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ABSTRACT

Fall accidents from accidental injury are considered one of the significant global public
health concerns, and the largest proportion of fatal accidents are experienced by elderly
people. Currently, there is a demand for creating an effective machine learning-based fall

detection system that is portable at a low cost.

Hence, this project is aimed at undertaking a research study on the various fall detection
and navigation systems designed for the elderly and disabled and developing an effective
machine learning-based low-cost fall detection system. The methodology included a
study on the various fall detection systems as well as general features used in machine
learning for fall and ADL (Activities of Daily Living) classifications. The most suitable
potential combination of machine learning algorithms that will provide the best accuracy,
precision, sensitivity, specificity and lowest training time were developed via simulation
models using MATLAB. The SisFall and MobiFall datasets were used for both
classification and testing for input data in simulations. SisFall dataset used ADXIL.345 and
MMAS8451Q accelerometer model, while the MobiFall dataset used LSM330DLC inertial

module from a Samsung Galaxy S3 smartphone.

Up to 24 algorithms were simulated, including Decision Trees, Naive Bayes Classifiers,
Support Vector Machines, KNN and available Ensemble Classifiers. Four experiments
were done, with Experiment 1 using the ADXL345 accelerometer with 5-fold cross-
validation, Experiment 2 using 10-fold cross-validation, Experiment 3 using the
MMAR8451Q accelerometer with 10-fold cross-validation and Experiment 4 using the
MobiFall Dataset with 5-fold cross-validation. The classifier models were run ten times,
and each iteration was saved for further processing. Classifiers showing the most accuracy
(up to 99%) in both training and testing phases included Quadratic SVM, Cubic SVM,
Medium Gaussian SVM and Fine KNN.

A stacked ensemble method was simulated as well utilizing classifiers such as Medium
Gaussian SVM, Cubic SVM and Fine KNN. SisFall and MobiFall Datasets were further
used to train and test the classifier system. Initial testing and training had shown an
improvement in accuracy (up to 99% in binary classifications) when compared to the
system using individual classifiers. Results had shown a remarkable increase in precision,
sensitivity and accuracy when classifying data in a binary classification system compared

to classifying the data based on the specific categories (the various types of falls and
XV



ADLs). Hence an effective system model was developed and trained to identify the data
between both Fall Events and ADLs as well as separately identifying the actual type of
Fall/ADLs.
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CHAPTER 1

1 INTRODUCTION

Since the inception of human history, children have always outnumbered the elderly
population. However, in modern times, as technology advances, people over the age of
65 are beginning to outnumber children, with the highest proportion being in developed
countries. It was reported that 9.3% of the world’s population were of age 65 or over in
2020 and this figure was predicted to rise to 16% by 2050 [1]. In addition, 80% of the
elderly will live in low and middle-income nations by 2050 as well. This is due to various
factors that follow the advancement of technology and causes changes such as an increase
in life expectancy and the increasing significance of chronic health conditions such as

mental health disorders and diabetes [1], [2].

This increase in ageing populations also brought forth an increasing interest regarding the
issues on disability, considering the risk of disability increases with age. Around 15% of
the world’s population (based on 2010 estimates) is considered to have some manner of
disability [3]. A disability condition prevents the person from interacting with the
environment in the same way as an average person. A person on a wheelchair or a blind
person requires external assistance to simply walk or interact with the environment. To
assist these people, research has been done on improving the quality of life for the
disabled and the elderly, especially monitoring the condition of the user or detecting any

anomalies such as accidental falling.

1.1 Fall Event

A fall is defined as “an event which results in a person coming to rest inadvertently on
the ground or floor or other lower-level” [4], [5]. Fall injuries can be classified to be either
fatal or non-fatal (which is the majority of fall-related injuries). Fall accidents are a
significant public health issue considering it is the highest cause of global “accidental or
unintentional injury deaths” (after road traffic injuries). One of the critical risk factors in
this type of injury is dependent on various factors such as age, gender and health of the
person, which is why elderly people aged 65 and above suffer the highest number of fatal
falls [4], [5].



There has been extensive research done in the field of fall detection as early as the 1970s
[5]. Considering the different approaches taken in fall detection, some areas are still
needed to be improved upon, and more research and techniques are needed to be adapted.
Currently, there are various systems designed to detect a Fall Event. A typical system is
shown in Figure 1.1. However, there is a demand to develop a robust and optimal system,
and this is why fall detection is one of the most researched topics in elderly care. In fact,

a noteworthy cause of nursing home admissions is falls and the fear of falling [6].

Sound Alert

&

At Family Members

Message

Measurement Data Fall Detection System

User Intervention Caretakers

Figure 1.1: Example of a fall detection system [7]

1.2 Motivation

Considering the advances in technology and society, family dynamics change in cities,
leaving the elderly population with fewer options for care [8]. To assist their everyday
lives without burdening the working-age population, there is a rising demand to research
a technical solution. As fall accidents are a significant public health issue, fall detection

is one of the most researched fields considering today’s technology [6].

Similarly, research has also been done on designing a navigation system for the disabled
and elderly to track the location of the user. Considering the fact that the elderly
sometimes have a lacking memory or are visually impaired, there can be cases where the
person can find himself or herself in a new environment without guidance. A navigation

system can offer guidance and alert the dedicated personnel or caretaker to the location

[9].

The Global Positioning System (GPS) used satellites to detect the location of the user,
hence being useful in outdoor conditions. However, indoor navigation is a developing

field with research being done to design a reliable system. This type of system can be



deployed in commercial areas such as large airports to assist the elderly and disabled in

case of emergencies [10].

1.3 Aims, objectives and significance

1.3.1

Aims

The aim of this project is to undertake a comprehensive research study on the various fall

detection and navigation systems designed for the elderly and disabled design and

develop a fall detection system. These aims can be addressed via the focusing on these

research questions:

1.3.2

What potential combination of Machine Learning (ML) algorithm for an
accelerometer-based system will provide the best accuracy, sensitivity (recall),
specificity and precision?

In what ways can the classifier system be improved in terms of portability,

memory, cost and energy consumption?

Objectives

The given aims can be achieved by separating tasks into the following objectives:

1.3.3

Investigate research done on fall detection systems and navigation systems for the
elderly and disabled and compare the performance of the fall detection system
with and without machine learning being applied.

Assess the performance, strengths and weaknesses of machine learning algorithms
used in various systems.

Investigate and demonstrate the best combination of machine learning methods
for a fall detection system in terms of complexity, energy efficiency and real-time
performance.

Develop the fall detection classifier model using the chosen algorithms that can
be simulated and tested.

Evaluate the results presented by the new system model with comparison to

existing published works.

Significance

A comprehensive research study/review on the various machine learning algorithms used

in fall detection will grant a comprehensive knowledge on the performances of the various
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machine learning algorithms used in fall detection as well as the performance, strengths
and weaknesses of machine learning techniques used in various systems and identifying
the most effective, less complex, accurate and portable system at a low cost. The
successful development of the fall detection and navigation system using the chosen
algorithms will demonstrate an effective low cost and portable solution which can be
simulated and tested. Additionally, an improvement on the model to allow evaluation of
the performance of other fall detection systems via fall detection datasets will exhibit an

acceptable and practical model for fall detection dataset simulations.



CHAPTER 2

2 LITERATURE REVIEW

Extensive work has been done in this field by various studies. Various fall detection
methods were investigated and approached by different papers. Two prominent
techniques used for fall detection are rule-based methods and machine learning. Rule-
based methods set up “rules” to differentiate between Activities of Daily Living (ADLSs)
and Fall Events based on inputs such as tilt angles and vector magnitudes from
accelerometers [7]. This approach is computationally efficient, uses less energy, and is
simple to incorporate into an embedded system. The fundamental issue with such systems
is that precisely determining the reference or predetermined value is challenging [11],
[12]. Studies found that such approaches were affected by occlusions, resolution
difficulties, misclassification, and sensors' sensitivity to undesired input, all of which
contributed to a higher false alarm rate. Such a classification system cannot manage the
technical challenges that conventional methods encounter. As a result, an effective
classification method is required that can extract the required characteristics while

minimizing undesirable data and noise [11], [13].

On the other hand, machine learning algorithms use given data to train the system to
identify Fall Events and ADLs, which are then used to detect actual fall events [14]. The
advancement of technology with expanding stored datasets also brought about many
advances in machine learning algorithms, and research is being done to improve and
develop the technology and its applications [15]. Traditional approaches possess flaws,
such as low camera resolution, undesired characteristics in sensor data, and
misclassification by threshold-based methods, which can be addressed using machine
learning-based classification. Considering the benefits of machine learning, numerous fall
detection studies have implemented algorithms such as ANN, KNN, and SVM to
categorise Fall Events and ADLs. Some existing studies use data collection equipment
such as sensors and cameras to determine the performance of fall detection algorithms.
Acceleration-based fall detection methods that depend on threshold-based algorithms
have produced a significant number of false alarms and have failed to accurately extract
characteristics from the signal data. Ambient sensors and equipment have also been

discovered to be sensitive to undesirable vibrations, noise, and interference from the
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surroundings. Threshold-based methods failed to distinguish between useful signals and
noise, resulting in performance difficulties, while machine learning methods have been
observed to resolve these problems and improve accuracy [11]. In addition, the
comparisons reveal that the machine learning-based classifications performed better than

the threshold-based classifications with a large quantity of training data [11], [13].

Overall, the machine learning method is more advanced and results in higher detection
rates. Although there have been reported challenges with applying these approaches due
to the requirement of high mathematical abilities and greater system resources, they are
now the emerging trend, following the lower adaptability of the thresholding methods.
Furthermore, no technique has gained widespread acceptance, and each study proposes a
unique strategy among the many machine learning methods [16]. The different methods
that have been published to date to detect falling events include image processing
approach, using location sensors, smartphones sensors, accelerometers and wristbands
and smartwatches. Some methods are combined in research to investigate the accuracy

and speed of Fall Event detection.

2.1 Fall detection methods

There are multiple methods for detecting ADLs or Fall Events which have been
researched by various studies as well as being available commercially. However, the most

common methods used in such systems are as follows:

e Image processing approach

e Location sensor method

e Accelerometer in smartphones

e Wristband and smartwatches

e RFID technology

e Surface electromyography technology

e Low-cost accelerometer

These types of methods have been briefly described, and some of the research on these

types of fall detection have been looked at and discussed in the following sections.



2.1.1 Image processing approach

The fall detection system uses cameras and 3D depth sensors for fall detection and ADL

classifications. An example of this is shown in Figure 2.1.

Camera

Fall Detection
Algorithm/ Database

If Fall
Occurs

Emergency Emergency Services

Contacts

Figure 2.1: Example of a fall detection system

Yang and Lin [17] used depth image analysis to detect multiple subjects overlapping each
other. The system was also designed to be usable in low-light environments such as indoor
lighting. The principal characteristic for the fall detection algorithm was using a “central
line” of the human profile to acquire the tilt angle of the person. Any crouching events
and fall events were detected via measuring the vertical velocity of the person. This gave
the advantage of people detection even if the target was partially blocked by obstacles, in
addition to detecting multiple people even in low-light scenarios. This method was
effective in differentiating users crouching and actual fall events, even during moments
where multiple persons had been detected and overlapped. Accuracy was reported to be
94.31%, and the system had been stated to be robust and suitable for homes and public

areas.

Yang and Lin [17] stated that the algorithm could be applied for other purposes using
cameras of different models having the required depth resolution and depth detection
distance. To provide privacy, the detection was based on handling illumination changes

and identity protection.

In addition, more investigations were undertaken to study different non-invasive
technologies for privacy. Planinc and Kampel [18] used audio, cameras (as 2D sensors)
and Kinect as a 3D depth sensor for fall detection. The algorithm was implemented in
C/C++. Fall detection using the Kinect was tested on 72 videos containing 40 falls and

32 ADLs, and the results were compared with the method using audio and cameras. For

7



privacy and the protection of the elderly, only depth data from the videos from the sensors
were analysed, and edge detection algorithms were applied. Testing showed that the
system’s algorithm using depth data had outperformed other vision-based algorithms as
well as algorithms based on audio information. The algorithm using world coordinates
outperformed the version using image coordinates with an accuracy of 95.8%. However,
the robustness of their system needed to be improved and tracking issues as well as using
a combination of different approaches to fall detection was required to be researched
further. Other researchers have used neural networks to detect Fall Events using multi-
camera and 360-degree video feeds. The model fuses the prediction scores of the two
neural networks using a weighted fusion to achieve the final output after two neural
networks were trained independently on footage of Fall Events and ADLs [19]. Other
studies have proposed similar techniques by implementing convolutional neural networks

with RGB-D Depth Sensor Cameras [20].

There are several drawbacks to this method, considering the system is complex and
expensive to set up. The location for camera installations is done indoors, such as in
nursing homes and hospitals. Issues for this method include the resolution of the cameras,
the distance between camera and target, the privacy of users as well as a situation when
a person goes out of the camera’s range, and the complex and expensive system [21]. As
discussed in studies using RGBD cameras, the privacy aspect also used 3D depth to detect

common activities such as standing, sitting and fall events [22].

2.1.2 Location sensor method

This method was designed by Lustrek ef al. [6] and used tags that allow sensors to detect
the positions and locations of the tags worn by the user at different parts of the body. A
general example of the system is shown in Figure 2.2. Radio sensors are used to detect
the location and posture of the user in the room as well as detecting Fall Events. Using

multiple location tags increases the accuracy of the fall detection system.
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Figure 2.2: Example of a fall detection system

The variance of the acceleration vector length, the minimum, maximum and average
acceleration along the y-axis, the orientation and the speed of change along the z-axis
were selected as system inputs. The classifier was trained in scenarios with activities of
daily living (ADL) and different types of Fall Events by five different users undergoing
five repetitions. Machine Learning method used for user activity classification includes
Bayesian inference for ADL types and Hidden Markov Model to remove “infeasible
activity transitions”. To minimise errors, a fall occurrence was declared when both

classifiers showed a Fall Event.

A triaxial accelerometer was used for fall detection for comparison, using a threshold-
based fall detection algorithm. The length of the acceleration vector is extracted; however,
the direction of the acceleration was ignored. The average orientation of the user was
measured with a location tag. If an acceleration was detected and orientation was not
upright for ten seconds after the acceleration, a Fall Event was declared. The location-
based system had given higher accuracy (94.7 %) than accelerometer-based methods
(81.8 % with threshold, orientation and context). Lustrek ef al. [6] noted the contextual
information on location in the apartment during a potential Fall Event proved to be

advantageous.

However, the required equipment is expensive compared to usual accelerometer-based
methods. The tags are inconvenient, and the user can fail to accurately equip the tags in
the correct manner, and this can lead to faulty readings, so they are not a very practical

solution [6].



2.1.3 Accelerometer in smartphones

Modern smartphones are equipped with a wide range of sensors, such as accelerometers
and gyroscopes. A fall detection system using this method uses the accelerometer, tilt
sensor for fall detection and ADL detection. The location of the user is detected via the
WiFi and built-in GPS location sensor. One advantage of using this system is that the
portability of the system allows usage both outdoors and indoors [21]. Hence, research
has been done on using these sensors to detect the user falling in real-time and use the

smartphone to notify the administrator of such an event via calls or messages [23].

Lee et al. [23] designed a real-time fall detection system that used the acceleration sensor
and tilt sensor built into a smartphone to detect Fall Events. The system used real-time
location tracking using Google’s Map and Google’s 3D mapping service. A threshold-
based fall-detection algorithm was used using the tilt sensor in the smartphone as well.
When a Fall Event was detected, the algorithm used the phone’s location tracking system
(Google Map) to notify the administrator of the event and its location for emergency
intervention. Experimental results show an accuracy within nine metres, and an error
range from 12:00 pm to 6:00 pm was comparatively greater to other times in the day. The
accuracy is excellent in any area due to the visual effects provided by Google Maps.
Advantages of these features included swift intervention to assist the user when a Fall
Event is detected. Additional wireless equipment had been used as well to track the user
indoors with a one-metre error range. The overall system had achieved excellent results
in both speed and accuracy. However, the precision of the smartphone’s tilt sensor and
fall detection algorithm needed to be improved and more research was required on
minimising battery consumption. Testing should also be expanded for more age groups
as well. Su and Twu [24] tested a system detection system by placing the smartphone on
the waist. Data blurring was implemented by weighted moving average, and three features
(impact, stillness, and weightlessness) were used to identify Fall Events via the threshold-

based method.

Nevertheless, due to different smartphones having different models of accelerometers and
gyroscopes, the developed software and algorithm’s performance and accuracy will not
be the same for each smartphone model. This can also be affected by incoming and

outgoing calls [21]. The user may not have a smartphone with them at all times while
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indoors. Furthermore, the accelerometer can be exploited to give sensitive information

about the user, such as general activities performed by the user.

This was investigated in Das et al. [25] whether smartphones present a security threat to
the user and whether sensors in the phone can be used by other people for malicious
purposes. An Android-based platform was used in this study. Results indicate internal
security to be inadequate. The sensors in the smartphone could be potentially used for
malicious purposes as the sensor data could be used to identify user activities. Das et al.
[25] also reported the accelerometer might be used to detect key presses and text without

the user’s knowledge.

2.1.4 Wristband and smartwatches

Recent trends have shown wrist wearables to be increasingly popular with people due to
their simplicity and convenience. A fall detection system using an accelerometer built
inside a wrist device/smartwatch. The location of the user is detected via the built-in
Bluetooth Module/GPS location sensor. Wristbands and watches are the least intrusive

and will interfere the least during the user’s daily activities [21].

Kostopoulos et al. [26] designed a threshold-based fall detection system using a
smartwatch. This system considered post-fall movements of the user and the trained fall
pattern to detect Fall Events. An indoor navigation system was designed using the
smartwatch’s Bluetooth to provide the location of the user for monitoring. The system
had successfully shown an accuracy of 96.01%. However, this system is restricted to
indoors, and a GPS needs to be integrated with the system for outdoor use. Other works
such as Gjoreski ef al. [27] showed that equipping the system performs best on the ankle,

knee and waist and non-dominant wrist with 85% accuracy on the wrist.

Horng and Chen [28] have also implemented a system with a smartwatch to monitor and
identify Fall Events and sensors for indoor positioning as well as outdoors. Android-based
platform and Amazon cloud server were set up to monitor the user. The system used a
threshold classifier based on fuzzy theory to detect falls. During a Fall Event, the
caregiver 1s notified via WiFi with details, including the location of the fall and the
caregiver's identification, as well as notifications to the caregiver's app via the server.

This system showed an overall 93.75% in sensitivity and 97.5% in specificity.
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Disadvantages of this system are that the wrist of a user in a position of susceptible to
high movement as people use their hands to do everyday tasks. Activities of Daily Living
(ADLs activities) cause the sensor accuracy to be lowered [21], and a navigation system
is yet to be implemented in some studies [27]. Hence, the system finds it hard to
differentiate and sense whether a movement is a Fall Event or an ADL activity due to the

random hand movements [27].

2.1.5 RFID technology

This fall detection system uses Passive RFID tags placed in the walls in a room, creating
a tag array. RFID Antenna is used as the signal source as well as a sensor to detect the

signal strength. A person’s figure can be detected by analysing the signal strength.

Kaudki and Surve [29] presented a radio frequency identification based device-free
activity recognition system using passive RFID tags. Passive RFID tags are placed in the
surrounding walls in a room, creating a tag array, and an RFID Antenna acts as the
transmitter and receiver of the radio signals. [29] stated that the system is unobtrusive,
low cost and maintenance-free. Data from the RFID tags is processed for each segment
in the array. Extracted features are then used for classification via dictionary learning and
KNN classifier. Any Fall Events will cause the system to send a message or alarm the
caretaker. The MATLAB R2016a software was used in designing the algorithm. Studies
have proposed the usage of these systems in mental health facilities as well. An ensemble
system was developed based on Linear Regression, Decision Tree, Random Forest, and

XGBoost [30].

Disadvantages of this system include not being able to identify complex activities and
being similar to the image processing method; the system is not portable and cannot be

used outdoors.

2.1.6 Surface electromyography technology

This system uses the user’s muscle behaviour (lower limb) to detect Fall Events via
surface electromyography. Surface electromyography (sSEMG) probes are used to monitor

the muscles behaviour to enable a faster recognition of Fall Events and ADLs.

Leone, Rescio and Siciliano [31] developed a fall detection system via lower limb surface
electromyography. The user’s muscle behaviour was chosen as it may allow a Fall Event
recognition. Four wireless surface electromyography (sEMG) probes were used to
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monitor the lower limb muscles behaviour. Machine learning techniques were applied to
overcome any disadvantages of well-known threshold-based approaches. Markov
Random Field-based Fisher-Markov selector was applied for reduction of EMG signal
complexity and execution time. The Linear Discriminant Analysis (LDA) classifier was
used for ADL classification and fall detection to have an acceptable balance between the
system capabilities, classification accuracy and costs for computations. The first phase of
the data processing included a reduction in user movement noise signals and
environmental noise via band-pass filtering. A USB receiver was used to store and
process the data on a standalone PC. The system was developed using MATLAB and was
tested via 15 participants to create a dataset holding more than 300 ADLs and 90 Fall
Events. The results were obtained via a ten-fold validation scheme and showed sensitivity

and specificity to be 89.1% and 87.1%, respectively.

However, similar to the location sensor method, the probes are inconvenient, and the user
can fail to accurately equip the probes at the lower limb. This can lead to faulty readings,

so this method is not practical enough to be implemented at this stage.

2.1.7 Low-cost accelerometer

This is one of the most commonly researched methods for fall detection. Studies were
done on fall detection and using a GPS modem to monitor the user activity with a call
centre for medical monitoring of the patient. Pérolle er al. [32] used a biaxial
accelerometer with Activity monitoring being performed through a neural network. The
system analysed the inputs from the biaxial accelerometer, classified and log the user’s
activity and detected any Fall Events. The monitoring report was sent to the call centre

once a day.

Hsieh et al. [33] used a tri-axial accelerometer (ADXL 325) for the fall detection system.
The proposed machine learning-based fall detection algorithm used multi-SVM with
linear, quadratic or polynomial kernel function and KNN classifier. In the training phase,
the classification model was trained by KNN classifier and SVM, which was then used to
distinguish between falls and ADLs. Eight kinds of falling postures and seven types of
daily activities arranged in the experiment were used to investigate the performance of
the machine learning-based fall detection algorithm. The results of feature selection and
classification evaluation were obtained by k-fold cross-validation method. The emulated
falls were performed in ten subjects, and the results showed that the algorithm could fulfil
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the requirements of adaptability and flexibility for the individual differences. The k-
nearest neighbor (KNN) method with 0.1 second window size was found to have the

highest accuracy of 96.26%.

Similarly, Dinh and Struck [34] developed a real-time fall detection algorithm that used
machine learning methods for Fall Event classification and used a single triaxial
accelerometer attached to the waist. The developed algorithm for classification used
spherical coordinates to represent the intensity of the acceleration and two angles
describing the orientation. A fuzzy inference system (FIS) calculated the movement
activity from the transformed signal components, and the output of the FIS was recorded
and classified by an ANN. The ANN is a multilayer perceptron (MLP) where Resilient
Backpropagation (RPROP) is used as the training algorithm. The network had an input
layer of 640 neurons, two hidden layers consisting of 30 and 20 neurons respectively, and
an output layer with one neuron. For training of the neural network, training patterns were
recorded and interpreted manually with 0 (not a Fall Event) and 1 (Fall Event). The
system demonstrated a lower detection rate for slow falls (collapsing) and had shown an
average precision of 90.3%. This was comparable to existing research using knowledge-
based methods. Dinh and Struck [34] noted that slow falls (due to heart attack) could be

detected by analysing the movement pattern over time.

Nevertheless, the system needed to be improved in detecting Fall Events by collapsing
via adding additional rules to the system. However, this may increase calculation
resources. The precision needed to be improved, and a post-fall analysis was required to
be done. In addition, the classification of the severity of the Fall Event was not attempted

in this study.

The system designed by Rescio, Leone and Siciliano [35], used a tri-axial MEMS (Micro
Electro-Mechanical System) accelerometer, FPGA for computing and Zigbee module for
wireless communication. Data was sent to an external computing platform for data
analysis at 10Hz. One Class Support Vector Machine (SVM) was used to classify all Fall
Events. The SVM classifier was trained using 40 falls and 50 ADLs, and 210 falls, and
150 ADLs have been used for testing (taken from the dataset). The kernel functions in the
table were analysed via the MATLAB tool STPRtool. The sensitivity indicates the
capacity to detect a fall, and specificity is the capacity to detect only the Fall Events. The

polynomial kernel showed the best results and is used in order to limit the computational
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workload. Simulations showed good functionality in controlled environments with high
accuracy (97.7% sensitivity). Various performance metrics of different kernel functions
in One-Class SVM were compared. The best results were the polynomial function and
Gaussian Radial Basis Function. The polynomial kernel is chosen to reduce the
computational workload. A study of posture was not made, but only posture changing
analysis was used, limiting the computational cost as well. However, there is a further
need to test the system in actual situations. Research must be done on various models of
accelerometers for the robustness of the system and design for additional embedded

mobile solutions (such as FPGA or DSP).

Focusing on the elderly staying at home alone, studies have been done using 3-DOF
(degrees of freedom) accelerometers for both posture recognition and fall detection.
Having just accelerometers removed the need to use multiple modules and have one 3-
DOF accelerometer to sense the position and posture of the user. The system proposed by
Van Thanh et al. [21] used 12C (inter-integrated circuit) interface in the connection
between ADXL345 and MCU. The system used both “posture recognition module” and
“vertical velocity estimation” to enhance the accuracy of the system by checking twice
with an interval of 0.5 s. If a fall is confirmed, the state of the user will be checked twice,
and the location of the user will be detected. The system was reported to have a sensitivity
and accuracy of 100%. A message system was designed to indicate the fall positioning of
the user via the GSM/GPS modem to the required personnel and attempt to can the

designated number (such as relatives) to inform them of the incident [21].

Some studies have used a gyroscope in conjunction with accelerometers. Jian He et al.
[36] designed a fall detection system having a triaxial accelerometer and gyroscope
integrated in a wearable vest. This system had integrated additional functions such as GPS
capabilities for monitoring, sending alerts and messaging. The system detects the
reluctant acceleration and angular velocity of ADLs. The data is sent to a smartphone via
Bluetooth for processing. The kNN algorithm and sliding window analysed the input data
and detected any Fall Events. Falls were classified by acceleration, and angular velocity
and a set of 20 accelerations and 20 angular velocities were used for classification. It can
be calculated that the accuracy is 97.7%. The sensitivity and specificity are 94% and 99%,
respectively. Jian He ef al. [36] noted that there was a reduction in both false positives
and false negatives and an increase in accuracy in using both the accelerometer and

gyroscope. Weka, which integrates with various machine learning algorithms for data
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mining, was used to compare kNN to other algorithms using the same training and
experimental data. kNN algorithm has the most precision, but the Naive Bayes algorithm
had the most sensitivity of 95.2%, but had a lower specificity compared to KNN. The
precision of ANN, on the other hand was about 97.5%.

Multiple accelerometers had been used in different studies, such as the system designed
by Mostarac et al. [37] for patients. Two triaxial accelerometers with ZigBee transceiver
was used for monitoring patients and detecting Fall Events. ZSTAR wireless sensing
triple-axis board was used due to its low power consumption and portability. The sensors
were located on the top and bottom of the patient’s clothes, and data was sent to local
receivers. The receivers sent the data to the server for analysis and storage. If a Fall Event
is detected, the local health care service is alerted. Personal computers were used to
browse the database collected at the server. This algorithm was able to distinguish
between falls (forward, backward and fall into a sitting position) and ADLs. Different
outputs from the sensor for a period of six hours was simulated Fall Events and ADLs.
While the system successfully monitored user activities such as sitting and falling with
100% accuracy, this number of user activities is too low for an accurate assessment of the
accuracy of the system. More Fall Events and more complex ADLs are needed to be

simulated for more accurate results.

Some studies, such as the system designed by Gjoreski, Lustrek and Gams [38] had used
multiple accelerometers in detecting Fall Events. [38] used nine placements of up to four
sensors on the waist, chest, thigh and ankle to allow fall detection via detecting the posture
of the user. Machine Learning method was used for the classification model. This was
used for posture recognition to classify data from the accelerometers and predict the user’s
posture. This was trained with 11 people. Several commonly used classification
algorithms were analysed, including Naive Bayes, SVM, J48 and Random Forest. The
algorithm that achieved the best results for almost all postures was Random Forest. Using
two accelerometers on both chest and waist gave an accuracy of 90% in identifying user
postures, with the chest accelerometer being better in recognising postures [38]. Using 3
accelerometers was found to be adequate to accurately detect all fall events except a slow
fall. The results were compared to similar results from a system using ultrawideband
location tags using scenarios with events that may be difficult to different differentiate

between a Fall Event and ADL. The location-based system was useful in detecting slow

16



falls compared using one accelerometer. The system was comparable to two
accelerometers (accuracy of 93%). Using two accelerometers on both chest and waist
gave an accuracy of 90% (better than location-based system) in identifying user postures
with the chest accelerometer being better in recognising postures. Using all four
accelerometers increased the accuracy to 99%. Gjoreski, Lustrek and Gams [38] showed
that accelerometers are superior to location sensors in posture recognition. The chest and
waist were the most common places to put an accelerometer and a comparison of the two
revealed that they perform very similarly, with the chest having a small advantage.
However, the system performance can be improved by contextual information about the
location where a potential fall is taking place, since problems occurred in using one
accelerometer while distinguishing some postures. Additionally, it was very hard for
accelerometers to distinguish slowly falling down and lying on the bed using only
acceleration signals. More work has to be done on detecting transitional activities such as
standing up or sitting down as well as achieving this posture recognition using one

accelerometer.

Nguyen Gia et al. [39] used an [oT (Internet of Things) system of a wearable sensor node
containing an accelerometer and gyroscope in an [oT based fall detection system. Results
showed that the system was energy-efficient, lightweight and flexible. However, the
accuracy of the system was not stated, as the focus of the research was on minimising
system energy consumption. Sousa et al. [40] implemented a low-power portable system
via a tri-axis accelerometer placed on the waist for protracted usage. A threshold-based
algorithm was used with minimal false alarms (97.7% specificity) and a sensitivity of

92.6%.

A disadvantage of the accelerometer method was that using a low-cost accelerometer
could cause lower precision in detecting a Fall Event. In studies using more than one

accelerometer, wearing them is the inconvenient and uncomfortable for the user.

2.1.8 Calculations for processing accelerometer output

The signal output for accelerometer-based fall detection systems have three phases: start
of'the fall, impact, aftermath and posture. Falls in the lateral direction have a higher falling
velocity but falls from a bed does not have any [41]. The accelerometer output during a

Fall Event is shown in Figure 2.3 [42]:
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Figure 2.3: Signal output of an accelerometer during a Fall Event
Signal output during a Fall Event can be divided into the following phases:

1) Start: The user loses starts to drop towards the ground with the body accelerating and
reaching maximum speed just before impact. At this stage, the root mean square (RMS)

of acceleration will be less than 1 g.

2) Impact: The user impacts the ground with the RMS increasing rapidly until reaching
a peak.

3) Aftermath: After the impact, the user stays immobile for a short period of time, with

the RMS showing a flat trend.

4) Posture: After the period of immobility, may change posture by getting up. Conversely,
the user may remain still in a different position compared to the initial orientation. Hence,

the accelerometer output for each axes will be different from the initial output [41].

In calculations, the signal magnitudes ay, a, and a, represents the acceleration in x, y

and z axis, respectively. The magnitude of the signal vector had been calculated by using

Equation 1 [23]:

magnitude = \/a,? + a,? + a,? (1)

The magnitude value increases when there are large movements. This can occur during a
Fall Event, and this increase in value can be analysed to detect a fall. Considering

acceleration vector a = [@x @y Qz], the orientation of the user is calculated by
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working out the angle ¢. The angle ¢ between the acceleration vector and the z-axis is

given by Equation 2 [6], [14], [36], [38]:

a
COS p = ——— (2)
ax?+ay?+a,?

The following terms are used to describe and compare the effectiveness of the fall

detection systems:

e Sensitivity/Recall: Sensitivity is the capacity of the system to detect falls and
corresponds to the ratio of true positives to the total number of falls.

o Specificity: Specificity is the capacity of the system to detect falls only when they
occur.

e Accuracy: Accuracy corresponds to the correct differentiation between falls and
non-falls.

e Precision: Precision is the proportion of actual falls compared to the overall

number of falls detected.

The sensitivity/recall, specificity, precision and accuracy of the system can be calculated

with Equations 3 to 6, respectively [35], [43], [44]:

sensitivity /recall = TPZPFN 3)
specificity = TNTiva (4)
precision = TPTpr (%)
accuracy = % (6)

where,

True-positive (TP): a fall happens, and the algorithm detects it.

False-positive (FP): a fall does not occur, and the algorithm reveals a fall.
True-negative (TN): a daily event is performed, and the algorithm does not detect it
False-negative (FN): a fall occurs, but the algorithm does not detect it.

Some studies have used spherical coordinates (7, ¢, 8) to detect Fall Events. This is

converted from Cartesian coordinates (x, y, z) via Equations 7 to 9 [34]:
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0 = arccos(z/r); 0 = [0, m] ©)

2.2 Navigation systems

A navigational system is defined as “a device that has the capability of knowing your
current position and allows you to determine your destination” [45]. Various systems have
been designed for many years to help and assist the elderly and disabled, such as those
that are contained within a wheelchair having severely impaired motion skills. Research
was done to develop systems that had autonomous navigation in crowded areas to
navigate narrow spaces such as entering a restroom using obstacle avoidance and wall

following algorithms [10].

A navigation system for a wheelchair used the iris movement and image processing for
navigation which was designed using MATLAB [46]. A user interface was also designed

via LabVIEW to allow the user to control wheelchair movements.

An indoor location detection was designed by Marco et al. [47] with ZigBee and
ultrasound positioning, which provided extensive coverage and robustness even in
crowded areas. The system was successfully tested in a residence for disabled people. An
alarm system was implemented to warn people of risk areas and situations where they
should not stay or where need a caretaker is needed. This system was useful in detecting
abnormal or risky patterns like wandering in the middle of the night. An accelerometer
and a button were also integrated into the device that the users wear, which made it
possible to detect falls and make emergency calls. This system also used guiding

messages (as voice and text messages) to assist in navigation.

Some methods such as the image processing approach, location sensor method and RFID
technology are inherently based indoors. Hence, location detection can be used easily
with the fall detection algorithm. For example, camera locations can be used to provide
contextual information for fall detection in the systems designed in [17] and [18].
Location sensor method, such as [6] and the RFID system in [29] similarly, has built-in

functionality to detect and monitor the user indoors.
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Fall detection systems involving wristbands and smartwatches have location tracking
features via the built-in Bluetooth Module and GPS location sensor [21]. Similarly,
modern smartphones have built-in sensors; the location of the user can be detected via the
WiFi and built-in GPS location sensor, such as the system in [23]. An advantage of using

this system is that the portability of the system allows usage for both outdoors and indoors

[21].

Accelerometer-based fall detection system does not have any built-in navigational system.
However, studies have incorporated capabilities such as using ZigBee transceivers used
for monitoring patients indoors in [37]. Other studies, such as the system in [21] and [36]
has integrated GPS capabilities for outdoor monitoring, sending alerts and messaging.

This results in less restriction to the user as the user is not needed to be confined inside.

Some authors have developed and tested the method of setting up cameras inside rooms
and other sensors such as accelerometers to monitor any possible indoor falls as well as

using GPS sensors to provide location inside and outside the domestic environment [48].

2.3 Commercially available fall detection systems

There are various types of fall detection systems available commercially. These range
from pendants to straps and smartwatches to detect falls. Some of the multiple systems

commercially available to the public are shown in Table 2.1 below.

Table 2.1: Examples of commercially available fall detection systems

Fall
Detection Features Price
System

e By pushing the button on the pendant, the user may send an
alarm call to the Customer Care Centre from anywhere in the
house.

e Ifthe user is unable to reach the button, the Smartfall contains
sensors that detect a fall and immediately send an emergency

AUD
Smartfall call. 49U95
Blue Fall e For fall detection, the pendant should be worn around the )
per
Pendant [49] neck. month
e The device has easily cancellable notifications to reduce false
alarms.

e The device battery can be replaced.
e The alarm device has a range of up to 300 metres.
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The device is used on the wrist.

If the watch detects a hard fall, it will tap on the wrist, sound
an alarm after the user is immobile for a minute and display
an alert.

Alerts can be manually dismissed. Starting
Apple Watch . . . ,
SE [50]. [51] Tl.le device w1'11 call emergency services and contacts’ number | from
with the location of the fall. AUD
The Health app automatically records Fall Events. 429
The system has an international emergency call features.
The watch has sensors for heart rate.
The device may detect high-impact ADLs as a Fall Event.
The device has GPS, and some models have cellular access.
The device can be worn around the neck.
The user can use the Emergency button to create an alarm call
and connect to the Customer Care Centre.
Tunstall The user. can manually te@inate false alarms and calls. AUD
Gem4 [49] The deV.ICC has GPS tre.lckmg to l.ocate. the user. 250
The device has a charging base via which emergency calls can
be initiated.
Voice instructions and vibration feedback are available on the
device.
The device can be worn around the neck.
Automatic fall detection with loudspeaker and microphone .
.. . . Starting
LiveLife available in the pendant. from
Mobile The device uses GPS via Google Maps. AUD
Alarm [52] The device has a two-way voice communication system and | s,
sends emergency calls and messages with the user location to
up to six contacts.
Mobile-based alarm with cellular features and GPS
The pendant features a microphone and loud speaker
4G NHA The device can be used in the form of wristbands, clips, and | Starting
Life Alarm lanyards. from
[53] When the emergency button is touched, or a fall is detected, | AUD
this device will send a call and message to up to 8 contacts | 495
with the user location.
The user and contact can have two-way voice communication.
The device has cellular services as part of the alarm.
The device can be worn either around the neck, on wristbands,
Personal 3G or via belt clips. :
Mobile Life In an instance of Fall Event or if the user presses the Starting
. . . from
Alarm with emergency button, the device will call and send a message AUD
GPS and Fall with the user location to up to 5 contacts. 440
Detector [54] The user and contact can have two-way voice communication.

The fall detection system can be manually adjusted or turned
off.
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e The device is used on the wrist.

e The software platform connects to the smartwatch, which has
cellular access.

e The device has GPS and Wi-Fi access as well to disclose the | Starting

mCareWatch user’s position via the caregiver's online site and mobile app. | from

[55] e If the device senses a Fall Event, it prompts the user if they | AUD
are fine. In lack of any reply, the device will notify the | 499
emergency contacts.

e This function depletes the battery and necessitates more
regular device recharging.

2.4 Machine learning algorithms

Several machine learning algorithms were used alongside the various types of fall
detection systems. Some methods used machine learning algorithms such as Neural
Network (NN) [32], [34], Support Vector Machine (SVM) [35], [38], Dynamic Bayesian
network (DBN) [56], Decision Tree (DT) [57], Random Forest [38], Hidden Markov
Model (HMM) [6], [58], k-Nearest Neighbor (kNN) [36], [59] and Naive Bayes (NB)
[36], [38], [60] to detect falls and accurately classify user activities from sensor data.
Some studies had used multiple algorithms for analysis. Gjoreski et al. [38] analysed
multiple algorithms such as Naive Bayes, Random Forest, KNN and SVM. Hsieh et al.
[38] used multi-SVM with linear, quadratic or polynomial kernel function and kNN
classifier for the fall detection system. Conversely, studies such as Ojetola ef al. [57] used
one algorithm such as C4.5 algorithm (a Decision Tree Classifier) to create a Decision
Tree using vector magnitudes and raw data. This is used to differentiate between a Fall
Event and ADLs. In this section the following technical terms are commonly used in

machine learning algorithms:

e Kernel: A kernel is a method of transforming input data as input into the required
format in a higher-dimensional space or “featured space”. For SVM, the non-
linear data can be solved with a linear classifier using a kernel function [61].

e Nodes: This term is used in the context of both Decision Tree and ANN. For
Decision Trees, a node is formed when a Decision Tree tries to split the data from
a group into separate groups, which is determined by a set of requirements [62].
For ANN, the multiple inputs, outputs and hidden layers have a random number
of neurons or nodes. The nodes are organised into layers, and a single node from
a layer is connected to several other nodes in the next layer [15], [63], [64].
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e Hyperplane: A hyperplane is a three-dimensional plane used to divide the data

into two sections [65].

2.4.1 Support Vector Machine (SVM)

SVM is defined as “a classifier method that performs classification tasks by constructing
hyperplanes in a multidimensional space that separates cases of different class labels”
[66], [67]. An iterative training algorithm is used to minimise the error function. SVM
algorithms use a kernel function to map the non-linear input data to a higher dimensional
space for analysis [56]. The support vectors are the data points closest to the hyperplane.
These points are considered to maximise the margin for the hyperplane, as shown in

Figure 2.4 [68].

H2

Figure 2.4: Graph showing the hyperplanes

As shown in Equations 10 and 11, Hyperplane H is such that:
w-x;+b=+1wheny; = +1 (10)
w-x;+b<-1wheny, =—-1 (11)

H; and H, are the planes and described in Equations 12 and 13:
Hy:w-x;+b=+1 (12)
Hy:w-x;+b=-1 (13)

The points on the planes H; and H, are the tips of the support vectors and the plane H, is
the median in between where w - x; + b = 0. The margin of a separating hyperplane is

the line consisting of d+ and d— [68].
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Studies such as Rescio, Leone and Siciliano [13] had designed the fall detection system
based on One-Class Support Vector Machine (OC-SVM) as it was reported to be less

“computationally intensive” than other algorithms such as a neural network.

2.4.2 Artificial Neural Network (ANN)

ANN is a supervised algorithm that contains multiple inputs, outputs and hidden layers
with a random number of neurons or nodes. The nodes are organised into layers, and a
single node from a layer is connected to several other nodes in the next layer, as shown
in Figure 2.5. When the node receives input data, it is multiplied by a number or “weights”
that is assigned to the node. The resulting data is sent to the next layer if the value exceeds
a threshold, and the next layer goes through a similar process until the data exits the output
node. When an ANN is trained, all weights and thresholds are set to random values and
are adjusted until the inputs give the desired outputs [15], [63], [64]. Studies such as the
system designed by Pérolle ef al. [32] used a biaxial accelerometer with fall detection

with activity monitoring being performed through a neural network.

Input

Hidden Layer 1 Hidden Layer 2

K ——— in_1
\ - w_11

h1
2 |
hn

. | ) w_m1
xN——»  in_n -

Figure 2.5: Artificial Neural Network
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2.4.3 Naive Bayesian Network

The Naive Bayes method is a probabilistic algorithm based on Bayes’ theorem. The
algorithm assumes that all input data (I,,) are independent of each other, even if they are

from the same class (C), as shown in Figure 2.6 [69].

Figure 2.6: Naive Bayesian method

During the training phase, the algorithm is trained to calculate the probability of the
outcome, depending on the training data. In the testing phase, the test data is entered, and
the algorithm calculates the posterior probability for all trained classes. The class that has
the highest probability is the output [15]. As shown in Equation 14, the variable y is the
class variable which represents if it is suitable, given the conditions while variable X

represents the parameters/features [70], [71]:

PX|y)P(y)
P(yIX) = ZEE (14)

X is given as X = (x4, X3, X3, ..., X5 ), Where x4, X5, X3, ..., X,, represent the features.

By substituting for X and expanding using the chain rule (Equation 15):

P(x1|¥),P(x2|y),..P (xn|y)P(¥) (15)

P(Y|x1, X2, X3, o) Xp) = 00

For all entries in the dataset, to find the class y with maximum probability (Equation 16):
y = argmax,P(y) [1i=; P (x;]y) (16)

Studies such as Li ef al. [60] used Naive Bayes for classification of ADLs in their fall

detection system.
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2.4.4 Random Forest method

Random forest is a classifier comprised of various decision trees. Training data is used to
“grow” Decision Trees [72]. In a DT, a dataset is entered into a node that has features or
criterion that split the data into subsets. Each subset is led via “branches” to other nodes
(shown in Figure 2.7), and the process continues until the end-nodes, or “leaves”, is

reached. This is considered as the classification for the dataset [73].

Instance

N N N
SN SN SN NN SN

Tree-1 Tree-2 Tree-n

Class-A Class-B Class-B

Majority
Voting

Chosen
Class

Figure 2.7: Random Forest method

A Random Forest grows numerous decision trees in the training phase, with each tree
having the training data as input. The algorithm then accumulates all the classification
predictions from DTs and selects the prediction that gives the most significant number of

votes. This is then given as the output for the result. [74], [75].

For example, two child nodes in a binary tree (shown in Figure 2.8) can be assumed to as

shown in Equation 17 [75]:
ni; = w;iC; = Wierr(j) Cleft(j) — Wright(j) Cright(j) (17)
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where,

ni; = the importance of node j

w; = weighted number of samples reaching node j
C; = the impurity value of node j

left (j) = child node from left split on node j

right (j) = child node from right split on node j

The importance for each feature on a decision tree is then calculated in Equation 18:

. Z(j:nodejsplits on feature i) nij
fij = : (18)
Y(keall nodes) Nk

where,

fi; = the importance of feature i
ni; = the importance of node |

The importance of the final feature is its average over all the trees. The sum of the

feature’s importance value can be shown by Equation 19 [75]:

RFfll _ Y(jeall tree;) normfi;; (19)

RFfi; = the importance of feature i calculated from all trees in the Random Forest model
normfi;; = the normalised feature importance for i in tree

T = total number of trees

.x - h \.
|node j
left right
split split

Figure 2.8: Binary Tree
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Many studies have used this classifier in designing fall detection systems. Lustrek et al.

[6] used Random Forest classifier for user’s ADL classification and fall detection.

2.4.5 Kk-Nearest Neighbors (KNN) algorithm

KNN algorithm considers the distances of inputs and groups close datapoints together
into k groups. This is done by calculating the Euclidean Distance between data points “d”,
using Equation 20 [76]. New sample data are classified depending on the closeness of its

neighbouring groups [77].

d(p,q) =Xt (q; — (20)

The above formula takes in n number of dimensions or features in machine learning. The
data point, which is located at the minimum distance from the test point, is assumed to

belong to the same class (shown in Figure 2.9).

» X

Figure 2.9: KNN example as a diagram showing the data classes and datapoint “d”

Studies such as Zhang et al. [59] used KNN for the classification of ADLs and detection
of Fall Events. Jian He et al. [36] also primarily used KNN as the classifier in their fall
detection system and compared the results to other algorithms such as Naive Bayes and
ANN via Weka, a software used with various machine learning algorithms for data

mining.
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2.4.6 Hidden Markov Model (HMM)

The HMM is based on supplementing the Markov chain. A Markov chain is defined as
“a model that shows the probabilities of sequences of random variables, states, each of
which can take on values from some set.” These sets may consist of tags, words or
symbols representing a variable [78]. A Markov chain makes a very strong assumption
that if the future in the sequence is to be predicted, the states before the current one have
no impact on the future outcomes except via the current state [79]. Unlike the regular
Markov process, hidden Markov model states are stated to not be directly visible to the
observer. The observer could only obtain the value of output, which is dependent on the

value of the state, as shown in Figure 2.10 [58], [80].

Hidden States

(sg ) > 81+ 8+ 55 o s

Beginning End
State State

O & &
NNV

Observation Variables

Figure 2.10: Hidden Markov Model

Wang et al. [58] designed a fall detection system using a tri-axial accelerometer worn at
the waist that used HMM for ADL and Fall Event classification. Other studies such as
Lustrek et al. [6] used HMM to remove “infeasible activity transitions” during ADL

classifications.
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CHAPTER 3

3 METHODOLOGY

A methodology can be described as “a system of practices, techniques, procedures and
rules used by those who work in a discipline” [81]. In this context there are multiple ways
a project can be tackled and different methodologies exist to guide the project along and
aid in tackling any setbacks that can arise during the project’s duration [82]. An instance

on how this model of this project was structured is shown in Figure 3.1.

Background
research on
prevous work done

|Collect public dataset |
for training/testing
algorithms

Further training/testing Collect practical data for
algorithms using public testing/training via
dataset accelerometer

Further system Results contrasted
development and with existing
testing literature

Final system
evaluation

Figure 3.1: Flowchart of the project

In this model, tasks were dependent on the tasks done in the previous step. The design of
the system and the coding of the software was implemented in steps. Each step was noted,
and the technology used was needed to be understood to proceed to the next step. Future

modifications can be attempted to improve the project based on this model.

3.1 Requirements
At the first step in the model, all requirements and information on the project were

researched, followed by the analysis of the methods of system designs. This includes all

31



information on fall detection systems (from the literature review) and the algorithms used

in the system.

3.2 System design

Keeping existing models in consideration, a proposed model of a fall detection is shown
in Figure 3.2. The signal from the accelerometer is processed to a readable form and
undergoes feature selection. The data is then fed into the classifiers for classification and

tested for ADLs and Fall Events.

e ™
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Classification Type y
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e Multiclass Classifier
(Accelerometer signal) ) ) >
" trom xyz axig —>{ Signal Processing [: Compare results from Fall
A% v classifiers Detected?,

— - - —|—> Binary Classifier

Y

¥

No
— i =
.'/'J. b \.
I-Output: ADL and ADL"-I
\ Type

\\\ ) J/

Figure 3.2: Diagram of the proposed system

As shown in Figure 3.3, the data was acquired from input devices such as accelerometers
and gyroscopes. This was then put through pre-processing such as filters (if available) to
remove noise from the inputs and to extract the required features. The features extracted
from the inputs was passed to the next stage to calibrate the system. If the system is
already calibrated, the trained machine learning algorithms will use the features to

identify and classify Fall Events and ADLs.
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Figure 3.3: System data flow for the system

3.3 Dataset acquisition for simulation

Before the actual implementation of the fall detection system, the various machine-
learning techniques were simulated to identify the most accurate and efficient algorithm
or combination of algorithms. For this project, available machine-learning algorithms in
MATLAB was used for simulation to acquire the best combination of algorithms for the
software. Simulations required input data, and, in this scenario, datasets were used as
input for the system and algorithm to simulate all events and ADLs. Such datasets include
the SisFall [83], and Mobifall [84] datasets. The publicly available datasets shown in
Table 3.1 were considered for classification and testing for the best viability of the ML
algorithms. However, for the purposes of these experiments, SisFall and MobiFall

datasets were chosen to be used as input data for simulations.

Table 3.1: Available public datasets considered for simulation

Dataset Source Samples ADL  Fall Type Placement
SisFall [83] 4510 19 15 2 accelerometers and Waist
1 gyroscope
MobiFall [84] 3200 12 4 Accelerometer and Thigh
gyroscope in
smartphone

3.3.1 SisFall dataset

The SisFall database consisted of 4,510 files, with each file containing a single activity.

There were a total of 34 recorded and measured activities (19 ADLs and 15 Fall Events).
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Fall Event and ADL data were acquired via three sensors (2 accelerometers and 1

gyroscope) at a frequency sample of 200 Hz. The two accelerometer models were:

e ADXL345, which has a resolution of 13 bits and a range of —16g to +16g
e MMAS8451Q, which has a resolution of 14 bits and a range of —8g to +8¢g

Test participants for this dataset include adults between 19 and 30 years old and elderly
people between 60 and 75 years old. The ADLs and Fall Events that were identified and
classified are shown in Table 3.2 and Table 3.3, respectively [83]. An example of the raw
data for activity D01 in text file format is shown in Figure 3.4. Each row represents an
instance of reading taken from the ADXL.34 accelerometer, MMA8451Q accelerometer
and the ITG3200 gyroscope. The first three columns represent the x, y and z-axis readings
for the ADXL34 accelerometer, the following three columns represent the x, y and z-axis
readings for the MMA®8451Q accelerometer and similarly, the last three columns

represent the X, y and z-axis reading from the ITG3200 gyroscope.

Table 3.2: ADL categories [83]

D01 The person walks at a slower pace

D02 The person walks at a faster pace

D03 The person jogs at a slower pace

D04 The person jogs at a faster pace

D05 The person goes up and down the stairs at a slower pace

D06 The person goes up and down the stairs at a faster pace

D07 The person sits on a chair (of half-height), waits and stands up (at a slower pace)

D08 The person sits on a chair (of half-height), waits and stands up (at a faster pace)

D09 The person sits on a chair (of low-height), waits and stands up (at a slower pace)

D10 The person sits on a chair (of low-height), waits and stands up (at a faster pace)

D11 The person tries to get up and falls on chair from a sitting position

D12 Person lies down from a sitting position slowly, waits and then gets back to previous position
D13 Person lies down from a sitting position faster, waits and then gets back to previous position
D14 From lying on back position, switches to lateral position, waits and returns to previous position
D15 Person bends knees at a slower pace, from a standing position and returns to previous position
D16 Person bends (without knees) at a slower pace, from standing and returns to previous position
D17 The person sits in a car from standing position, waits and returns to previous position

D18 The person trips (but does not fall) while walking

D19  The person jumps softly (but does not fall)

Table 3.3: Fall Event categories [83]

F01 The person falls in forward direction while walking (due to a slip)

F02 The person falls in backward direction while walking (due to a slip)

F03 The person falls sideways while walking (due to a slip)

F04 The person falls in forward direction while walking (due to a stumble)

F05 The person falls in forward direction while jogging (due to a stumble)

F06 The person falls in vertical direction while walking (due to fainting)

F07 The person falls, uses table to try to moderate the fall while walking (due to fainting)
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F08 The person falls in forward direction, while attempting to rise up

F09 The person falls in a sideway direction, while attempting to rise up

F10 The person falls in forward direction, while attempting to sit down

F11 The person falls in backward direction, while attempting to sit down

F12 The person falls in a sideway direction, while attempting to sit down

F13 The person falls in a forward direction from a sitting position (due to sleeping/fainting)
F14 The person falls in a backward direction from a sitting position (due to sleeping/fainting)
F15 The person falls in a sideway direction from a sitting position (due to sleeping/fainting)

| &
File Edit Format View Help

-1,-2%7, -6, 16,-157, &9, -9,-1849, -8;
-3,-25%7, -9, 25,-152, 67, a,-1844, -15;
@,-258, -11, 36,-144, &5, 1,-1844, -23;
e,-255, -11, 46,-138, &5, 4,-1848, -38;
-1,-251, -5, 51,-138, 67, @,-1838, -25;
3,-25%8, -15, 52,-142, 66, -5,-1824, -15;
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-7,-248, -4, 5@,-168, 76, -15,-1683, 3;
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-9,-248, -1, 4e,-178, 86, -3@,-16@6, 4,
-11,-246, -5, 29,-185, &8, -29,-18e9, -7,
-11,-249, -7, 14,-188, 98, -38,-1813, 2;
-8,-249, -8, e,-1%2, &7, -33,-1814, -7,
-7,-2%2, -5, -18,-19@, 85, -33,-1e1s, -1@;
-1e,-25%e8, -8, -33,-189, 81, -29,-1835, -12;
-12,-25%, -8, -49,-189, 78, -34,-1836, -15;
-11,-25%8, -8, -59,-189, 73, -37,-1@48, -1&;
-9,-258, -11, -62,-192, 68, -38,-1845, -17,
-1@,-2%6, -9, -5%8,-197, 61, -34,-1843, -23;
-9,-258, -11, -53,-2@1, 58, -27,-1@38, -14,
-7,-253, -8, -49,-284, 58, -27,-1838, -1lb;
-8,-251, -8, -45,-206, 55, -24,-1834, -13;
-9,-253, -11, -42,-285, 54, -26,-1835, -8;
-6,-25%4, -9, -41,-283, 48, -24,-1836, -15;
-7,-255, -6, -48,-198, 42, -23,-1835, -8;
-2,-254, -5, -41,-193, 36, -19,-1838, -5;
-3 -975R -4 A1 1R/ 29 14 -18A7 13-

Figure 3.4: Raw data for walking slowly (D01)

3.3.2 MobiFall dataset

MobiFall dataset consists of 66 subjects with more than 3200 trials. The dataset contains
4 different types of falls, 12 different ADLs. Data were acquired via smartphone
(Samsung Galaxy S3). LSM330DLC inertial module (3D accelerometer and gyroscope)
used to capture the motion data. ADLs and Fall Events were categorised as shown in
Table 3.4 and Table 3.5, respectively [84]. Raw data acquired for falls with front knees
lying using an accelerometer is presented in Figure 3.5. The last three columns are the

data reading taken from the smartphone accelerometer in the x, y and z-axis, respectively.
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Table 3.4: ADL categories [84]

STD  The person stands with precise movements
WAL The person walks regularly

JOG The person jogs regularly

JUM The person jumps regularly

STU  The person goes up the stairs

STN  The person goes down the stairs

SCH The person sits on a chair

CSI  The person sits in a car from standing position
CSO The person gets out of a car from sitting position

Table 3.5: Fall Event categories [84]

FOL Person falls in forward direction from standing position, but moderates fall via hands
FKL The person falls in forward direction from standing position, but knees hit ground first
BSC The person falls in backward direction from standing position

SDL  The person falls in lateral direction from standing position

4

File Edit Format View Help
#Acceleration force along the x y z axes (including gravity).
#timestamp(ns),x,y,z{m/s"2)
#Datetime: ©85/87/2813 11:22:43
#EEEERERERER TR R TR TR TR E R e R R R R R R R R
#Activity: 11 - FKL - Fall front knees lying - 18s
#Subject ID: 1
#First Name: subl
#Llast Name: subl
#hge: 32

#Height(cm): 18@

#Weight(kg): 85

#Gender: Male
B L L L s

2023689687000,
2023782016000,
IAI3T711TARARR

. 7661445, -9.811775, -2.830283
.89864306, -9.126697, -2.1164744
GR7ILTL G FARGRA -7 1RIRTD

@DATA
2022656686000, ©.6512229, -9.56723, -1.2354881
2022856931000, ©.59376204, -9,605537, -1.1189896
2023057822000, ©.58418524, -9.586384, -0.9768343
2023257045000, ©.7374141, -9.662998, -0.79487497
2023457189000, ©.38307226, -9.543845, -1.1204864
2023657340000, ©.41180268, -9.126697, -1.5131354
2023668209000, ©.49799395, -9.850082, -1.7238252
2023677747000, 0.641646, -8.973468, -1.9057846

@

@

2]

Ln44

Figure 3.5: Raw data for fall with front knees lying (accelerometer)

3.4 Dataset feature selection

As described in Section 2.2.1, general features were chosen to be used for fall detection
and ADL detection and classification. These features were calculated and extracted from

the input data and were used to train the ML Models:
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e Position Axis: The accelerometer vector in the direction of x, y and z-axis

e Maximum: Maximum Value of the Acceleration Vector in an instance of the
simulated ADL/Fall Event

e Minimum: Minimum Value of the Acceleration Vector in an instance of the
simulated ADL/Fall Event

e Mean: Mean Value of the Acceleration Vector in an instance of the simulated
ADL/Fall Event

e Variance/Standard Deviation: The variance/dispersion of the data

e Orientation: The angle of the user/ the angle the user is facing in their current

position

Accelerometer-based fall detection systems detect the signal output from starting the fall,
aftermath and posture. The magnitude of the signal vector had been calculated by using

Equation 21 [23]:

magnitude = J(Ax)z + (Ay)2 + (A4,)? (21)

The value of the magnitude increases when there are large movements. This can occur
during a Fall Event, and this increase in value can be analyzed to detect a fall. Considering
acceleration vector a = [ax ay a,], the orientation of the user is calculated by working out
the angle ¢. The angle ¢ between the acceleration vector and the z-axis is given by

Equation 22 [6], [38]:

a

COS ) = ———— 22
,axz+ay2+az2 22)

The sensitivity/recall (capacity of the system to detect falls), specificity (capacity of the

system to detect Fall Events only when they occur) and accuracy (correct differentiation

between falls and non-falls) of the system were calculated with Equations 23 to 26

respectively [35], [43], [44]:

sensitivity /recall = TPT+PFN (23)
specificity = TNTJIFVFP (24)
precision = TPTfFP (25)
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TP+TN

accuracy = ——————————
Y TP+FN+TN+FP

(26)

3.5 Algorithms selected for simulation

The algorithms available in the Classification Learner App in MATLAB was used with
the datasets to assess the accuracy, precision, and recall of each algorithm. Up to 24
algorithms were simulated, including Decision Trees, Discriminant Analysis, Naive
Bayes Classifiers, SVM, Gaussian SVM, KNN and available Ensemble Classifiers. The

subtypes of the investigated algorithms are shown in Table 3.6.

Table 3.6: List of algorithms investigated in this study

Algorithms
LEEbio: SVM KNN Ensemble ARG Discriminant
Trees Bayes
. Gaussian .
. Linear . Boosted Trees . Linear
Fine Tree SVM Fine KNN (AdaBoost) Naive Discriminant
Bayes
Medium | Quadratic Medium Bacoed Trees I;Z?Zl Quadratic
Tree SVM KNN g8 v Discriminant
Bayes
Coarse . Coarse Subspace
Tree Cubic SVM KNN Discriminant
G:ulsseian Cosine Subspace
SVM KNN KNN
(1;/; i(ilsli::l Cubic RUSBoosted
SVM KNN Trees
Coars.;e Weighted
Gaussian KNN
SVM

3.6 Cross-validation

In each set of experiments, the classification was validated using k-fold cross-validation.
Cross-validation is a method for assessing ML models by training multiple ML models
on the subsets of available input data and evaluating them on a complementary data subset

[85].

In k-fold cross-validation, input data is split into k subsets of data (also known as folds).
ML model is trained on all but one (k-1) of the subsets and then evaluated by the model
on the subset that was not used for training. This method is replicated k times, each time

with a separate subset reserved for analysis (and exempted from training) [85]. An
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example of 5-fold cross-validation is shown in Figure 3.6. For instance, for iteration 1,
Fold 1 is used as the test data to test the trained algorithm, while Folds 2 to 5 are used as
the training data to train the algorithm for testing. In the next iteration, Fold 2 is used as
the test data, while Folds 1, 3 to 5 are used for the training data. This process continues
for five iterations in total, and the average performance is considered when processing

the final accuracy of the classification.

Training Data

Fold 1 Fold 2 Fold 3 Fold 4 Fold 5
—
[teration 1 Fold 1 Fold 2 Fold 3 Fold 4 Fold 5
[teration 2 Fold 1 Fold 2 Fold 3 Fold 4 Fold 5
Used to
Iteration 3 Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 »— find
parameters
[teration 4 Fold 1 Fold 2 Fold 3 Fold 4 Fold 5
[teration 5 Fold 1 Fold 2 Fold 3 Fold 4 Fold 5

Figure 3.6: Example of 5-fold cross-validation

3.7 Experiment for algorithm simulation

The experiments were divided based on the dataset, validation type, and accelerometer
used in each instance. The dataset used for the experiments is divided into a “training set”
(80% of the overall data) and a “testing set” (20% of the overall data). Using the training
set of data, each experiment was repeated ten times and the mean and standard deviation
for the values of recall, precision, accuracy and time taken were calculated and compared.

The trained classifier was then run using the testing set of data.

The simulation experiment details devices, resolution, ranges, classification numbers,
validation types and features used are shown in Table 3.7. Experiments 1.1 to 1.4 used
the SisFall dataset with the ADXL345 accelerometer using 5-fold cross-validation.
Similarly, Experiments 2.1 to 2.4 used the same dataset and accelerometer but used 10-

fold cross-validation. Experiments 3.1 to 3.4 used the same dataset as well with the
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MMAS8451Q accelerometer using 10-fold cross-validation. Experiments 4.1 to 4.4 used

the MobiFall dataset with the LSM330DLC inertial module using 5-fold cross-validation.

Table 3.7: Simulation experiments done

No Dataset Device Resolution Range Classification  Validation  Featu-
No Type res
5-Fold
. Accelerometer: . -16g to
1.1 SisFall ADXL345 13 bits +16g 19 (ADLs) Qrosg 10
Validation
5-Fold
. Accelerometer: . -16g to
1.2 SisFall ADXL345 13 bits +6g 19 (ADLs) C.rosg 16
Validation
5-Fold
. Accelerometer: . -l6gto 34 (19 ADLs
L3 Siskall byt 345 I3bits L 16g  and 15Fall) , SO 16
Validation
5-Fold
. Accelerometer: . -16g to 2 (ADL and
1.4 SisFall ADXI 345 13 bits l6g Fall) Qrosg 16
Validation
10-Fold
. Accelerometer: . -l6g to
2.1 SisFall ADXI 345 13 bits +16g 19 (ADLs) Qrosg 10
Validation
10-Fold
. Accelerometer: . -l6gto
2.2 SisFall ADXL345 13 bits t16g 19 (ADLs) Qrosg 16
Validation
10-Fold
. Accelerometer: . -l6gto 34 (19 ADLs
2.3 SisFall ADXI 345 13 bits +16g and 15 Falls) C.ross 16
Validation
10-Fold
. Accelerometer: . -16g to 2 (ADL and
2.4 SisFall ADXL345 13 bits +6g Fall) C.rosg 16
Validation
10-Fold
. Accelerometer: . —8g to
3.1 SisFall 14 bits 19 (ADLs) Cross 10
MMAS451Q e Validation
Accelerometer: —8g to 10-Fold
3.2 SisFall ' 14 bits 19 (ADLs) Cross 16
MMAB451Q 8¢ Validation
10-Fold
. Accelerometer: . —8gto 34 (19 ADLs
33 SisFall 14 bits Cross 16
MMAS8451Q +8¢g and 15 Falls) Validation
10-Fold
. Accelerometer: . —8gto 2 (ADL and
34 SisFall 14 bits Cross 16
MMARB451Q +8¢g Fall) Validation
LSM330DLC
inertial module —16g to SR
4.1 MobiFall 12 bits 9 (ADLs) Cross 10
(e +16g Validation
Galaxy S3)
imertal modul gt SFold
42  MobiFall ™€ ° 12 bits 810 9 (ADLs) Cross 16
(Samsung *16g Validation
Galaxy S3)
LSM330DLC 5 Fold
43 MobiFall inertial module 12 bits —16g to 13 (9 ADLs Cross 16
(Samsung +16g and 4 Falls) s
Validation
Galaxy S3)
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LSM330DLC

L 5-Fold
44  MobiFall inertial module 12 bits —l6gto 2 (ADL and Cross 16
(Samsung +16g Fall) Validation
Galaxy S3)

3.8 Dataset extraction for training

The required features used for classification were extracted from the SisFall and Mobifall
dataset. Figure 3.7 shows the data for ADXL345 accelerometer being extracted. The first
step includes data files being initialised for reading. The text files were then read and
transferred into arrays (as shown in Figure 3.8). The mean, maximum, minimum, average,
orientation and standard deviation were extracted and calculated for each ADL and Fall

and tabulated together.

An example of variables extracted for the ADL D01 in a table and tabulating all data
together for ADXL345 is presented in Figure 3.9 and Figure 3.10, respectively.

folder = 'D:\Users‘\faras\D-Documents\UT5\Datasets)
% Read the accelerometer data files

files = dir([folder,'*.txt']}:

num files = length(files);

dataFiles = zeros(l,num files):

Figure 3.7: An instance of text files for DO1 to be read being initialised

dataFiles (i) = fopen([folder files (i) .name],'z'});

data = fscanf (dataFiles (i), "$d\t, 3dh\t, 3d\t, 3d\t, 3dh\t, 3d\t, 3d\t, 2d\t, 2d; /", [9,inf]) ;
noisy x(1,:) = [(2*15&.96)/(2~13)) *data(l,:):

noisy ¥(1l,:) = ((2%156.96)/ (2™13) ) *data(2, :);

noisy z(l,:) = ((2*¥156.96)/(2~13)) *data(3,:):

Figure 3.8: Code to read data from text

table DOl = table (Mean x, Mean vy, Mean z, Max x, Max vy, Max z, Min x,...
Min y, Min =z, std x, std y, std =z, Avghcc, cos_Avglhcc x, cos_Rvghcc y, cos_Avghcc z, Catl, Cat_Bl):

Figure 3.9: An instance of variables extracted for the ADL D01 in a table

%%

ADL 80_per_ RDXL345_takle = [table_D0Ol; table_D02; table_D03; cable_D04;...
talkle _DO5; takle DO&; table DOT; table DOS; table DOS; table DI10;...
table D11; table D12Z; table D13; table D14; table D15; table Dl&6;...
table_D17; table_D18; table_D19];

L]

dataset.mat', 'table_DO1', 'table DOZ',...
',"table DO&', 'table DOT', 'table s
le D11','table_D12','table D13','table D14',...

Figure 3.10: Tabulating all data together for ADXL345
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Similarly, the data for MMAS8451Q accelerometer and MobiFall dataset was extracted,
and accelerometer data files were read using the set of instructions shown in Figure 3.11.
The mean, maximum, minimum, average, orientation and standard deviation was
extracted and calculated for each ADL and Fall and tabulated together. This set of data
was stored separately from data from the ADXL345 accelerometer. Figure 3.12 shows

the code to save the data for further processing.

dataFiles (i) = fopen([folder files (i) .name],'xr"):

data = fscanf (dataFiles (i), "&d\t, ¥d\t, 3d\t, Ed\t, 3d\t, Bd\t, 2d\t, 2d\t, Ed;\n", [9,inf]);
noisy x = ((2*3.81*8)/(2"14))*data(7,:):

noisy v = [(2*9.81%8)/ (2~14)) *data (8, :):

noisy z = ({2*9.81%8),/ (2*14)) *data(9,:):

Figure 3.11: Code to read data from text

B%

BL{9};RAL{10};RAL{11};A1{12};A1{13};A1{14};R1{15};R1{16};RL{1T7};AL{1E};A1{15}];
%

save ('extracted S0_per ADL MMAS451Q dataset.mat", 'Al', 'ADL S0 per MMAS4510 tabl

[at]
o
[
il
-

Figure 3.12: Tabulating all data together for MMA8451Q

3.8.1 Training data classification

3.8.1.1 Initiating simulation algorithm

The classifier algorithm was initiated via the Classification Learner App in MATLAB.
The generated classifier algorithm was then modified to run ten times, and each iteration
was saved for further processing. Figure 3.13 shows the code for data to be extracted and
classified. This section of the code stayed consistent for all ML algorithms in these

simulations.

% model.

inputTable = trainingData:
predictorNames = {'Mean x', 'Mean y', 'Mean z', 'Max x', 'Max y', 'Max z', 'Min x', 'Min y', 'Min z', 'AvgRhcc'};

predictors = inputTabkle (:, predictorNames);

response = inputTable.Catl;

Figure 3.13: Initialise predictors and response for classification
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3.8.1.2 Setting up classifiers
3.8.1.2.1 Decision Tree
Figure 3.14 shows the setting on which the Decision Tree classifier for the particular
instance was set up. The code shown sets up the Fine Tree classifier. Similarly, Medium
Tree classifier has ‘MaxNumSplits’ variable set to 20, and the Coarse Tree classifier has

‘MaxNumSplits’ variable set to 4.

The predict function was set up with the trained model being “trainedClassifier”. This
was used in other test data to measure the accuracy, precision and recall of the trained
model (Figure 3.14 and Figure 3.15). After training the classification model, the results
were cross-validated as shown in Figure 3.16, with the overall accuracy of the model

being calculated. This process was repeated for each iteration of the code.

ain a classifier

%2 This code specifies all the classifier options and trains the classifier.
classificationTree = fitctree (...

predictors,

response,

'SplictCriterion', 'gdi',

"MaxNumSplits', 100,

'3 cgate', 'off',

ames', categorical({'DOl';
'Dogt; 'DOS'; 'DLO'; 'DLl1l';

% Create the result struct with predict function

predictorExtractionFen = @(t) t(:, predictorNames):
treePredictFon = @ (x) predict(classificationTree, x);
trainedClassifier.predictFocn = @(x) treePredictFon(predictorExtractionFon(x)):

% Add additional fields to the result struct

trainedClassifier.RequiredVariables = {'Avghcc', '"Max ="', "Max v',...
'Max z', 'Mean x', 'Mean y', 'Mean z', 'Min x', 'Min y', 'Min z'};

trainedClas=sifier.ClassificationTree = classificationTree;

Figure 3.15: Setting up the predict function

% Perform cross-—validation

partitionedModel = crossval (trainedClassifier.ClassificationTree, "EFold', 5):

% Compute wvalidation predictions

[validationPredictions, wvalidationScores] = kfoldPredict (partitionedModel)

% Compute wvalidation accuracy

validationBccuracy = 1 - kfoldLoss(partitionedModel, 'LossFun', '"ClassifError'):

Figure 3.16: An instance of k-fold cross-validation

43



3.8.1.2.2 Naive Bayes

Figure 3.17 shows the setting on which the Naive Bayes classifier for the particular
instance was set up. The code shown sets up the Gaussian Naive Bayes classifier. The
numerical predictors as part of the ‘repmat’ function were set to 'Normal'. Similarly,
Kernel Naive Bayes classifier has the numerical predictors as part of the ‘repmat’ function

was set to ‘Kernel’.

Similar to Figure 3.15, the predict function was set up with the trained model being
“trainedClassifier” in other test data to measure the accuracy, precision and recall of the
trained model. After training the classification model, the results were cross-validated as
shown in Figure 3.16, with the overall accuracy of the model being calculated. This

process was repeated each iteration of the code.

distributionNames = repmat({'Normal'}, 1, length({isCategoricalPredictor)):
distributionNames (isCategoricalPredictor) = {'mvmn'};

if any(strcmp (distributionNames, "Eernel'))
classificationNaiveBayes = fitcnb(...
predictors, ...
response, ...

2mes', distributionMNames, ...

s', categorical({'DOl'; 'DO2'; 'DO3'; 'DO4'; 'DOS';...
'Dog'; 'DOT7'; 'DOS'; 'DOS'; 'D1O'; 'D1l1'; 'D12'; 'D13'; 'Dl4'; 'D15/'; 'Dlg'; 'D17'; 'D1E8'; 'D1S'})):
else
classificationNaiveBayes = fitcnb(...
predictors, ...
response, ...

'"Distributionflames', distributionMNames, ...
C1 , categorical ({'DO1'; 'DOZ'; 'DO3'; 'DO4'; 'DOS':...
' '

'DOg'; 'DOT'; 'DOS'; 'DOS'; 'D1C'; 'D1l1l'; 'Dl2'; 'D13'; 'Dl4'; "D15'; 'Dle'; 'D17'; 'D18'; 'D1S'}}):

end

Figure 3.17: Setting up classification type and properties

3.8.1.2.3 SVM

Figure 3.18 shows the setting on which the SVM classifier for a particular instance was
set up. The code shown sets up the linear SVM classifier. The hyperparameters for
‘KernelFunction’ was set to 'linear". Similarly, the hyperparameters for ‘KernelFunction’
was set to ‘polynomial’ with ‘PolynomialOrder’ set to 2 for Quadratic SVM (Figure 3.19).
Cubic SVM classifier for ‘KernelFunction’ was set to ‘polynomial’ with

‘PolynomialOrder’ set to 3.

Fine Gaussian SVM required the hyperparameters for ‘KernelFunction’ set to ‘gaussian’
with ‘KernelScale’ set to 0.79, as seen in Figure 3.20. Similarly, Medium Gaussian SVM
and Course Gaussian SVM had the hyperparameters for ‘KernelFunction’ set to ‘gaussian’

with ‘KernelScale’ set to 3.2 and 13, respectively.
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As was shown in Figure 3.15, the predict function was similarly set up with the trained
model being “trainedClassifier” in other test data to measure the accuracy, precision and
recall of the trained model. After training the classification model, the results were cross-
validated, with the overall accuracy of the model being calculated. This process was

repeated each iteration of the code.

template = templateSVM({...
E elFunction', 'linear', ...
'y [1, -v.

, 'auto', ...

straint', 1, ...
'Standardize', true);
classificationSVM = fitcecoc(...
predictors, ...
response, ...
"Learners', template, ...

—— " meresane !
ng', 'onevsone', ...

'ClassMNames', categorical({'DOl"'; 'DO2'; 'DO3'; 'DO4'; 'DOS'; 'DOE"; 'DOT':...
‘nogt; 'DOS*; 'D1O'; 'D11*; 'D1Z2°; 'D13°; '"D14°; 'D15'; 'D1&°; "D17°; 'D18"; "D1S"})):

Figure 3.18: Setting up Linear SVM classification type and properties

template = templateSVMI...

e 'polynomial’',

"PolynomialCrder"', 2,
ernelScale', 'auto',

oxConstraint', 1,

"Standardize", true);

Figure 3.19: Setting up Quadratic SVM classification type and properties

tenmplate = templateSVM (...

Figure 3.20: Setting up Fine Gaussian SVM classification type and properties
3.8.1.2.4 KNN

Figure 3.21 shows the setting on which the KNN classifier for a particular instance was
set up. The code shown sets up the linear SVM classifier. The hyperparameters were
adjusted depending on the distance and number of nearest neighbours. For Fine KNN, the
‘Distance’ was set to ‘Euclidean’ and ‘NumNeighbors’ was set to 1. Similarly, Medium
KNN and Course KNN required the ‘Distance’ to be set to ‘Euclidean’ with
‘NumNeighbors’ set to 10 and 100, respectively. Additionally, Weighted KNN had the
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‘NumNeighbors’ set to 10 and the distance weight function ‘DistanceWeight’ set to

‘squaredinverse’.

Similarly, Cosine KNN required the hyperparameters for ‘Distance’ set to ‘Cosine’ with
‘NumNeighbors’ set to 10 (Figure 3.22). Cubic KNN had the hyperparameters for
‘Distance’ set to ‘Minkowski’ with ‘Exponent’ set to 3 (Figure 3.23).

The predict function was set up with the trained model being “trainedClassifier” similar
to Figure 3.15. After training the classification model, the results were cross-validated as
shown in Figure 3.16, with the overall accuracy of the model being calculated. This

process was repeated each iteration of the code.

claszificationENN = fitcknn(...
predictors,
response,

'"Distance', '"Euclidean',

ight', 'Egual',

ardize', true,
' HNames', categorical({'DOl1'; 'DO3'; Dogs'; 'DOe'; 'DOT':
'DO 'pog'y 'D1O'; 'D11'; 'D12'; ; 'Dl4'; Dilg'; 'D1T'; 'D18'; 'D19'})):

Figure 3.21: Setting up Fine KNN classification type and properties

classificationkENN = fitcknn{...
predictors,
response,

'Distance', '"Cosine',

'ClassNames', categorical({'DOl1'; 'DO2'; 'DO3'; 'DO4'; 'DOS'; 'DOg'; '"DOT7';...
'Dog'y 'DOS'; 'D1O'y 'D11°*; 'D12'; 'D13'; 'D1l4'; 'D15'; 'D1&'; 'D1T'; 'D18'; 'D19'})):

Figure 3.22: Setting up Cosine KNN classification type and properties

classificationENN = fitcknn(...
predictors,
response,

'"Distance', 'Minkowski',

. 10, .
t' 'Equal’,
e', trus,
', categorical({'DOl1'; 'DOZ2'; 'DO3'; 'DO4'; 'DOS'; 'DOE"; '"DOT':...

'‘Dlo'; 'D11'; 'Dl2'; 'D13'; 'Dl14°; 'D15°; 'Dle"; 'DLl7"; 'DL18"; 'DL1S'}})):

Figure 3.23: Setting up Cubic KNN classification type and properties
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3.8.2 Saving results

After running the experiment, the relevant results and the trained classifier was saved for
further processing and comparison. These results include the overall accuracy, the time
elapsed during the simulation, the predicted classes for the simulation and the Actual
classes that were simulated. An instance of this code is shown in Figure 3.24. The saved
results were then extracted, the false positive, false negative, recall, precision and
specificity for each activity was calculated and tabulated for further comparison and

analysis. An instance of the tabulated results for Experiment 1.1 is shown in Figure 3.25.

elapsedTime = toc;

Predict_Cat = validationPredictions;
Aotual Cat = categorical (ADL_80_ per ADXL345_table.Catl):

save (Saved Mat, 'Pred Ca rai IClassifier', "validationfAccuracy', 'elapsedTime") ;

L 80 per ADX 5_table

3]

clearvars —except tr

Figure 3.24: Saved results of the simulation

24}
VARIABLE

oo o
EII}I 7 Open~ Rows Columns = g Transpose
Mew from & Print v [1 1] Insert Delete Sart *
Selection ¥ - hd
WVARIABLE SELECTION EDIT

247 cell

1 2 3 4 5 6 7
1 "Fine Tree" "60.51£0.97" |"60.98+1" "08.19+£0.06" "0.605+0.01" "67.68+1.05" "0.44£0.812"
2 "Medium Tree" "40.49+0.48" "47.07£1.51" |"97.71£0.03" |"D.466+0.006" "50.20+0.61" "0.123£0.005"
3 "Coarse Tree" "24.52£0.24" "15.34+0.65" |"96.04+0.02" |"0.174+0.007" "29.55+£0.29" "0.105+0.005"
4 "Linear Discriminant” "57.41£0.55" "539.11+0.84" |"97.98+0.03" "0.573+0.006" "64.03+0.47" "0.191£0.24"

5 "Cuadratic Discriminant” "64.32£0.71" "70,76+£1.71" |"98,49+£0.03" "0.651+0.01" "73.06+0.58" "0.181£0.044"
6 |"Gaussian Maive Bayes" |"58.35£0.84" "58.26+0.67" |"97.87+0.02" "0.579+0.007" "62+0.43" "0.206+0.131"

7 "Kernel Naive Bayes" "64.26£0.78" "64.97+0.61" |"98.28+0.03" "0.636+0.006" "69.29+0.57" "3.753+0.413"
8 "Linear SVM" "67.20+0.64" "73.08+2.6" |"98.54+0.02" "0.682+0.008" "73.97+0.42" "6.456x0.508"
9 "Quadratic SVYM" "74.6+0.86" |"76.35+£0.98" |"08.87+0.04" "0.752+0.008" "79.8£0.76" |"6.522+0.139"
10" Cubic SVM" "75.50+0.60" "77.64+1.15" |"98.95£0.03" "0.763+0.008" "81.27+0.51" "6.542+0.047"
11 "Fine Gaussian SVM" "61.86£0.45" |"6620.3" "98.57+£0.03" "0.623+0.004" "74.49+0.54" "7.029+0.298"

12 "Medium Gaussian SYM" "60.0420.61" "73.14£2.74" "08.77+0.03" "0.694£0.007""78.06+0.57" |"6.27£0.148"
13"Coarse Gaussian 5WM"  "55.06+0.43" "53.8£0.46" "08.11+0.03" "0.536+0.004""66.3+0.54" "6.001+0.064"

14 "Fine KNN" "76.53£1.08" "70.04+1.25" |"90.00+0.04" "0.773+0.012" "83.76+0.64" "0.184+0.235"
15 "Medium KNN" "63.19£0.99" "65.23+2.05" |"98.41£0.05" "0.631+0.012" "71.7£0.,95" "0.117+0.014"
16 "Coarse KNN" "45.71£0.53" |"44.86+0.65" |"97.47+0.04" "0.432+0.006" "54.97+0.64" "0.131£0.011"
17 "Cosine KNN" "B0.73£0.72" "63.26+£1.7" |"98.31+0.04" "0.606+0.008" "69.95+0.64" "0.17£0,199"
18 "Cubic KNN" "61.59+£0.87" "65.38+1.08" |"98.32+0.05" |"0.616+0.008" "70.00+0.83" "0.195+0.015"
19 "Weighted KNN" "73.12£098" "77.421.95" |"99.04+0.05" "0.736+0.012" "82.97+0.84" "0.118x0.014"
20"Boosted Trees (AdaBoo... "54.33£0.68" |"55,50+£2.21" |"08.02+0.04" "0.531+0.008" "64,79+0.65" "2.660+0.219"
21 "Bagged Trees" "69.85£0.55" "73.01+£0.9" |"98.76+0.02" |"0.703+0.006" "77.87+0.41" "2.226+0.127"
22"Subspace Discriminant" "53.21+£0.57" |"51.8+1.80" |"97.81+£0.03" "0.517+0.005" "61.05+£0.51" "1.838+0.162"
23 "Subspace KNN" "T242£082" "75.97£1.42" |"98.9£0.04" "0.731x0.01" "80.35+0.72" "1.879+0.03"
24 "RUSBoosted Trees" "B4.26+1.24" "60.76+£0.74" |"97.99+0.03" |"0.598+0.007" "63.79+0.6" |"2.325+0.026"
Jc

Figure 3.25: An instance of the tabulated results for Experiment 1.1
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3.9 Dataset extraction for testing

The required data used for classification during testing were extracted from the SisFall
and Mobifall dataset. Figure 3.26 shows the data for ADL activity DO1 of the ADXL345
accelerometer being extracted. Similar to extracting the training data, the first step
includes data files being initialised for reading. The text files were then read and
transferred into arrays (as shown in Figure 3.27). The mean, maximum, minimum,
average, orientation and standard deviation were extracted and calculated for each ADL
and Fall and tabulated together (shown in Figure 3.28 and Figure 3.29). An example of
variables extracted for the ADL DOl in a table and tabulating all data together for

ADXIL345 is presented in Figure 3.30 and Figure 3.31, respectively.

D01 - - - -

folder = 'D:\Users‘“faras\D-Documents\UIS\Datasets\New folder\SisFall dataset_ Test\Train\Test Set\DOl/';
% READ THE ACCELERCMETER DATA FILES

files = dir ([folder,'*.txt']):

numFiles = length(file=):

dataFiles = zeros(l,numFiles);

Figure 3.26: An instance of text files for DO1 to be read

for i=l:1:numFiles
dataFiles (i) = fopen([folder files(i).name],'x'):
data = fscanf (dataFiles (i), "%d\t, ¥d\t, Td\t, 3d\t, 3d\t, 3dht, dht, 2dht, ¥d;h\n', [9,1inf])
((2*156.96)/ (2~13)) *data (1, :):
((2%*156.96) / (2”13} ) *data(2,:):
({2%156.96)/ (2713)) *data (3, :):

noisy x(1,:)
noisy vi(l,:)

noisy z(1,:)

Figure 3.27: Code to read data from text

Mean x(i,:!) = mean(noisy x,2):
Mean y(i,:) = mean(noisy y,2):

Hean z(i,:) mean (noisy z,2):
Max =(i,:)= max(noisy x,[],2):
Max yii,:})= max(noisy v, [],2):
Max z(i,:)= max(noisy z,[],2);

Min x(i,:)= min(noisy x,[],2):
Min y(i,:)= min(noisy ¥, [],2):
Min z(i,:)= min(noisy =z,[],2});

Figure 3.28: The mean, maximum, minimum extracted for the ADL DO1 in an array
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if Mean x(i,:) < 0

cos Awvglhcc ®(i,:) = —acusdi—Hean_xii,:]Iﬁvgﬁccii,:]]:
else

cos Avghcc x(i,:) = acnsdiHean_xii,:]fﬁvgﬁccii,:]];
end

if Mean wy(i,:) < O

cos Avghcc y(i,:) = —acnsdi—Hean_yii,:]fﬁvgﬁccii,:]];
else

cos Avglhcc yi(i,:) = acnsd(Hean_y(i,:jfﬁvgﬁcc(i,:jj;
end

if Mean =z(i,:) < O

cos Avglhcc z(i,:) = —acnsd(—Hean_z(i,:jfﬁvgﬁcc(i,:jj;
else

cos Avghcc z(i,:) = acnsdiHean_zii,:]fﬁvgﬁccii,:]];
end

std x(i,:) = std(noisy X, [1.2):

std y(i,:) = std(noisy v, [1.2):

std z(i,:) std (noisy =z, []1.2):

Figure 3.29: Calculating the orientation of the signal and standard deviation

Catl = categorical (cellstr(Cat)):
Cat_Bl = categorical (cellstr(Cat_B)):
table DOl = takble(Mean x, Mean y, Mean z, Max x, Max y, Max z, Min x,...

Min y, Min =z, std x, std y, std =z, Avglhcc, cos_Avglhcc x, cos_Avglhcc y, cos_Avglhcc_z, Catl, Cat_Bl):

Figure 3.30: Variables extracted for the ADL DOI in a table

ADL 20 per RADXL345 table = [table DO1l; tabkle DOZ; table DO3; table DO4:...
table DO5: table DO6; table DOT: table DO&: table DOS: table D10:...
takle D11; takle D1Z; takle D13; takle D14; table D15; takle Dl&;...
table D17; table D1&; table D19]:

&%
save ('extracted 20 |
'table DO3', "table_
'takle DOS', "table
'table

'"ADL_20

Figure 3.31: Tabulating all data together for ADXL345

Similar to extracting the training data for the MM A8451Q accelerometer and MobiFall
dataset, accelerometer data files were read using the set of instructions similar to that

shown in Figure 3.32 and Figure 3.33. The mean, maximum, minimum, average,
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orientation and standard deviation was extracted and calculated for each ADL and Falls,

and tabulated together. Figure 3.34 shows the code to save the data for further processing.

for no = 1:1:numArrays

if no < 10
newStr = joim(["D:\Users\faras\D-Documents\UI5\Datasets\New folder\SisFall dataset Test\Train\Test_Set\DO",no,"/"],'"):
folder = convertStringsToChars (newstcr);

else
newStr = joim(["D:\Users\faras\D-Documents\UI5\Datasets\New folder\5isFall dataset Test\TIrain\Test_Set\D",no,"/"1,''):
folder = convertStringsToChars (newStr):

end

% READ THE ELERCMETER DATA FILE

files = dir([folder, LtxE'])

numFiles = length(files);

dataFiles = zeros(l,numFiles);

Figure 3.32: An instance of text files to be read

for i=l:1:numFiles
dataFiles (i} = fopen([folder files(i).name],'r"):
data = fscanf (dataFiles (i), '%¥d\t,¥d\t,3d\t, 2dht, 2dht, Tdh\t, 3d\t, 3d\t, 3d;\n", [, inf])
noisy x = [(2%9.81*8)/ (2714))*data(7,:):

1*8)/(2"14) ) *data (8, :):

1#8)/(2~14)) *“data(9,:):

(&

[55]

noisy v = ((2*9.%
noisy z = ((2%9.]

£

Figure 3.33: Code to read data from text for MMA8451Q

ADL. 20 per MMAB451Q table = [R1{1};RI1{2};R1{3};R1{4};R1{5};R1{6};AL{T};RI{E};...
Bl{9};AI{10};RL{11};R1{12};R1{13};RL{14};R1{15};RL{1le} ;RL{L T, B1{18};R1{159}];:

B%

save ('extracted 20 per ADL MMAS451Q datasec.mat', 'Al', 'ADL 20 _per MMAS4510 takle'):

Figure 3.34: Tabulating all data together for MMA8451Q

3.9.1 Testing data classification

3.9.1.1 Initiating simulation algorithm for testing

The classifier algorithm was previously initiated via the Classification Learner App in
MATLAB. The generated classifier algorithm was then modified to run ten times, and
each iteration was saved for further processing. The best three most accurate classifiers
are then tested via the “testing set” of data. Figure 3.35 shows the code for data for

classifying test set of data for Experiment 2.4 (a binary classification).

Predict Cat = trainedClassifier.predictFcn (ADLFall 20 _per test_ ADXL345 table);
Actual_Cat = categorical (RDLFall 20 per test RDXL345 table.Cat_Bl):

fconfusion matrix struct
[cm, order] = confusionmat (Actual Cat,Predict Cat)
[m,n] = size(cm);

Figure 3.35: Test set data used for the trained classifier
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3.9.1.2 Extracting the results

Figure 3.36 shows part of the code used to extract the results of the tested trained classifier
for further processing. As can be seen in Figure 3.36, the values of recall, precision and
specificity are calculated by extracting the true-positive (TP), true-negative (TN), false-
positive (FP) and false-negative values (FN) from the confusion matrix (cm). This process

was repeated in each iteration of the code.

for i=l:1:m
for j=1:1:n
total obs(no,:) = total obks(no,:) + cm(i,j);
if i = no
FH(no, :} = FN{no,:) + cm(i,j)-:
end
if j = no
FP(no,:}y = FP{no,:) + cm(i,]j)-
end
end
end
FP(no,:) = FP(no,:) - TP(no,:):
FHi{no,:) = FN{no,:) - TP(no,:):
TH(no,:} = total obs(no,:) - cm(no,no} - FP(no,:) - FN(no,:};
recall (no, :) = TP(no, :)/ (TP(no,:) + FHN(no,:)):
precision(no,:) = TP(no,:)/(TP(no,:) + FP(no,:)}):
specificity(no,:) = TH(no, :)/ (THN({no,:) + FP(no,:)):

Figure 3.36: Part of code for calculating recall, precision and specificity

3.9.2 Saving results

After running the experiment, the relevant results were saved for further processing and
comparison. These results include the overall accuracy, the time elapsed during the
simulation, the predicted classes for the simulation and the actual classes that were
simulated. An instance of this code is shown in Figure 3.37. The saved results can then
be extracted and tabulated for further comparison and analysis. An instance of the

tabulated results for Experiment 1.1 is shown in Figure 3.38.

save (Saved Mat, 'accuracy',

_Cat','trainedClassifier', 'validationhccuracy', "elapsedTime’, ...

Figure 3.37: Code for saving the results of the simulation
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C_End{meh,2} = join([round(total_recall,2),"z",round(std array(l),2)],""):
C_End{meh,3} = join|([round(total precision,2),":t",round(std_array(2),2Z)],'"):
C_End{meh,4} = join([round(total specificity,3),"z",round(std array(3),3)]1,"");
C_End{meh,5} = join|([round(total F1l score,3),"1",round(std array(4),3)1,"'):
C_End{meh,&6} = join([round(total_ accuracy,2),"z",round(std_array(5),2}],""};
C_End{meh,7} = join|([round(total elapsedTime, 3),"t",round(std_array(€),3)],"'"'):

Figure 3.38: Code for tabulated results of the simulation

3.10 Ensemble method

The ensemble method is used as a means to combine several ML models by training an
additional model. This is referred to as a stacked ensemble model, or stacked learner, as
depicted in Figure 3.39. Base models for this method were trained, tested and compared
to create a stacked ensemble classifier. The base model code is shown in Figure 3.40 to
3.43. The classifier algorithm was initiated as shown in Figure 3.41, which shows the
setting on which the SVM classifier for a particular instance was set up. The code shown
sets up the Gaussian SVM classifier. This type of SVM required the hyperparameters for
‘KernelFunction’ to be set to ‘gaussian’ with ‘KernelScale’ set to 4. Cubic SVM classifier
for ‘KernelFunction’ was set to ‘polynomial” with ‘PolynomialOrder’ set to 3. Similarly,
the hyperparameters for ‘KernelFunction’ was set to ‘polynomial’ with ‘PolynomialOrder’

set to 2 for Quadratic SVM.

Figure 3.42 shows the setting on which the KNN classifier for a particular instance was
set up. For Fine KNN, the ‘Distance’ was set to ‘Euclidean’, and “‘NumNeighbors’ was
set to 1. Figure 3.42 also shows the setting in which the Decision Tree classifier for the
particular instance was set up. The code shown sets up the Fine Tree classifier. Similarly,

Fine Tree classifier has ‘MaxNumSplits’ variable set to 100.
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Figure 3.39: Stacked Ensemble Classifier

tic

inputTable = trainingData;

predictorNames = {'Mean x', 'Mean y', 'Mean =z', "Max x',
'Min %', 'Min y', 'Min =', 'std =x', 'std y', 'std =z', 'Avghcc'

'cos Avglhcc x 'cos Avglhcc y', 'cos AvgAcc z'};

predictors = inputTable (:, predictorNames):;
response = inputTable.Cat Bl;

Figure 3.40: Part of base classifier code (I)

% 5VM with Gaussian kern
rng {'default') % For reproducibility
mdls{l} = fitcsvm(...

predictors,

response,

=1Function' 'gaussian'

alOrder', [1.,
v, e,
raint', 1,
true,

categorical ({"ADL'; 'Fall'}})):

% 5VM with polynomial kernel
rng {'default')

mdls{2} = fitcsvm(predictors,response, 'KernelF

'Standardize', true, "KernelScale', "auto', 'BoxConstraint', 1)

rng{'default')
mdl=s{3} = fitcsvm(predictors,response, 'KernelFunction', "polynomial', 'PolynomialCrder', 2,
'Standardize',true, "KernelScale', "auto', 'BoxConstraint', 1}):

Figure 3.41: Part of base classifier code (II)
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rng {"'default')

mdl=s{4} = fitcknn(...
predictors,
response,

'Distance', 'Euclidean’

r LUCllC

Exponent', [1.,

'HumNeighbors', 1,

'DistanceWeight', 'Equal®
)

'Standardize', true

% % Decision tree

rng {"'default')

mdls{S} = fitctree(...
predictors,
response,
'SplitCriterion', 'gdi'
'MaxNumSplits", 100,

Surrogate', "off',

ClassHames', categorical ({'ADL'; 'Fall'}}):

Figure 3.42: Part of base classifier code (III)

% Naive Bayes

rng [ "default"')

mdls{e} = fitcob (trainingData,'Cat Bl'}:
%

Figure 3.43: Part of base classifier code (IV)

Input is trained via the k-fold cross-validated predictions of the base models, as to reduce
overfitting. A ‘cvpartition’ object was created and transferred to a ‘crossval’ function of
each model (Figure 3.44). The stacked ensemble classifier was trained based on the
variations found on the results from the different algorithms and improves the accuracy

upon them (Figure 3.45). As shown in Figure 3.46, after being trained, the classifier and

base models were tested for comparison.

N = numel (class);

Scores = zeros (size (trainingData,l1l)} ,H):

cv = cvpartition(trainingData.Cat Bl,"HFold",3);
for ii = 1:NH

val c = crossval (class{ii}, 'cvpartition',cv):
[~r=s] = kfoldPredict (val c):
Scores(:,ii) = s(:,val c.ClassNames=="Fall');

end

Figure 3.44: K-fold cross-validation scores
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t = templateTree():

stacked_class = fitcensemble (Scores,trainingData.Cac_Bl, "Method®, 'Bag’', 'Learnsrs’', t)

Figure 3.45: Stacked Ensemble initialization

(Iterate over the kase models to the compute predicted lakels, scores, and loss wvalues
label = []:
score = zeros(size(testingData,l),N):
mdlLoss = zeros(l,numel (class)):
for i = 1:N
[1El,=2] = predict(class{i},testingData);
label = [lakel,lbl]:
score(:,1) = =(:,val_c.ClassNames=='Fall');
end

thttach the predictions from the stacked ensemble to label and stacked class
[1bl,=2] = predict(stacked class,score);

label = [label,1lbl]:

%¥Concatenate the score of the stacked ensemble to the scores of the base models

score = [score,s(:,1)]:

name = {'5VM-Gaussian','SVM-Cukic', 'SVHM-Quadratic', 'ENN', 'Decision tree', 'Naive Bayes', 'Stacked'}:

Figure 3.46: Classifier Testing

3.11 Visualizing results with confusion matrix

The recall and precision results of each classifier simulated in the experiments can be
visualised by using a confusion matrix. This is a table that is used to describe the
performance of a classification on a set of test data for which the true values are known.
As seen in the Figure 3.47, the rows correspond to the true class, while the columns

correspond to the predicted class.

Dot 7 10 1 389% |51.1% | 1

po2| 3 | 11| 1 1 1 1

D03 4 s "o

Do4 10 5 3 1

D05 1 1

D06 3 2 4

Do7 6 2 2

D08 3 1 87 4 13 5 2

D09 B3| 4 |67 | 4 1 3 8
E p10| 1 B | 2 |8 | 5 2 3 - Recall
Son 2 8 | 2 | 4 | T4 2 3
E D12

D13

D14

D15 1 2 1

D16 1 1

D17 1 1
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D19 1 8 1 1 3 ‘ ‘ 1 80 ‘542% |158% 4

EXET W aav | 853% | a2 | 842% | sosv | 7% | 2% | 831%
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T

Precision

Figure 3.47: Confusion matrix example
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CHAPTER 4

4 SIMULATION RESULTS AND DISCUSSION

4.1 Experiment 1 (using SisFall’s ADXL.345 accelerometer model and 5-fold

cross-validation)

4.1.1 Experiment 1.1 (classifying multiple ADLs using 10 features)

The SisFall dataset was used for this set of experiments. The ADXL345 accelerometer
model was used and has a resolution of 13 bits, and a range of —16g to +16g. In this model,
19 ADLs were classified, using 5-fold cross-validation and a total of 10 features,
including Maximum (X, y, z axis), Minimum (X, y, z axis), Mean (x, y, z axis) and Position

Vector (Magnitude).

There were 24 algorithms available in the classification learner app that were used in
Experiment 1.1, and the simulation results were tabulated and presented in Table 4.1 with

Recall, Precision, and Accuracy in percentages and Training Time in seconds.

Amongst 24 algorithms used in Experiment 1.1, Fine KNN has shown the best recall,
precision and accuracy of 76.53%, 79.04% and 83.76%, respectively. The classifier had
a training time of 0.184 seconds. Cubic SVM and Weighted KNN also showed good
results in comparison with Fine KNN except having higher Training Time of 6.542
seconds of Cubic SVM. A confusion matrix for an instance of the experiment done using

Fine KNN and Cubic SVM is also shown in Figure 4.1 and 4.2, respectively.

Table 4.1: Results from Experiment 1.1 (mean + SD; n = 10)

ML Model Recall (%) Pre(ﬁ/if‘)m“ F1 Score Ac:,';:)acy TanI?eH?s]:%)
Decision Trees
Fine Tree 60.51+0.97 60.98+1 0.605+£0.01 | 67.68£1.05 | 0.44+0.812
Medium Tree 49.49+0.48 | 47.07£1.51 | 0.466+0.006 | 59.29+0.61 | 0.123+0.005
Coarse Tree 24.52+0.24 | 15.34£0.65 | 0.174+0.007 | 29.55+£0.29 | 0.1054+0.005
Discriminant
Linear Discriminant 57.4140.55 | 59.11+0.84 | 0.573+£0.006 | 64.03+0.47 | 0.191+0.24
Quadratic Discriminant | 64.32+0.71 | 70.76£1.71 | 0.651£0.01 | 73.06+=0.58 | 0.181+0.044
Naive Bayes
Gaussian Naive Bayes 58.35£0.84 | 59.26+0.67 | 0.579+0.007 62+0.43 0.296+0.131
Kernel Naive Bayes 64.26+0.78 | 64.97+£0.61 | 0.636:0.006 | 69.29+0.57 | 3.753+0.413
SVM
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Linear SVM 67.29+0.64 | 73.08+2.6 | 0.682+0.009 | 73.97+0.42 | 6.456+0.598
Quadratic SVM 74.6£0.86 | 76.35+0.98 | 0.752+0.009 | 79.8+0.76 | 6.522+0.139
Cubic SVM 75.59+0.69 | 77.64+1.15 | 0.763+0.009 | 81.27+0.51 | 6.542+0.047
Fine Gaussian SVM 61.86+0.45 66+0.3 0.623+0.004 | 74.49+0.54 | 7.029+0.298
Medium Gaussian SVM | 69.04+0.61 | 73.14+£2.74 | 0.694+0.007 | 78.06+0.57 | 6.27+0.148
Coarse Gaussian SVM 55.06+£0.45 | 53.8+0.46 | 0.536+£0.004 | 66.3£0.54 | 6.091+0.064
KNN
Fine KNN* 76.53+£1.08 | 79.04+1.25 | 0.773+0.012 | 83.76+0.64 | 0.184+0.235
Medium KNN 63.19+0.99 | 65.23+2.05 | 0.631+0.012 | 71.7+0.95 | 0.117+0.014
Coarse KNN 45.71+£0.53 | 44.86+£0.65 | 0.432+0.006 | 54.97+0.64 | 0.131+0.011
Cosine KNN 60.75+£0.72 | 63.26x1.7 | 0.606£0.009 | 69.95+0.64 | 0.17+0.199
Cubic KNN 61.59+0.87 | 65.38+1.08 | 0.616+0.009 | 70.09+0.83 | 0.195+0.015
Weighted KNN 73.12+0.98 | 77.4+£1.95 | 0.736+0.012 | 82.97+0.84 | 0.118+0.014
Ensemble/Miscellaneous
Boosted Trees (AdaBoost) | 54.33+0.68 | 55.59+2.21 | 0.531£0.009 | 64.79+0.65 | 2.669+0.219
Bagged Trees 69.85+0.55 | 73.01+£0.9 | 0.703+0.006 | 77.87+0.41 | 2.226+0.127
Subspace Discriminant 53.21£0.57 | 51.8€1.89 | 0.517+0.005 | 61.05+0.51 | 1.838+0.162
Subspace KNN 72.42+0.92 | 75.97£1.42 | 0.731+0.01 80.35+0.72 1.879+0.03
RUSBoosted Trees 64.26x£1.24 | 60.76£0.74 | 0.598+0.007 | 63.79+0.6 | 2.325+0.026
*Algorithm with highest recall, precision and accuracy
Do1 7 10 1 38.9% | 61.1%
Doz 3 1" 1 1 1 1 B1.1% | 38.9%
Do3 4 3 11 1 211% | 78.9%
Do4 10 5 3 1 5268% | 47.4%
Dos 1 1 93 ara% | 2.1%
Do6 3 85 2 4 804% | 9.6%
Do7 a5 6 2 2 B8a5% | 105%
Dos 3 1 67 4 13 5 2 70.5% | 29.5%
D09 13 4 67 4 1 3 3 705% | 20.5%
ﬁ D10| 1 16 2 66 5 2 3 69.5% | 305%
G D11 2 8 2 4 74 2 3 9% | 21%
ED‘\Z a5 10 B8a5% | 105%
D13 6 89 83.7% | 6.3%
D14 | s | | 000 |
D15 1 2 1 90 1 B47% | 5.3%
D16 1 1 3 B47% | 5.3%
D17 1 1 1 92 96.8% | 3.2%
D18 2 7 2 2 1 1 78 2 821% | 17.9%
D19 1 8 1 1 3 1 80 B84.2% | 15.8%
53.8% | 78.6% | 25.0% | B33% | 85.3% | 8023% | B842% | 69.8% | BO7% | 72.5% | 83.1% | 93.4% | 89.0% 91.8% | 93.8% TB.0% | 83.3%
462% | 21.4% [ 750% | 16.7% | 14.7% | 198% | 158% | 30.2% | 193% | 27.5% | 16.9% | 66% [ 11.0% 82% 63% 220% | 16.7%

Doz D03 D04 Dos

DO6 Do7 Dos

Do9

D10 D11 D12

P dimbad Plmn

D13 D14 D15

D16 D17 D18

Figure 4.1: Confusion matrix for Fine KNN
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Figure 4.2: Confusion matrix for Cubic SVM

4.1.2 Experiment 1.2 (classifying multiple ADLSs using 16 features)

Similar to Experiment 1.1, 19 ADLs were classified, and 5-fold cross-validation was used
in Experiment 1.2. However, in this experiment, a total of 16 features were used. This
includes Maximum (X, y, z axis), Minimum (X, y, z axis), Mean (X, y, z axis), Position
Vector (Magnitude), Orientation (against x, y, z axis) and Standard Deviation (x, y, z axis

values). The simulation results of Experiment 1.2 are tabulated in Table 4.2.

In this experiment, also 24 algorithms were used to generate simulation results, and only
Quadratic Discriminant did not produce any results. Amongst all of the 23 algorithms of
Experiment 1.2, Cubic SVM has shown the best recall, precision and accuracy of 87.68%
and 90.61%, respectively. The algorithm had a training time of 6.216 seconds. Quadratic
SVM also showed similar results of achieving a recall and precision of 87.1% and
89.42%, respectively and an overall accuracy of 89.87% with a similar training time of
6.348 seconds. However, in terms of faster training time, while having similar recall,
precision and accuracy, Fine KNN was the most accurate at 88.85%, with a training time
of only 0.198 seconds. A confusion matrix for an instance of the experiment done using

Cubic SVM and Fine KNN is also shown in Figures 4.3 and 4.4, respectively.
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Table 4.2: Results from Experiment 1.2 (mean + SD; n = 10)

ML Model Recall (%) | Precision (%) F1 Score Ac:},}: )a <y T’Ii‘:‘:ilzisl:eg)
Decision Tree
Fine Tree 76.03+0.63 76.53+0.81 0.761+0.007 | 79.39+0.44 | 0.566+1.124
Medium Tree 63.09+1.01 63.75+1.81 0.606£0.01 | 69.21£0.52 | 0.134+0.009
Coarse Tree 24.67+0.21 16.77+0.92 0.183+0.009 | 29.73+0.25 | 0.112+0.004
Discriminant
Linear Discriminant 76.72+0.45 78.11+£0.71 0.768+0.005 | 78.34+0.37 | 0.305+0.58
Naive Bayes
Gaussian Naive Bayes | 74.19+0.62 74.24+0.62 0.734+0.006 75+0.44 0.329+0.12
Kernel Naive Bayes 76.82+0.74 79.23+0.64 0.77£0.006 | 79.45+0.43 | 5.796+0.399
SVM
Linear SVM 81.58+0.64 84.41+0.55 0.825+0.006 83.6+0.31 6.749+0.745
Quadratic SVM 87.1+0.96 89.42+0.94 0.879+0.01 | 89.87+0.63 | 6.348+0.09
Cubic SVM* 87.68+0.86 90.21+0.88 0.885+0.009 | 90.61+0.56 | 6.216+0.035
Fine Gaussian SVM 64.2+0.43 68.53+0.29 0.648+0.004 | 77.3£0.52 | 6.656+0.206
Medi“‘s“v(;;“”ia“ 82.22+0.59 | 86.91£0.73 | 0.832+0.007 | 86.29+0.39 | 6.084+0.098
Coarse Gaussian SVM | 63.81+0.48 67.69+2.34 0.637+0.005 | 74.61+0.52 | 5.859+0.183
KNN
Fine KNN 85.62+0.86 88.95+1.04 0.866+0.009 | 88.85+0.32 | 0.198+0.242
Medium KNN 70+0.77 75.11+£2.08 0.707+0.008 | 75.25+0.75 | 0.121+0.017
Coarse KNN 44.48+0.43 43.74+0.58 0.426+0.005 | 53.56+0.49 | 0.134+0.005
Cosine KNN 67.58+0.87 71.14+1.02 0.672+0.011 | 74.13+0.49 | 0.121+0.009
Cubic KNN 67.31+1.05 72.26+2.25 0.68+0.012 73.1+0.64 0.47+0.023
Weighted KNN 79.25+0.65 85+3.03 0.801+0.008 | 85.33+0.54 | 0.129+0.007
Ensemble/Miscellaneous

BE’A";t:gogf)eS 68.44+0.85 | 70.5942.32 | 0.677£0.011 | 76.47+0.74 | 3.55+0.242
Bagged Trees 82.38+0.94 85.51+1.13 0.833+0.01 | 85.49+0.69 | 2.311+0.227
Dabspace 74724043 | 74024039 | 0.741:0.004 | 76.4620.44 | 1.958+0.12
Subspace KNN 78.07+1.07 83.45+1.61 0.794+0.012 | 84.54+0.55 | 2.152+0.138

RUSBoosted Trees 77.11£0.91 75.63+0.98 0.754+0.009 | 77.18+0.68 2.5+0.128

*Algorithm with highest recall, precision and accuracy
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Figure 4.3: Confusion matrix for Cubic SVM
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Figure 4.4: Confusion matrix for Fine KNN

4.1.3 Experiment 1.3 (classifying multiple ADLs and Falls using 16 features)

Experiment 1.3 shows the ability of the algorithm to classify both ADLs and Fall Events.
19 ADLs and 15 types of Falls were classified using 5-fold cross-validation and 16
features. In this case, both ADLs and Fall Events were classified together, and the results

are tabulated in Table 4.3.

In this experiment, 23 algorithms were used to generate simulated results. Cubic SVM
has shown the best recall and precision of 76.71% and 78.47%, respectively and overall
accuracy of 77.17%. However, the algorithm had a longer training time of 21.87 seconds.
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Similarly, Quadratic SVM also showed similar results of achieving a recall and precision
of 76.72% and 78.47%, respectively and overall accuracy of 76.85% with a similar
training time of 21.957 seconds. In terms of faster training time, Fine KNN was the most
accurate having an accuracy of 71.59% in only 0.168 seconds. A confusion matrix for an
instance of the experiment done using Cubic SVM and Fine KNN is also shown in Figures

4.5 and 4.6, respectively.

Table 4.3 Results from Experiment 1.3 (mean = SD; n = 10)

ML Model Recall (%) | ©F iﬁ/i:)i"“ F1 Score Act“,}:)acy TTl;i':;'s';f)
Decision Tree
Fine Tree 59.57+£0.82 | 60.61+£0.97 | 0.59+0.008 | 59.77+0.81 | 0.278+0.13
Medium Tree 39.84+0.63 | 39.37+1.16 | 0.367+0.008 | 42.44+0.72 | 0.203+0.01
Coarse Tree 13.8+0.3 6.26+0.9 0.071£0.002 | 15.22+0.34 | 0.166+0.01
Discriminant
Linear Discriminant 56.1£0.45 | 60.09+1.41 | 0.562+0.006 56.8+0.3 0.174+0.06
Naive Bayes
Gaussian Naive Bayes 60.76+£0.38 | 61.22+0.59 | 0.599+0.004 | 59.54+0.44 | 0.504+0.06
Kernel Naive Bayes 63.61£0.26 | 64.64+0.63 | 0.629+0.003 | 63.48+0.22 | 17.246+0.34
SVM
Linear SVM 70.52+0.36 | 73.12+0.37 | 0.713+0.004 | 70.25+0.41 | 20.546+0.62
Quadratic SVM 76.72+£0.35 | 78.47+0.42 | 0.773£0.004 | 76.85+0.3 | 21.957+0.19
Cubic SVM* 76.71£0.39 | 78.6+0.4 0.773£0.004 | 77.17£0.27 | 21.87+0.29
Fine Gaussian SVM 54.27+0.53 | 68.58+1.28 | 0.579+0.006 | 59.86+0.59 | 21.75+1.01
Medium Gaussian SVM 71.8+0.51 | 75.04+0.39 | 0.726+0.005 | 72.83+0.44 | 21.385+0.48
Coarse Gaussian SVM 57.39+0.44 | 60.04+1.04 | 0.573+0.004 | 61.95+0.46 | 21.117+0.25
KNN
Fine KNN 71.35+0.4 | 73.01+£0.63 | 0.718+0.005 | 71.59+0.33 | 0.168+0.067
Medium KNN 57.83+0.45 | 59.81+0.34 | 0.581+£0.004 | 60.01+0.37 | 0.16+0.005
Coarse KNN 38.38+0.54 | 38.32+0.81 | 0.364+0.006 | 42.41+0.62 | 0.223+0.103
Cosine KNN 57.63+0.66 | 59.55+1.23 | 0.575+0.008 | 59.99+0.34 | 0.162+0.012
Cubic KNN 55.75£0.47 | 57.85+0.46 | 0.559+0.004 | 58.19+0.57 | 1.488+0.129
Weighted KNN 67.64+0.59 | 70.51£1.35 | 0.68+0.005 69.9+0.45 0.192+0.1
Ensemble/Miscellaneous
Boosted Trees (AdaBoost) | 47.34+0.77 | 44.93+2.98 | 0.423+£0.009 | 50.82+0.67 | 6.338+0.244
Bagged Trees 72.39+0.63 | 73.7+£0.67 | 0.726+0.006 | 72.77+0.5 4.05+0.159
Subspace Discriminant 51.86+0.29 52+1.09 0.506+0.004 | 53.5+0.27 | 2.938+0.126
Subspace KNN 63.91+0.58 | 66.01+0.81 | 0.644+0.006 | 65.44+0.42 | 2.667+0.166
RUSBoosted Trees 57.18+0.64 | 53.86+1.26 | 0.53+0.006 | 55.21+0.51 | 4.046+0.069

* Algorithm with highest recall, precision and accuracy
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Figure 4.5: Confusion matrix for Cubic SVM
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Figure 4.6: Confusion matrix for Fine KNN

4.1.4 Experiment 1.4 (classifying only an instance of ADL and Fall using 16

features)

Experiment 1.4 shows the ability of the algorithm to classify both ADLs and Fall Events
as binary classification. ADLs and Falls were classified using 5-fold cross-validation and
a total of 16 features. In this experiment, 23 algorithms have been used to produce
simulated results. All the algorithms had been shown to perform well with an accuracy of

over 90%, as tabulated in Table 4.4.
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With a slight advantage, Fine KNN was most accurate in terms of shorter training time
and gave 99.72 % accuracy with a training time of 0.165 seconds. Similarly, Cubic SVM
gave 99.64% accuracy with a training time of 0.354 seconds, and Quadratic SVM gave
99.67% accuracy with a training time of 0.35 seconds. However, all algorithms had shown
similar training time and similar accuracy to each other in comparison to other

experiments. A confusion matrix for an instance of the experiment done using Fine KNN

is also shown in Figure 4.7.

Table 4.4: Results from Experiment 1.4 (mean + SD; n = 10)

Precision Accuracy Training Time
0,
ML Model Recall (%) (%) F1 Score (%) ()
Decision Trees
Fine Tree 08.54+0.17 | 98.54+£0.17 | 0.985+0.002 | 98.54+0.17 0.116+0.008
Medium Tree 983602 | 98.36x02 | 0.984+0.002 | 98.36+0.2 0.112+0.004
Coarse Tree 95.8140.17 | 95.84+£0.17 | 0.958+0.002 | 95.82+0.17 0.095+0.004
Discriminant
_ Linear 96.89+0.07 | 96.86+0.07 | 0.969+0.001 | 96.87+0.07 0.183+0.233
Discriminant
Quadratic 98.69+0.05 | 98.68+0.05 0.987+0 | 98.68+0.05 0.13140.036
Discriminant
Naive Bayes
Ga“s];‘:;elja”e 96.78£0.09 | 96.77+0.09 | 0.967+0.001 | 96.73+0.1 0.156+0.145
Ker]';glyljsa”e 97.43£0.09 | 97.4£0.09 | 0.974+0.001 | 97.4+0.09 3.889+0.87
SVM
Linear SVM 97.7740.06 | 97.77£0.06 | 0.978+0.001 | 97.77+0.06 0.683+0.866
Quadratic SVM | 99.67+0.04 | 99.68+0.04 0.997+0 | 99.67+0.04 0.35+0.014
Cubic SVM 99.64+0.06 | 99.64£0.06 | 0.996+0.001 | 99.64+0.06 0.354+0.011
F‘“es%‘h‘;ss‘a“ 98.35+0.11 | 98.33£0.11 | 0.983+0.001 | 98.31+0.11 1.526+0.063
Medium 99.61+0.05 | 99.62+0.05 0.996£0 | 99.62+0.05 0.385+0.017
Gaussian SVM
C"a“g\?ﬁ“ss'a“ 97.73£0.09 | 97.7£0.09 | 0.977+0.001 | 97.71=0.09 0.491+0.032
KNN
Fine KNN* 99.7240.06 | 99.73£0.06 | 0.997+0.001 | 99.720.06 0.165+0.114
Medium KNN | 99.39£0.05 | 99.42+0.05 | 0.994+0.001 | 99.4+0.05 0.146+0.015
Coarse KNN 97.21£0.1 | 97.18£0.09 | 0.972+0.001 | 97.17+0.1 0.169+0.007
Cosine KNN 99.54+0.04 | 99.56£0.03 0.995+0 | 99.55+0.04 0.136=0.009
Cubic KNN 99.45+0.09 | 99.48£0.09 | 0.995+0.001 | 99.46+0.09 1.385+0.023
Weighted KNN | 99.55£0.07 | 99.57+0.07 | 0.996:£0.001 | 99.56+0.07 0.145+0.019
Ensemble/Miscellaneous
Bagged Trees 99.1240.1 | 99.13£0.11 | 0.991£0.001 | 99.130.1 1.949+0.048
Subspace 95.93£0.07 | 95.94+0.06 | 0.959+0.001 | 95.86+0.07 1.89340.117
Discriminant
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Subspace KNN 99.58+0.07 | 99.59+0.07 | 0.996+0.001 | 99.59+0.07 2.251+0.247

RUSBoosted
Trees

98.41+0.23 98.4+0.23 0.984+0.002 | 98.4+0.23 2.755+0.21

*Algorithm with highest recall, precision and accuracy
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1.3% 2.0%
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Figure 4.7: Confusion matrix for Fine KNN

4.2 Experiment 2 (using SisFall’s ADXL345 accelerometer model and 10-

fold cross-validation)

4.2.1 Experiment 2.1 (classifying multiple ADLs using 10 features)

Experiment 2 was done with the same parameters as Experiment 1. However, 10-fold
cross-validation was used instead of 5-fold cross-validation. As in Experiment 1.1, the
ADXL345 accelerometer was used, with 19 ADLs being classified using 10 features.
There were 24 algorithms available in the classification learner app, and the simulation
results were tabulated and presented in Table 4.5 with Recall, Precision, and Accuracy in

percentages and Training Time in seconds.

Amongst 24 algorithms used in Experiment 2.1, the Fine KNN algorithm was the best in
respect of accuracy (84.64%), precision (80.34%) and recall (77.85%) values. The
classifier had a training time of 0.172 seconds. Quadratic and Cubic SVM also showed

similar results in comparison with Fine KNN except having higher Training Time of
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13.368 and 13.583 seconds, respectively. A confusion matrix for an instance of the

experiment done using Fine KNN is also shown in Figure 4.8.

Table 4.5: Results from Experiment 2.1 (mean + SD; n = 10)

ML Model Recall (%) P“é%“’“ F1 Score Ac:},}:)acy TTII:;':‘S‘;%
Decision Trees
Fine Tree 61.57+132 | 62.23£1.28 | 0.6170+0.0125 | 68.04£0.96 | 0.218+0.010
Medium Tree 49.54+037 | 46.80£131 | 0.4645+0.0052 | 59.41+0.56 | 0.223+0.075
Coarse Tree 24414011 | 15.43£0.57 | 0.1749+0.0040 | 29.4120.13 | 0.181+0.017
Discriminant
Linear Discriminant | 57.7620.30 | 59.8120.62 | 0.5782+0.0036 | 64.39+0.24 | 0.253+0.105
Quadratic 66.06£0.54 | 71.40£0.71 | 0.6707+0.0059 | 73.73£0.41 | 0.302%0.019
Discriminant
Naive Bayes
Gaussian Naive Bayes | 58.56:0.39 | 59.34+0.38 | 0.5801:0.0038 | 61.97+0.22 | 0.4030.042
Kernel Naive Bayes | 64.83£0.56 | 66.43+0.99 | 0.6422+0.0054 | 69.81£0.40 | 6.953+0.371
SVM
Linear SVM 68.36+0.59 | 75.52+0.55 | 0.6944+0.0062 | 74.81+0.25 | 12.844+0.190
Quadratic SVM 75.78+0.68 | 77.3620.71 | 0.7638+0.0064 | 80.87+0.50 | 13.368+0.182
Cubic SVM 77.02£0.49 | 79.19+0.54 | 0.7785+0.0051 | 82.38+0.44 | 13.583%0.390
Fine Gaussian SVM | 62.93£0.18 | 66.64+0.16 | 0.6326£0.0017 | 75.78+0.22 | 13.955+0.135
Med‘“‘S“Vﬁ‘“ss‘”“ 70.06£0.61 | 75.63£3.75 | 0.705040.0078 | 78.8340.58 | 12.729+0.206
Coarse Gaussian SVM | 55.7120.32 | 54.39+0.34 | 0.5428+0.0030 | 67.08+0.38 | 13.109+0.428
KNN
Fine KNN* 77.85£0.52 | 80.34%+0.55 | 0.7867+0.0053 | 84.64+0.43 | 0.172+0.012
Medium KNN 64.69+0.68 | 66.41=1.10 | 0.6458+0.0073 | 73.47+0.58 | 0.181+0.007
Coarse KNN 46.60+0.37 | 45.15:0.48 | 0.4407+0.0043 | 56.13+0.49 | 0.228+0.021
Cosine KNN 63.022027 | 67.15£1.29 | 0.6316+0.0038 | 71.96:0.42 | 0.179£0.016
Cubic KNN 63.2320.43 | 65.87+132 | 0.6318+0.0058 | 71.77£0.60 | 0.293+0.019
Weighted KNN 7416+0.74 | 78.44+0.94 | 0.7472+0.0073 | 83.93£0.50 | 0.197+0.016
Ensemble/Miscellaneous
Boosted Trees 55.0040.57 | 54232094 | 0.5376:0.0060 | 65.7140.64 | 5.430£0.106
(AdaBoost)
Bagged Trees 71.05£0.77 | 74.05£1.22 | 0.7148+0.0082 | 79.15£0.54 | 5.153£0.099
Subspace 52.94+0.49 | 51.61£2.38 | 0.5142+0.0052 | 61.10+0.42 | 3.987+0.143
Discriminant
Subspace KNN 72784092 | 76.28+1.22 | 0.7340:0.01 | 80.85:0.61 | 4.064+0.017
RUSBoosted Trees | 65.4940.53 | 61.59+0.46 | 0.6078+0.0053 | 64.87+0.52 | 4.824+0.285

* Algorithm with highest recall, precision and accuracy
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Figure 4.8: Confusion matrix for Fine KNN

4.2.2 Experiment 2.2 (classifying multiple ADLs using 16 features)

D19

Experiment 2.2 used the same parameters as Experiment 1.2, except 10-fold cross-

validation was used. As in Experiment 1.2, ADXL.345 was used with 19 ADLs were

classified and a total of 16 features. The results are tabulated in Table 4.6.

Amongst all the algorithms simulated, Cubic SVM gave the best performance, having a

recall, precision and accuracy of 88.95%, 90.89% and 91.58%, respectively. Similarly,

Quadratic SVM gave an accuracy of 90.53% with a training time of 14.1414 seconds, and

Fine KNN had 89.97% accuracy with a training time of 0.25 seconds. A confusion matrix

for Cubic SVM is also shown in Figure 4.9.

Table 4.6: Results from Experiment 2.2 (mean + SD; n = 10)

Recall Precision Accuracy | Training Time
ML Model (%) (%) F1 Score (%) =)
Decision Trees
Fine Tree 76.94+0.65 | 77.11£0.58 | 0.7690+0.0056 | 80.28+0.47 0.276+0.023
Medium Tree 63.10+0.81 | 63.74+2.20 | 0.605440.0093 | 69.43+0.48 | 0.2454+0.0080
Coarse Tree 24.2340.13 | 18.31£0.76 | 0.1976+0.0059 | 29.21£0.15 0.217+0.014
Discriminant
Linear Discriminant | 76.89+0.41 | 78.42+0.95 | 0.7694+0.0043 | 78.48+0.32 |  0.26+0.22
Naive Bayes
Gaussian Naive Bayes | 74.09+0.48 | 74.41+£0.55 | 0.7329+0.0051 | 74.67+0.36 0.55+0.10
Kernel Naive Bayes | 77.47+0.35 | 79.77+0.53 | 0.777340.0037 | 79.81+0.34 12.17+0.42
SVM
Linear SVM 82.9940.45 | 85.90+0.35 | 0.8394+0.0040 | 84.25+0.35 | 13.67724+0.3004
Quadratic SVM 87.924+0.42 | 89.88+0.30 | 0.8868+0.0038 | 90.53+0.39 | 14.14144+0.3759
Cubic SVM* 88.954+0.78 | 90.89+0.69 | 0.8964+0.0076 | 91.58+0.45 | 13.1848+0.1660
Fine Gaussian SVM | 65.36+0.27 | 69.07+£0.24 | 0.6574+0.0024 | 78.70+£0.32 | 12.8105+1.0714
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Med‘“‘s“vﬁ‘““‘a“ 83.65£0.33 | 87.61£0.27 | 0.8467+0.0030 | 87.34+030 | 12.4999+0.0756
Coarse Gaussian SVM | 65.30£037 | 71.16+2.06 | 0.6554+0.0046 | 75.61£0.27 | 12.74350.5413
KNN

Fine KNN 87.23+0.46 | 90.62+0.48 | 0.8821+£0.0043 | 89.97+0.45 |  0.25+0.20
Medium KNN 71.40£0.32 | 76.62=1.46 | 0.7230£0.0036 | 76.56£0.22 | 0.200+0.034
Coarse KNN 44.82+0.52 | 43.59+0.59 | 0.4292+0.0053 | 53.92+0.63 | 0.217+0.038
Cosine KNN 69.01£0.49 | 72.450.71 | 0.6888=0.0056 | 75.5120.48 | 0.211=0.041
Cubic KNN 69.07£0.64 | 74.20£2.05 | 0.6993+0.0068 | 74.45+0.64 | 0.623+0.059
Weighted KNN 80.59+0.55 | 87.80+£0.97 | 0.8155+0.0048 | 86.48£0.36 | 0.200£0.039

Ensemble/Miscellaneous
Boosted Trees 68.8040.71 | 70.9241.03 | 0.6811:0.0086 | 76.912049 |  6.5740.35

(AdaBoost)

Bagged Trees 83.46:0.64 | 86.29+0.71 | 0.8434+0.0063 | 86.40-0.49 |  4.66+0.21

Subspace 75324029 | 75.09+1.76 | 0.7476£0.0034 | 77.04+022 |  4.140.14
Discriminant
Subspace KNN 79.300.55 | 84.71£1.20 | 0.80710.0065 | 85.37+0.32 |  4.15+0.17

RUSBoosted Trees | 76.75£0.43 | 75.60+0.74 | 0.751120.0062 | 76.86£0.60 |  5.62+0.11
*Algorithm with highest recall, precision and accuracy
D01 3 1 75.0% | 25.0%
Do2 1 3 750% | 25.0%
D03 2 2 50.0% | 50.0%
D04 1 3 75.0% | 25.0%
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Figure 4.9: Confusion matrix for Cubic SVM

D19

4.2.3 Experiment 2.3 (classifying multiple ADLs and Falls using 16 features)

Similar to Experiment 1.3, Experiment 2.3 used the same parameters, except using 10-

fold cross-validation. As in Experiment 1.3, 19 ADLs and 15 Fall Events were classified

using a total of 16 features. The results are tabulated in Table 4.7.

For this experiment, Cubic SVM has shown the best recall and precision of 77.87% and

79.71%, respectively and an overall accuracy of 78.14%. However, the algorithm had a

longer training time of 40.426 seconds. A confusion matrix for Cubic SVM is also shown

in Figure 4.10. Quadratic SVM also showed similar results of achieving a recall and
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precision of 77.70% and 79.13%, respectively and an overall accuracy of 77.75% with a
similar training time of 40.450 seconds. Medium Gaussian SVM had also shown a similar
result. However, in terms of faster training time (less than one second), Fine KNN was

the most accurate having an accuracy of 72.58% in only 0.241 seconds.

Table 4.7: Results from Experiment 2.3 (mean + SD; n = 10)

Recall Precision Accurac Trainin

ML Model %) %) F1 Score %) y Time (sef)
Decision Trees

Fine Tree 59.19+0.61 | 60.62+1.07 | 0.5868+0.0067 | 59.17+0.60 | 0.488+0.088

Medium Tree 39.14+0.46 | 38.64+0.69 | 0.3616+0.0047 | 41.77+0.42 | 0.368+0.015

Coarse Tree 14.44+021 | 7.34+1.19 | 0.0839+0.0024 | 15.93+0.23 | 0.293+0.016
Discriminant

Linear Discriminant | 56.24+0.30 | 60.20+1.49 | 0.5633+0.0038 | 57.14+0.29 | 0.275+0.025
Naive Bayes

Gaussian Naive Bayes | 60.93+0.24 | 61.61+0.33 | 0.6011+0.0025 | 59.73+0.19 | 0.781+0.050

Kernel Naive Bayes 64.03+0.38 | 64.96+0.51 | 0.6325+0.0036 | 63.88+0.28 | 20.908+0.223

SVM

Linear SVM 70.87+0.30 | 73.44+0.28 | 0.7160+0.0028 | 70.58+0.32 | 39.390+0.797

Quadratic SVM 77.70+0.33 | 79.13+0.29 | 0.7818+0.0032 | 77.75+0.30 | 40.450+0.250

Cubic SVM* 77.87+0.58 | 79.71+0.51 | 0.7847+0.0057 | 78.14+0.45 | 40.426+0.157

Fine Gaussian SVM 56.12+0.28 | 71.40+0.29 | 0.5984+0.0029 | 61.84+0.31 | 42.330+0.155

Medium Gaussian SVM | 72.97+0.34 | 75.96+0.33 | 0.7371+0.0033 | 73.93+0.31 | 38.655+0.432

Coarse Gaussian SVM | 58.45+0.33 | 62.73+1.33 | 0.5849+0.0041 | 62.72+0.27 | 38.479+0.453

KNN

Fine KNN 72.37+0.36 | 74.11+0.34 | 0.7279+0.0033 | 72.58+0.34 | 0.241+0.066

Medium KNN 59.48+0.55 | 61.73+1.05 | 0.5978+0.0052 | 61.86+0.46 | 0.235+0.009

Coarse KNN 39.84+0.47 | 41.37+1.60 | 0.3797+0.0049 | 43.89+0.58 | 0.291+0.058

Cosine KNN 59.40+0.64 | 61.63+0.61 | 0.5935+0.0069 | 61.89+0.51 | 0.237+0.010

Cubic KNN 57.57+0.53 | 59.43+0.38 | 0.5775+0.0051 | 59.95+0.45 | 1.712+0.106

Weighted KNN 68.79+0.34 | 72.57+1.00 | 0.6916+0.0036 | 71.07+0.26 | 0.272+0.065

Ensemble/Miscellaneous
Boosted Trees 47344025 | 44.05+1.61 | 0.418240.0030 | 50.81+0.26 | 12.154+0.564
(AdaBoost)

Bagged Trees 73.61+0.34 | 75.00+0.50 | 0.7384+0.0036 | 73.83+0.40 | 7.887+0.344

Subspace Discriminant | 52.17+0.18 | 52.15+0.35 | 0.5086+0.0024 | 53.86+0.19 [ 4.919+0.103

Subspace KNN 64.82+0.69 | 67.18+1.00 | 0.6529+0.0075 | 66.24+0.65 | 5.145+0.169

RUSBoosted Trees 57.30+0.54 | 54.02+0.92 | 0.5318+0.0054 | 55.25+0.60 | 7.914+0.216

*Algorithm with highest recall, precision and accuracy
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Figure 4.10: Confusion matrix for Cubic SVM

4.2.4 Experiment 2.4 (classifying only an instance of ADL and Fall using 16

features)

Similar to Experiment 1.4, Experiment 2.4 classified both ADLs and Fall Events as a
binary classification. ADLs and Falls were classified using 10-fold cross-validation and
16 features. In this experiment, 23 algorithms have been used to produce simulated results.

All the algorithms had been shown to perform well, as tabulated in Table 4.8.

With a slight advantage, Fine KNN is most accurate in terms of shorter training time and
gave 99.72 % accuracy with a training time of 0.201 seconds. Similarly, Cubic SVM gave
99.67% accuracy with a training time of 0.700 seconds, and Quadratic SVM gave 99.70%
accuracy with a training time of 0.702 seconds. However, all algorithms had shown
similar training time and accuracy to each other compared to other experiments. An

example of the confusion matrix for Fine KNN is shown in Figure 4.11.

Table 4.8: Results from Experiment 2.4 (mean + SD; n = 10)

ML Model Recall (%) Pr‘(’ﬁ/f)‘ on F1 Score Ac:;z‘ )a y Tral[;lstg)Tlme
Decision Trees
Fine Tree 98.54+0.21 | 98.53+0.21 | 0.9853+0.0021 | 98.54+0.21 0.195+0.011
Medium Tree 98.28+0.13 | 98.27+0.13 | 0.9827+0.0013 | 98.28+0.13 0.184+0.010
Coarse Tree 95.80+0.16 | 95.83+0.16 | 0.9581+0.0016 | 95.82+0.16 0.153+0.006
Discriminant
Linear Discriminant | 96.87+0.07 | 96.844+0.07 | 0.9684+0.0007 | 96.84+0.07 0.201+0.061
Quadratic 98.710.03 | 98.70+0.03 | 0.98710.0003 | 98.71£0.03 |  0.216+0.022
Discriminant
Naive Bayes
Ga“sls;:;‘esNa‘“" 96.78+0.05 | 96.76+0.05 | 0.9673+0.0005 | 96.73+0.05 | 0.171+£0.054
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Kernel Naive Bayes | 97.47+0.05 | 97.44+0.05 | 0.9744+0.0005 | 97.44+0.05 | 4.159+0.213
SVM
Linear SVM 97.85+0.05 | 97.85£0.05 | 0.9785+0.0005 | 97.85:0.05 | 0.864+0.068
Quadratic SVM | 99.690.07 | 99.70£0.07 | 0.9970£0.0007 | 99.70+0.07 | _ 0.702+0.029
Cubic SVM 99.67+0.04 | 99.68=0.04 | 0.9967+0.0004 | 99.67+0.04 | 0.700+0.021
Fine Gaussian SVM | 98.47+0.05 | 98.44+0.05 | 0.9843+0.0005 | 98.43£0.05 | 3.215£0.078
Med‘“'s“v(;i'“ss'a“ 99.62+0.02 | 99.62£0.02 | 0.9962+0.0002 | 99.62+0.02 |  0.781£0.064
C"ars;\?ﬁ“sm“ 97.84+0.07 | 97.8240.07 | 0.9783+0.0007 | 97.83+0.07 |  1.002+0.053
KNN
Fine KNN* 99.71£0.03 | 99.73£0.03 | 0.9972+0.0003 | 99.72+0.03 | 0.201+0.050
Medium KNN 99.45+£0.04 | 99.47+0.04 | 0.9946:0.0004 | 99.46+0.04 | 0.197+0.007
Coarse KNN 97.34+0.07 | 97.32£0.07 | 0.9731£0.0007 | 97.3120.07 |  0.238+0.020
Cosine KNN 99.59+0.04 | 99.610.04 | 0.9960+0.0004 | 99.60+0.04 | 0.202+0.015
Cubic KNN 99.50+0.06 | 99.53£0.05 | 0.9951£0.0006 | 99.51£0.06 | 1.644+0.037
Weighted KNN | 99.56+0.05 | 99.58+0.05 | 0.9957+0.0005 | 99.57+0.05 | 0.200+0.010
Ensemble/Miscellaneous
Boosted Trees 1 o9 16,012 | 99.1140.12 | 0.991120.0012 | 99.1120.12 |  4.134£0.350
(AdaBoost)
Bagged Trees 99.12+0.08 | 99.120.08 | 0.9912+0.0008 | 99.12+0.08 | 3.648+0.364
Subspace 95.9140.09 | 95.93+0.09 | 0.9585+0.0010 | 95.85+0.10 |  3.279+0.096
Discriminant
Subspace KNN | 99.62+0.06 | 99.63+0.06 | 0.9963+0.0006 | 99.63£0.06 | 4.063+0.178
RUSBoosted Trees | 98.43+025 | 98.43£0.25 | 0.9843£0.0025 | 98.43+025 | 4.996+0.120

*Algorithm with highest recall, precision and accuracy

True Class

Fall
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Fall

0.1%

0.5%
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Figure 4.11: Confusion matrix for Fine KNN
4.3 Experiment 3 (using SisFall’s MMA8451Q accelerometer model and 10-
fold cross-validation)
4.3.1 Experiment 3.1 (classifying multiple ADLs using 10 features)

Experiment 3 was run with the same parameters as Experiment 2. However, the

MMAR8451Q accelerometer was used instead of the ADXL345 accelerometer. As in
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Experiment 2.1, 19 ADLs were classified using 10 features. This includes Maximum (x,
y, z axis), Minimum (X, y, z axis), Mean (X, y, z axis) and Position Vector (Magnitude).
There were 24 algorithms used for simulation, and the simulation results were tabulated
and presented in Table 4.9 with Recall, Precision, and Accuracy in percentages and

Training Time in seconds.

Amongst 24 algorithms used in Experiment 2.1, the Fine KNN algorithm was the best
overall in respect of accuracy (85.23%), precision (80.82%) and recall (78.72%) values.
The classifier had a training time of 0.176 seconds. Weighted KNN has similar with an
accuracy of 84.11% and a training time of 0.169 seconds. Cubic SVM also showed similar
results (84.01% accuracy) in comparison with Fine KNN except having a higher Training
Time of 11.973 seconds. A confusion matrix for an instance of the experiment done using

Fine KNN is also shown in Figure 4.12.

Table 4.9: Results from Experiment 3.1 (mean + SD; n = 10)

Precision Accuracy Training Time
0
ML Model Recall (%) (%) F1 Score (%) (sec)
Decision Trees
Fine Tree 64.50+£0.82 | 64.77+0.90 | 0.6446:0.0084 | 70.83+0.61 | 0.268+0.125
Medium Tree 51.93£0.34 | 51.21+0.86 0'5000036;0' 61.66£0.38 |  0.233+0.040
Coarse Tree 23214006 | 17.30+0.14 0'1060611;0' 27.96£0.07 |  0.189+0.025
Discriminant
, . 0.6048=0.
Linear Discriminant | 60.34+0.58 | 61.68+0.60 0061 66.3140.36 |  0.205+0.063
Quadratic 67.94+0.54 | 72.49+1.08 | 089820 | o5 45040 | 0310£0.032
Discriminant 0064
Naive Bayes
Gaussian Naive | o, 09,75 | 61.800046 | 0607520 | 63991026 |  0.409+0.044
Bayes 0059
Kernel Naive Bayes | 68.26£0.61 | 69.77+1.42 0'60705720*0' 71.96£038 |  6.856+0.675
SVM
Linear SVM 69.41£0.40 | 73.99+1.02 0'7(?0559;0' 75.83£037 | 11.662+0.249
Quadratic SVM | 77.50+0.53 | 79.48+0.57 0'7080254:0' 82.87+0.39 | 12.520+0.386
Cubic SVM 78.58+0.55 | 81.23+0.82 0'7090661;0' 84.0140.53 | 11.973£0.076
Fine Gaussian SVM | 63.21£0.23 | 66.93+0.26 0'6036‘24;0' 76.1140.28 |  12.624+0.048
Med‘“‘s“vﬁj‘“ss‘a“ 72.6240.48 | 80.33£0.78 | 0.7370£0.0050 | 80.55:0.48 | 11.542+0.253
Coarse Gaussian 0.5510=+0.
SUM 56.48+0.22 | 54.68+0.25 021 68.01£027 | 11.450+0.201
KNN
Fine KNN* 78.72+0.64 | 80.82+0.85 0'7096‘66;0' 85.23+046 | 0.176+0.033
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Medium KNN | 66.38£0.57 | 69.82+1.31 0'6060860;0' 74.13+0.44 |  0.180:0.006
Coarse KNN 49.22+0.48 | 48.51:£0.50 0'407(;)51;0' 59.27:0.54 | 0.187£0.010
Cosine KNN 63.28+0.51 | 67.81+0.59 0'65(;‘55;0' 72.13+0.41 0.163+£0.010
Cubic KNN 63.98+0.71 | 65.90+1.09 0.64+0. 0074 72.56+0.60 0.255+£0.012

+
Weighted KNN 75.21+0.80 | 80.97+1.65 0'70602829 0. 84.11+0.59 0.169+0.009
Ensemble/Miscellaneous

Boosted Trees 0.5654+0.

+ + + +
(AdaBoost) 57.36+£0.63 | 57.59+0.51 0061 67.11£0.60 5.192+0.301
0.7371=+0.

Bagged Trees 73.09+0.89 | 76.57£1.29 0091 80.30+0.57 4.245+0.023

Subspace 54.93£0.51 | 55.0542.78 | O340 6 64050 | 3.2570.092

Discriminant 0066

0.7512+0.
Subspace KNN 74.27+0.33 | 77.82+0.91 0034 81.13+0.43 3.369+£0.114

RUSBoosted Trees 65.27£0.92 | 62.28+0.70 0'6(;)0988::0' 65.26+0.84 4.50440.045
* Algorithm with highest recall, precision and accuracy
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Figure 4.12: Confusion matrix for Fine KNN

4.3.2 Experiment 3.2 (classifying multiple ADLs using 16 features)

Experiment 3.2 used the same parameters as Experiment 2.2, except the MMA8451Q

accelerometer was used. As in Experiment 2.2, 19 ADLs were classified, and a total of

16 features were used. The results are tabulated in Table 4.10.

Amongst all the algorithms simulated, Cubic SVM gave the best performance, having a

recall, precision and accuracy of 90.52%, 91.77% and 92.08%, respectively. Similarly,

Quadratic SVM gave an accuracy of 91.7% with a training time of 12.955 seconds, and
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Fine KNN had 90.21% accuracy with a training time of 0.243 seconds. A confusion

matrix for an instance of the experiment done using Cubic SVM is also shown in Figure

4.13.

Table 4.10: Results from Experiment 3.2 (mean + SD; n = 10)

Recall Precision Accurac Trainin
ML Model (%) (%) F1 Score (%) y Time (seg)
Decision Trees
Fine Tree 76.91+£0.9 | 76.39+0.89 | 0.765+0.009 | 80.05+0.76 | 0.285+0.036
Medium Tree 65.35+0.66 | 62.81£1.92 | 0.618+0.007 | 71.04+0.33 | 0.242+0.025
Coarse Tree 24.27+0.08 | 17.82+0.43 | 0.195+0.003 | 29.24+0.09 | 0.194+0.012
Discriminant
Linear Discriminant | 77.1+0.34 [ 79.17+0.51 | 0.775+0.004 | 78.6+0.29 | 0.272+0.282
Naive Bayes
Gaussian Naive Bayes 75.85+£0.29 | 75.84+0.52 | 0.751+£0.003 | 75.89+0.23 | 0.536+0.194
Kernel Naive Bayes 77.97+0.32 | 79.5+0.71 | 0.777+0.005 | 79.73+0.36 | 10.268+0.14
SVM
Linear SVM 82.51+0.48 | 85.24+0.44 | 0.833+0.005 | 84.45+0.31 | 12.368+0.716
Quadratic SVM 89.63+0.52 | 91.15+0.46 | 0.902+0.005 | 91.7+0.44 12.955+0.18
Cubic SVM* 90.52+0.62 | 91.77+£0.56 | 0.91+0.006 | 92.08+0.38 | 13.059+0.364
Fine Gaussian SVM 63.87+0.27 | 69.44+0.18 | 0.65+0.002 | 76.91+0.32 | 13.588+0.135
Medium Gaussian SVM | 84.31+0.32 | 88.67+0.23 | 0.856+0.003 | 87.33+0.29 | 12.945+1.004
Coarse Gaussian SVM 67.45+0.42 | 74.19+0.31 | 0.682+0.004 | 76.55+0.27 | 12.063+0.227
KNN

Fine KNN 88.49+0.3 | 90.18+0.38 | 0.892+0.003 | 90.21+0.23 | 0.243+0.222
Medium KNN 71.22+0.77 | 78.41£1.44 | 0.721+£0.008 | 76.3+0.65 0.162+0.005
Coarse KNN 43.15+0.46 | 42.91+0.43 | 0.421+0.004 | 51.95+0.53 | 0.193+0.016
Cosine KNN 69.14+0.73 | 72.88+1.16 | 0.688+0.009 | 75.25+0.47 | 0.174+0.017
Cubic KNN 69.62+0.64 | 74.61£1.02 | 0.704+0.007 | 74.68+£0.54 | 0.562+0.033
Weighted KNN 82.13+0.44 | 85.93+1.14 | 0.829+0.005 | 87.46+0.44 | 0.188+0.042

Ensemble/Miscellaneous

Boosted Trees (AdaBoost) | 70.46:0.46 | 70.83£0.99 | 0.692+0.005 | 76.81+£0.51 | 5.799+0.153
Bagged Trees 84.4+0.8 | 87.26+0.84 | 0.854+0.008 | 86.96+0.7 4.401+0.089
Subspace Discriminant | 75.55+0.25 | 74.85+0.36 | 0.75%+0.003 | 77.18+0.26 | 3.659+0.159
Subspace KNN 77.56+£0.81 | 84.76+1.1 0.79+0.01 84.6+0.45 3.531+£0.176
RUSBoosted Trees 77.37£0.6 | 76.49+0.72 | 0.761+0.007 | 77.82+0.57 | 4.608+0.038

* Algorithm with highest recall, precision and accuracy
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Figure 4.13: Confusion matrix for Cubic SVM

4.3.3 Experiment 3.3 (classifying multiple ADLs and Falls using 16 features)

Experiment 3.3 used the same parameters as Experiment 2.3, except the MMA®8451Q
accelerometer was used. As in Experiment 2.3, 19 ADLs and 15 Falls were classified via

a total of 16 features. The results are tabulated in Table 4.11.

For this experiment, Cubic SVM has shown the best recall and precision of 78.62% and
80.18%, respectively and an overall accuracy of 78.43%. However, the algorithm had a
longer training time of 42.807 seconds. Quadratic SVM also showed similar results of
achieving a recall and precision of 78.43% and 79.94%, respectively and overall accuracy
of 78.42% with a similar training time of 43.028 seconds. Similarly, Medium Gaussian
SVM had shown a similar recall, precision, accuracy and training time. However, in terms
of faster training time (less than one second), Fine KNN was the most accurate having an
accuracy of 73.11% in only 0.254 seconds. The confusion matrix for an instance of the

experiment done using Cubic SVM is also shown in Figure 4.14.

Table 4.11: Results from Experiment 3.3 (mean + SD; n = 10)

ML Model Recall (%) Pr‘zoc/:)s; on F1 Score Ac:;z’ )a <y Tra“?;:’%)’rlme

Decision Trees

Fine Tree 59.67+0.47 | 60.66+0.71 0.591+£0.004 | 59.64+0.58 0.489+0.117

Medium Tree 40.59+0.73 | 40.594+0.77 | 0.383+0.007 | 42.03+0.51 0.358+0.011

Coarse Tree 14.47+0.07 7.64+0.7 0.087+0.002 15.95+0.08 0.307+0.024
Discriminant

Linear Discriminant | 59.15+0.39 | 61.24+1.56 | 0.59+0.004 | 58.83+0.36 | 0.254+0.018

Naive Bayes
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Gaussian Naive 62.4+0.28 | 62.352034 | 0.613£0.003 | 60.99+027 |  0.733+0.022

Bayes
Kernel Naive Bayes | 64.61+0.2 | 65.34+0.26 | 0.63340.002 64.14+0.1 19.005+0.353
SVM
Linear SVM 71.84+0.4 | 74.09+0.32 | 0.723£0.004 | 71.76+0.29 40.925+0.782
Quadratic SVM 78.43+0.3 | 79.94+0.36 | 0.788+0.003 | 78.42+0.26 43.028+0.67
Cubic SVM* 78.62+0.42 | 80.18+0.32 | 0.791£0.004 | 78.43+0.26 42.807+0.424

Fine Gaussian SVM | 55.48+0.34 | 70.21+1.23 0.592+0.003 61.16+0.4 42.707+1.131

Medium Gaussian | 5, 4. 41 | 77144036 | 0.75£0.004 | 74.69+044 | 38.17240.336

SVM

C"arsg\?&“”‘a“ 59.84+0.23 | 63.93£1.17 |  0.6£0.003 | 64.09+0.25 | 39.262+1.054
KNN

Fine KNN 73324031 | 74.17£0.33 | 0.736£0.003 | 73.112029 | 0.254+0.093
Medium KNN 60.57+0.42 | 64.6251.24 | 0.609£0.005 | 62.66£037 | 0.234+0.014
Coarse KNN 39.42+0.41 | 4024+0.86 | 0.382+0.004 | 43.57+0.44 | 027320014
Cosine KNN 59.8120.36 | 61.85£0.4 | 0.595£0.004 | 61.94£033 | 0.272+0.086
Cubic KNN 58.88+0.28 | 62.58£1.01 | 0.59+0.003 | 61.3£0.22 1.752+0.192

Weighted KNN 70.46+0.38 | 74.06+0.35 0.71+0.004 72.13+0.33 0.264+0.087

Ensemble/Miscellaneous

Boosted Trees | 0 55041 | 46.6141.86 | 042140006 | 51.024029 | 12.386+0.585

(AdaBoost)
Bagged Trees 73.68+0.58 | 75.03£0.57 | 0.74£0.006 | 73.97+0.52 | 7.903+0.384
Subspace 55.43£027 | 57.06£0.2 | 0.548£0.003 | 56.41£029 | 4.886+0.098
Discriminant

Subspace KNN 64.13£0.39 | 67.92+0.57 | 0.647+0.004 | 66.32+0.36 4.796+0.068

RUSBoosted Trees | 57.62+0.58 | 54.63+1.33 0.535+0.005 55.84+0.47 7.378+0.124

*Algorithm with highest recall, precision and accuracy
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Figure 4.14: Confusion matrix for Cubic SVM
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4.3.4 Experiment 3.4 (classifying only an instance of ADL and Fall using 16

features)

Experiment 3.4 shows the ability of the algorithm to classify both ADLs and Fall Events
as binary classification. Similar to Experiment 2.4, ADLs and Falls were classified using
10-fold cross-validation and a total of 16 features. All the algorithms had been shown to
perform well, as shown in Table 4.12. With a slight advantage, Fine KNN was most
accurate in terms of shorter training time and gave 99.59% accuracy with a training time
of 0.239 seconds. Medium Gaussian SVM was the most accurate, giving 99.65%
accuracy with a training time of 0.805 seconds and Quadratic SVM gave 99.64% accuracy
with a training time of 0.638 seconds. However, all algorithms had shown similar training
time and similar accuracy to each other in comparison to other experiments. A confusion

matrix for Medium Gaussian SVM is shown in Figure 4.15.

Table 4.12: Results from Experiment 3.4 (mean + SD; n = 10)

ML Model Recall (%) | Precision (%) | F1 Score Ac‘(‘(‘,‘A‘;‘W T{ﬁ;‘:;‘;f)
Decision Trees
Fine Tree 9837+0.13 | 98.38+0.14 | 0.984=0.0014 | 98.38+0.14 | 0.172+0.006
Medium Tree 98.31=0.08 98.3+0.08 | 0.983+0.0008 | 98.31=0.08 | 0.172=0.013
Coarse Tree 96370.13 | 9635013 | 0.964=0.0013 | 96.36+0.13 | 0.154+0.013
Discriminant
Linear Discriminant | 96.97+0.08 | 96.94+0.08 | 0.969+0.0008 | 96.95+0.08 | 0.255+0.277
Quadratic 08.7840.03 | 98.75:0.04 | 0.988+0.0004 | 98.76+0.04 | 0.187+0.032
Discriminant
Naive Bayes
Gaussian Naive Bayes | 96.63£0.08 | 96.62+0.07 | 0.966=0.0008 | 96.57+0.08 | 0.207+0.166
Kernel Naive Bayes | 97.59£0.08 | 97.56+0.09 | 0.976:0.0009 | 97.56+0.09 | 3.863+0.32
SVM
Linear SVM 98.28+0.05 | 98.29+0.05 | 0.983=0.0005 | 98.29+0.05 | 0.881+0.223
Quadratic SVM 99.64-0.02 | 99.64-0.02 | 0.996=0.0002 | 99.64+0.02 | 0.638+0.034
Cubic SVM 99.62+0.04 | 99.62-0.04 | 0.996:0.0004 | 99.62+0.04 | 0.645+0.02
Fine Gaussian SVM | 98.14+0.09 | 98.1240.09 | 0.981£0.001 | 98.1=0.1 | 3.092+0.159
Med"‘sn\‘,ﬁi“ss’a“ 99.65+0.04 | 99.65+0.04 | 0.997+0.0004 | 99.65+0.04 | 0.805+0.079
C"arsg\?ﬁ“ssm“ 98.09+0.05 | 98.08£0.05 | 0.981+0.0005 | 98.08+0.05 | 0.918+0.135
KNN
Fine KNN 99.59+0.02 99.620.02 ] 0.99620.0002 | 99.59+0.02 | 0.239+0.194
Medium KNN 9939007 | 99.41=0.06 | 0.994+0.0007 | 99.4+0.07 | 0.186+0.008
Coarse KNN 98.22+0.05 98.2+0.05 | 0.982+0.0005 | 98.21+0.05 | 0.211%0.007
Cosine KNN 99.46:0.07 | 99.47+0.07 | 0.995+0.0007 | 99.47+0.07 | 0.188+0.019
Cubic KNN 9935+0.07 | 99.38+0.07 | 0.994=0.0007 | 99.36+0.07 | 1.478+0.036
Weighted KNN 99.48+0.04 | 99.5:0.04 | 0.995:0.0004 | 99.49+0.04 | 0.19+0.018
Ensemble/Miscellaneous
Bagged Trees 99.14+0.1 99.14x0.1 | 0.991£0.001 | 99.14+0.1 | 3.256:£0.029
Subspace 95.94+0.12 | 95.94+0.12 | 0.959+£0.0012 | 95.88+0.12 | 2.972+0.114
Discriminant
Subspace KNN 99.43£0.06 | 99.44+0.06 | 0.994=0.0006 | 99.43£0.06 | 3.519+0.136
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RUSBoosted Trees | 98.25+0.14 | 98.24+0.15 | 0.982+0.0015 | 98.24+0.15 | 4.644+0.293

*Algorithm with highest recall, precision and accuracy
0.8%
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FALLS 0.9%

True Class

0.8%

0.9%

FALLS
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Figure 4.15: Confusion matrix for Medium Gaussian SVM
4.4 Experiment 4 (using MobiFall’s LSM330DLC model and 10-fold cross-

validation)

4.4.1 Experiment 4.1 (classifying multiple ADLs using 10 features)

Experiment 4 used the MobiFall Dataset using the accelerometer LSM330DLC inertial
module (Samsung Galaxy S3). 9 ADLs were classified in this experiment by using 5-fold
cross-validation and a total of 10 features. In this experiment, 23 algorithms were used to
produce simulated results shown in Table 4.13. Of all the algorithms given, Fine KNN
gave the best performance in terms of training time (0.125 seconds). Cubic SVM gave an
accuracy of 87.97% and a training time of 1.305 seconds, and Quadratic SVM has similar
with an accuracy of 88.08% and a training time of 1.352 seconds. The confusion matrix

for an instance of the experiment done using Fine KNN is also shown in Figure 4.16.

Table 4.13: Results from Experiment 4.1 (mean = SD; n = 10)

ML Model Recall (%) P“(:oc/los)l on F1 Score AC((B‘I)Z' )a y Tranzlsr;%)Tlme

Decision Trees

Fine Tree 72.1742.58 | 71.28+2.57 0.71+0.02 | 76.24+2.23 0.45+1.011

Medium Tree 72.3+4.27 | 71.61+2.73 0.71%0.03 75.75+1.84 | 0.083+0.009

Coarse Tree 43.86+2.01 | 46.6+6.39 0.4+0.03 58.65+1.59 |  0.075+0.004
Discriminant

Linear Discriminant | 81.48+1.19 | 81.39+1.29 |  0.81+0.01 | 82.78+1.03 | 0.168+0.256
Naive Bayes

Ga“s;‘:;‘elj AVE | 78.02+1.58 | 78.252.13 |  0.78£0.02 | 81.05£1.36 |  0.206+0.209
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Kernel Naive Bayes | 73.94+1.84 [ 79.99£1.95 |  0.76+0.02 [ 79.17£1.34 |  1.627+0.235
SVM
Linear SVM 7814221 | 86.21£1.37 | 0.81£0.02 | 83.91+1.36 1.626£0.72
Quadratic SVM* | 84.5242.08 | 89.43:2.02 | 0.86+0.02 | 88.08+1.57 | 1.352+0.147
Cubic SVM 84.47+1.61 | 89.17£1.51 | 0.86£0.02 | 87.97+0.85 | 1.305+0.021
Fine Gaussian SVM | 47.06£1.67 | 61.11=1.06 | 0.47£0.02 | 62.56x1.82 | 1.262+0.029
M"d‘“‘s“v(;;“ss'a“ 82124133 | 90.64+121 | 0.85£0.02 | 87.2241.03 | 1.277+0.145
C"ars;\?ﬁ“ss‘a“ 59.42+0.77 | 61.16£1.03 |  0.59+0.01 | 73.76:0.86 | 1.208+0.026
KNN
Fine KNN 81.43+1.61 | 8424+1.63 | 0.82£0.02 | 85.94+145 | 0.125+0.134
Medium KNN 58.62+1.56 | 66.24+8.19 |  0.59+0.02 71.62+2 0.082+0.006
Coarse KNN 33041 | 2973126 | 028+0.01 | 47.07+1.49 | 0.083+0.004
Cosine KNN 573+1.94 | 62514549 | 0.57£0.03 | 68.721.64 | 0.088+0.031
Cubic KNN 56.27+1.81 | 59.95+5.43 | 0.56£0.02 | 69.21=1.59 | 0.095+0.016
Weighted KNN | 76.59£1.77 | 85.55£1.47 | 0.79£0.02 | 82.37£1.26 |  0.086+0.015
Ensemble/Miscellaneous
Boosted Trees | o5 5015 44 | 76344254 | 076£0.02 | 81.58£1.48 |  1.822+0362
(AdaBoost)
Bagged Trees 74.81+£2.19 | 75.86+2.65 0.75+0.02 78.98+1.4 1.482+0.206
Subspace 77.7£1.08 | 84.5542.15 |  0.79£0.01 | 81.47+0.87 | 1.525+0.138
Discriminant
Subspace KNN 80.93+2.01 | 87.36x2.81 |  0.83+0.02 84.59+23 1.398+0.042
RUSBoosted Trees 78.07+2 73.37£1.63 0.74+0.02 78.01+£1.28 1.832+0.169
*Algorithm with highest recall, precision and accuracy
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Figure 4.16: Confusion matrix for Fine KNN

4.4.2 Experiment 4.2 (classifying multiple ADLs using 16 features)

In Experiment 4.2, 9 ADLs were classified, and 5-fold cross-validation was used using a
total of 16 features. In this experiment, 23 algorithms have been used to produce

simulated results shown in Table 4.14. Of all the algorithms given, Fine KNN gave the
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best performance in terms of training time with 83.98% accuracy. Cubic SVM gave an

accuracy of 88.87% and a training time of 1.327 seconds, and Quadratic SVM has similar

with an accuracy of 88.65% and a training time of 1.406 seconds. The confusion matrix

for an instance of the experiment done using Fine KNN is also shown in Figure 4.17.

Table 4.14: Results from Experiment 4.2 (mean + SD; n = 10)

ML Model Recall (%) P"(’f/f)m“ F1 Score Acz“,}:)acy Tra“z‘s‘;’f)T‘me
Decision Trees
Fine Tree 34.95+1.06 | 35.1<1.09 035:0.01 | 76.77<1.17 | 0.096+0.03
Medium Tree 35.6311.46 | 35.6140.94 | 035+0.01 | 78.65:1.89 | 0.081+0.001
Coarse Tree 21.28+0.83 | 22.86+3.22 0.2+0.01 59.44+0.93 0.08+0.001
Discriminant
Linear Discriminant | 38.7+0.91 | 39.11+0.68 |  0.39+0.01 | 85.71+0.69 |  0.096+0.031
Naive Bayes
G"“s];‘:;esNawe 80.77£1.29 | 84.2+1.52 0.82+40.01 | 82.89+1.12 |  0.179+0.023
Kernel Naive Bayes | 76.46+2.42 | 82.3442.6 0.78+0.02 81.05512 | 2.354+0.047
SVM
Linear SVM 7937+1.96 | 89.28+121 | 0.82+0.02 | 85.94+134 1.452+0.32
Quadratic SVM | 84.66+1.91 | 90.26+1.08 | 0.87+0.02 | 88.65+0.75 | 1.406+0.031
Cubic SVM 83.6242.35 | 89.74+149 | 0.86+0.02 | 88.87+0.73 | 1.327+0.041
Fine Gaussian SVM | 49.29+0.93 | 62.21%0.69 0.5+0.01 64.5141.05 | 1.294+0.029
Med“‘sn“,ﬁi“ss'a“ 83.68+0.92 | 91.92+1.03 | 0.86+0.01 | 89.59+0.79 |  1.284+0.024
C"arsg\?&“”‘a“ 60.08+1.06 | 60.14£0.86 |  0.59£0.01 | 74.06=1.06 | 1.261+0.048
KNN
Fine KNN 7532134 | 81.05£1.79 | 0.77£0.02 | 83.98£1.07 | _ 0.09+0.028
Medium KNN 5746126 | 66.56£1.07 | 0.58+0.01 | 69.47<1.19 | _0.085+0.003
Coarse KNN 3339073 | 31.93:0.46 | 026:0.01 | 47.44+1.03 | 0.085+0.002
Cosine KNN 58.81+1.83 | 59.8542.09 | 0.5840.02 | 69.77£1.75 | _ 0.086+0.005
Cubic KNN 5439144 | 5733£1.82 |  0.55:0.02 | 6534+1.82 | 0.093£0.003
Weighted KNN | 73.3941.94 | 82.994542 | 0.75£0.02 | 82.44+1.65 |  0.084+0.003
Ensemble/Miscellaneous
Boosted Trees 75.69+2.72 | 77.06+4.09 |  0.76+0.03 81.2+1.77 1.601£0.029
(AdaBoost)
Bagged Trees 75.53+3.46 | 80.93+2.9 0.77+0.03 | 80.15:143 | 1.513+0.173
Subspace 81.43+1.44 | 84.63:1.42 |  0.82£0.01 | 84.47+0.94 |  1.41+0.024
Discriminant
Subspace KNN | 74.63£0.99 | 78.95£1.61 | 0.76x0.01 | 78.68%1.31 | 1.457+0.024
RUSBoosted Trees 81.11£1.78 | 79.76+1.26 0.79+0.01 80.94+1.36 1.629+0.06

*Algorithm with highest recall, precision and accuracy
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Figure 4.17: Confusion matrix for Fine KNN
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Experiment 4.3 (classifying multiple ADLs and Falls using 16 features)

Experiment 4.3 demonstrated the ability of the algorithm to classify both ADLs and Fall

Events. 9 ADLs and 4 Fall Events were classified, and a total of 16 features were used.

The results are tabulated in Table 4.15.

Of all the algorithms given, Quadratic SVM gave the best performance, and Fine KNN is

the most accurate for a shorter training time. Fine KNN gave 81.13% accuracy with a

training time of 0.083 seconds, and Quadratic SVM gave 85.89% accuracy with a training

time of 2.716 seconds. Cubic SVM had shown similar training time and similar accuracy

to Quadratic SVM. The confusion matrix for an instance of the experiment done using

Fine KNN is also shown in Figure 4.18.

Table 4.15: Results from Experiment 4.3 (mean + SD; n = 10)

Recall Precision Accurac Trainin,
ML Model %) %) F1 Score %) y Time (seg)
Decision Trees
Fine Tree 68.71+x1.8 | 69.17+2.93 | 0.69+0.02 | 68.83+1.57 | 0.092+0.012
Medium Tree 62.75+3.34 | 63.86+3.11 | 0.62+0.03 | 62.65+2.31 | 0.083+0.003
Coarse Tree 31.45+0.84 | 23.58+1.19 | 0.25+0.01 | 36.58+0.67 | 0.079+0.003
Discriminant
Linear Discriminant | 76.97+2 | 77.94£1.97 | 0.77+0.02 | 77.94£1.06 | 0.084=0.007
Naive Bayes
Gaussian Naive Bayes 75.09£0.75 | 77.52+1.46 | 0.76+0.01 | 74.01%£0.92 | 0.197+0.006
Kernel Naive Bayes 74.81£0.65 | 78.72+1.44 | 0.76+0.01 | 76.66=0.59 | 3.141+0.025
SVM
Linear SVM 76.9+1.47 | 85.85+1.53 | 0.79+0.02 | 82.11£1.02 | 2.615+0.054
Quadratic SVM 83.56+0.67 | 88.18+0.94 | 0.85+0.01 | 85.89+0.48 | 2.767+0.034
Cubic SVM 82.84+1.25 | 88.09+0.92 | 0.85+0.01 | 85.55+0.64 | 2.716+0.022
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Fine Gaussian SVM 43.4441.19 | 72.08+1.64 | 0.48+0.01 | 53.85+1.22 | 2.702+0.041
Medium Gaussian SVM* 81.44+1.29 | 86.26+2.58 | 0.83+0.02 | 84.11+0.77 | 2.63+0.068
Coarse Gaussian SVM 61.28+1.33 | 63.04+1.33 | 0.61+0.01 | 71.54+1.18 | 2.613+0.019
KNN
Fine KNN 76.16£0.46 | 80.47+1.8 | 0.77+0.01 | 81.13+0.59 | 0.083+0.002
Medium KNN 60.7£1.43 | 65.53+2.17 | 0.61+0.01 | 68.77+1.5 | 0.086=0.003
Coarse KNN 39.04+0.72 | 37.69+£3.62 | 0.324+0.01 | 49.17+0.97 | 0.085+0.003
Cosine KNN 59.62+1.83 | 61.55+£1.86 | 0.6+£0.02 | 66.98+1.88 | 0.088+0.005
Cubic KNN 55.78+1.37 | 58.742.91 | 0.56+0.01 | 64.68+1.56 | 0.12+0.004
Weighted KNN 75.11£1.67 | 82.29+4.4 | 0.76+0.02 | 80.63+1.38 | 0.084+0.004
Ensemble/Miscellaneous
Boosted Trees (AdaBoost) 69.89+£1.68 | 71.3£2.39 | 0.7+£0.02 | 71.62+1.54 | 1.807+0.059
Bagged Trees 76.61+2.35 | 80.24+2.21 | 0.78+0.02 | 78.89+2.08 | 1.57+0.036
Subspace Discriminant 73.32+1.51 | 75.77+3.73 | 0.73+0.02 | 75.81+£1.17 | 1.439+0.023
Subspace KNN 72.83+1.4 | 75.47+1.57 | 0.74+0.01 | 74.86+0.97 | 1.475+0.016
RUSBoosted Trees 77.5241.69 | 75.61%£1.66 | 0.76+0.01 | 76.62+2.02 | 1.816+0.051
* Algorithm with highest recall, precision and accuracy
Csl 34 5 2 1 81.0% 19.0%
cs0 2 40 95.2% 4.8%
JOG 17 2 1 81.0% 19.0%
Jum 1 20 95.2% 4.8%
SCH 1 4 97.6% 2.4%
STD B8] 4 42.9% 57.1%
@ STN 35 5 s 83.3% 16.7%
% STU 2 10 30 71.4% 28.6%
I; WAL 1 1 2 28.6% 71.4%
BSC 1 2 43 7 4 75.4% 24.6%
FKL 51 4 2 89.5% 10.5%
FOL 6 8 37 6 64.9% 35.1%
SDL 5 2 7 43 75.4% 24 6%
89.5% 85.1% 89.5% 90.9% 100.0% 60.0% 71.4% 75.0% 40.0% 76.8% 83.6% 67.3% 76.8%
10.5% 14.9% 10.5% 9.1% 40.0% 28.6% 25.0% 60.0% 23.2% 16.4% 32.7% 23.2%
csl cso JOG JUM SCH STD STN STU WAL BSC FKL FOL SDL

Predicted Class

Figure 4.18: Confusion matrix for Fine KNN

4.4.4 Experiment 4.4 (classifying only an instance of ADL and Fall using 16

features)

Experiment 4.4 classified both ADLs and Fall Events as a binary classification. ADLs
and Falls were classified using 5-fold cross-validation and a total of 16 features. All the

algorithms had been shown to perform well, as shown in Table 4.16.

With a slight advantage, Medium Gaussian SVM was the most accurate and gave 99.13%
accuracy with a training time of 0.133 seconds. Boosted Trees had comparatively higher
accuracy as well, giving 99.11% accuracy, but with a longer training time of 4.134

seconds. However, all algorithms had shown similar training time and accuracy to each
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other compared to other experiments. A confusion matrix for Medium Gaussian SVM is

shown in Figure 4.19.

Table 4.16: Results from Experiment 4.4 (mean = SD; n = 10)

Recall Precision Accuracy Training Time
ML Model (%) (%) F1 Score (%) )
Decision Trees
Fine Tree 94.96+0.8 | 94.95:0.77 | 0.95+0.01 | 94.98+0.77 0.081+0.007
Medium Tree 95.07£0.87 | 94.99+0.84 | 0.95+0.01 | 95.04+0.84 0.082+0.005
Coarse Tree 92.47£1.04 | 92.79+1 | 0.93+0.01 | 92.65+1.01 0.079+0.003
Discriminant
Linear Discriminant | 98.57+0.16 | 98.66£0.17 | 0.9940 | 98.62+0.16 0.138+0.189
Quadratic 98.71£0.03 | 98.7+0.03 0.99+0 | 98.71+0.03 0.216+0.022
Discriminant
Naive Bayes
Ga“s;‘:;efa”e 96.64+0.43 | 96.44+045 | 0.97+0 | 96.52+0.45 0.110.062
Kernel Naive Bayes | 96412028 | 96.16£0.28 | 0.96£0 | 96.21+0.29 0.729+0.056
SVM
Linear SVM 98.8240.19 | 98.82+023 | 0.99+0 | 98.83+0.21 0.173+0.123
Quadratic SVM | 98.58+0.32 | 98.61+0.3 0.99+0 98.6+0.31 0.143+0.009
Cubic SVM 08.45+02 | 98.46+0.2 0.98+0 98.46£0.2 0.138+0.008
Fine Gaussian SVM | 93.06+0.73 | 93.03+0.64 | 0.93+0.01 | 92.53+0.78 0.157+0.005
Med“‘s“\',l\c,[i“ss‘”“ 99.1340.14 | 99.12+0.14 | 0.99+0 | 99.13+0.14 0.133+0.004
C”“;f;}“ss'a“ 98.38+0.19 | 98.32+021 | 0.98+0 98.36+0.2 0.138+0.01
KNN
Fine KNN 98.5540.33 | 98.56+0.35 | 0.99+0 | 98.56+0.34 0.162£0.248
Medium KNN 97.29+0.5 | 97.09+0.53 | 0.97+0.01 | 97.17+0.53 0.086+0.008
Coarse KNN 95.1940.48 | 95.1+0.5 0.95+0 | 95.16£0.49 0.0870.002
Cosine KNN 96.89+0.38 | 96.67+0.4 0.97+0 | 96.74+0.41 0.086+0.005
Cubic KNN 96.43+0.51 | 96.24+0.53 | 0.96+0.01 | 96.32+0.53 0.12+0.005
Weighted KNN | 98.75£0.13 | 98.69+0.14 | 0.9940 | 98.72+0.14 0.085+0.005
Ensemble/Miscellaneous
Boosted Trees
(AdaBoost) 99.140.12 | 99.11£0.12 | 0.99+0 | 99.11%0.12 4.134+0.35
Bagged Trees 96.4+0.57 | 96.66£0.53 | 0.97+0.01 | 96.54+0.54 1.539+0.192
Subspace 9827023 | 98.23+025 | 0.98+0 | 98.26+0.24 1.430.279
Discriminant
Subspace KNN 98.21£028 | 98.1+0.28 0.98+0 | 98.16£0.28 1.541£0.074
RUSBoosted Trees | 98.43£025 | 98.43£025 | 0.98+0 | 98.43=0.25 4.996+0.12

*Algorithm with highest recall, precision and accuracy
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Figure 4.19: Confusion matrix for Medium Gaussian SVM

4.5 Brief comparison of Experiments 1 to 4

A summary of the noted experimental results from Table 4.1 to 4.16 can be seen in Table
4.17 for comparison. It was observed that in terms of recall, precision and accuracy, the
most suitable classifiers are Cubic SVM, Quadratic SVM, Medium Gaussian SVM and
Fine KNN. However, in terms of training time, Fine KNN had shown to have the least
time taken for training. Combining both Fine KNN and Cubic KNN for classification can

potentially bring further accurate results.

Table 4.17: Comparison of classifiers for given simulations

No. of Best
3 5 Recall Precision Accuracy | Training Time

Experslment Alg::lrlth (%) (%) F1 Score (%) &)
Expelrllment Fine KNN 76.5?:1.0 79.045&1.2 0.773£0.012 83.72i0.6 018440 235
Experiment Cubic 87.68+0.8 | 90.21+0.8 90.61+0.5

12 SVM 6 3 0.885+0.009 6 6.216+0.035
Experiment Cubic 76.71+0.3 77.17+0.2

13 SVM 9 78.6+0.4 0.773+0.004 7 21.87+0.289
Expelrjnent Fine KNN 99.7?:0.0 99.72i0.0 0.99740.001 99.7?:0.0 0.165:0 114
Exp;rllment Fine KNN 77.8;i0.5 80.345&0.5 0.7867;:0.005 84.6;&0.4 0.172+0.012
Experiment Cubic 88.95+0.7 | 90.89+0.6 | 0.8964+0.007 | 91.58+0.4 | 13.1848+0.166

22 SVM 8 9 6 5 0
Experiment Cubic 77.87+0.5 | 79.71+0.5 | 0.7847+0.005 | 78.14+0.4

23 SVM 3 | 7 5 40.426+0.157
Exp;rgnent Fine KNN 99.7?:0.0 99.7§i0.0 0.9972;:0.000 99.7?:0.0 0.201+0.050
Expgrllment Fine KNN 78.7‘2‘10.6 80.8?10.8 0.7946;:0.006 85.2?6>:|:O.4 0.176:0.033
Experiment Cubic 90.52+0.6 | 91.77+0.5 92.08+0.3

39 SVM 5 6 0.91+0.006 3 13.059+0.364
Experiment Cubic 78.62+0.4 | 80.18+0.3 78.43+0.2

33 SVM 5 5 0.791+0.004 6 42.807+0.424
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. Medium
Experiment Gaussian 99.65+0.0 | 99.65+0.0 0.99740.0004 99.65+0.0 0.805-0.079
34 4 4 4
SVM
Experiment | Quadratic | 84.52+2.0 | 89.43+2.0 88.08+1.5
41 SVM 3 5 0.86+0.02 7 1.352+0.147
. Medium
Experiment Gaussian 83.68+0.9 | 91.92+1.0 0.86+0.01 89.59+0.7 1.284+0.024
4.2 2 3 9
SVM
Experiment | Quadratic | 83.56+0.6 | 88.18+0.9 85.89+0.4
43 SVM 7 4 0.85+0.01 3 2.767+0.034
. Medium
Experiment Gaussian 99.13+0.1 | 99.12+0.1 0.99+0 99.13+0.1 0.13320.004
4.4 SVM 4 4 4

4.6 Testing simulation results and comparison with trained results

4.6.1 Experiment 1 (using SisFall’s ADXL.345 model and 5-fold cross-validation)

4.6.1.1 Experiment 1.1 (classifying multiple ADLs using 10 features)

Previously trained top three results from Experiment 1.1 are shown in Table 4.18. In this
experiment Fine KNN had shown the best recall, precision and accuracy of 76.53%,
79.04% and 83.76%, respectively with a training time of 0.184 seconds. Cubic and
Weighted KNN also showed good results in comparison with Fine KNN except having
higher Training Time of 6.542 seconds.

However, in testing, the results as shown in Table 4.18, Cubic SVM showed the best
recall, precision and accuracy of 63.99%, 67.64% and 67.08%, respectively, with Fine
KNN showing a lower accuracy of 61.76%. In respect of training time, they had a shorter
training time in testing than their corresponding time in training. A confusion matrix for

an instance of the experiment done using Fine KNN testing is shown in Figure 4.20.

Table 4.18: Top trained and tested results from Experiment 1.1 (mean + SD; n = 10)

ML Model Recall (%) Prif/los)l on F1 Score Acz(l)z‘ )a <y ;::;I?SI;E)
Experiment 1.1 (Training)*
. 81.27+0.5
Cubic SVM 75.59+0.69 | 77.64+1.15 | 0.763+0.009 1 6.542+0.047
Fine KNN 76.53+1.08 | 79.04+1.25 | 0.773+0.012 83'72i0'6 0.184+0.235
Weighted | 23 15,008 | 77.4¢1.95 | 0.736x0.012 | S297*08 | ¢ 1180014
KNN 4
Experiment 1.1 (Testing)**
Cubic SVM 63.99+0 67.64+0 0.628+0 67.08+0 0.109+0.005
Fine KNN 57.41%0 58.77+0 0.559+0 61.76x0 0.158+0.407
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Weighted

KNN 58.98+0 55.56+0 0.565+0 66.14+0 0.024+0.054

*In Training 80% of the SisFall dataset was used
**In Testing 20% of the SisFall dataset was used

pDo1| 1 1 1 1 25.0% | 75.0%
poz| 1 3 75.0% | 25.0%
D03 2 1 1
D04 2 1 1 50.0% | 50.0%
D05 3 12 3 1 1 80.0% | 40.0%
D06 1 1 16 1 84.2% | 15.8%
Do7 11 8 1 55.0% | 45.0%
Do8 1 9 1 5 1 3 45.0% | 55.0%
o] 6 9 5 45.0% | 55.0%

§ D10 9 6 2 3 300% | 700%

O p11 4 1 7 1 4 3 5.0%

é D12 16 4 80.0% | 20.0%
D13 2 18 20.0% | 10.0%
D14 2 -

D15 4 1 10 5 50.0% | 50.0%
D16 7 13 65.0% | 35.0%
D17| 1 1 - 1.7% | 8.3%
D18 1 4 1 14 70.0% | 30.0%
D19 4 2 14 70.0% | 30.0%

33.3% | 37.5% 66.7% | 02.3% | 53.3% | 50.0% | 40.9% | 75.0% | 28.6% | 50.0% | 88.9% | &1.8% 30.3% | 68.4% 56.0% | 63.6%

66.7% | 62.5% 333% | 7.7% | 46.7% | 50.0% | 59.1% | 25.0% | 71.4% | 500% | 11.1% | 18.2% 89.7% | 31.6% 44.0% | 36.4%

D01 D02 D03 D04 DO5 D06 DO7 D08 D09 DI0 D11 DI12 D13 DI4 DI5 D16 D17 D18 D19

Predicted Class
Figure 4.20: Confusion matrix for tested Fine KNN (Experiment 1.1)

4.6.1.2 Experiment 1.2 (classifying multiple ADLs using 16 features)

Similar to Experiment 1.1, 19 ADLs were classified, and 5-fold cross-validation was used
in Experiment 1.2. However, a total of 16 features were used. Previously trained results
are shown in Table 4.19. In this experiment, the top-trained algorithm with the highest
accuracy was Cubic SVM (90.61%), Quadratic SVM (89.87%) and Fine KNN (88.85%),
respectively. In terms of faster training time, Fine KNN showed the lowest time of only
0.198 seconds needed to be trained. The testing simulation results of the same algorithm
are shown in Table 4.18. In testing, Cubic SVM also showed the best recall, precision and
accuracy of 75%, 77.85% and 76.49%, respectively. A confusion matrix for an instance
of the experiment done using Cubic SVM for testing is also shown in Figure 4.21.
Quadratic SVM also showed similar results of achieving a recall and precision of 73.42%
and 75.01%, respectively and overall accuracy of 74.61% with a shorter training time of
0.107 seconds. Fine KNN showed a lower accuracy of 71.47% comparatively but had a

faster training time of 0.016 seconds.
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Table 4.19: Top trained and tested results from Experiment 1.2 (mean = SD; n = 10)

Precision Accuracy Training
0,
ML Model Recall (%) (%) F1 Score (%) Time (sec)
Experiment 1.2 (Training)*
Quadratic | o 1.006 | 89424094 | 0879:0.01 | S287H06 | (34840.09
SVM 3
+
Cubic SVM 87.68+0.86 | 90.21+0.88 | 0.885+0.009 90'62 . 6.216+0.035
Fine KNN 85.62+0.86 | 88.95+1.04 | 0.866+0.009 88'8;i0'3 0.198+0.242
Experiment 1.2 (Testing)**
Q“;‘\‘};Ztlc 73.42+0 75.0120 0.728+0 74.61£0 | 0.107£0.003
Cubic SVM 75+0 77.85+0 0.748+0 76.49+0 0.109+0.003
Fine KNN 70.79+0 76.47+0 0.712+0 71.47+0 0.0160.027
*In Training 80% of the SisFall dataset was used
**In Testing 20% of the SisFall dataset was used
D01 3 1 75.0% | 25.0%
D02 1 3 75.0% | 25.0%
D03 2 2 50.0% | 50.0%
DOo4 1 3 75.0% | 25.0%
Dos 1 14 1 4 70.0% | 30.0%
boe 0 [onow|
Do7 15 5 750% | 25.0%
D08 17 1 2 850% | 15.0%
D09 9 9 1 1 45.0% | 55.0%
& D10 7 2 [ 4 1 30.0% | 70.0%
g D11 7 1 10 2 50.0% | 50.0%
ED‘\Z 17 1 2 850% | 15.0%
D13 1 19 95.0% 5.0%
D14 20
D15 3 12 5 60.0% | 40.0%
D16 2 3 15 75.0% | 25.0%
D17 -
D18 2 18 80.0% | 10.0%
D19 2 18 80.0% | 10.0%
60.0% | 75.0% | 66.7% m 731% | 51.7% | 54.8% [ 81.8% [ 75.0% [ 58.8% [ 94.4% [ 95.0% H 57.1% | 75.0% | 92.3% | 78.3% | 90.0%
400% | 25.0% | 33.3% 269% | 48.3% | 45.2% [ 18.2% | 25.0% | 41.2% | 56% 50% 42.9% | 25.0% 7.7% | 21.7% | 10.0%

Do1 D02 D03

D04 D05 D06 Do7

D08 D09 D10

D11 D12 D13 D14

Predicted Class

D15 D16 D17 D18

D19

Figure 4.21: Confusion matrix for tested Cubic SVM (Experiment 1.2)

4.6.1.3 Experiment 1.3 (classifying multiple ADLs and Falls using 16 features)

In Experiment 1.3, the studied algorithms were able to classify both 19 ADLs and 15

types of Fall Events together using 5-fold cross-validation. The top three trained and

tested results from the simulation of Experiment 1.3 are shown in Table 4.20.
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Table 4.20: Top trained and tested results from Experiment 1.3 (mean = SD; n = 10)

Precision Accuracy Training
0,
ML Model Recall (%) (%) F1 Score (%) Time (sec)
Experiment 1.3 (Training)*
Q“;\‘};Ztlc 76.7240.35 | 78.47+0.42 | 0.773+0.004 | 76.85+0.3 | 21.957+0.19
Cubic SVM | 76714039 | 78.6£04 | 0.773+0.004 77'1?0'2 21.8740.29
Fine KNN | 7135404 | 73.0140.63 | 0.718+0.005 71'52i0'3 0.168+0.067
Experiment 1.3 (Testing)**
Q“;‘\‘flr\ztlc 63.65+0 64.22+0 0.627+0 62.7240 | 0.106£0.001
Cubic SVM 62.9+0 65.46+0 0.627+0 62.56=0 | 0.106=0.003
Fine KNN 55.96+0 57.61+0 0.558=0 542940 | 0.006=0.001

*In Training 80% of the SisFall dataset was used
**In Testing 20% of the SisFall dataset was used

In training results, Cubic SVM showed the highest precision (78.6%) and accuracy
(77.17%) with a longer training time of 21.87 seconds in comparison with Fine KNN and
Quadratic SVM; however, in testing, Quadratic SVM showed the best recall, precision
and accuracy of 63.65%, 64.22% and 62.72% respectively. Cubic SVM also showed very
similar results of achieving a recall and precision of 62.9% and 65.46%, respectively and
overall accuracy of 62.56%. Fine KNN showed a comparatively lower accuracy of
54.29% but had a faster training time of 0.006 seconds. A confusion matrix for an instance

of the experiment done using Cubic SVM for testing is shown in Figure 4.22.
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Figure 4.22: Confusion matrix for tested Cubic SVM (Experiment 1.3)
87



4.6.1.4 Experiment 1.4 (classifying only an instance of ADL and Fall using 16 features)
Through this experiment, algorithms were able to classify different types of both ADLs
and Fall Events as a binary classification. 5-fold cross-validation and a total of 16 features
were used for the classification of ADLs and Falls Events. The top three highest accurate
trained and tested results of Experiment 1.4 are shown in Table 4.21. In training, Fine
KNN exhibited the highest accuracy (99.72%) with a short training time of 0.165 seconds,
whereas in testing, Fine KNN showed 99.19% accuracy with the shorter training time
(0.011 seconds). Quadratic SVM was the most accurate at 99.68%, with a training time
of 0.004 seconds. Cubic SVM was also similar, having an accuracy of 99.53% and a
training time of 0.005 seconds. Overall, all the studied algorithms exhibited higher recall,
precision and comparatively shorter training time in testing than their corresponding time
in training. A confusion matrix for an instance of the experiment done using Fine KNN

for both training and testing is shown in Figure 4.23.

Table 4.21: Top trained and tested results from Experiment 1.4 (mean = SD; n = 10)

ML Model Recall (%) Precision F1 Score Accuracy Training

(%) (%) Time (sec)
Experiment 1.4 (Training)*
Quadratic | o9 (7004 | 99.68:0.04 | 0997:0 | 22000 1 3510014
SVM 4
Cubic SVM | 99.64+0.06 | 99.64+0.06 | 0.996+0.001 99'6‘6&0'0 0.35420.011
Fine KNN | 99.7240.06 | 99.7340.06 | 0997:0.001 | 7200 | 0.165:0.114
Experiment 1.4 (Testing)**
Q“Sa\‘};iﬁc 99.66+0 | 99.69+0 0.99740 | 99.68£0 | 0.004:0.001
Cubic SVM | 99.52£0.05 | 99.53+0.05 | 0.995:0.001 | >0 2*0'0 0.005:£0.005
Fine KNN | 99.1820 | 99.190 0.992£0 | 99.19%0 | 0.011=0.007

*In Training 80% of the SisFall dataset was used
**In Testing 20% of the SisFall dataset was used
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True Class
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1.3% 2.0% 0.9% 0.7%

ADL Fall ADL Fal
Predicted Class Predicled Class

Trained Fine KNN Tested Fine KNN

Figure 4.23: Confusion matrix for trained and tested Fine KNN (Experiment 1.4)

4.6.2 Experiment 2 (using SisFall’s ADXL.345 model and 10-fold cross-validation)

4.6.2.1 Experiment 2.1 (classifying multiple ADLs using 10 features)

In Experiment 2.1, 10-fold cross-validation was used instead of 5-fold cross-validation
for classification, and other parameters were the same as Experiment 1.1. The previously
trained top three algorithms with the highest accuracy and the tested results for the same
algorithm are shown in Table 4.22. Cubic SVM, Fine and Weighted KNN exhibited the
highest percentage of accuracy, precision and recall in training, respectively. Amongst
them, Fine KNN was the most accurate (84.64%) and lowest training time (0.172
seconds). Cubic SVM showed higher accuracy in testing, about 67.07% compared to Fine
KNN (61.76%) and Weighed KNN (66.16%), respectively. However, Weighted and Fine
KNN had a training time of less than 0.1 seconds. A confusion matrix for an instance of

the experiment done using Fine KNN for testing is shown in Figure 4.24.

Table 4.22: Top trained and tested results from Experiment 2.1 (mean + SD; n = 10)

Precision Accuracy Training
0
ML Model Recall (%) (%) F1 Score (%) Time (sé¢)
Experiment 2.1 (Training)*

Cubic SVM | 77.0240.49 | 79.19+0.54 0'77851i°'005 82'3ii0'4 13.583+0.390
Fine KNN | 77.85:0.52 | 80.34+0.55 0'7867;0'005 84'6‘3&0'4 0.172+0.012
Weighted 0.7472£0.007 | 83.93+0.5

KN 74.16£0.74 | 78.44+0.94 ; 0 0.197+0.016
Experiment 2.1 (Testing)**

Cubic SVM 63.99+0 67.64+0 0.628=0 67.08£0 | 0.1110.005
Fine KNN 57.41+0 58.77+0 0.559+0 61.76£0 | 0.006=0.001
Wf(‘lgvl;ed 58.98+0 55.56+0 0.565+0 66.14£0 | 0.007+0.002
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*In Training 80% of the SisFall dataset was used
**In Testing 20% of the SisFall dataset was used

Do1| 1 1 1 1 25.0% | #5.0%
Doz| 1 3 75.0% | 25.0%
D03 2 1 1
D04 2 1 1 50.0% | 50.0%
Dos 3 12 3 1 1 60.0% | 40.0%
D06 1 1 16 1 842% | 15.8%
D07 11 B 1 55.0% | 45.0%
D08 1 9 1 5 1 3 45.0% | 55.0%
D09 6 9 5 45.0% | 55.0%

é D10 9 6 2 3 30.0% | 70.0%.

O D11 4 1 7 1 4 3 50% [REREA

é D12 16 4 80.0% | 20.0%
D13 2 18 90.0% | 10.0%
D14 20 -

D15 4 1 10 5 50.0% | 50.0%
D16 7 13 65.0% | 35.0%
D17 | 1 1 - 91.7% | 8.3%
D18 1 4 1 14 70.0% | 30.0%
D19 4 2 14 70.0% | 30.0%

33.3% | 37.5% 66.7% | 82.3% | 53.3% | 50.0% | 40.9% | 75.0% | 2B.6% | 50.0% | BB.9% | B1.8% 30.3% | 68.4% 56.0% | 63.6%

66.7% | 62.5% [ODNEA 33.3% | 7.7% | 46.7% | 50.0% | 59.1% | 25.0% | 71.4% | 50.0% | 11.1% | 182% 69.7% | 31.6% 24.0% | 36.4%

D01 Do2 D03 D04 DO5 Do6 DO7 Do8 DOs D10 D11 D12 D13 D14 D15 D16 DI17 D18 D19

Predicted Class
Figure 4.24: Confusion matrix for tested Fine KNN (Experiment 2.1)

4.6.2.2 Experiment 2.2 (classifying multiple ADLs using 16 features)

The test parameters used in Experiment 2.2 and Experiment 2.1 for classification were
similar, except 10-fold cross-validation was used. The previously trained results of
Experiment 2.2 and tested results for the same algorithms are shown in Table 4.23. In
training, Cubic SVM exhibited the highest accuracy (91.58%) than Quadratic SVM
(90.53%) and Fine KNN (89.97%), respectively. However, a longer training time was
required for Quadratic and Cubic SVM. The same trend was also observed in testing,
where Cubic SVM has also shown the best recall, precision and accuracy of 75%, 77.85%
and 76.49%, respectively. Quadratic SVM also showed similar results of achieving a
recall and precision of 73.42% and 75.01%, respectively and overall accuracy of 74.61%
with a shorter training time of 0.106 seconds. Fine KNN showed a comparatively lower
accuracy of 71.47% but had a faster training time of 0.007 seconds. A confusion matrix

for Cubic SVM for testing is shown in Figure 4.25.
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Table 4.23: Top trained and tested results from Experiment 2.2 (mean = SD; n = 10)

Precision Accuracy Training
0,
ML Model Recall (%) (%) F1 Score (%) Time (sec)
Experiment 2.2 (Training)*
Quadratic 0.8868+0.003 | 90.53+0.3 | 14.1414+0.375
+ +
SVM 87.92+0.42 | 89.88+0.30 2 9 9
+ + +
Cubic SVM 28954078 | 90.89:0.69 0.89646 0.007 91.52 0.4 13.184?) 0.166
Fine KNN | 87.23+0.46 | 90.62+0.48 | 0-882 I;O'OO“ 89'9?0'4 0.25+0.20
Experiment 2.2 (Testing)**
Q“;‘\‘flr\ztlc 73.42+0 75.01+0 0.728+0 74.6120 | 0.106+0.002
Cubic SVM 7540 77.85+0 0.748+0 76.49+0 0.108+0.002
Fine KNN 70.79+0 76.47+0 0.712+0 71.47+0 0.007+0.001
*In Training 80% of the SisFall dataset was used
**In Testing 20% of the SisFall dataset was used
Do1 3 1 750% | 25.0%
Doz 1 3 750% | 25.0%
oo: T - D
Dos 1 14 1 4 70.0% | 30.0%
D06 19 100.0%
Do7 15 5 75.0% | 25.0%
Dos 17 1 2 B85.0% | 15.0%
Do9 9 9 1 1 450% | 55.0%
@D‘\D 7 2 6 4 1 30.0% | 70.0%
8o : — ; — B oo
D13 1 19 85.0% | 5.0%
D14 20 100.0%
D15 3 12 5 60.0% | 40.0%
D16 2 3 15 75.0% | 25.0%
D17 24 100.0%
D18 2 18 90.0% | 10.0%
D19 2 18 80.0% | 10.0%
60.0% | 75.0% | 66.7% |100.0% | 100.0% | 73.1% | 51.7% | 54.8% | 81.8% | 75.0% | 58.8% | 94.4% | 95.0% | 100.0% | 57.1% [ 75.0% | 92.3% | 78.3% | 90.0%

DO1 Do2 D03

D04 DO5 D06 Do7

Doa D09 D10

D11 D12 D13 D14

Predicted Class

D15 D16 D17

D18

D19

Figure 4.25: Confusion matrix for tested Cubic SVM (Experiment 2.2)

4.6.2.3 Experiment 2.3 (classifying multiple ADLs and Falls using 16 features)

The parameters used in Experiment 2.3 were similar to Experiment 1.3 except for using

10-fold cross-validation. The top three trained algorithms from this experiment were

tested, and the results are shown in Table 4.24. In training, Cubic SVM exhibited the
highest accuracy (77.87%) than Quadratic (77.75%) and Gaussian SVM (73.93%). In

testing, the accuracy was slightly lower than the training; however, Quadratic SVM

showed the best recall, precision and accuracy of 63.65%, 64.22% and 62.72%,

respectively. Cubic SVM also showed very similar results of achieving a recall and
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precision of 62.9% and 65.46%, respectively and overall accuracy of 62.56%, and

Medium Gaussian SVM has shown similar results as well with an accuracy of 59.48%.

In respect of training time, all the algorithms had the longest training time in training

whereas they had a shorter training time in testing. A confusion matrix for Cubic SVM

for testing is shown in Figure 4.26.

Table 4.24: Top trained and tested results from Experiment 2.3 (mean £+ SD; n = 10)

Precision Accuracy Training
(1)
ML Model Recall (%) (%) F1 Score (%) s ()
Experiment 2.3 (Training)*
Quadratic | -, 20,33 | 79132029 | O-7818£0.003 | 77.75£0.3 1 44 45040250
SVM 2
Cubic SVM | 77.87+0.58 | 79.71+0.51 0'78477i0'005 7814204 1 10 426+0.157
Medium
Gaussian | 72.9740.34 | 75.96+033 | 0-737120.003 | 73.93203 | 10 o5 0430
3
SVM
Experiment 2.3 (Testing)**
Q“Sa\‘ff\i‘tlc 63.65+0 64.22+0 0.627+0 627240 | 0.382+0.004
Cubic SVM 62.9+0 65.46£0 0.627+0 62.56£0 | 0.384+0.008
Medium
Gaussian 59.49+0 60.89+0 0.586+0 59.48+0 | 0.412+0.008
SVM
*In Training 80% of the SisFall dataset was used
**In Testing 20% of the SisFall dataset was used
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Figure 4.26: Confusion matrix for tested Cubic SVM (Experiment 2.3)
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4.6.2.4 Experiment 2.4 (classifying only an instance of ADL and Fall using 16 features)
Experiment 2.4 classified both ADLs and Fall Events as a binary classification in a similar
way to Experiment 1.4. A total of 16 features and 10-fold cross-validation was used for
the classification of different types of ADLs and Fall Events. The trained simulation
results of Experiment 2.4 and tested results for Quadratic SVM, Cubic SVM and Fine
KNN are presented in Table 4.25. In training, all the investigated algorithms exhibited
very good accuracy, recall and precision. The topmost accurate result was for Fine KNN
(99.72 %), and the other two also exhibited 99.72% (Quadratic SVM) and 99.67% (Cubic
SVM) accuracy, respectively. Fine KNN also had the shortest training time of 0.201
seconds. Testing results (shown in Table 4.25) have also shown very similar results, with
Quadratic SVM being the most accurate at 99.68% with a training time of 0.004 seconds.
Cubic SVM was also similar, having an accuracy of 99.5% and a similar training time of
0.005 seconds. Fine KNN is most accurate for shorter training time and gave 99.19%
accuracy with a training time of 0.009 seconds. A confusion matrix for Cubic SVM for

both training and testing is shown in Figure 4.27.

Table 4.25: Top trained and tested results from Experiment 2.4 (mean + SD; n = 10)

Precision Accuracy Training
(1)
ML Model Recall (%) (%) F1 Score (%) e ()
Experiment 2.4 (Training)*
Quadratic | o4 5.0 07 | 99.70+0.07 | 0-9970£0-000 | 99.7020.0 1 565 6 029
SVM 7 7
Cubic SVM | 99.6740.04 | 99.68+0.04 0'9967jo'000 99'6Zi0'0 0.700£0.021
Fine KNN | 99.7140.03 | 99.73+0.03 0'9972;0'000 99'7§i0'0 0.20140.050

Experiment 2.4 (Testing)**

Quadratic

SVM 99.66+0 99.69+0 0.997+0 99.68+0 0.004+0
Cubic SVM 99.49+0.05 99.54+0.05 0.995£0.001 | 99.5+0.05 0.005+0.002
Fine KNN 99.18+0 99.19+0 0.992+0 99.19+0 0.009+0.001

*In Training 80% of the SisFall dataset was used
**In Testing 20% of the SisFall dataset was used
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0.5% 0.1% 0.9% 0.7%

ADL Fall ADL Fall
Predicted Class Predicted Class
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Figure 4.27: Confusion matrix for trained and tested Fine KNN (Experiment 2.4)

4.6.3 Experiment 3 (using SisFall’s MMAS8451Q model and 10-fold cross-

validation)

4.6.3.1 Experiment 3.1 (classifying multiple ADLs using 10 features)

In Experiment 3, the MMAS8451Q accelerometer was used instead of the ADXL345
accelerometer, and the other parameters were the same as with Experiment 2. In
previously trained results, the most accurate algorithm was Cubic SVM, Fine and
Weighed KNN. Amongst them, Fine KNN showed the highest accuracy (85.23%). Cubic
SVM and Weighed KNN also exhibited almost similar accuracy of 84.01% and 84.11%,
respectively. In respect of training time, Weighed KNN had the shortest training time
(0.169 seconds), whereas Cubic SVM had the longest training time (11.973 seconds). The
trained and tested simulation results of Experiment 3.1 are shown in Table 4.26.
However, it was observed in testing, Cubic SVM showed the best recall, precision and
accuracy of 63.06%, 61.53% and 64.89%, respectively, with Fine KNN showing slightly
lower values comparatively with 63.64% accuracy, but having a faster training time of
0.006 seconds. A confusion matrix for an instance of the experiment done using Fine

KNN for testing is shown in Figure 4.28.

Table 4.26: Top trained and tested results from Experiment 3.1 (mean = SD; n = 10)

Precision Accuracy Training
()
ML Model Recall (%) (%) F1 Score (%) Time (sé¢)
Experiment 3.1 (Training)*

Cubic SVM | 78.58+0.55 | 81.23+0.82 0'7090661;0' 84'0_1,*0'5 11.9730.076
Fine KNN | 78.7240.64 | 80.8240.85 0'7095‘66;0' 85 '2?:0'4 0.17620.033
Weighted 0.7622+0. 84.11+0.5

KNN 75.2140.80 | 80.97+1.65 0089 9 0.169+0.009
Experiment 3.1 (Testing)**
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Cubic SYM | 63.06:0 61.53+0 0.608+0 64.8940 | 0.105£0.001
Fine KNN 62.02=0 63.75£0 0.609+0 63.6420 | 0.006+0.001
Wﬁﬁ';ed 50.42+0 61.5340 0.58740 63.0140 | 0.007£0.001

*In Training 80% of the SisFall dataset was used
**In Testing 20% of the SisFall dataset was used

DO 2 1 1 50.0% | 50.0%
Doz 3 1 75.0% | 25.0%
D03 1 2 1 50.0% | 50.0%
D04 2 1 1 50.0% | 50.0%
Dos 4 14 2 70.0% | 30.0%
Dog 3 1 13 2 B8.4% | 31.6%
Do7 9 8 3 45.0% | 55.0%
D08 3 a8 5 3 1 40.0% | 60.0%
D09 2 11 1 1 5 55.0% | 45.0%
@ D10 5 2 5 1 2 5 25.0% | 75.0%
O b1 1 2 2 3 5 4 3 25.0% | 75.0%
é D12 17 3 B85.0% | 150%
D13 1 19 850% | 5.0%
D14 20 -
D15 2 8 10 40.0% | 60.0%
D18 8 12 60.0% | 40.0%
N £

D18 3 2 14 1 T0.0% | 30.0%
D19 1 1 1 2 15 75.0% | 25.0%

37 5% | 222% | 66.7% | B7.5% | 68.4% | 56.3% | 500% | 55.0% | 455% | 556% | 94.4% | 86.4% 32.0% | 40.0% 53.8% | 60.0%

625% | T7.8% | 33.3% | 12.5% | 31.6% | 43.8% | 50.0% | 45.0% | 54.5% | 44.4% | 56% | 13.6% 68.0% | 60.0% 46.2% | 40.0%

DO1 Do2 D03 D04 D05 DO6 Do7 D08 D09 D10 D11 D12 D13 D14 D15 D16 D17 D18 D19

Predicted Class

Figure 4.28: Confusion matrix for tested Fine KNN (Experiment 3.1)

4.6.3.2 Experiment 3.2 (classifying multiple ADLs using 16 features)

The parameters used for Experiment 3.2 and Experiment 2.2 were the same, except the
MMAS8451Q accelerometer was used. In trained results, Quadratic SVM, Cubic SVM
and Fine were the topmost accurate algorithms and exhibited 91.7%, 92.08% and 90.21%
accuracy, respectively. Fine KNN had the shortest training time of 0.243 seconds, and
Quadratic and Cubic SVM had a longer training time. The tested and trained simulation

results of Experiment 3.2 are shown in Table 4.27.

In testing, Cubic SVM also showed the best recall, precision and accuracy of 72.37%,
74.65% and 74.61%, respectively. Quadratic SVM also showed similar results of
achieving a recall and precision of 71.32% and 73.37%, respectively and overall accuracy
of 73.35% with a shorter training time of 0.107 seconds. Fine KNN showed the worst
results comparatively with an accuracy of 64.89% but having a faster training time of
0.006 seconds. A confusion matrix for an instance of the experiment done using Cubic

SVM for testing is shown in Figure 4.29.
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Table 4.27: Top trained and tested results from Experiment 3.2 (mean = SD; n = 10)

Precision Accuracy Training
(1)
ML Model Recall (%) (%) F1 Score (%) Time (sec)
Experiment 3.2 (Training)*
Q“;\‘};Ztlc 89.63+0.52 | 91.15£0.46 | 0.902+0.005 | 91.7+0.44 | 12.955+0.18
+
Cubic SVM 90.52+0.62 | 91.77+0.56 | 0.91%0.006 92'02 0.3 13.059+0.364
Fine KNN 88.49+0.3 90.18+0.38 | 0.892+0.003 90'2;i0'2 0.243+0.222
Experiment 3.2 (Testing)**
Q“;‘\‘flr\ztlc 71.32+0 73.37+0 0.715+0 7335+0 | 0.107+0.004
Cubic SVM 72.37+0 74.65+0 0.724+0 74.61+0 0.108+0.003
Fine KNN 63.16+0 64.57+0 0.629+0 64.89+0 0.0060.001
*In Training 80% of the SisFall dataset was used
**In Testing 20% of the SisFall dataset was used
Do1 3 1 75.0% | 25.0%
T i | o
D05 1 15 4 75.0% | 25.0%
D06 19 100.0%
Do7 16 1 3 80.0% | 20.0%
= o e 5 s o
gD‘ID 6 1 6 6 1 30.0% | 70.0%
% ou 1 } T 1 ml =
D13 3 17 B85.0% | 15.0%
D14 20 100.0%
D15 ) 1 8 6 40.0% | 60.0%
D16 3 2 15 75.0% | 25.0%
D17 24 100.0%
D18 1 1 18 80.0% | 10.0%
D19 1 19 850% 8 5.0%
50.0% | 66.7% | 66.7% |100.0%| 100.0% | 79.2% | 51.6% | 47.8% | 80.0% | 60.0% | 47.8% | 85.0% | 89.5% | 100.0% | 53.3% | 71.4% | 96.0% | 78.3% | 95.0%
50.0% | 33.3% [ 33.3% 20.8% | 48.49% | 52.2% | 20.0% | 40.0% [ §2.29% | 15.0% | 10.5% 46.7% | 28.6% | 4.0% | 21.7% | 5.0%

Do1 Do2 D03 Do4 Do5 Do6 Da7 Do8 Dog D10 D11 D12 D13 D14 D15 D16 D17 D18 D19
Predicted Class

Figure 4.29: Confusion matrix for tested Cubic SVM (Experiment 3.2)

4.6.3.3 Experiment 3.3 (classifying multiple ADLs and Falls using 16 features)

In Experiment 3.3, the MMAS8451Q accelerometer was used, and the other parameters
were the same as Experiment 2.3. Experiment 3.3 was able to classify both ADLs and 15
Falls via a total of 16 features. In previously trained results, Cubic SVM, Quadratic SVM
and Medium Gaussian SVM showed the highest accuracy of 78.43%, 78.42% and 74.69%,
respectively. All three also showed higher recall, precision and a longer training time.
However, in terms of faster training time (less than one second), Fine KNN was the most

accurate having an accuracy of 73.11% in only 0.254 seconds (Table 4.11). In testing,
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Quadratic SVM showed the best recall, precision and accuracy of 61.59%, 63.97% and
61.75%, respectively. Cubic SVM also showed very similar results of achieving a recall
and precision of 59.64% and 62.19%, respectively and an overall accuracy of 59.64%.
All three had the longest training time of about 0.388 to 0.42 seconds. The results of tested
and trained algorithms are shown in Table 4.28. The confusion matrix for an instance of

the experiment done using Cubic SVM for testing is shown in Figure 4.30.

Table 4.28: Top trained and tested results from Experiment 3.3 (mean £+ SD; n = 10)

Precision Accuracy Training
0,
ML Model Recall (%) (%) F1 Score (%) s (e
Experiment 3.3 (Training)*
Quadratic 7843403 | 79.9440.36 | 0.788+0.003 | /542202 | 43 0081067
SVM 6
Cubic SVM | 78.6240.42 | 80.18£0.32 | 0.791+0.004 78'4210'2 42.807+0.424
Medium
Gaussian 74.24+0.41 77.14+0.36 0.75+0.004 74.69+0.4 38.172+0.336
4
SVM
Experiment 3.3 (Testing)**
Q“Sa\‘};ztlc 61.59+0 63.97+0 0.618+0 61.7520 | 0.39+0.015
Cubic SVM 59.64+0 62.19+0 0.596+0 59.64+0 0.388+0.007
Medium
Gaussian 57.72+0 60.15+0 0.573+0 58.18+0 0.42+0.019
SVM

*In Training 80% of the SisFall dataset was used
**In Testing 20% of the SisFall dataset was used

DO1| 3 [ 1
Do2| 2 | 2

D03 2 2
D04 1 3
DOos | 1 15 4
D06 19
Do7 16 1 3
Doa 1 1 2 [:]
D09 6 12 2
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D11
D12 18| 2

o o

D13 1 8 z 1
D14 2
D15 5 1
D16 3
D17 24
D18 1 18
D19 1 18
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Figure 4.30: Confusion matrix for tested Cubic SVM (Experiment 3.3)
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4.6.3.4 Experiment 3.4 (classifying only an instance of ADL and Fall using 16 features)
Experiment 3.4 shows the ability of the algorithm to classify both ADLs and Fall Events
as binary classification. The parameters used for Experiment 2.4 and Experiment 3.4 were
similar, and in this experiment, a total of 16 features and 10-fold cross-validation were
used for the classification of different types of ADLs and Fall Events. The previously
trained results showed the top three accurate algorithms as Quadratic, Cubic and Medium
Gaussian SVM, respectively, and they exhibited about 99.62 to 99.65% accuracy. In a
similar fashion, all three algorithms exhibited the highest recall and precision. They had
a shorter training time, less than 1 second. Fine KNN was also most accurate in terms of
shorter training time and gave 99.59% accuracy with a training time of 0.239 seconds
(Table 4.12). The trained and tested parameters of Experiment 3.4 are shown in Table
4.29. Testing results have shown very similar results, with Medium Gaussian SVM being
the most accurate at 99.84% with a training time of 0.004 seconds. The confusion matrix
for an instance of the experiment done using Medium Gaussian SVM for testing is shown
in Figure 4.31. Quadratic SVM and Cubic SVM were also similar, having an accuracy of

99.71% and 99.68%, respectively.

Table 4.29: Top trained and tested results from Experiment 3.4 (mean + SD; n = 10)

ML Model R(?)Zi;ll Pre(eoc/ios)ion F1 Score Ac:‘l)z)acy Trailzislég)Time
Experiment 3.4 (Training)*
Quadratic SVM | 030 1 99.6410.02 | 770000 | 99641002 | 0.638+0.034
Cubic SVM 99'gii0' 99.62-0.04 0'9(9)820'0 99.6240.04 |  0.645+0.02
Medi“glv(li;‘““ia“ 99'82*“ 99.65:0.04 0'9350'0 99.65:0.04 |  0.805+0.079
Experiment 3.4 (Testing)**
Quadratic SVM | 7150 1 99712007 | OP 00 | 99714007 | 0.00420.001
Cubic SVM 99'??” 99.67+0.15 0'99072*0'0 99.68+0.15 |  0.004=0.001
Medi“‘s“vcgj‘“”ia“ 99.84+0 | 99.83+0 | 0.998+0 | 99.84+0 0.004+0

*In Training 80% of the SisFall dataset was used
**In Testing 20% of the SisFall dataset was used
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Figure 4.31: Confusion matrix for tested Cubic SVM (Experiment 3.4)
4.6.4 Experiment 4 (using MobiFall’s LSM330DLC model and 10-fold cross-

validation)

4.6.4.1 Experiment 4.1 (classifying multiple ADLs using 10 features)

Experiment 4 is done using the MobiFall dataset and accelerometer LSM330DLC inertial
module (Samsung Galaxy S3). In this experiment, 9 ADLs were classified by using 5-
fold cross-validation. From the previously trained results of Experiment 4.1, the top three
accurate algorithms were Quadratic, Cubic and Gaussian SVM with 87.22% to 88.08%
accuracy. In testing, the Medium Gaussian SVM algorithm was the best overall in respect
of accuracy (69.74%), precision (70.94%) and recall (72.22%) values. Cubic SVM
showed lower results (53.95% accuracy) in comparison. The topmost trained and tested
simulation results of Experiment 4.1 are shown in Table 4.30. A confusion matrix for an
instance of the experiment done using Medium Gaussian SVM for testing is shown in

Figure 4.32.

Table 4.30: Top trained and tested results from Experiment 4.1 (mean = SD; n = 10)

Precision Accuracy Training
o
ML Model Recall (%) (%) F1 Score (%) e (30
Experiment 4.1 (Training)*
Quadratic | ¢, 5».708 | 89.4342.02 | 086£0.02 | So08LS | 35000.147
SVM 7
Cubic SVM 84.47+1.61 | 89.17+1.51 0.86:0.02 87'9Zi0'8 1.305+0.021
Medium
Gaussian 82.12+1.33 | 90.64+1.21 0.85+0.02 87.22+1.0 1.2774+0.145
3
SVM
Experiment 4.1 (Testing)**
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Q“;g;}‘m 65.74=0 71.12+0 0.6380 65.79+0 | 0.024:0.002
Cubic SVM 56.48+0 68.12+0 0.544+0 53.95+0 0.023+0.001
Medium
Gaussian 72.22+40 70.94+0 0.693+0 69.74+0 0.024+0.001
SVM
*In Training 80% of the MobiFall dataset was used
**In Testing 20% of the MobiFall dataset was used
csl 7 5 58.3% 41.7%
Cso 1 10 1 83.3% 16.7%
JOG 1 3 2 50.0% 50.0%
JumM 4 2 33.3% 66.7%
SCH 6 6 50.0%
E STN 9 25.0%
46.7% 66.7% 42.9% 40.0%
53.3% 33.3% 57.1% 60.0%

csl JOG SCH STD

Predicted Class

STN

Figure 4.32: Confusion matrix for tested Medium Gaussian SVM (Experiment 4.1)

4.6.4.2 Experiment 4.2 (classifying multiple ADLs using 16 features)

Experiment 4.2 used the same parameters as Experiment 2.2 as well. Previously trained
top three algorithms with the highest accuracy and the tested simulation results for the
same algorithm are presented in Table 4.31. In testing, Medium Gaussian SVM showed
the best recall, precision and accuracy of 72.22%, 75.87% and 72.37%, respectively, in
comparison with the trained results. Quadratic SVM also showed similar results of
achieving a recall and precision of 69.44% and 70.9%, respectively and overall accuracy
of 69.74% with a shorter training time. The confusion matrix for an instance of the

experiment done using Medium Gaussian SVM for testing is shown in Figure 4.33.

Table 4.31: Top trained and tested results from Experiment 4.2 (mean = SD; n = 10)

Recall Precision F1 Accuracy Training Time
ML Model (%) (%) Score (%) (sec)
Experiment 4.2 (Training)*
Quadratic SVM 84'8?“ 90.26+1.08 0'807;0' 88.65:0.75 |  1.406+0.031
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Cubic SVM 83 'gﬁﬂ' 80.74+1.49 0'806;0' 88.87+0.73 | 1.327+0.041
Medium Gaussian 83.68+0. 0.86+0.
SV o 91.92+1.03 ol 89.59+0.79 |  1.284+0.024
Experiment 4.2 (Testing)**
Quadratic SVM | 69.44+0 | 70.9+0 | 0.667+0 | 69.74+0 0.023+0.001
Cubic SVM 675940 | 70.9+0 | 0.65120 | 67.11=0 0.023+0.001
Med‘“‘s“v(;;““‘a“ 722040 | 75.8740 | 0.694+0 | 72.37+0 0.025+0.001

*In Training 80% of the MobiFall dataset was used
**In Testing 20% of the MobiFall dataset was used
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Figure 4.33: Confusion matrix for tested Medium Gaussian SVM (Experiment 4.2)

4.6.4.3 Experiment 4.3 (classifying multiple ADLs and Falls using 16 features)

Previously trained top three results for Experiment 4.3 are shown in Table 4.32. The

confusion matrix for an instance of the experiment done using Medium Gaussian SVM

for testing is shown in Figure 4.34. In testing (shown in Table 4.31), Medium Gaussian

SVM showed the best accuracy at 77.94%. In this case, Quadratic SVM showed very

similar results of achieving a recall and precision of 75% and 78%, respectively and

overall accuracy of 76.47%.

Table 4.32: Top trained and tested results from Experiment 4.3 (mean = SD; n = 10)

Recall Precision F1 Accuracy Training Time
ML Model (%) (%) Score (%) (sec)
Experiment 4.3 (Training)*
Quadratic SVM 8322*0' 88.1840.94 0'805f0' 85894048 |  2.767+0.034
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Cubic SVM 82'3‘5&1' 88.09+0.92 0'805?:0' 85.55:0.64 | 2.716+0.022
Medium Gaussian 81.4441. 0.83+0.
SVM 5 86.26£2.58 | 5, 84.11+0.77 2.63+0.068
Experiment 4.3 (Testing)**
Quadratic SVM 7540 783440 | 0.73+0 | 76.47+0 0.049+0.002
Cubic SVM 71.92+0 | 74.99+0 | 0.704%0 | 73.53=0 0.0510.002
Med‘“‘s“v(;;““‘a“ 76280 | 79.05+0 | 0.743£0 | 77.94%0 0.058+0.011

*In Training 80% of the MobiFall dataset was used
**In Testing 20% of the MobiFall dataset was used
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Figure 4.34: Confusion matrix for tested Medium Gaussian SVM (Experiment 4.3)

4.6.4.4 Experiment 4.4 (classifying only an instance of ADL and Fall using 16 features)
Experiment 4.4 shows the ability of the algorithm to classify both ADLs and Fall Events
as binary classification. In this experiment, different types of ADLs and Falls were
classified using 5-fold cross-validation, and a total of 16 features were used. In training,
Linear SVM, Medium Gaussian SVM and Boosted Trees had shown shorter training time
and highest accuracy (98.83% to 99.13%) in comparison to other experiments. The top
three results from the Experiment 4.4 are shown in Table 4.33. Testing results have shown
very similar results, with Medium Gaussian SVM being the most accurate at 100% with
a shorter training time. However, Boosted Trees had shown a very low accuracy of
51.47%. The confusion matrix for an instance of the experiment done using Medium

Gaussian SVM for both training and testing is shown in Figure 4.35.
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Table 4.33: Top trained and tested results from Experiment 4.4 (mean = SD; n = 10)

Recall Precision F1 Accuracy | Training Time
Ml I (%) (%) S (%) o
Experiment 4.4 (Training)*
. 98.82+0.
Linear SVM 19 98.82+0.23 | 0.99+0 | 98.83+0.21 0.173+0.123
Medium Gaussian 99.13+0.
SVM 14 99.12+0.14 | 0.99+0 | 99.13+0.14 0.133+0.004
Boosted Trees 99.1+0.1
(AdaBoost) ) 99.11+£0.12 | 0.99+0 | 99.11+0.12 4.134+0.35
Experiment 4.4 (Testing)**
Linear SVM 97.19+0 96.9+0 0.97+0 97.06+0 0.005+0.002
Med‘“g‘vﬁf“sm“ 100+0 100+0 140 100+0 0.026+0.066
Boosted Trees 0.435+
(AdaBoost) 46.05+0 41.18+0 0 51.47+0 0.037+0.005

*In Training 80% of the MobiFall dataset was used
**In Testing 20% of the MobiFall dataset was used
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Trained Medium Gaussian SVM

0.8%
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FALLS

-l

FALLS

Predicted Class

Tested Medium Gaussian SVM

Figure 4.35: Confusion matrix for trained and tested Medium Gaussian SVM
(Experiment 4.4)

4.7 Results achieved using the ensemble classifier

The available classifier systems were combined in an ensemble classifier. This system

combines output from various algorithms and re-classifies between the classes to improve

recall, precision and accuracy. For SisFall dataset, 10-fold cross-validation is used in this

case. In particular, the Bagged Decision Tree method is used for this model. As can be

seen in Table 4.34, the Ensemble Classifier can provide up to 99.62% accuracy. For

results taken from inputs from the ADXIL.345 accelerometer, Figure 4.36 shows the

confusion matrix of a trained stacked ensemble of Med. Gaussian. Cubic and Quadratic
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SVM, Fine KNN and Decision Tree. Figure 4.37 shows the confusion matrix of the tested
stacked ensemble. Similarly, Figure 4.38 shows the confusion matrix of the trained
stacked ensemble of Cubic SVM and Fine KNN, while Figure 4.39 shows the confusion
matrix of the tested stacked ensemble classifier. As shown in Table 4.34, decreasing the
number of base models for the ensemble system resulted in a slight decrease in the recall,

precision and accuracy. However, a slight decrease in training time was recorded as well.

Similarly, for results taken from inputs from the MMA8451Q accelerometer, Figure 4.40
shows the confusion matrix of a trained stacked ensemble of Med. Gaussian. Cubic and
Quadratic SVM, Fine KNN and Decision Tree, while Figure 4.41 shows the confusion
matrix of the tested stacked ensemble. Figure 4.42 shows the confusion matrix for a
trained stacked ensemble of Cubic SVM and Fine KNN, and Figure 4.43 shows the
confusion matrix tested stacked ensemble classifier. Similar to the results from the
ADXL345 accelerometer model, the MMA845Q model results had shown a slight
decrease in the recall, precision and accuracy in decreasing the number of base models
(comparing No. 4 with No. 5). However, using Med. Gaussian. and Cubic SVM had

shown similar results to No. 4 with an additional decrease in training time as well.

Table 4.34: Trained results from SisFall dataset

Recall Precision F1 Accurac Trainin:
No. ML Model (%) (%) | Score | (%) " | Time (se%)
ADXIL 345
SVMs, KNN,
1 Decision Tree, Naive 99.62 99.63 0.996 99.62 10.34
Bayes
2 SVMs and KNN 99.49 99.49 0.995 99.49 9.25
3 SVMs 99.45 99.45 0.995 99.45 9.64
MMAS8451Q
SVMs, KNN,
4 | Decision Tree, Naive 99.42 99.42 0.994 99.42 10.38
Bayes
5 SVMs and KNN 99.39 99.38 0.994 99.38 9.68
6 SVMs 99.42 99.42 0.994 99.42 9.57
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Figure 4.36: Confusion matrix trained stacked ensemble (No.1)
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Figure 4.37: Confusion matrix of tested stacked ensemble (No.1)
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Figure 4.38: Confusion matrix of trained stacked ensemble (No.3)
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Figure 4.39: Confusion matrix of tested stacked ensemble (No.3)
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Figure 4.40: Confusion matrix trained stacked ensemble (No.4)
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Figure 4.43: Confusion matrix of tested stacked ensemble (No.6)
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CHAPTER 5

5 CONCLUDING DISCUSSION AND FUTURE SUGGESTIONS

Falling is a dangerous event faced mainly by elderly people. To take preventive measures
from falls, tremendous work has been done on the development of a fall detection system
using machine learning algorithms. This work also aimed to develop a fall detection
system utilizing several algorithms that will be able to detect falls with the highest
accuracy. In this instance, two public datasets such as SisFall and MobiFall were used to
train up to 24 algorithms and test the algorithms with the highest recall, precision and
accuracy. Seventeen experiments were designed to train the classifiers and test for the
most accurate algorithms. Tables 5.1 and 5.2 show the overall best results for the

classifiers trained and tested.

Table 5.1: Comparison of the best trained and tested classifiers of Experiment 1 and

Experiment 2 for given simulations

No. of Experiments | Best Algorithm | Precision (%) ’ Accuracy (%) ’ Training Time (sec)

Experiment 1.1

Training Fine KNN 79.04+1.25 83.76+0.64 0.184+0.235

Testing Cubic SVM 67.64+0 67.08+0 0.109+0.005
Experiment 1.2

Training Cubic SVM 90.21+0.88 90.61+0.56 6.216+0.035

Testing Cubic SVM 77.85+0 76.49+0 0.109+0.003
Experiment 1.3

Training Cubic SVM 78.6+0.4 77.17+0.27 21.87+0.289

Testing Quadratic SVM 64.22+0 62.72+0 0.106+0.001
Experiment 1.4

Training Fine KNN 99.73+0.06 99.72+0.06 0.165+0.114

Testing Quadratic SVM 99.69+0 99.68+0 0.004+0.001
Experiment 2.1

Training Fine KNN 80.34+0.55 84.64+0.43 0.172+0.012

Testing Cubic SVM 67.64+0 67.08+0 0.111£0.005
Experiment 2.2

Training Cubic SVM 90.89+0.69 91.58+0.45 13.1848+0.1660

Testing Cubic SVM 77.85+0 76.49+0 0.108+0.002
Experiment 2.3

Training Cubic SVM 79.71£0.51 78.14+0.45 40.426+0.157

Testing Quadratic SVM 64.22+0 62.72+0 0.382+0.004
Experiment 2.4

Training Fine KNN 99.73+0.03 99.72+0.03 0.201+0.050

Testing Quadratic SVM 99.69+0 99.68+0 0.004+0
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Table 5.2: Comparison of the best trained and tested classifiers of Experiment 3 and

Experiment 4 for given simulations

No. of Experiments

Best Algorithm

Precision (%)

Accuracy (%)

Training Time

(sec)
Experiment 3.1
Training Fine KNN 80.82+0.85 85.23+0.46 0.176+0.033
Testing Cubic SVM 61.53+0 64.89+0 0.105+0.001
Experiment 3.2
Training Cubic SVM 91.77+0.56 92.08+0.38 13.059+0.364
Testing Cubic SVM 74.65+0 74.61+0 0.108+0.003
Experiment 3.3
Training Cubic SVM 80.18+0.32 78.43+0.26 42.807+0.424
Testing Quadratic SVM 63.97+0 61.75+0 0.39+0.015
Experiment 3.4
. Medium
Training Gaussian SVM 99.65+0.04 99.65+0.04 0.805+£0.079
. Medium
Testing Gaussian SVM 99.83+0 99.84+0 0.004+0
Experiment 4.1
Training Quadratic SVM 89.43+2.02 88.08+1.57 1.352+0.147
. Medium
Testing Gaussian SVM 70.94+0 69.74+0 0.024+0.001
Experiment 4.2
. Medium
Training Gaussian SVM 91.92+1.03 89.59+0.79 1.284+0.024
. Medium
Testing Gaussian SVM 75.87+0 72.37+0 0.025+0.001
Experiment 4.3
Training Quadratic SVM 88.18+0.94 85.89+0.48 2.767+0.034
. Medium
Testing Gaussian SVM 79.05+0 77.94+0 0.058+0.011
Experiment 4.4
.. Medium
Training Gaussian SVM 99.12+0.14 99.13+0.14 0.133+£0.004
. Medium
Testing Gaussian SVM 100£0 1000 0.026+0.066

For SisFall dataset, it was observed that in terms of recall, precision and accuracy, the

most suitable classifiers were Fine KNN, Cubic SVM and Quadratic SVM. Based on

different experimental parameters, Fine KNN showed the highest accuracy of 88.37% in

Experiment 1.1, 99.72% in Experiment 1.4, 84.64% in Experiment 2.1, 99.72% in

Experiment 2.4 and 85.23% in Experiment 3.1, respectively. Cubic SVM also achieved

the highest accuracy in a number of studied experiments as 90.61% in Experiment 1.2,

77.17% in Experiment 1.3, 91.58% in Experiment 2.2, 78.14% in Experiment 2.3, 92.08%

in Experiment 3.2 and 78.43% in Experiment 3.3. Medium Gaussian SVM achieved the

highest accuracy (99.65%) in Experiment 3.4.
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In comparison, several authors used the SisFall dataset to develop the Fall detection
system as [64] used the deep-learning-based accelerometer signal enhancement model
and gave 97.34% accuracy from SVM. Cho and Yoon [86] used three public datasets,
including SisFall on a fall detection system based on a one-dimensional convolutional
neural network (CNN) and raw data of SisFall provided 61.37% accuracy. Cahoolessur
and Rajkumarsingh [87] utilized SisFall datasets with an XGBoost algorithm and
obtained an accuracy of 96%. A fall detection system developed by [88] used SisFall
dataset based on non-linear classification feature with Kalman filter and achieved an

accuracy of about 99.4%.

In this study, during testing the trained results for the SisFall dataset, it was observed that
Fine KNN, Cubic SVM and Quadratic SVM exhibited the highest accuracy of over 99%
in Experiments 1.4, 2.4 and 3.4, respectively. SVM performance varies depending on the
kernel and parameters used for classification. As multiclass classifications are more
complex in comparison to binary classifications, non-linear SVM has shown to have
higher flexibility and performance as a large number of data points can processing be in
higher dimensions [44]. However, Fine KNN had shown to have the least time taken for
training in terms of training time. KNN has also shown to be robust at processing noisy
data as well as having a general fast training time [89]. Thus, a combination of Fine KNN

and Cubic SVM for classification is expected to give further accurate results.

For MobiFall dataset, various researchers had used the dataset with several methods to
detect Fall Events and ADLs. KNN-based systems focused on binary classification
achieved comparatively higher accuracy [90], [91]. Five classifiers were used by [90] for
fall detection. Amongst the studied algorithms, KNN showed the highest accuracy at
87.5%. Similarly, a KNN-based system designed by [91] achieved accuracy up to 98%
by utilizing the MobiFall dataset for training and testing with binary classification. In
another study, [92] developed a threshold-based system that used the MobiFall dataset
and reached up to 99.44% accuracy with binary classification (there is no further ADL

and fall classification).

In comparison, trained results of Quadratic SVM gave the highest accuracy of 88.08%
and 85.89% in Experiment 4.1 and 4.3, respectively, whereas Medium Gaussian SVM
gave 89.59% accuracy in Experiment 4.2 and 99.13% in Experiment 4.4, respectively. In

testing results with MobiFall dataset, Medium Gaussian SVM was the most accurate and
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gave 100% accuracy in one instance. Fine KNN had shown to have comparatively less
accuracy, with the highest being at 98.56% in Experiment 4.4. For Experiment 4.3,
MobiFall Dataset results have been shown to give a higher recall, precision and accuracy
on average, compared to results from the SisFall dataset in Experiment 4.4, due to a higher

number of misclassifications between Fall Events.

In terms of cross-validation, Experiments 1 and 2 showed that higher k-fold cross-
validation resulted in a slightly higher recall, precision and accuracy. Experiment 1 had
used 5-fold cross-validation, and Experiment 2 had used 10-fold cross-validation. It was
recorded in Experiment 1.1 that Fine KNN had a lower recall, precision and accuracy of
76.53%, 79.04% and 83.76% respectively, compared to Experiment 2, which had a
comparatively higher recall, precision and accuracy of 77.85%, 80.34% and 84.64%
respectively. However, it was observed that for testing, the results were very similar with
both Experiments 1.1 and 2.1 having recall, precision and accuracy of 57.41% 58.77%
and 61.76%, respectively.

Regarding feature selection for classification, Experiments 1.2, 2.2, 3.2 and 4.2 used 16
features and showed a higher recall, precision and accuracy compared to Experiments 1.1,
2.1,3.1,and 4.1, which used 10 features. For example, in Experiment 1.1, Fine KNN had
lower recall, precision and accuracy of 76.53%, 79.04% and 83.76% respectively,
compared to Experiment 1.2, which had a comparatively higher recall, precision and
accuracy of 85.62%, 88.95%, and 88.85% respectively. A similar trend has been observed

in all the other experiments conducted with higher features.

Applying binary classification in a stacked ensemble classifier had shown varying results
depending on the specific base classifier model being used for the system. While a trained
stacked ensemble of Med. Gaussian. Cubic and Quadratic SVM, Fine KNN and Decision
Tree was shown to have the highest accuracy for both ADXL345 and MMAS8451Q
models, lowering the number of base models to Medium Gaussian and Cubic SVM had
shown to decrease the training time. Accuracy was observed to have decreased for
ADXL345 results; however, MMA8451Q results have shown minimal effect in results.
While accuracy between individual classifier models may vary, the reduction in result
variance in using a stacked ensemble classifier system has the advantage of improving
the overall quality of classification [93], [94]. It was noted that results during training had

shown an overall higher recall, precision and accuracy compared to testing results. There
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are multiple factors relating to this discrepancy. A factor that affects this variation of
results can be postulated to be due to the differences in the datapoint distribution between
the training and testing sets as there was a difference between the number of sampled
datapoints in the testing and the training dataset. It seemed that conducting experiments

with a larger training dataset would provide more accurate and precise results.

In conclusion, a potential combination of Machine Learning (ML) algorithms for an
accelerometer-based system that will provide the best accuracy, sensitivity (recall),
specificity and precision has been designed by simulating the training and testing phases
of classifiers. It was observed that the majority of times, Fine KNN, Medium Gaussian,
Quadratic and Cubic SVM gave the best results for most of the experiments. Additionally,
testing the trained classifier with test data had shown variations in accuracy, recall and
precision being lower, compared to the results given when the trained classifier was
testing via cross-validation. This was partly due to a comparatively lower set of data for
testing. Testing results in Experiments 1.4, 2.4, 3.4, 4.4 and using a stacked ensemble
method had also confirmed that if the classifier system was also trained for differentiating
only between Fall Events and ADLs, most of the algorithms were able to distinguish
between the two classes and achieve a high recall, precision and accuracy while having a
faster training time. In simulations, this faster training time for both training and testing
phases of the experiments was assumed to be an indication of lower usage of memory and

energy consumption.

Significant contributions at this current stage include a comprehensive simulation model,
system design and data based on simulation available in MATLAB with the SisFall and
MobiFall datasets. Due to the current COVID-19 pandemic, research was focused on the
simulation aspect of the designed system. The current developed combined ensemble
classifier is to be applicable to practical fall detection modules focused on portability
(smartphones and accelerometers). Based on the current available portable devices,
Android-based smartphones are generally cheaper compared to Apple iOS-based
smartphones and such Android-based devices tend to be more accessible to the general
public globally [95], [96]. Hence a developed system, if applied to such devices, results

in a lower cost and will be more affordable to the public.

The classifiers can be further optimized for future use. However, future experiments are

required to be done in form of testing other datasets for comparison as well as practical
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testing. For the development and testing of the classifiers, other datasets are also viable
for testing, including DLR [97] UMAFall [98] and TST [99] datasets. In addition, there
i1s more work to be done in applying the combination of classifiers using the current results
for the fall detection system in a Python or Android-based system. Such portable
accelerometer-based systems need to be further optimised in terms of memory usage and
overall energy consumption when actively monitoring and processing ADLs and Fall

Events.
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6 APPENDIX
6.1 The following shows an instance of the code for training Fine KNN for
Experiment 2.4

fclose all;
clear

load('extracted 80 per train ADLFall ADXL345 dataset.mat',
'ADLFall 80 per train ADXL345 table')
trainingData = ADLFall 80 per train ADXL345 table;

for 1i=1:1:10
tic

o\

Extract predictors and response

This code processes the data into the right shape for training the
model.

inputTable = trainingData;

predictorNames = {'Mean x', 'Mean y', 'Mean z', 'Max x', 'Max y',
'Max z', 'Min x', 'Min y', 'Min z', 'std x', 'std y', 'std z',
'AvgAcc', 'cos AvgAcc x', 'cos AvgAcc y', 'cos AvgAcc z'};

o°

o°

predictors = inputTable(:, predictorNames);
response = inputTable.Cat Bl;
isCategoricalPredictor = [false, false, false, false, false, false,

false, false, false, false, false, false, false, false, false, false];

% Train a classifier
% This code specifies all the classifier options and trains the
classifier.
classificationKNN = fitcknn(...
predictors,
response,
'Distance', 'Euclidean',
'Exponent’', [1,
'NumNeighbors', 1, .
'DistanceWeight', 'Equal',
'Standardize', true,
'ClassNames', categorical ({'ADL'; 'Fall'}));

Q

% Create the result struct with predict function

predictorExtractionFcn = @(t) t(:, predictorNames):;
knnPredictFcn = @ (x) predict(classificationKNN, x);
trainedClassifier.predictFcn = @ (x)

knnPredictFcn (predictorExtractionFcn (x)) ;

% Add additional fields to the result struct
trainedClassifier.RequiredVariables = {'AvgAcc', 'Max x', 'Max y',
'Max z', 'Mean x', 'Mean y', 'Mean z', 'Min x', 'Min y', 'Min z',
'cos AvgAcc_x', 'cos AvgAcc y', 'cos AvgAcc_z', 'std x', 'std y',
'std z'};

trainedClassifier.ClassificationKNN = classificationKNN;
trainedClassifier.About = 'This struct is a trained model exported
from Classification Learner R2019b.';

o

3 Extract predictors and response
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% This code processes the data into the right shape for training the
% model.

inputTable = trainingData;

predictorNames = {'Mean x', 'Mean y', 'Mean z', 'Max x', 'Max y',
'Max z', 'Min x', 'Min y', 'Min z', 'std x', 'std y', 'std z',
'AvgAcc', 'cos AvgAcc x', 'cos AvgAcc y', 'cos AvgAcc z'};

predictors = inputTable(:, predictorNames);
response = inputTable.Cat Bl;
isCategoricalPredictor = [false, false, false, false, false, false,

false, false, false, false, false, false, false, false, false, false];

o

% Perform cross-validation
partitionedModel = crossval (trainedClassifier.ClassificationKNN,
'KFold', 10);

% Compute validation predictions
[validationPredictions, validationScores] =
kfoldPredict (partitionedModel) ;

% Compute validation accuracy

validationAccuracy = 1 - kfoldLoss (partitionedModel, 'LossFun',
'ClassifError');

$Added
elapsedTime = toc;

Predict Cat = validationPredictions;
Actual Cat = categorical (ADLFall 80 per train ADXL345 table.Cat Bl);

newStr = join(["Experiment 5/Exp 5 Ex 14 ",i,".mat"],'"');
Saved Mat = convertStringsToChars (newStr);

save (Saved Mat, 'Predict Cat', '"Actual Cat', 'trainedClassifier', 'validat
ionAccuracy', 'elapsedTime') ;

clearvars -except trainingData ADLFall 80 per train ADXL345 table

end
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6.2 The following shows an instance of the code for training Cubic SVM for

Experiment 4.1

fclose all;
clear

load('extracted 80 per ADL MobiFall Acc dataset.mat',
'MobiFall ADL 80 per acc_ table')
trainingData = MobiFall ADL 80 per acc_ table;

for 1i=1:1:10

tic

inputTable = trainingData;

predictorNames = {'Mean x', 'Mean y', 'Mean z', 'Max x', 'Max y',
'Max z', 'Min x', 'Min y', 'Min z', 'AvgAcc'};

predictors = inputTable(:, predictorNames);

response = inputTable.acc cat;

isCategoricalPredictor = [false, false, false, false, false, false,

false, false, false, false];

o\

Train a classifier
This code specifies all the classifier options and trains the
classifier.
template = templateSVM(...

'KernelFunction', 'polynomial',

'PolynomialOrder', 3,

'KernelScale', 'auto',

'BoxConstraint', 1,

'Standardize', true);
classificationSVM = fitcecoc(...

predictors,

response,

'Learners', template,

'Coding', 'onevsone', .

'ClassNames', categorical({'CSI'; 'CSO'; 'J0OG'; 'JUM'; 'SCH';
'STD'; 'STN'; 'STU'; 'WAL'}));

o\

% Create the result struct with predict function

predictorExtractionFcn = Q@(t) t(:, predictorNames) ;
svmPredictFcn = @(x) predict(classificationSVvM, x);
trainedClassifier.predictFcn = @ (x)

svmPredictFcn (predictorExtractionFcn (x));

% Add additional fields to the result struct
trainedClassifier.RequiredvVariables = {'AvgAcc', 'Max x', 'Max y',
'Max z', 'Mean x', 'Mean y', 'Mean z', 'Min x', 'Min y', 'Min z'};
trainedClassifier.ClassificationSVM = classificationSVM;
trainedClassifier.About = 'This struct is a trained model exported
from Classification Learner R2019b."';
trainedClassifier.HowToPredict = sprintf

o\

Extract predictors and response
This code processes the data into the right shape for training the
model.

o\

oe

inputTable = trainingData;

predictorNames = {'Mean x', 'Mean y', 'Mean z', 'Max x', 'Max y',
'Max z', 'Min x', 'Min y', 'Min z', 'AvgAcc'};

predictors = inputTable(:, predictorNames) ;
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response = inputTable.acc cat;
isCategoricalPredictor = [false, false, false, false, false, false,
false, false, false, false];

Q

% Perform cross-validation
partitionedModel = crossval (trainedClassifier.ClassificationSVM,
'KFold', 5);

% Compute validation predictions
[validationPredictions, validationScores] =
kfoldPredict (partitionedModel) ;

o

% Compute validation accuracy
validationAccuracy = 1 - kfoldLoss (partitionedModel, 'LossFun',
'ClassifError');

$Added

elapsedTime = toc;

Predict Cat validationPredictions;
Actual Cat = categorical (MobiFall ADL 80 per acc_table.acc_cat);

newStr = join(["Experiment 1/Exp 1 Ex 10 ",i,".mat"],'");

Saved Mat = convertStringsToChars (newStr);

save (Saved Mat, 'Predict Cat', "Actual Cat', 'trainedClassifier', 'validat
ionAccuracy', 'elapsedTime') ;

clearvars -except trainingData MobiFall ADL 80 per acc_ table

end
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6.3 The following shows an instance of the code for saving the training
results into readable form and extracting the results for external

processing

o
o°

o

Save stats from trained classifier

fclose all;
clear

for k=1:1:24
for 1=1:1:10
newStr = join(["Experiment 5/Exp 5 Ex ",k," ",1,".mat"],"'");
newStrl = join(["Experiment
5/Exp 5 Ex ",k," ",1," stats.mat"],'');

Load Mat = convertStringsToChars (newStr);
Saved Mat = convertStringsToChars (newStrl);

load (Load Mat) ;

$confusion matrix struct

[cm, order] = confusionmat (Actual Cat,Predict Cat);
[m,n] = size(cm);

macro_av_recall = 0;

macro_av_precision = 0;

macro_av_specificity = 0;

macro_av_Fl score = 0;

for no = 1:1:2

$Initialize variables
TN (no,:) = 0;

TP (no, :) = cm(no,no);
total obs(no,:) = 0;
FN(no,:) = 0;

FP(no, :) 0;
recall (no,:) = 0;
precision(no, :) =
specificity(no, :)
F1l score(no,:) = 0;

0;
- 0;

for i=1:1:m
for j=1:1:n
total obs(no,:) = total obs(no,:) + cm(i,J);
if i == no
FN(no,:) = FN(no,:) + cm(i,]j);
end
if 3 == no
FP(no,:) = FP(no,:) + cm(i,J);
end
end
end
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FP(no,:) = FP(no,:) - TP(no,:);

FN(no,:) = FN(no,:) - TP(no,:);

TN(no,:) = total obs(no,:) - cm(no,no) - FP(no,:) -
FN(no, :);

recall (no,:) = TP(no,:)/(TP(no,:) + FEN(no,:));

precision(no,:) = TP(no,:)/(TP(no,:) + FP(no,:));

specificity(no,:) = TN(no,:)/(IN(no,:) + FP(no,:));

recall (isnan(recall))=0;

precision (isnan (precision))=0;

specificity(isnan(specificity))=0;

Fl score(no,:) = (2 * recall(no,:) * precision(no,:)) /
(recall (no,:) + precision(no,:));

Fl score(isnan(Fl_score))=0;

recall (isnan(recall))=0;

precision (isnan (precision))=0;

macro_av_recall = macro_av_recall + recall(no,:);

macro_av_precision = macro_av_precision + precision(no, :);

macro_av_specificity = macro_ av_specificity +

specificity(no, :);

macro_av_Fl score = macro _av_F1l score + Fl score(no,:);

end

macro_av_recall = macro_av_recall/2;
macro_av_precision = macro_av_precision/2;
macro_av_specificity = macro_av specificity/2;
macro_av_F1l score = macro_av_F1l score/2;

save (Saved Mat, 'cm', 'order', 'm', 'n', 'TP',
'FN', 'recall', 'precision', 'specificity',
'F1 score', ...
'macro_av_recall', 'macro_av_precision',
'macro_av_specificity', 'macro _av F1 score');
end

end

o
oe

$For Exporting

clear

meh = 24;

for no = 1:1:10

newStr = join(["Experiment
S/Exp_S_Ex_",meh,"_",no,"_stats.mat"],");
Load Mat = convertStringsToChars (newStr) ;

load (Load Mat) ;

"TN', 'FP',...
'total obs',

newStrl = join(["Experiment 5/Exp757Ex7",meh,"7",no,".mat"],");
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Load Matl = convertStringsToChars (newStrl);

load(Load Matl, 'validationAccuracy', 'elapsedTime');
array av(no,1l) = macro av recall*100;

array av(no,2) = macro_av_precision*100;

array av(no,3) = macro_av_specificity*100;

array av(no,4) = macro_av_F1l score*100;

array av(no,5) = validationAccuracy*100;

array av(no,6) = elapsedTime;

end
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6.4 The following shows an instance of the code for saving the testing results

into readable form and extracting the results for external processing

oe
oe

o°

Save stats from trained classifier

fclose all;
clear
no of class = 2;

load('extracted 20 per test ADLFall ADXL345 dataset.mat',
'ADLFall 20 per test ADXL345 table')

for k=14:1:14
for 1=1:1:10
newStr = join(["Experiment 5/Exp 5 Ex ",k," ",1,".mat"],'");
newStrl = join(["Experiment
5/Exp 5 Ex ",k," ",1," stats 20 per.mat"],'');

Load Mat = convertStringsToChars (newStr);
Saved Mat = convertStringsToChars (newStrl);

if exist(Load Mat, 'file')
load (Load Mat) ;
tic
Predict Cat =
trainedClassifier.predictFcn (ADLFall 20 per test ADXL345 table);
Actual Cat =
categorical (ADLFall 20 per test ADXL345 table.Cat Bl);

$confusion matrix struct

[cm, order] = confusionmat (Actual Cat,Predict Cat)
elapsedTime = toc;
[m,n] = size(cm);

accuracy = 0;

macro_av_recall = 0
macro_av_precision
macro_ av_specificity
macro_av_F1 score = 0;

|~

0;
= O,-

for no = 1:1:no_of class

$Initialize variables

TN (no,:) = 0;

TP (no, :) = cm(no,no);
total obs(no,:) = 0;
FN(no,:) = 0;

FP(no,:) = 0;

recall (no,:) = 0;
precision(no,:) = 0;
specificity(no,:) = 0;
Fl score(no,:) = 0;

for i=1:1:m
for j=1:1:n

121



total obs(no,:) = total obs(no,:) + cm(i,]);
if i == no
FN(no,:) = FN(no,:) + cm(i,J);
end
if j == no
FP(no,:) = FP(no,:) + cm(i,]j);
end
end
end

FP(no,:) = FP(no,:) - TP(no,:);
FN(no,:) = FN(no,:) - TP(no,:);
TN (no, :) total obs(no,:) - cm(no,no) - FP(no,:) -

FN (no, :);

recall (no,:) = TP(no,:)/(TP(no,:) + FN(no, :));
precision(no,:) = TP(no,:)/(TP(no,:) + FP(no,:));
specificity(no,:) = TN(no,:)/(TN(no,:) + FP(no,:));

recall (isnan(recall))=0;
precision (isnan (precision))=0;
specificity(isnan(specificity))=0;

Fl score(no,:) = (2 * recall(no,:) * precision(no,:))
/ (recall (no,:) + precision(no,:));

Fl score(isnan(Fl _score))=0;

recall (isnan (recall))=0;
precision (isnan (precision))=0;

accuracy = accuracy + cm(no,no);

macro_av_recall = macro_av _recall + recall(no,:);

macro_av_precision = macro_av_precision +
precision (no, :);

macro_av_specificity = macro av_specificity +
specificity(no, :);

macro_av_F1l score = macro _av_Fl score +
Fl score(no,:);

end

accuracy = accuracy/total obs(1l);

macro_av_recall = macro av_recall/no of class;
macro_av_precision = macro av precision/no of class;
macro_av_specificity = macro_av_specificity/no of class;
macro_av_F1l score = macro_av_F1l score/no_of class;

save (Saved Mat, 'accuracy',

'Predict Cat', "Actual Cat', 'trainedClassifier', 'validationAccuracy','e
lapsedTime', ...

'em', 'order', 'm', 'n', 'TP', 'TN', 'FP',...

'"FN', 'recall', 'precision', 'specificity',
'total obs', 'Fl score',...

'macro_av_recall', 'macro_ av_ precision',
'macro_av_specificity', 'macro_av_F1l score');

end
end
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oe
oe

$For Exporting
clear

C End(:,1) = {...
"Fine Tree";
"Medium Tree";
"Coarse Tree";
"Linear Discriminant";
"Quadratic Discriminant";
"Gaussian Naive Bayes";
"Kernel Naive Bayes";
"Linear SVM";
"Quadratic SVM";
"Cubic SVM";
"Fine Gaussian SVM";
"Medium Gaussian SVM";
"Coarse Gaussian SVM";
"Fine KNN";
"Medium KNN";
"Coarse KNN";
"Cosine KNN";
"Cubic KNN";
"Weighted KNN";
"Boosted Trees (AdaBoost)";
"Bagged Trees";
"Subspace Discriminant";
"Subspace KNN";
"RUSBoosted Trees"};

for meh = 1:1:24

array av = zeros(10,6);
total recall = 0;
total precision = 0;
total specificity = 0;
total F1 score = 0;
total accuracy = 0;
total elapsedTime = O;
for no = 1:1:10
newStr = join(["Experiment
5/Exp 5 Ex ",meh," ",no,".mat"],"'");
Load Mat = convertStringsToChars (newStr);
newStrl = join(["Experiment
5/Exp 5 Ex ",meh," ",no," stats 20 per.mat"],'');
Load Matl = convertStringsToChars (newStrl);

if exist(Load Matl, 'file')
load (Load Matl);
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load (Load Mat, 'validationAccuracy');

array av(no,1
array av(no,2
array av(no, 3

( ) = macro_av_recall*100;

( )

( )
array av(no, 4)

( )

( )

macro_av_precision*100;
macro av_specificity*100;
macro_av_F1l score;

= accuracy*100;

= elapsedTime;

array av(no,5
array_av(no, 6

total recall = total recall + array av(no,1);
total precision = total precision + array av(no,2);
total specificity = total specificity + array av(no,3);
total F1 score = total Fl1 score + array av(no,4);
total accuracy = total accuracy + array av(no,5);
total elapsedTime = total elapsedTime + array av(no,6);
end
end

std array = std(array av);

total recall = total recall/10;

total precision = total precision/10;
total specificity = total specificity/10;
total Fl1 score = total F1 score/10;

total accuracy = total accuracy/10;

total elapsedTime = total elapsedTime/10;

C End{meh, 2} =

join([round(total recall,2),"£",round(std array(l),2)],'");
C _End{meh, 3} =
join([round(total precision,2),"x",round(std array(2),2)],"'");
C End{meh, 4} =
join([round(total specificity,3),"+",round(std array(3),3)],"'"):;
C End{meh, 5} =
join([round(total F1 score,3),"+",round(std array(4),3)],"'");
C _End{meh, 6} =
join([round(total accuracy,2),"+",round(std _array(5),2)]1,"'");
C End{meh, 7} =
join([round(total elapsedTime,3),"+",round(std array(6),3)],"'");
end
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6.5 The following shows an instance of the code for the stacked ensemble

classifier system model

fclose all;
clear

load('extracted 80 per train ADLFall ADXL345 dataset.mat',
'ADLFall 80 per train ADXL345 table')

trainingData = ADLFall 80 per train ADXL345 table;
load('extracted 20 per test ADLFall ADXL345 dataset.mat',
'ADLFall 20 per test ADXL345 table')

testingData = ADLFall 20 per test ADXL345 table;

% load('extracted 80 per ADLFall MMA8451Q dataset.mat',
'ADLFall 80 per MMA8451Q table')

trainingData = ADLFall 80 per MMA8451Q table;
% load('extracted 20 per ADLFall MMA8451Q dataset.mat',
'ADLFall 20 per MMA8451Q table')
5 testingData = ADLFall 20 per MMA8451Q table;

o\

\O

tic
inputTable = trainingData;
predictorNames = {'Mean x', 'Mean y', 'Mean z', 'Max x', 'Max y',

'Max z', 'Min x', 'Min y', 'Min z', 'std x', 'std y', 'std z',
'AvgAcc', 'cos AvgAcc x', 'cos AvgAcc y', 'cos AvgAcc z'};
predictors = inputTable(:, predictorNames) ;

response = inputTable.Cat Bl;

% 1sCategoricalPredictor = [false, false, false, false, false, false,
false, false, false, false, false, false, false, false, false, false];

o°

SVM with Gaussian kernel
ng ('default') % For reproducibility
mdls{l} =
itcsvm (predictors, response, 'KernelFunction', 'gaussian',
'Standardize', true, 'KernelScale', 'auto');

H o0 B

o\

mdls{l} = fitcsvm(...
predictors,

response,
'KernelFunction', 'gaussian',
'PolynomialOrder', [],

'KernelScale', 4,

'BoxConstraint', 1,

'Standardize', true,

'ClassNames', categorical ({'ADL'; 'Fall'}));
% SVM with polynomial kernel
rng ('default')
mdls{2} =
fitcsvm(predictors, response, 'KernelFunction', 'polynomial', 'PolynomialO
rder', 3,

'Standardize', true, 'KernelScale', 'auto', 'BoxConstraint', 1);

rng ('default')
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mdls{3} =
fitcsvm(predictors, response, 'KernelFunction', 'polynomial', 'PolynomialO
rder', 2,

'Standardize', true, 'KernelScale', 'auto', 'BoxConstraint', 1);

SKNN

rng ('default')

mdls{4} = fitcknn(...
predictors,
response,
'Distance', 'Euclidean',
'Exponent’', [1,
'NumNeighbors', 1,
'DistanceWeight', 'Equal',
'Standardize', true);

% % Decision tree
rng ('default')

mdls{5} = fitctree(...
predictors,
response,
'SplitCriterion', 'gdi',
'MaxNumSplits', 100,
'Surrogate', 'off',
'ClassNames', categorical ({'ADL'; 'Fall'}));

% mdls{5} = fitctree(trainingData, 'Cat Bl');

% % Naive Bayes

rng ('default')

mdls{6} = fitcnb(trainingData, 'Cat Bl');

% % Ensemble of decision trees

% rng('default')

% mdls{5} = fitcensemble (trainingData, 'Cat B1l'");

o°
o°

rng ('default') % For reproducibility
N = numel (mdls) ;
Scores = zeros(size(trainingData,l),N);

cv cvpartition(trainingData.Cat B1, "KFold",5);
for ii = 1:N
m = crossval (mdls{ii}, 'cvpartition',cv);
[~,s] = kfoldPredict (m);
Scores(:,11) = s(:,m.ClassNames=='Fall');

end

%% Ensembled Version

rng ('default') % For reproducibility
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% t = templateKNN ('NumNeighbors',5, 'Standardize',1);
t = templateTree();

stckdMdl =

fitcensemble (Scores, trainingData.Cat B1, 'Method', 'Bag’', 'Learners',t);

o
o°

Q

% Create the result struct with predict function

predictorExtractionFcn = @(t) t(:, predictorNames);
svmPredictFcn = @(x) predict(stckdMdl, x);
trainedClassifier.predictFcn = @(x)

svmPredictFcn (predictorExtractionFcn (x)) ;

% Add additional fields to the result struct
trainedClassifier.RequiredvVariables = {'AvgAcc', 'Max x', 'Max y',
'Max z', 'Mean x', 'Mean y', 'Mean z', 'Min x', 'Min y', 'Min z',
'cos AvgAcc _x', 'cos AvgAcc y', 'cos AvgAcc z', 'std x', 'std y',
'std z'};

trainedClassifier.ClassificationEnsemble = stckdMdl;
trainedClassifier.About = 'This struct is a trained model exported
from Classification Learner R2019b.';

trainedClassifier.HowToPredict = sprintf ('To make predictions on a new
table, T, use: \n yfit = c.predictFcn(T) \nreplacing ''c'' with the
name of the variable that is this struct, e.g. ''trainedModel''. \n

\nThe table, T, must contain the variables returned by: \n
c.RequiredvVariables \nVariable formats (e.g. matrix/vector, datatype)
must match the original training data. \nAdditional variables are
ignored. \n \nFor more information, see <a
href="matlab:helpview(fullfile (docroot, ''stats'', ''stats.map''),
''appclassification exportmodeltoworkspace'')">How to predict using an
exported model</a>.");

o\

Extract predictors and response

This code processes the data into the right shape for training the
model.

inputTable = trainingData;

predictorNames = {'Mean x', 'Mean y', 'Mean z', 'Max x', 'Max y',
'Max z', 'Min x', 'Min y', 'Min z', 'std x', 'std y', 'std z',
'AvgAcc', 'cos AvgAcc x', 'cos AvgAcc y', 'cos AvgAcc z'};

o°

o°

predictors = inputTable(:, predictorNames) ;
response = inputTable.Cat Bl;
isCategoricalPredictor = [false, false, false, false, false, false,

false, false, false, false, false, false, false, false, false, false];

Q

% Perform cross-validation
partitionedModel = crossval (trainedClassifier.ClassificationEnsemble,
'KFold', 10);

% Compute validation predictions
[validationPredictions, validationScores] =
kfoldPredict (partitionedModel) ;

% Compute validation accuracy
validationAccuracy = 1 - kfoldLoss (partitionedModel, 'LossFun',

'ClassifError');
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Predict Cat = validationPredictions;
Actual Cat = categorical (ADLFall 80 per train ADXL345 table.Cat Bl);

oe

% Actual Cat = categorical (ADLFall 80 per MMA8451Q table.Cat Bl);

elapsedTime = toc;

[Ie)
)

newStr = join(["ENSEM.mat"],"'"');
Saved Mat = convertStringsToChars (newStr);

save (Saved Mat, 'Predict Cat', 'Actual Cat', 'trainedClassifier', 'validat
ionAccuracy', 'elapsedTime') ;

o

% clearvars -except trainingData ADLFall 80 per train ADXL345 table

$First, iterate over the base models to the compute predicted labels,
scores, and loss values.

label = [1;
score = zeros(size(testingData,l),N);
mdlLoss = zeros (l,numel (mdls));
for 1 = 1:N
[1bl,s] = predict(mdls{i},testingData)
label = [label,1bl];
score(:,1i) = s(:,m.ClassNames=='Fall');
gmdlLoss (1) = mdls{i}.loss(testingData);
end

$Attach the predictions from the stacked ensemble to label and
mdlLoss.

[1bl,s] = predict(stckdMdl, score);
label = [label,1lbl];
% mdlLoss (end+l) = stckdMdl.loss(score,testingData.Cat Bl);

$Concatenate the score of the stacked ensemble to the scores of the
base models.
score = [score,s(:,1)]1;

names = {'SVM-Gaussian', 'SVM-Cubic', 'SVM-Quadratic', '"KNN', 'Decision
tree', 'Naive Bayes', 'Stacked'};

[}

% array2table (mdlLoss, 'VariableNames', names)

o
oe

figure (1)

c = cell(N+1,1);

for i = l:numel (c)
subplot (2,4,1)
c{i} = confusionchart (testingData.Cat Bl,label(:,1i));
title (names{i})

end
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oe
oe

oe

confusionchart (testingData.Cat Bl,label(:,3));
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