion data is used in deep-learning it will be hard to 

detect those activities correctly without confusion. While this motion data will be more helpful to 

develop a fall detection system for elderly people and relay on those patterns for accurate results 

to be able to detect a fall when occurs among them.  

4.7  Deep-Learning Optimization Results 

4.7.1 Optimization of Different Input Datasets & Neural Networks 

 After collecting motion data from young adults, the total for all data points collected for 

each activity for all young adults’ participants are shown in Table 8. All data points were summed 

after processing the data for all the activities. The next step will be deep-learning optimization 

with different features by using the training data. For example, using different neural networks and 

different input datasets will help to find the accepted accuracy among all results and will help to 

save time and effort as well when the parameters are fixed to be used through all the experiments. 

Therefore, those parameters will be optimized in deep-learning as testing various classification 

models and combinations of features, and the training dataset collected from elderly will contribute 

to improve the performance of deep-learning results in real world scenarios. After testing the eight 

different input datasets and four neural networks, it shows that most of the results are comparable 

and achieved high accuracies to be used in fall detection system, while X, Y, Z acceleration input 

dataset and CNN neural network in deep-learning performed the optimal and higher accuracy, 

100.0% (± 0.0), and is considered to be set as fixed parameters and used for further experiments. 
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The performance of the neural network was measured with the confusion matrix that shows the 

predications of the neural networks compared to the true values. The models can perform 

magnificently with 99-100% fall prediction rate, although there are some results that are not 100% 

with other human activities, those results could be dismissed because the main objective of this 

research is to create a fall detection system that can detect fall activity accurately. 

TABLE 8  

TOTAL DATA POINTS FOR YOUNG ADULTS’ BODY DATA. 

Activities Young Body Data 

Running 510 

Sitting 233 

Stairs 732 

Walking 1305 

Falling 187 

Total 2967 

 

Accuracy VS. Loss plots respond to the changes in accuracy and loss all throughout the 

training of the neural network algorithms. Each epoch will produce a loss and accuracy value and 

the training of the neural network algorithms may be visibly displayed by plotting the accuracy 

and loss graphs and observe the changes with the curves and values. The trend may be used to see 

if the model has been correctly and optimally trained, to detect temporal abnormalities (such as 

overfitting or underfitting), and to make changes in real time. Figure 24 is a result from a trained 

young adults’ body motion data normalized with three different input datasets: X, Y, Z 

Acceleration, X, Y, Z Gyroscope and Acceleration Magnitude. The loss plot is based on the 

training and testing datasets, and how well the four models are performing on these three datasets. 
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With CNN model, it shows a relatively high loss that indicates the model was unable to learn the 

training dataset very well. The other models, LSTM, CNN-LSTM, and Conv-LSTM, have smooth 

curves in the loss plot, which indicate a good fit and well trained with less errors in the models 

compared to CNN. Accuracy plot is based on how well the models can predict and evaluate the 

efficiency and performance of all models. It implies that CNN model poorly behaves in the 

accuracy plot as well compared to the other models that indicate a good behavior, which may need 

in this case to change some hyperparameters that can affect CNN model performance in a different 

way and give reasonable results with high accuracy and less loss similar to the other models. 

Overall, CNN model was not sufficiently trained with these three input datasets while the other 

models were trained well and gave better predictions and expected accuracies.  

 

Figure 24. Accuracy VS. Loss Plot for Young Adults All Body Data Normalized. 

The confusion matrices in Figure 25 are a result from a trained young adults’ body motion 

data normalized with three different inputs X, Y, Z Acceleration, X, Y, Z Gyroscope and 

Acceleration Magnitude. Confusion matrix is used to measure the performance of the classification 
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models and predict the values of the activities from testing datasets. The rows represent the actual 

classes and columns represent the predicted classes and their labels in order are running, sitting, 

stairs, walking and falling. All models show a great prediction of all the classes with a high 

accuracy between 75%-99%, while the performance of CNN model is not reasonable since the 

prediction and the values of the actual classes doesn’t match well with the prediction classes which 

can indicate that it has some weaknesses in activities’ identification. However, it can predict fall 

with 99.9% which is more important in this study to be able to predict falling activity better than 

the other activities for the development of fall detection system. To get better results with CNN 

model, some hyperparameters will be optimized to find the issue with this model and get higher 

accuracy. 
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Figure 25. Confusion Matrix for Young Adults All Body Data Normalized. 

Accuracy VS. Loss plot in Figure 26 is a result from a trained young adults’ body motion 

data normalized with two different inputs X, Y, Z Acceleration and X, Y, Z Gyroscope. All models 

show a relatively low loss that can indicate the models were trained well and able to learn all the 

training datasets since it shows smooth curves with a good fit and less errors in the models. It can 
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also imply that all models behave well in the accuracy plot and gives reasonable results with high 

accuracy and less loss. Except the CNN model, it shows a relatively high loss that indicates the 

model was unable to learn the training dataset very well compared to the other models, LSTM, 

CNN-LSTM, and Conv-LSTM. In addition, CNN model poorly behaves in the accuracy plot as 

well compared to the other models that indicate a good behavior, which may need in this case to 

change some hyperparameters that can affect CNN model performance in a different way and give 

reasonable results with high accuracy and less loss similar to the other models. Overall, CNN 

model was not sufficiently trained with these input datasets while the other models were trained 

well and gave better predictions and expected accuracies. Overall, all models were sufficiently 

trained with these two input datasets and gives better prediction and expected accuracies 

comparing to the previous results that contain Acceleration Magnitude in their inputs.  

The confusion matrices in Figure 27 are a result from a trained young adults’ body data 

normalized with three different inputs X, Y, Z Acceleration and X, Y, Z Gyroscope. All models 

show a great prediction of all the classes with a high accuracy between 93%-99%. The performance 

of all models is reasonable since the prediction and the values of the actual classes match with the 

prediction classes. Overall, all models were sufficiently trained with these two input datasets and 

gives better prediction and expected accuracies from test datasets comparing to the previous 

results. 
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Figure 26. Accuracy VS. Loss Plot for Young Adults X, Y, Z nAcc & nGyro Body Data. 
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Figure 27. Confusion Matrix for Young Adults nAcc & nGyro Body Data. 

Accuracy VS. Loss plot in Figure 28 is a result from a trained young adults’ body data 

normalized with one input X, Y, Z Acceleration. All models show a relatively low loss that indicate 

the models were able to learn the training dataset since their curves are smooth which indicate a 

good fit and less errors in the models. It implies that all models behave well in the accuracy plot 
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and gives reasonable results with high accuracy and less loss. Overall, all models were sufficiently 

trained with this input dataset and gives better prediction and expected accuracies and it achieved 

the highest accuracy compared to the previous results that contain Acceleration Magnitude and X, 

Y, Z Gyroscope in their inputs. 

 

Figure 28. Accuracy VS. Loss Plot for Young Adults X, Y, Z nAcc Body Data. 

The confusion matrices in Figure 29 are a result from a trained young adults’ body data 

normalized with one input X, Y, Z Acceleration. All models show a great prediction of all the 

classes with the highest accuracy among all inputs between 97%-99%. The performance of all 

models is reasonable since the prediction and the values of the actual classes match with the 

prediction classes. Overall, all models were sufficiently trained with the input dataset and gives 

better prediction and expected accuracies from test datasets comparing to the previous results.  
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Figure 29. Confusion Matrix for Young Adults nAcc Body Data. 

Accuracy VS. Loss plot in Figure 30 is a result from a trained young adult’s body data 

normalized with one input the Total Acceleration Magnitude. All models show a relatively low 
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loss that indicate the models were able to learn the training dataset since their curves shows a few 

noisy movements which looks like a good fit and less errors in the models. It implies that all models 

behave well in the accuracy plot and gives reasonable results with high accuracy and less loss. 

Overall, all models were sufficiently trained with these datasets and inputs and gives better 

prediction and expected accuracies comparing to the previous results that contain that contain X, 

Y, Z Acceleration and X, Y, Z Gyroscope in their inputs.  

 

Figure 30. Accuracy VS. Loss Plot for Young Adults nAM Body Data. 

The confusion matrices in Figure 31 are a result from a trained young adults’ body data 

normalized with one input the Total Acceleration Magnitude. All models show a great prediction 

of all the classes with a high accuracy between 87%-98%. The performance of all models is 

reasonable since the prediction and the values of the actual classes match with the prediction 

classes. Overall, all models were sufficiently trained with different neural networks and input 

datasets and gives better prediction and expected accuracies from test datasets comparing to the 

previous results that contain other inputs.  
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Figure 31. Confusion Matrix for Young Adults nAM Body Data. 

A summary for the normalized data results is provided in Table 9, the accuracies of four 

different neural networks based on four different input datasets from a trained young adults’ body 

data normalized. All models give a great high accuracy between 75%-99%. The performance of 
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all models is reasonable since the accuracies are expected to be high. Overall, all models were 

sufficiently trained with different neural networks and input datasets and gives better prediction 

and expected accuracies. While performances of all models were comparable, the highest 

accuracy, 99.9% (± 0.1), was achieved with Conv-LSTM using normalized X, Y, Z Acceleration 

and X, Y, Z Gyroscope input datasets. 

TABLE 9  

SUMMARY OF DIFFERENT NEURAL NETWORKS AND NORMALIZED INPUT 
DATASETS. 

Inputs 
Models 

X, Y, Z nAcc X, Y, Z                
nAcc & nGyro 

nAM All Input 
Datasets 

CNN 99.9% (+/-0.2) 93.4% (+/-13.7) 98.9% (+/-0.4) 75.7% (+/-17.1) 

LSTM 97.1% (+/-1.3) 99.7% (+/-0.6) 87.4% (+/-1.8) 99.9% (+/-0.2) 

CNN-LSTM 99.7% (+/-0.2) 93.1% (+/-1.9) 95.4% (+/-1.8) 93.6% (+/-2.3) 

Conv-LSTM 99.4% (+/-0.5) 99.9% (+/-0.1) 92.3% (+/-1.2) 99.9% (+/-0.1) 

 

Accuracy VS. Loss plot in Figure 32 is a result from a trained young adults’ body data non-

normalized with three different input datasets X, Y, Z Acceleration, X, Y, Z Gyroscope and Total 

Acceleration Magnitude. The loss plot is based on the training and testing datasets and how well 

the four models is doing on these two datasets. Except the CNN model it shows a relatively high 

loss that indicate the model was unable to learn the training dataset very well compared to the other 

models, LSTM, CNN-LSTM, and Conv-LSTM, their curves are smooth in the loss plot which 

indicate a good fit and less errors in the models. In addition, CNN model poorly behaves in the 
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accuracy plot as well compared to the other models that indicate a good behavior, which may need 

in this case to change some hyperparameters that can affect CNN model performance in a different 

way and give reasonable results with high accuracy and less loss similar to the other models. 

Overall, CNN model was not sufficiently trained with these input datasets while the other models 

were trained well and gave better predictions and expected accuracies. Overall, all models were 

sufficiently trained with these two input datasets and gives better prediction and expected 

accuracies. 

 

Figure 32. Accuracy VS. Loss Plot for Young Adults All Non-Normalized Body Data. 

The confusion matrices in Figure 33 are a result from a trained young adults’ body data 

non-normalized with two different inputs X, Y, Z Acceleration, X, Y, Z Gyroscope and 

Acceleration Magnitude. Confusion matrix is used to measure the performance of the classification 

models and predict the values of the activities from testing datasets. The rows represent the actual 

classes and columns represent the predicted classes and their labels in order are running, sitting, 
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stairs, walking and falling. While all models show a great prediction of all the classes with a high 

accuracy between 66%-99%, the performance of CNN model is not reasonable since the prediction 

and the values of the actual classes doesn’t match well with the prediction classes which indicate 

that it has some weaknesses in activities’ identification. While it can predict fall with 99.7% which 

is more important in this study to be able to predict falling activity better than the other activities. 

To get better results with CNN model, some hyperparameters will be optimized to find the issue 

with this model and get higher accuracy.  
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Figure 33. Confusion Matrix for Young Adults All Non-Normalized Body Data. 

Accuracy VS. Loss plot in Figure 34 is a result from a trained young adults’ body data non-

normalized with two different inputs X, Y, Z Acceleration and X, Y, Z Gyroscope. All models 

show a relatively low loss that indicate the models were able to learn the training dataset since 

their curves are smooth which indicate a good fit and less errors in the models. It implies that all 

models behave well in the accuracy plot and gives reasonable results with high accuracy and less 

loss. Except the CNN model it shows a relatively high loss that indicate the model was unable to 
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learn the training dataset very well compared to the other models, LSTM, CNN-LSTM, and Conv-

LSTM, their curves are smooth in the loss plot which indicate a good fit and less errors in the 

models. In addition, CNN model poorly behaves in the accuracy plot as well compared to the other 

models that indicate a good behavior, which may need in this case to change some hyperparameters 

that can affect CNN model performance in a different way and give reasonable results with high 

accuracy and less loss similar to the other models. Overall, CNN model was not sufficiently trained 

with these input datasets while the other models were trained well and gave better predictions and 

expected accuracies. Overall, all models were sufficiently trained with these two input datasets 

and gives better prediction and expected accuracies. 

 

Figure 34. Accuracy VS. Loss Plot for Young Adults X, Y, Z nnAcc & nnGyro Body Data. 

The confusion matrices in Figure 35 are a result from a trained young adults’ body data 

non-normalized with three different inputs X, Y, Z Acceleration and X, Y, Z Gyroscope. All 

models show a great prediction of all the classes with a high accuracy between 73%-99%. The 
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performance of all models is reasonable since the prediction and the values of the actual classes 

match with the prediction classes. However, the performance of CNN model is not reasonable 

since the prediction and the values of the actual classes doesn’t match well with the prediction 

classes which indicate that it has some weaknesses in activities’ identification. While it can predict 

fall with 99.9% which is more important in this study to be able to predict falling activity better 

than the other activities. Overall, all models were sufficiently trained with these two inputs datasets 

and gives better prediction and expected accuracies from test datasets compared to the previous 

results.  
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Figure 35. Confusion Matrix for Young Adults X, Y, Z nnAcc & nnGyro Body Data. 

Accuracy VS. Loss plot in Figure 36 is a result from a trained young adults’ body data non-

normalized with one input X, Y, Z Acceleration. All models show a relatively low loss that indicate 

the models were able to learn the training dataset since their curves are smooth which indicate a 

good fit and less errors in the models. It implies that all models behave well in the accuracy plot 
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and gives reasonable results with high accuracy and less loss. Overall, all models were sufficiently 

trained with these datasets and inputs and gives better prediction and expected accuracies 

comparing to the previous results that contain Acceleration Magnitude in their inputs.  

 

Figure 36. Accuracy VS. Loss Plot for Young Adults X, Y, Z nnAcc Body Data. 

The confusion matrices in Figure 37 are a result from a trained young adults’ body data 

non-normalized with one input X, Y, Z Acceleration. All models show a great prediction of all the 

classes with the highest accuracy among all inputs between 96%-100%. The performance of all 

models is reasonable since the prediction and the values of the actual classes match with the 

prediction classes. Overall, all models were sufficiently trained with datasets and inputs and gives 

better prediction and expected accuracies from test datasets and achieved the highest accuracy 

compared to the previous results that contain Acceleration Magnitude and X, Y, Z Gyroscope in 

their inputs.  
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Figure 37. Confusion Matrix for Young Adults X, Y, Z nnAcc Body Data. 

Accuracy VS. Loss plot in Figure 38 is a result from a trained young adults’ body data non-

normalized with one input the Total Acceleration Magnitude. All models show a relatively low 

loss that indicate the models were able to learn the training dataset since their curves shows a noisy 

movement which looks like a good fit and less errors in the models. It implies that all models 

behave well in the accuracy plot and gives reasonable results with high accuracy and less loss. 
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Overall, all models were sufficiently trained with these inputs datasets and gives better prediction 

and expected accuracies comparing to the previous results that contain other inputs.  

 

Figure 38. Accuracy VS. Loss Plot for Young Adults nnAM Body Data. 

The confusion matrices in Figure 39 are a result from a trained young adults’ body data 

non-normalized with one input the Total Acceleration Magnitude. All models show a great 

prediction of all the classes with a high accuracy between 87%-98%. The performance of all 

models is reasonable since the prediction and the values of the actual classes match with the 

prediction classes. Overall, all models were sufficiently trained with different neural networks and 

input datasets and gives better prediction and expected accuracies from test datasets comparing to 

the previous results that contain other inputs.  
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Figure 39. Confusion Matrix for Young Adults nnAM Body Data. 

A summary for the non-normalized data results is provided in Table 10, the accuracies of 

four different neural networks based on four different input datasets from a trained young adults’ 

body data non-normalized. All models give a great high accuracy between 66%-100%. The 
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performance of all models is reasonable since the accuracies are expected to be high. Overall, all 

models were sufficiently trained with different neural networks and input datasets and gives better 

prediction and expected accuracies. While performances of all models were comparable, the 

highest accuracy, 100% (± 0.0), was achieved with CNN using Non-Normalized X, Y, Z 

acceleration input dataset.  

TABLE 10  

SUMMARY OF DIFFERENT NEURAL NETWORKS AND NON-NORMALIZED INPUT 

DATASETS. 

Inputs 
 
Models 

X, Y, Z nnAcc X, Y, Z           
nnAcc & 
nnGyro 

nnAM All Input 
Datasets 

CNN 100.0% (+/-0.0) 73.6% (+/-18.1) 99.3% (+/-0.1) 66.7% (+/-18.6) 

LSTM 96.3% (+/-2.3) 99.5% (+/-1.4) 89.7% (+/-1.3) 99.7% (+/-0.3) 

CNN-LSTM 99.8% (+/-0.1) 94.8% (+/-2.1) 97.1% (+/-0.8) 95.2% (+/-2.1) 

Conv-LSTM 99.6% (+/-0.3) 99.9% (+/-0.1) 93.9% (+/-1.0) 99.9% (+/-0.1) 

 

4.7.1.1 Results for optimizing Different Input Datasets & Neural Networks 

 As a result, from optimizing different input datasets and neural networks, the optimal 

input dataset and neural network that achieved the higher accuracy is X, Y, Z non-normalized 

Acceleration and CNN neural network that achieved, 100.0% (± 0.0), as shown in Figures 40 and 

41, with the fixed Parameters: Epochs = 100, Batch Size = 66, Verbose = 0, and Repeats = 10.  
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Figure 40. Accuracy VS. Loss Plot for Young Adults nnAcc Body Data and CNN Model. 

 

Figure 41. Confusion Matrix for Young Adults nnAcc Body Data and CNN Model. 
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Getting 100% (± 0.0) in deep-learning is due to overfitting the data and it occurs when 

using a model that can models the training data too well and learns too much detail and noise 

from the training data. In this experiment, the training data with CNN model approached near 

zero loss and when evaluated it on the training set it gave 100% accuracy. 

4.7.2 Optimization of Hyperparameters 

The collected motion data was trained and optimized on deep-learning by using different 

hyperparameters in all the neural networks such as epoch of 100 which indicates the number of 

passes of the entire training dataset that deep-learning has completed. The main purpose of testing 

different hyperparameters is to compare all the results and find which one will give accurate result 

and more optimal with the collected data that was used in order to set fixed parameters that can be 

used in further experiments in deep-learning. After reviewing the results, it showed that epoch of 

40 will be optimal to use since after epoch 40 the performance of the training data remain the same 

and stops making significant improvement and that will save time, effort, and will avoid overfitting 

as shown in Figures 42, 43 and 44. Therefore, the main parameter that needed to be changed and 

reduced is epoch, while the other parameters will remain the same such as: Batch Size = 66, 

Verbose = 0, and Repeats = 10.  
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Figure 42. Accuracy VS. Loss Plot for Young Adults X, Y, Z nnAcc Body Data. 

 

Figure 43. Accuracy VS. Loss Plot for Young Adults nnAM Body Data. 
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Figure 44. Accuracy VS. Loss Plot for Young Adults nAM Body Data. 

4.7.3 Optimization of Different Body Locations 

Body motion data is more accurate to give high prediction of human activities comparing 

to wrist and necklace motion data. Since the placement and movement of the device will affect the 

accuracy of the motion data especially in the wrist and necklace. Therefore, placing the device on 

the upper chest is more ideal and will have a better impact on their performance in fall detection 

than placing the device on the wrist or wear it as a necklace due to the extra motion on those parts 

of the body and more noise that makes it confuse with the desired motion data. Table 11 show the 

total data points that was collected from young adults for each location after processing the data. 
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TABLE 11  

TOTAL DATA POINTS FOR YOUNG ADULTS BODY, WRIST, AND NECKLACE DATA. 

Activities Young Body Data Young Wrist Data Young Necklace Data 

Running 510 736 1039 

Sitting 233 185 206 

Stairs 732 863 916 

Walking 1305 1089 1120 

Falling 187 150 184 

Total 2967 3023 3465 

 

Accuracy VS. Loss plot in Figure 45 is a result from a trained young adults’ body data non-

normalized with the input dataset X, Y, Z Acceleration. CNN model shows relatively very low 

loss close to zero that indicate the model was able to learn the training dataset since their curve is 

smooth which indicate a good fit and less errors in the model with the collected body data. It 

implies that the model behaves well in the accuracy plot and gives reasonable result with high 

accuracy close to one and less loss which is the expected and desirable result. Overall, CNN model 

was sufficiently trained with the body data and the input and gives great prediction and accuracies. 

Accuracy VS. Loss plot in Figure 46 is a result from a trained young adults’ wrist data non-

normalized with the input dataset X, Y, Z Acceleration. CNN model was used, and it shows a 

relatively high loss that indicate the model was not able to learn the collected training dataset well 

since their curves shows a noisy movement which is not considered as a good fit due to the errors 

and extra noise from the wrist data. Also, it implies that the model did not behave well with the 

accuracy and the results are not reasonable with the less accuracy and high loss. Overall, the CNN 
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model was not sufficiently trained with the wrist data and the input and gives undesirable 

prediction and unexpected accuracies compared to the previous results with the body data.  

Accuracy VS. Loss plot in Figure 47 is a result from a trained young adult’s necklace data 

non-normalized with the input dataset X, Y, Z Acceleration. CNN model was used, and it shows 

a relatively high loss that indicate the model was not able to learn the collected training dataset 

well since their curves shows a noisy movement which is not considered as a good fit due to the 

less errors and noise in the necklace data. Also, it implies that the model did not behave well in 

the accuracy plot and the results are not reasonable with the less accuracy and high loss. Overall, 

the CNN model was not sufficiently trained with the necklace data and the input and gives 

undesirable prediction and unexpected accuracies compared to the previous results with the body 

data while it gaves a better result than wrist data.  

 

Figure 45. Accuracy VS. Loss Plot for Young Adults X, Y, Z nnAcc Body Data. 
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Figure 46. Accuracy VS. Loss Plot for Young Adults X, Y, Z nnAcc Wrist Data. 

 

Figure 47. Accuracy VS. Loss Plot for Young Adults X, Y, Z nnAcc Necklace Data. 

The confusion matrices in Figure 48 are a result from a trained young adults’ body, wrist, 

and a form of necklace data non-normalized with the input dataset X, Y, Z Acceleration and CNN 

model. In the first confusion matrix for body data, it shows a great prediction of all the classes 

with a high accuracy, 99.4% (± 0.3), the performance of the model with the body data and the 
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input dataset is reasonable since the prediction and the values of the actual classes match with the 

prediction classes. On the second confusion matrix for wrist data, it shows undesirable prediction 

of all the classes with a low accuracy, 55.9% (± 1.2), the performance of the model with the wrist 

data and the input dataset is not reasonable since the prediction and the values of the actual classes 

does not match with the prediction classes. On the third confusion matrix for necklace data, it 

shows undesirable prediction of all the classes with a low accuracy, 62.8% (± 2.4), the performance 

of the model with the necklace data and the input dataset is not reasonable since the prediction and 

the values of the actual classes does not match with the prediction classes. Overall, the performance 

of body data with CNN model was sufficiently trained with the input dataset non-normalized X, 

Y, Z Acceleration and gives better prediction and high accuracies while wrist and necklace data 

gave a slightly low accuracy.  

Figure 49 can support the results from deep-learning in Figure 48 that shows the differences 

in the motion data collected from each device placement (body, wrist, and a form of a necklace). 

As can be seen body motion data is more accurate and easier to distinguish between all the 

activities comparing to wrist and necklace motion data since their patterns are more complex and 

some of them are similar to each other which makes it harder to identify the activities such as 

walking and stairs. Those results due to the placement of the device on the wrist or wear it as a 

necklace since there will be some extra motion on those parts of the body according to the 

observations during the data collection from the participants. For example, there were extra 

movement on the hand while participants were performing the activities especially with running 

activity, as well as the necklace it moves away from the body when participants perform running 

and falling activities. Therefore, those locations of the body will generate more noise that makes 

it confuse with the desired motion data.   
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Figure 48. CNN Confusion Matrix for Young Adults X, Y, Z nnAcc Body Data. 
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Figure 49. Comparing Motion Data for Body, Wrist, and Necklace from Young Adults. 

Wrist data can achieve higher accuracy when the fixed parameters are changed and 

optimized. As shown in Figure 50 better results were achieved with wrist data compared with the 
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previous results that were discussed in Figure 48. In Figure 50 both results from deep-learning of 

wrist data using different neural networks, input datasets and parameters. The new result of the 

wrist data achieved, 65.8% (± 2.2), accuracy by using the following parameters: LSTM neural 

network, non-normalized acceleration magnitude input dataset, Epoch = 100, Batch size = 66, 

Verbose = 0 and Repeats = 5. While the previous result of the wrist data achieved, 55.9% (± 1.2), 

accuracy by using different parameters: CNN neural network, non-normalized X, Y, Z acceleration 

input dataset, Epoch = 40, Batch size = 66, Verbose = 0 and Repeats = 10. Therefore, higher results 

with wrist data can be achieved when using different parameters that can be more optimal to be 

used in order to get the desired accuracy with human activities predictions.  

 

Figure 50. Achieved Higher Accuracy with Wrist Data. 

In addition, better results were achieved with necklace data compared with the previous 

results in Figure 48. As can be seen in Figure 51 with both results from deep-learning of necklace 

data using different neural networks, input datasets and parameters. The new result of the necklace 
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data achieved, 83.7% (± 2.4), accuracy by using the following parameters: LSTM neural network, 

non-normalized acceleration magnitude input dataset, Epoch = 100, Batch size = 66, Verbose = 0 

and Repeats = 5. While the previous result of the necklace data achieved, 62.8% (± 2.4), accuracy 

by using different parameters: CNN neural network, non-normalized X, Y, Z acceleration input 

dataset, Epoch = 40, Batch size = 66, Verbose = 0 and Repeats = 10. Therefore, higher results with 

necklace data can be achieved when using different parameters that can be more optimal to be used 

in order to get the desired accuracy with human activities predictions. Overall, the optimization of 

different parameters in deep-learning can achieve better accuracies when using the collected 

motion data to be able to get the highest prediction of the human activities in order to meet the 

goal of this study which is developing a fall detection system for elderly. 

 

Figure 51. Achieved Higher Accuracy with Necklace Data. 
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4.7.4 Optimization of Elderly Group 

It is essential to improve the sensitivity and specificity of deep-learning results to get better 

results for detecting falls in the elderly. Table 12 shows the total data points collected from elderly 

participants that was calculated after processing the data. 

TABLE 12 

TOTAL DATA POINTS FOR ELDERLY BODY DATA. 

Activities Elderly Body Data 

Running  1026 

Sitting 176 

Stairs 885 

Walking  1264 

Falling 167 

Total 3518 

 

As a result, from optimizing the elderly group data, Figures 52 and 53 show the prediction 

of human activities for elderly body motion data in deep-learning that can be significant to give 

better and accurate fall detection among elderly that achieved, 74.6% (± 2.0) accuracy, with the 

fixed Parameters: CNN neural network, non-normalized X, Y, Z acceleration input dataset, Epochs 

= 40, Batch Size = 66, Verbose = 0, and Repeats = 10. The fall prediction in this optimization is 

high as can be seen in the confusion matrix Figure 53, 84.7%, which is significant in this case for 

accurate fall detection among elderly while the other human activities can be dismissed even with 

a low accuracy prediction since the goal of this study can be achieved with an excellent fall 

prediction.  
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Figure 52. Accuracy VS. Loss Plot for Elderly X, Y, Z nnAcc Body Data. 

 

Figure 53. Confusion Matrix for Elderly X, Y, Z nnAcc Body Data. 

Although better results can be achieved by using the elderly’s motion data with changing 

the parameters since the previous results in Figure 53 were achieved with using the fixed 
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parameters of this study. Therefore, the confusion matrix in Figure 54 shows a higher accuracy 

with the elderly’s motion data by changing the parameters in deep-learning compared with the 

results in Figure 53. The new result of the elderly’s motion data achieved, 80.2% (± 1.4), accuracy 

by using the following parameters: CNN-LSTM neural network, non-normalized X, Y, Z 

acceleration, X, Y, Z gyroscope and acceleration magnitude input datasets, Epoch = 100, Batch 

size = 66, Verbose = 0 and Repeats = 5. While the previous result of the elderly data achieved 

accuracy of 74.6% (± 2.0), by using different parameters: CNN neural network, non-normalized 

X, Y, Z acceleration input dataset, Epoch = 40, Batch size = 66, Verbose = 0 and Repeats = 10. 

Therefore, higher results with elderly data can be achieved when using different parameters that 

can be more optimal to be used in order to get the desired accuracy with human activities 

predictions for the improvement of fall detection system. 

 

Figure 54. Achieved Higher Accuracy with Elderly Data. 
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4.7.5 Mixed Trained and Tested Datasets from Young Adults and Elderly 

Trained body motion data from young adults with testing dataset from elderly, and trained 

body motion data from elderly with testing dataset from young adults both will give low accuracy 

as shown in Figures 56 and 58, 43.3% (± 1.5) and 55.8% (± 4.0), since the performance of their 

daily activities and their motion data for both groups is different. Using motion data from older 

adults will improve the sensitivity and specificity of the classification algorithms in deep-learning 

and accurate result for fall detection. This optimization was done in order to prove that developing 

a fall detection system for elderly has to be trained and tested by using the collected motion data 

from elderly group themselves, not from any other age groups which is essential for developing a 

system with high sensitivity and specificity for elderly people than developing a system that detect 

human activities with using different age groups motion data for detecting fall among elderly.  

Training the young body motion data fail to give accurate prediction for elderly according 

to the results from deep-learning in Figures 55 and 57. Also, as shown in accuracy VS. loss plots 

in Figures 54 and 56, with a high loss and low accuracy. Therefore, to meet the goal of this study, 

predicting the fall detection for elderly should be from training and testing the elderly body motion 

data in deep-learning to give better and accurate fall detection among them. Also, body motion 

data from young adults and elderly will show the differences in the human motion data that can be 

seen in Figure 59. The patterns for each human activity for young adults are distinguishable and 

each activity has its own pattern that looks smooth and easy to predict, compared to elderly’s 

human activity patterns that is harder to identify some of them due to the similarities with some of 

the activities such as waking and stairs since the elderly have a slow body movement and hard to 

perform the human activities easily due to their age compared to young adults’ body movements. 
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Figure 55. Accuracy VS. Loss Plot for Young Adults Trained, Elderly Tested X, Y, Z nnAcc 
Body Data. 

 

Figure 56. Confusion Matrix for Young Adults Trained, Elderly Tested X, Y, Z nnAcc Body 
Data. 
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Figure 57. Accuracy VS. Loss Plot for Young Adults Tested, Elderly Trained X, Y, Z nnAcc 
Body Data. 

 

Figure 58. Confusion Matrix for Young Adults Tested, Elderly Trained X, Y, Z nnAcc Body 
Data. 
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Also, the differences of the body motion data from the two groups are totally different in 

achieving a great accuracy since young adults achieved, 99.4% (± 0.3), while elderly achieved, 

74.6% (± 2.0) which is a big difference in predicting the human activities. That can also indicate 

and prove that collecting motion data from elderly is significant to develop a fall detection system 

for them and to understand their motions to be able to detect their activities in the way that will 

help them when a fall occur. As known the performance of human activities by elderly people is 

different than any other age group especially young adults since elderly people movements are 

slow and their reaction time and performing simple and complex tasks are totally different with 

respect to their age. According to Fitts's law, a study in motor control research, demonstrate that, 

as the difficulty of the movement increases, the speed of the movement decreases [121]. 
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Figure 59. Comparing Body Motion Data for Young Adults and Elderly. 
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Chapter V 

Conclusion and Future Research 

5.1  Conclusion 

Falls are the leading cause of accidents among the elderly, and they frequently result in 

serious damage and health risks. It is also the most significant barrier to frail and elderly people 

living independently. The fear of falling leads to a restricted way of life for the elderly, such as a 

limited social life, less daily activities, and depression [122]. A dependable fall detector can 

alleviate the fear of falling and give the user the confidence to keep an independent lifestyle since 

the fall detection system will provide immediate medical assistance and drastically cut the cost of 

medical care. A fall-detection system for health concerns is needed based on a wearable sensor 

and a real-time fall detection algorithm. The fast advancement of wearable electronics has 

generated a lot of interest. Researchers have made several successful attempts to construct 

wearable electronics with great sensitivity, flexibility, and stability, with good outcomes. Flexible 

sensing devices with high sensitivity and accuracy, low cost, mobility, and long-term stability have 

been successfully fabricated, indicating that flexible and wearable electronics will essentially 

become popular in the field of medical care in the future.  

5.2  Future Research 

The main goal is to improve the fall detection algorithm and system that captures a fall and 

send an alert or alarm to family members and caregivers to response in a timely manner. Moreover, 

when an individual's physical health indicators are abnormal, real-time monitoring using a skin-

wearable device can identify the fall signals, and an emergency alert is rapidly sent to prevent the 

circumstances when the optimal treatment time is missed. Also, the location information of the 

users will be included in the fall emergency alert to give necessary and quick support. If the fall 
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can be identified and the faller can be located on time, severe injuries can be avoided since many 

medical studies have shown that the impact of falls-related injuries is significantly reliant on the 

response and rescue time [123] since most elderly people are unable to return to a standing position 

on their own after a fall [124]. In addition, collecting a large amount of motion data from elderly 

will be preferable to give higher accuracy in order to improve the fall detection system. Figure 59 

show a flow chart organized for deep-learning approach among elderly. This wearable fall 

detection system would open up new opportunities in the electronics devices and wearable 

healthcare fields. Furthermore, this study will improve the life quality and independence of older 

adults as minimizing adverse consequences of falls and fall-related injuries. Since the early 

detection of falls can be crucial for the survival of a person or for providing necessary support after 

the event which can significantly mitigate harmful effects.  
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Figure 60. Flow chart of deep-learning approach for fall detection system among elderly, 
including classification algorithms for detecting unexpected falls to send emergency alerts. 
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APPENDIX A 

MICROFABRICATION PROCESS STEP-BY-STEP 

Preparation of the Substrate:  

1. Prepare a 7” x 5” glass substrate by cleaning it with acetone and drying it with N2 gas.  

2. Cut a piece of copper film in the size of the glass slide and attached to the substrate with 
Kapton tape.  
 

3. Apply a small amount of polyimide (PI) on the center and spincoat the first layer of 
polyimide (PI) using the spinner at 500 rpm for 60 sec. 

4. Soft bake on a hot plate at 150 °C for 10 min and then cool down at room temperature. 

5. Spincoat the second layer of PI by using the spinner at 500 rpm for 60 sec. 

6. Soft bake on a hot plate at 150 °C for 10 min and then cool down at room temperature. 

7. Hard baking on a hot plate at 200 °C for 90 min and then cool down at room temperature. 

8. Spincoat Ecoflex™ 00-10 (Mix 1:1 of Ecoflex™ 00-10  Part A & Ecoflex™ 00-10  Part 
B for 5 min) then spincoat it on a 2” x 3” thin glass slide at 2000 rpm for 60 sec. 
  

9. Place the thin glass slide coated with Ecoflex™ 00-10 on the top of copper sample.  

10. Place the sample inside the vacuum for 10 min to remove the air bubbles trapped under 
the glass slide. Then, place the weights on the sample to minimize any entrapped air 
bubbles and leave it to cure at least 2 hrs at room temperature.  
 

11. Cut the copper film around the thin glass to obtain the sample and clean the large glass by 
removing the remaining backing layer of the copper film and traces of PI. 

Photolithography:  

1. Before starting the first step of the photolithography, the surface of the substrate should 
be clean. 

 



  

 121 

APPENDIX A (continued) 

2. Spincoat HDMS on the cleaned surface of copper using the spinner at 2000 rpm for 30 
sec. 

3. Soft bake the sample on a hot plate at 110 °C for 2 min and cool down at room temperature 
for 5 min.  

4. Spincoat photoresistor AZ4620 at 2000 rpm for 30 sec. 

5. Soft bake at 110 °C for 5 minutes on a hotplate and cool down at room temperature for 5 
min.  

6. Place the photomask on the sample to obtain the desirable pattern into the substrate then 
exposed to UV radiation for 60 seconds. 

7. Develop the pattern by using the developer (Developer is made by mixing AZ400K: DI 
water in 1: 3 ratio) and rinsed with DI water and dry it with gas.  

Wet Etching: 

1. After photolithography, develop Cu circuit patterns by etching the Cu layer using Cu 
etchant.   

2. Observe any formation of air bubbles on the circuit and rinse the sample with DI water in 
a beaker to remove the air bubbles.  

3. Once the etching is completed, rinse the sample with DI water and dry it with N2 gas. 

4. Remove the remaining photoresist by using acetone and then rinsed with DI water and dry 
it with N2 gas. 

Surface Activation: 

1. Apply RIE (Reactive Ion Etching) at 400 mTorr of Oxygen and 150 W for 1 min.  

2. Spincoat a PI layer at 2000 rpm for 30 sec. 

3. Soft bake on a hot plate at 150 °C for 5 min. 

4. Place the sample in the vacuum oven. Turn on the vacuum pump and open the vacuum 
valve. Wait until it reaches approx. 90 kPa then turn on the power switch of the oven.  
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5. Hard bake the sample in the vacuum oven at 200°C for at least 2 hrs. 

6. Turn off the power and leave the sample for at least 12 hrs until the vacuum oven cools 
down.   

Photolithography:  

1. Spincoat the HDMS by using the spinner at 2000 rpm for 30 sec. 

2. Soft bake the sample on a hot plate at 110 °C for 2 min and cool down for 5 min.  

3. Spincoat photoresistor AZ4620 at 2000 rpm for 30 sec. 

4. Soft bake on a hot plate at 110 °C for 5 min and cool down for 5 min.  

5. Aligned the second photomask and expose UV radiation for 60 sec.  

6. Develop the pattern by using the developer (Developer is made by mixing AZ400K: DI 
water in 1: 3 ratio) and rinsed with DI water and dried with N2 gas.  

7. To verify the alignments of the circuits, place the samples under the microscope to make 
sure that the openings should cover at least 75% of designated Cu contact pads and not 
cover two Cu contact pads at a time. 

Dry Etching: 

1. Dry etch the sample by using RIE for 18 min (or more if necessary) at 400 mTorr of Oxygen 
and 150 W to obtain PI openings.  

2. Flux the sample to observe the color change on Cu contact pads.  

3. Rinse with acetone to remove unnecessary photoresist when etching is done properly. 

 

Mounting the components: 

1. Use a small amount of the solder paste on Cu contact pads.  

2. Place the device on the hot plate and start at 110 °C for 3 min then increase by 10 °C every 
1 min to see solder paste melting. 
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3. When it turns silver increase by 20 °C, then take it off when all turns silver (About 170 °C 
– 190 °C). 

4. Rinse it with acetone and isopropyl alcohol and dry it with N2 gas.  

5. Place the circuit with components on the hot plate at 180 °C and put Chipquik Flux on all 
the components.  

6. Use wire and drag along edges of the chips to remove the excess solder paste around the 
components and/or add solder paste where needed. 

7. Rinse it with acetone and isopropyl alcohol and dry it with N2 gas.  

8. Add flux to positive and negative locations. 

9. Cut small pieces of copper wire and use solder paste to attach them to sites by using 
soldering iron.  

10. Add flux to both the jump wires and copper wires. 

11. Tape jump wires down where they touch copper and solder them together.  

Transfer the circuit and encapsulation: 

1. Remove the jump wires and attach Miniature lithium-ion polymer Battery with an ON/OFF 
switch.  

2. Prepare the elastomer by using four different Ecoflex products. 

3. 12g of 1:1 ratio of Ecoflex 00-30 Part A, Ecoflex 00-30 Part B, Ecoflex Gel A, and Ecoflex 
Gel B and mix them for 5 min.  

4. Place the elastomer on a petri dish and spincoated at 300 rpm until they reach the edges of 
the petri dish. 

5. Let it dry for at least 24 hours and then use it as the first bottom layer of encapsulation and 
prepare the same elastomer with the same products for the second top layer.  
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REACTIVE ION ETCHING (RIE) USE 

1. Make sure that all valves of N2 and O2 gases are closed and there is no vacuum inside the 
reactor chamber.  

2. Turn on the vacuum pump (Oerlikon Leybold Vacuum; Germany; Inc.,) as shown in Figure 
61and wait 2 min before moving to the next step until the pump becomes stabilized. 

 

Figure 61. Vacuum Pump. 

3. Turn on the chiller (Industrial Chiller; CW-5200; Laguna Hills, CA; Inc.,) as shown in 
Figure 62 and wait for 2 min before moving to the next step. 

 

Figure 62. Chiller. 
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4. Turn on the RIE system by pressing the AC button as shown in Figure 63. Check that the 
switches are displays light up as shown below. 

 

 

Figure 63. RIE System ON. 

5. Load a sample in the reactor chamber and close the lid. 

6. Press the vacuum button on the front panel to begin evacuation the chamber as shown in 
Figure 64. Then, wait for 5 min. In the meantime, the Pressure Display on the front panel 
will reach a desired pressure (100 mTorr, red indicator) and the timer will light up.  

 

Figure 64. Vacuum Button ON. 
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7. Open the valve for O2 gas and then press the GAS1 button to introduce O2 gas into the 
chamber. Then, wait for 2 min. in the meantime, the Pressure Display on the front panel 
will reach a desired pressure (300 – 400 mTorr).  

8. Press the RF button on the front panel. Make sure the power is 150 W for 18 min (or more 
if necessary) as shown in Figure 65. You are supposed to see a plasma (light blue color for 
O2) through the chamber window. 

 

             Figure 65. RF Button ON. 

9. Run the system for the desired operating time. 

10. Press the RF button to shut down the RF power.  

11. Press the GAS1 button and close O2 gas valve to stop O2 gas flow. 

12. Wait for 2 min before turning off the vacuum button such that all byproducts in the 
chamber are removed. 

13. Slowly open N2 gas valve to bleed the chamber back to atmospheric pressure. 

14. Once you confirm that the chamber is ready to open, close N2 gas valve.  

15. Unload the sample and close the lid. 

16. Press the AC button to turn off the system. 

17. Turn off the chiller. 

18. Turn off the vacuum pump.  
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PYTHON CODE 

# List of Libraries 

from numpy import mean 

from numpy import std 

from numpy import dstack 

from pandas import read_csv 

from keras.models import Sequential 

from keras.layers import Dense 

from keras.layers import Dropout 

from keras.layers import TimeDistributed 

from keras.layers import LSTM 

from keras.utils import to_categorical 

from matplotlib import pyplot 

import numpy as np 

import matplotlib.pyplot as plt 

import seaborn as sns 

from sklearn import metrics 

from keras.layers import Flatten 

from keras.layers.convolutional import Conv1D 

from keras.layers.convolutional import MaxPooling1D 

from keras.layers import ConvLSTM2D 

from keras.layers import Input 

 

# Load testing and training datasets 

prefix = '/Users/Desktop/Body Data Combined/' 

grouptrain = 'train'  
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grouptest = 'test' 

filepathtrain = prefix + grouptrain + '/Inertial Signals/' 

filepathtest = prefix + grouptest + '/Inertial Signals/'  

 

# Loading all 9 files from training data as a single array for train 

filenamestrain = list()  

# Total acceleration 

filenamestrain += ['total_acc_mag_'+grouptrain+'.csv'] 

# Body acceleration 

filenamestrain += ['body_acc_x_'+grouptrain+'.csv', 'body_acc_y_'+grouptrain+'.csv', 
'body_acc_z_'+grouptrain+'.csv'] 

# Body gyroscope 

filenamestrain += ['body_gyro_x_'+grouptrain+'.csv', 'body_gyro_y_'+grouptrain+'.csv', 
'body_gyro_z_'+grouptrain+'.csv'] 

 

# Loading all 9 files from testing data as a single array for train 

filenamestest = list()  

# Total acceleration 

filenamestest += ['total_acc_mag_'+grouptest+'.csv'] 

# Body acceleration 

filenamestest += ['body_acc_x_'+grouptest+'.csv', 'body_acc_y_'+grouptest+'.csv', 
'body_acc_z_'+grouptest+'.csv'] 

# Body gyroscope 

filenamestest += ['body_gyro_x_'+grouptest+'.csv', 'body_gyro_y_'+grouptest+'.csv', 
'body_gyro_z_'+grouptest+'.csv'] 

 

# Loading input data for training 
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loadedtrain = list() 

for nametrain in filenamestrain: 

        filetrain = (filepathtrain + nametrain) 

        datatrain = read_csv(filetrain, header=None) 

        loadedtrain.append(datatrain) 

 

# Stack group for features to be 3rd dimension 

loadedtrain = dstack(loadedtrain) 

# Loading input data for testing 

loadedtest = list() 

for nametest in filenamestest: 

        filetest = (filepathtest + nametest) 

        datatest = read_csv(filetest, header=None) 

        loadedtest.append(datatest) 

 

# Stack group for features to be 3rd dimension 

loadedtest = dstack(loadedtest) 

 

# Loading class output for training 

filepathtrain = (prefix + grouptrain + '/y_'+grouptrain+'.csv') 

trainy = read_csv(filepathtrain, header=None) 

 

# Loading class output for testing 

filepathtest = (prefix + grouptest + '/y_'+grouptest+'.csv') 
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testy = read_csv(filepathtest, header=None) 

 

# Loading all training datasets 

trainX = loadedtrain 

trainy = trainy 

print(trainX.shape, trainy.shape) 

 

# Loading all testing datasets 

testX = loadedtest 

testy = testy 

print(testX.shape, testy.shape) 

 

# Zero-offset class values 

trainy = trainy - 1 

testy = testy – 1 

 

# One hot encode y 

trainy = to_categorical(trainy) 

testy = to_categorical(testy) 

print(trainX.shape, trainy.shape, testX.shape, testy.shape) 

 

    # Normalize features for training data set (values between 0 and 1) 

loadedtrain[:,0] = loadedtrain[:,0]/loadedtrain[:,0].max() 
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loadedtrain[:,1] = loadedtrain[:,1]/loadedtrain[:,1].max() 

loadedtrain[:,2] = loadedtrain[:,2]/loadedtrain[:,2].max() 

loadedtrain[:,3] = loadedtrain[:,3]/loadedtrain[:,3].max() 

loadedtrain[:,4] = loadedtrain[:,4]/loadedtrain[:,4].max() 

loadedtrain[:,5] = loadedtrain[:,5]/loadedtrain[:,5].max() 

loadedtrain[:,6] = loadedtrain[:,6]/loadedtrain[:,6].max() 

testX[:,0] = testX[:,0]/testX[:,0].max() 

testX[:,1] = testX[:,1]/testX[:,1].max() 

testX[:,2] = testX[:,2]/testX[:,2].max() 

testX[:,3] = testX[:,3]/testX[:,3].max() 

testX[:,4] = testX[:,4]/testX[:,4].max() 

testX[:,5] = testX[:,5]/testX[:,5].max() 

testX[:,6] = testX[:,6]/testX[:,6].max() 

 

# Fit and evaluate models on a training dataset 

# CNN       

 

def fit_model(trainX, trainy, testX, testy): 

    n_timesteps, n_features, n_outputs = trainX.shape[1], trainX.shape[2], trainy.shape[1] 

    model = Sequential() 

    model.add(Conv1D(filters=64, kernel_size=3, activation='relu', 
input_shape=(n_timesteps,n_features))) 

    model.add(Conv1D(filters=64, kernel_size=3, activation='relu')) 

    model.add(Dropout(0.5)) 

    model.add(MaxPooling1D(pool_size=2)) 

    model.add(Flatten()) 

    model.add(Dense(100, activation='relu')) 

    model.add(Dense(n_outputs, activation='softmax')) 
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    model.compile(loss='categorical_crossentropy', optimizer='adam', metrics=['accuracy']) 

    history = model.fit(trainX, trainy, validation_data=(testX, testy), epochs=100, verbose=0) 

    return model, history 

model, history = fit_model(trainX, trainy, testX, testy) 

     

def evaluate_model(trainX, trainy, testX, testy): 

 verbose, epochs, batch_size = 0, 100, 66 

 n_timesteps, n_features, n_outputs = trainX.shape[1], trainX.shape[2], trainy.shape[1] 

 model = Sequential() 

 model.add(Conv1D(filters=64, kernel_size=3, activation='relu', 
input_shape=(n_timesteps,n_features))) 

 model.add(Conv1D(filters=64, kernel_size=3, activation='relu')) 

 model.add(Dropout(0.5)) 

 model.add(MaxPooling1D(pool_size=2)) 

 model.add(Flatten()) 

 model.add(Dense(100, activation='relu')) 

 model.add(Dense(n_outputs, activation='softmax')) 

 model.compile(loss='categorical_crossentropy', optimizer='adam', metrics=['accuracy']) 

 # fit network 

 model.fit(trainX, trainy, epochs=epochs, batch_size=batch_size, verbose=verbose) 

 # evaluate model 

 _, accuracy = model.evaluate(testX, testy, batch_size=batch_size, verbose=0) 

 return accuracy 

# LSTM 

def fit_model(trainX, trainy, testX, testy): 

    n_timesteps, n_features, n_outputs = trainX.shape[1], trainX.shape[2], trainy.shape[1] 

    modell = Sequential() 
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    modell.add(LSTM(100, input_shape=(n_timesteps,n_features))) 

    modell.add(Dropout(0.5)) 

    modell.add(Dense(100, activation='relu')) 

    modell.add(Dense(n_outputs, activation='softmax')) 

    modell.compile(loss='categorical_crossentropy', optimizer='adam', metrics=['accuracy']) 

    historyl = modell.fit(trainX, trainy, validation_data=(testX, testy), epochs=100, verbose=0) 

    return modell, historyl 

modell, historyl = fit_model(trainX, trainy, testX, testy) 

 

def evaluate_modell(trainX, trainy, testX, testy): 

    verbose, epochs, batch_size = 0, 100, 66 

    n_timesteps, n_features, n_outputs = trainX.shape[1], trainX.shape[2], trainy.shape[1] 

    modell = Sequential() 

    modell.add(LSTM(100, input_shape=(n_timesteps,n_features))) 

    modell.add(Dropout(0.5)) 

    modell.add(Dense(100, activation='relu')) 

    modell.add(Dense(n_outputs, activation='softmax')) 

    modell.compile(loss='categorical_crossentropy', optimizer='adam', metrics=['accuracy']) 

    modell.fit(trainX, trainy, validation_data=(testX, testy), epochs=epochs, 
batch_size=batch_size, verbose=verbose) 

    _, accuracyl = modell.evaluate(testX, testy, batch_size=batch_size, verbose=0) 

    return accuracy 

 

#CNN-LSTM   

n_timesteps2, n_features2, n_outputs2 = trainX.shape[1], trainX.shape[2], trainy.shape[1] 

n_steps2, n_length2 = 2, 33 

trainX2 = trainX.reshape((trainX.shape[0], n_steps2, n_length2, n_features2)) 
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testX2 = testX.reshape((testX.shape[0], n_steps2, n_length2, n_features2))     

def evaluate_model2(trainX, trainy, testX, testy): 

 verbose, epochs, batch_size = 0, 100, 66 

 n_features, n_outputs = trainX.shape[2], trainy.shape[1] 

 n_steps, n_length = 2, 33 

 trainX2 = trainX.reshape((trainX.shape[0], n_steps, n_length, n_features)) 

 testX2 = testX.reshape((testX.shape[0], n_steps, n_length, n_features)) 

 model2 = Sequential() 

 model2.add(TimeDistributed(Conv1D(filters=64, kernel_size=3, activation='relu'), 
input_shape=(None,n_length,n_features))) 

 model2.add(TimeDistributed(Conv1D(filters=64, kernel_size=3, activation='relu'))) 

 model2.add(TimeDistributed(Dropout(0.5))) 

 model2.add(TimeDistributed(MaxPooling1D(pool_size=2))) 

 model2.add(TimeDistributed(Flatten())) 

 model2.add(LSTM(100)) 

 model2.add(Dropout(0.5)) 

 model2.add(Dense(100, activation='relu')) 

 model2.add(Dense(n_outputs, activation='softmax')) 

 model2.compile(loss='categorical_crossentropy', optimizer='adam', metrics=['accuracy']) 

 history2=model2.fit(trainX2, trainy, validation_data=(testX2, testy), epochs=epochs, 
batch_size=batch_size, verbose=verbose) 

 _, accuracy2 = model2.evaluate(testX2, testy, batch_size=batch_size, verbose=0) 

 return model2, accuracy2, history2 

 

# Obtaining variables for variable explorer 

model2,accuracy2, history2 = evaluate_model2(trainX, trainy, testX, testy)  

# CONVLSTM 
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n_timesteps3, n_features3, n_outputs3 = trainX.shape[1], trainX.shape[2], trainy.shape[1] 

n_steps3, n_length3 = 2, 33 

trainX3 = trainX.reshape((trainX.shape[0], n_steps3, 1, n_length3, n_features3)) 

testX3 = testX.reshape((testX.shape[0], n_steps3, 1, n_length3, n_features3)) 

 

def evaluate_model3(trainX, trainy, testX, testy): 

 verbose, epochs, batch_size = 0, 100, 66 

 n_features, n_outputs =trainX.shape[2], trainy.shape[1] 

     # reshape into subsequences (samples, time steps, rows, cols, channels) 

 n_steps, n_length = 2, 33 

 trainX3 = trainX.reshape((trainX.shape[0], n_steps, 1, n_length, n_features)) 

 testX3 = testX.reshape((testX.shape[0], n_steps, 1, n_length, n_features)) 

     # define model 

 model3 = Sequential() 

 model3.add(ConvLSTM2D(filters=64, kernel_size=(1,3), activation='relu', 
input_shape=(n_steps, 1, n_length, n_features))) 

 model3.add(Dropout(0.5)) 

 model3.add(Flatten()) 

 model3.add(Dense(100, activation='relu')) 

 model3.add(Dense(n_outputs, activation='softmax')) 

 model3.compile(loss='categorical_crossentropy', optimizer='adam', metrics=['accuracy']) 

 history3=model3.fit(trainX3, trainy, validation_data=(testX3, testy), epochs=epochs, 
batch_size=batch_size, verbose=verbose) 

 _, accuracy3 = model3.evaluate(testX3, testy, batch_size=batch_size, verbose=0) 

 return model3, accuracy3, history3 

 

# Obtaining variables for variable explorer 
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model3, accuracy3, history3 = evaluate_model3(trainX, trainy, testX, testy)   

# Summarize Scores for CNN model 

repeats = 5 

scores = list() 

for r in range(repeats): 

    score = evaluate_model(trainX, trainy, testX, testy) 

    score = score * 100.0 

    print('>#%d: %.3f' % (r+1, score)) 

    scores.append(score)         

print(scores) 

m, s = np.mean(scores), np.std(scores) 

print('CNN Accuracy: %.3f%% (+/-%.3f)' % (m, s)) 

 

# Summarize Scores for LSTM model 

lstmscores = list() 

for r in range(repeats): 

    lstmscore = evaluate_modell(trainX, trainy, testX, testy) 

    lstmscore = lstmscore * 100.0 

    print('>#%d: %.3f' % (r+1, lstmscore)) 

    lstmscores.append(lstmscore)         

print(lstmscores) 

m, s = np.mean(lstmscores), np.std(lstmscores) 

print('LSTM Accuracy: %.3f%% (+/-%.3f)' % (m, s)) 

 

# Summarize Scores for CNN-LSTM model 
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cnnlstmscores = list() 

for r in range(repeats): 

    cnnlstmscore = evaluate_model2(trainX, trainy, testX, testy) 

    cnnlstmscore = cnnlstmscore[1] * 100.0 

    print('>#%d: %.3f' % (r+1, cnnlstmscore)) 

    cnnlstmscores.append(cnnlstmscore)         

print(cnnlstmscores) 

m, s = np.mean(cnnlstmscores), np.std(cnnlstmscores) 

print('CNN-LSTM Accuracy: %.3f%% (+/-%.3f)' % (m, s)) 

 

# Summarize Scores for Conv-LSTM model 

convlstmscores = list() 

for r in range(repeats): 

    convlstmscore = evaluate_model3(trainX, trainy, testX, testy) 

    convlstmscore = convlstmscore[1] * 100.0 

    print('>#%d: %.3f' % (r+1, convlstmscore)) 

    convlstmscores.append(convlstmscore)         

print(convlstmscores) 

m, s = np.mean(convlstmscores), np.std(convlstmscores) 

print('Conv-LSTM Accuracy: %.3f%% (+/-%.3f)' % (m, s)) 

 

# Summarize the performance of the fit model  

#Plot loss and loss during training 

pyplot.subplot(211) 

pyplot.title('Loss') 
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pyplot.plot(history.history['val_loss'], label='CNN Model') 

pyplot.plot(historyl.history['val_loss'], label='LSTM Model') 

pyplot.plot(history2.history['val_loss'], label='CNN-LSTM Model') 

pyplot.plot(history3.history['val_loss'], label='Conv-LSTM Model') 

pyplot.legend() 

 

# Plot accuracy during training 

pyplot.subplot(212) 

pyplot.title('Accuracy') 

pyplot.plot(history.history['val_acc'], label='CNN Model') 

pyplot.plot(historyl.history['val_acc'], label='LSTM Model') 

pyplot.plot(history2.history['val_acc'], label='CNN-LSTM Model') 

pyplot.plot(history3.history['val_acc'], label='Conv-LSTM Model') 

pyplot.legend() 

pyplot.show() 

 

# Confusion Matricies 

predictions = model.predict(testX) 

LABELS = ['Running', 'Sitting', 'Stairs','Walking','Falling'] 

max_testcnn = np.argmax(testy, axis=1) 

max_predictionscnn = np.argmax(predictions, axis=1) 

confusion_matrixcnn = metrics.confusion_matrix(max_testcnn, max_predictionscnn, normalize 
= 'true') 

plt.figure(figsize=(10, 10)) 

sns.heatmap(confusion_matrixcnn, xticklabels=LABELS, yticklabels=LABELS, annot=True, 
fmt=".2%", cmap='Blues'); 

plt.title("CNN Confusion matrix") 
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plt.ylabel('True label') 

plt.xlabel('Predicted label') 

plt.show(); 

 

predictionsl = modell.predict(testX) 

LABELS = ['Running', 'Sitting', 'Stairs','Walking','Falling'] 

max_testl = np.argmax(testy, axis=1) 

max_predictionsl = np.argmax(predictionsl, axis=1) 

confusion_matrixl = metrics.confusion_matrix(max_testl, max_predictionsl, normalize = 'true') 

plt.figure(figsize=(10, 10)) 

sns.heatmap(confusion_matrixl, xticklabels=LABELS, yticklabels=LABELS, annot=True, 
fmt=".2%", cmap='Blues'); 

plt.title("LSTM Confusion matrix") 

plt.ylabel('True label') 

plt.xlabel('Predicted label') 

plt.show(); 

 

predictions2 = model2.predict(testX2) 

LABELS = ['Running', 'Sitting', 'Stairs','Walking','Falling'] 

max_test2 = np.argmax(testy, axis=1) 

max_predictions2 = np.argmax(predictions2, axis=1) 

confusion_matrix2 = metrics.confusion_matrix(max_test2, max_predictions2, normalize = 'true') 

plt.figure(figsize=(10, 10)) 

sns.heatmap(confusion_matrix2, xticklabels=LABELS, yticklabels=LABELS, annot=True, 
fmt=".2%", cmap='Blues'); 

plt.title("CNN-LSTM Confusion matrix") 

plt.ylabel('True label') 

plt.xlabel('Predicted label') 
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plt.show(); 

 

predictions3 = model3.predict(testX3) 

LABELS = ['Running', 'Sitting', 'Stairs','Walking','Falling'] 

max_test3 = np.argmax(testy, axis=1) 

max_predictions3 = np.argmax(predictions3, axis=1) 

confusion_matrix3 = metrics.confusion_matrix(max_test3, max_predictions3, normalize = 'true') 

plt.figure(figsize=(10, 10)) 

sns.heatmap(confusion_matrix3, xticklabels=LABELS, yticklabels=LABELS, annot=True, 
fmt=".2%", cmap='Blues'); 

plt.title("Conv-LSTM Confusion matrix") 

plt.ylabel('True label') 

plt.xlabel('Predicted label') 

plt.show(); 


