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Abstract 

Senior citizens are one of the significant proportions of healthcare service users, with 

approximately 12% of public sector, primary care, and hospital services utilized by this 

demographic. Senior Citizens living alone, without adequate monitoring, are at a higher risk of 

severe consequences from sudden falls caused by slips, trips, or underlying health conditions. In 

New Zealand, approximately one-third of people over 65 years fall each year. Among those who 

experience a fall, 22–60% sustain injuries, 10–15% suffer serious injuries, 2–6% experience 

fractures, and 0.2–5% sustain hip fractures. People in their 80s and above are particularly at high 

risk of falling. Overall, half of all ACC claims and costs in this age group result from falls, 

amounting to estimated costs of NZ$443 million annually. The majority of these incidents go 

unreported in time for emergency interventions, causing critical delays in treatment. This 

affirms the necessity of trustworthy and affordable e-health technologies to support independent 

living among older adults. In the modern era, Artificial Intelligence (AI) and Machine Learning 

(ML) have significantly impacted daily life, proving instrumental in various domains. In this 

context, AI can serve as a vital companion for older adults, providing continuous health and 

behaviour monitoring and early fall prediction capabilities. 

The focus of this thesis is on leveraging AI to forecast potential falls in older adults by 

identifying abnormalities in their health and behavioural patterns. The proposed approach 

termed the Co-operative AI model for future fall prediction in the Elderly, employs Fuzzy logic 

and deep learning networks and algorithms such as Deep Belief Networks (DBN) for the 

development of two AI models that are combined using a Meta-Model to provide the Future Fall 

Risk Prediction Outcome. AI-1 model utilizes vital sign parameters such as Blood Pressure, 

Heart Rate, and Oxygen Saturation as input and employs Fuzzy Logic to predict potential fall 

risk in older adults. The AI-2 model, on the other hand, uses Activities of Daily Living (ADLs) 

such as Sitting, Standing, Walking, Running, and Jumping as input parameters and employs a 

Deep Belief Network (DBN) for fall risk prediction. The input dataset for both AI-1 and AI-2 

models was collected from PhysioNet – a Public Repository. The outputs from AI-1 and AI-2 

models are then integrated using a Meta-Model which uses a Random Forest with continuous 

learning features, which provides a comprehensive prediction of impending falls in older adults. 

The thesis has the following main contributions: 

• A detailed background analysis was done in terms of health, behaviour, and 

environmental factors, and the critical parameters that lead to an abnormality in older adults 

were analyzed.  

• The system architecture consists of 3 AI models (AI-1 model, AI-2 model, and Meta-
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model) where each model works independently to assess fall risks with different factors, then 

works collaboratively by learning from each other to generate a promising final fall risk 

prediction result. 

• Data is collected from the public repository for both the AI models. The system 

continuously monitors health and behavioural parameters, processes the information through 

deep learning models, and predicts early indicators of fall risk. By analyzing these 

parameters in real time, the model effectively identifies abnormalities that signal potential 

fall risks.  

In a nutshell, this thesis proposed the research findings and model development which highlights 

the significant potential of advanced deep learning techniques to evaluate the severity of risks, to 

improve future fall risk prediction, and finally to predict and reduce fall occurrences. This 

innovative technology provides a transformative approach, enabling timely interventions that 

improve the safety and well-being of elderly people while potentially saving lives. 
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Chapter 1. Research Motivation, Direction, and Thesis 

Organization 

1.1. Introduction 

This chapter includes a general overview of falls in the elderly, the number of injuries faced 

because of falls, and the strategies that have been taken place to handle this issue. One of the 

most important aspects of this chapter lies in the incorporation of Artificial Intelligence (AI) in 

fall prediction which describes how sophisticated algorithms learn from the datasets of older 

adults, integrating proactive measures, and tailoring fall prevention strategies. The research gap, 

research questions, aim, and objectives for this study are then set out to provide a roadmap to 

make sure that the goals and purpose will result in meaningful outcomes. Also, the boundaries 

within the scope of research for this study have been established.  To enhance understanding, 

the outline of the thesis, particularly the rest of the chapters that are to come and their 

significance to the main topic of this research is synthesized. The chapter ends with an overview 

by recalling important issues that have been dealt with so far and previews the following chapter 

which will have an extensive literature review.  

1.2. Need for Fall Prediction System 

Demographic aging is a universal issue faced by most countries worldwide. This situation is 

expected to intensify due to the prolonged life expectancy.  From the analysis data provided by 

the United Nations in [1], the aging population above 65 will increase from 9.3% to 16% in 

2050. As age increases, older adults face age-related problems like sensory and cognitive 

impairments, reduced muscle strength, imbalance, psychological distress, chronic pain, 

unsteadiness, limited Activities of Daily Living (ADL), and other coexisting health problems 

that result in falls. One of the serious hurdles that is faced by the healthcare sector throughout 

the world is the fall in older adults. Falls can happen to people at any age but for an elderly 

person, the fall occurs due to loss of balance or health conditions which becomes a major risk to 

life or permanent disability. According to the STEADI analysis (Stopping Elderly Accidents, 

Deaths & Injuries) conducted by the Centre for Disease Control and Prevention (CDC), older 

adults fall every second in a day [2], which leads to minor or major injury and sometimes loss of 

life. Health injury surveys conducted in [2, 3] conclude that there will be a further increase in 

healthcare expenses till 2060, especially in addressing fall-related injuries in the aging 

population. It has been estimated that roughly around $31 billion or more are being spent on 

handling fall injuries each year in older adults and this is the same in western Pacific regions. 

Among the western Pacific regions, New Zealand holds the largest investment in promoting 

healthy aging care resulting in enhanced improvements in quality living [3]. Today the elder 

generation has an active and positive approach towards their lifestyle but there are still many 
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conditions like impaired limb function, depression, environmental threats, low blood pressure, 

dizziness, etc., that cause a risk of falling in them. Hence majority of them opt to stay at home 

for a longer time, with almost 3% living alone. An average of 30% of elderly individuals above 

65 years fall more than once a year and approximately 5% of them resulting in fracture and 

hospitalization [4]. In New Zealand, around 4000 senior citizens fall every year, and most of the 

falls result in severe hip fractures, and almost 4% resulting in death. As the age rises over 75, 

the fall rates seem to be doubled [5]. The cost of all active claims in 2024 for fall-related injury 

was NZ $2,538,647,751 (9,71,596 active claims) out of which the highest number of Accident 

Compensation Corporation (ACC) was claimed by elderly aged 60+ (2,53,464 claims) due to 

accidental falls [6]. The government is also implementing certain fall risk programs to create 

awareness for the elderly based on strength and balance exercises, but those programs are not 

fully utilized by everyone in the community. In the fast-paced world, where families have been 

reduced to smaller sizes, most of the older adults prefer to live alone, hence it is vital to monitor 

them to save their lives and limit their risk of falling. 

 

Figure 1.1: Dimensions Leading to a Fall in Older Adults. 

Over 400 or more factors contribute to a fall in the elderly, and all are classified under 3 main 

dimensions namely behaviour, health, and environment [7]. When an interaction occurs between 

these 3 dimensions, it results in a fall as shown in Figure 1.1.  Unlike typical activity prediction 

tasks such as walking, sitting, or running, fall detection and prediction present unique 

challenges. Activities of daily living (ADLs) generally follow repetitive and structured motion 

patterns, which makes it easier to model and classify using wearable sensors or vision-based 

approaches. In contrast, falls are rare, unstructured, and highly variable events. A fall can occur 

suddenly, within a fraction of a second, and may be triggered by multiple factors such as loss of 

balance, health conditions, environmental hazards, or unexpected movements. This makes it 

difficult to capture consistent patterns leading to a fall. Another challenge is the imbalance of 
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data: large datasets exist for normal activities, but fall events are limited due to safety and 

ethical concerns during data collection. As a result, prediction models may become biased 

towards recognizing normal activities while underperforming on falls. Furthermore, unlike 

activity recognition, fall prediction requires anticipating an event before it occurs, which means 

models must identify subtle precursors such as gait instability, hesitation, or physiological 

changes that precede a fall. These signals are often weak and easily confused with normal 

variations in movement, adding another layer of complexity. 

Therefore, while activity prediction focuses on identifying well-defined, repetitive tasks, fall 

detection and prediction involve modelling rare, unpredictable, and high-risk events that 

demand both high sensitivity and robustness. This distinction underscores why falls are 

significantly harder to predict than other activities and why specialized models are required. To 

prevent these accidents and minimize the consequences, it is obvious that a fall detection, 

prediction, and avoidance system is needed, especially for older people living alone. Initially, 

Fall Detection is the method of discovering a fall (finding out) upon its occurrence and sending 

alerts to the concerned caretaker or family member or emergency services for assistance, 

whereas Fall Prediction is identifying the fall risk factors earlier through continuous monitoring 

and notifying the concerned elderly or carer or health care professional about the future risk of 

fall and to prevent it before it occurs [8, 9]. A fall risk and its consequences can be reduced if it 

is identified, predicted, or (detected) earlier or on time. There is much research conducted based 

on Fall Detection but only a few studies were conducted to predict future falls (Fall Prediction). 

1.3. AI/ML Development in Healthcare Applications 

 

Figure 1.2: AI-IoT in Healthcare. 

One of the promising solutions for predicting and preventing elderly falls based on their daily 

activities is through Artificial Intelligence (AI) and the Internet of Things (IoT). These 
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techniques are suitable for both Aided (assisted) Living (AL) and Healthcare (protection and 

management) Monitoring (HM) in older adults, which compares the previous and current data 

to provide future outcomes. It makes predictions, which is the ability to gather information and 

learn from its environment and one of its advancements is Machine Learning (ML) which 

involves programming that learns from its experience [9]. From the amount of available data 

and with a combination of natural language processing and algorithms, the AI application 

becomes more useful in all domains, especially in healthcare, where the patient's records and 

data can be obtained, stored, and processed to predict their health status [10]. By combining AI 

and IoT, many new advancements can be developed, especially in the healthcare industry [11]. 

A summary of this new emerging technology is shown in Figure 1.2. Since AI and IoT in 

elderly healthcare is a young field, more research and developments are currently in process but 

from the completed research works and proven analysis, it can be identified that AI can predict 

future falls in the elderly, and it can also offer more solutions to eldercare enabled smart homes.  

Most of the older adults live a restricted lifestyle, their social life and daily activities are limited 

due to fear of falling which leads to health and psychological illness. The increasing fall-related 

injury rates have created a greater impact worldwide and more research is being done to 

safeguard the lives of older adults. According to [12] a fall is an uncontrolled collapse or plunge 

of the body to a lower level and this overall fall period can be divided into 4 phases,   

• Pre-Fall Phase: ADLs are carried out in this phase (sudden running, walking, or sitting).  

• Critical-Fall Phase: abrupt imbalance and the body declines to the ground within 2 

seconds. 

• Post-Fall Phase: no movement or activity when the body is at rest (ground). 

• Recover Phase: body recovered to pre-fall either with or without external assistance. 

When phases 1, 2, and 3 are identified, it is referred to as Fall Detection and alerts for assistance 

are transmitted via smart devices. However, while continuous monitoring in Phase 1, the older 

adult receives information about the possibility of a future fall (Phase 2), which eliminates 

Phases 3 and 4 is “Fall Prediction”. A home-based self-operating system is required to track the 

health and wellness of the senior individuals (indoors). Due to the advanced evolution of 

wireless sensor networks and their related application uses in health management, this 

technology has acquired more and more recognition in recent years. Every smart device 

embedded in home monitoring related to health indicators, security, or surveillance interacts 

with each other through wireless communication [13]. This smart technology improves the 

affordable and portable health sensing devices and wearable sensors to effectively measure the 

important parameters in the elderly. The IoT device is intelligent enough to interact with the 

cloud and provides good-quality data and information to medical services [14]. IoT-enabled 
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health monitoring devices with unique identifiers can be easily identified by communication 

protocols as they connect to the physical and digital world. 

A novel individual healthcare and critical assistance wearable structure called WAITER was 

developed in [15]. It uses small wearable sensors to steadily acquire active data signals from the 

older adult. It transmits the signal to the mobile phone through Bluetooth technology, which can 

be used for storage and health evaluation. Using the integrated motion sensor in the wearable 

device, the body movements are monitored, and if a fall is discovered then an alert message is 

transferred to the emergency services. In a similar vein, iCare is an elderly mobile health 

monitoring system that was developed in [16, 17] to use wireless body-worn detectors (Sensors) 

and smartphones to monitor the health of older adults. A record of personal health information 

is also collected to provide medical guidance to the elderly through the communication platform 

and once, an emergency is detected, it will send an alert text to the pre-assigned people, and the 

elderly. Additionally, the developed model is effective enough to track location and for sending 

reminders. Modern technology growth and innovations enhance the lifestyle of mankind via 

smart applications, sensors, wireless communication networks, etc. For all those advancements, 

the Internet is the foundation that provides intelligent processing like retrieving and delivering 

data through the IoT. By positioning the sensors in a specific region, the information features 

are collected in the IoT environment. It receives data depending on the defined framework for 

the IoT devices. Although these devices may have some limitations such as sensitivity, energy 

constraints, distance, etc., they collect data from the surroundings and transmit it to the central 

node to evaluate the data and then the essential information is switched to other nodes. Based on 

the choice of the end user, these applications and resources could be formulated in IoT. The 

enhancement in data gathering modules and their use improves the lifestyle drastically. Hence 

handling, organizing, and assessing such information via IoT is a current research trend. 

The use of AI in healthcare consists of two primary branches: virtual and physical. The virtual 

module constitutes Machine Learning, (also called Deep Learning (DL)) in which mathematical 

algorithms are used for enhancing learning through experience. The physical part includes 

physical entities, medical devices, and robots taking part in the distribution of care units. As in 

[17], AI is thoroughly used in elderly care which handles the electronic medical records of the 

patient where specified algorithms are used to identify subjects with a background history of an 

inherited disease or an increased risk of a chronic disease. Machine learning is a primary tool 

for AI techniques used in healthcare. It supports IoT devices with advanced capabilities for data 

inference, data analytics, and intelligence. ML has become a competent and efficient solution 

for several Internet of Healthcare Things (IoHT) technology contexts. 

The Technology Assisted Friendly Environment for Third Age (TAFETA) group in [18] 

developed a smart home for older adults that utilizes integrated sensor technology for 
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communicating and processing information. Intelligent sensors, magnetic switches, 

accelerometers, Radio Frequency Identification (RFID), pressure mats, microphone arrays, and 

smart grab bars were used for this development to monitor elderly activities. The data is 

collected and forwarded to the AI Expert system, and by using classification algorithms the 

anomaly patterns were categorized as mild, caution, high alert, and emergency and it informs 

the concerned services based on the severity. The data-driven prediction models in [19] are 

becoming prominent among medical professionals due to improvements in computational 

algorithms. The prediction models can suggest diagnosis, prognosis, and treatments. These 

systems are developed via ML for data analysis and identifying patterns to provide prediction 

outcomes. A study in [20] was conducted based on fall injury and prevention using 2 

classification ML algorithms such as Random Forest (RF) and Decision Tree, both predicted the 

fall outcome with 54% and 66% accuracy. Deep learning permits the modelling of 

computational systems which consists of multiple layers resulting in more powerful models. 

Because of its complex feature calculations and directly dictated data, the quality of model 

predictions is more accurate. Moreover, no initial knowledge is required for developing new 

models, so it is useful to co-relate DL techniques to traditional ML methods.  

Healthcare technology is a fast-growing field compared to other technologies. This fast 

improvement, along with the indistinct nature of falls in older adults, builds the need for various 

strategies and creative technologies such as Fuzzy Logic (FL) or its conjunction with other AI 

techniques as mentioned in [21]. Studies on ordering and clustering, classification, pattern 

recognition, feature selection, and performance comparison can all serve as the foundation for 

FL. Fuzzy clustering, rule-based methods, pattern-matching methods, and fuzzy relations 

techniques are the main approaches in visual pattern recognition that are associated with this 

field. Fuzzy systems are therefore employed in many real-world situations. There are now more 

opportunities to combine mental health data with preliminary knowledge about an elderly 

person's behaviour to predict a fall because of the development of IoT and mobile technologies 

[22].  

More dependable and effective healthcare systems can be created because to advancements in 

sensor technology, computer vision, and communication networks. There is numerous sensor-

based monitoring (non-wearable) or wearable devices available to detect falls, monitor the 

health of the elderly, and track their location, which can be identified by their family members; 

however, one problem is that they need to be worn all of the time [23]. Other IoT-based smart 

devices such as motion sensors, cameras, etc. help with continuous monitoring, but they will not 

predict a future fall. Generally, a fall in older adults can be monitored under 4 groups namely 

health-based, behavioural-based, posture-based, and emotion-based as shown in Figure 1.3. 

Several methods are being proposed for predicting and preventing falls in the elderly and it is 
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quite complicated to prevent a fall but with long-term monitoring analysis, predicting a future 

fall can be achieved. 

 

Figure 1.3: Categories for Detecting and Predicting Falls in Older Adults. 

1.4. Motivation for Driving towards Fall Prediction using AI  

Falls occur across the world for older adults, and from [24] it is speculated to be 9% until 

2016 and it has increased to about 30% recently. The fall can end up in severe injuries 

resulting in death and it mostly occurs with elderly over 60 years. For Māori elders in New 

Zealand, the issue is particularly concerning due to health disparities and physical size, as they 

report falls at slightly higher rates than non-Māori [6]. An average of 37% of Māori people 

reported a fall in the preceding year, and 7% of those had four or more falls. Of the people who 

fell, 35% were injured and 10% sustained a fracture [25]. Therefore, monitoring the health and 

well-being of older adults is an important aspect and hence the core idea of this research work is 

to protect older adults including the Māori population who have a high risk of health and fall 

issues due to their physical size and lifestyle. Conventional fall detection or prediction systems 

for the elderly, use cameras and sensors to track a person's movement and then send the 

collected data to a server for validation. When a fall event is identified from the collected data, 

the server notifies the emergency services or carer via text message about the occurrence [26]. 

From the above-mentioned explanations, it can be understood that most of the discussions 

were based on Fall risk management, fall detection, and prediction but many researchers 

suggest exercise programs for balance have resulted in good accuracy. Fall prevention in 

elderly monitoring needs to be brought into the limelight with good and reliable technology 

that does not require much human intervention as shown in Figure 1.4. Over the last few 

decades, AI and ML have created a substantial impact on our daily lives. 



 

8 

 

 

Figure 1.4: AI in Healthcare without Human Intervention. 

As prevention is better than cure, fall prevention research targets predicting a future fall in older 

adults by identifying the abnormalities in health and behavioural patterns and alerting them 

about the risk of a fall earlier. One major advantage of AI is its contribution towards 

improving the quality of life through advanced technology: especially in healthcare areas 

[27]. The Fall prediction model will be developed in such a way that it will be more useful 

for people with disabilities where their health and ADLs can be monitored continuously 

through the devices they access regularly [28]. Finally, the fundamental concept of this 

research work is to protect older adults as they have a high risk of health and fall issues due 

to aging and lifestyle [29]. 

1.5. Research Gap, Questions, Aims and Objectives 

In many similar research based on Fall detection and prediction discussed in Section 1.2 and 

Chapter 2, it has been identified that the background of the existing work lacks one of the 

following criteria,  

• Some of the developed models in the existing work are not suitable for supporting 

multiple profiles. 

• In some cases, the pre-trained model can only understand a fixed dataset. When a change 

occurs, it does not learn from the changes or provide an outcome based on the changes.  

• Most of the Deep Learning algorithms used in the system model for Fall prediction are 

not transparent, uncontrollable, and tend to be opaque.  

The field of fall prediction research has been dominated predominantly by computer vision-

based approaches [30-32] and gait analysis [33, 34] for the detection and prediction of falls in 

elderly individuals. Computer vision-based detection of falls performs well compared to other 

approaches [35, 36] but lacks predictive power.  Gait-based fall prediction, although efficient, 
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necessitates a large infrastructure and wearable sensors, which are perhaps impractical and 

uncomfortable for the elderly. Advanced gait analysis employs AI models with an accuracy of 

90% or more but is still limited by sensors and other hardware, limiting its suitability for the 

elderly. In addition, both computer vision and gait-based models operate independently, 

processing one modality of data pattern at a time. Also, they are not scalable and need large 

amounts of data gathering and preprocessing, which poses grand challenges to real-world 

deployment in healthcare. 

The preceding information and background on falls in elderly individuals, as well as the work 

based on fall detection and prediction analysis, raises the following question, which served as 

the foundation for this research work: 

• What are the areas, causes, factors, when, and under what conditions older adults tend to 

feel unconscious? 

• How can a Co-operative model be infused with a prediction model to review and analyze 

the present and past data to forecast the risk of future falls in older adults without making 

the system opaque? 

• What impact does the developed AI model have on predicting future falls when it is 

designed to cope with environmental changes? 

This research aims to understand the key factors related to fall risk, which is critical for 

enhancing prediction performance.  This study introduces a Novel Co-operative AI Model for 

Future Fall Prediction in Older Adults, designed to foresee future falls by monitoring health and 

behavioural parameters and detecting abnormalities through continuous monitoring based on AI 

analysis. 

The following are the research goals for achieving the aforementioned aim:  

• To have a deep knowledge of how AI technology can be applied to enhance and predict 

falls in older adults, especially in identifying future fall risks.  

• To conduct research on deep learning models with controlled parameters and improved 

understanding of self-learning capabilities.  

• To explore the possibility of the combined analysis and to utilize different data in the AI 

models and to provide a better solution for future fall prediction in older adults by 

enhancing AI learning capability.  
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1.6. Scope of Research  

The significance of this research is to identify a future fall in older adults before it occurs based 

on continuous monitoring through smart devices. This research focuses on the elderly 60 years 

and above as they have a high chance of falling risks. Data on the health and behaviour of the 

elderly is obtained from a public database. This information is subsequently calculated by two 

AI models based on different strategies for computation to predict the likelihood of future falls. 

The first model, AI-1, applies Fuzzy Logic in combination with a pre-existing set of fuzzy rules 

to compute the risk of a fall. With these rules applied, the model is capable of accepting the 

uncertainties present in physiological data, such that rather than a straightforward binary choice, 

it can provide a rich, qualitative risk assessment. Fuzzy Logic's flexibility makes it possible for 

AI-1 to pick up very small variations in an individual's physiological measures and is therefore 

highly beneficial when dealing with inaccurate or incomplete data.  

On the other hand, the second model, AI-2, employs Deep Belief Networks (DBNs), which is a 

deep learning model that excels at hierarchical feature learning and classification. Training 

DBN consists of two stages: pre-training and fine-tuning. Under pre-training, the model is 

trained in an unsupervised fashion to learn a structured data representation through Restricted 

Boltzmann Machines (RBMs). This allows the network to expose underlying, latent factors 

relevant to fall prediction. The fine-tuning process further fine-tunes the pre-trained model 

through supervised learning with backpropagation and optimization in maximization of the 

accuracy of classification. With the application of fine-tuning and pre-training, AI-2 can learn 

advanced, non-linear patterns in the data and therefore become a good tool in classifying fall. 

These two AI frameworks are combined, where AI-1 generates an interpretable rule-based 

decision-maker and AI-2 utilizes the power of deep learning to enhance predictability. The 

combination offers flexibility and a complete system for fall risk classification, with provision 

for identifying visible rule-based patterns as well as hidden dependencies in the data. 

The results from the 2 AI models are then combined using a Meta-Model which then generates 

the final fall risk prediction result. The developed AI model will continuously sense and monitor 

the health and behaviour patterns and when an abnormality leading to a fall risk is identified, the 

model categorizes the fall risk level (Low, Moderate, or High) based on the severity of the 

detected abnormality. The obtained results are then sent to the elderly and to their direct links 

through the physical prototype to alert them on the risk of future falls.  

In this study, two individual AI models are developed that can perform separately and also 

work together as they learn from each other and understand previous data. This makes the 

research novel with each model supporting one another to produce reliable outcomes. The 

developed model will also be suitable for integrating with multiple users as it has a 

combination of controllable data from Fuzzy Logic (risk level prediction) and self-learning 
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ability from DBN (comparison of the input parameters), which can predict future falls in 

the elderly with good accuracy.  

Different from conventional approaches that employ a single predictive model, this proposed 

research explores the synergistic collaboration of three AI models to enhance accuracy and 

flexibility. The Co-operative model employs fusion technology to integrate two distinct AI 

models based on Deep Belief Networks (DBN) and Fuzzy Logic-based AI such that they can 

coexist and collaborate. No previous study has employed multi-aspect AI models to predict 

future falls in older people. The AI models each operate in different dimensions and finally, 

they are integrated using a meta-model that refines the result significantly improving predictive 

accuracy. A major limitation in existing research is the dependence on a single data pattern, 

typically electronic health records (EHRs), which may not fully capture the behavioural and 

contextual factors contributing to falling risk. In contrast, the research elaborated in this thesis 

integrates multiple dataset patterns, including real-time sensor-based physiological data, and 

long-term activity tracking collected from the wearable devices, providing a holistic and 

personalized assessment of fall risk. Furthermore, these proposed models interact dynamically, 

continuously learning from both past and present predictions. This iterative learning process 

enhances adaptability, making our approach more robust and effective in real-world fall 

prediction scenarios. 

1.7. Thesis Organization  

 

Figure 1.5: Chapter's Technical Connection Representation 

Chapter 1 gives an overview of the problem of falls among older adults and the need for fall 

prediction systems. The use of IoT and AI in healthcare and its applications, and research done 
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to detect and predict falls in the elderly are discussed. The background area outlined in this 

chapter includes the solutions to minimize falls in older adults and motivation for driving 

toward fall prediction using AI. The research gap, motivation, research problem statements, 

research aim, and objectives are also discussed which highlights the novelty of this research 

work.  

Chapter 2 provides an insight into the related literature to the important aspects associated with 

this research. The chapter begins with a discussion of the different factors leading to a fall in 

older adults, then elaborates on the detailed analysis of its sub-categories, and existing works 

related to fall prediction in older adults. The analysis of AI-based smart devices used in 

healthcare monitoring and their pros and cons are discussed in detail and the chapter concludes 

with a summary of the reviewed systems and the solutions to overcome the drawbacks through 

the novel findings from this research work.   

Chapter 3 elaborates on the methodology, step-by-step framework analysis for data processing, 

model development phase, modelling, and implementation tools employed towards concept 

development and testing. It provides an insight into the ability of various available tools 

including software and hardware to investigate the concept of an AI-based fall risk prediction 

system. Visual Studio and Python compilers are discussed in detail in this chapter.  

Chapter 4 introduces the essential vital sign parameters used in the AI-1 model's development. 

The proposed Fuzzy-based fall risk prediction system (AI-1 model) is described in detail. This 

chapter discusses the rationale behind the proposed approach's core components, including 

parameter selection, vital sign-based fall prediction model design, fuzzy rule generation, 

membership function, and rule weighting. The chapter also focuses on the data gathering and 

evaluation of the AI-1 model. The Morse falls scale (MFS) is utilized as the ground truth to 

validate the fuzzy-based fall risk model, and the findings are compared with three publicly 

available sources. From a performance perspective, the chapter focuses on the construction, 

testing, and assessment of the AI-1 Model for predicting future falls in older adults.  

Chapter 5 introduces the essential behaviour parameters used in the AI-2 model's development. 

The suggested DBN-based fall risk prediction system (AI-2 model) is described in detail. This 

chapter discusses the rationale behind the proposed approach's core components, including 

parameter selection, ADL-based fall prediction model design, and a 3-stage fall risk prediction 

system. The chapter also focuses on the data gathering and evaluation of the AI-2 model. The 

Morse falls scale (MFS) and Timed up and Go (TUG) are utilized as the ground truth for the 

validation of the DBN-based fall risk model, and the findings are compared with existing works. 

From a performance perspective, the chapter focuses on the construction, testing, and 

assessment of an AI-2 model for forecasting future falls in older adults.  
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Chapter 6 presents the network modelling of the novel Co-operative AI-based fall risk 

prediction model. The comparator analysis is presented along with its subcategories, and a 

summary of the fully developed system is discussed in depth. This chapter also discusses the 

data collection mechanism and how the final model is evaluated using ground truth. A 

comparison between the current and existing work is highlighted.  

Chapter 7 summarises the research work, and addresses some of the limitations faced during the 

model development. A description of the solutions to overcome this limitation has been 

discussed in this chapter and finally concludes with the advancements in Transfer learning 

which highlights the future work. A detailed connection between the chapters is elaborated in 

Figure 1.5.  

1.8. Conclusion 

This chapter provides a diverse associated introduction describing the risk of falls for the aging 

population, paying particular attention to how injuries from falls are multifaceted problems that 

are magnified within the healthcare system. The issues related to fall prevention and the need 

for more coordinated efforts to reduce them are pointed out in this chapter. One of these efforts 

is predicting falls, which is useful for exploring ways to avert them. This chapter has built the 

case for seeking a predictive model for identifying future fall risk. This study also strives to 

consider these shifts in the level of falls and devise for the elderly an appropriate data-based 

advanced method of prediction. The application of AI and IoT in healthcare was also discussed. 

Moreover, the chapter describes the research gap, research questions, research aims, and 

research objectives, which will navigate toward designing an accurate fall prediction model in 

this study. The novelty of this study has also been discussed, and justifications are provided on 

how it is distinct from other fall prediction methods. The chapter concludes by detailing the 

research scope and thesis organization. 
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Chapter 2. Literature Review 

2.1 Introduction 

The absence of real-time tracking, monitoring, and data transmission exacerbates the challenges 

of managing fall risk in older adults in healthcare settings [37]. In many research based on Fall 

detection and prediction, it has been identified that the developed model or the background of 

research lacks one of the following criteria that was discussed in Section 1.5, Chapter 1 under 

research gap in which,  

• Certain developed models lack the ability to save numerous user histories. 

• In some circumstances, pre-trained models are limited to a static dataset, making them 

ineffective for tracking dynamic changes or producing outputs depending on changing 

data. 

• Most Deep Learning approaches used in fall prediction models are black-boxed, difficult 

to interpret, and uncontrollable. 

These difficulties necessitate creative approaches to the organization of healthcare monitoring 

systems, which must be able to function with limited resources, such as system performance, 

and respond dynamically to the occurrence of falls. Thus, this chapter aims to conduct a 

comprehensive literature review to clarify the key aspects of developing a flexible and 

uncontrollable monitoring system for fall prediction and prevention. This section intends to 

elaborate on cutting-edge technologies, including AI and sensor-based predictive models, IoT 

devices, wearable and non-wearable technologies, data mining, and real-time analytical 

processes for the rapidly evolving environment. The focus of this literature review is mainly on 

methodologies used in fall prediction, as well as assumptions based on motion detection, 

machine learning, deep learning, and other rule-based systems. Multifaceted approaches to fall 

prediction and risk factor detection that are challenging when used by the elderly are also 

highlighted. Furthermore, the performance of AI-IoT-based models is compared to typical, non-

AI models to illustrate that the AI-integrated systems offer improved performance, accuracy, 

and effectiveness compared to the non-AI methods.  Hence, from the Literature analysis, it can 

be determined that ML and AI can detect and predict elderly falls with good accuracy. 

2.2 Categories of Falls in the Elderly 

Different categories of falls result in various types of injuries in older adults, for instance, a 

backward fall or a slip may cause a more severe injury than a forward fall or a trip. [38]. Future 

falls could be avoided with a good understanding of the different kinds of falls and by 

continuously monitoring the activities of older adults. Fall risk factors are generally categorized 



 

15 

 

into Intrinsic, which is person-specific, and Extrinsic, which is based on environmental factors 

[39]. From [40], the intrinsic risk factors are individual-specific and include patient features, 

comorbidities, and medication management difficulties. Intrinsic factors associated with an 

elevated risk of falls are classified into four states, namely, mental status, mobility, urinary 

problems, and common factors such as exhaustion and a history of falls. Extrinsic risk factors 

include environmental considerations (building design, flooring quality, and lighting), 

Organizational and personnel issues (shift changes and communication problems), and 

Socioeconomic factors (social engagement and health status) [40]. Figure 2.1 elaborates on the 

two main categories of risk factors leading to falls in older adults.  

 

Figure 2.1: Risk Factors of Fall. 

Fall prediction research in [41] uses approaches such as predictive and prescriptive analytics in 

wearable sensors, home environments, IoT, computer vision, AI, machine learning, video 

monitoring, exergames, alarm technology, and so on. Using efficient and reliable technology, 

particularly in the living context, has the potential to allow older adults to maintain their 

independence while participating in clinically supervised measures, particularly in predicting a 

fall. The progress of advanced technology in healthcare needs outlined in [42] represents a 

genuine collaborative work among engineers, healthcare professionals, and administrators in 

identifying the cause of a fall in an individual and what treatments can significantly impact the 

results.  

Fall Prediction and Prevention in Older Adults can be broadly classified into four categories 

based on their nature and actions in real-time. Health-based monitoring, Behavioural-based 

monitoring, Posture-based, and Emotion-based monitoring help in predicting a future fall. Since 

each monitoring category has its sub-classifications and functions, internally, all are interlinked 
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with each other and provide the best results in Fall Prediction. The classification in Figure 2.2 

compares research on fall prediction and prevention with and without AI. As this study focuses 

on Elderly Fall Prediction with AI and IoT, numerous healthcare-related AI-IoT developments 

and benefits are discussed and compared with research efforts that do not employ AI. 

 

Figure 2.2: Fall Prediction and Prevention Classification. 

2.3 Health-Based Analysis 

 

Figure 2.3: Health-Based Analysis for Fall Prediction and Prevention in Older Adults. 

Individuals frequently track health-related information using wearable technology, as shown in 

[43]. They enable continuous monitoring of critical body parameters such as blood pressure, 

heart rate, electrocardiogram (ECG) signals, body temperature, oxygen saturation of the blood 
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(𝑆𝑝𝑂2), blood glucose level, and other critical physiological measurements. Wearable sensors 

are extremely crucial in healthcare for the elderly, enabling immediate feedback regarding a 

person's condition, which is beneficial for early detection of threats to their health. One of the 

significant advantages of wearable sensors is their low power, miniaturization, and low cost. As 

they are light in weight and have minimal or no visibility, they can be worn every day without 

any discomfort. As they are low power, they can be worn for long periods and are therefore 

appropriate for long-term monitoring and continuous data logging. 

The health-based analysis is further divided into three main categories, such as Body-worn 

sensors, Health monitoring systems, and Exercise Programs, which examine numerous research 

and real-time initiatives in fall prevention. Body-worn sensors capture real-time physiological 

information by directly measuring physiology. Healthcare monitoring systems incorporate 

wearable devices and cloud analytics or artificial intelligence analytics to identify patterns and 

anomalies and utilize them for improving disease management and prevention. Concurrently, 

exercise programs make use of wearable sensors to track movement patterns, posture, and 

activity levels, and play a significant role in rehabilitation and preventing falls in older adults. In 

order to compare more effectively the impact of monitoring technology on elder care, an 

additional cluster analysis was conducted, bifurcating individuals according to monitored health 

measurement and activity category. The cluster analysis performed derived from the health 

monitoring of the elderly is shown in Figure 2.3 which indicates, a veritable trove of 

information used to develop target health monitoring plans for enhancing fall prevention 

planning, as well as overall wellness for older individuals. 

2.3.1  Body-Worn Sensors 

Using Sensors, IoT, and Hardware: One of the most common methods for obtaining motion 

data is through an Inertial Measurement Unit (IMU), which employs two or more sensors to 

predict, detect, and measure the activity of the body through a wearable device. Normally, the 

accelerometer, gyroscope, magnetometer, barometer, and many other sensors defined in [44] 

fall under the IMU category and employ either threshold-based values or context to classify fall 

prevention problems. Even though the fall risk evaluation and intervention tools are meant to 

identify and reduce fall risk, they do not address sudden falls. The model in [45] employs a 

wearable airbag that expands once when the older adult experiences a pre-impact fall. The 

technology is particularly beneficial for older adults who are susceptible to bone fractures from 

falls, resulting in hip fracture, which significantly affects mobility and quality of life. 

Threshold-based algorithms are employed, which analyze data obtained in real time from 

natural activity to differentiate normal motion and fall-like motions. The pre-impact fall 

detection algorithm detects the start of a fall (i.e., loss of balance, downward acceleration, and 

abnormal posture transitions) before impact. In the event that a fall path is determined, the 
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system will activate the airbag inflation system to inflate the airbag in milliseconds to cushion 

the body and minimize the impact forces. This first intervention enhances fall protection 

through a lessening of the impact of injury before the ground effect. Threshold-based systems 

are suitable for real-time fall detection but may be restrictive in flexibility and accuracy. They 

employ pre-determined acceleration and angular velocity thresholds that are unlikely to detect 

body motion change, other falls, or environmental change.  

Advanced technologies, such as machine learning-based fall-detecting algorithms, could 

potentially enhance the pre-impact fall prediction sensitivity using learning from high-density 

movement patterns and activity profile-dependent adaptive updates of the thresholds. Overall, 

the wearable airbag system is a new-generation elderly fall prevention system that combines 

real-time motion monitoring and quick response protection to reduce the likelihood of serious 

injury. In [26], an elderly fall monitoring IMU sensor for spectacles was developed to prevent 

and detect falls. The model employs an accelerometer and a gyroscope to monitor falls, and 

through the user's head movement, the fall can be predicted or identified; therefore, if a fall is 

identified, an alarm is activated to alert the environment. The model employs a threshold-based 

algorithm, and forecasts fall with 95.44% accuracy. Furthermore, by employing AI, the fall 

prediction mechanism can be implemented. 

Using AI and ML: Recently, ML algorithms appear to be an improved option for accurate fall 

prediction as mentioned in [46], thus preventing future disasters when compared to threshold-

based systems. These health-related data statistics are obtained using ML algorithms and IoT 

applications, as described in [47]. The statistical data can be used by the caretaker, physician, or 

family to monitor the health of the older adult, and early fall prevention treatment can also be 

provided. An in-house intelligent patient monitoring system was constructed in [48], which 

collects important data from sensors and uses Extreme Gradient Boosting- Convolutional 

Neural Networks (XGBoost-CNN) algorithms to categorize irregularities as low, medium, or 

high risk of falls. This ML classifier attained an accuracy level of approximately 98%. More 

research is being conducted on context-sensitive systems and wearable devices for post-fall 

detection to seek immediate assistance, but due to the emergence of AI as stated in [49], the 

focus has shifted to fall prediction and prevention approaches that are dependent on fall 

interventions and risk assessments. Wearable devices, IoT-based smart homes, and AI-enhanced 

rehabilitation programs are integrating into these predictive systems, ensuring that fall 

prevention is not merely reactive but also proactive and dynamic. Briefly, while post-fall 

detection is an important aspect of geriatric care, the evolution of AI technologies has propelled 

research into fall prediction and prevention strategies. The AI-driven approaches are focused on 

early risk detection, real-time intervention, and adaptive monitoring, a paradigm shift in fall 

management among the elderly. Another AI-based fall prevention method termed the hybrid 

deep neural network with Long Short Term Memory (LSTM) architecture, was proposed in [50] 
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and leverages public datasets to identify pre-impact falls. The method identified True Positive 

(TP), False Negative (FN), True Negative (TN), and False Positive (FP) and provided realistic 

results with 93% sensitivity and 94% specificity in detecting true pre-impact falls. 

2.3.2  Health Monitoring Systems 

Using Sensors, IoT, and Hardware: A fall recognition system was developed in [51], employing 

smart sensors with accelerometers that interact with an Android application (smartphone) over 

Bluetooth (BT). This wearable sensor monitors heartbeats per minute and has a threshold below 

45 and above 120 beats. If the beat range falls below or rises above the pre-set value for more 

than one minute, the caretaker receives an alert about the irregularity. The hardware device 

arrangement was built around the Atmega 328p microcontroller. The threshold-based method 

achieves an accuracy of 97.6%. Older adults with impairments face more obstacles to taking 

care of their health. They must be observed every second and must be given special attention. A 

smart automobile system was developed in [52] specifically for the elderly with disabilities, 

which includes body temperature and heart rate measurement metrics. Sensor technology is 

utilized to record health factors such as temperature, blood pressure, and heart rate, which are 

then processed using Arduino. It alerts the caretaker by text message when an indicator goes 

below the threshold level or if a fall or irregularity is observed. In [53], a tailored health 

monitoring system was developed that uses pulse, gas, and temperature sensors to examine the 

elderly's health as well as to detect 𝐶𝑂, 𝐶𝑂2, and humidity in the room. The acquired data is 

routed to the Espressif32 (ESP32) hardware board, which transmits data to the care unit over 

Wi-Fi using a web platform and User Interface. The developed model was evaluated in real-

time and achieved a success rate of 95%. 

Using AI and ML: In [54], a fall occurrence-based detection method was created that uses both 

threshold-based and ML approaches to record falls and estimate their direction. Using a tri-axial 

accelerometer that detects motion along the x, y, and z axes, the device tracks six categories of 

falls: walking, standing, sitting, ascending/descending stairs, lying on a bed, and jumping. The 

obtained data is then processed using these two fall detection methods to precisely determine 

the fall direction and develop a suitable response strategy. The outcomes of this developed 

algorithm are 99.83% sensitivity, 98.44% specificity, and 99.19% accuracy. Similarly, in [55], 

an efficient healthcare monitoring system was developed that includes IoT body sensor 

networks, data pre-processing, data classification, and a remote health monitoring database. The 

data was classified and processed to the monitoring care system using a neural network model 

to evaluate the older adult's health and identify abnormal changes that could result in falls, and 

the proposed model achieved a 95% accuracy rate. Fuzzy logic can be used to process and 

monitor health-related parameters such as blood pressure, pulse rate, and kidney function. A 

Fuzzy Inference System (FIS) was developed in [56] that uses input data and fuzzy set rules to 
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perform risk analysis based on health risk variables, resulting in an 83% prediction rate for 

health abnormalities. 

2.3.3  Exercise Programs 

Training programs using Sensors and IoT: Fall prevention measures described in [57] are used 

in hospitals and residential homes and include elderly monitoring technologies, alarms in 

elderly accommodation, location and identification tracking, safety and precaution procedures, 

and elderly and family education. According to [58], the National Database of Nursing Quality 

Indicators (NDNQI) conducted a survey in 2017 that included an average of 80 hospitals and 

care homes, as well as 60 manager nurses. The poll focused on vision and recognition, bed 

adjustment, ongoing elderly monitoring, subject protection, and education. According to the 

results of the study and data acquired by older adults, the most desired techniques indicated by 

participants were restructuring (70%), constant monitoring (68%), and fitness programs (60%). 

The research in [5] identified critical interventions, particularly clinical tests, and risk reduction 

variables, along with exercise programs incorporating balancing exercises, that are required for 

the elderly to adopt new behaviours. Older Adults will be encouraged to take part in fall 

prevention programs with the help of family and friends, as well as personal assistance from a 

health care provider. The most effective method of fall prevention is through exercise programs, 

which can reduce falls by up to 24%. Additionally, completing standing activities can result in a 

steady balance, which can reduce falls. A cost-effective analysis was carried out in [59] to 

investigate community-related fall interventions that are effective, flexible, and create positive 

results. According to these criteria, three exercise programs were chosen: the Otago Exercise 

Programme, Tai Chi - Moving for Better Balance, and Stepping On. The Otago program focuses 

on individual muscle strengthening and balancing exercises, while the Tai Chi approach focuses 

on warm-up and cool-down intervals, and stepping on is linked to pharmaceutical and 

behavioural programs that use hip protectors. The study emphasizes community-based 

intervention to prevent falls in older adults with a focus on multidimensional exercise programs 

that have physical as well as a cognitive benefit. Individualized strengthening of muscles is the 

basis of the Otago Exercise Programme, balance, and fluent movement become the hub of Tai 

Chi, and behaviour and medical strategies are included as the base of Stepping On to enhance 

the prevention of falls. From a cost-effectiveness point of view, the interventions are cost-saving 

in the long term by reducing hospitalizations for falls, saving healthcare expenditures, and 

improving overall quality of life. The findings support that a combination of structured physical 

activity, medication review, and behavioural training is the most comprehensive approach to fall 

prevention in the elderly. Therefore, the implementation of such programs within community 

settings, senior centres, and home care can be key in reducing fall rates and enabling elderly 

independence. 
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Using AI and ML: To avoid falls and become independent, fall prevention exercises and 

physical criteria development are promoted, with a focus on balance and support training. With 

the advanced development of modern technologies, it is expected that wireless and cloud 

computing will help older adults live better lives, particularly in terms of health monitoring and 

assessment. An IoT-based intelligent health system (IIHS) using smart devices was set up in 

[60] by combining IoT, fog computing, and AI to improve health monitoring systems, strategic 

planning, and forecasting. IIHS allows older adults to work on fall prevention and safety 

exercises and strengthen their balancing abilities to achieve ongoing health improvement. The 

findings indicated that older adults gained more confidence, security, and independence after 

utilizing balance boards. The ML can be effectively employed to train the proposed IIHS and 

improve performance in determining the ideal posture during exercise. Fuzzy expert systems 

(FES) are one type of computer-based technology that facilitates medical decision-making. 

FESs have proven to be quite effective for medical diagnosis, as they are based on quantitative 

analysis and qualitative evaluation of medical data, resulting in accurate results. 

Discussion: The wearable sensor-based system, which uses body-worn sensors to measure 

health indicators for analysis of personal health and everyday activities, is the most desired 

health monitoring technology. Even though it is an effective technique for gathering health-

related data, wearing it all the time is one of the most difficult challenges. There are numerous 

fall prevention programs for the elderly, including home-based training, food feedback, fall 

prevention tests, behaviour guidelines, fall-avoidance counselling, alarms, and development 

programs [61]. Out of these, multi-factorial fall prediction and prevention programs for the 

elderly appear to provide good results and are the best option for fall prediction and prevention. 

Several trials noted in [62] involve workbooks or films, conversations, and goal setting but did 

not result in improved fall prevention results. However, combining all these health programs 

utilizing AI may be a beneficial activity for the elderly to live a balanced life with constant 

monitoring, which can help predict and prevent falls.  

2.4 Behaviour-Based Analysis 

Several countries, including the United Kingdom, the United States, and Germany, are more 

interested in structuring new approaches and software for in-person homes, as the majority of 

them suffer from health issues and solitary deaths [63]. To resolve the issue raised in [64], a 

variety of approaches are used to intelligently recognize resident (older adults living alone) 

activities. Considering that over 30% of the elderly are digitally ignorant, and due to chronic 

conditions, such as dementia, computer vision-based approaches were used to monitor the 

occupant's behaviour. The well-known IoT systems are smart homes, that are equipped with 

several devices and sensors to track the home environment. The advancements vary depending 

from simple and low-cost devices such as infrared (IR) and sensors to complicated technologies 
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such as Wi-Fi, RADAR (Radio Detection and Ranging), RFID, and Bluetooth Low-Energy 

(BLE) [65]. Computer vision-based behaviour recognition is widely employed in elderly 

monitoring, and it can be divided into three categories: 3-D, 2-D, and specific shape models, as 

described in [66]. In the predictive analysis and behaviour recognition, ADLs can be defined as 

the developed understanding of sensor information under situations that can be analyzed to 

predict behaviour patterns. 

The behavioural abnormalities can initially be identified and analyzed by creating a baseline of 

normal behaviour patterns. This involves connecting ADLs and other routine activities to the 

system, which enables the detection of variations that may signal abnormal behaviour. It is also 

vital to keep track of any deviations from behavioural designs, as this can indicate that the 

elderly are at risk of falling or experiencing another unsafe event. Behavioural-based analysis 

can be divided into three categories: Computer Vision, Human Activity Recognition (HAR), 

and Activities for Daily Living (ADLs). Figure 2.4 shows the classification of behavioural 

monitoring in older adults.  

 

Figure 2.4: Behavioural-Based Analysis in Elderly Fall Prevention [67]. 

2.4.1  Computer Vision 

Using Sensors, IoT, and Hardware: Illustration, segmentation, and recognition of human 

movement involving hand and body gestures as well as facial expressions are the foundations of 

vision-based approaches. As a result, computer vision investigates a variety of methods in both 

spatial and temporal dimensions. To prevent and identify falls in older individuals, a context-

aware representative model that tracks the behaviour of elderly people living alone was 

presented in [68]. Four agent groups are included in the created system for distinct duties. The 

first group is in charge of gathering data on the activities (behaviour) of the older adults, the 

second group interprets the data; the third group assesses the behaviour ability and notifies the 
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elderly; and the last group looks for anomalies and takes emergency action. This model can 

effectively distinguish between a disabled person and a healthy person; however, the four agent 

groups employ various algorithms, which produces disappointing results. Only the Region of 

Interest (ROI) surrounding the topic is detected by the holistic or image-based representation; in 

contrast, an example-based embedding method that employs Euclidean embedding spaces and 

concentrates on the visual elements was proposed in [69], which uses Euclidean embedding 

spaces and focuses on the visual components. Ten actions are used to compute the distance of 

the acquired image, and 93.6% of the photos are successfully recognized using clustered 

sequences. 

Using ML and AI: A study conducted in [70] to classify the categories of falls in the elderly 

using smartphones and an accelerometer belt worn by 15 subjects. 4 different categories of falls, 

such as left fall, right lateral, forward trips, and backward slips were validated through the x, y, 

and z-axis of the accelerometer and the belt on 3 directions (up, left, and backward). Five 

machine learning classifiers were used, and the comparison results show that the Support 

Vector Machine (SVM) and Logistic Regression classifiers predicted the fall type with 99% 

accuracy. One disadvantage of this study was that smartphones were used in a stable position 

but this work on data collection and fall classification can be extended for prediction of future 

falls through continuous analysis and monitoring. A Sphere (SPH) monitoring-based approach 

was developed in [71] using deep learning and sound recognition to identify serious emergency 

incidents in residential care. The occupant behaviour was monitored, and the emergency sounds 

were classified based on CNN, LSTM, and DL models. Based on sound patterns, the DL-based 

sound recognition model recognizes a person's behaviour, classifies them for prompt action, and 

notifies the environment through calls, alerts, or alarms (severe emergencies or death). In real-

time, the model generated results with an average precision (accuracy) of 90.8%. Even while 

health and behaviour-based monitoring of the elderly has advanced significantly, some 

researchers concentrate on combining the two methods. Given that behaviour and health are the 

two most crucial factors that can be used to identify an individual's initial irregularity, it's also 

critical to concentrate on combining the two approaches in order to broaden the scope of 

monitoring older adults.  

To examine the vital signs and biological and behavioural changes of an older adult a health 

monitoring system was proposed in [72] which works on the combination of wearable sensors 

and online context to evaluate the older adult’s health function and to provide accurate 

monitoring methods for fall prediction. A wearable sensor-based health monitoring system 

coupled with context-aware analytics is a breakthrough in fall prediction. Merging real-time 

physiological information with external environmental and behavioural information, the system 

offers an integrative means of elderly health assessment. Using AI-driven personalization to 

improve prediction models, improving sensor accuracy, and further enhancing remote 
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healthcare capabilities are some research directions that could be pursued in the future to 

empower older adults with proactive fall prevention. In order to prevent fall injuries, a Fall 

Management System (FMS) that emphasizes learning cycles was put into place [73]. This 

strategy seeks to create an intelligent environment that will help older people act better by 

helping them recognize fall hazards and reduce their likelihood of falling. Four modules make 

up the developed FMS:  

• Preparation, Training, and Learning, which deals with fall information.  

• Sensor Systems, which gather information through body movements, visual detection 

(video, infrared, motion detection), and gait balance.  

• Analysis and Machine Learning.  

• System, feedback, which offers recommendations and feedback based on the analysis. 

The combination of training, movement tracking in real-time, and prediction of risk through 

artificial intelligence makes it a stronger force for reducing falls and creating safer habits in the 

elderly. By employing continuous learning and adaptive interventions, the system not only 

recognizes impending falls but also helps individuals alter their behaviour to avert them. Future 

technologies can include further refining AI models for increased accuracy, improving sensor 

performance, and integrating the system into a home and wearables automation technologies to 

further enable fall prevention. In [74], a Fuzzy logic-based adaptable autonomy (FLAA) model 

was deployed in a self-operating elderly movement monitoring (AEMM-Care) system, which 

monitors the movements of the elderly through sensory data and position coordinates. Eleven 

fall posture groups were categorized, and the fall risk was determined using fuzzy logic. The 

success percentage of this created model in preventing falls is 64.07%. Based on machine 

vision, 2D and 3D body model patterns were also created in [75] .  A 2D model that achieves 

100% accuracy is used to record behavioural recognition techniques, while a 3D model is used 

to estimate motion capture. According to [68], a supervised system often makes use of a camera, 

which requires pre-training in the form of datasets with image sequences and human 

behaviours. The SVM classifier then uses the acquired images to make predictions. The IR 

sensor or IR cameras are also used for recognizing human activities which calculate the 

captured data from a distance and compares that data using the meta-classifier which recognizes 

the action with an accuracy of 84.36%.  

2.4.2  Human Activity Recognition 

Using Sensors, IoT, and Hardware: With many older adults striving to maintain their 

independence, a smart home-based solution would be most adapted to relieve human health 

services and offer constant awareness of the risk of falling [76]. Activity recognition is a key 

criterion for identifying actions based on older adult's behaviour. Its goal is to analyze the event 
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sequence in human activity, as well as to assist in the prediction and monitoring of repeating 

models to get further information. Significant activity identification is important in self-

managed healthcare because it serves as a foundation for predicting subjects' behaviour and 

decision-making skills. Activity recognition is possible with basic dual sensors. As detailed in 

[77], changes in sensor monitoring occur as the user walks around indoors and uses specific 

spaces and/or gadgets. The wearable sensors are affixed to the older adult as in [78], and the 

data is gathered and processed by integrating devices that transfer the data to the communication 

protocol to calculate the risk of falls. In [79], a health and human activity monitoring system 

was developed that uses acceleration activity, wireless ECG, Global Positioning System (GPS), 

and a temperature sensor placed on the elderly body. The details are collected and transmitted to 

a medical database using built-in algorithms, which are then analyzed by the caretaker to track 

behavioural patterns. 

Using ML and AI: The Hidden Markov Model and the Conditional Random Field are the two 

most used models for activity recognition, both of which involve wearable or perception-based 

sensors on users. A HAR system described in [80] can be either supervised, which requires prior 

training with specialized datasets, or unsupervised, which operates on a set of rules during the 

building process. The HAR system often employs machine learning methods to create 

behavioural patterns for data identification and analysis. Future advancement of HAR systems 

should emphasize hybrid solutions that use supervised pre-training and unsupervised adaptation 

to improve accuracy and versatility. Additional integration of edge computing, real-time 

processing, and advanced deep learning models can make it possible to improve HAR system 

performance for enhanced usability in health monitoring, geriatric care, and fall prevention. In 

[81], the training sets are given as input (human activities) and compared to the gathered data. 

The Waikato Environment for Knowledge Analysis (WEKA) is a good ML tool for HAR 

models, as it includes a variety of learning algorithms that analyze the data using cross-

validation and random split. The kinetic sensors in [82] use an infrared projector and a camera 

capable of detecting 20 joints in the human body for activity classification. The kinetic skeletal 

tracking coordinates use pixels in body parts to detect human behaviour and track facial 

movements to anticipate elderly activities, therefore a Linear Deformable Model was developed 

that uses alignment points to track elderly activity with an accuracy of 74.7%. 

2.4.3  Activities for Daily Living (ADLs) 

Using Sensors, IoT, and Hardware: In the majority of elderly in-home monitoring cases [83], 

abnormal activities that disrupt the established sequence of events can be identified as harmful. 

This can be caused by taking too long to finish an ADL, switching patterns in an ADL, missing 

a step, or forgetting about the main ADLs. Possible falls are detected using a mathematical 

formula that connects heart rate and foot pressure to ADLs. In [84], a Peder system was 
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developed that measures the load between shoe and foot using operating modes predicts 

potential falls, and alerts the elderly depending on daily activities. The three typical daily 

activities of the elderly (living alone), such as urination, physical hygiene, and kitchen labour, 

were monitored continuously, even at night, using non-contact sensor systems and water flow 

sensors linked to the water pipe. The monitoring system in [23] included RFID tags, an infrared 

motion sensor, and a computer with an RFID reader connected to the attached sensor. 

Depending on water usage and motion detection, the physical health of the elderly is 

recognized, and the data is predicted and shared with a local nursing facility. 

Using ML and AI: IoT combined with (AI) presents a significant pattern that recognizes human 

control and investigates the causes of human habits. According to the research in [85], Deep 

Convolutional networks are the best fit for feature extraction, so a general deep framework 

activity recognition based on LSTM and convolutional methods was proposed, which extracts 

human activity and improves itself by 15% when combined with wearable sensors. Fall activity 

can be tracked using sensing devices in smartphones equipped with accelerometers, 

magnetometers, and gyroscopes, which forecast falls using a threshold-based algorithm with an 

85% accuracy. The quality and quantity of sleep can also determine the behaviour of older 

adults. In [86], a simple environment was developed that uses a Passive Infrared (PIR) sensor 

and a highly sensitive accelerometer on the bed; data is collected based on sleep-wake 

conditions, and their sleep quality is assessed using a multilayer feed-forward neural network, 

which produces an accurate fall prediction of 94.2%. A simple sensor-based ADL model was 

created in [87], which collects data from sensors placed under armchairs and/or beds to evaluate 

older people's activity and then highlights abnormal occurrences during the day or night.  

The patient's activity is processed by a light algorithm, and the results are kept locally on the 

device. The sensor system transmits the data over a Bluetooth (BT) wireless link to a 

smartphone running a specific application. This created technology predicts potential falls based 

on ADL and sitting posture with 70% accuracy and informs the elderly through smartphones. In 

[88], multiple AI strategies are examined to spontaneously identify between various types of 

falls and ADLs, and 22 distinct AI-based classification algorithms under a fivefold cross-

validation learning policy are used to characterize which method is more suited for this set of 

data. The binary results show that the ensemble-based approach and K-Nearest Neighbours 

(KNN) have the highest grading accuracy at 86.0%. 

Discussion: Security cameras are an effective way to continuously monitor geriatric behaviour, 

but they cannot foresee emergency scenarios and have privacy concerns. Passive devices are 

commonly employed to collect behavioural data through changes in sensor monitoring in 

response to activities and abnormal events. Behavioural monitoring can be based on the 

elderly's behaviours, movements, or unusual changes. 2D, 3D, and skeleton modelling can 
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predict superior behaviour statistics with face recognition, while the full body and alignment 

posture are still being developed. AI may be a superior option for predicting geriatric behaviour 

and preventing falls. When combined with Radio Detection and Ranging (RADAR), 2D, 3D, or 

skeletal modelling, the system learns about its environment, including ageing features, and 

continuously improves itself for better results. There are more AI-based analyses that utilize 

behaviour models, but just a few are deployed in real-time, and most of the developed models 

are only evaluated in labs or on younger people. 

2.5 Posture-Based Analysis 

 

Figure 2.5: Posture-Based Analysis Classification. 

A fall while walking creates a major risk to individuals, particularly to older adults [89]. While 

there are numerous methods for tracking behaviour and health, postural-based monitoring is 

also a crucial component to take into account. According to [90], the primary daily living 

activity for older adults with impaired postural balance - the primary cause of future and near 

falls is controlling and managing their balance. By utilizing self-initiated corrective body 

movements in response to gravity, the static posturography mentioned in [91] can assist in 

achieving balance while walking, standing, or sitting and avoid falls. Typically, the center of 

pressure movements is monitored by the force plates, while an elderly individual stands on a flat 

board and focuses on a fixed place during posturography testing. To detect postural sway, the 

test is conducted with both eyes open and closed. Additional extensions of the postural-based 

analysis include screening tools, gait and postural sway tests, and balance assessments. Figure 

2.5 shows a detailed analysis based on posture monitoring in older adults.  

2.5.1  Gait and Posture Sway 

Using Test Boards and Screening Tools: To distinguish between non-recurrent and recurrent 

fallers, a study based on Postural Sway and testing conditions was presented in [92]. Based on 
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their fall history, more than 150 older adults (65 and older) were divided into four groups. They 

were then asked to stand comfortably for 60 minutes in a comfortable position over the force-

measuring platform, with their eyes open and closed. The current state of the recurrent and non-

recurrent fallers was assessed using Logic Regression, and the center of pressure data was 

computed using both conventional and fractal metrics. With a 75% accuracy rate for Medi-

Lateral sway, it was determined that fallers are at a higher risk of falling. Elderly individuals 

with low fall efficacy (low self-confidence in performing everyday activities without falling) are 

more likely to fall and have poor postural balance, but this is even greater for people with strong 

fall efficacy (overconfidence). A review of the relationship between fall efficacy, postural 

balance, and fall risk was undertaken in [92] using the clinical trial subsidiary SAFE (Steps to 

Avoid Fall in Elderly), which consists of home-based programs. This study has indicated the 

necessity for multidisciplinary fall intervention programs that consist of physical, psychological, 

and environmental interventions. New advances with AI-powered monitoring, wearable sensing 

technology, and personalized rehabilitation strategies hold the key to more enhanced predictive 

and preventative capabilities against falling, along with increased mobility, safety, and quality 

of life for older individuals. 

A similar study in [93] included 247 volunteers (over the age of 65) who were evaluated over 9 

months using 14 Modified Fall Efficacy Scale (MFES) Questionnaires and a digital 

posturography using the Nintendo Wii Balance Board. The data obtained is measured on a scale 

from 0 (worst) to 12 (best), and from the research, it was discovered that the elderly with poor 

postural balance and high efficacy had a greater risk of falling than individuals with low fall 

efficacy. The data collected is measured on a scale of 0 (worst) to 12 (best), and the analysis 

revealed that the elderly with poor postural balance and high efficacy were more likely to fall 

than those with low fall efficacy. This is due to overconfidence, as the elderly may tend to walk 

quickly and perform all ADLs without taking any precautions, resulting in a higher fall risk. A 

fall risk assessment was built for caretakers to examine the gait parameters and other elements 

using clinical testing to prevent falls. In [94], a simple fall risk assessment system was designed 

to continuously monitor the elderly's risk of falling. The system that was developed uses a smart 

floor with pressure sensors to monitor gait metrics such as speed, stride length, and step breadth, 

and walking segments are recorded using skeletal visualization. The motion similarity technique 

is utilized to categorize the acquired data, and the walking segments are monitored using 

Microsoft Kinetic by the obtained skeletal information. The pressure data from the proposed 

model matches the pose data with 80% accuracy. 

Using ML and AI: ML approaches are frequently utilized in gait studies to assess fall risk 

categories. A study was undertaken in [95] to assess gait balance in the elderly, with 46 healthy 

volunteers. Wearing sports shoes and a safety harness, they all completed a walking trial at a 

steady but uneven speed. Each participant had an average of 8.9 trials out of 10, and the models 
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were evaluated using a deep-learning network. The walking behaviour was predicted with 

96.3% accuracy, which can be used for fall prevention and fall risk intervention approaches. In 

[96], a robust posture detection system was proposed, which detects human presence under 

various ambient stimuli and subsequently extracts posture-based information using Fuzzy 

Logic. The proposed model collects 62 image sequences from various situations and then uses 

Fuzzy Logic to extract human body features and classify posture based on the space between the 

camera and the subject. This created method can recognize the posture of an older adult with an 

accuracy of up to 74.29%. A machine learning-based floor-mounted pressure sensor system was 

devised in [97] to measure gait metrics and detect abnormal behaviour. The data is acquired 

using body-worn sensors and cameras, which are linked to the pressure sensor. A machine 

learning algorithm was utilized to predict fall risk and improve gait performance employing data 

acquired by the characteristic chart. Similarly, another gait monitoring model was built in [98] 

employing pressure monitoring floor sensors to gather walking data, and the acquired 

information is classified using a Support Vector Machine to predict deviation in walking 

patterns, with an accuracy of 92.96%. 

A Spatio-Temporal Graph Neural Network for Fall Prediction with Inertial Sensors was 

proposed in [99] which develops a novel approach to address the challenge of accurately 

predicting falls, which are highly variable events involving complex body poses and 

movements. Using wearable inertial sensors, the authors developed a Spatio-Temporal Graph 

Neural Network (ST-GNN) that models both spatial dependencies between body joints and 

temporal dynamics of motion, enabling more effective recognition of fall-related patterns. To 

further improve consistency, a human body orientation estimator focusing on lower-limb 

positioning was incorporated, ensuring a more accurate representation of global body posture. 

The model was evaluated on two benchmark datasets and one in-house dataset, where it 

significantly outperformed existing state-of-the-art methods, demonstrating its potential as a 

powerful and privacy-preserving solution for fall prediction in real-world applications. 

A similar study in [100] utilizes deep neural networks to predict human fall risk by analyzing 

balance patterns obtained from force-plate time series data. The research introduces a 

specialized architecture called the One-One-One Neural Network, which combines Recurrent 

Neural Networks (RNN), Long Short-Term Memory (LSTM) networks, and One-Dimensional 

Convolutional Neural Networks (1D-CNN). This hybrid approach is designed to effectively 

capture both temporal dependencies and spatial features present in the force-plate signals. The 

dataset includes participants from diverse age groups and health conditions, ensuring the broad 

applicability of the model. The results demonstrate outstanding performance, achieving an 

accuracy of 99.9% at the 12th training epoch, highlighting the model’s effectiveness in 

predicting fall risk based on balance metrics. Overall, the One-One-One Neural Network 

provides a robust and computationally efficient framework that outperforms traditional clinical 



 

30 

 

assessment tools in both accuracy and practicality, making it a promising solution for early 

detection and intervention in fall prevention. 

2.5.2  Balance Tests 

Balance Methodologies: A comprehensive study was conducted [101] using force-platform 

static posturography, and four different balance measures were detected between fallers and 

non-fallers. This study was classified more broadly in [102], with an emphasis on data 

collection utilizing anterior-posterior (AP) and medial-lateral pressure (center) among fallers, 

single-fallers, multi-fallers, and non-fallers. 100 participants aged 65 and older participated in 

this study, with 76 being non-fallers who had not fallen in the previous six months and the 

remaining 24 being fallers who had fallen more than once in the previous six months. The test 

was carried out with both eyes open and closed, and the results were acquired using the Wii 

Balance Board. It was discovered that the majority of subjects had a higher likelihood of falling 

in the AP range while their eyes were closed. Finally, the overall result indicates that there is a 

substantial risk of falling owing to visual input in the aged, particularly among multi-fallers in 

AP, with a cut-off score of 0.541 and an accuracy of 84.9%. The aging constraint described in 

[103] is based on lateral balance recovery information about the significant risk of falling owing 

to imbalanced stepping, which results in a fracture. To assess the danger of falling, cross-

sectional research on the elderly was carried out in [104], focussing on medial-lateral careful 

stepping performance, hip abduction, and trunk mobility trials. The study discovered novel 

predictor values associated with neuromusculoskeletal aspects that contribute to lateral balance 

stability. 

Using ML and AI: A 12-month extensive study on forward loss balancing and recovery was 

conducted in [105], which used lean magnitude to predict future falls. The participants (aged 65 

to 90) used the balance recovery protocol mechanism to obtain data on their whole-body 

kinematics. Based on the data collected, the individuals were classified as single, mixed, or 

multi-steppers after four recovery trials. The data from various balancing tests, such as TUG, 

Berg, and Personal Profile Analysis (PPA), was categorized using logistic regression analysis to 

determine independent predictors of future falls. The future fall was predicted for all 

participants based on these stabilizing steps carried out in repetition with advancing instability. 

2.5.3  Fall Risk Assessment Tools 

Questionnaire and Experiments: The fall risk screening questionnaire is crucial for detecting 

future falls in older adults. In [106], 1563 older persons were tracked for 11 months and 

completed 13 surveys, including a fall risk screening tool, Get Up and Go Test, Timed Up and 

Go Test, Berg Balance Scale, Performance Orientated Mobility Assessment, and Cognitive 

Testing. The collected data was analyzed to forecast sensitivity and specificity in fallers, and it 
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was discovered that independent-living older adults had a higher risk of fall history and future 

falls, yielding an accurate prediction record of more than 89.4%. The Four-Square Step Test 

(FSST) was conducted in [107] with solitary older adults over the age of 65 and the 

performance-based balance tool was utilized to precisely differentiate between non-fallers and 

multiple fallers. The FSST consists of four single-point cones to step over in a cross-

configuration, and it accurately recognized numerous fallers and non-fallers with an 86% 

predictive value. Despite the positive results, the FSST is not a useful approach for predicting 

and averting falls in older adults who use walkers. 

Using ML and AI: The introduction of low-cost motion sensors has resulted in greater 

breakthroughs in tracking gait variances. A two-part study conducted in [32] to predict fall risk 

using AI, involving 73 elderly care home patients over the age of 65. Participants (fallers and 

non-fallers) performed a 6-minute walk test and a Time Up and Go (TUG) test while wearing an 

IMU sensor over 6 months. The sensor data was trained with an AI (Deep learning) algorithm, 

and the TUG findings indicated an improvement in gait from 68 to 76%, with a fall prediction 

metric of 75%. In [104], a Fall Risk Assessment in Older Adults (FARAO) group research was 

carried out, collecting data on fall risk scenarios in the elderly through questionnaires, physical 

tests, and wearable sensors. The findings revealed that Deep Learning models employing single 

task learning strategies were more accurate in identifying participants. However, when paired 

with multi-task learning, the created models only moderately outperformed the baseline method, 

with deep learning models obtaining 75% performance. As a result, DL models, particularly 

multitask learning, successfully forecast fall risk using screening tools and wearable sensor data. 

Discussion: Doctors and nurses in Toronto retirement homes ensure that there is always a strong 

relationship between patient status and posture [108]. Using an intelligent system that can 

forecast a prospective fall, or a future fall based on hand and leg movement, sitting posture, 

walking or running pace, can effectively help the older adult be aware of their current condition 

and potentially adjust their postural status to avoid a fall. More AI research based on 

posturography should be conducted to benefit the senior population. 

2.6 Emotion-Based Analysis 

The risk of falling is substantial among the elderly who have neurological disorders, and 

individuals with indications of nervous system deficit, dementia, or a past stroke are at the 

highest risk of falling. According to surveys conducted throughout the world [109], based on 

emotion analysis in older adults, even those with minor emotional disorders fall at least three 

times per year, which is 13.2% greater than other fall-related categories. Resilient fear of falling 

leads to health difficulties as well as cognitive deficits, causing anxiety and emotional dread in 

the elderly [110]. The emotion-based analysis can be further zoomed into 4 main categories 
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namely: Stress and Depression, Emotional Intelligence (EI) and Adaptive Mechanism, fall-

related apprehension, and Medical Assessment and Interviews, which discuss various research 

and real-world projects on elderly fall prevention. Figure 2.6 depicts the classification of 

analyses based on emotion monitoring in the elderly. 

 

Figure 2.6: Emotion-Based Analysis on Elderly Fall Prevention. 

2.6.1  Depression and Stress 

Emotional Intelligence (EI) and Coping Strategies: A method indicated in [111] that could 

assist the elderly in overcoming their depressive state of mind through Emotional Intelligence, 

which is the ability to recognize, analyze, and transmit one's emotion with accuracy that is 

focused on the dimensions of attention, clarity, and repair. A meta-analysis of the relationship 

between depression and coping strategies was conducted in [112] based on previous depression 

disorder issues in older adults, and it was discovered that people with more depressive 

symptoms had more problem-oriented accidents (falls), while those who used coping strategies 

had fewer depressive symptoms. As a result, research suggests that coping methods can serve as 

a bridge between EI and depressed states. To assess EI and fall prevention techniques, 214 

healthy volunteers (over 60 years old with no indication of cognitive impairment or dementia) 

were recruited, and the study protocols were implemented [113]. A Trait Meta-Mood Scale 

(TMMS) was used to measure EI in three significant aspects: recognition of emotion, emotional 

clarity, repair, and order of emotion, with a scale of 1 (strongly disagree) to 5 (strongly agree), 

followed by a 42-item coping strategies questionnaire, and finally the Beck Hopelessness Scales 

(BHS), which reflects negative expectations. Using statistical analysis, including structural 

equation modelling, the collected data was grouped into three major aspects, and the results 

reveal that EI offers protection against poor mental health through coping techniques, which 

may avoid falls in the elderly with a 90% accuracy. 
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Using ML and AI: AI, IoT, and Big data analytics were utilized by Researchers to develop an 

emotion-aware fall monitoring system [114] that recognizes older adults' emotions using IoT 

sensors, cameras, RFID, and RADAR sensors implanted in smart houses. Wearable sensors, 

such as wristbands, smart watches, and waistbands, which contain a pedometer, accelerometer, 

magnetometer, and gyroscope, were used to collect data on the elderly's mobility, while a 

camera captured their facial expressions. All of the information is collected in the AI-enabled 

emotion identification module, which distinguishes five geriatric facial expressions (angry, sad, 

fearful, joyful, and neutral), and the emotional categories are classified using a CNN model. The 

results of the emotional shifts were instantly communicated to family members or carers, 

prompting them to seek assistance and monitor the elderly's health status; the developed model 

predicted emotional facial expressions with 81% accuracy. 

2.6.2  Anxiety and Fear of Falling 

The main health issue that affects the elderly is fear of falling, which has negative repercussions 

such as decreased social involvement, functional decline, lower life standards, and anxiety 

[115]. According to research on elderly falls  [116], approximately 15-55% of older adults limit 

their everyday activities due to their fear of falling. The relationship between fear of falling and 

a sudden fall is complex, and the majority of the elderly develop this anxiety after a fall. There 

are numerous explanations indicated in [117] for this fear of falling, with anxiety being one 

major factor. 

Medical Assessment and Interviews: A SOC-ER (selection, optimization, and compensation 

with emotion regulation) structural analysis in [118] suggests that cognitive-behavioural therapy 

treatment that trains the elderly in new ways of analyzing a situation can lower anxiety, perhaps 

preventing more falls. In [119], a wearable device model for detecting anxiety was developed, 

which employs computing technologies to continuously monitor and detect anxious periods. 

The Spontaneous Blink Rate (SBR) and Heart Rate (HR) are tracked using Google Glass and 

the Zephyr H x M Bluetooth band. To detect anxiety, the acquired data is evaluated with a 

threshold-based algorithm. FaceIt, a multimodal system based on cognitive behavioural 

treatment, was developed in [120] and incorporates heart detection, video and audio capture, 

GPS tracking, and a pulse sensor to detect anxiety through elevated heart rates. Logs based on 

daily mood aberrations are kept for anxiety reduction therapy. 

Using ML and AI: In [121], a cohort study was carried out with 500 elderly participants (aged 

70-90 years), and a detailed screening process was performed, including medical assessment 

(face-to-face interview and full body check-up), physiological assessment (fall-related factors), 

neuropsychological assessment (attention and trial tests), and fall follow-ups (fall history). The 

obtained data was analyzed using logistic regression, and the classification and regression tree 
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analysis predicted 40% physiological fall risk and 54% anxiety among participants. In [122], a 

research-based analysis accepted by the National Health Services (NHS) Research Ethics 

Committee conducted a community assessment with 117 elderly individuals (over 65 years). 

The study included four separate classifications: the Fall Efficacy Scale-International Standard 

(FES-I), a questionnaire based on fear of falling, difficulties with emotion regulation, and 

hospital and anxiety depression. The data collected and analyzed by the regression model 

revealed a convincing positive link between emotion control and fear of falling, with the system 

predicting an 89% correlation between the two. To avoid falls in the elderly, measures must be 

made that address both fall risk and physiological variables. 

Discussion: Several studies, research, and surveys focus on health, behaviour, and posture-

based geriatric analysis, but just a few include emotion monitoring. Preventing falls in the 

elderly is extremely difficult, particularly fall prevention using emotion monitoring, which is a 

rigorous research topic. There have been various analyses and programs conducted for emotion 

monitoring, but all they have provided are tips to the elderly on how to maintain their 

equilibrium when experiencing emotional fluctuations. AI-based emotion monitoring could be a 

useful option because it employs classifiers and continual training to predict and track the 

emotional state of the elderly in predicting and preventing future falls. Using Fuzzy Logic is a 

good option, and while it does not achieve the same level of accuracy as other methods, it can 

be improved through accurate data input, continuous training, and improvisation because Fuzzy 

Logic can categorize emotions from low to high levels. 

2.7 Analysis of AI-Based Smart Devices 

 

Figure 2.7: Classification of AI-Based Smart Devices. 
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In the domain of fall prediction and prevention, background studies reveal a consistent trend 

highlighting the pivotal role of smart devices in research, surveys, and practical applications. 

These devices are widely employed to collect data from older adults and to facilitate 

communication based on analytical outcomes for fall detection, prediction, and prevention. 

Their significance in healthcare, particularly in elderly fall-related contexts, is well recognized. 

Leveraging Machine Learning techniques, these smart devices enable IoT systems to learn from 

data, automate processes, and progressively enhance their performance over time. Figure 2.7 

depicts three types of smart devices: body-worn sensors, non-wearable monitoring devices, and 

screening tools. 

 

Figure 2.8: Cognitive Device Analytics. 

Body-worn sensors are attached to specific areas of the human body, such as the chest, ears, 

hands, wrists, legs, and thighs, and the acquired data is conveyed. Numerous studies have found 

that smart gadgets equipped with body-worn sensors produce results comparable to medical 

devices. This category includes IMU sensors, vital sign monitoring sensors, and other wearable 

devices like smartwatches, wristbands, bracelets, smart eyewear, and smart apparel. The 

research cited in [8, 19, 42, 47-49, 63, 64, 68, 74, 84, 90, 107, 122, 123] uses IMU sensors for 

geriatric fall detection and prediction. IMU sensors are used in about 40% of the studies covered 

in this analysis for data collection and communication, with the majority of these studies 

achieving accuracy levels above 80%. Vital sign monitoring sensors, such as blood pressure, 

heart rate, temperature, and Electromyography (EMG), as detailed in [15, 18, 44, 70, 92], are 

used in both AI and non-AI fall detection and prevention studies. Interestingly, non-AI-based 

technologies outperform their AI counterparts in terms of accuracy. Research in [59, 70, 71, 84, 

88, 96, 123] investigates the use of various body-worn sensors such as smartwatches, 

wristbands, and smart eyewear. These smart devices, which are renowned for their superior 

intelligence and ease of use, can react to situations by promptly warning and alerting the elderly 
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when they identify abnormalities. The utilization of research focused on these smart devices is 

expanding, and it is expected to grow more in the future. However, a significant disadvantage of 

body-worn sensors is that they must be worn continuously by older people, thereby raising the 

risk of falls. Furthermore, concerns such as data disconnection when charging or inappropriate 

wearing present difficulties. These issues can be addressed by adopting non-wearable 

monitoring devices. Figure 2.8 depicts an overview of the cognitive device analytics data 

collected from the smart devices addressed in this literature review.  

As discussed in [42, 68, 91, 93, 94, 97, 101, 105, 118, 122], camera systems, motion detectors, 

and infrared sensors can be positioned strategically to continually monitor the behaviour and 

gait patterns of the elderly. These devices collect large amounts of data, which can be retained 

for subsequent analysis and reference. Innovative technologies such as grasp bars, pressure 

mats, and force plates, as mentioned in [13, 23, 57, 65, 76, 106, 113, 116, 117, 119, 120, 122], 

allow sophisticated behaviour and gait monitoring by directly interacting with older adults 

during their daily activities. Some studies [16, 41, 46, 51, 52, 121] use gas, sound, and humidity 

sensors to investigate environmental factors that contribute to falls in older persons. While some 

of these systems are reasonably priced, others are less popular due to high costs and privacy 

concerns (particularly camera systems) [4]. More than two-thirds of falls among older adults are 

caused by posture, gait, or emotional states. Early detection of these factors can be 

accomplished using screening measures such as mobility evaluation, fall risk assessment, and 

emotional analysis, as mentioned in [32, 55, 77-81, 86, 104].  

 

Figure 2.9: Smart Devices Utilization Metrics. 

In-home monitoring applications use these screening measures as a foundation to analyze older 

adult’s physical and mental well-being. These technologies help to forecast future falls by 

assessing an aged person’s existing fall risk. Furthermore, these sophisticated tools are created 

as user-friendly apps that can be downloaded to smartphones, allowing older adults to self-
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assess their risk of falling. Based on the findings of the screening analysis, more sophisticated 

versions can even offer recommendations and guidance. Figure 2.9 shows an overview of the 

metrics for smart device utilization. Around 43% of research activity is based on non-wearable 

monitoring equipment for continuous data collection, with approximately 39% focussing on 

body-worn sensors for health monitoring. Posture and gait monitoring research employs 

screening tools (18%) for fall detection and prediction. Overall, these three types of AI-based 

smart devices are interconnected, and they play an important role in in-home monitoring 

systems and hospital settings for identifying fall hazards and predicting falls in older adults. 

2.8 Summary of Reviewed Systems and Methodologies 

The challenges, issues, and limitations of fall prevention are centered on the functions of 

deployment, adaptability, and profitability. Older Adults should learn to adapt to the developed 

models, and adequate flexibility must be implemented. Furthermore, it is unrealistic to expect 

older adults to always use smart devices to navigate the smart environment. It has been a critical 

issue in the data set to analyze the concerns before constructing the model. Deep Learning has 

improved significantly in terms of accuracy in domains such as behaviour, health, image 

identification, object detection, and other advanced technology. AI without human interaction is 

making headway in a variety of industries, although it remains under development for safety 

reasons. As AI learns from its surroundings and its behaviour through interaction with its 

environment, there are several factors to consider. When deploying aided robots for patient 

monitoring and fall prevention, judgment and identification based on these parameters 

combining AI and robotics may occasionally anticipate inaccurate results. In [124], an 

autonomous mobile assistant model was suggested that uses Deep Reinforcement Learning to 

interlink the nursing environment and patients, providing allocation, discharge summary, and 

fall monitoring; however, the model interrelated the details of inpatients and outpatients. Even 

though the model uses Deep Learning to identify its environment, it does not achieve a 100% 

recognition rate. However, after the risk extraction and reduction techniques are implemented, 

AI can be employed in any linked subject, including safety. Table 2.1 shows a comparison of 

health, behavior, posture, and emotion-based research analysis which was done using ML, AI 

and other methods based on similar elderly monitoring approaches.  

Table 2. 1: Fall Prevention comparison using AI, ML, and other methods. 

Category Fall Prevention with AI Fall Prevention without AI 

 Title ML Result 

(%) 
Title Technique 

Result 

(%) 

Health-

based 

Smart Home 

Technologies 

in Health 

Neural 

networks 
100 Health  

monitoring 

Arduino 

UNO 
90 
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Analysis Monitoring 

[18] 

System [52] 

Fall 

Classification 

[125] 

Logistic 

regression 

algorithm 

99 

Heart rate 

monitoring 

system [51] 

Threshold 

based 

algorithms 

97.6 

Pre-impact Fall 

prediction [50] 

Deep 

Neural 

Net- 

Works 

95 

Fall 

Monitoring 

Using 

Eyeglasses 

[126] 

Threshold 

based 
95.44 

In-house 

monitoring 

system [48] 

XGBoost-

CNN 
98 

Fall 

Prevention 

Practices [58] 

Exercise 

programs 
70 

Fall 

Characteristics 

Monitoring 

System [37] 

SVM 

Classifier 
99.19 

Fall 

Prevention 

survey [44] 

Questionnaire 75 

Health Care 

Monitoring 

System [54] 

Neural 

networks 
98 

Smart 

Healthcare 

Monitoring 

System [53] 

ESP32 

processor 
95 

Health Care 

Analysis [56] 

Fuzzy 

Logic 
83 

Pre-impact 

fall detection 

[45] 

Threshold 

based 

Method 

80 

Behavior- 

based 

Analysis 

Health and 

behavioral 

indicators in 

IoT! [72] 

Decision 

Tree 
99 

In-home 

Health 

Monitoring 

System [23] 

RFID 96.7 

Multi-agent 

system [74] 

Fuzzy 

logic 
64.07 

Remote-

behavioral 

Monitoring 

[77] 

Sensor 83 

Recognition 

Motion 

Analysis [75] 

ML 100 

Human 

Activity 

Surveillance 

[79] 

Built 

algorithm 
68 

Face Tracking 

with Camera 

[65] 

Linear 

model 
74.7 

A multi-agent 

care system 

[68] 

Context-

aware Agent 
60 

Sleep Quality 

Monitoring 

[86] 

Neural 

networks 
94.2 

Action 

recognition 

[69] 

Euclidean 

sequencing 
93.6 

Emotion-

based 

AI Driven Fall 

Monitoring 

[114] 

CNN 

algorithm 
81  

Emotional 

Intelligence 

[113] 

EI and 

Coping 

Strategies 

90 
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Analysis Physiological 

risk of falling 

[121] 

Regression 

Tree 

analysis 

94 
The Fear of   

Falling [115] 
Questionnaire 95 

Fear of Falling 

[56] 

Regression 

Model 
88.9 

Anxiety 

detection 

monitoring 

[119] 

Heart rate 72 

FaceIt [120] 

Cognitive 

Behavior 

Treatment 

89 

Posture-

based 

Analysis 

Differences in 

walking [95] 

Deep 

Neural 

Net- 

Works 

96.3 

Tools for 

predicting 

future fall 

[106] 

Fall risk test 

analysis 
89.4 

Posture 

Recognition 

[96] 

Fuzzy 

Logic 
74.3 

Fall risk 

prediction 

[102] 

Wii Balance 

Board 
84.9 

Anomaly 

Detection [98] 

Support 

Vector 

Machine 

92.7 
Four-square 

step test [107] 

Cross- 

Configuration 

below 

60 
Classification 

of ADLs [88] 

KNN 

classifier 
86 

2.9 Conclusion 

Early fall prediction using AI technology paired with IoT can activate an on-time alert and 

alarm for emergency assistance, particularly for elderly people living alone. Monitoring the 

external and cognitive health of older adults might help the elderly and their families feel more 

comfortable. By analyzing data reports acquired from remote health centers using AI, older 

adults can gain confidence during difficult moments. More reliable and accurate predictions can 

be achieved with the use of temporal convolutional network models and Deep Learning models. 

As a result, AI-IoT-based monitoring can be viewed as a new age in the healthcare industry in 

terms of disease prediction, detection, and prevention, as well as the activation of emergency 

alarms, particularly for fall prediction in older adults. However, to create an intelligible and 

trustworthy AI system, additional effort and research must be conducted in real-time. The 

aforementioned aspects form the key components towards converging upon a novel Co-

operative AI model for fall prediction in older adults using Fuzzy Logic and Deep Belief 

Networks. Upon merging these 2 AI models with a single Meta model the requirements for 

predicting and minimizing falls in older adults using predictive modelling can be achieved.  
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Chapter 3. Methodology Used 

3.1 Introduction 

Artificial Intelligence has emerged as a transformative technology capable of enhancing 

healthcare systems. Over the past few decades, AI and Machine Learning have notably 

contributed to improving the quality of life, particularly in healthcare applications. The tools 

and procedures used must be authentically congruent with the needs of the core research 

component concepts. As discussed at the end of Chapter 1, this research is motivated by two 

main goals. First the need for a Fall risk prediction system and second to reduce healthcare 

expenses. This research introduces a novel Co-operative AI Model for future fall prediction by 

leveraging both vital signs monitoring and Activities of Daily Living analysis. The proposed 

AI-based fall risk prediction system integrates multiple deep learning algorithms to provide an 

early warning of fall risk levels to the elderly, caregivers, or medical professionals.  

The AI framework consists of three models: the first AI model (AI-1) utilizes Fuzzy Logic to 

analyze vital signs such as blood pressure, blood oxygen levels, and heart rate to predict fall risk 

levels such as Normal, Low, Moderate, High, and Emergency based on physiological 

abnormalities. This model was validated using data from the PhysioNet public repository [127] 

and compared to the Morse Falls Scale, a widely used clinical evaluation instrument, to ensure 

robustness and reliability [128]. A real time test using a smart app was also carried out using the 

AI-1 model. The second AI model (AI-2) employs Deep Belief Networks to monitor ADLs such 

as sitting, standing, walking, running, and jumping. The model detects deviations from normal 

movement patterns by leveraging the Long-term Movement Monitoring Dataset from 

PhysioNet, which contains 75 hours (3 days) of continuous motion data from 71 elderly 

participants [129]. Through Contrastive Divergence pre-training, neural network-based fine-

tuning, and Adam Optimization, the model classifies fall risk levels into Low, Moderate, and 

High. Both AI-1 and AI-2 models will first independently assess fall risks with different factors 

and then work collaboratively by learning from each other to generate a promising result.  

The first two models analyze health and behavioural patterns. In contrast, the final model 

integrates their outputs through interactive cross-learning forming a Co-operative meta-model 

that refines the final outcome to deliver a comprehensive prediction of future fall risks. By 

continuously learning over time, these models adapt to changes in health or behaviour, enabling 

timely risk identification. The final system classifies fall risks into three divisions: Low, 

Moderate, and High. The AI-based meta-model enhances the accuracy of prediction outcomes 

by validating results against the Morse Fall Scale. The proposed system achieves a good 
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prediction accuracy thus demonstrating its reliability in identifying individuals at risk of future 

falls. This research contributes to advancing AI-driven healthcare solutions, offering a proactive 

and cost-effective approach to fall prediction in older adults. This chapter discusses the 

methodology used and in-depth evaluation of the model development process. The background 

of the research and the framework are also discussed. An overview of the existing simulation 

tools is offered after this chapter, along with a detailed synopsis of relevant research for generic 

AI simulation tools utilized in current works, and the reason for using visual studio code for this 

study is also indicated.  

3.2 Methodology and Model Development Phase 

 

Figure 3.1: Workflow Process of Research Methodology. 

In this research, a blend of qualitative and quantitative methods (mixed mode approach) is 

utilized for data collection and model development [130]. Two major parameters, such as health 

and behaviour, are used as key inputs for our model development. In the data collection 

process, the obtained health and behavioural parameters of the elderly are subjected to a 

trustworthy threshold. The health data relating to Blood Pressure, Heart rate, and Oxygen 

Saturation are co-related with the medical threshold values which cause a risk of fall or 

instability in the elderly. The health parameters are understood and the causes leading to falls 

are closely analyzed before formulating Fuzzy Logic. Similarly, the behaviour data relating to 

daily activities such as ADLs which are followed by older adults is analyzed. The behaviour 

parameters are understood and the causes leading to falls are closely analyzed before developing 

the DBN model. Both phases 1 and 2 of the AI model development process contain the 

following requirements: age, medical problems, and history of geriatric falls for reliable and 
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accurate estimation of fall risks. The meta-model combines the outcomes of AI-1 and AI-2 and 

provides the final fall risk prediction outcome. Once the model is developed, the system 

interacts with the environment to send alerts to the elderly and their family based on the 

identified abnormality to predict future falls. The workflow process of the Research 

Methodology is shown in Figure 3.1. The fall risk prediction model is developed through a 

systematic, interrelated procedure. 

• Observation Phase: Data analysis and literature study are carried out.  

• Parameter Selection Phase: Parameters suitable for AI-1 and AI-2 models are 

determined based on health and behaviour.  

• Data Collection Phase: Information is obtained from open sources.  

• Development Phase: The AI-1 and AI-2 models are developed using fuzzy rules and the 

DBN algorithm.  

• Experiment Phase: Training and testing are done on the developed models. A meta-

model is developed, trained, and tested, followed by the creation of a physical 

prototype.    

Although these phases appear to be independent, they are intrinsically interrelated and 

contribute to the overall development of the future fall risk prediction model in this research. 

In Chapter 2, a literature analysis was undertaken based on the categories that increase the risk 

of falling in older adults and fall prediction methods were examined. Based on the study, two 

primary characteristics, health, and behaviour, are examined for the research since these two 

categories have a significant impact on generating a fall in older adults. The data assessment 

was done based on the 2 selected parameters,  

• Health Parameters: Blood Pressure (BP), Heart Rate (HR), and Oxygen in Blood 

(𝑆𝑝𝑂2).  

• Behaviour Parameters: Activity for Daily Living (Sitting, Standing, Walking, Running, 

and Jumping).  

Data is collected for the selected values, and deep learning algorithms are developed. In Model 

Development, the AI-1 model employs Fuzzy Logic, the AI-2 model employs DBN, and the 

Meta-Model uses Random Forest to detect and classify abnormalities based on health and 

behavioural inputs. Following the successful development of the system, a training and 

validation process is performed to assess the accuracy of fall prediction using the physical 

prototype. The literature review analysis is also performed at each stage of the development 

process to ensure a thorough grasp and reliability of Fall Prediction. Figure 3.2 illustrates the 
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context of this research and its applications. This research is carried out in three stages: Data 

collection, Design and Development, Training, and Verification.  

Phase 1- Data Collection: The Health and Behaviour data of elderly individuals is collected 

from the public repository – PhysioNet [127].  

 

Figure 3.2: Context of Research. 

Phase 2- Design and Development of AI model: The AI-1 and AI-2 models were developed 

using health and behaviour parameters obtained from the elderly (public database), and the 

results of the first model are compared to MFS, while the second model is compared to MFS 

and TUG. Fuzzy-based fall risk prediction algorithm is formulated for the first model, and a 

DBN-based fall risk prediction algorithm is formulated for the second model. Fuzzy logic 

provides significant advantages over other algorithmic methods, as it can combine ordinal, 

nominal, and continuous data into its rule-based framework while presenting the embedded 

information in patterns that are easier to interpret for clinical research. In New Zealand, the 

average fall rate among older adults has been steadily increasing each year, and emerging 

technologies such as AI and ML, particularly fuzzy logic and deep learning, offer great potential 

for earlier detection and prevention of falls. According to [131] Fuzzy logic is an algorithmic 

method that focuses on “degrees of truth” rather than the traditional binary “true or false” (1 or 

0), enabling it to address problems by considering all available information. Based on these 

insights, fuzzy logic is a promising approach for enhancing the AI-1 model to predict and 

categorize fall risk. This study is also unique in that it exclusively uses vital signs to predict 

future falls in older adults. 

Deep Belief Networks (DBNs) are models that learn features from data by stacking multiple 

layers of random variables. According to [132], they incorporate direct connections from upper 

layers to lower layers and link the top two layers in a manner that allows them to retain 
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knowledge effectively. DBNs offer two main advantages: they can quickly learn relationships 

between layers and can infer hidden layer values from observable data in a single step. Learning 

occurs sequentially, one layer at a time, where the output of one layer serves as the training 

input for the next (unsupervised learning). This process can be further refined through 

supervised learning to improve accuracy. DBNs excel at handling complex datasets because 

they pre-train feature detectors using previously acquired information. In addition, they support 

transfer learning and can operate in both supervised and unsupervised settings, making them 

suitable for diverse tasks such as data analysis, image processing, and speech recognition. 

Overall, the distinctive structure and learning capabilities of DBNs make them a versatile and 

powerful predictive tool for a wide range of applications. 

Phase 3- Training and verification: The two individual prediction outcomes are inputted to 

the meta-model where the results are compared, and the model is trained for future testing and 

accurate prediction. The outcomes of future fall alerts are obtained through the physical 

prototype which will be the future work in this study. Training is only done for the DBN model 

in Phase 2. Since the AI-1 model uses a set of fuzzy rules related to the health metrics the model 

is not trained. Therefore, through a fusion of an iterative model (AI-1) and a trained model (AI-

2), whose outputs were aggregated into a meta-model utilized for estimating future fall risk, this 

thesis presents a novel approach termed as a “Novel Co-operative AI Model for Future Fall 

Prediction in the Elderly”. 
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Figure 3.3: Framework of the Proposed Approach. 

Figure 3.3 shows the architecture (Framework) for the research work that focuses on creating 

and evaluating data models for deep learning algorithms. The data is obtained from several 

parameters (Figure 3.2), and the collected data is filtered and pre-processed to eliminate 

extraneous data and keep only the relevant information. For example, when collecting data for 

health parameters using a public repository, the log will contain all of the information, such as 

Blood Pressure, Heart Rate (HR), 𝑂2, age, gender, medical history, ECG, EMG, calories, and so 

on; however, to extract only the first three values from the database, the collected information is 

processed in data filtration. Pre-processing ensures that information is of high quality before it is 

processed by the following phase. The same procedure is used for data analysis and validation 

to ensure correctness. The obtained data module is then transformed to the appropriate format 

for data preparation and input into AI models 1 and 2. Fuzzy Logic is employed in the AI-1 

model, whereas DBN is used in the AI-2 model, to categorize the severity of a fall based on the 

results acquired from health and behaviour data concerning time for accurate fall risk prediction. 

The extracted results from both models are inputted into the meta-model, which is then trained 

and validated again before the validation procedure, and the results are monitored to determine 

the fall risk outcome. 

3.3 Simulation Tools for AI/ML Modelling and Development 

Artificial Intelligence transforms how healthcare models are designed and developed through 

programming platforms and simulation software. These technologies aid medical education, 

promote research, and enhance patient care. TensorFlow and PyTorch, AnyLogic, Matlab, 

Weka, Visual Studio code, Natural Language Processing (NLP) Tools, Robotic Process 

Automation (RPA), and Virtual Reality (VR) and Augmented Reality (AR) Platforms are some 

of the most popular AI programming and simulation tools available [133-135]. These tools and 

programs are used for advanced training, enhanced diagnostics, and increased operational 

productivity. However, this tool has exacerbated the challenges of data privacy, leading to 

costly implementation, and increased unemployment risks. A study in [136] used AnyLogic 

simulation to address space concerns at an elderly hospital, including overcrowding and poor 

patient experiences. AnyLogic was used to analyze patient flow, determine the optimal size for 

a waiting area as well as make recommendations for future space development. The advantage 

of AnyLogic is its capacity to predict the fairly complex dynamics of a hospital and attempt to 

deliver data-driven answers to the problem of inefficient use of available space. The 

requirement that the data be accurate and that the user must be at least slightly competent makes 

it difficult for individuals to use, which is a major drawback.  

Similarly, research on combining RFID technology with AI in medical management was carried 

out in [137] which seeks to improve patient monitoring and asset tracking in healthcare 
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institutions. This work uses the MATLAB simulation tool, and the integration provides benefits 

such as real-time data collection and increased operational efficiency. However, issues include 

making major investments in training. Researchers in [138] employ Artificial Neural Networks 

(ANN) to describe and forecast glaucoma disease progression to improve early detection and 

treatment options. Complex visual field data is analyzed over time utilizing simulation tools 

such as CNN and LSTM networks along with Pytorch. These techniques have the advantage of 

allowing us to assess both spatial qualities and changes over time in patient data to precisely 

estimate the disease's progression. However, these techniques rely on a large amount of high-

quality image data as well as pre-trained convolutional neural networks, both of which are 

expensive and difficult to obtain and manage. Although each simulation program has pros and 

cons, MATLAB and Weka were first chosen for data cleaning and preliminary development 

based on the background analysis and methods presented.  

Initially, 1446 samples of HR datasets were collected for a period of 3 days from an elderly 

through the Fitbit database [139]. These sample datasets were collected when the elderly were 

not performing any physical activity. The preliminary data cleaning and smoothing process was 

done using MATLAB R2022b. Figure 3.4 shows the HR details after the filtration process. The 

imported data is then cleaned and normalized for reliability. Figure 3.5 shows the data 

visualization graph when the normalized and smoothing data was obtained from the original 

input. To differentiate between the resting HR and HR when an older adult is performing a 

physical activity, 100 sample data sets were obtained, which had information about the Physical 

activity over a period of 3 months which is shown in Figure 3.6. 

Figure 3.7 depicts the results of smoothed data from the original input data. These processed 

results are then exported and sent to the AI-1 model for the next process. Once after checking 

the reliability of the testing and training datasets, programming is done in a way that automatic 

filtration of data is processed in the database itself. Even though the initial data cleaning and 

normalization of the input data is straightforward using MATLAB, some issues occurred during 

this process. Firstly, every time the data pre-processing and normalization must be done 

manually (step by step), and MATLAB is very sensitive to large datasets. Secondly, upon using 

large datasets it takes a long time to provide the simulation results and most of all some inputs 

are accepted only when it is broken down into smaller bytes, which spoils the flow of the HR 

data as these inputs are continuous and breaking down will not provide accurate prediction 

results.  

Next, Weka 3.8.6 was chosen to replace MATALB, and this time it was used for data pre-

processing. Sample data models were taken from [140, 141] Fitabase public repository, that 

contains vital information about older adults performing regular activities. This is then tested 
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using the Weka tool for data pre-processing. Figure 3.8 describes the Sample Data model 

obtained from FitaBase.  

 

 

Figure 3.4: HR Sample Datasets. 

 

Figure 3.5: Data Visualization Results after the Smoothing Process. 
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Figure 3.6: Physical Activity HR Datasets after Normalization. 

 

Figure 3.7: Data Visualization Results after Smoothing Physical Activity Datasets. 

 

Figure 3.8: Sample Data Model Obtained from FitaBase. 

To pre-process this dataset, the Weka tool, a machine learning application was employed for 

data analysis. Figure 3.9 depicts the parameters and classifiers that can be used alone or in 

combination for pre-processing.  



 

49 

 

 

Figure 3.9: Parameter and Classifier Selection. 

.  

Figure 3.10: Comparison Analysis of HR and Normal Activity. 

As illustrated in Figure 3.10, the findings were investigated by comparing resting HR data to 

normal daily activity data. Figures 3.11 and 3.12 show how the findings were classified into 

several categories based on the training outcomes. Despite its apparent simplicity, Weka is 

challenging to use properly since it requires a full understanding of the subcategories of model 

classification that are built into the simulation tool. When working with large datasets, Weka's 

restricted scalability due to its memory-intensive nature may result in performance issues. This 

is one of the primary downsides of using Weka. Furthermore, while it includes a variety of 

machine learning approaches, users with no prior data mining skills may find it difficult and 

time-consuming to refine and interpret the results. 
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Figure 3.11: Weka Classifier Training. 

 

Figure 3.12: Final Classification Outcome. 

3.4 Visual Studio-Based AI Simulation 

Although specialized simulation software often serves a single domain, Visual Studio (VS) 

Code's adaptable environment enables developers to customize it to meet a variety of simulation 

requirements in diverse industries [142]. For example, extensions that enable Python and R can 

be used to set up Visual Studio Code for data analysis and modelling jobs in the healthcare 

industry [143]. This is particularly useful in healthcare research, as interdisciplinary teams 

routinely work on simulation models. The ability to monitor alterations and regulate code 

versions ensures consistent and accurate simulation results. VS Code has been utilized for a 



 

51 

 

broader range of simulation-related advancements in the healthcare business. Researchers have 

employed Visual Studio Code for data science activities such as predictive modelling and 

patient data analysis. The editor's support for Jupyter Notebooks enables interactive data 

exploration and visualization, which are critical in medical research. It is an effective tool for 

simulation projects due to its adaptability and extensive extension marketplace, which allows 

users to customize their operations [144]. The retrieval of Vital Signs and Activities of Daily 

Living (ADLs) for the AI-1 and AI-2 models was done with the aid of Visual Studio Code. This 

simulation tool can fetch features efficiently and provide a step-by-step explanation of the 

simulation process. For instance, Figure 3.13 shows the simulation analysis of the AI-2 model, 

where each DBN layer was analyzed individually, and each step of the simulation process was 

explained. Also, epoch-wise analysis and the time taken by each process are well displayed in 

the VS Code terminal, a feature that is greatly missing in the WEKA tool. 

 

Figure 3.13: Simulation Processes of AI-2 Model using Visual Studio Code. 

Visual Studio Code is effective in providing a clean and well-structured output of results for 

each epoch used in the AI-2 model as time progresses. It is easy to understand how the model 

improves as it gets trained, thereby easy understanding of how improvements are achieved 

through iterations. Figure 3.14 shows this clearly through visualization of the training process, 

showing how each epoch enhances the accuracy and efficacy of the model. The VS Code 

terminal feature of tracking time per epoch also enhances usability, giving insight that is pivotal 

to optimizing the performance of the model. 

The graphical depiction of Visual Studio Code is not only more stunning but also enhances 

readability with its simple and efficient visualization of data points. Despite its simplicity, it 

greatly facilitates data interpretation. Figure 3.15 illustrates the graphical analysis of the AI-2 

model, illustrating the correlation between fallers and the history of falls using the Visual Studio 

Code simulation tool. 
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Figure 3.14: Terminal Window Output of Visual Studio Code. 

 

Figure 3.15: Graphical Analysis of Fallers using Visual Studio Code. 

Because of all of these factors, as well as the successful implementation of the research findings 

by other researchers, visual studio code was chosen as a simulation tool for this study. The 

simulation findings using Visual Studio code are discussed in Chapter 4. For this research work, 

Windows 10 Enterprise, with its 3.00 GHz, 11th Gen Intel Core i7 processor, and 32 GB of 

internal RAM, is being used to run the simulation. 

3.5 Conclusion  

The developed AI prediction model is conceptualized in the context of Fuzzy Logic and DBN to 

create an adaptive system that can be dynamically regulated. This is ensured by conceptualizing 

data in the context of a virtualized software environment, where predictive models could be 
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simulated and tested effectively with ease, optimizing them before physical implementation. 

The integration of these methods guarantees that the system is sensitive to changing input 

conditions, improving the accuracy and reliability of fall risk prediction. 

This chapter provides a thorough explanation of the methodology and framework used in this 

research. One of the salient aspects of this research is the identification and ranking of 

appropriate simulation tools that facilitate model building, testing, and validation in a controlled 

virtual environment. Visual Studio Code, a widely used development environment, is utilized 

here. It provides key features like virtualization, scalability of the network model, and high 

reliability. These features make it a great source for AI-based simulations since they can be 

easily tested with different settings, algorithmic efficiency optimized, and model checked 

simultaneously. By utilizing these tools, this research ensures that the AI prediction models are 

thoroughly tested in a controlled virtual environment before use in physical space. Through this 

approach, the dependability, flexibility, and responsiveness of the fall risk prediction system are 

improved with assured effectiveness for real-world healthcare applications. 
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Chapter 4. Proposed AI-1 Model: Fuzzy-Based Fall Risk 

Prediction System 

4.1  Introduction 

The Fall Prediction methodology in this research can customize interventions based on 

individual needs, enabling timely preventive warnings before the elderly person experiences a 

fall. The focus of this chapter is to foresee a future fall in older adults by identifying the 

abnormalities upon monitoring the vital signs and notifying the risk of a fall earlier (the 

caregiver/concerned person) based on the Fuzzy risk level prediction analysis. This chapter 

introduces a fuzzy logic-based methodology for predicting potential falls in the elderly by 

monitoring their vital signs. It addresses a gap in the literature by focusing on fall prediction 

rather than just detection, specifically in the context of elderly monitoring. The fall prediction 

algorithm is versatile and can be adjusted to monitor various health indicators, facilitating the 

early identification of underlying health problems that may elevate the risk of falls. As part of 

this, vital signs such as blood pressure, heart rate, and blood oxygen levels serve as input 

parameters for the developed fall risk prediction model. The first model, AI-1 is focused on fall 

prediction among older adults through continuous tracking with the support of a pioneering Fall 

Prediction Algorithm aided by Fuzzy rules. The proposed prediction technique with the Fall 

prediction algorithm (FPA) uses the Fuzzy rule to learn and perform tasks. The model analyses 

the levels of fall risk into Normal, Low, Moderate, High, and Emergency and was validated 

across three different datasets in comparison to the Morse Falls Scale. This technology ensures 

early anticipation of falls among the elderly and possibly saves lives in crucial situations. 

Notably, it is also a novel contribution since it is the sole research that depends only on vital 

signs for forecasting likely falls in senior citizens. The chapter also summarizes the creation of 

the algorithm and vigorous testing using public datasets, validated against the Morse Falls Scale 

for accuracy as mentioned previously. This research aims to create a more precise fall risk 

prediction model and incorporate it into a physical prototype to receive timely notifications 

based on the predicted risk levels. The AI-1 model was evaluated in real-time using smart 

devices and obtained a successful prediction outcome which is also discussed at the end of this 

chapter. With these advancements in the proposed heterogeneous technology, the elderly’s falls 

can be predicted earlier to save the lives of older adults.  

4.2  Vital Signs Monitoring 

The combination of fall risk factors and vital sign monitoring is critical for fall prediction. Vital 

signs are important indications of a person's overall health and current medical status. It is one 

of the most significant and sensitive parameters for healthy living that moves with an 

individual's lifestyle; therefore, it is vital to monitor them regularly, especially in older adults, as 
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any imbalance in them may lead to a fall. It is logical that the more the frequency of vital sign 

measurements, the quicker clinical deterioration is noticed [145]. According to [146], the 

earliest evidence of potentially dangerous physiological changes or disruptions in the body can 

frequently be discovered in vital signs, which can also serve as the first indication that the 

disease has stabilized. The four most significant and conventional vital indicators are Blood 

Pressure (BP), temperature, pulse, and respiration rate. Recent additions include pain, threshold, 

and oxygen saturation measures [147]. Figure 4.1 describes the vital sign parameters.  

 

Figure 4.1: Vital Sign Parameters. 

Some of the sensors used to measure Vital sign metrics are described as follows,  

• Heart Rate and Pulse Rate 

Sensor: Photoplethysmography (PPG), Electrocardiogram (ECG) electrodes 

Uses: Measures heart rate, pulse patterns, and detects arrhythmias or cardiovascular 

abnormalities. 

• Blood Pressure 

Sensor: Cuff-based pressure sensor (oscillometric method), Cuffless PPG + ECG-based 

sensors 

Uses: Monitors systolic and diastolic blood pressure for hypertension/hypotension 

detection. 

• Body Temperature 

Sensor: Thermistors, Infrared (IR) sensors, Thermocouples 

Uses: Tracks core body temperature, detects fever, infection, or hypothermia. 

• Respiratory Rate 

Sensor: Respiratory Inductance Plethysmography (RIP), Capnography (C𝑂2sensors), 

Accelerometers 
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Uses: Monitors breathing patterns, detects apnea, and evaluates respiratory health. 

• Oxygen Saturation (Sp𝑶𝟐) 

Sensor: Pulse Oximeter (light absorption using PPG) 

Uses: Measures oxygen levels in the blood to monitor lung function, hypoxia, or during 

surgery. 

According to research on elderly monitoring in [148], diseases can be predicted by tracking 

irregularities in vital indicators such as blood pressure, pulse pressure, heart rate, blood sugar, 

oxygen levels in the blood, BMI, and ADLs. Some important factors to examine include a 

person's history of falls, medical condition, social environment, and psychological state [149]. It 

is possible to anticipate future falls and reduce the possibility of falls if all these vital signs are 

regularly checked and compared to the individual's medical history. As a result, the first model 

in this research focuses on monitoring blood pressure, heart rate, and blood oxygen levels to 

anticipate, and predict a potential fall in older adults. 

4.2.1 Blood Pressure 

Blood pressure is the first indicator of health problems. This vital indicator is crucial to monitor 

because it can be either high or low, but it is abnormal when there is a slight health imbalance in 

the body. The definition of low or high blood pressure differs from person to person. Healthcare 

professionals have noted that a decline in systolic or diastolic blood pressure is common among 

the elderly. It is necessary to perform routine examinations to ascertain whether blood pressure 

is elevated. Age, body mass index (BMI), diastolic and systolic blood pressure are the input 

factors that define the blood pressure level's output characteristics [150]. Long-term research in 

[151] shows that blood pressure, both systolic and diastolic, falls with age; hence, systolic and 

diastolic blood pressure measurements can be utilized to identify more specific health problems. 

Table 4.1 describes the Standard Blood Pressure chart.  

Table 4. 1: Blood Pressure Chart 

BP 

(mmHg) 
Normal 

Low 

Risk 

Moderate 

Risk 

High 

Risk 
Emergency 

Normal 

BP 

100/60-

120/80 
- - - - 

Low BP - 90/60-70/40 

High 

BP 
- 121/80-190/100 

Blood pressure levels can be used to calculate other significant pressure measurements, 

including pulse pressure and Mean Arterial Pressure (MAP). MAP is the median arterial 
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pressure (including systole, and diastole) during a single cardiac cycle. Cardiac output and 

systemic vascular resistance both have an impact on MAP, and each is impacted by multiple 

factors [152]. 

The formula in (4.1) is used to determine the MAP. 

MAP = DBP + 1/3(SBP – DBP) or MAP = DBP + 1/3(PP)  (4.1) 

Pulse Pressure (PP), Diastolic Blood Pressure (DBP), and Systolic Blood Pressure (SBP). This 

method is more suited for measuring MAP in most clinical situations since it allows for quick 

calculation when the blood pressure is known. The pulse pressure is calculated as the variation 

between the higher and lower blood pressure values. Pulse pressure tends to increase with age, 

and this number may indicate health problems before symptoms appear [153]. The formula (4.2) 

can be used to estimate the Pulse Pressure. 

Pulse Pressure = Systolic Blood Pressure – Diastolic Blood Pressure  (4.2) 

Typically, pulse pressure falls between 40 and 60 mmHg. If the pulse pressure exceeds 60 

mmHg, it is referred to as "wide," and if it is less than 40 mmHg, it is referred to as "narrow," 

[154]. Both levels cause people to feel unstable or confused, which can cause falls, especially in 

older adults. This study will use pulse pressure as the key metric retrieved from BP to predict 

elderly falls in conjunction with other health data inputs.  

4.2.2 Heart Rate 

The heart plays a crucial role in the human body as it is the essential organ. The effective 

operation of the heart is undoubtedly important to an individual's life. A healthy adult's HR 

typically varies from 60 to 100 beats per minute (bpm). Maintaining a healthy heart rate is 

necessary for all physical activities [155]. A strong heartbeat ensures that nutrients and blood 

with high oxygen content are delivered to all parts of the human body while also eliminating 

waste products such as 𝐶𝑜2. Physically active individuals typically have lower heart rates (as 

low as 40), since their heart muscles are in good condition and need not have to work as hard to 

maintain a stable beat [156]. However, the underlying reasons for irregular heart rhythms must 

be investigated from time to time, particularly as people age. Heart rates are often lower in older 

adults. A formula for calculating a person's maximum heart rate 𝐻𝑅𝑚𝑎𝑥  is expressed in (4.3) as 

mentioned in [157],  

                                        𝐻𝑅𝑚𝑎𝑥 = 220 − 𝑎𝑔𝑒 (𝑏𝑝𝑚)       (4.3)  

For more accurate results the max. heart rate can also be calculated using (4.4) as follows [158],  

                                    𝐻𝑅𝑚𝑎𝑥 = [207 − 0.7 𝑥 𝐴𝑔𝑒](𝑏𝑝𝑚)      (4.4)              
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Tables 4.2 and 4.3 below illustrate the resting, targeted, and maximum heart rates for older 

adults aged 60 and over. The ideal heart rate varies from 50% to 85% based on age and activity. 

A person's heart rate fluctuates between the target and maximum values while engaging in 

physical exercise. Upon considering these factors, HR is chosen as the second input parameter 

to the proposed AI-1 model.  

Table 4. 2: Average Resting HR for Elderly above 60 years [159] 

Age Range (years) 
Avg. resting heart rate 

(bpm) 

61 – 70 73.0 

71 – 80 74.2 

Above 80 years 78.1 

Table 4. 3: Target and Max. HR from Age 60-100 [159] 

Age (years) 
Target Heart Rate (50% - 

85% bpm) 

Avg. max. heart rate 

(bpm) 

60 80 to 136 160 

70 75 to 128 150 

80 70 to 119 140 

90 65 to 111 130 

100 60 to 102 120 

4.2.3 Blood Oxygen Level (𝑺𝒑𝑶𝟐) 

Blood oxygen saturation, commonly known as blood oxygen level, is the quantity of oxygen in 

a person's blood. Most persons typically have an oxygen saturation level on a pulse oximeter 

that falls between 95% and 100%. The general oxygen calculation is presented in (4.5) as 

mentioned in [160],  

                                                  Sp𝑂2 = 100 𝑥 
𝐶[𝐻𝑏𝑂2]

𝐶[𝐻𝑏𝑂2]+𝐶[𝑅𝐻𝑏]
    (4.5) 

Where 𝐻𝑏𝑂2 is oxygenated hemoglobin, RHb is deoxygenated hemoglobin, and C is its 

concentration level. The maximo 𝑆𝑝𝑂2 algorithm, which is expressed in (4.6) as follows [160], 

is typically used for calibration when measuring the 𝑂2 with a pulse oximeter.  

                                                       Sp𝑂2 = 𝑎𝑅
2 + 𝑏𝑅 + 𝑐    (4.6) 

where the following equation (4.7) determines R: 

                                                              R = 

𝐴𝐶𝑟𝑒𝑑
𝐷𝐶𝑟𝑒𝑑
⁄

𝐴𝐶𝑖𝑟𝑒𝑑
𝐷𝐶𝑖𝑟𝑒𝑑
⁄

     (4.7) 
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and the calibration coefficients are a, b, and c. When oxygen saturations go below 92%, they are 

deemed to be too low and are usually classified as medical emergencies [161]. Shortness of 

breath, dizziness, and/or disorientation are all indications of low blood oxygen. An objectively 

higher blood pressure, quicker heart rate, or a subjective palpitation may be the result of the 

heart pumping harder and faster to spread more oxygen. Table 4.4 illustrates various levels of 

𝑆𝑝𝑂2 in elderly individuals [162]. Upon considering these factors, oxygen saturation is chosen 

as the third input parameter to the proposed AI-1 model.  

Table 4. 4: Different Levels of 𝑆𝑝𝑂2 in Older Adults 

Age 𝑺𝒑𝑶𝟐 level Status 

 

60 – 100 

97 – 100 Normal 

95 – 96 Moderate 

90 – 94 High 

< 90 Emergency 

Tables 4.1, 4.2, 4.3, and 4.4 clearly show that aberrant blood pressure, pulse pressure, heart rate, 

or blood oxygen levels might cause older adults to fall, or experience falls in the future. If all 

three levels are regularly tracked and monitored, the fall can be forecasted in advance. Many 

factors make it challenging to diagnose and treat older adults with aberrant health imbalances; in 

many cases, doctors find themselves having to make decisions only based on their intuition. To 

address this complexity, a fuzzy model was built that efficiently evaluates diverse elements. 

4.3   Rationale behind Selected Vital Health Metrics 

This section discusses the reasons for choosing the three health parameters for the development 

of the AI-1 model.  

• Blood Pressure: The first indicator of an individual’s health problem is their blood 

pressure. When there is a minor health imbalance in the human body, the most 

significant thing to observe is the blood pressure level, which will be either high, low, or 

abnormal.  

• Heart Rate: When an imbalance in blood pressure is identified in older adults (due to 

cardiac problems, dizziness, dementia, fever, etc.), the heart rate falls from the normal 

range of 60 - 80 beats per minute to a high or below normal average.  

• 𝑂2 in Blood: Because of the change in heart rate, the 𝑂2 level in blood falls below 95% 

of normal (95%-98% in older adults).  
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Table 4. 5: Vital Metrics for AI-1 Model 

BP (mmHg) Normal 
Low 

Risk 

Moderate 

Risk 
High Risk Emergency 

Normal 

BP 
SV/DV 

100/60 – 

120/80 
- - - - 

Low BP SV/DV 90/60 – 70/40 

High BP SV/DV 121/80 – 190/100 

PP SV-DV 40 - 60 < 40 and > 60 

HR (bpm) Normal 
Moderate 

Risk 

High Risk (73% - 

85% max HR) 

Emergency 

(93% max 

HR) 

 

Age 

60-70 60-100 101-109 110-139 >140, <60 

71-80 60-100 101-102 103-129 >130, <60 

81-90 60-80 81-94 95-119 >120, <60 

91-100 60-80 81-87 88-109 >110, <60 

𝑺𝒑𝑶𝟐 (%) Normal Moderate Risk 
High 

Risk 
Emergency 

Age 60-100 97-100 95-96 90-94 <90 

Blood pressure and heart rate are not linked with one another, however, when an imbalance in 

BP is observed in older adults, the heart rate lowers from normal to an average high/low normal 

value.  

• When BP is low → HR increases → 𝑂2 increases (The HR increases to pump blood to 

bring back the body's condition to normal) 

• When BP is high → HR decreases → 𝑂2 decreases (The HR decreases, due to rapid 

heart pumping and it makes the heart muscles thicker which supplies less blood to the 

body). Table 4.5 illustrates the overall vital metrics chart used for this research.  

4.4 Existing Works on AI and Fuzzy Logic  

To assess the effectiveness of vital sign monitoring analysis, a background study was 

undertaken in two stages: AI and Fuzzy logic improvements in health care and their 

contribution to the prediction of falls and diseases. According to [131], fuzzy logic is an 

algorithmic approach that prioritizes “degrees of truth” over the standard “true or false” (1 or 0). 

Fuzzy logic aims to solve problems by considering all available information. Furthermore, 

fuzzy logic simplifies the handling of ambiguity. As a result, fuzzy systems appear to be critical 
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for understandable artificial intelligence (XAI) [163]. Figure 4.2 describes the logical balance of 

Fuzzy Logic. Numerous smart technologies discussed in [164] have been improved to enhance 

healthcare, provide better facilities, reduce expenses, and achieve other goals. As AI 

advancements such as Deep Learning, Fuzzy Logic, Big Data (BD), and the Internet of Things 

become more widely used in numerous fields, advances in intelligent technology in healthcare 

become increasingly crucial in tracking people's health status. AI/ML has been established to be 

incredibly beneficial in disease detection and prediction. For example, it may take a long time to 

diagnose someone with coronary artery disease, but healthcare professionals can use machine 

learning techniques to gain relevant information about cardiac patients, allowing them to treat 

them more successfully [165].  

A study [166] performed at the University Hospital Zurich, Switzerland employed force plate 

data and dual-task scenarios to predict the likelihood of numerous falls in a community-

dwelling older adult. This study included 270 elderly people, both male and female, who tested 

their balance with and without vision. The assessment report was based on the elderly's previous 

history of falls, which determined whether they had fallen before or not. The force plates 

predicted several falls in both anteroposterior and medial-lateral directions. A reverse logistic 

regression technique was applied to predict multiple falls in both fallers and non-fallers.  

 

Figure 4.2: Logical Balance Structure of Fuzzy Logic. 

Another study, published in [167], aimed to use machine learning algorithms and data from 

electronic health records to calculate the likelihood of a fall in residents of several senior care 

facilities. Information from 2785 senior citizens who lived in nursing homes with skilled 

staffing and senior residential communities, including independent and assisted living 

alternatives, across the United States was included. Three machine learning-based fall 
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prediction systems were constructed, and analyses were performed to see how modifications to 

the input parameters, learning datasets, and prediction period affected their effectiveness. Vital 

signs such as blood pressure, heart rate, respiration rate, temperature, and standard risk 

indicators were combined as input characteristics to obtain greater prediction accuracy 

compared to either group of features operating independently. The Extreme Gradient Boosting 

model outperformed the other two machine learning prediction models, with a specificity of 

84%. 

The study published in [168] investigated the application of fuzzy logic to monitor vital 

indicators and detect irregular health circumstances. This study was categorized into two parts: 

first, to evaluate whether vital indicators can predict abnormal health conditions that have 

psychological consequences, and second, to identify whether a fuzzy rule system can provide 

decision assistance in predicting abnormalities based on an individual's health conditions. Fuzzy 

logic was used in this investigation because of its adaptability to relatively smooth variations in 

vital sign values. Vital sign observations and fuzzy rule-based techniques are used to determine 

the overall health condition and identify abnormalities. The Fuzzy Decision Support system was 

supplied with real-time data, and it was found that the prediction results provided in this 

experiment were 85% accurate. The use of vital signs for risk evaluation in home-based fall 

prevention and treatment was proposed in a study published in [169]. This study concentrated 

on older adults with Orthostatic Hypotension (OH) and Parkinson's disease. The age, medical 

status, and fall history of the elderly were initially collected. Then, using a smartwatch, the 

elderly's blood Pressure and Heart Rate Variability (HRV) were validated. These data are then 

used as input to the fuzzy model that was developed to quantify the immediate risk of falling. 

This study utilized fuzzy logic-based decision-making and predictive modelling. Using 

regression analysis, statistical modelling, and a fuzzy logic-based decision-making approach, 

the system accurately forecasted each participant’s fall estimation rate. 

Fuzzy logic offers advantages over other algorithmic approaches because it can integrate values 

from ordinal, nominal, and continuous datasets into its rules and record the information 

embedded with these rules in more understandable patterns for clinical research. The average 

fall rate among older adults in New Zealand is rising annually, and new technologies like AI 

and ML such as fuzzy logic and deep learning, will assist detect falls in people earlier. Many 

practical investigations have been carried out to predict heart illness [170], [171], [172], 

diagnose diabetes [173], [174], breast cancer in women [175], identify anomalies using heart 

rate and blood pressure [150], and predict falls in the elderly using fuzzy logic [176]. As a result 

of the above findings, fuzzy logic will be a good companion in the enhancement of the AI-1 

model to predict and categorize the risk of falling. It is acknowledged that this study is unique in 

its approach as it solely employs vital signs to predict future falls in older adults. 



 

63 

 

4.5  Proposed Vital Sign-Based Fall Risk Prediction Model 

To this effect, the proposed research combines a mixed-mode data collection strategy that 

includes surveys from health journals and interviews with two medical professionals who 

provided expert opinions to elaborate on a holistic view of predicting fall risk in older adults, 

Dr. A (MD), with Dr. B (MBBS), expressing that although vital metrics, such as blood pressure 

and heart rate variation, are not direct causes of falls, they represent physiological changes 

resulting in instability. These include the individual's lifestyle, intake of medications, or pre-

existing medical conditions, which would affect their chances of falling. Dr. B explained that 

the presence of symptoms of advanced age, combined with a history of falls, would be 

predictors of future falls. Such symptoms as dizziness, fatigue, and shortness of breath are often 

signs of abnormal blood pressure levels that can cause instability. Moreover, vertigo or jitters 

from anxiety encourage hypotension or hypertension which scares an elderly individual from 

falling especially when they are alone. Dr. B also provided crucial insights regarding the benefit 

of wearable devices for monitoring vital signs. In a comparative analysis [177] with data 

obtained from a smartwatch, it is found that certain brands produced measurements of an 89% 

likeness to the assessment devices, which reaffirms the potential of these devices in reliable 

monitoring health conditions and the effectiveness of interfacing AI-generated wearable sensors 

into fall risk predictive modelling. 

  

Figure 4.3: Vital Sign-Based Fall Risk Prediction Model. 

This research is primarily on the prediction of future falls in the elderly through continuous 

monitoring of vital signs and AI analysis. To achieve this goal effectively, an efficient early 
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recognition of physiological deficits is targeted through machine learning techniques, indicating 

moments of increased risk of future falls. This chapter presents the design of a Fall Prediction 

Algorithm constructed to function alongside the predictive model to provide fall risk assessment 

based on real-time health data. This prediction was found to correlate very strongly with other 

existing fall risk prediction frameworks, such as the MFS. The main target of this research is the 

geriatric population aged 60 years and over, who live independently and, therefore, are at risk of 

falling. Secondly, however, data from older adults residing in assisted living facilities could be 

considered, as their medical records and vital sign data are publicly available for researchers. 

These datasets are fed first for model training and validated subsequently with real-world cases. 

This study aims to show the need for instituted intervention strategies to prevent further declines 

in the growing population of the elderly. It is evident from the background research that the 

accuracy of fall prediction is increased when geriatric data, such as age and fall history, are 

merged with real-time and continuously varying vital sign metrics.  

The AI-1 model categorizes the risk of falling using a Fuzzy rule-based prediction model and 

algorithm. Figure 4.3 depicts an overview of the suggested vital sign-based fall prediction 

model. Initially, data from the elderly participants in this study was gathered from open sources. 

Since the dependability of smartwatches and their data extraction functions takes some time, 

this will be investigated in future work. This chapter currently examines the level of prediction 

accuracy achieved by the developed model. The data obtained from the public repository is 

separated into fallers and non-fallers, and each type is sent independently to the fuzzy model. 

The Fuzzy Prediction Model gathers vital sign data such as blood pressure, pulse pressure, heart 

rate, and blood oxygen saturation. Using the membership function and fuzzy rules, the model 

classifies the risk of falling as Normal, Low, Moderate, High, or Emergency. This systematic 

method ensures an accurate and reliable fall risk assessment, allowing for more effective 

proactive intervention and increased predictive capability in fall prevention. 

The blood pressure readings are categorized into three groups: standard (normal), reduced (low), 

and elevated (high). The low and high blood pressure levels are further categorized into high 

and low based on the risk levels. Systolic and diastolic pressure levels range from 100/60 to 

120/80 on a normal blood pressure scale. In a similar manner, the range for Low BP is 90/60-

70/40, whereas the range for High BP is 121/80-190/100 [178]. According to [179], the normal 

heart rate (HR) for senior people between the ages of 60 and 80 ranges from 60 to 100 bpm 

(beats per minute), whereas for people over the age of 80, the normal HR only varies between 

60 and 80 bpm. The HR varies depending on the age of the elderly, as age advances, the HR 

drops. Similar findings in [180] show that older people between the ages of 60 and 100 have 

normal blood oxygen levels between 97% and 100%.  
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Fuzzy logic is a technique that provides various solutions to a question's uncertainty [181]. The 

Mamdani Fuzzy Inference System, a specialized fuzzy modelling approach, is used in the 

development of the AI-1 model to predict fall risk indicators in the elderly. Fuzzification, 

Inference, and Defuzzification are the three architectures or workflows employed in the 

approach [182]. Figure 4.4 depicts the architecture of the developed AI-1 fuzzy-based fall risk 

prediction model. The fuzzification approach is used to convert the clear data into membership 

grades. In this research, the blood pressure (mmHg), heart rate (bpm), and blood oxygen level 

are used as fuzzy input variables, which are determined using the fuzzification approach. This 

well-established fuzzy model transforms blood pressure directly into pulse pressure, which is 

subsequently fed into the fuzzification process. Each input parameter is assigned a membership 

value based on its risk prediction weight. The input values are then compared within the fuzzy 

inference system, which employs the generated fuzzy rules and membership function. The fuzzy 

sets are converted into crisp values during the defuzzification process, which will be explained 

in Section 4.7.  

 

Figure 4.4: Architecture of AI-1 Fuzzy-Based Fall Risk Prediction Model. 

This is the core design of the AI-1 model, and it does not require any training at this stage of the 

research. However, for future work, real-time vital sign data from older adults will be obtained, 

and training and testing will be required to validate the developed model.  

4.6 Fuzzy-Based Rule Generation 

Based on background analysis and expert advice, the vital sign patterns are thoroughly 

examined and devised 111 fuzzy rules for this research to determine the level of future fall risk 

in an elderly person, and the risk levels were classified as follows: 
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• Normal: no risk of fall.  

• Low: may or unlikely to experience a fall.  

• Moderate: risk of fall in future if this condition persists.  

• High: high chances of falling and to seek medical help if necessary.  

• Emergency: very high chances of fall (fall will occur in few seconds or minutes) - alert 

messages will be sent to the caregiver, family, and emergency services. 

The Fall Prediction Algorithm is based on a set of vital sign data, as defined in Algorithm (FPA) 

- Pseudocode. The chosen datasets are based on age, fall history, and observed vital sign values. 

Several changes to the membership function and fuzzification techniques are offered to improve 

FPA prediction accuracy and it is one such approach that is used to simplify the input before 

fuzzification. The fuzzy rule is applied to each BP value's computed pulse pressure, which is 

calculated from the BP data.  

Fall Prediction Algorithm (FPA): Pseudocode of the Proposed Model (Figure 4.4) [183] 

Input: Blood Pressure, Heart Rate and 𝑂2 in Blood - Datasets from public Repository. 

Output: Fall Prediction Outcome - Risk level classification 

1. Apply data sets for data extraction to the input datasets. 

2. Feed the retrieved features to the fuzzy prediction model to train it and formulate rules 

for categorizing risk levels. 

(a) Fuzzification: Transform crisp data into fuzzy data. 

(b) Membership function: Formulate the membership function based on the parameter 

values (Normal, Low, Moderate, High, and Emergency)  

Input function: ‘trapmf’. 

(c) Fuzzy Rule Generation: Formulate fuzzy rules from the fuzzy data. 

Fuzzy rule: Rule 1: For Normal BP,  

if PP is Normal  

and HR is Normal  

and 𝑂2 is Normal  

then Risk Level is Normal (No risk of fall detected)  

. 

.  

. 

. 

Rule 83: For High BP, (126-130/80-90) 

if PP is High  

and HR is High (110-129 bpm)  

and 𝑂2 is Moderate (95%-96%)  
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then Risk Level is High (Will have a risk of falling in few days 

if this condition persists) 

(d) Defuzzification: Transform the fuzzy rules into crisp rules. 

3. Employ cross-validation on the model using the testing dataset with MFS. Evaluate the 

model's performance based on accuracy, specificity, and sensitivity metrics. 

4. Perform evaluation results to validate the results. 

When an emergency risk level is detected, alert warnings will be sent to the family and 

caregivers. Based on the identified threshold value and the level at which the older adult tends 

to feel unconscious, 111 fuzzy rules were developed to forecast future falls in the elderly. The 

sample test was created with Visual Studio code. The data inputs from the parameters BP, HR, 

and 𝑆𝑝𝑂2 are chosen for the Fuzzification process, which uses a threshold-based membership 

function to classify the degree of risk. A Mamdani-type rule-based Fuzzy Logic technique is 

utilized to create the 111 health parameter rules, which use the functions if, and, then to 

compare the collected data inputs. The formulated Fuzzy rules are listed in Section A.1 of the 

Appendix for reference.  

4.7  Membership Function and Rule Weighting 

The fuzzy inference system receives crisp input which is converted using a fuzzy membership 

function. Furthermore, the fuzzy membership function accurately depicts the fuzziness of the 

data. The fuzzy set membership function defined on a disclosure space X is formally declared as 

µA: X → [0, 1], with each component of X translated to a numerical between 0 and 1. This 

value, also known as the degree of membership or the membership value, represents an 

element's level of membership in fuzzy set A. The fuzzy set A is derived from the universal set 

X. The primary input of the AI-1 model is the HR readings. Four membership functions were 

developed for this variable input. Normal, Moderate, High, and Emergency are the four 

categories of membership functions, in simple terms. These values are derived from Table 4.5. 

Since the heart rate values range from normal to emergency, the membership function has been 

assigned only for these specific parameters. For all other parameters listed below, the 

membership functions are categorized based on Table 4.5. The HR variable is estimated to be 

between 60 and 140 for older adults. From Table 4.5, the heart rate (HR) is categorized as 

follows: normal (60–100), moderate (101–109), high (110–139), and emergency (>140 or <60). 

Based on these ranges, the following equations were formulated to develop the membership 

function. Similarly, all other equations were derived using the corresponding parameter ranges.  

The same method is used for all of the other inputs in this research.  

Figure 4.5 shows the HR membership function, which is shaped like a trapezium with modest 

shoulder curvature.  
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Figure 4.5: Membership Function for Heart Rate (bpm). 

The membership function for HR is defined in (4.8), (4.9), (4.10), and (4.11) as follows:  

1. Normal  

𝜇(𝑥) =

{
 
 

 
 

0       ;   𝑥 ≤ 59
𝑥−59

60−59
    ; 59 ≤ 𝑥 ≤ 60

              1     ; 60 ≤ 𝑥 ≤ 100
101−𝑥

101−100
   ; 100 ≤ 𝑥 ≤ 101

    0    ; 𝑥 ≥ 101

     (4.8) 

2. Moderate 

                                          𝜇(𝑥) =

{
 
 

 
 

     0       ;   𝑥 ≤ 100
𝑥−100

101−100
    ; 100 ≤ 𝑥 ≤ 101

                 1    ; 101 ≤ 𝑥 ≤ 109
110−𝑥

110−109
   ; 109 ≤ 𝑥 ≤ 110

    0    ; 𝑥 ≥ 110

                  (4.9) 

3. High 

                                             𝜇(𝑥) =

{
 
 

 
 

     0       ;   𝑥 ≤ 109
𝑥−109

110−109
    ; 109 ≤ 𝑥 ≤ 110

                 1    ; 110 ≤ 𝑥 ≤ 139
140−𝑥

140−139
   ; 139 ≤ 𝑥 ≤ 140

    0    ; 𝑥 ≥ 140

                           (4.10) 

4. Emergency  

                                             𝜇(𝑥) = {
1    ;  𝑥 < 60 𝑎𝑛𝑑 𝑥 > 140

0   ;  60 ≤ 𝑥 ≤ 139
                               (4.11) 

The Emergency membership function is activated when the 𝑆𝑝𝑂2 value is less than 90%, the 

High membership function is activated when the 𝑆𝑝𝑂2 value is between 90% and 94%, the 

Moderate membership function is stimulated when the 𝑆𝑝𝑂2  value is between 95% and 96%, 

and the Normal membership function is activated when the 𝑆𝑝𝑂2  value is between 97% and 

100%. As seen in Figure 4.6, the 𝑆𝑝𝑂2  membership function employs shoulder curves and a 
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trapezium form. The membership function for 𝑆𝑝𝑂2  is expressed in (4.12), (4.13), (4.14), and 

(4.15) as follows: 

 

Figure 4.6: Membership Function 𝑆𝑝𝑂2 Level in Blood (%). 

1. Normal  

                                          𝜇(𝑥) =

{
 

 
     0       ;   𝑥 ≤ 96

𝑥−96

97−96
    ; 96 ≤ 𝑥 ≤ 97

                 1    ; 97 ≤ 𝑥 ≤ 100
    0    ; 𝑥 > 100

                (4.12) 

2. Moderate 

                                       𝜇(𝑥) =

{
 
 

 
 

     0       ;   𝑥 ≤ 94
𝑥−94

95−94
    ; 94 ≤ 𝑥 ≤ 95

                 1    ; 95 ≤ 𝑥 ≤ 96
97−𝑥

97−96
    ; 96 ≤ 𝑥 ≤ 97

    0    ; 𝑥 > 97

                             (4.13) 

3. High 

                                   𝜇(𝑥) =

{
 
 

 
 

     0       ;   𝑥 < 90
𝑥−90

91−90
    ; 90 ≤ 𝑥 ≤ 91

                 1    ; 91 ≤ 𝑥 ≤ 94
95−𝑥

95−94
    ; 94 ≤ 𝑥 ≤ 95

    0    ; 𝑥 > 95

                              (4.14) 

4. Emergency  

                                                  𝜇(𝑥) =

{
 

 
     

                 1    ;  𝑥 ≤ 90
91−𝑥

91−90
    ; 90 ≤ 𝑥 ≤ 91

    0    ; 𝑥 > 90

                                           (4.15) 

Similarly, BP values are assigned a membership function that ranges from Normal to 

Emergency. As seen in Figure 4.7, the BP membership function employs a trapezium shape 
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with mild shoulder curvature. Both Low Blood Pressure (LBP) and High Blood Pressure (HBP) 

are used to predict falls in the elderly. The membership function for HBP is expressed in (4.16), 

(4.17), (4.18), and (4.19), as follows: 

 

Figure 4.7: Membership Function for HBP (mmHg). 

1. Normal  

                                         𝜇(𝑥) =

{
 

 
     

                 1    ; 100 ≤ 𝑥 ≤ 125
126−𝑥

126−125
    ; 125 ≤ 𝑥 ≤ 126

    0    ; 𝑥 ≥ 126

                               (4.16) 

2. Moderate 

                      𝜇(𝑥) =

{
  
 

  
 

     
                 0    ;  𝑥 ≤ 125
𝑥−125

126−125
    ; 125 ≤ 𝑥 ≤ 126

1    ; 126 ≤ 𝑥 ≤ 130
131−𝑥

131−130
    ; 130 ≤ 𝑥 ≤ 131

    0    ; 𝑥 ≥ 131

                                           (4.17) 

3. High 

                       𝜇(𝑥) =

{
  
 

  
 

     
                 0    ;  𝑥 ≤ 130
𝑥−130

131−130
    ; 130 ≤ 𝑥 ≤ 131

1    ; 131 ≤ 𝑥 ≤ 170
171−𝑥

171−170
    ; 170 ≤ 𝑥 ≤ 171

    0    ; 𝑥 ≥ 171

                                          (4.18) 

4. Emergency  

                                        𝜇(𝑥) = {
      0    ;  𝑥 ≤ 170
    1    ; 𝑥 > 170

                                                      (4.19) 
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The PP values are likewise assigned based on the membership function, which ranges from 

Normal to High. As illustrated in Figure 4.8, the PP membership function employs a trapezoidal 

shape, and the following is the formulation shown (4.20), (4.21), and (4.22) as follows: 

:  

Figure 4.8: Membership Function for PP (mmHg). 

1. Normal 

                                                𝜇(𝑥) = {
      0    ;  𝑥 < 40

    1    ; 40 ≤ 𝑥 ≤ 60
 0    ;  𝑥 > 60

                                           (4.20) 

2. Low 

                                                𝜇(𝑥) = {
    1    ; 𝑥 < 40

 0    ;  𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
                                             (4.21) 

3. High 

                                             𝜇(𝑥) = {
    1    ; 𝑥 > 60

 0    ;  𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
                                                         (4.22) 

Since a fuzzy system has a condition and a conclusion, its structure is comparable to that of an 

IF-THEN rule. The rule base contains a comprehensive fuzzy rule aimed at regulating the 

output variable [184]. Therefore, the most crucial phase in building a fuzzy-based fall prediction 

support system is rule formulation and weighting. The understanding of fuzzy rules is based on 

three sources: first the current works (such as surveys, publications, and medical journals); 

second the expert knowledge; and third the threshold parameter evaluation utilizing fuzzy 

analysis (section 4.2). The membership function (MF) ranges from MF: 0 → 1, and each risk 

level category is assigned a weight to the rules as shown below. Normal - 0.2, Low - 0.4, 

Moderate - 0.6, High - 0.8, Emergency – 1.0. Assuming BP value is 90/60, the systolic value 

(𝑆𝑣) and diastolic value (𝐷𝑣) are calculated as a difference to yield the PP value (𝑆𝑣 - 𝐷𝑣), which 

is 30. As a result, the developed prediction rules are: “IF BP 90/60 and PP is less than 40, HR 

is 102, and 𝑂2 is 95, THEN risk of fall is 0.6”. Similarly, “IF BP 120/80, PP 40, HR 90, and 𝑂2  

97, THEN the risk of fall is 0.2”. 
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In order to produce fuzzy values from a collection of rules that contain numerical figures, the 

suggested automated method depends on the development of fuzzy modalities. The previous 

decision rules have IF and THEN sections, where the IF section gives the quantitative variable 

and the THEN section indicates the class label. The fuzzy membership function converts the 

quantitative variable provided in the IF section of the decision rules into a semiotic variable 

first, and the fuzzy rules' THEN section is comparable to the decision rules. For example, the 

generated Fuzzy rules will be, “IF BP is HIGH, PP is LOW, HR is MODERATE, and 𝑂2 is 

MODERATE, THEN the risk of fall is MODERATE”. In a similar vein, all decision rules with 

numerical variables are handled and then uses a membership function to transform them into 

fuzzy rules. Figure 4.9 provides an example to illustrate how the fuzzy rule assessment works. 

Similarly, all decision rules are processed using numerical variables before being transformed 

into fuzzy rules using the membership function (FPA Algorithm). Defuzzification is then 

performed, and the various fall risk categories are generated. The results are validated by 

comparing the fuzzy model's prediction accuracy, sensitivity, and specificity to previous 

research. 

Defuzzification: A fuzzy set (the combined fuzzy set output) is used as the input values for the 

defuzzification process to obtain a single integer. Following that, membership functions are 

used to map fuzzy sets to an exact output. The presented model employs a centroid 

defuzzification technique proposed in [176], which reduces the number of conclusions (𝜇𝑖) with 

various membership functions to a single-point output (X) which is mentioned in (4.23) as 

follows,  

                                                  𝑋∗ = 
∑𝜇𝑖(𝑋𝑖)𝑋𝑖

∑𝜇𝑖(𝑋𝑖) 
       (4.23) 

 

Figure 4.9: Fuzzy Rule Evaluation Metrics. 

 



 

73 

 

4.8  Evaluation of AI-1 Model 

The validation of the proposed fuzzy logic model is presented in this section. It discusses the 

experimental risk prediction results from the Fall Prediction Support System. In this context, the 

suggested system's effectiveness is evaluated by comparing it to a Fuzzy Decision Support 

System and a Fall Prediction Assessment Tool. Visual Studio Code and Python ver.10.6 is used 

to implement the recommended technique. Windows 10 Enterprise, with its 3.00 GHz, 11th Gen 

Intel (R) Core (TM) i7 processor and 32 GB of internal RAM, is used to run the simulation. 

4.8.1 Evaluation Metrics 

According to the evaluation metrics outlined in  [162], a test is considered sensitive when it 

accurately estimates the risk of falling. To calculate it, first, the proportion of true positives is 

determined. Specificity describes a test's capacity to anticipate a healthy outcome reliably. 

Calculating the percentage of true negatives at the normal level can help us estimate them. The 

ability of a test to accurately distinguish between risk and normal levels is an indicator of its 

accuracy. To determine a test's accuracy, the proportion of true positive and true negative results 

must be calculated in all investigated cases. The following can be stated mathematically using 

(4.24), (4.25), (4.26), and (4.27).  

                          𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =  
𝑇𝑃

𝑇𝑃+𝐹𝑁
                                                       (4.24) 

    𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =  
𝑇𝑁

𝑇𝑁+𝐹𝑃
                                                       (4.25) 

                                         𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑇𝑁+ 𝑇𝑃

𝑇𝑁+𝑇𝑃+𝐹𝑁+𝐹𝑃
                                                       (4.26) 

          𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑎𝑏𝑖𝑙𝑖𝑡𝑦 =  
𝑇𝑁

𝑇𝑁+𝐹𝑃
                                                       (4.27) 

4.8.2 Data Collection – Vital Sign Data 

The proposed model is tested with real-time data from a prior study and vital sign datasets 

supplied from the PhysioNet and Open-Source Files (OSF) repositories. These datasets have the 

following features: 

• Age  

• Sex  

• Systolic Blood Pressure 

• Diastolic Blood Pressure 

• Heart Rate 

• Oxygen Saturation (𝑆𝑝𝑂2) 
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Table 4. 6: Fall Risk Prediction Metrics 

Prediction Class Binary Classifier Description 

True Positive (TP) 1 when a risk of fall is identified 

True Negative (TN) 0 
when the participant has no risk of fall 

(normal/healthy) 

False Positive (FP) 1 
when a healthy older adult is notified of a risk 

of a fall (false alarm) 

False Negative (FN) 0 
when there is a risk of fall but notified as 

normal 

The first dataset, obtained from the OSF repository [184], comprises mixed information about 

both fallers and non-fallers and the vital signs were recorded using a smartwatch. This is used to 

validate the developed fuzzy-based fall prediction model against the theoretical analysis. The 

second dataset (Source 1), acquired from an earlier study, contains information about an elderly 

person who is 85 years old, has been observed for two months, and has fallen more than twice a 

year [185]. The third dataset (Source 2) was obtained from PhysioNet, a source that provides 

vital sign data from patients aged 60 and up who are admitted to hospitals for health issues and 

general medical [186], and the final dataset (Source 3) is also obtained from PhysioNet [187] 

based on participants in the Early Prediction of Sepsis study. The MFS is then used to assess the 

findings' accuracy. The fall risk prediction approach uses the metrics from Table 4.6. with a 

binary classification system to predict fall risk. A true positive (TP) = 1, is recorded when a risk 

of a fall is identified, and a true negative (TN) = 0, when there is no risk of a fall identified 

which means the older adult is healthy and cannot predict any chance of future falls. Likewise, a 

false positive (FP) = 1, is indicated when the false alarm is activated which means a healthy 

older adult is notified of the future risk of fall, and a false negative (FN) = 1, is activated when 

an older adult is at a risk of fall but informed as healthy.  

4.8.3 Morse Falls Scale (MFS) 

MFS is probably the widely used tool in New Zealand healthcare system for assessing, and 

managing fall risks in patients, particularly the elderly. The MFS has been predominantly 

included in the criteria established by many healthcare organizations within hospitals and 

extended care facilities to identify patients at high risk of falls and take some measures for 

protection against falls. The Health Quality and Safety Commission in New Zealand noted the 

importance of developing individualized care plans that deal with the major fall risk factors 

identified by the MFS tool. Their recommendations advocate an in-depth assessment and 

tailored intervention to bring about a decrease in falls. A study in [188] investigated the MFS's 

prediction power for falls in older adults.  
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MFS-informed treatments resulted in a 30% reduction in fall incidence. A study in [189] created 

an AI-based model that combined MFS with live monitoring data to produce accurate 

predictions. Their model had an 18% improvement in prediction accuracy compared to MFS 

only. Research in [190] conducted a study comparing conventional MFS scoring to wearable 

sensor data in older adults. It was discovered that by combining these two, sensitivity in fall 

prediction could be increased by 22%. A tool in the assessment of fall risk, the Morse Fall Scale 

is widely used within hospitals, long-term care, and research. More recent works increasingly 

employ AI, wearable devices, and machine learning algorithms for improved predictive 

outcomes. Future technological advancements may look to real-time monitoring and AI 

notification to even better improve efforts at preventing falls. 

Yet, it has been noticed that there is inconsistency in the use of the MFS across different 

healthcare settings. In summary, the MFS stands at the heart of New Zealand's approach to 

preventing patient falls, and there are attempts to recognize and address some of these system-

wide challenges confronting the implementation of that scale. This was the primary reason for 

employing MFS in this research, and even more importantly, it matched the parameters and risk 

level predictions of the final risk results. MFS categorizes elderly fall risk levels as low (24), 

moderate (25-44), or high (45), while this research study elaborated in the thesis categorizes the 

final risk of falls as Low, Moderate, and High. Even though the scales are different, they 

correspond to similar risk indicators. Figure 4.10 depicts the MFS calculator.  

 

Figure 4.10: MFS Calculator. 

4.8.4 Verification of the Developed AI-1 Model with Theoretical 

Analysis 

From Section 4.8.2, the vital sign data of 50 participants (all over 60 years) was considered for 

this verification process. This test was conducted to verify the prediction accuracy of the 
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developed fuzzy logic (VS code) simulation results with the theoretically formulated fuzzy rule. 

Initially, the coding was developed using VS Code utilizing all the 111 Fuzzy rules and the Fall 

prediction algorithm. The fall risk prediction model's output is divided into five risk categories: 

Normal, Low, Moderate, High, and Emergency. The scale for each prediction risk level is as 

follows: Normal (0-0.20), Low (0.21-0.40), Moderate (0.41-0.60), High (0.61-0.80), and 

Emergency (0.81-1.0). For every individual participant, the rule was calculated manually, and 

the prediction levels were identified which is the actual_risk (orange graph) as indicated in 

Figure 4.11. Then the entire data of all the 50 participants were simulated using the codes and 

the predicted_risk (blue graph from Figure 4.11) for each individual was analyzed. Finally, both 

the results were compared, and the comparison results are shown in Figure 4.11 which suggests 

the fuzzy-based fall risk prediction model which incorporates vital sign data of senior citizens 

(60 years and older) produced accurate predictions as expected.  

With TP (21), TN (25), FN (4), and FP (0), the model achieved 92% accuracy, 100% 

specificity, 84% sensitivity, and 100% predictability. This test was conducted to determine the 

correctness of the suggested algorithm and fuzzy rule, as well as to incorporate them into the 

prediction model. Based on the results obtained, a few modifications were made in the code and 

in the fall prediction algorithm to enhance the accuracy of prediction. The main advantage of 

this prediction system is that it can accurately forecast the risk of falling in older adults simply 

by looking at their vital sign data, regardless of whether they have previously fallen or not. The 

emergency prediction is only activated when the elderly individual is about to fall in a matter of 

seconds or in a severe condition. 

 

Figure 4.11: Fall Risk Prediction Evaluation Results. 

4.8.5 Evaluation of the AI-1 Model with Data from a Public 

Repository and Existing Work 

In this section, the developed and verified Fall Risk Prediction Model (AI-1 model) will be 

compared with data obtained from three distinct sources. The MFS is then used to evaluate the 
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accuracy of the findings. Section 4.8.5.1 examines the validation of the proposed model using 

the evaluation results from a prior study [185], and section 4.8.5.2 analyses the model validation 

in conjunction with data collected from individuals admitted to the eICU and hospital for 

routine checkups [186]. Finally, section 4.8.5.3 discusses the accuracy assessment of the AI-1 

model using the Sepsis research [187]. 

4.8.5.1 Source – 1 Validation: Datasets obtained from Elderly 85 

years old with Multiple History of Falls [185] 

In the second stage of evaluation, the prediction results were compared with an existing work 

that uses a similar approach. The data was collected from an elderly participant 85 years old 

who has been observed for two months and has fallen more than twice a year. Even though only 

a few information on older individuals was obtained from this existing research work, some 

important variables are taken into consideration, including blood pressure, heart rate, 𝑆𝑝𝑂2, 

medication, history of falls, and breathing rate. Previous research solely relied on systolic blood 

pressure values for prediction analysis based on the acquired blood pressure readings. In 

contrast, this novel research approach incorporates both systolic and diastolic values to calculate 

pulse pressure, which is then internally integrated within the prediction model. This data was 

loaded into the developed fall prediction algorithm, which used this information and predicted a 

fall risk indication of “High Fall Risk” (Risk score – 71.7). The proposed system's results are 

then compared to those of the MFS risk assessment. The MFS ranges from (0-100), while this 

developed work scale is from (0-1). To match up with the MFS the scaling of the proposed 

model has been converted to 0-100 from 0-1, where Normal (0-20), Low (21-40), Moderate (41-

60), High (61-80), and Emergency (80-100). Despite the variation in scaling between these two 

models, the risk indicators are the same. As a result, the risk assessment was conducted using 

MFS, and the anticipated MFS risk indication was “High Fall Risk” (Risk score 75). From the 

prediction comparison, this developed system has a predictive ability similar to MFS. The result 

of the simulation is illustrated in Figure 4.12, which demonstrates how the developed model 

predicts levels of fall risk from values in input datasets. The model translates the data input and 

allocates the risk levels based on it, enabling a structured calculation of fall probability. Figure 

4.13 presents the predicted risk score generated by the model as 71.7, which represents the final 

prediction score. This outcome was independently verified through manual mathematical 

calculations, confirming that the model’s computations were accurate. To further ensure the 

reliability of the developed model, an analysis was conducted in which the prediction results 

were individually cross-checked against the outcomes derived from the fuzzy rules. In addition, 

Figure 4.14 displays the outcome of using the Morse Fall Scale (MFS), a validated clinical 

assessment tool used to determine the risk of falling. The outcome of the MFS is a fall risk score 

of 75, which closely approximates the 71.7 predicted by the simulation with both the AI-1 

model and MFS predicting a High Risk of Fall. This concordance between the output of the 
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model developed and the validated clinical scoring system adds further support for the validity 

and accuracy of the proposed fall risk prediction model. 

 

Figure 4.12: Simulated Results from the Developed Model. 

 

Figure 4.13: Predicted Risk Score from the Developed Model. 
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Figure 4.14: Results from MFS Assessment Tool. 

4.8.5.2 Source – 2 Validation: Datasets obtained from PhysioNet 

based on an eICU Collaborative Research Database [186] 

This results analysis makes use of vital sign data from 10 older adults. The vital sign data was 

collected during their stays at various hospitals in the United States between 2014 and 2015 

[186]. Participant 1 (P1) has a history of coronary artery disease, while Participant 2 (P2) has 

had aortic valve replacement and is diabetic. Participant 3 (P3) was admitted for carotid surgery, 

and he has no previous health history, indicating that the patient is healthy based on the 

documents presented. Similarly, Participant 4 (P4) had a peptic ulcer (non-inflammatory illness) 

and was being treated for hypertension. Participants 5, 6, and 8 (P5), (P6), and (P8) were being 

treated for hypertension. Participants 7, 9, and 10 (P7), (P9), and (P10) have no previous health 

history. The obtained vital sign datasets of all 10 participants were loaded into the developed 

fall prediction model. The results obtained from fall prediction model show a “High risk of fall” 

(73%) for P1, for P2 “High risk of fall” (72%), for P3 “Normal - no risk of fall” (25%), for P4, 

P5, and P6 “Low risk of fall” (36%, 34%, and 47%),  for P7 and P8 “Normal - no risk of fall” 

(16% and 11%), for P9 “Moderate risk of fall” (62%), and for P10 “Normal” (25%).  

The acquired vital sign data was also analyzed with MFS, and the findings were compared to 

the developed model. The MFS results indicate a prediction risk indicator of “High risk of fall” 

for P1 and P2 (70%), “Low risk of fall” for P3 and P4 (20%), “Moderate risk of fall” for P5 and 
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P9 (35%), “Low risk of fall” for P6 (15%), “Low risk of fall” for P7, P8, and P10 (0%). The 

MFS scales from 0 to 100, including low, moderate, and high fall risk levels. Even though the 

risk level (%) fluctuates, the established model and MFS provide the same indication of fall risk 

prediction. To line up with the MFS, the scaling for the developed model has been converted to 

0-100 to showcase the results, which has been discussed in Table 4.7 which provides a 

comparison result analysis of the generated model and the MFS utilizing data from Source 2. 

Table 4. 7: Comparative Result Analysis using Source 2 

 

 

Participants 

 

 

Age 

Proposed Model MFS 

Predicted 

Risk Level 

Predicted 

Fal Risk 

Indicator 

Risk 

Level 

Fall Risk 

Indicator 

P1 76 73 High 70 High 

P2 67 72 High 70 High 

P3 77 25 Normal 20 Low 

P4 81 36 Low 20 Low 

P5 84 34 Low 35 Moderate 

P6 89 47 Low 15 Low 

P7 68 16 Normal 0 Low 

P8 74 11 Normal 0 Low 

P9 89 62 Moderate 35 Moderate 

P10 77 25 Normal 0 Low 

4.8.5.3 Source – 3 Validation: Datasets obtained from PhysioNet 

based on Early Prediction of Sepsis Clinical Data [187] 

The data gathered from this clinical investigation included information on participants of 

various ages. However, for this study, only the necessary data on individuals aged 60 or older 

who did not have Sepsis was retrieved and used for the outcome analysis. A total of 10 

participant datasets (each participant with more than 500 vital sign information checked 

independently) that met these requirements were acquired from this database and used as input 

for the developed fall risk prediction model. It is clear from comparing this data with the MFS 

that the results produced by the model that was developed closely matched those of the MFS. 

Table 4.8 shows a comparison result analysis of the generated model and the MFS utilizing data 

from Source 3. It is evident from the result analysis that using data from three distinct sources 

and the prediction results the developed fall risk prediction algorithm produces precise 

predictions based on the vital signs metrics. Examining the results for each source reveals that 

there is only a slight divergence from the MFS. Both the proposed model and the MFS produce 

comparable fall risk indicators. 
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Table 4. 8: Comparative Result Analysis using Source 3 

 

Participants 

 

Age 

Proposed Model MFS 

Predicted 

Risk 

Level 

Predicted Fal 

Risk 

Indicator 

Risk 

Level 

Fall Risk 

Indicator 

P1 83 57 Moderate 35 Moderate 

P2 68 42 Low 10 Low 

P3 70 40 Low 15 Low 

P4 70 72 High 70 High 

P5 75 22 Normal 0 Low 

P6 62 22 Normal 0 Low 

P7 88 22 Normal 15 Low 

P8 77 37 Low 25 Moderate 

P9 83 48 Low 15 Low 

P10 81 20 Normal 15 Low 

A total of 1159 vital sign data from 21 participants (Sources 1, 2, and 3) were used for 

simulation from the public repository, and the FPA approach was utilized to evaluate input data. 

In comparison to the Morse Falls Scale, the model produced TP (15), TN (5), FN (1), and FP 

(0), yielding an accuracy rate of 95.24%, specificity of 100%, sensitivity rate of 93.75%, and 

predictability of 100%. The emergency risk level indicator has not yet been tested using the 

current model. This can only be deduced during real-time testing, although real-time continuous 

data from elderly people may cause some alterations to the previously developed fuzzy rule. 

This will be considered for future work. 

4.8.5.4  Initial Testing of the Developed Model- Smart Watch 

Integration Using Fuzzy Logic  

A Tuya-enabled elderly smart watch (basic model with the health parameter) is used for this 

integration. Tuya is an AI and IoT platform service provider that offers cloud-based 

development and management platforms for programming, managing, and monitoring smart 

homes. Because this smartwatch contains a Tuya-controlled chip, it can be simply integrated 

with the Smartlife software. Initially, this research was funded by Callaghan Innovation from 

June 2022 – November 2023. During this period, the AI-1 model testing was carried out in 

Smartlife (IoT-based smart home company – Northshore, Auckland, NZ). The fuzzy rule and 

the fuzzy-based fall prediction algorithm were developed, and the model was integrated using 

the Smartlife app developed from Smartlife.  

Model Specification: Figure 4.15 

Type: Smart Watch  



 

82 

 

Model: KUMI KU3S  

Technology: Bluetooth and Alexa control  

Health Data Tracking: Yes  

Battery Capacity: 175mAh (can use it in full operation mode for a week without charging) 

 

Figure 4.15: Model of Tuya-Enabled Smartwatch. 

The pairing is done through the Smartlife Air application platform where all the third-party 

devices are linked to the main cloud. Once after connecting the Smartwatch with the Smartlife 

Air app, the information from the watch is collected and recorded into the cloud. The Fuzzy 

Logic rule-based algorithm is now implemented so that from the received input (health data 

from Smartwatch) the AI-1 model compares Blood pressure, Heart Rate, Pulse Pressure, and 

𝑆𝑝𝑂2 with the Fuzzy Rule and it identifies the Risk of a fall if any abnormality is detected. For 

the initial testing and to understand the reliability of the Smartwatch, the logic is created 

manually in the app, and the Fuzzy Logic-rule algorithm is then utilized to automatically predict 

the risk of a fall and inform the outcome using the physical prototype. Additional testing 

features such as Watch status (Online/Offline), 𝑆𝑝𝑂2 status (Low/Normal), and heart rate status 

(Low/Normal/High) are created in the Smartlife app. Figure 4.16 illustrates the integration of 

the Smartwatch with the Physical prototype. 

 

Figure 4.16: Smart Watch Integration Using Physical Prototype. 
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After the device connection and logic creation, an invitation will be sent to the Caregiver/ 

family members from the elderly participant's physical prototype, and upon accepting it, the 

family member/caregiver will get information about the health condition of the older adult. The 

data based on the health parameter will be compared with the logic, for example: if the 

measured Heart rate is High, then on comparing the value with the Fuzzy Logic rule, the alert 

message will be sent to the elderly and their direct links alerting them about the risk level and 

chances of falling. Figure 4.17 shows the results from the physical prototype. From the outcome 

received, a high heart rate and low oxygen level have been identified, hence the status is 

displayed as High risk of fall, and a notification will be sent to the older adults and their family 

members notifying the risk of fall. The final output will be obtained through the mobile app, 

Amazon Alexa. From the graphical representation, the status of fall risk will be sent to the 

linked contacts via notification/alert messages based on the severity of the identified 

abnormality.  

 

Figure 4.17: Risk Alert Notification through Physical Prototype. 

This physical prototype offers several potential applications: 

• Life-Saving – helps prevent falls and reduces the risk of injury. 

• Independent Living – enables individuals to live confidently without constant reliance 

on others or fear of falling. 
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• Early Disease Prediction – supports proactive healthcare by facilitating early detection 

of health conditions and can be extended to broader healthcare monitoring services, 

particularly in elderly care. 

• Safety and Security – ensures a safe, non-invasive system that alerts caregivers in case 

of emergencies or potential risks. 

• Smart Device Integration – the concept can be further expanded to other health-related 

applications and integrated with smart healthcare technologies. 

4.9 Conclusion 

The aim of the proposed Fuzzy-Based Fall Risk Prediction Model (AI-1 model) is to predict 

older adults at risk of falls so that the economic and personal burden relating to injuries caused 

by falls can be minimized. This developed model would be a very good companion for older 

people, possibly those who live alone, as it educates them about falling risks and the prevention 

of any further falls. The model focuses on continuous monitoring of vital signs (blood pressure/ 

heart-rate/ blood oxygenation) for early detection of fall-related abnormalities. Integrating this 

model into smartwatches for real-time monitoring can alert the elderly and their caregiver in 

most cases, enhancing proactive fall prevention. This is demonstrated and proved in the above 

section. One of the advantages of the proposed model is the accuracy level of 95.24% accuracy 

with 100% specificity and 93.75% sensitivity with respect to the MFS using data from three 

sources. Further analysis based on behavior parameters will be carried out in the next chapter to 

derive conclusive predictive values of the model in terms of types of falls that can be avoided. 

The future goal of this work is to develop an overall fall risk monitoring system to predict a 

future fall in older adults involving real-time motion data integrated with vital sign monitoring. 

This is also discussed in the next coming chapters.  
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Chapter 5. Proposed AI-2 Model: Deep Belief Network-Based 

Fall Risk Prediction System 

5.1 Introduction 

The development of advanced monitoring techniques as well as the prediction and prevention of 

falls in the elderly population have been the primary focus of recent research. High-performance 

fall prediction requires a comprehensive understanding of key features such as gait 

measurements, balance, muscle strength, and environmental factors. According to studies 

in [191], 50%-80% of patients admitted to emergency departments for falls with injuries 

identify environmental home risks as the cause of their falls. Determining these indicators, 

along with the integration of wearable sensor data, medical history, and demographic data, can 

significantly improve predictive precision. This chapter provides an overview of the 

development of an intelligent fall risk prediction model that forecasts future falls among the 

elderly by continuously monitoring their ADLs and detecting abnormalities. To demonstrate the 

capabilities of deep learning to anticipate early fall risk, the model is built on a DBN and uses 

advanced AI techniques such as contrastive divergence for pre-training, backpropagation for 

fine-tuning, and the Adam Optimizer for minimizing loss. This could lead to more prompt 

treatment, lowering the frequency and severity of falls among the elderly. Evaluation of the 

developed model is achieved by assessing prediction outcomes with conventional fall prediction 

techniques and Ground Truth (GT). These findings demonstrate that contemporary deep 

learning technology can be effectively used to improve earlier fall risk prediction, hence 

minimizing the likelihood and severity of falls among the elderly. DBN's success exemplifies 

AI's transformative potential in elder care, enabling autonomy and optimizing quality of life. 

The extraordinarily high sensitivity and specificity rates represent significant advancements 

over prior falling prediction methodologies, with this technology providing a useful aid to fall 

prediction. 

5.2 Behaviour-Based Monitoring 

Behavioural monitoring, which uses sensors with artificial intelligence algorithms and wearable 

sensors, aims to detect health risks such as falls and declining cognitive capacity [192]. This 

gives the healthcare professionals information the knowledge of whether the medicine is being 

misused or is no longer effective by observing changes in behaviour, mood, and movement. The 

use of smart home technology and remote health monitoring supports the concept that assisted 

living facilities can enter real-time alerts and predictions. Studies in New Zealand [193], such as 

at AUT and the University of Otago, have looked into AI-based monitoring systems and smart 

home technologies, pushing for a method that might lead to independence and fall prediction. 
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Figure 5.1 shows the range of smart devices used for behaviour-based monitoring in older 

adults.  

 

Figure 5.1: Behaviour-Based Monitoring Smart Devices. 

Vision-based methods concentrate on depicting, segmenting, and recognizing human motions 

that include hand and body gestures as well as facial expressions. As a result, computer vision 

encompasses various techniques that act in both temporal and spatial realms. A study in [31] 

addresses the critical topic of forecasting falls, particularly flat falls, which can result in 

significant injury to the elderly. It describes a unique method for detecting gait patterns using 

computer vision and machine learning algorithms, to improve fall prediction accuracy. To 

highlight some of the numerous gait motions, 750 recorded clips of participants performing 

various activities such as walking and simulated falling are analyzed. Pose estimation and 

feature extraction algorithms are used to identify key spots on the human body in motion 

pictures and extract meaningful gait dynamics features such as stride, length, speed, and 

physical posture. Four machine learning algorithms such as CNN, SVM, KNN, and LSTM 

neural networks are utilized to automatically categorize three different gait patterns. The 

proposed strategy is 94.5% accurate in flat fall prediction and outperforms previous methods. 

Similarly, a study in [34] suggested using deep learning to foresee falls among the elderly 

through a real-world dataset built by observing 50 individuals' walking patterns for 60 seconds 

at 50 frames per second. This dataset consists of recordings of individuals conducting various 

activities such as normal walking and simulated falls, and it is critical to the model's training for 

normal versus abnormal gait pattern distinction. Before analysis, data is pre-processed, 

including normalization and segmentation of gait cycles, to improve quality and ensure that it 
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meets the requirements for deep learning models. For the model to learn efficiently from time-

series data, the gait images are processed to extract features using CNNs, and the gait sequences 

and temporal correlations are learned using LSTM networks. The suggested Deep CNN 

(DCNN) model is compared to the standard CNN and ResNet50 models, and it is discovered 

that the DCNN has a high detection probability with a low number of false positives. In 

comparison to traditional models, the suggested DCNN has the greatest prediction rate of 

98.64%. 

In [194], a study was undertaken to enhance the accuracy of fall prediction systems by 

analyzing human bone critical points to predict falls in the elderly. Data was collected using 

motion capture techniques to obtain the skeleton critical points of various actions, such as 

walking and falling. The study makes use of the University of Montreal's publicly available 

Multiple Cameras Fall dataset, which contains 192 recordings of 24 different fall scenarios 

captured from various angles using eight cameras. The model identifies major skeletal locations, 

such as joints and limbs, that represent a person's posture and movement patterns. Transfer 

learning is subsequently applied to train a CNN on this database, resulting in a new fall 

prediction model. This approach is unique in that it uses bone maps created from photographs 

for fall prediction. The final experimental findings suggest that the new system has an accuracy 

rate of 91.7%. 

A study published in [195] describes a cutting-edge strategy for detecting and forecasting falls 

using transfer learning and transformer models. The MPOSE dataset contains 15,429 samples 

from 100 people across 20 activities such as walking, jogging, and so on. Pre-trained CNNs, 

such as ResNet, are used to extract video frame information. These attributes are fed into a 

transformer model, which outperforms temporal sequence analysis using attention mechanisms 

to identify major frames concerning falls. Transfer learning, combined with transformers, is 

used to improve fall detection and prediction. The transformer model processes sequential video 

data, identifying frames with a higher fall risk to improve the system's prediction power. The 

model achieved 96.4% fall detection accuracy by combining transfer learning for feature 

learning and transformers for temporal analysis. 

Gait has also been recognized as a primary indicator of falls and fall risk evaluation. Another 

method of evaluating an individual is to look at their gait symmetry and stability, which shows 

constancy of safe movement [165]. A study in [30] discusses using wearable technology to 

predict fall risks among older adults who live independently, emphasizing the growing problem 

of falls leading to serious outcomes such as fractures and hospitalization. The investigation 

included 171 individuals aged 56 to 90, with a mean age of 74.3 ± 7.6 years. All the participants 

walked ten meters while wearing wireless sensors on their chests. To build the model, 127 

individuals' trunk movements were analyzed for fall risk, and to differentiate fallers from non-
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fallers the linear and nonlinear approaches were used. The wearable sensors continuously 

evaluated gait, balance, mobility, and other biomechanical factors without requiring intrusive 

procedures. Machine learning methods such as decision trees, SVM, and neural networks were 

used to classify the obtained data as low or high fall risk. The models were further evaluated 

against actual fall incidences collected during the study, with the neural network providing the 

highest accuracy (87%). 

Similarly, a study in [196] focuses on explainable predictions and examines how gait analysis 

and geriatric evaluation can forecast fall risk in older adults. This simplifies physicians' and 

carer's comprehension of how personal characteristics relate to falling risks, allowing them to 

make more educated intervention options. The study integrates gait measurements with geriatric 

assessments, including physical, cognitive, and clinical aging. Standardized tests for geriatric 

assessment were utilized, including ADL, Instrumental ADL (IADL), Geriatric Depression 

Scale (GDS), Mini‐Mental State Examination (MMSE), and Short Form Survey (SF12). 

TigerPlace, Columbia Aging-in-Place, recruited 92 participants to foresee 6-month fall risk 

utilizing geriatric examinations, spatiotemporal gait measurements, and previous falls. ADL, 

IADL, Functional Ambulatory Profile (FAP), Gait Speed, and Physical Component (PCS) were 

all more predictive of falls. Fall risk models can help physicians evaluate individual evaluations 

quickly and take early steps to reduce future falls. Explainability approaches such as SHAP 

(SHapley Additive Explanations) were used to identify the specific gait metrics or geriatric 

examination scores most responsible for the prediction of fall risk. Overall, the predictive 

machine learning frameworks for fall risk were at 85%, and the addition of explanations is 

critical since it allows for more focused strategies to reduce falls among older adults. 

The study in [197] applies wearable sensors and deep learning models to predict falls more 

accurately. It focuses on the Sisfall dataset, which consists of data from 38 participants carrying 

out daily activities and 15 fall classes. Over 4500 experiments were captured by sensor 

accelerometers and gyroscopes. CNNs and LSTM networks were used to handle sensor data in 

time. A hybrid Convolutional Long Short-Term Memory (ConvLSTM) model was proposed by 

combining CNNs for spatial characteristics and LSTMs for temporal dependencies. The hybrid 

model improves early fall detection and reduces false alarms. Assessment based on different 

techniques and window lengths improved prediction accuracy to 90%. One-second advance fall 

prediction is the goal, which will allow elderly people to take precautions. This work offers an 

effective solution for instantaneous fall detection and prevention using wearable devices. 

Another novel method introduced in [198] combines two algorithms: one estimating the 

probability of a fall from ADLs and the other classifying if the activity is a fall or not. In this 

model, three IMU sensors are utilized, mounted on the thoracic, hip, and knee joints, with 

quaternions as the orientation representation. It calculates joint angles from a T-pose skeleton as 
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a reference coordinate. With the IMU that has real-time human movement data, the model was 

efficient with an average sensitivity of 70.4% for training 71.4% for testing, and a specificity of 

75.3% on average for training and 75.5% for testing. The logistic regression model obtained 

88% overall training accuracy and 87.75% overall testing accuracy. Based on Human Body 

Kinematics (HBK), this model can differentiate between non-falls and falls among the elderly. 

Based on the comprehensive background analysis of behaviour monitoring, it is evident that 

wearable devices, combined with advanced AI and machine learning algorithms, can 

significantly enhance fall prediction strategies, enabling timely interventions to minimize 

incidents and enhance the quality of life for the elderly. However, monitoring through vision 

presents a computational challenge; even low-resolution video needs extensive data preparation 

due to the dense information it contains. More current video monitoring applications fail to 

leverage all available data in real-time, focusing only on specific elements. Although computer 

vision systems can identify objects in video footage, they struggle to process all aspects 

concurrently. Additionally, many fall prediction studies utilize CNN, DCNN, and SVM for 

prediction and classification, often relying on simulated data collected from actors or younger 

individuals and not from older adult's continuous monitoring data. Most research effectively 

uses daily activities, such as ADLs, as parameters for predicting fall risk through various 

methods, including HAR, wearable sensors, gait patterns, skeletal imaging, or assessment tools. 

This highlights the crucial role ADLs play in forecasting fall risks, particularly future falls. 

 

Figure 5.2: Worldwide Statistics of Fall Detection and Prediction Research:2020-2024. 

Fall prediction and detection research have increased significantly in recent years, with most 

countries making efforts towards conducting this research, as discussed in [199]. Figure 5.2 

depicts the world trend of fall detection and prediction research from 2020 to 2024, obtained 

from Google Trends. Even though most modern smartphones and intelligent systems nowadays 

feature AI-driven fall detection systems, there has been a substantial shift towards fall 
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prediction. This area has been given significant research focus since 2020, bearing in mind that 

fall prediction before occurrence is more useful than fall detection after occurrence. Globally, 

and especially in countries like New Zealand, more and more research is being carried out to 

improve fall prediction methods among elderly people, as presented in [200]. In general, the 

trend is shifting towards prevention, with the presumption that prevention of falls is more 

beneficial than curing their aftermath. 

5.3 Importance of ADLs 

As previously stated in Chapter 2, Section 2.2, risk factors for falls can be classified as intrinsic 

or extrinsic. Age, gender, ethnicity, postmenopausal status, low BMI, cognitive and sensory 

impairment, musculoskeletal problems, balance issues, a history of falls, and the intake of 

certain medications are all intrinsic risk factors [201]. Sedentary lifestyles, malnutrition, 

slippery, uneven flooring, outdoor floor surfaces, poor lighting, ill-fitting footwear, and other 

external distractions are examples of extrinsic risk factors for falls [166]. These must be 

examined for, as they are typically environmental hazards. Multiple research listed in [202] 

focus on fall detection while doing ADLs such as walking, running, toileting, dressing, and 

showering. The ADLs are then divided into Basic ADLs (BADLs) and IADLs. BADLs include 

basic skills for meeting basic bodily demands such as personal hygiene, dressing, toileting, 

transferring, and feeding. IADLs are more complicated independent living skills, such as money 

and drug management, meal preparation, household cleaning, and laundry. A prospective 

observational study in [176] evaluated pre-admission and post-hospitalization ADL function 

and found that older adults are released with decreasing ADL performance from baseline. 

Another study in [203] is based on Japan's Ministry of Health, Labour, and Welfare (MHLW) 

and uses a public measure of ADL known as the bedriddenness rank, which is broadly used in 

Japan's long-term care insurance. This measure reflects how much a patient is immobilized 

during the day, such as in a bed, a chair, or at home, although no fall prediction model utilizing 

this rank has been demonstrated. According to studies, weakness of muscles, a history of falls, 

gait abnormality, and balance impairment are the best predictors of falls in older adults. Patients 

aged 65 and above should be examined for a history of falls as well as difficulties walking or 

balancing to identify those who are most at risk. 

A person's independence and health can be evaluated through ADLs. Learning to perform one's 

own ADLs reveals a lot about a person's functional state, particularly in elderly people, where 

the limitations in ADLs typically point to underlying medical conditions, frailty, 

neurodegeneration, or need for surgery. In healthcare and long-term care settings, ADL 

performance is measured because it enables the planning of suitable interventions, the 

assessment of extended care services and protection coverage eligibility, and the identification 

of the need for support with caring. The inability to do ADLs is also linked to an increased risk 
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of falls, hospitalization, and a general decline in health. Furthermore, the availability of modern 

technology, such as wearable sensors and artificial intelligence-based monitoring systems, 

enables real-time monitoring of ADL performance, enabling early diagnosis of functional 

deterioration and interventions. ADL independence is critical for older individuals' dignity, 

confidence, and quality of life; hence ADL evaluation has become a major component of 

geriatric care and policy formulation. 

5.4 ADL Parameter Selection 

Physical frailty, obesity, medical conditions, and the emotional impact of losing close family 

members like spouses, kin, or friends all contribute to older adults’ decreased capacity to 

undertake personal ADL. When left ignored, this can lead to social isolation and a significant 

risk of falls [204]. The assessment of a participant’s physical and health status is directly 

concerning the ability to perform his or her everyday activities, which are critical for 

maintaining daily routines and general well-being. In recent decades, numerous research has 

concentrated on continuous monitoring of ADLs among the elderly [205]. Monitoring ADL can 

dramatically improve care for older adults by boosting safety and quality of life while also 

allowing for early detection of critical events such as disease onset or falls, allowing for 

appropriate intervention. Long-term monitoring also provides valuable information to 

healthcare providers, allowing them to make data-driven decisions about the progression of 

health issues. Elderly people who struggle with fundamental ADLs such as meal preparation, 

eating, bathing, or ascending and descending stairs, or who do not adhere to their medications 

properly, are likely to have a significant decrease in their well-being and health condition, as 

well as a fall. 

 

Figure 5.3: Behaviour Parameter Selection. 

Based on the background research undertaken in [206] and [207] on monitoring abnormal 

behaviour patterns in the elderly, a solid understanding of the importance of ADLs in fall 
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prediction is gained. As a result, this study focuses on five essential ADLs that help predict 

future falls in older adults.  

• Sitting 

• Standing 

• Walking 

• Running 

• Jumping 

Figure 5.3 depicts the behaviour parameters chosen for this proposed research. The essential 

functioning of older adults depends on all five ADLs. This chapter focuses on estimating the fall 

risk in older adults during their regular activities and workouts, which are directly related to 

their health parameters. Since behaviour patterns are influenced by health and vice versa, 

tracking these variables will provide useful information for the DBN model, which predicts fall 

risk. Activities such as sleeping and lying down are not included in this proposed work as they 

can result in fall detection scenarios that are outside the scope of this research. The long-term 

activity monitoring dataset, which includes recordings of older adults practicing ADLs, was 

collected from a public repository. The raw data is then converted into the appropriate ADLs 

using the ADL conversion technique described in Section A.2 of the Appendix. These ADLs are 

then utilized as input into the DBN model, which predicts the likelihood of future falls. 

5.5 Deep Belief Networks (DBN) 

DBNs are models that learn features from data by combining multiple layers of random 

variables. According to [132], they employ direct connections from the upper layers to the lower 

layers and link the top two layers in a way that helps them retain knowledge. Two main 

advantages of DBNs are their ability to quickly learn the relationships between layers and their 

ability to infer values in the hidden layers from observable data in a single step. Learning occurs 

one layer at a time, with the output of a single layer serving as training information for the next 

layer (unsupervised learning). This approach can be improved by fine-tuning the model for 

greater precision (Supervised Learning). DBNs are very successful at handling complex data 

because they pre-train feature detectors with acquired information [208]. Furthermore, DBNs 

enable transfer learning and may support both supervised and unsupervised learning 

methodologies, making them ideal for a collection of complicated tasks namely as data, picture, 

and speech recognition. Overall, DBNs' unique structure and learnability make them an 

adaptable predictive tool for a variety of applications. Figure 5.4 shows an outline of the DBN 

structure in AI. 

A study published in [209] discusses the advancement of detection and classification of cardiac 

arrhythmia illnesses caused by breakdowns in electrical signal conduction within the heart. For 
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efficient feature extraction of the ECG signal, they employ the unsupervised DBN and a 

straightforward logistic regression (LR) classifier. Measures like precision, recall, specificity, 

and the F1-score are used to compare the effectiveness of this parameter extraction with 

unenriched, plain data. The DBN-LR framework outperforms a 1D traditional approach by 5% 

and a non-feature extraction approach by 10%. This demonstrates DBN’s effectiveness in 

enhancing data features to improve arrhythmia detection accuracy.  

 

Figure 5.4: DBN Overview. 

A new approach to cervical cancer screening based on a DBN model is presented in [210]. The 

study focuses on automating the diagnosis process by analyzing colposcopy images, which are 

required for the detection of pre-cancerous lesions. A multi-layer structure is used to extract 

valuable information from photos and categorize the stages of cervical cancer. As a result, DBN 

automatically learns the hierarchy of characteristics from colposcopy images, allowing the 

model to differentiate between normal and higher-than-normal tissues. When compared to 

traditional methodologies, the model performs significantly compared to the classification 

accuracy, sensitivity, and specificity. The proposed DBN-based technique shows promising 

findings, showing that it will be a useful tool for the early identification of cervical cancer, 

perhaps leading to better patient outcomes. 

Another DBN model is used in [211] to provide a new, advanced technique for heart disease 

prediction. The DBN model structure combines the Ruzzo-Tompa method and a Stacked 

Genetic method to enhance the model's accuracy and efficiency. The study demonstrates the 

importance of appropriate feature selection and optimization for improving Bayesian Networks' 
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prediction abilities. Using these strategies, the Optimally Configured and Improved Deep Belief 

Networks (OCI-DBN) model can detect patterns and correlations in data with improved 

accuracy when predicting the risk of heart disease. When compared to existing classical 

methods, it demonstrated enormous gains in predicting accuracy over OCI-DBN methodologies. 

Such approaches indicate that this method is a potential option for early diagnosis of heart 

disease, which can lead to earlier intervention and better patient management. As mentioned in 

the findings above, DBN outperforms other neural networks in terms of prediction accuracy.  

Although extensive research has been conducted on falls, fall detection, and some aspects of fall 

prediction and prevention in the elderly, numerous challenges remain in the current fall analysis 

systems. One effective solution is to implement deep learning models capable of predicting the 

underlying conditions and contributing factors to various problems. In [212], an advanced 

prediction algorithm for the risk of Coronary Heart Disease (CHD) is presented, which responds 

to the global concern over mortality, which remains a serious problem despite advances in 

modern medicine. They developed an Optimized Deep Belief Network (Optimized-DBN) that 

was tuned with a genetic algorithm to give the ideal number of layers and nodes. An accuracy of 

89% was recorded by this model, beating Framingham and standard DBN techniques. The 

results indicate that the optimized DBN gives a highly accurate and reliable prediction of the 

risk of CHD. Herein, the fuzzy deep belief network-based classifier called Deep Belief 

Networks-based Takagi-Sugeno-Kang Fuzzy Classifier (DBN-TSK-FC) is developed in [213], 

combining DBNs with a fuzzy system for predicting indoor user movements in assisted living 

environments. It uses Fuzzy C-Means clustering to create fuzzy rules and unsupervised DBN 

pretraining to build a neural representation. Merging these two approaches with machine 

learning eliminates the need for slow fine-tuning. Tests on the Movement using the Ambient 

Assisted Living - Received Signal Strength (AAL_RSS) dataset show that DBN-TSK-FC 

effectively predicts user movements, making it a promising tool for assisted-living applications. 

An intelligent framework described in [214] was introduced to classify, detect, and notify 

elderly falls using a personal mobile phone to capture tri-axial acceleration. The system 

processes the data by extracting relevant features following preprocessing and time-stamping 

the test sets from a stationary window. A Deep Belief Network is employed to train and test the 

framework on two public datasets, which include nine fall classes and a single class of everyday 

activities. The simulation outcomes of the Temporal Fall (T-fall) and Mobile Fall detection 

(Mobi Fall) datasets reveal that the framework achieved a high precision of 97.56% with a 

sensitivity of 97.03% and specificity of 100% and surpassed nine other comparable studies. The 

results prove the effectiveness of the framework in identifying and preventing falls among 

elderly individuals. A comprehensive overview of fall prevention among elderly patients is 

provided in [67], which provides a detailed overview of various categories of falls among the 

elderly and available technologies used for the prediction and prevention of future falls. The 
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findings indicate that a significant percentage of falls among individuals above 60 years of age 

is caused due to imbalances in ADL. 

Monitoring these activities and predicting falls before they happen is highly likely to reduce the 

risk of injury and mortality. Thus, a clear need for a standardized fall prediction method in older 

adults is evident. For these reasons, this research involves integrating ADLs into DBN and to 

estimate the chance of future falls among older adults. This study focuses on quantifying ADLs 

and using DBN models to foresee future falls in the elderly, as stated in the following sections. 

As far as can be determined, this is the first model that employs a DBN to predict falls in older 

adults using only ADLs and medical history. 

5.6 Proposed DBN-Based 3-Stage Fall Risk Prediction System 

The current research aims to predict future falls in older adults and classify the fall risks as Low, 

Moderate, or High. The elderly and their family members will receive an alert concerning the 

possibility of a future fall, which will be discussed in detail in the thesis's future work section. 

Initially, data on older persons for this research was obtained from public repositories for model 

training and testing. The ADL conversion method outlined in Section A.2 of the Appendix is 

then used to transform the raw data into the relevant ADLs. The DBN model then uses these 

ADLs as input to forecast the probability of future falls. ADLs with a corresponding time for 

each participant serve as the input variables for the DBN model.  

The approach considers five activities of daily living (ADLs) for elderly participants: sitting, 

standing, walking, running, and jumping. Each ADL is weighted according to its significance in 

fall prediction: sitting (0.2), standing (0.4), walking (0.6), running (0.8), and jumping (1.0). 

These weighted inputs are evaluated on each of the three DBN-based fall prediction models 

using the developed DBN-based Fall Risk Prediction Algorithm (DBN-FRPA). Pre-training of 

all DBN models is done using several Restricted Boltzmann Machine (RBM) architectures: 

DBN 1 → RBM 1-layer hidden nodes [128, 64, 32]; DBN 2 → RBM 2-layer hidden nodes [64, 

32, 16] and DBN 3 → RBM 3-layer hidden nodes [32, 16, 8]. Figure 5.5 provides an overview 

of the proposed three-stage DBN-based fall risk prediction model. The input data is initially 

processed in DBN 1, where it is checked to determine whether it is in the "Low Fall Risk" 

category. If not, the data is passed on to DBN 2, which checks and assigns it to the "Moderate 

Fall Risk" category. If the data is not in the moderate-risk category, it is further processed by 

DBN 3, which assigns it to the "High Fall Risk" category. Each DBN receives its own 

transformed version of the input data from the respective RBM layers. The DBN-based Fall 

Risk Prediction Algorithm (DBN-FRPA) is designed using a combination of ADLs and is 

explained in Algorithm I (DBN-FRPA) – Pseudocode.  
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Figure 5.5: Architecture of the Developed 3-Stage DBN-Based Fall Risk Prediction System. 

 

Figure 5.6: Network Structure of Proposed 3-Stage DBN-Based Fall Risk Prediction System. 

To improve prediction accuracy, several enhancements are proposed for the unsupervised 

training models and fine-tuning procedures. The DBN models undergo pre-training using 

Contrastive Divergence in an unsupervised manner, starting from the bottom layer and 

progressing upwards. In the fine-tuning phase, a top-down approach is used, where 

backpropagation, optimized by the Adam optimizer, is employed to update the weights. A 

binary classifier is applied as the activation function.  The model is trained using 80% of the 
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data, with 20% reserved for testing. Using this developed DBN-based fall prediction model, the 

risk of future falls is effectively predicted. The Network structure of the proposed DBN model 

is depicted in Figure 5.6.  

DBN-based Fall Risk Prediction Algorithm 1 (DBN-FRPA): Pseudocode of the Proposed 

Model (Figure 5.5) 

Input: X → ADLs (Sitting, Standing, Walking, Running, Jumping) 

          Y → Fall risk level (Low, Moderate, High) 

Output: Ŷ→ Predicted fall risk levels 

1. Data extraction from the input parameters  

2. Feature extraction → Feature extracted data to the 3-stage DBN-based fall risk prediction 

model.  

a) Data Normalization → min-max normalization to each feature X: 

𝑋′ = 
𝑋 − 𝑋𝑚𝑖𝑛

𝑋𝑚𝑎𝑥 − 𝑋𝑚𝑖𝑛
 

b) Label Encoding: Y → target labels using label encoding  

𝑌𝑒𝑛𝑐𝑜𝑑𝑒𝑑 = 𝐿𝑎𝑏𝑒𝑙 𝐸𝑛𝑐𝑜𝑑𝑒𝑟 (𝑌) 

c) Data Splitting → Split the normalized data X′ and encoded labels 𝑌𝑒𝑛𝑐𝑜𝑑𝑒𝑑  into training and 

test sets: 

(𝑋𝑡𝑟𝑎𝑖𝑛, 𝑋𝑡𝑒𝑠𝑡 , 𝑌𝑡𝑟𝑎𝑖𝑛 , 𝑌𝑡𝑒𝑠𝑡) =  𝑡𝑟𝑎𝑖𝑛_𝑡𝑒𝑠𝑡𝑠𝑝𝑙𝑖𝑡(𝑋
′, 𝑌𝑒𝑛𝑐𝑜𝑑𝑒𝑑 , 𝑡𝑒𝑠𝑡𝑠𝑖𝑧𝑒 , 0.2) 

3. RBM Pre-Training for DBN Layers: Pre-train each layer using Restricted Boltzmann 

Machines (RBM) with contrastive divergence: 

     Layer 1 (RBM1): 𝑋𝑡𝑟𝑎𝑖𝑛_𝑟𝑏𝑚1 = RBM1 (𝑋𝑡𝑟𝑎𝑖𝑛) 

     Layer 2 (RBM2): 𝑋𝑡𝑟𝑎𝑖𝑛_𝑟𝑏𝑚2 = RBM2 (𝑋𝑡𝑟𝑎𝑖𝑛_𝑟𝑏𝑚1) 

     Layer 3 (RBM3): 𝑋𝑡𝑟𝑎𝑖𝑛_𝑟𝑏𝑚3 = RBM3 (𝑋𝑡𝑟𝑎𝑖𝑛_𝑟𝑏𝑚2) 

4. Define DBN Architecture: Initialize a DBN model with three layers corresponding to the 

pre-trained RBMs: 

DBN = Sequential ([dense (128), dense (64), dense (32), dense (1)]) 

Optimizer = adam, loss = binary_crossentropy 

5. Train DBN Models: Fine-tune DBN model using backpropagation on the labelled data. 

DBN.fit(𝑋𝑡𝑟𝑎𝑖𝑛_𝑟𝑏𝑚, 𝑌𝑡𝑟𝑎𝑖𝑛) 

• DBN1: Architecture → [128, 64, 32] 

• DBN2: Architecture → [64, 32, 16] 

• DBN3: Architecture → [32, 16, 8] 

6. Transform the test data through the RBM layers: 

𝑿𝒕𝒆𝒔𝒕_𝒓𝒃𝒎𝟏 = 𝑅𝐵𝑀1. 𝑡𝑟𝑎𝑛𝑠𝑓𝑜𝑟𝑚(𝑋𝑡𝑒𝑠𝑡) 

𝑿𝒕𝒆𝒔𝒕_𝒓𝒃𝒎𝟐 = 𝑅𝐵𝑀2. 𝑡𝑟𝑎𝑛𝑠𝑓𝑜𝑟𝑚(𝑋𝑡𝑒𝑠𝑡_𝑟𝑏𝑚1) 

𝑿𝒕𝒆𝒔𝒕_𝒓𝒃𝒎𝟑 = 𝑅𝐵𝑀3. 𝑡𝑟𝑎𝑛𝑠𝑓𝑜𝑟𝑚(𝑋𝑡𝑒𝑠𝑡_𝑟𝑏𝑚2) 

7. Cross-validation using testing dataset → Determine the accuracy, specificity, and sensitivity 

of the model. 
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 metrics= [122] 

8. Result Evaluation → validate the findings and predict fall risk levels Ŷ 

 

 The workflow structure of the developed DBN model is shown in Figure 5.7.  

 

Figure 5.7: Workflow Structure of Developed DBN Model. 

Unsupervised Pre-Training: Pre-training is one of the most important processes of machine 

learning, especially for deep learning and neural networks, whereby a model is pre-trained with 

a bigger dataset before fine-tuning on a limited, more focused task. Pre-training helps the model 

in its ability to learn representations effectively, primarily when the labelled data are limited. In 

deep learning, pre-training is extensively used in unsupervised learning to initialize the 

network's weights before fine-tuning the network with supervised learning [215]. One of the 

best examples mentioned in [216] based on DBNs, where a greedy layer-wise pre-training 

procedure is used to learn feature representations before performing supervised classification. 

Similarly, in natural language processing (NLP), BERT (Bidirectional Encoder Representations 

from Transformers) and GPT (Generative Pre-trained Transformer) models are trained on 

extensive datasets of text data to learn language structures before they are fine-tuned for tasks 

like sentiment analysis, translation, or question answering [217]. Pre-training significantly 

reduces training time and generalization by allowing models to benefit from knowledge already 

learned before. It is especially helpful for deep architecture since training from scratch is 

computationally expensive and necessitates enormous amounts of labelled data. 
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The developed DBN model consists of three RBM layers, i.e., RBM_1, RBM_2, and RBM_3, 

with [128, 64, 32], [64, 32, 16], and [32, 16, 8] hidden units, respectively. The parameters were 

optimized through repeated trials and iterative training to ensure maximum accuracy. The RBM 

layers are trained by Contrastive Divergence (CD) one by one from the bottom layer to the top. 

CD is an efficient algorithm for training Restricted Boltzmann Machines (RBMs), which are the 

components of Deep Belief Networks (DBNs) [218]. It is an approximating method and is 

applied to estimate the gradient of the log-likelihood function through which the RBM learns 

the optimal weight distribution without running computationally costly computations. Each 

trained RBM layer acts as the input for the next layer, i.e., RBM_1, which is trained with the 

visible layer as input, serves as the visible layer for RBM_2 after training, and the same for 

RBM_3. This training is accomplished with the greedy layer-by-layer algorithm, as described in 

[43]. Each RBM is pretrained separately using contrastive divergence (CD) before fine-tuning 

the whole network. The network parameters were optimized using iterative training and several 

trials to achieve optimal classification accuracy. Greedy layer-wise training avoids stacking any 

RBM layers together until being pretrained separately. RBM_1 is the first hidden layer and 

pretrained on raw input data (visible layer). It gets trained using contrastive divergence (CD), an 

approximation of the gradient of the log-likelihood function in order to modify the weights. The 

trained RBM_1 computes the important features of input data. The output of RBM_1 is now 

taken as the new "input" of RBM_2 (i.e., the hidden layer of RBM_1 as the visible layer for 

RBM_2). RBM_2 takes the learned feature representation of RBM_1 as input and learns 

abstract higher-level features. CD is used once more to update the weights in RBM_2 in order to 

optimize feature learning. The output from trained RBM_2 is then accepted as input by RBM_3 

for optimization. RBM_3 optimizes the features optimized by RBM_2, learning deeper patterns 

from data. Contrastive divergence is used once more to optimize the model. After the top layer 

has learned, the entire network has thus been pre-trained without supervision, each RBM 

capturing meaningful representations at different levels. The unsupervised learning technique 

permits each of the layers to learn from the input data efficiently with weight distribution 

according to fall risk analysis: Sitting - 0.2, Standing - 0.4, Walking - 0.6, Running - 0.8, 

Jumping – 1.0. Risk levels are divided according to related weights: Low risk – 0.3, Moderate 

risk - 0.6, and High risk - 0.9. The unsupervised layers provide feature extraction and pre-

training so that each RBM layer can learn higher-order features of the data. The composition 

enables the DBN to uncover complex data features, where one RBM's output is the input for the 

next layer. 

Backpropagation and Adam Optimizer-based Fine-Tuning: Fine-tuning is also a machine 

learning method in which pre-trained models are trained on a small, task-focused dataset. It 

aims to adapt the learned representation of the model to a new task while being able to make use 

of the knowledge it picked up during pre-training [219]. Fine-tuning is extremely prevalent in 
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deep learning practice, particularly in transfer learning and neural networks, where pre-trained 

models are refined on large datasets are fine-tuned for specialized tasks such as sentiment 

analysis, image classification, medical diagnosis, or predictive analysis [215]. Fine-tuning 

involves training a part or the entire layers of the pre-trained model with a small learning rate to 

keep the features already learned earlier and learn the new data. Their method and success of 

better results are chiefly time-effective and allow re-training using limited labelled data. 

Backpropagation, also known as "backward propagation of errors," is a supervised learning 

approach for the training of artificial neural networks [220]. It minimizes the difference between 

deviated and actual outputs by modifying the neural network weights using the gradient descent 

optimization algorithm. Backpropagation enables deep networks to learn complex patterns and 

plays a significant role in building deep learning models namely convolutional and recurrent 

neural networks.  

• RBM_1 (First Hidden Layer - Low-Level Features) 

Input: Raw data (Sitting, Standing, Walking, Running and Jumping). 

Output: Extracts low-level features from the input. 

• RBM_2 (Second Hidden Layer - Mid-Level Features) 

Input: Features learned by RBM_1. 

Output: Recognizes higher-order relationships between features. 

• RBM_3 (Third Hidden Layer - High-Level Features) 

Input: Features learned by RBM_2. 

Output: Finds complex patterns in the dataset. 

After the RBM pre-training, the weights are fine-tuned by the supervised learning 

backpropagation method. The pre-trained DBNs are converted into fully connected feedforward 

neural networks with a specified architecture. This method adjusts the weights and biases of the 

network by the prediction errors. The network computes the difference between its prediction 

and the actual labels (y_train) using a binary cross-entropy loss function. Network parameters 

such as weights are optimized by optimization algorithms such as Adam Optimizer. Hence, after 

the Backpropagation of error, which is performed through the network, the weights are 

optimized to minimize the loss using an Adam optimizer. Fine-tuning is done for a fixed 

number of 10 epochs, and the weights are adjusted for each mini-batch of data. Finally, a binary 

classifier scales the output of all forecasted risk levels to correspond with the risk indicators: 

Low - 0.3, Moderate - 0.6, and High - 0.9. 
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5.7 Evaluation of the AI-2 Model 

This section evaluates the effectiveness of the developed DBN-based fall risk prediction 

framework through experimental result analysis. The system's accuracy is initially evaluated by 

assessing it with the Ground Truth, which is calculated from a combination of the MFS and the 

TUG Test. Finally, the effectiveness of the developed model is evaluated with other similar 

existing literature in this field. The simulations were executed on Visual Studio Code on a 

Windows 10 Enterprise machine with an 11th Gen Intel Core i7 processor (3.00 GHz) and 32 

GB RAM. 

5.7.1 Evaluation Metrics 

The developed model is assessed using real-time data from previous research obtained through 

PhysioNet. These datasets characteristics include,  

1) Age  

2) Sex  

3) History of Falls. 

4) ADL data  

The fall risk prediction evaluation approach is carried out by utilizing the metrics from Table 

5.1. Accuracy, Sensitivity, and Specificity are the measurements associated with TP, TN, FP, 

and FN. 

Table 5. 1: Evaluation Metrics 

Prediction Class 
Binary 

Classifier 
Description 

True Positive (TP) 1 when a risk of fall is identified 

True Negative 

(TN) 
0 when the participant has a Low risk of fall 

False Positive (FP) 1 
When a healthy older adult is notified of the 

risk of a fall (false alarm) 

False Negative 

(FN) 
0 

when there is a risk of fall but notified as 

normal 

5.7.2 Data Collection – ADL Data  

The model is trained on ADL datasets from older adults aged 65 to 87 who were recruited from 

PhysioNet's Long-term Monitoring Database [221]. To evaluate gait, stability, and fall risk, 71 

older adults residing in the community participated in a 3-day 3D accelerometer recording 

which constantly captured their daily activities for 75 hours. However, only 66 participants' 

recordings are present in the repository. In this thesis (in this proposed AI research), data from 

50 subjects with 65–75 hours of recordings were used for training, whereas data from 12 
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subjects were used for testing. Data from four subjects are excluded since their records are less 

than 30 hours. Every participant dataset is split into two groups: Fallers (Fx), who experienced 

more than two falls in a single year, and non-fallers, often known as the Control Group (Cx), 

who experienced either no falls or less than two falls annually. The recordings of the 

participants used for this research are formulated in Table 5.2.  

Table 5. 2: Description of Participants' Recordings – PhysioNet 

Data Analysis 
Participant 

count 

Total elderly participant data as mentioned in PhysioNet 71 

Total records found 66 

Usable participants dataset for research 62 

Data with missed recordings that are not usable 4 

Total Training Data used 
50 (Fx-21, 

Cx-29) 

Total Testing Data used 
12 (Fx-7, 

Cx-5) 

Data Preprocessing: The unprocessed data from the 3D accelerometer is divided into six signal 

categories: vertical (v)_acceleration, medio-lateral (ml)_acceleration, antero-posterior 

(ap)_acceleration, yaw_velocity, pitch_velocity, and roll_velocity.  

• ap_acceleration: X-axis – Measures side-to-side movement (lateral shifts). 

• ml_acceleration: Y-axis – Measures forward and backward movement (Walking, 

Running). 

• v_acceleration: Z-axis – Measures vertical movement (up and down → Sitting, Standing, 

Jumping). 

• roll_velocity: X-axis – Longitudinal axis measures tilting/rotation of object front and back. 

• pitch_velocity: Y-axis – Lateral axis measures tilting/rotation of object side-to-side. 

• yaw_velocity: Z-axis – Vertical axis measures tilting/rotation. 

The clock frequency is set to 100 ticks per second, with one tick representing one sample from 

each of the six types of signals received along the timeline. Figure 5.8 depicts the raw signals 

recorded using the 3D accelerometer from Participant ‘C2’. The dense overlapping peaks in the 

figure suggest a period of rapid motion or activity (possibly walking or transition phases such as 

sit-to-stand). The grid background provides scale for both time (x-axis) and intensity (y-axis). 
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Each signal must be filtered and pre-processed to remove noise before feature extraction for fall 

prediction. 

The signal shows the graphical plots for all 6 metrics with respect to time and this can be further 

simplified into numerical values as shown in Figure 5.9.  

 

Figure 5.8: Raw Accelerometer Signal obtained from PhysioNet. 

 

Figure 5.9: 3D Accelerometer Numerical Signal Values.  

The graphical representation of the six signals is displayed in Figure 5.10 obtained from 

Participant ‘C2’. All six signals have been derived using the numerical information provided by 

PhysioNet similar to Figure 5.9, so that the similarity and relation of each signal to the others 

may be identified and represented. Visual Studio Code is used to translate and transform raw 

accelerometer data into matching ADLs using threshold-based methods. Each participant's 
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dataset in this proposed research has over 10,000 records from the 3D accelerometer sensor. 

Data conversion is carried out following the procedure given in [222], which specifies how to 

identify ADLs from raw recordings. These research-specific ADLs, namely sitting, standing, 

walking, running, and jumping, were then employed to train and test the built DBN model. 

Fallers and non-fallers data were gathered for every 10-minute interval (10 minutes x 60 

minutes each hour x 75 hours over three days) and then converted into comparable ADLs. This 

pre-processed data serves as the input for the developed AI-2 model.  

 

Figure 5.10: Six Signal Categories of the Accelerometer Data Obtained from Participant C2. 

 

Figure 5.11: 3D Accelerometer Data of Participant C2. 
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Figure 5.11 displays the 3D accelerometer data obtained from participant ‘C2’ recordings. The 

recorded acceleration data was extracted for every 10-minute interval, with ADLs identified for 

every second. Labels marked as "Unknown" are generated when elderly individuals are 

performing tasks such as lying down or using stairs (both up and down). Because these actions 

are unrelated to the proposed work, they are classified as Unknown, which falls under the 

threshold of 0. In this similar manner, the raw data is converted to the corresponding ADLs. 

This processed data subsequently serves as input for the developed model. The input file fed 

into the DBN model includes historical fall data and ADLs (sitting, standing, walking, running, 

and jumping) with respect to time for each participant. An explanation of the ADL conversion 

algorithm is given in Section A.2 of the Appendix section. 

5.7.3 Evaluation of the AI-2 Model with Data from Public Repository 

and Existing Work 

In this section, the developed DBN-based Fall risk prediction model (AI-2 model) is evaluated 

against data from a public repository. Section 5.7.3.1 investigates the validation of the proposed 

model utilizing a dataset from a long-term monitoring database [221]. The developed model's 

outputs are compared to the Ground Truth, which is formulated by comparing MFS and TUG, 

and then utilized to assess the accuracy of the findings. Finally, section 5.7.3.2 examines the 

model's correctness compared to existing research works.  

5.7.3.1 Verification of Proposed AI-2 Model with Ground Truth 

As explained above, the records of real-time activity monitoring were collected from the 

PhysioNet long-term monitoring database. The sample data table is provided in Section A.3 of 

the Appendix. The subjects were under observation for three days to analyze their gait, stability, 

and falling risk. During these three days, they also conducted a series of assessment tests, 

including the Berg Balance Scale (BBS), FSST, TUG, MMSE, and the Activities-Specific 

Balance Confidence Scale (ABC). Of these, it was discovered that the TUG test results are 

highly consistent with the predictions of the developed fall risk model. The TUG test is a 

straightforward screening measure for assessing mobility and fall risk. It involves timing an 

individual to stand up from a chair, walk 3 meters, turn around, walk back, and sit down. Fall 

risk is classified as Low, Moderate, or High based on the time taken to conduct the test. Due to 

the overlap of risk grades, the TUG is chosen as the main measure for obtaining GT. The MFS 

was also used because it is a validated tool to forecast future falls in older adults. A study cited 

in [183] details how MFS has been used for fall risk assessment, categorizing fall risks into low, 

moderate, and high, which aligns with the proposed model’s outcomes. Hence, the MFS is 

selected as the second metric for deriving GT. 
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To generate GT, we compared the risk levels from both TUG and MFS as shown in Table 5.3. If 

both TUG and MFS indicate a low risk, GT was labeled as low. This method was applied 

consistently: when both indicated moderate risk, GT was moderate, and similarly for high risk. 

In cases where one test suggested low risk and the other moderate, GT was labeled as moderate. 

If one test suggested moderate risk and the other high, GT was labeled as high, prioritizing the 

higher risk level to improve prediction accuracy. In cases where one test indicated low risk and 

the other high, the GT was assigned a moderate risk level to reflect an average risk. This 

comparison-based methodology was used to formulate GT for all participants. Table 5.3 shows 

the method used for integrating TUG and MFS for GT Formation in Fall Risk Prediction. 

Table 5. 3: TUG and MFS for GT Formation in Fall Risk Prediction 

Risk Assessment 1 

(Tug or MFS) 

Risk Assessment 2 

(MFS or TUG) 
GT Prediction 

Low Low Low 

Moderate Moderate Moderate 

High High High 

Low Moderate Moderate 

Moderate High High 

Low High Moderate 

Table 5. 4: Comparative Result Analysis using GT 

Participant Age 
Monitoring 

period 

Risk Level 

GT DBN 

Indicator Indicator 

C18 84 70 Moderate Moderate 

C22 66 71.48 Low Low 

C30 82 43 Low Low 

C36 80 72.53 Moderate Moderate 

C37 77 71.25 Low Low 

F1 79 68.1 Moderate Moderate 

F8 74 71.01 Moderate Moderate 

F9 70 24.56 Moderate Moderate 
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F10 75 69.48 Moderate Low 

F21 80 67.5 Moderate Moderate 

F26 73 69.5 Moderate Moderate 

F27 82 69.05 Moderate Moderate 

To evaluate the performance of the developed DBN-based fall risk prediction model, data 

recordings from 12 participants, each with more than 67 hours of continuous monitoring 

(241200 data recordings/participants), including 5 non-fallers (Cx) and 7 fallers (Fx), were 

utilized. Participants C18 and C36, who were 84 and 80 years old, respectively, experienced one 

fall in the previous 12 months. The remaining non-fallers, C2, C30, and C37, were in good 

health and had no falls during the period. F1 had five falls in the past year, while F9 and F21 

each had two. Participants F8 and F29 reported three falls, whereas F10 and F27 reported ten 

falls in the past 12 months. The ADL data from all 12 participants were used as input to test the 

developed model, and the outcomes were compared to the generated GT. Table 5.4 depicts the 

results of comparing the developed DBN-based fall risk prediction model to the Ground Truth. 

More details of GT indicators for each participant are provided in Section B.1 of the Appendix. 

 

Figure 5.12: DBN-Based Fall Risk Prediction Evaluation Results. 

The outcome of the developed DBN model indicates a “Low fall risk” for participants C22, C30, 

C37, and F10, whereas a “Moderate fall risk” is uncovered for C18, C36, F1, F8, F9, F21, F26, 

and F27. Of particular interest, no subject is found to have a “High fall risk”. The GT output is 

of “Low fall risk” for C22, C30, and C37, and “Moderate fall risk” for C18, C36, F1, F8, F9, 

F21, F26, and F27, and no “High fall risk” was observed. This agreement between the 

developed DBN model's prediction and the GT output demonstrates that the model accurately 

predicts the majority of non-fallers. However, for participant F10, the DBN model predicts a 

“Low fall risk”, while the GT categorizes them as “Moderate fall risk”, this is likely due to their 
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history of falls within the past year. Figure 5.12 displays the simulation results comparing the 

DBN model to the GT. For the result analysis, we added weights to the risk prediction outcomes 

with Low risk → 0.33, Moderate risk → 0.66, and High risk → 0.99. 

The model achieved 9 true positives (TP), 2 true negatives (TN), 1 false negative (FN), and 0 

false positives (FP), leading to an accuracy of 91.67%, sensitivity of 90.00%, and specificity of 

100% when compared to the GT. Table 5.5 shows the confusion matrix layout of the predicted 

outcome where 1→ (Positive) indicates the positive category, or the event occurrence, and 0 → 

(Negative) indicates the negative category or the event non-occurrence. 

Table 5. 5: Confusion Matrix Layout 

Actual/Predicted 1 0 

1 9 (TP) 1 (FN) 

0 0 (FP) 2 (TN) 

5.7.3.2 Accuracy Comparison of the Developed Model with Existing 

Works 

The findings are compared with 6 highly related fall prediction studies to the proposed research. 

Notably, no study applies only ADL with DBN for predicting fall risk, which is a testament to 

the novelty of the proposed approach. Figure 5.13 provides information on the accuracy 

comparison between different Fall Risk Prediction Models. In [223], a fall risk model was 

developed from both clinical and robotic predictors. It covered 100 community-living older 

adults (65 and older), who were assessed for one year with real-time data collected through a 

robotic platform. The model used 20 robotic parameters and 8 clinical variables and had an 

increased fall risk prediction accuracy of 81%. Similarly, research conducted in [224] discusses 

machine learning applications in the prediction of the risks of falls among hospitalized elderly 

patients in Taiwan. The present research combines Electronic Health Records (EHR) and 

Comprehensive Geriatric Assessments (CGA) to develop a real-time fall risk prediction model 

using hospital data. The study employed XGBoost algorithm and attained an accuracy level of 

73.2%.  

A fall risk prediction model based on primary care EHR data for older adults was developed and 

internally validated in [225]. The study aims to improve fall prediction by utilizing both 

structured data and free-text documentation in EHRs. The study comprised 36,470 individuals 

aged 65 and older, involving real-time data taken from primary care EHRs. The model was 70% 

accurate and was built using Bootstrap-enhanced penalized logistic regression. The research in 

[226] attempts to develop a short-time prediction tool to find dementia patients who are at high 
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risk of falling. Movement is continuously tracked over a week, and the collected data is used to 

forecast falls in 30 days. The Random Forest model and other categorization models were 

utilized, resulting in a prediction accuracy of 82%. 

 

Figure 5.13: Accuracy Comparison between Different Fall Risk Prediction Models. 

Similarly, the study in [227] focuses on identifying gait patterns that predict falls in Parkinson's 

disease individuals aged 60 to 80. Machine learning approaches, notably gait feature extraction, 

are used in conjunction with classification algorithms like Random Forest and Support Vector 

Machines. The model was found to have approximately 85% precision in identifying high-risk 

individuals, indicating potential clinical applicability in recognizing high-risk people. Similarly, 

in [228], various machine learning models based on spatiotemporal gait metrics were compared 

for predicting falls in older individuals, particularly those with osteoporosis. The study 

concludes that the Dynamic Bayesian Network supports expert knowledge in forecasting the 

probability of falling with 80% accuracy over 12 months. Compared to all other current studies, 

the developed DBN-based fall risk prediction model explained in the thesis is the only one that 

uses only five ADLs as relevant parameters to forecast eventual fall risk among senior citizens, 

with a higher accuracy of 91.67%. Table 5.6 provides a detailed overview of the comparisons 

between the existing work and the proposed research. The model performs well, but if timely 

fall risk warnings are ever to be a reality, more testing using real-time data is required. One of 

the model's limitations is that it only used four of the five specified ADLs to predict fall risk, 

even when the monitoring time was 75 hours, and the dataset size was large enough. The 

model's accuracy was less than 95%. Although the use of five ADLs was proposed as inputs, 

data for only four from the long-term monitoring database were obtained and did not use 

jumping activities for training and assessment. It is predicted that the inclusion of all five ADLs, 

including jumping, into future datasets will dramatically affect prediction accuracy, which 

might be larger than or less than 90%. Despite these constraints, consistent results are produced 

by the model when tested against genuine GT data. 



 

110 

 

Table 5. 6: Comparative Result Analysis with the Existing Work 

Research 

Work 

Purpose of 

Study 

Participant 

Age 

(years) 

Monitori

ng Period 

Parameters 

used for 

predicting Fall 

Risk 

AI/ML 

technique 

used 

Accuracy 

Obtained 

(%) 

[223] 

Developing a 

fall risk 

prediction 

model that 

integrates both 

clinical and 

robotic 

parameters. 

≥ 65 1 year 

8 clinical 

assessments and 

20 Robotic 

parameters 

including ADL 

cross-

validation 

method 

81 

[224] 

Utilizing 

artificial 

intelligence to 

foresee fall 

risks in 

hospitalized 

elderly 

patients. 

≥ 65 1 year 

Vital signs, 

visual ability, 

hearing ability, 

previous 

medication, and 

ADLs 

XGBoost 73.2 

[225] 

Developing a 

fall prediction 

model for 

community-

dwelling 

elderly people 

using HER 

data. 

≥ 65 1 year 

Age, sex, 

history of falls, 

2 medications, 

and 5 medical 

conditions 

Bootstrap-

enhanced 

penalized 

logistic 

regression 

70 

[226] 

To predict 

short-term fall 

risk in older 

adults with 

dementia at 

high risk for 

falls. 

Over 60 

years with 

Dementia 

More than 

2 weeks 

Age, sex, 

history of falls, 

dementia 

records, and 

other medical 

conditions 

Random 

Forest 
82 

[227] 

To develop a 

fall risk 

prediction 

model for 

individuals 

with 

Parkinson's 

disease using 

real-world gait 

data from 

inertial 

sensors. 

60-84 2 weeks ADL 
Random 

Forest 
74 

[228] 

To examine 

the 

effectiveness 

of various 

machine 

learning 

≥68 12 months 

Spatiotemporal 

gait parameters 

and prospective 

registration of 

falls 

Dynamic 

Bayesian 

Networks 

80 
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models based 

on 

spatiotemporal 

gait 

parameters in 

predicting 

falls among 

elderly 

individuals 

with 

osteoporosis. 

Proposed 

DBN-

based 

Fall Risk 

Predictio

n Model 

To predict 

future falls in 

older adults 

≥60 75 hours ADL DBN 91.67 

5.8 Conclusion  

The proposed DBN-based Fall Risk Prediction Model aims to identify senior citizens at risk of 

falls by continuously monitoring physical activities, with particular emphasis on ADLs. This 

model only uses behavioural data to forecast future falls and has outstanding predictive 

accuracy. The DBN model uses a layer-wise, unsupervised pretraining process with three RBM 

layers such that each layer progressively refines extracted features. The greedy layer-wise 

training algorithm ensures that each RBM is sequentially trained with contrastive divergence, 

and the final model is fine-tuned using supervised learning. The system appropriately classifies 

levels of fall risk based on activity-based weight distribution for an interpretable and robust fall 

risk predictive model. Fine-tuning is the most critical phase of DBN training that embodies the 

unsupervised RBM layers in an entire predictive model. The DBN is able to predict the levels of 

fall risk accurately with backpropagation and Adam optimizer. The developed AI-2 model’s 

evaluation shows an accuracy of about 91.67%, a specificity 100%, and a sensitivity 90.00%. 

This developed model will be combined with the AI-1 model and Meta-model to produce the 

final fall risk prediction outcome. Furthermore, the prediction results are evaluated from various 

algorithms and transfer learning models, as well as tested in real-time scenarios which will be 

elaborated in the future work segment of this thesis. 
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Chapter 6. Novel Co-operative AI-Based Fall Risk Prediction 

Model 

6.1 Introduction 

The conventional assessment for fall risk has traditionally hinged on functional testing and 

clinical opinion that, while helpful, lack predictive capacity and necessitate subsequent testing. 

ML and AI for fall prediction have emerged with unprecedented potential to computerize risk 

assessment processes and aid early intervention programs. For example, the research study 

presented in [229] The Irish Longitudinal Study on Ageing (TILDA) dataset demonstrated that 

AI models can predict simple and complex falls with good accuracy. However, there are issues 

in making the results more generalizable, especially for complex fall events that are tied to 

severe health conditions. Further, Parkison Disease research [230] has ascertained that disease-

specific and functional measurements are the key risk predictors for falls, highlighting general 

evaluation strategies involving clinical assessments along with artificial intelligence-based 

methodologies. Even though all these strides have been taken, current models usually lack the 

applicability required for real-world problems, so there is a need to create stronger predictive 

models. 

Hence the developed research model presented in this thesis introduces a novel Co-operative AI 

model that can foresee future falls in the elderly with higher accuracy and validity. It is 

acknowledged that the present study is the first scientific investigation to specifically use two 

different AI models of different dimensions embedded with the Meta model to forecast the 

probability of future falls among older adults. This developed model is first calibrated with data 

downloaded from public repositories. In the following phase (future work), after validation, 

real-time information from older adults will be incorporated. Utilizing multi-modal datasets like 

physiological, behavioural, and functional assessments, the model aims to bypass the limitations 

of traditional classifiers and improve fall risk stratification. The strategy built has initially been 

validated through public datasets to ensure stability before incorporating real-time information 

in future stages. The proposed AI-driven solution can potentially enable early interventions, 

decrease the likelihood of fall injuries, and enable independent living for the elderly. As newer 

AI and ML technologies advance, they offer a robust platform to enhance fall forecasting to 

achieve enhanced healthcare outcomes. This is showcased at the close of this chapter in the GT, 

MFS, and Comparator validation of the Co-operative AI-based fall risk prediction model. 

6.2 Comparator Analysis 

To integrate two AI models, the initial intuition was to use comparators. In developing the third 

model, a series of comparators were utilized to effectively combine the results from the AI-1 

model (Fuzzy-based Fall Risk Prediction model), and the AI-2 model (DBN-based Fall Risk 



 

113 

 

Prediction model), ultimately resulting in an improved prediction of future fall risk among older 

adults. Several systematic comparison methods were investigated for this goal, such as the 

Weighted Average Method [231], Rule-based Fusion Method [232], Decision Tree Approach 

[233], and Ensemble Learning [234].  Figure 6.1 depicts the comparator analysis.  

 

Figure 6.1: Comparator Analysis. 

6.2.1 Weighted Average or Score Fusion 

In this comparison approach, the outputs of both models are normalized to a shared numerical 

range, and weighted averaging is employed to aggregate the results, as presented in (6.1). 

Final prediction = 
𝐴𝐼1+𝐴𝐼2

2
     (6.1) 

AI-1 weight allocations are as follows: Normal → 0.2, Low → 0.4, Moderate → 0.6, High → 

0.8, and Emergency → 1.0. AI-2 corresponding weights are: Low → 0.33, Moderate → 0.66, 

and High → 0.99. Table 6.1 shows the weight assignment for AI-1 and AI-2 models. The 

overall fall risk score is estimated based on the average of AI-1 and AI-2 scores. The global 

weight distribution utilized to compute the final fall risk prediction result is illustrated in Table 

6.2, derived from the score fusion measures. For example, if AI-1 predicts a result of 0.4 (Low 

risk of fall) and AI-2 predicts a result of 0.66 (Moderate risk of fall), then the ultimate 

comparator result would be (0.4 + 0.66)/2 = 0.53, a “Moderate fall risk”. Although such a 

method is straightforward, it does not depict the complexity of fall risk estimation. Weighing 

and averaging scores in such a manner may be too simplistic and fail to provide a real 

representation of actual risk. Since this method is not good enough to capture the reasonableness 

of the resulting prediction based on two well-established models, the next comparator (Rule-

based Fusion Method) is investigated. 
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Table 6. 1: Weight Assignment for AI-1 and AI-2 Models 

AI-1  Score AI-2 Score 

Normal 0.2 
Low 0.33 

Low 0.4 

Moderate 0.6 Moderate 0.66 

High 0.8 

High 0.99 
Emergency 1.0 

Table 6. 2: Score Fusion Metrics 

Comparator Score 

Low 0.0 – 0.40 

Moderate 0.41 – 0.80 

High 0.81 – 1.00 

6.2.2 Rule-Based Fusion Method 

 

Figure 6.2: Final Predictions Derived from the Rule-Based Fusion Method. 

In this approach, individual or threshold rules are applied to combine AI-1 and AI-2 prediction 

indicators. A majority voting approach is employed when both AI-1 and AI-2 predict the same 

category, and it is chosen as the final output. Priority-based rules are also stored to give 

preference to higher-level predictions over others. For example, if AI-1 shows "Emergency," 

and AI-2 refers to a "High risk of fall," the final inference will always be "Emergency," 

regardless of what the second model reports. Likewise, if AI-1 shows a "Moderate risk of fall," 

and AI-2 suggests a "High risk of fall," the final inference will accordingly be "High risk of 

fall," as this constitutes the greater risk factor. Figure 6.2 presents the final predictions derived 
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from this rule-based method. Whereas this method successfully orders instances by severity, it 

is possible that it fails to represent all situations correctly and might result in false alarms. 

Acknowledging these shortcomings, another approach based on decision tree comparator is 

investigated. 

6.2.3 Decision-Tree Approach 

In this approach, the final fall risk estimation is done based on a structured decision tree using 

the outputs of AI-1 and AI-2 logically to reach an informed decision. The biggest difference 

between this approach and the rule-based method is that the decision tree is hierarchical rather 

than employing static priority-based rules. Table 6.3 provides the prediction of the Decision tree 

approach. For both Rule-based and Decision-tree approaches, the analysis is purely done using 

the prediction indicators (risk levels), and no weights are assigned to the fall risk levels.  

Table 6. 3: Decision Tree Approach Predictions 

AI-1 AI-2  Final Prediction (Decision Tree) 

Low Low Low 

Moderate High High 

Emergency Any Emergency 

Moderate High Moderate-High (Weighted Decision) 

Low Moderate Low-Moderate (Adjusted Based on condition) 

 "Moderate-High" or "Low-Moderate" may be an adaptive choice here instead of a rigid 

hierarchy. The tree can also incorporate weight updates with real-world information. Both 

methods integrate AI-1 and AI-2 predictions, but the decision tree method gives a more 

formalized and adaptable classification instead of strict rule-based priority choices. It is more 

adaptable and reduces misclassification from predetermined rules. Even though the model 

produces good prediction compared to the above two methods it is still not convincing to use 

this analysis as the comparator cannot learn from the past and present predictions. Hence, the 

next learning model which is Ensemble Learning is investigated.   

6.2.4 Ensemble Learning 

Ensemble learning is an effective method that integrates multiple models to improve prediction 

accuracy [235]. Based on the background study conducted in [236-238] using ensemble 

learning, it is evident that this method suits the requirement for infusing the 2 AI models and 

produce a good prediction outcome through continuous learning. Hence, in this research work 

Ensemble learning based Meta model is used for the final fall risk evaluation analysis. In this 

thesis, a meta-classifier is utilized that takes AI-1 and AI-2  predictions as input features, 

evaluates the predictions, and produces one final future fall risk prediction outcome. In contrast 
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to conventional fusion techniques based on rule-based or weighted averaging techniques, 

ensemble learning adapts to the final prediction using training data dynamically. The 

techniques, such as weighted averaging, rule-based systems, and decision-tree techniques, 

incorporated inherent inflexibility and assumptions that restricted their flexibility. Those 

methods did not assist in improving their forecasting ability during the specified timeframe, 

mainly because they had no training data. 

The meta-model strategy enables the system to learn from past data and update its decision 

model, as opposed to rigid rule-based systems. This characteristic allows the classifier to 

improve its generalization ability, making its predictions more consistent and reducing the 

possibility of false positives. Instead of directly weighing or averaging AI-1 and AI-2 

predictions, this method obtains helpful patterns and relationships between their predictions. 

The meta-classifier will consider previous cases derived from these AI models to function 

adaptively in selecting the optimum weighting for each provided AI model. The Random Forest 

algorithm was chosen as the primary training procedure for meta-classifiers due to its 

established efficiency and reliability in predictive analytics [239]. Some of its main strengths 

are: 

• It would show non-linear messy correlations that may exist between the AI-1 and AI-2 

output and thus possibly boost predictive accuracy.  

• Unlike logistic regression, which assumes linearity, Random Forest has the capability of 

handling detailed decision boundaries [240]. 

• It builds many decision trees and averages the result, thereby cleaning up overfitting. 

This makes the model generalizable to other datasets. As AI-1 and AI-2 are both capable of 

generating different risk scores or classes, the Random Forest algorithm automatically 

determines the input features that contribute significantly to the final prediction. It was chosen 

as the meta-model due to its robustness, interpretability, and ability to handle heterogeneous 

input features effectively. Unlike deep reinforcement learning (DRL), which requires large 

amounts of training data, careful tuning of reward functions, and extensive computational 

resources, RF can efficiently learn from smaller datasets and provide reliable predictions with 

minimal parameter tuning [241]. Additionally, RF naturally handles feature interactions and 

reduces the risk of overfitting through its ensemble structure, making it suitable for fall-risk 

prediction where input features may vary in type and scale. Moreover, the interpretability of RF 

outputs, such as feature importance scores, allows for better understanding and trust in the 

model’s decision-making process, which is critical in healthcare applications. Overall, RF offers 

a balance between accuracy, computational efficiency, and interpretability, whereas DRL would 

introduce unnecessary complexity without clear advantages for this specific task. Figure 6.3 
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shows the model of Ensemble learning. This reduces the need for hand-built features and 

improves efficiency therein.  

 

Figure 6.3: Model of Ensemble Learning. 

Table 6.4 gives a brief description of the weight given to each risk grade used by AI-1 and AI-2 

models. The On-Learning Random Forest meta-classifier will create a data-driven and adaptive 

older adult fall risk prediction system that is superior to existing fusion methods. The system 

applies the principle of ensemble learning to deliver a more accurate, interpretable, and scalable 

older adult fall risk prediction framework. 

Table 6. 4: Weights assigned to each risk level of AI-1 and AI-2 Models 

AI-1  Score AI-2  Score 

Normal 0.2 
Low 0.3 

Low 0.4 

Moderate 0.6 Moderate 0.6 

High 0.8 
High 0.9 

Emergency 1.0 

6.3 Novel Co-operative AI-based Fall Risk Prediction Model 

Architecture Overview 

This research aims to forecast the future risk of falls in the elderly by fusing two significant 

markers of health: vital signs and ADLs using a Co-operative AI-based methodology for fall 

risk prediction. The model seeks to maximize predictive accuracy by incorporating a series of 

artificial intelligence techniques, thereby facilitating timely and accurate estimation of fall risk 

in close alignment with the MFS, to achieve a very high concordance rate of about 90%. The 

design consists of two independent AI models, one evaluating vital signs and the other 

evaluating ADLs which are then fused into a meta-model via ensemble learning to enhance the 

overall prediction outcome. The first AI model (AI-1) evaluates vital sign patterns using Fuzzy 

Logic, whereby 111 pre-established fuzzy rules are used to classify fall risk into five categories: 

Normal (No risk), Low, Moderate, High, and Emergency. In the event of no abnormality 

detected, the model predicts Normal, which indicates no risk of fall, whereas abnormalities 
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detected are graded according to severity. The second AI model (AI-2) uses DBN to analyze 

ADL patterns and predict fall risk based on learned history and categorizes the risk of falls as 

Low, Moderate, or High. The ADLs provide important information about mobility, balance, and 

patterns of movement that allow the AI-2 model to identify individuals with impaired 

movement and an elevated risk for falls. Following the predictions by these two models, their 

output is fed into the Meta-Model, which is one decision-making system, that refines the final 

prediction.  

 

Figure 6.4: Architecture of an AI-based Co-operative Meta-Model for Fall Risk Prediction. 

The DBN-based AI-2 model is closely related to the fuzzy logic-based AI-1 model, as both aim 

to address the challenge of fall risk prediction in older adults but from different methodological 

perspectives. The fuzzy logic model provides an interpretable, rule-based framework that 

captures the uncertainty and variability in vital signs by categorizing them into normal, low, 

moderate, high, and emergency risk levels. This approach ensures transparency and clinical 

interpretability, reflecting expert-defined decision-making processes. Building upon this, the 

DBN extends the analysis by adopting a data-driven approach, where hierarchical feature 

representations are automatically learned from the input data. Unlike fuzzy logic, which relies 

on pre-defined membership functions and rules, the DBN captures complex nonlinear 

relationships and hidden dependencies, thereby enhancing predictive performance and 

generalization. The integration of these two approaches demonstrates a complementary 

relationship: while the fuzzy model establishes a foundational and interpretable baseline, the 

DBN leverages deep learning to improve accuracy and robustness. Together, they highlight the 

balance between interpretability and predictive power, underscoring the importance of 

combining expert knowledge with advanced machine learning techniques in fall risk prediction. 

This relationship strengthens the overall contribution of the research by demonstrating that 

hybrid and complementary models can provide more reliable and effective healthcare decision 
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support systems. Figure 6.4 depicts the architecture model of the developed AI-based Co-

operative Meta-Model for Fall Risk Prediction. 

Initially in developing the third model, different types of comparators were planned to be used. 

These comparators intend to combine the results of AI-1 and AI-2 to produce the future fall risk 

prediction outcome in the elderly as mentioned in section 6.2. Some systematic kinds of 

comparisons were analyzed such as Weighted Average or Score Fusion, Rule-Based Fusion 

Method, and Decision Tree-based Approach. Due to the significant weaknesses that were 

revealed in the previously outlined fusion models, particularly their poor capability in making 

predictions on the training data, an alternative approach was investigated that uses both the 

training and validation datasets. The meta-model-based fall risk prediction system is a 

composite model that trains a meta-model classifier that uses the output of AI-1 and AI-2 as 

input features and is utilized to generate a consistent prediction. The Co-operative Meta model 

Fall Risk prediction Algorithm based on the final fall risk prediction is formulated by 

integrating the output of both AI-1 and AI-2 models which is explained in section 6.4. 

The meta-model determines ultimate risk levels based on the integrated inputs of AI-1 and AI-2, 

thus reducing intrinsic errors in individual models and enhancing the trustworthiness of 

predictions. For instance, if AI-1 predicts a “Moderate fall risk” and AI-2 predicts a “High fall 

risk”, the meta-model uses these inputs and calculates the final fall risk outcome based on 

learned models and training data. This combination-based approach is superior to traditional 

rule-based models in that it continues to learn from previous predictions and adapts based on 

new data, thereby increasing its flexibility and credibility. One of the significant benefits of this 

technique is that it is very accurate, making it possible to be integrated into real-time health 

monitoring systems. The integration of Fuzzy Logic (AI-1) and Deep Belief Networks (AI-2) 

within the meta-model enables intelligent and holistic assessment of the risk of falls by using 

both physiological markers (vital signs) and behavioural markers (ADLs). The proposed model 

can be implemented within wearable healthcare technology and home automation systems to 

allow real-time tracking and immediate fall risk alerts to caregivers and health professionals 

(early tests of the AI-1 model have been conducted and discussed in Chapter 4). The interactive 

architecture of the system, whereby each AI model enhances the decision-making ability of the 

meta-model, forms a predictive mechanism that is highly adaptive and specific, learning from 

new data. The enabling of the meta-model with the ability to compare and harmonize 

predictions made by AI makes the meta-model a good predictive tool for predicting fall risk 

among the elderly. As a result, early interventions can significantly reduce the incidence of 

injuries and the related healthcare costs resulting from falls. This thesis illustrates that AI-

powered Co-operative models are the key to developing predictive healthcare solutions, 

delivering a scalable and intelligent method for elderly fall risk prediction. Section 6.5 presents 
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the performance analysis, confirming the effectiveness of this proposed AI-based Co-operative 

fall risk prediction model. 

The framework in Figure 6.4 can be extended by incorporating additional features, such as 

image data, to further enhance prediction accuracy. For example, force-plate time series data 

captures biomechanical signals [100] but image data from video or depth cameras can provide 

complementary information on posture, movement patterns, and environmental context. By 

integrating such multimodal inputs, AI-1 and AI-2 could be augmented with a third AI model 

(e.g., a convolutional neural network or vision transformer) specialized in image-based feature 

extraction. The meta-model could then learn to combine the strengths of all three approaches: (i) 

fuzzy logic for handling uncertainty in clinical scores, (ii) DBN for modeling temporal 

dependencies in sensor signals, and (iii) computer vision methods for spatial and movement 

features. This multimodal cooperation allows the system to capture different aspects of fall risk, 

physiological, behavioral, and contextual, resulting in a more comprehensive and accurate 

prediction. However, such an extension would require careful data alignment, increased 

computational resources, and robust meta-model design to avoid overfitting. Moreover, since 

this research places a strong emphasis on protecting the privacy of older adults, computer vision 

or any image-based data has deliberately not been used for fall risk prediction. 

6.4 AI-Based Co-operative Meta-Model Fall Risk Prediction 

Algorithm 

The fall risk prediction algorithm for the AI-based Cooperate Meta model is built via a 

combination of the results generated by the AI-1 and AI-2 models, described in the pseudocode 

of Algorithm I. Weighting is done to every separate model, upon which the final composite risk 

value is computed. The training labels are set with reference to the combined risk variables 

alongside MFS. This is where the Meta-Model is trained and the final fall risk prediction is 

obtained by learning from the stored data (past data), and the current inputs (present data). 

 AI-Based Co-operative Meta Model Fall Risk Prediction Algorithm: Pseudocode of the 

Proposed Model (Figure 6.4) 

1. Input Mapping: 

Let: 

• 𝑋𝐴𝐼1 = Output of 𝐴𝐼1 Model – Normal, Low, Moderate, High, Emergency 

• 𝑋𝐴𝐼2 = Output of 𝐴𝐼2 Model - Low, Moderate, High 

Assign weights 𝑊𝐴𝐼1 and 𝑊𝐴𝐼2 to the outputs: 
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For 𝑋𝐴𝐼1:  𝑊𝐴𝐼1 = 

{
 
 

 
 

0.2 𝑖𝑓 𝑁𝑜𝑟𝑚𝑎𝑙
0.4 𝑖𝑓 𝐿𝑜𝑤

0.6 𝑖𝑓 𝑀𝑜𝑑𝑒𝑟𝑎𝑡𝑒
0.8 𝑖𝑓 𝐻𝑖𝑔ℎ

1.0 𝑖𝑓 𝐸𝑚𝑒𝑟𝑔𝑒𝑛𝑐𝑦

 

For 𝑋𝐴𝐼2:  𝑊𝐴𝐼2 = {

0.3  𝑖𝑓 𝐿𝑜𝑤
0.6 𝑖𝑓 𝑀𝑜𝑑𝑒𝑟𝑎𝑡𝑒
0.9 𝑖𝑓 𝐻𝑖𝑔ℎ

 

2. Combined Risk Score: 

The combined risk score 𝑆𝑐𝑜𝑚𝑏𝑖𝑛𝑒𝑑 is calculated as: 

𝑆𝑐𝑜𝑚𝑏𝑖𝑛𝑒𝑑 = 
𝑊𝐴𝐼1+𝑊𝐴𝐼2

2
 

3. Define Risk Levels: 

Risk level R is defined based on 𝑆𝑐𝑜𝑚𝑏𝑖𝑛𝑒𝑑: 

𝑅 =  {

𝐿𝑜𝑤  𝑖𝑓 0 ≤  𝑆𝑐𝑜𝑚𝑏𝑖𝑛𝑒𝑑 ≤ 0.40
𝑀𝑜𝑑𝑒𝑟𝑎𝑡𝑒  𝑖𝑓 0.41 ≤  𝑆𝑐𝑜𝑚𝑏𝑖𝑛𝑒𝑑 ≤ 0.80

𝐻𝑖𝑔ℎ  0.81 ≤  𝑆𝑐𝑜𝑚𝑏𝑖𝑛𝑒𝑑 ≤ 1.00
 

4. Train Random Forest Meta Model 

Let the dataset consist of  

• Training features 𝑋𝑡𝑟𝑎𝑖𝑛 = {𝑊𝐴𝐼1,𝑊𝐴𝐼2} 

• Training labels 𝑌𝑡𝑟𝑎𝑖𝑛 = MFS-based risk levels {Low, Moderate, High} 

5. Random Forest Model: 

Initialize T, the number of decision trees. 

For each tree t in T: 

• Select a random subset 𝑋𝑡 from 𝑋𝑡𝑟𝑎𝑖𝑛 

• Build a decision tree using 𝑋𝑡 and 𝑌𝑡𝑟𝑎𝑖𝑛 

• Split data at each node using features {𝑊𝐴𝐼1,𝑊𝐴𝐼2} 

• Aggregate predictions from all T trees by majority voting. 

6. Predict Fall Risk: 

For testing data 𝑋𝑡𝑒𝑠𝑡 = {𝑊𝐴𝐼1,𝑊𝐴𝐼2} 

• Pass each test instance through all T decision trees. 

• Compute the predicted risk level 𝑅𝑝𝑟𝑒𝑑 based on a majority vote from the T 

trees. 

7. Output Results 

For each participant i, output: Participant i: { 𝑆𝑐𝑜𝑚𝑏𝑖𝑛𝑒𝑑,𝑅𝑝𝑟𝑒𝑑} 

 

6.5 Data Collection and Ground Truth Selection 

This section evaluates the effectiveness of the proposed AI-based Co-operative Meta-Model for 

Fall Risk Prediction according to its data acquisition process and experimental result. Its 
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accuracy is calculated based on the correctness of its predictions in comparison to the Morse 

Fall Scale. Its efficiency is also benchmarked against existing current advanced studies in this 

field. The simulations were executed using Visual Studio Code on Windows 10 Enterprise, 

based on an 11th Gen Intel Core i7 processor (3.00 GHz) with 32 GB RAM. 

6.5.1 Evaluation Metrics 

The proposed framework is evaluated using data from PhysioNet [127], which includes,  

• Age 

• History of Falls 

• Vital sign Data 

• ADL Data 

The Confusion Matrix is used as an evaluation approach for fall risk prediction. These 

measurements are Accuracy, Sensitivity, and Specificity, with TP, TN, FP, and FN representing 

True Positive, True Negative, False Positive, and False Negative, respectively [183]. 

The result analysis integrates data from both the AI-1 and AI-2 models to ensure a 

comprehensive assessment of fall risk prediction. However, due to the unavailability of a dataset 

containing both vital signs and ADLs from the same participants, an indirect approach was 

adopted. In this method, two different participants with the same age, a similar history of falls, 

and comparable health conditions were selected, one from the AI-1 model database and the 

other from the AI-2 model database. To help guarantee consistency, both participants also 

shared the same MFS score. For the meta-model, these two participants were merged as a single 

entity to simulate the presence of both vital signs and ADL data. Following such a systematic 

process, a training dataset of 30 participants was established, while another 10 participants were 

held out for testing, this is detailed in Section B.2 of the Appendix Section. The effectiveness of 

the developed model was tested by comparing its prediction with MFS to determine its accuracy 

and reliability. The MFS scoring system categorizes the risk of falls into three levels: Low risk 

(below 25), Moderate risk (between 25 and 45), and High risk (above 45). To attain 

compatibility with the scoring system utilized in the proposed AI-based model, the MFS scores 

were converted into their equivalent numerical values: Low risk (0.3), Moderate risk (0.6), and 

High risk (0.9). This step allowed for a homogeneous and standardized evaluation, whereby a 

direct comparison of the AI-based Co-operative meta-model predictions with the traditional 

MFS-based fall risk prediction could be made. Through this method, the proposed model 

demonstrates its ability to provide valid and accurate fall risk prediction in the elderly. 

6.6 Evaluation of the Developed AI-Based Meta Model with MFS 

The process of result evaluation integrates information from the AI-1 and AI-2 models to 

provide a comprehensive overview of fall risk assessment [186, 221]. The key components for 
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the same, i.e., age of participants, history of falls, vital signs, and ADLs, were considered with 

care so that uniformity as well as reliability was maintained while evaluating. For creating a 

representative data set, 10 participants from the AI-1 model database and 10 participants from 

the AI-2 model database with matching ages, history of falls, and medical history were selected. 

This procedure was adopted to ensure that the selected individuals possess comparable health 

status to perform the fair and systematic evaluation. Since each dataset contained either vital 

sign data (AI-1 model) or ADL data (AI-2 model), an indirect pairing approach was employed 

(as stated above), where Participant P1 of the AI-1 model was matched with Participant P1 of 

the AI-2 model, forming a single Participant 1 to be assessed. This was applied consistently to 

all the selected participants, essentially combining the two different data dimensions into a 

single evaluation dataset. As a result, the total number of participants to be involved in the 

testing phase was narrowed down to 10. The full differential analysis of the Co-operative Meta-

Model and the MFS is given in Table 6.5, comparing the results of classification obtained from 

both frameworks.  

Table 6. 5: Comparative Result Analysis on the Meta Model and MFS Prediction 

Participant 
Fall 

History 

Input Output: Prediction Results 

AI-1 AI-2  
Co-operative Meta 

Model Prediction 
MFS prediction 

P1 2 (Y) Moderate Low Moderate Moderate 

P2 2 (Y) Moderate Low Moderate Moderate 

P3 0 (N) Moderate Low Moderate Low 

P4 5 (Y) Moderate Moderate Moderate High 

P5 0 (N) Normal Low Low Low 

P6 6 (Y) High Moderate Moderate Moderate 

P7 2 (Y) High Low Moderate Moderate 

P8 1 (Y) Low Low Low Moderate 

P9 0 (N) Low Low Low Low 

P10 2 (Y) Moderate Moderate Moderate Moderate 

The proposed AI-based model predicted participants P5, P8, and P9 with “Low fall risk”, 

whereas other participants were placed in the “Moderate fall risk” category. By comparison, the 

MFS outcomes positioned participants P3, P5, and P9 in “Low risk of fall”, P4 in “High risk of 

fall”, with the rest in “Moderate risk of fall”. Figure 6.5 shows the simulation result of 

Participant P1, where the input from AI-1 is “Moderate risk of fall” the input from AI-2 is “Low 
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risk of fall” and the final estimated result from the Co-operative Meta-Model is “Moderate risk 

of fall”.  

 

Figure 6.5: Simulation Results for Participant P1. 

 

Figure 6.6: Simulation Results for Participant P9. 
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Figure 6.7: Fall Risk Prediction Evaluation Results. 

Similarly, Figure 6.6 depicts the simulation results of Participant P9, where the input from AI-1 

is “Low risk of fall” and the input from AI-2 is “Low risk of fall” and the final prediction result 

from the Co-operative meta-model is “Low risk of fall”. A comparison of the Co-operative 

Meta-Model and MFS predictions showed a high correlation, indicating the model's good 

predictive strength. There were, however, discrepancies in the case of P3, P4, and P8, where 

model predictions were different from the MFS classifications. Such discrepancies can be due to 

factors such as the variability of participants' fall history over the last year, or the small size of 

the training dataset used for AI model development.  

 

Figure 6.8: Confusion Matrix Outcome. 

Figure 6.7 provides a graphical comparison of the simulation outcome of Co-operative Meta-

Model and MFS-based risk assessment. In comparison to the MFS, Co-operative Meta-Model 

was found to have a remarkable accuracy of 90.00%, a sensitivity of 85.75%, and a specificity 
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of 100%. For improved clarity on the effectiveness of the model, Figure 6.8 displays the 

confusion matrix indicating the breakdown of the TP (6), TN (3), FP (0), and FN (1).  The final 

results confirm the performance and reliability of the developed model as an indicator of falls in 

older adults, highlighting its viability towards practical application for proactive fall prevention. 

6.7 Conclusion 

The Co-operative Meta-Model for AI-based Fall Risk Prediction is a very advanced model that 

is specially developed to recognize elderly individuals at risk of falls through the continuous 

observation of their vital and behavioural parameters. The model concentrates on two very 

important predictive parameters: ADLs and vital signs, to enable a complete and very accurate 

fall risk assessment. This model is different from usual fall detection systems that only react 

after the fall has occurred because it acts proactively based on the detection of potential risks to 

allow timely intervention and greatly reduce fall likelihood. By incorporating fuzzy logic in 

assessing physiological measures (AI-1 model) and deep belief networks in analyzing behaviour 

patterns (AI-2 model) the proposed model most efficiently picks up on momentary changes in 

indicators of health and ongoing changes in mobility patterns with increased fall risk. By 

combining these artificial intelligence models into a meta-learning system, prediction accuracy 

is optimally enhanced through result fusion, learning from previous cases, and repetitively 

refining decision processes. Final performance testing validates high predictive accuracy for this 

model, with 90.00% accuracy, 100% specificity, and 85.75% sensitivity. These metrics point to 

the systems success in both accurately identifying individuals at risk and keeping both false 

positives and false negatives low. The 100% specificity guarantees that individuals assessed as 

low risk truly have minimal risk and the high sensitivity guarantees that the system detects the 

great majority of individuals who are truly at risk of falling. Moreover, more than two AI 

methods can cooperate to achieve better performance. While the meta-model combines the 

results of the fuzzy model and the DBN model, the approach is not limited to just these two 

methods. Ensemble and hybrid learning frameworks are specifically designed to integrate 

multiple AI techniques such as support vector machines, convolutional neural networks, 

reinforcement learning, and decision trees into a single predictive framework. By incorporating 

more than two models, the system can exploit the complementary strengths of different 

algorithms, reduce variance and bias, and ultimately enhance prediction accuracy and 

robustness. For fall-risk prediction, integrating additional AI methods could capture different 

dimensions of the problem, such as temporal dependencies, uncertainty handling, or nonlinear 

feature interactions, leading to improved overall performance. However, the trade-off lies in 

increased system complexity, computational cost, and the challenge of designing an effective 

meta-model to balance the contributions of multiple methods. Hence, due to its foresight nature, 

advanced learning abilities, and high predictive effectiveness, this novel Co-operative Meta-

Model developed using artificial intelligence marks the evolution of fall risk prediction in 
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geriatric care, ensuring a scalable, data-driven, and highly effective method of minimizing fall-

related injuries and improving overall healthcare outcomes. 
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Chapter 7. Conclusion and Future Directions 

7.1 Introduction 

This chapter provides a summary of the research findings on the innovative Co-operative AI-

based future fall risk prediction model, focusing on its key features and outcomes. The 

combination of cutting-edge technology, such as AI-based analysis, system integration, and 

software solutions, is heavily emphasized to create a flexible and adaptive fall prediction model. 

This developed prediction system is intended to identify the risk of falls among older adults in 

advance, allowing precautions to be implemented before a fall occurs. Furthermore, this chapter 

outlines future research directions for the system's functionality. 

One of the most crucial areas for development is the incorporation of real-time prediction 

models, which allow the model to change and instantly adapt to new data. This allows the 

model to gradually improve its forecast based on real-time ADL and vital sign data. Subsequent 

work will also result in a more advanced and comprehensive fall risk prediction system by 

allowing Co-operative AI models to communicate with one another, exchange ideas, and fine-

tune their predictive capabilities continuously. The goal is to create an intelligent, self-learning 

system that can enhance and adjust its fall risk prediction, providing older adults with more 

accurate and customized future fall risk predictions. 

7.2 Conclusion 

This thesis provided the motivational background for developing a Co-operative AI-based fall 

risk prediction system and its feasibility in dynamically assessing and responding to potential 

fall risks among older adults. Considering the problem space, the key building blocks necessary 

for the improvement of a plausible, adaptive, and proactive fall prediction system are critically 

examined with a focus on two areas: ongoing health monitoring and intelligent risk assessment. 

The study points out the integration of significant vital signs and behaviour information to yield 

a robust predictive model that can effectively identify at-risk individuals, thus enabling early 

intervention to prevent falls and enhance care for the elderly. 

The first part relates to the proposed Fall Risk Prediction Model, derived from the principles of 

Fuzzy Logic, which has been designed meticulously to determine the senior citizens at risk of 

falls. The main motive for developing the model was to design a valid and efficient model for 

fall prediction, thereby assisting in the decrease of the economic cost and personal difficulties 

related to fall-related injuries in the elderly population. By monitoring vital signs continuously, 

the model is integrated using three important physiological parameters such as blood pressure, 

heart rate, and blood oxygenation to detect early deviations that can indicate a heightened risk of 

falls. Unlike existing approaches that rely on a synthesis of multiple health parameters, the 
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developed model is distinct in its exclusive reliance on vital signs, making it a compact and 

efficient fall risk prediction tool. In comparison with the MFS and using data from three 

sources, the model attained an accuracy of 95.24%, a specificity of 100%, and a sensitivity of 

93.75%. These performance indicators point to the efficiency and reliability of the model in 

assessing fall risk levels with very few false positives and false negatives. Different research 

about fall risk assessment highlights that the large percentage of falls among the older 

population can be prevented by acting at the earliest possible moment.  

Despite the developed AI-1 model's very good accuracy, the model under discussion has yet to 

be applied to large real-time-series data. The incorporation of real-time continuous monitoring 

of older adults is essential to make the model more robust and its prediction more accurate. A 

key component that remains to be verified is the emergency risk level indicator which can only 

be validated through empirical implementation. The procedure of acquiring real-time data and 

tests may generate new variants that could influence the defined fuzzy rules, thus calling for 

further adjustment. 

The second section pertains to the suggested fall risk prediction model based on DBN, which is 

especially intended for the elderly population and aims to detect risks of falls by continuously 

observing behavioural patterns, particularly for specific ADLs. The model only predicts fall 

risks based on behavioural data. With an accuracy of 91.67%, specificity 100%, and sensitivity 

90%, the model is capable of accurately categorizing individuals who are at risk of falling 

against those who are not. A significant limitation of the current study is that the model only 

incorporates four ADLs instead of the five that should be considered. Although it was trained on 

a large dataset over 75 hours of observation, the lack of jumping actions limited the total 

prediction potential for high accuracy. As a result, the model achieved less than 95% accuracy, 

indicating that including the missing ADL could influence prediction results: either increase 

accuracy further or drop it below 90% and hence the outcome of this addition is unknown. To 

amend this, future research will focus on expanding the dataset through the inclusion of all five 

ADLs and conducting further validation using real-time monitoring. This will determine if the 

expanded dataset results in greater predictive reliability. 

Despite these limitations, this proposed Co-operative model aims to interact with the 2 AI 

models and learn from the past and present data to provide the future fall risk prediction 

outcome with good accuracy. Some of the benefits of this research work:  

• Saves Life - avoids the risk of future falls and injury. 

• Independent Living – the older adult need not depend on anyone or be afraid of falling.  

• Easy Wearable – the model can be integrated with wearable devices (Smartwatches, 

Pendants, Smart Bracelet).  
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• Easy Smart Device Integration - this research idea can be extended to other health-

related applications.  

• Secure and Safe - harmless and notifies the caregiver in terms of any emergency or fall 

risk.  

• Privacy and Accuracy - Since no cameras are used for monitoring, the privacy of older 

adults remains protected while the model still provides accurate fall predictions.  

• Simple Infrastructure and Low cost - do not require more complex infrastructure hence it 

is easily affordable.  

 

7.3 Future Directions 

The contribution made in this thesis necessitates some additional study to improve the overall 

concept. Future efforts in terms of expanding this research can be categorized into three stages.  

Stage 1: By integrating the AI-1model with the smartwatch, older adults and carers can receive 

timely alerts based on vital indicators and fall risk predictions. Figure 7.1 depicts the future plan 

to integrate the developed model into a smartwatch and connect it with intelligent technology to 

offer timely alerts.  

 

Figure 7.1: Integration of AI-1 Model with Smart App and Voice Models. 

Stage 2: Similar to the AI-1 model, the AI-2 model can also be integrated into the prototype to 

enhance the overall system functionality. Integration of the two models enables the system to be 

extended further in a way that real-time data acquisition can be supported using the newest 

wearable technologies, such as motion sensors and smartwatches. These sensors monitor the 

key physiological and behavioural parameters continuously, facilitating comprehensive fall risk 

assessment in elderly individuals. By utilizing the merits of the suggested AI-based methods 

such as Fuzzy Logic and Deep Belief Networks, the hybrid model can foresee the future risk of 

falling. The advanced ability of the system's AI allows for the creation of a health chart unique 

to an individual that reflects the changing patterns of his or her fall risk over a given time. For 

immediate voice alerts to elderly invalids and caregivers regarding fall-related risks, immediate 
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precautionary measures can be instituted. In effect, the integrated arms of alerting and 

prediction capabilities mentioned above create an additional level of security and safety for 

older adults in averting falls and promoting well-being. This integrated system contributes a 

great deal to fall prevention technology by integrating artificial intelligence, wearable 

monitoring, and real-time health management. Figure 7.2 gives a systematic overview of the 

combined integration structure.  

 

Figure 7.2: Combined Integration Structure of Future Work. 

Stage 3: To prepare for future developments, the model proposes an additional development 

phase that integrates real-time monitoring systems with transfer learning approaches. This 

future addition will incorporate additional key signs of health and mobility to enable the model 

to adapt and tune prediction accuracy in real-time. Upon incorporating continuous learning 

algorithms will make the system learn the risk factors associated with falls in greater depth and 

maintain a measure of accuracy that is impossible to beat in the prediction of future falls. At this 

final stage, the 3 main areas that are focused are as follows, 

• Elderly in New Zealand without any major disease. 

• Elderly in New Zealand with dimensions such as Dementia, Parkinson's Disease, and 

Alzheimer's disease, as they are at high risk of fall. 

• Māori populations with and without conditions. 

The extension of this research (future work) aims to develop an advanced, non-invasive, 

continuous fall risk monitoring system for elderly individuals that doesn't interrupt their daily 

routines. The model will utilize a multi-model AI architecture comprising the existing 2 models 

(improved version) with the third AI model using Transfer Learning to integrate outputs from 

the first two models into a consolidated fall risk assessment. Figure 7.3 depicts the future 

direction of the fall risk prediction system using Transfer learning. 
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Figure 7.3: Fall Risk Prediction Model using Transfer Learning – Future Directions. 

This architecture is based on and will allow continuous information exchange between the two 

models, strengthening the fall risk prediction by aligning physiological and behavioural 

indicators. Furthermore, its continuous learning capability will enable real-time detection of 

changes in an individual’s health and behavioural patterns, supporting the timely detection of 

impending fall risk. It will generate a personalized and dynamically updated fall risk profile. 

This is especially valuable because it will provide clinicians and caregivers with accurate, 

actionable insights to develop, test, and measure proactive and tailored fall prevention 

interventions. Dual Transfer Learning (DTL) is a relatively recent and emerging methodology. 

It is not mainstream yet, but it has been explored in academic literature, especially in domain 

adaptation, cross-domain learning, and semi-supervised learning [242]. Its most basic definition 

is employing two models helping each other learn. The two models mutually support each other 

in transferring knowledge between two distributions across domains. This enhances the 

representation of features and minimizes classification errors. Results demonstrate that the 

proposed hybrid approach can outperform conventional deep learning methods e.g. early work 

in emotion recognition [243] or deep transfer learning hybrid techniques to enhance the 

accuracy of breast cancer tumor classification on histopathology images [244]. 

The uniqueness of this proposed approach lies in the use of two standalone AI models. The 

outputs from both AI models will be combined based on a transfer learning model, and the 

output of the transfer learning model is fed to another transfer learning model for further 

learning to provide the final prediction output. This approach operates independently while 

enabling interaction among all three AI models. Based on ground truth, historical data, and 

current forecasts, the model will continuously learn and refine its predictions. 
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The interactive and Co-operative character of the system allows continuous sharing of 

information between the models, which is the basis for robust risk prediction based on the 

synchronization of physiological and behavioural markers. Additionally, the ability of such a 

model would be to learn continuously allowing continuous adaptation to evolving health and 

behavioural patterns of the user, thereby allowing for timely capture of change in risk. With 

real-time, actionable data, the transfer learning model can provide patient-specific fall risk 

profiles that allow caregivers and healthcare providers to make informed proactive decisions. 

Preventative care is the priority of this research, and that is a giant leap beyond the traditional 

way of forecasting falls; eventually, it means safer and better wellness for older adults. Besides, 

due to its multi-model and transfer learning design, the model learns from the current and past 

data, and its GT and produces more accurate predictions than current fall risk assessment 

methods. The proposed framework solves the urgent requirement for a clear, effective, and 

scalable fall risk prediction system for older adults. 
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Appendices: 

A. AI-1 and AI-2 Model Development Analysis: 

 
A.1 AI-1 Model - Formulated Fuzzy Rules (111- Fuzzy rules) 

 



 

150 

 

 

 

 

 



 

151 

 

 

 

 

 

 

 

 

 

 

 

 



 

152 

 

A.2 AI-2 Model - Raw Data to ADL Conversion 

A comprehensive process for converting raw accelerometer data into ADLs as outlined in 

Section 5.7.2 is presented here.  

ADL Data Extraction: This research utilizes ADL data to predict falls, which is derived from the 

raw data collected from a 3D accelerometer placed on the lower back of each participant to 

monitor gait. The raw recordings are then processed using an ADL conversion algorithm that 

extracts meaningful activity classifications based on predefined threshold values.  

 ADL Conversion Algorithm - Pseudocode 

Input: 3D Accelerometer Raw Data 

Output: ADL (Sitting, Standing, Walking, Running, Jumping) and Unknown 

Initialization: 

CLOCK_FREQUENCY=100 ticks/second 

WINDOW_SIZE=100 

Data Frame → df 

Time Parsing: 

For each entry in the 'Time (elapsed)' column 

Parse_time (h:m:s) = h x 3600 + m x 60 + s 

Remove NaN rows. 

Feature Extraction: 

For each sliding window of size n from df: 

mean_v = 
1

𝑛
∑ 𝑣𝑎𝑐𝑐𝑒𝑙𝑒𝑟𝑎𝑡𝑖𝑜𝑛[𝑖]
𝑛
𝑖=1  

mean_ml = 
1

𝑛
∑ 𝑚𝑙𝑎𝑐𝑐𝑒𝑙𝑒𝑟𝑎𝑡𝑖𝑜𝑛[𝑖]
𝑛
𝑖=1  

mean_ap = 
1

𝑛
∑ 𝑎𝑝𝑎𝑐𝑐𝑒𝑙𝑒𝑟𝑎𝑡𝑖𝑜𝑛[𝑖]
𝑛
𝑖=1  

std_v = √
1

𝑛−1
∑ (𝑣𝑎𝑐𝑐𝑒𝑙𝑒𝑟𝑎𝑡𝑖𝑜𝑛[𝑖]−𝑚𝑒𝑎𝑛_𝑣)

2𝑛
𝑖=1  

std_ml = √
1

𝑛−1
∑ (𝑚𝑙𝑎𝑐𝑐𝑒𝑙𝑒𝑟𝑎𝑡𝑖𝑜𝑛[𝑖]−𝑚𝑒𝑎𝑛_𝑚𝑙)

2𝑛
𝑖=1  

std_ap = √
1

𝑛−1
∑ (𝑎𝑝𝑎𝑐𝑐𝑒𝑙𝑒𝑟𝑎𝑡𝑖𝑜𝑛[𝑖]−𝑚𝑒𝑎𝑛_𝑎𝑝)

2𝑛
𝑖=1  

Activity Classification:  
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• Sitting 

• Standing 

• Walking 

• Running 

• Jumping 
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A.3 AI-2 Model - Long-Term Movement Monitoring Database 
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B. Result Evaluation and Dataset Information:  

 
B.1 AI-2 Model - GT Evaluation 

# Participant TUG Score MFS Score Final GT 

CO-002 Low Low Low 

CO-003 Low Low Low 

CO-004 Low Low Low 

CO-005 Low Low Low 

CO-006 Low Low Low 

CO-007 Low Low Low 

CO-008 Low Low Low 

CO-009 Low Low Low 

CO-010 Low Low Low 

CO-011 Low Low Low 

CO-012 Low Moderate Moderate 

CO-013 Low Low Low 

CO-014 Low Moderate Moderate 

CO-015 Low Low Low 

CO-016 Low Low Low 

CO-017 Low Moderate Moderate 

CO-018 Low Moderate Moderate 

CO-019 Low Low Low 

CO-020 Low Moderate Moderate 

CO-021 Low Low Low 

CO-022 Low Low Low 

CO-023 Low Low Low 
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B.2 Meta-Model -Training Data (15 Participants)  

Age 
Fall 

History 
AI-1 AI-2 MFS 

77 0 (N) Normal Low Low 

81 0 (N) Low Low Low 

84 2 (Y) Low Moderate Moderate 

77 0 (N) Normal Low Low 

84 2 (Y) Low Moderate Moderate 

75 5 (Y) High Low High 

83 9 (Y) Moderate Moderate Moderate 

70 0 (N) Low Low Low 

81 2 (Y) Low Moderate Moderate 

74 3 (Y) Low Moderate Low 

76 10 (Y) High Low High 

89 5 (Y) Moderate Moderate Moderate 

81 2 (Y) Normal High Moderate 

81 2 (Y) Low High Moderate 

80 2 (Y) Moderate High Moderate 

 

 


