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Abstract

Falls commonly occur in older adults and could result in long-lies when no one is around
to assist, which could result to additional emotional and physical consequences. The use
of inertial sensors allows a portable and unobtrusive way to detect motion, enabling the
automatic detection of falls when used with a fall detection algorithm. The wrist and trunk
are two locations that are favorable for fall detection as the former provides a convenient
location for the user, while the latter provides a good location for capturing the body’s
general motion. The objective of this thesis is to further improve the performance of a
wrist-mounted and a trunk-mounted threshold-based fall detection algorithm using
inertial sensors comprised of tri-axial accelerometer, tri-axial gyroscope, and a
barometric pressure sensor. The algorithms were tested using a comprehensive set of

laboratory-simulated falls, activities of daily living (ADL), and near-falls.

In the first study, a wrist-based fall detection algorithm for a commercially available
smartwatch was proposed. The algorithm used forearm angle to filter the forearm’s
downward vertical orientation that could be associated to a non-fall event’s post-activity
position. Additionally, to deal with disturbance in barometric pressure data during
dynamic motion, barometric pressure was used selectively in a Kalman filter. The
algorithm gave 100% sensitivity, 97.2% ADL specificity, and 97.1% non-fall (i.e.
including both ADLs and near-falls) specificity.

In the second study, the addition of either difference in altitude or average vertical
velocity to a trunk-based algorithm that uses vertical velocity + vertical acceleration +
trunk-angle (base algorithm) was investigated. The experimental results show that
adding either difference in altitude or average vertical velocity was able to increase the

algorithm’s non-fall specificity from 91.8% to 98.0% and 99.6%, respectively.

Keywords: Smartwatch-based fall detection; trunk-based fall detection; selective use

of pressure; forearm angle; average vertical velocity; Kalman filter
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Chapter 1.

Introduction

1.1. Need to Automatically Detect Falls

Falls are a major health concern to older adults. Falls can cause physical injury,
negative mental health outcomes, reduced quality of life, and even mortality [1, 2]. In
Canada, falls account for 85% of injury-related hospitalization in seniors each year [2],
and 1 out of 5 older adults reported that they suffered from a serious fall-related injury
[3]. When a person is unable to get up after a fall and is alone, it could result in a long-lie
(i.e. remaining on the ground for more than an hour [4]). Long-lies could cause emational
trauma and physical ailments such as hypothermia, dehydration, bronchopneumonia,
and pressure sores [5]. In a study by Tinetti et al. of community-dwelling seniors of at
least the age of 72, 47% were unable to get up after a fall even without sustained
serious injuries [6]. Having the capability to automatically detect falls will allow automatic

calling for assistance, and hence could prevent long-lies.

1.2. Detecting Falls Using MEMS (Micro-Electro-Mechanical
Systems) Inertial Sensors

During a fall, there are unique observable characteristics through which a fall
could be distinguished from a non-fall event. Being able to detect these characteristics
allow the automatic detection of falls. In the past, different methods for fall detection,
such as, video-based, acoustic-based, and body-mounted MEMS inertial sensor-based
methods had been studied. Among them, an inertial sensor-based method, which
detects a fall via analysis of body’s kinematics, provides a portable and less expensive
way of automatically detecting falls [7]. The miniature size of MEMS inertial sensors
allows for its unobtrusive use [8, 9, 10, 11, 12]. Additionally, inertial sensor-based
methods do not raise privacy concerns compared to video-based methods which

analyzes images [13].

Thresholding parameters that are calculated using inertial sensors is one of the

main fall detection methods employed, and has been an active research area during the



last decade. In addition to monitoring multiple parameters (e.g. acceleration, velocity,
posture, etc.) to asses different phases of a fall [14, 15, 16, 17], various methods for
estimating parameters were also proposed in the past (e.g. in [16, 18, 19, 20, 21]). Most
of the studies used accelerometers [22, 17, 16, 14] and others used a combination of

accelerometers and gyroscopes [19, 18, 23] or a barometric pressure sensor [15].

1.3. Favorable Sensor Locations: Wrist and Trunk

The wrist is a convenient location for a fall detector to be worn at as it similar to
wearing a watch and does not require frequent removal during activities such as using
the washroom or changing clothes [23]. Recently, programmable smartwatches that are
equipped with MEMS inertial sensors, barometric pressure sensor, user interface, and
wireless communications capabilities have become available to the consumer market.
These capabilities make the smartwatches an available platform for wrist-based fall
detection. Additionally, with the programmability of these smartwatches, other health
related apps and functionalities that could benefit the older adult population can also be
added to them.

However, detecting falls using wrist-worn sensors is a challenging task due to the
hand’s diverse functionalities, and the arm’s dynamics of motion and articulation.
Consequently, the wrist moves frequently and could easily produce big or abrupt
movements during some ADLs. Additionally, it could only give a limited amount of
information about the body’s general motion. Using only an accelerometer, Degen et al.
implemented a wrist-based fall detection algorithm employing norm of acceleration and
two forms of vertical velocity estimate as parameters, and were only able to detect 65%
of all the fall trials [16]. Using the same type of sensor, Kangas et al. compared the
performance of multiple algorithms of different complexities using sensors at different
locations, and reported the maximum sensitivity of 71% (at 100% specificity) for the
wrist, whereas for head and waist, the sensitivity was about 98% and 97%, respectively
[14]. Using accelerometers and gyroscopes, Casilari et al. [24] used sensors on the thigh
in addition to the wrist sensors and reported the best combination of sensitivity and
specificity of 96.7% and 98.3%, respectively, among the algorithms tested. However,
when using only sensors on the wrist, sensitivity and specificity was reduced to 93.3%

and 93.3%, respectively. Using the same type of sensors, Hsieh et al. reported an



average sensitivity and specificity of 95% and 97%, respectively [23]. However, sensors

on both hands were required, which is impractical.

Although not as convenient as the wrist location, the trunk is a more ideal
location for fall detection since it contains a major part of the body’s total mass, where its
motion represents “whole body” movements [25, 8]. Additionally, it does not produce big

and quick motions as easily like the wrist during ADLs.

Despite the high or even perfect sensitivities and specificities of trunk-based fall
detection algorithms (e.g. in [22, 14, 17]), a study by Bagala et al. [26] showed that their
performance were substantially lower (best was 83% sensitivity at 97% specificity, while
worst was 100% sensitivity at 11% specificity) when tested using accelerometer data
from frail older adults. Additionally, even if high performance of fall algorithms is already
achieved, further improving them (e.g. by having parameters with better discriminative
capacities) will further increase their robustness as it will make them more capable of
handling variations in fall and non-fall kinematics. Furthermore, fall detection algorithms
were seldom tested using near-falls [18, 27], which also commonly occurs in older adults
[28, 29], and could potentially cause false alarms due to the associated abrupt

movements [18].

Another convenient form for a fall detector is through a pendant since it is similar
to wearing a necklace. Although the pendant will be resting on or will be close to the
trunk, having it suspended through a cord will make its motion more complex compared
to a directly mounted sensor. This complexity could limit the amount of useful kinematic
information for fall detection. Additionally there is a risk of strangulation from the fall
detector’s cord, as there had been cases of strangulation from medical alert necklaces
[30, 31].

1.4. Improving the Accuracy of Fall Detection Algorithms

The performance of an algorithm heavily relies on the collective discriminative
capacity of the algorithm’s monitored parameters. A way to improve the performance of
an algorithm is to develop new parameters (or improve existing ones) such that they are
capable of addressing the inadequacy of current set of parameters. However, the types

of parameters that could be developed (including its reliability) are limited by the types of



motion that could be estimated using the set of sensors employed [19, 16]. A recent
development in threshold-based fall detection algorithms showed that a barometric
pressure sensor can be used as an alternative for altitude information and was able to
improve the accuracy of an accelerometer-based fall detection algorithm for the trunk
[15]. Additionally, fusing barometric pressure data with accelerometer and gyroscope

data allows an accurate and drift free estimate of vertical velocity and altitude [32].

1.5. Thesis Objectives

1.5.1. Overall Objective

The overall objective of this thesis is to improve the performance and to develop
novel methods for wrist-based and trunk-based fall detection algorithms for wearable fall
detectors equipped with multiple MEMS inertial sensors.

1.5.2. Specific Objectives

e To develop an accurate wrist-based fall detector using a smartwatch
equipped with MEMS accelerometers, gyroscopes, and a barometric

pressure sensor

e To improve the performance of a trunk-based fall detector using a
wearable sensor equipped with MEMS accelerometers, gyroscopes, and

a barometric pressure sensor

1.6. Scope and Delimitation

The scope and delimitation of this thesis were determined based on the research
interests of the sponsoring company, Bigmotion Technologies Inc., in consideration to

the requirements of a Master of Applied Science thesis, and were as follows:

e The fall detection algorithms will be developed for wearable inertial
sensors employing MEMS accelerometers, gyroscopes, and barometers,

mounted on the wrist and trunk.



¢ The wrist-based fall detection algorithm will be specifically designed for a
commercially available smartwatch that will be provided by the

sponsoring company.

o Each of the fall detection algorithms will only use a single wearable

device as source of sensor data (for user convenience).

e Between the two major categories for inertial sensor-based fall detection
(i.e. threshold-based and machine learning-based), only the threshold-
based method will be considered.

o Only sensor data gathered from laboratory-based simulated trials from
young adults will be used in the study (vs. real-world falls or simulated

laboratory-based falls from older adults).

e The fall detection algorithms will be designed in a way that they could be
implemented online on a device (for real-time fall detection and to

conserve power resources by not having to transmit all sensor data).

e The fall detection algorithms will be evaluated offline using the sensor
data gathered from the experiments (vs. running the algorithm online
while performing the laboratory-based trials).

1.7. Organization of Thesis

Chapter 2 provides the review of the literature that will serve as the foundation
and motivation for the methods that will be used for the fall detection algorithms, which
will be presented in Studies 1 and 2 (i.e. in Chapters 4 and 5, respectively).

Chapter 3 presents the methods that were used for gathering the sensor data
that were used to develop (in part) and evaluate the fall detection algorithms that will be

presented in Studies 1 and 2.

Chapter 4 presents the first study which proposes a novel wrist-based fall
detection algorithm for a commercially available smartwatch equipped with tri-axial
accelerometer, tri-axial gyroscope, and a barometric pressure sensor. This chapter is an

expanded version of a journal manuscript for the study and hence follows its format.



Chapter 5 presents the second study which evaluates the effect of adding
average vertical velocity and difference in altitude parameters to a trunk-based fall
detection algorithm (base algorithm) that uses vertical velocity, vertical acceleration, and
trunk angle. This chapter is an expanded version of a conference manuscript for the

study and hence follows its format.

Chapter 6 concludes this thesis by providing a summary, the main contributions

of this thesis, and recommendations for future work.



Chapter 2.

Literature Review

2.1. Detecting Falls Using MEMS Inertial Sensors

During a fall, there are unique motion characteristics through which a fall could
be distinguished from a non-fall event [33]. Body mounted MEMS inertial sensor
systems, together with motion measurement techniques allow a portable and
unobtrusive way of quantifying body's motion [8, 9, 10, 11, 12]. Together with a fall
detection algorithm (which detects the unique motion characteristics or signatures of a
fall), a fall can be automatically detected. Additionally, having the necessary

communications infrastructure allows the automatic calling for assistance.

Threshold-based and machine learning-based algorithms are the two main
categories of fall detection algorithms. In threshold-based fall detection, a fall is detected
based on the satisfaction of predefined threshold values of different monitored
parameters (e.g. acceleration, velocity, posture, etc.) according to a predefined logic
structure. These parameters, thresholds and structure (including timing relationships)
are selected and/or developed based on (and to capture) the kinematic and signal
characteristics that are dominant to a fall event. On the other hand, in machine learning-
based fall detection, a model that defines the relationship between the selected set of
features (equivalent of parameters in threshold-based method) and the two
classifications, fall and non-fall, are used to differentiate between the two events. This
model is developed via automated means using machine learning algorithms using

labeled (i.e. whether fall or non-fall) training data.
Threshold-based fall detection algorithm offers the following strengths:

1. Since the algorithm development, starting from parameter selection, to
structure design, threshold selection, and tuning, is done via analysis of
the body kinematics, parameter’s signals and algorithm’s performance,

insight is gained during the development process.

2. Quick adjustments to the algorithm’s threshold and structure is possible.



3. Since the algorithm’s structure and its mapping to the actual kinematics

are known:

a. Strengths and weaknesses of the algorithm for specific motion

characteristics could be analyzed.

b. Algorithm tuning could be guided by the knowledge of its effect to
the detection of the monitored kinematic and signal
characteristics.

c. If there is new information that could help optimize the algorithm,
like user-specific motion characteristics (i.e. for personalized
tuning), the algorithm could be adjusted. This attribute may also
be applicable for tuning the algorithm during transition from use of
laboratory-based fall trials to real-world fall data while there is only
a few real-world fall data available at the moment.

4. Contribution of each parameter to the algorithm’s performance could be

analyzed.

5. The knowledge gained from the algorithm’s development process could
be used in developing a machine learning-based algorithm (e.g. in terms

of which parameters are effective).

6. It has a low computational cost [34].

2.2. Threshold-Based Fall Detection Algorithms

Threshold-based fall detection has been an active research area during the last
decade. In addition to monitoring multiple parameters (e.g. acceleration, velocity,
posture, etc.) to asses different phases of a fall [14, 15, 16, 17], various methods for

estimating parameters were also proposed in the literature (e.g. in [16, 18, 19, 20, 21]).

2.2.1. Measuring Algorithm’s Performance

Sensitivity and specificity are the metrics used to describe a fall detection

algorithm’s classification performance. Sensitivity measures how well the algorithm



correctly classifies falls (positive cases) and is calculated using (2.1), where true
positives (TP) are the fall events that were correctly classified as falls, while false
negatives (FN) are fall events that were incorrectly classified as non-falls. On the other
hand, specificity measures how well the algorithm correctly classifies non-fall events
(negative cases) and are calculated using (2.2), where true negatives (TN) are non-fall
events that were correctly classified as non-falls, while false positives (FP) are non-fall
events that were incorrectly classified as falls. The values for these two metrics will
depend on how differentiable fall and non-fall events are based on the collective
discriminative capacity of the parameters used, together with their assigned thresholds
and the algorithm’s structure. An ideal algorithm will have 100% sensitivity and 100%
specificity; however, if fall and non-fall events cannot be completely differentiated using
the selected set of parameters and the algorithm’s structure, there will be a trade-off
between sensitivity and specificity.

TP
Sensitivity = TP L FN < 100% (2.1)

o TN 2.2)
Specificity = TN+ FP X 100%

Accuracy is a metric that is sometimes used in fall detection [15] to describe the
algorithm’s overall capacity to correctly classify either of the two events (2.3). However,
compared to accuracy, sensitivity and specificity provides specific information about the
algorithm’s classification performance for each of the activity type, which is important

since there is a trade-off between the two metrics.

| TP + TN < 100% (2.3)
r =
CoUracy = TP Y FN+TN + FP 0

Sensitivity and specificity are also used to measure the classification

performance of the individual parameters of an algorithm (for a given threshold).

2.2.2. Accelerometer-Based Fall Detection Algorithms

Using a tri-axial accelerometer, Bourke et al. [22] evaluated two simple

algorithms for both trunk and thigh using only the norm of accelerometer data as a



parameter. One used an upper fall threshold to detect the impact phase of a fall, while
the other used a lower fall threshold to detect the acceleration of the trunk during the
descent phase of the fall. For the trunk-located sensor, the former resulted to 100%
sensitivity and 100% specificity, while the latter resulted to 100% sensitivity and 91.25%

specificity.

Kangas et al. [14] compared three algorithms of different complexities for the
waist, head, and wrist, wherein at least two or more phases of fall were used for each
algorithm. The first algorithm used both impact and posture, the second used both start
of fall, impact, and posture, and the third algorithm used start of fall, velocity, impact, and
posture. The first algorithm tested all of total sum vector (acceleration norm), dynamic
sum vector, sliding sum vector, or vertical acceleration for the impact, while the second
and third algorithm only used acceleration norm. For all the algorithms, lying posture was
detected by directly thresholding the low-pass filtered acceleration in the vertical axis.
For vertical velocity, integration of acceleration norm was only done starting from the
detection of pit during start of fall until impact. The best algorithm for the waist-based
sensor was the impact + posture algorithm which gave 97% sensitivity and 100%

specificity using either total sum vector or vertical acceleration for impact.

Bourke et al. [17] evaluated 21 novel and existing algorithms of varying degrees
of complexity using a waist-mounted sensor. Combinations of velocity, impact, and
posture algorithms were tested, wherein 4 types of impact were used, and for the impact
and posture combination, both initialized and uninitialized (as used in [35]) posture were
used. Vertical velocity was estimated using the method proposed in [20]. Results show
that algorithms that used at least both velocity and posture gave 100% sensitivity and
specificity. The algorithms were also tested using continuous unscripted ADLs from older
adult volunteers, where the combination of velocity, impact, and posture gave the lowest
false positive rate of 0.6 false positives per day among the algorithms (using either of the
methods for impact).

For a wrist-based sensor, Degen et al. [16] proposed an algorithm which used
the acceleration norm and two forms of vertical velocity estimate and was only able to

detect 65% of all the fall trials.
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For the same aforementioned study of Kangas et al. [14], when the algorithms
were tested for the wrist (with the removal of posture), the best method was the use of
impact using vertical acceleration, but only gave 73% sensitivity at 100% specificity.
Kangas et al. mentioned that the wrist does not appear to be a suitable location for fall

detection.

2.2.3. Gyroscope-Based Fall Detection Algorithm

Bourke et al. [36] proposed a two-stage algorithm using a bi-axial gyroscope. The
first stage required the satisfaction of norm of roll and pitch angular velocities (i.e.
resultant angular velocity), while the second stage required both the norms of integrals
(i.e. change in trunk angle) and derivatives (i.e. angular acceleration) of roll and pitch
angular velocities. The second stage was used to deal with the effect of overlap between
fall and non-fall peaks when using only resultant angular velocity. The addition of the
second stage increased the specificity of the algorithm from 97.5% to 100% at 100%

sensitivity.

2.2.4. Accelerometer and Gyroscope-Based Fall Detection Algorithms

Fusing accelerometer with gyroscope data provides a more accurate estimate of
the sensor’s gravity vector, and hence, a better estimate of the kinematic components of
acceleration (and consequently vertical acceleration [18]) ! and also posture. Accuracy in
estimating vertical acceleration is crucial in reliable estimation of vertical velocity since
the integration of any error from the former will result to drift in vertical velocity. Without
gyroscope, low-pass filtering is used to separate the gravitational and kinematic
components, of the accelerometer signal [21, 15, 35, 14], which is unreliable during
dynamic activities? [19]. Other methods for estimating vertical velocity directly integrates

1 The gravitational and kinematic components, are linearly combined in the accelerometer data
[47]. Estimating the vertical acceleration requires, first, estimating the gravitational vector, to
separate the gravitational and kinematic components of acceleration, and second, getting the
vertical component of kinematic acceleration, whose direction is parallel to the direction of gravity.
Gravitational vector is estimated by relying on the accelerometer data during quasi-static kinematic
conditions, and on the gyroscope data during dynamic kinematic conditions [19, 18].

2 Since posture is used to detect the lying position after the impact of a fall (in trunk-based fall
detection algorithms), wherein the body’s movement is expected to be minimal [18], improved
accuracy in posture estimation may not have a significant effect to the algorithm’s performance.
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the difference between the accelerometer norm and 9.81 m/s?, which does not remove

the horizontal components of acceleration [16, 20, 17].

Bourke et al. and Lee et al. [19, 18] proposed an algorithm using only vertical
velocity for pre-impact fall detection with the use of both accelerometers and
gyroscopes. The difference between the algorithms was with how the gravitational
acceleration was estimated and also with the drift reduction method. Bourke et al. [19]
estimated gravitational acceleration by low-pass filtering the accelerometer data during
guasi-static activities, while strapdown integration of gyroscope data was implemented
during dynamic activities. The sensitivity and specificity of the algorithm was both 100%2.

Lee et al. [18] estimated the gravitational acceleration by fusing accelerometer
and gyroscope data using a tilt Kalman filter that was discussed in [37]. In addition to
ADLs, the algorithm was also tested using near-falls, which are also of common
occurrence [28, 29]. When differentiating only against ADLs (i.e. fall vs ADL), algorithm’s
sensitivity and specificity was 97.4% and 99.4%, respectively, while when differentiating
against both ADLs and near-falls (i.e. fall vs. non-fall), it decreased to 95.2% and 97.6%,
respectively, which shows the additional challenge in correctly classifying such events®.
The algorithm was also compared to a peak acceleration-based algorithm (using norm of
kinematic acceleration) and results show that vertical velocity was better than the latter
when differentiating against near-falls. Sensitivity and specificity for fall vs. ADL was
98.7% and 99.4%, respectively, while for fall vs. non-fall (i.e. including both ADLs and

near-falls) it was 84.0%, and 85.5%, respectively.

For wrist-based fall detection, Hsieh et al. [23] proposed an algorithm using
accelerometers and gyroscopes on both wrists. The accelerometers were used to detect
the fall’s impact using acceleration norm and its standard deviation; and the body’s
stationary state after impact using signal magnitude area. At the same time, the
gyroscopes were used to capture the arm’s swing or turning using the norm of

gyroscope data (but excluding the wrist rotation). The algorithm was tested including

3 Upon comparing the vertical velocity profiles to an optical motion capture camera, it was
concluded that the method’s accuracy makes it a suitable replacement for optical motion capture
camera for measuring vertical velocity profiles at home [19].

4 Compared to Bourke et al.’s aforementioned study, Lee et al. included stand-to-sit fall trials which
has a lower starting fall height compared to other fall types, which could explain the algorithm’s
lower accuracy [18].
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activities that could potentially cause false alarms such as clapping, arm and wrist
rotation, jumping, and lying down. The sensitivity and specificity and specificity of the

algorithm was 95.0% and 96.7%, respectively.

2.2.5. Accelerometer and Barometric Pressure Sensor-Based Fall
Detection Algorithm

Bianchi et al. [15] proposed an algorithm that used accelerometer and barometric
pressure sensor data from trunk-mounted sensors, where the pressure data were used
as an alternative to altitude data. The parameters used were kinematic acceleration’s
norm and signal magnitude area (SMA), posture (uninitialized) and normalized
differential pressure (as an alternative for change in altitude). Kinematic acceleration
was obtained by subtracting to the accelerometer data its low-pass filtered version (i.e.
its gravitational acceleration). To allow detection of falls with low impact (e.g. slow falls),
an alternative path was provided in the algorithm. The algorithm was compared to
simpler algorithms using only accelerometer, and was tested on both indoor and outdoor
environments, and using simulated free-living ADLs. For the indoor experiment, using
barometric pressure sensor provided a sensitivity and specificity of 97.5% and 96.5%,
respectively, whereas using only accelerometer it was 75.0% and 96.5%, respectively.

2.2.6. Algorithm Performance Using Data from Frail Older Adults

Bagala et al. [26] evaluated 13 existing threshold-based fall detection algorithms
for a waist-based accelerometer using real-world fall data from older adults with supra-
nuclear palsy (total of 29 sets of data). The results show that the accuracy were
substantially lower compared to the ones from simulated laboratory trials. Factors
contributing to this difference in performance include the tuning of thresholds using
participants with different age, mass, clinical history and diseases during the simulated
laboratory trials. Additionally, some fall phases that were observed in simulated
laboratory trials were not detectable during real-world falls. Among the algorithms,
Bourke et al.’s velocity + impact + posture [17] provided the best trade-off between

sensitivity and specificity, which was at 83% and 97%, respectively.
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2.3. Improving Algorithm’s Performance

The accuracy of a threshold-based fall detection algorithm heavily relies on the
parameters’ collective discriminative capacity. The goal in selecting parameters is that
they must be able to maximally differentiate between fall and non-fall events by utilizing
the two events’ kinematic and signal differences. Although a single parameter may not
be capable of completely differentiating between the two events, the complementary
effect of using multiple parameters that are monitoring different characteristics and

phases of the fall makes the algorithm perform better as a whole.

A way to improve the algorithm’s performance is by finding parameters with
better discriminative capacity through developing new ones or through improving or
modifying existing ones. Developing new parameters could be done by finding new
kinematic and/or signal differences between fall and non-fall events (and a reliable
method to estimate them), or by modifying existing parameter/s to further amplify such
signal differences. Improving the reliability of a parameter’s currently unreliable

estimation method could also potentially improve its discriminative capacity.

Additionally, even if the algorithm has already achieved very high or 100%
sensitivity and specificity, further improving the discriminative capacity of its parameters
could potentially make the algorithm more robust in dealing with the variabilities in fall

and non-fall kinematics.

Bourke et al.’s [17]_vertical velocity + impact + posture algorithm produced 100%
sensitivity and specificity during simulated laboratory-based falls, and also had the best
trade-off between sensitivity (83%) and specificity (97%) when tested using real-world
falls [26]. However, the sole use of accelerometers for estimating vertical velocity has
inherent limitations in accuracy [19, 16]. Using both accelerometers and gyroscopes
allow a better estimation of gravitational acceleration, and hence, a better estimate of
kinematic acceleration, and consequently, vertical velocity [19, 18]. The addition of
barometric pressure as an alternative for altitude improved the sensitivity and specificity
of an accelerometer-based algorithm by Bianchi et al. from 75% and 91.5% to 97.5%

and 96.5% [15], respectively.

Lee et al. [18] showed that peak acceleration’s performance became lower than

that of vertical velocity when falls were also differentiated from near-falls in addition to
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ADLs. Such performance shows the limitations of not having near-falls in an experiment
protocol especially that such events are commonly occurring [28, 29] and could be

challenging to properly classify due to the associated abrupt movement [18].

Among the aforementioned methods to estimate vertical velocity, the best
method was with the use of accelerometers and gyroscopes, which although is better
than using accelerometer alone, still has limitations in terms of drift. Zihajehzadeh et al.
[32] fused accelerometer, gyroscope, and barometric pressure sensor data using a
cascaded Kalman filter and was able to provide an accurate and drift-free estimate of
vertical velocity and altitude. With all the aforementioned explanations, an easily seeable
method that could potentially result to an improved performance would be an algorithm
that uses vertical velocity, impact, change in altitude, and posture, by employing
accelerometers, gyroscopes and a barometric pressure sensor, wherein the data from
the three sensors are fused using a cascaded Kalman filter. The research started with
this method and proceeded with the development of better parameters to further improve
the algorithm’s performance. It involved a rigorous iterative process of observing,
modifying, developing and tuning of parameters and other aspects of the algorithm using

the data gathered during the study.

2.3.1. Other Tools for Analyzing Algorithm’s Performance

Being able to analyze the performance of the individual parameters of the
algorithm allows a more detailed understanding of the algorithm’s discriminative capacity

and at the same time are important tools towards improving its performance.

Receiver Operating Characteristic Curves

A common way to compare the classification performance of individual
parameters is through comparing their receiver operating characteristic (ROC) curves
(see Figure 2.1) [18]. An ROC curve illustrates the trade-off between sensitivity and
specificity as the parameter’s threshold is swept across the entire distribution of the
parameter’'s maximum-magnitude peaks (positive for parameters that are positive-valued
during falls and vice-versa) from all the trials of the data set. Each point in the ROC
curve represents the corresponding sensitivity (y-axis) and 1-specificity (x-axis) for a
specific value of threshold [38]. The closer the curve could reach the upper left corner (x

=1,y = 0) the better the parameter is in differentiating between falls and non-fall events
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[38], and a curve that reaches such corner could completely differentiate between the
two events .

100 ROC Curves for Fall vs. ADL
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Figure 2.1. Example of plot comparing the ROC curves of accelerometer norm
(Acc Norm) and gyroscope norm (Gyro norm) parameters

Comparing the areas under the curve (AUC) is a way to compare the
discriminative capacity of the parameters [38]. However, in terms of contribution to a fall
detection algorithm, only one point from a parameter’s ROC curve matters, which is the
sensitivity and specificity corresponding to the threshold used in the algorithm. In fall
detection research, examples of thresholds that had been used correspond to maximum
specificity at 100% sensitivity (intersection of curve and 100% sensitivity or minimum of
fall peaks) [22, 36, 17], maximum sensitivity at 100% specificity (intersection of curve
and 0% 1-specificity or maximum of non-fall peaks) [39, 19, 20, 14], and an optimum
trade-off between the two measurements [18]. Tuning the thresholds for 100% sensitivity
makes sure that no falls will be missed; however, its disadvantage is that if there will be
frequent false alarms®, the alarms may end up being ignored by the responder [7]. On
the other hand, if the algorithm is tuned for 100% specificity, although there will be no
false alarms, it could cause falls to be undetected, which could result to loss of

confidence in the fall detector even with a single missed emergency [7].

5 Since daily events are dominated by non-fall events, a deviation from 100% specificity could
translate to more false positives compared to the false negatives that will result from the same
amount of deviation from 100% sensitivity. However, it should be noted that the probability of events
being misclassified also depends on the types of activities that are conducted (where abruptness
of movement is a big factor to false alarms) and on the manner the fall occurs.
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Boxplots

An ROC curve could only compare the overall performance of parameters. As

each parameter could be monitoring different characteristics and phases of falls, each

could have specific strengths and weaknesses for the different activity types within the

data set. Generating boxplots of parameter’'s maximum-magnitude peaks according to

trial types (see Figure 2.2) allow seeing which specific trial-type the parameter is good or
bad at in classifying, and also tells how separated the distribution of peaks of falls are

from that of non-fall events [22, 36, 18]. Additionally, comparing the sets of boxplots of

all the parameters allow seeing how each parameter contributes to the performance of

the whole algorithm. Furthermore, the superimposition of thresholds on the boxplots

shows which specific activity type will be affected when threshold is adjusted.
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Figure 2.2. Example boxplots of individual activity types for accelerometer

norm (above) and gyroscope norm (below) from simulated
laboratory-based trials using body-mounted accelerometers and

gyroscopes
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Chapter 3.

Experimental Data Collection

3.1. Experiment Protocol

Experiment data from 15 young and healthy volunteers (age 23.00 £3.98 years)
were gathered for the study. The experiment protocol consisted of simulated falls, near-
falls, and ADLs conducted in a laboratory setting (Experiment 1), and continuous
scripted free-living ADL trial in a prepared environment (Experiment 2). All the
experiments conducted for this study were a joint experiment together with researchers
from Injury Prevention and Mobility Lab (IPML) at Simon Fraser University, Burnaby,
British Columbia.

Although real-world fall data from older adults is the most ideal dataset for
validating fall detection algorithms, gathering sufficient amount of such data for this
thesis is practically impossible to carry out within the timeline of a MASc project. This is
because real-world falls are challenging to record due to their low incidence and there

are limitations in recording periods [40]¢".

3.1.1. Simulated Laboratory-Based Trials (Experiment 1)

The simulated laboratory-based trials consisted of 7 types of falls, 9 types of
activities of daily living (ADL), and 4 types of near-falls (see Table 3.1) wherein each trial
is repeated twice by each participant. For each trial, the participants were asked to stand
normally for 15 seconds before the event to allow settling of initial signal processing
transients for some parameters and to give room for possible need for parameter

initializations®. After the event, participants were also asked to stay in their last position

6 For example, recording 100 falls requires recording of 100,000 days of physical activity [40].

7 Recently, a consortium (i.e. FARSEEING) was able to build a database of sensor data from real-
world falls of older adults [40]. The sensors used were only attached either on the lower back or
the thigh. Additionally, barometric pressure sensors were not employed.

8 Since the experiments were conducted before the algorithms were completely developed, and
also for its possible use in future research, a full 15 seconds was captured to make sure that
sufficient room is available in case it will be needed.
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in a relaxed manner for another 15 seconds to allow for post-fall signal analysis in the
algorithm. Except for roll-out-of-bed, the fall trials were those that commonly occur in
Long-Term-Care (LTC) facility based on video evidence [41]. For these trials, the
participants were shown example videos of real-world falls from older adults® and were
guided by a research assistant from IPML (see the footnote!®). For roll-out-of-bed trials,
the participants were simply instructed to roll from the bed onto the landing surface.
Additionally, participants were not given instructions regarding direction of fall to allow
variability in fall kinematics [18] and to help falls occur as natural as possible. The ADLs
include activities that could potentially cause false alarms for both wrist-mounted and
trunk-mounted sensors (e.g. washing hands, stand-to-sit, and lying on bed). Near-falls
are successful recovery attempts from a possible fall, that also commonly occur in older
adults [28, 29], and could potentially cause false alarms due to the associated abrupt
movement [18]. Among the fall types, collapse, roll-out-of-bed, and sit-to-stand trials
were not included as near-fall types because (@) it is almost impossible to recover
stability from such activities, and, (b) such activities do not lead to near—fall events.
Additionally, since wash-hands and reach-object trials does not involve movement of the

trunk, both trials were excluded from the trunk-based fall detection study (i.e. Study 2).

9 Example of sit-to-stand video may not be part of this.

10 The research assistant was involved in video analyses of real-world falls that were captured from
long-term care facilities, as described in [41].
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Table 3.1: Types of trials conducted during simulated laboratory-based falls,
near-falls, and ADLs experiment (Experiment 1)

Falls Near-Falls ADLs

1. Trip 1. Trip 1. Normal walk

2. Hit/Bump 2. Hit/Bump 2. Rising from sitting to

3. Loss of 3. Incorrect transfer due to standing (sit-to-stand)
consciousness/collapse gait variability 3. Descending from
(collapse) misstep/cross-step standing to sitting

4. Incorrect transfer due to (cross-step) (stand-to-sit)
gait variability 4. Incorrect transfer while 4. Reach and pick an
misstep/cross-step rising from sitting to object from the ground
(cross-step) standing (sit-to-stand) (pick-object)

5. Incorrect transfer while 5. Reach for an object
descending from above head height
standing to sitting (reach-object)
(stand-to-sit) 6. Washing hands (wash-

6. Incorrect transfer while hands)
rising from sitting to 7. Descending from
standing (sit-to-stand) standing to lying on bed

7. Roll out of bed (roll-bed) (lay-on-bed)

8. Ascending stairs
(ascend-stairs)

9. Descending stairs
(descend-stairs)

All of the fall and near-fall trials were performed on top of a 30 cm thickness
gymnasium mattress!! with a layer of 13 cm high density ethylene vinyl acetate foam
placed on top to make the surface stiff enough to allow for stable standing and walking,
but soft enough to reduce impact forces to a safe level'?. The participants, were asked to
wear a helmet and wrist-guards. The roll-out-of-bed fall trials were performed using a
massage table, where two 30 cm gymnasium mattresses stacked on top of each other
are placed adjacent to the table to act as a landing surface and to mimic the height of a

normal bed. During ADL trials, the trials were conducted on top of a solid wooden

11 The mattresses were sitting on top of a solid wooden platform that is separated from the ground
through casters/rollers (and is also attached to linear motors that allows controlling the platform to
move in 2D, but the motor was deactivated). Due to the casters/rollers, during a few of the fall trials
(seemingly the ones with very strong impact), there were some horizontal movement in the platform
during the impact phase of the fall.

12 Even with the addition of the dense foam, the impact during walking and especially during a fall
were still expected to be affected by the softness of the surface. Additionally, it could also affect
the gait of the participant.

20



platform (i.e. the platform were the mattresses were placed onto). The reach-object and

pick-object trials were conducted using the dominant hand.

With issues with the sensor data as they were transmitted from the smartwatches
to the tablet (as will be discussed in Section 3.2.1), only the data sets from the last
twelve participants were used for wrist-based fall detection study (i.e. Study 1). Likewise,

for the second study, only the data sets from the same participants were used.

3.1.2. Continuous Scripted Free-Living ADLs (Experiment 2)

Continuous-scripted free-living ADLs consist of continuous sequence of scripted
normal activities in a prepared environment. It includes: sitting, lying down, washing
hands, drinking, picking/getting an object from floor/cupboard, plugging an object to the
wall outlet, turning on and off lights, opening and closing doors, walking, pausing after
walking, and ascending and descending stairs!®. The activities were done continuously
in three different rooms where one was located in on upper level of the building. The trial
lasts for approximately 15 minutes for each participant. The complete sequence of

activities are enumerated in Table 3.2.

13 Experiment 2 was designed by researchers from Injury Prevention and Mobility Laboratory.
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Table 3.2.

Sequence of events that were performed in the continuous free-
living ADL experiment (Experiment 2)

Sequence Location Activities
1 Room1a 1. Sit on chair for 2 min.
(IPML’s 2. Walk to room 1b
platform
room)
2 Room1b 1. Turn on lights
(IPML’s BOB 2. Sit at desk for 2 min., where after the 15t minute, ask the
room) ' participant to pretend to drink
3. Take the plug from the table and plug it into the wall outlet close
to doorway
4. Turn off lights
5. Open door and exit room
6. Walk to room 2
3 Room 2 1. Enter room
(Kinesiology 2. Turn on lights'®
lounge) 3. Sit down on sofa for 2 min.
4, Walk toward cupboard
5. Open cupboard (above head height), reach for an item and bring
item to table
6. Siton chair at the table for 2 min.
7. Return item to cupboard
8. Turn off light
9. Open door and exit room
10. Walk down the corridor, then upstairs (need to open doors to get
in and out of the stairs), then walk down the corridor towards
room 3
4 Room 3 1. Enter room
(copy room 2. Turnon lights
upstairs) 3. Lie down on sofa for 2 min.
4, Walk toward sink and wash hands
5. Sit on sofa chair for 2 min.
6. Have the participant reach down and pick up an item while sitting
7. Turn off light
8. Open door and exit room
9. Walk straight down corridor, pause at the end for 30 seconds,
then walk down the stairs and return to room 1a
5 Room 1a 1. Enter room
(platform 2. Siton chair
room)

14 Note that there were no doors that need to be opened between rooms 1a and 1b.

15 There were some instances where the room was being used, and hence, the lights were already

turned on.
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The experiment protocol was approved by the Research Ethics Committee at
Simon Fraser University (reference number: 2012s0233) and all participants provided

informed written consent.

3.2. Sensors and Other Equipment Used

The sensors used in the experiments were a combination of sensors used by the
author of this thesis and IPML researchers. The smartwatch’s wireless control, and all
the synchronization methods described in this section of this chapter were developed by

the author.

3.2.1. LG Watch Urbane Smartwatch

For the first study, data from the tri-axial accelerometers (custom range +8 g, 100
Hz), tri-axial gyroscopes (2000 deg/sec, 100 Hz), and barometric pressure sensors (50
to 110 kPa, 25 Hz) of three LG Watch Urbane (LG Electronics Inc.) Android
smartwatches (see Figure 3.1) were gathered from the experiments. Two of the watches
were mounted on both wrists of the participant (see Figure 3.2) and one was mounted
on the wall at a known height. Only the data from non-dominant!® wrist were used for
analysis in the first study (except for reach-object and pick-object trials where data from
the dominant wrist were used). The smartwatch on the wall was for gathering a

reference barometric pressure (will be used for potential future research).

16 Information regarding which hand is dominant was determined prior to conducting the trials for
each participant.
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Falls: 0
LastFall: 00:00:00.0
MonitoredContexts: 0

Figure 3.1. LG Watch Urbane smartwatch with custom app in foreground

A3

Figure 3.2.  Participant standing on mattress and equipped with smartwatch,
Xsens sensors, and optical motion capture camera markers
For synchronization purposes and to prevent the recording of extra movements
(due to_manually starting of data logging in the watches), a custom Android tablet app
was developed to be able to control data logging wirelessly (where pressing a single
start/stop button in the custom app starts/stops the logging, respectively, in all of the
smartwatches). Data was initially sent in 1-second chunks from the smartwatches to the
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tablet for convenience for the first few participants®’, but due to issues with unsent
chunks and, in rare cases, improperly ordered arrival of chunks, the data were just

eventually stored in the watches?® for the succeeding participants.

3.2.2. Xsens MTw Sensors

For the second study, data from tri-axial accelerometers (+160 m/s?), tri-axial
gyroscopes (£2000 deg/s) and barometric pressure sensors (300-1100 mBar) of nine
Xsens MTw (wireless) sensors (Xsens Technologies B.V.) (see Figure 3.3) were also
gathered from the experiments. Six of the Xsens sensors were mounted on the sternum,
lower-back, left and right wrists, and left and right thighs (see Figure 3.2), while the
remaining three sensors were mounted on fixed locations in the environment. Only the
data from the lower back sensors were used for analysis in the second study?®. All data
from the Xsens sensors were wirelessly sent to a laptop using a USB-connected Xsens

transceiver.

Figure 3.3. Xsens MTw sensor

For synchronization purposes, the Xsens transceiver was interfaced to the
Android tablet through an 1010 OTG development board (SparkFun Electronics) (see
Figure 3.4). The triggering of data logging in the tablet through the custom app also

17 In compressed binary format.

18 Codes related to sensor data compression and data logging inside the smartwatch were
developed by other researchers and software developers.

19 Between the two sensor locations on the trunk, the lower-back and sternum, the trunk was
selected since it will be a more convenient location for real-life use since the sensors could be
directly clipped on the belt or pants
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sends a TTL signal to the Xsens transceiver which then triggers the Xsens sensors’ data

logging?.

Figure 3.4. Synchronization of Xsens transceiver to the Android Tablet via the
I0IO development board
Due to corrupted Xsens sensor data for some of the trials, out of the 168 falls,
168 ADLs, and 96 near-falls for all the 12 participants, only 166, 150, and 95,

respectively were available for data analysis.

3.2.3. Optical Motion Capture Cameras/System

Motion of body locations where the sensors were mounted and other locations
were also recorded using Eagle optical motion cameras (at 100Hz sampling rate). This
data provides an accurate motion reference for validating IMU sensor estimates. The
logging of data from the cameras were triggered manually using EVaRT motion capture
software (Motion Analysis Corp.), but for synchronization purposes for use in data
analysis, the TTL output coming from the Android tablet (via the IOIO board) was also
recorded through the EVaRT software via the analog input of its data acquisition board.
Since processing data from all the trials could potentially take several months, they were

kept for future research.

20 The TTL signal is sent only once all of the watches already gave feedback to the tablet when
they already started/stopped logging.
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3.2.4. Video Cameras

Video cameras were used in the experiments to help in mapping specific
characteristics observed from the recorded sensor signal and estimated parameters to
the participant’s motion during data analysis. Two cameras, Allied Vision Prosilica GS
(Allied Vision Technologies, GmbH) and a Sony Action Cam (Sony Corporation), were
fitted with synchronization capabilities and were used for trials conducted inside
(Prosilica GS) and outside (Sony Action Cam) the laboratory?*. A regular digital video
camera (Sony Handycam) was also used for all the trials. Figure 3.5 shows the video
recording, data logging control, and synchronization setup used for trials conducted
outside the laboratory and during the free-living ADL experiment.

Xsena§ |
Gatheririg =

Laptop

Synchroniz

Figure 3.5.  Setup for video recording, data logging control, and synchronization
for trials conducted outside the laboratory and during the free-living
ADL experiment

21 More information about the synchronization methods developed or employed for the Sony Action
Cam and Prosilica GS, respectively could be found in Appendix A. Since the recorded video
together with the parameter and sensor signals were already found to be sufficient during data
analyses, the synchronization information from both the Sony Action Cam and Prosilica GS
cameras were not used.
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3.2.5. Synchronization

As mentioned in the previous subsections, the Xsens sensors, motion capture
cameras, Prosilica GS camera, and Sony Action Cam camera were synchronized to the
smartwatches by interfacing them to an Android tablet via an 1010 development board
and by using a custom tablet app.

3.2.6. Post-Processing

Shell scripts were developed to automate the process in part for converting and
renaming of the smartwatch and Xsens sensor data files in preparation for data analysis.
All data were analyzed using MATLAB R2016b.
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Chapter 4.

Study 1: Smartwatch-Based Fall Detection Algorithm
Using Accelerometers, Gyroscopes and a Barometric
Pressure Sensor

4.1. Abstract

This chapter (Study 1) proposes a threshold-based fall detection algorithm for a
wrist worn commercially available smartwatch equipped with tri-axial accelerometer, tri-
axial gyroscope and a barometric pressure sensor. The algorithm uses vertical velocity,
vertical acceleration, difference in altitude, average vertical velocity, descent signal
magnitude area (SMA), post-impact SMA, and forearm angle as parameters. Forearm
angle was used to filter the downward vertical orientation of the forearm that could be
associated to a non-fall event’s post-activity positon. Additionally, to deal with strong
disturbances in pressure data from the smartwatch, especially during abrupt movements
of the arm, pressure data were used selectively for altitude estimation in a Kalman filter.

The algorithm was tested using simulated laboratory-based trials described in
Chapter 3, consisting of 168 falls, 216 activities of daily living (ADL), and 96 near-falls
recorded from 12 participants. Results showed that analyzing the forearm angle along
with a selective use of pressure data substantially improved the specificity of our fall
detection algorithm: 97.2% specificity (from 90.7%) for ADLs, and at least 97.1%
specificity (from 78.9%) for non-falls (i.e. including both ADLs and near-falls). Further
testing using simulated continuous sequence of free-living ADLs performed by each

participant resulted to a total of 3 misclassified non-fall events.

4.2. Introduction

Convenience of use is important for user compliance [42]. The wrist is a
convenient location for a fall detector to be worn at as it similar to wearing a watch and
does not require frequent removal during activities such as using the washroom or
changing clothes [23, 43]. Recently, programmable smartwatches that are equipped with

MEMS inertial sensors, barometric pressure sensor, user interface, and wireless
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communications capabilities have become available to the consumer market. These
capabilities make the smartwatches an available platform for wrist-based fall detection.
Additionally, with the programmability of these smartwatches, other health related apps
and functionalities that could benefit the older adult population can also be added to

them.

However, detecting falls using wrist-worn sensors is a challenging task due to the
hand’s diverse functionalities, and the arm’s dynamics of motion and articulation.
Consequently, the wrist could easily produce big or abrupt movements during some
ADLs. Additionally, it could only give a limited amount of information about the body’s
general motion. Using only accelerometers, Degen et al. [16] implemented a wrist-based
fall detection algorithm employing norm of acceleration and two forms of vertical velocity
estimate as parameters, and were only able to detect 65% of all the fall trials. Using the
same type of sensor, Kangas et al. [14] compared the performance of multiple
algorithms of different complexities using sensors at different locations, and reported the
maximum sensitivity of 71% (at 100% specificity) for the wrist, whereas for head and
waist, the sensitivity was about 98% and 97%, respectively. Using accelerometers and
gyroscopes, Casilari et al. [24] used sensors on the thigh in addition to the wrist sensors
and reported the best combination of sensitivity and specificity of 96.7% and 98.3%,
respectively, among the algorithms tested. However, when using only sensors on the
wrist, sensitivity and specificity was reduced to 93.3% and 93.3%, respectively. Using
the same type of sensors, Hsieh et al. [23] reported an average sensitivity and specificity
of 95% and 97%, respectively. However, sensors on both hands were required, which is

impractical.

In addition to the decision-making structure, accuracy in threshold-based fall
detection depends on the collective capacity of all the selected parameters to
differentiate between fall and non-fall events. The goal when selecting parameters is to
maximize the kinematic and signal differences between the two event types, and at the
same time, parameters need to be estimated in a reliable way. The limited accuracy of
an existing algorithm could be improved by developing new parameters (or by improving

existing ones) that could contribute in addressing the existing algorithm’s inadequacy.

From previous wrist-based fall detection studies, only accelerometers [16, 14] or

a combination of accelerometers and gyroscopes [23] were used. Fusing barometric
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pressure sensor with accelerometer and gyroscope is a robust way for drift-free
estimation of altitude as well as vertical velocity [32]. In addition, from a study by Bianchi
et al. [15], adding change in altitude as one of the parameters in a waist-based algorithm
increased the algorithm’s accuracy from 85% to 97%. On the other hand, barometric
pressure data from a waterproof smartwatch could become inaccurate and unreliable
during dynamic motion of the arm. This is mainly due to the sealed waterproof enclosure
of the smartwatch. Thus, for a smartwatch-based fall detection algorithm, pressure data
should be selectively used.

Forearm angle is a parameter that could potentially improve the discriminative
capacity of a wrist-based fall detection algorithm. Although the forearm could exhibit
abrupt movements during non-fall events, its post-activity equilibrium orientation is a
downward vertical orientation (DVO), unless it is resting on a structure or sustained effort
is given to hold the forearm in a different orientation. On the other hand, right after the
impact of a fall, the forearm is expected to be outside the downward vertical orientation
unless sustained effort is made to straighten the whole arm downward starting from the
descent, which could be difficult especially during impact. This expected quasi-
complementary post-activity orientation of the forearm between a fall and non-fall event

can potentially be utilized to differentiate between the two events.

This chapter proposes a threshold-based fall detection algorithm using a
commercially available smartwatch equipped with tri-axial accelerometer, tri-axial
gyroscope, and a barometric pressure sensor. The monitored parameters include
vertical velocity, vertical acceleration, difference in altitude, average vertical velocity,
descent signal magnitude area (SMA), post-impact SMA, and forearm angle. Forearm
angle was used to filter the downward vertical orientation of the forearm that can be
associated to a non-fall event’s post-activity positon. To deal with disturbance in

pressure data of the smartwatch, pressure data were used selectively.

The novelty of the proposed wrist-based fall detection algorithm in this chapter
lies in: @) the fusing of tri-axial accelerometer, tri-axial gyroscope, and barometric
pressure sensor data of a commercially available smartwatch using a cascaded Kalman
filter to obtain vertical velocity and changes in altitude estimates; b) selective use of
barometric pressure data to deal with pressure disturbances due to sealed enclosure of

the smartwatch; and differentiating between fall and non-fall events based on c) quasi-
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complementary post-activity orientation of the forearm between the two events using
forearm angle, and on d) the difference in wrist movement variation between the two

events using SMA.

4.3. Methodology

4.3.1. Parameters

Vertical Acceleration

During the impact phase of a fall, a sudden spike in the wrist’s vertical
acceleration is generated as the forearm from its maximum downward velocity (at the
end of descent) is suddenly put to a halt. Vertical acceleration ( 'a,[k]) was used to
detect this acceleration spike during impact, whose occurrence also serves as a time
reference for subsequently monitored parameters. It is the 3@ component of the gravity-
compensated acceleration ( ‘a[k]) in the inertial reference frame (I) at time step k.

a[k] was calculated using
'alk] = {RIk](yalk] - g *x,[K]) (4.1)

where [R is the tilt angles-based rotation matrix that aligns the z-axis of the sensor
reference frame (S) to the inertial reference frame, y,[k] are the accelerometer signals,
g is the magnitude of gravitational acceleration, and “x;[k] is the normalized gravity
vector in the sensor reference frame. LR and “x; [k] were estimated by fusing
accelerometer and gyroscope data using a tilt Kalman filter by Lee et al. [37, 32].
Without gyroscope, accelerometer data are typically low-pass filtered to estimate the
gravitational vector, which is unreliable during dynamic activities [19]. Accurate

estimation of vertical acceleration is important for accurate calculation of vertical velocity.

Vertical Velocity and Difference in Altitude

During the descent phase of a fall, the downward velocity of the wrist is expected
to have a higher magnitude compared to ADLs. Vertical velocity ( 'v,[k]) was used to
detect this quick downward movement of the wrist and was estimated using the vertical

position and velocity Kalman filter (VPV Kalman filter) by Zihajehzadeh et al. [32]. The
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inputs to the VPV Kalman filter are the tilt Kalman filter’'s outputs and the barometric
pressure data (see Figure 4.1). The cascading of the tilt Kalman filter and the VPV
Kalman filter allows an accurate and drift-free estimate of vertical position and velocity
[32]%.

'a[k]
Pressure Data > )
Vertical
Position and Ty, [k]
Acc. Data —» Tilt Kalman Safk] Veloutly
i »|  Kalman Filter Iy [k
Gyro. Data—»| Filter yIk], Bk] Pz
| Sxylk]

Figure 4.1. The tilt and vertical position and velocity (VPV) Kalman filters that
were used to estimate the variables used in calculating the
algorithm’s parameters

In the same phase of a fall, the wrist is also expected to undergo a substantial
change in elevation from a higher position to a lower position, before descent phase and
right after impact phase, respectively. Difference in altitude (Ah[k]) was used to capture

this elevation difference of the wrist and was estimated as

Ahlk] = "p ] = "p[l —m+n] (4.2)

l =k — (k%n) (4.3)

where ’p,[l] is the estimated vertical position using the VPV Kalman filter at time-step [
(4.3), m is the number of time-steps within a 4-second window (i.e. 4 sec X
100 Hz sampling rate), and n is the number of time steps within the pressure data’s 0.5-

second rolling-average window (i.e. 0.5 sec X 100 Hz sampling rate) [32].

During preliminary analyses, it was found that dynamic motion of the wrist
causes strong disturbances in the pressure data of the smartwatch, which makes it
unreliable for the altitude measurement update (AMU) step of the VPV Kalman filter. In
this chapter, the rolling average pressure [32], and consequently AMU, was only used

whenever the difference between the maximum and minimum pressure within a 0.5-

22 A general explanation about the mechanism behind the tilt and VPV Kalman filters used in this
study could be found in Appendix B.
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second window was lower than or equal to the pressure stability threshold of 11
Pascals? for two consecutive windows. This reliability criterion-based use of pressure
data is referred to as selective use of pressure (SUP) in this chapter. Additionally, due to
the gaps in reliable pressure data, ‘p, in (4.2) will be the last 'p, with AMU before the

time steps [I] and [l — m + n], respectively.

In between AMU steps (at 2 Hz) of the VPV Kalman filter and in the absence of
reliable pressure, zero velocity update (ZVU) technique [44] was used to reduce the drift
in vertical velocity/altitude estimation. ZVU was activated when the variance of a 0.5-
second window of external acceleration norm was less than 0.05 (m/s?)? (i.e. when wrist
motion was almost static) 4. This method for checking static conditions provided a more
sensitive and consistent ZVU activations compared to [32] for wrist-based devices.
Additionally, not directly thresholding the norm of acceleration prevented ZVU activations
during free-fall-like descending motions of the wrist. Furthermore, when the condition for
ZVU was not met, ‘a[k] was high-pass filtered (using a 2" order elliptical filter with 0.25
Hz cut-off frequency, 0.01 dB pass-band ripple, and 100 dB stop-band attenuation). This
filter removes the DC component of the external acceleration (including the sensor’s
time varying bias) that could result in drift in vertical velocity. Figure 4.2 shows the block

diagram of the algorithm used for vertical velocity/altitude calculation.

23 This threshold was determined by analyzing the experimental data from the barometric pressure
sensor.

24 This statistic and threshold for checking static conditions were previously developed by Ginelle
Nazareth who was previously with Biomechatronic Systems Laboratory.
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Figure 4.2. Block diagram of vertical position and velocity (VPV) Kalman filter in
Study 1 which emphasizes the drift reduction logic

Average Vertical Velocity

During attempts to recover balance during near-falls, and also in some ADLs
(e.g. drying hands after washing), although the associated abrupt motions could produce
a significant amount of negative vertical velocity, their duration is short compared to the
longer (i.e. starting from descent to impact) and generally stronger downward vertical
velocity during falls. By taking the average of vertical velocity from both events, it is
expected that the resulting signal profile from such abrupt non-fall events will be more
attenuated compared to that in falls. Average Vertical Velocity was used to capture such
longer and generally stronger negative vertical velocity profile during falls. It was
calculated by taking the mean of the vertical velocity within a 1-second window.

Forearm Angle

Similarly, although non-fall events may exhibit big or abrupt hand movements, it
is expected that the forearm’s post-activity equilibrium position is the downward vertical
orientation (DVO). On the other hand, due to the sustained effort required to straighten
the whole arm downward starting from descent (which could be difficult especially during
impact), it is expected that the forearm will be away from this orientation right after
impact. Forearm Angle (FA[k]) was used to detect the arm being away from the
downward vertical orientation right after a fall’s impact. It was the 1-second mean of the
estimated angle between the forearm’s length and direction of gravity (see Figure 4.3a),

and was estimate using
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1 < 180 (4.5)

FA[k] = 7 Z cos™1( le-x[l])T

S 1=k—Fs+1

where *x;[l] is the normalized gravity vector in the sensor frame and *x, ,[l] is its x-
component. The accelerometer’s x-axis was approximately parallel to the forearm and
was directed towards the elbow when the smartwatch was on the right wrist (see Figure
4.3b). When on the left wrist, le_x[l] was multiplied to -1. Forearm angle was measured
every 1-second interval®®. The range used for downward vertical orientation in this study
was between 0 to 25 degrees, and the forearm angle needed to be outside this range for
three measurements within the 5.5 seconds monitoring period. Since Sx,[l] was

estimated by fusing accelerometer and gyroscope data using a tilt Kalman filter [37, 32],
it does not require the wrist to be static for proper estimates. The forearm angle

measurements are independent of the arm’s axis of rotation.

Figure 4.3. lllustration of (a) Forearm Angle measurement and (b) smartwatch's
sensor co-ordinate frame

Signal Magnitude Area

Moments after the impact of a fall, it is assumed that the wrist movement will be
minimal (or static), especially for frail older adults. Signal magnitude area (SMA) was
used to detect this minimal movement after impact (post-impact SMA). Additionally, to

help differentiate falls from kinematically similar but more controlled non-fall events such

25 With measurements conducted every 1-second interval, the forearm angle represents the
average angle within the last second.
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as lying-on-bed, SMA was also used to detect the potentially greater amount of variation
in wrist movement during the descent phase of a fall (descent SMA). It was calculated

using

k (4.4)
SMA[K] =Fl > (el + | 'ay 0] +] e l11])

S l=k—Fg+1

where F, is the sampling frequency, and ‘a,[l], ‘a,[l], and 'a,[l] are the X, y, and z
components of gravity-compensated acceleration in inertial reference frame ( ‘a[l]),

respectively. SMA was calculated continuously for every time step for descent SMA. For
post-fall SMA, it was calculated at every 1-second interval.

Apart from vertical velocity, vertical acceleration and difference in altitude, other
parameters were determined through an iterative process of testing and modifying
existing parameters in literature, and in developing new ones based on analyzing
kinematic and signal differences between fall and non-fall events using experiment data.

The process was continued until an acceptable algorithm performance was achieved.

4.3.2. Algorithm

Two algorithms, Algorithms 1 and 2, are presented in this section. Algorithm 1 is
a simpler version of Algorithm 2 and serves as a reference for performance comparison.
Algorithm 2 is the main proposed algorithm. Both algorithms were tested with and
without the selective use of pressure (SUP).

Figure 4.4 illustrates Algorithm 1 which used all of the aforementioned
parameters except for forearm angle. The algorithm first monitored the vertical velocity
to detect descent, and once it reached its threshold, the vertical acceleration was
subsequently monitored for 0.8 seconds to detect impact. Detection of impact was the
starting point for simultaneous monitoring of average vertical velocity, descent SMA,
difference in altitude, and post-impact SMA. When all the aforementioned parameters
reached their pre-set threshold value within their monitoring period, the event was

considered as a fall.
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Figure 4.4. Flowchart of proposed Algorithm 1 of Study 1

Figure 4.5 shows Algorithm 2 which was further divided into two paths. The first
path incorporates post-descent forearm monitoring in addition to Algorithm 1's
parameters (except for average vertical velocity). The second path used the same
parameters as Algorithm 1, but excluded the difference in altitude. Additionally, the
thresholds for vertical acceleration, vertical velocity, and average vertical velocity of the
second path were set to higher values compared to Algorithm 1 to serve as alternative
restrictions in place of forearm angle and difference in altitude. The second path was
included for the rare cases of falls where the forearm remains in a downward vertical

position after impact (e.g. when breaking a fall). It also served as a backup path for falls
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with sufficiently strong downward vertical motion of wrist for which the pressure data did

not stabilized within its monitoring period.
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Figure 4.5. Flowchart of proposed Algorithm 2 of Study 1

The thresholds of Algorithm 1 were based on each parameter’s minimum-
magnitude peak from all the fall trials together with the associated timing requirements
using the experimental data and were tuned to achieve 100% sensitivity (when possible)

with the highest possible specificity?®. For post-impact SMA, the threshold was based on

26 Note that the tuning of threshold and monitoring period for some parameters is in part an iterative
process.
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SMA’s maximum magnitude right after impact, but leniency was given to allow minimal

movement of the wrist. For Algorithm 2, thresholds of path 1 were the same as that in

Algorithm 1 except for difference in threshold, which during tuning, excluded falls that

cannot satisfy the forearm angle (which made its threshold slightly higher). The stricter

thresholds of parameters in path 2 allow at least all falls that could not pass path 1, and

as much as possible all other fall trials without adding new false positives (if possible).

Table 4.1 shows the thresholds used in Algorithms 1 and 2.

Table 4.1. Thresholds of each parameter for Algorithms 1 and 2 of Study 1
Parameter Algorithm 1 Algorithm 2, Path 1 | Algorithm 2, Path 2

Vertical Velocity (m/s) -0.65 -0.65 -1.5

Vertical Acceleration (m/s?) 10 10 20
Average Vertical Velocity (m/s) -0.06 n/a -0.45
Descent SMA (m/s?) 10 10 10
Difference in Altitude (m) -0.18 -0.25 n/a
Post-Impact SMA (m/s?) 2 2 2

Forearm Angle (degrees) n/a 25 n/a

The corresponding monitoring periods of parameters for both algorithms are
shown in Table 4.2. The sequence and monitoring periods of all the parameters were
based on the relative time-occurrence of their fall-associated signal attributes and the
signal’s properties using the experiment data. All these timing requirements serve as
additional fall signatures in addition to the parameter thresholds. Based on our
observations, some amount of time could be required (amount of time varies) for
pressure to stabilize after the disturbances caused by dynamic movements?’. Thus,
monitoring period for difference in altitude was given a maximum of 25 s, or a maximum

of 10 available reliable pressure averages after impact, whichever comes first.

27 There was one fall trial in the experiment dataset where pressure data did not stabilized within
the remaining length of data after fall.
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Table 4.2. Monitoring periods of each parameter for Algorithms 1 and 2 of

Study 1
Parameter Monitoring Period Algo. 1 Algo. 2 Path Algo. 2
1 Path 2
Vertical 0.8 sec. after descent Yes Yes Yes
Acceleration
Average Vertical 0.5 sec. after impact Yes No Yes
Velocity
Descent SMA 0.5 sec. after impact Yes Yes Yes
Difference in Max. 10 reliable pressure data Yes Yes No
Altitude points or 25 sec. after impact
(whichever comes first)

Post-Impact SMA 5 sec. after impact Yes Yes Yes
Forearm Angle 5.5 sec. after impact No Yes No

An iteration of the algorithm (for both algorithms) was initiated at every time step
(i.e. at 100 Hz) to prevent the algorithm from missing the time-instance of any fall event.
To save memory resources, only the important contexts, such as the parameter’s timing

references and logic conditions were stored for each algorithm iteration.

With this iteration frequency and the signal characteristics of parameters during a
fall, consecutive fall detections might occur for a single fall event. To prevent such
multiple detections, a time difference of 1.5 s was required before a subsequent

detection was considered as a new fall event.

4.4. Results and Discussion

4.4.1. Parameter Estimation with and without SUP

Shown in Figure 4.6 are example plots of the parameters used in both algorithms
with SUP, using data from one of the collapse fall trials. From standing normally, the
participant collapsed and remained on the ground. In Figure 4.6a, the spike in vertical
acceleration indicates the wrist’s impact to the ground during the fall, and the preceding
trough indicates the descent that occurred before it. In Figure 4.6b, SMA indicates the
amount of movement of the wrist during the entire fall event. During a fall, the pressure

profile is supposed to resemble a sigmoid function due to the sudden change in height,
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however, in Figure 4.6¢, there is instead a strong disturbance in the pressure signal®
whose extent of magnitude is far more than the actual amount of descent. Similar to
vertical acceleration, vertical velocity in Figure 4.6d also indicates the descent and
impact during the fall. The strong downward slope represents the descent (which occurs
at the same time as the trough in vertical acceleration), and its sudden return to zero
represents the sudden halt in the wrist’s vertical motion upon impact (right after the wrist

reaches its maximum downward velocity).

28 Although with different sensitivity to movement, disturbance in pressure sensor data were also
noticed in other smartwatches with sealed enclosure (e.g. LG G Watch R and Huawei Watch 2).
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Figure 4.6. Plots of parameters for a collapse trial in Study 1 with selective use
of pressure (SUP). (a) is vertical acceleration, (b) is SMA, (c) is
barometric pressure, (d) is vertical velocity and average vertical
velocity, (e) is difference in altitude, and (f) is forearm angle.

Shown also in the vertical velocity plot (Figure 4.6d) are the indicators for AMU,

ZVU, and use of high-pass filtered version of external acceleration (HPFEA) in the VPV

Kalman filter. When motion was static and there was no pressure disturbance while the

participant was standing, ZVU and AMU, respectively, were both used in the VPV

Kalman filter. As both the pressure disturbance reached its limit and motion was no

longer considered static, HPFEA was used in the VPV Kalman filter to reduce the drift in
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vertical velocity. After the fall, when motion became static and pressure satisfied its

stability criteria, ZVU and AMU were resumed, respectively.

Even with pressure disturbance, information indicating the elevation change
during the fall was still available in difference in altitude (Figure 4.6e) and appeared as a
rectangular notch once pressure regained its stability. The notch’s 4-second width was
caused by the parameter’s window-width. For fall detection purposes, being able to
detect this change even with the delay is already sufficient. Figure 4.6f also shows that
the forearm angle was within the DVO while the person was standing and then goes out
of the range after the participant fell.

For the same collapse trial, when SUP was not used, the distortion in both
vertical velocity (Figure 4.7d) and difference in altitude (Figure 4.7e) was large, and the
fall profile’s signature in both parameters were no longer identifiable. Vertical velocity
and difference in altitude were forced in both directions depending on the magnitude and

direction of pressure’s disturbance.?

29 Of the three smartwatches that were used in the experiments, one of them almost didn’t had
pressure disturbance, wherein for the trials where it had during abrupt movements, it was very
minimal. Consequently, the difference with and without SUP was also minimal for difference in
altitude and vertical velocity. This smartwatch was only used on one of the twelve participants for
the non-dominant wrist and the reason for the more stable pressure data cannot be explained.
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Figure 4.7.  Plots of parameters for the same collapse trial for Study 1 but
without selective use of pressure (SUP). (a) is vertical acceleration,
(b) is SMA, (c) is barometric pressure, (d) is vertical velocity and
average vertical velocity, (e) is difference in altitude, and (f) is
forearm angle.

The maximum and minimum peaks for vertical velocity and difference in altitude
with and without SUP are shown through boxIplots in Figures 4.8 and 4.9, respectively.
Vertical velocity’s maximum and minimum increased from 5.12 m/s to 71.46 m/s
(Figures 4.8a and 4.8b), and decreased from -6.16 m/s to -87.85 m/s (Figures 4.8c and

4.8d), respectively. Difference in altitude’s increased from 3.84 m to 74.45 m (Figures
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4.9a and 4.9b), and decreased from -3.98 m to -75.91 m (Figures 4.9c and 4.9d),
respectively. Among the general activity types, for difference in altitude, it was falls that
had the biggest spread in magnitude without SUP despite ADLs having the biggest

elevation change due to ascending and descending stairs trials.
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Figure 4.8. Peaks of vertical velocity for all the trials in Study 1 for (a) & (b)
maximum vertical velocity with and without selective use of
pressure (SUP), respectively, and (c) & (d) minimum vertical velocity
with and without SUP, respectively
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Peaks of difference in altitude for all the trials in Study 1 for (a) & (b)

maximum difference in altitude with and without selective use of
pressure (SUP), respectively, and (c) & (d) minimum difference in
altitude with and without SUP, repectively

4.4.2. Algorithm Performance Using Simulated Laboratory-Based

Trials

With Selective Use of Pressure

Shown in Tables 4.3 and 4.4 are the experimental results from simulated

laboratory based trials. For Algorithms 1 and 2 with SUP, sensitivity was 98.8% and

100%, respectively; ADL specificity was 94.0% and 97.2%, respectively; and non-fall

specificity was 88.8% and 97.1% respectively.

Table 4.3. Experimental Results. Sensitivity and specificity of each algorithm

during simulated laboratory-based trials (Experiment 1) of Study 1

Algorithm Sensitivity (%) Fall vs. ADL Fall vs. Non-Fall

Specificity (%) Specificity (%)

Algorithm 1 w/ SUP 98.8 94.0 88.8
Algorithm 1 w/o SUP 97.6 90.7 78.9
Algorithm 2 w/ SUP 100.0 97.2 97.1
Algorithm 2 w/o SUP 99.4 92.6 89.1
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Table 4.4. Experimental results. Misclassified activities of each algorithm
during simulated laboratory-based trials of Study 1

Algorithm 1 Algorithm 2

w/SUP | wloSUP w/SUP | wloSUP

False Negatives

Trip

Hit/Bump

Collapse

Cross-step

Stand-to-sit

Sit-to-stand

Roll-bed
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False Positives (ADLs)

Normal walk

Sit-to-stand

Stand-to-sit

Pick-object

Reach-object
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Lay-on-bed
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Descend-stairs
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For sensitivity, in Algorithm 1, even though the thresholds were already set for
100% sensitivity, two falls were still classified as a non-fall event. A sit-to-stand trial was
misclassified due to the absence of reliable pressure within the 25-second monitoring
period after impact detection. The other, a roll-bed trial, was misclassified due to an
unusual early time-occurrence of dip in difference altitude profile which caused it to be
undetected. For Algorithm 2, the two aforementioned activities were properly classified
as they had sufficient vertical velocity, vertical acceleration, and average vertical velocity
to pass through the second path which did not require difference in altitude. Thus,
having this additional path in Algorithm 2 increased the algorithm's reliability by providing
an alternative pathway without requiring difference in altitude but guarded against false

positives by having higher threshold values for its parameters.
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In terms of ADL specificity, Algorithm 1 resulted in 13 misclassified non-fall
events. These false positives include 2 lying-on-bed, 7 washing-hands, 3 reaching-
object, and 1 descending stairs event. Lying-on-bed trials were detected as falls due to
the hand's descent and impact as the hand supports the weight of the body before laying
on the bed. For washing hands, most were misclassified due to the abrupt movement of
the wrist when shaking hands to dry. This abrupt movement could have been filtered by
average vertical velocity, but since it was tuned for maximum sensitivity, its effectiveness
was limited. For reaching-object, trials were misclassified due to the hand’s descent
(after reaching) and the sudden halt in motion at the end of descent (when arms fully
extend). Algorithm 2 resulted in only 6 false positive events. These false positives
include 2 lying-on-bed, 2 washing hands, and 2 reaching-object trials. Less number of
false positives in Algorithm 2 was the result of forearm angle requirement in its first path.
Additionally, the downward vertical motion of the aforementioned activities were not
strong or dominantly negative enough to satisfy vertical velocity, vertical acceleration,
and average vertical velocity thresholds. Therefore they were not able to pass through

the second path either.

With the addition of near-falls, there were 22 additional misclassified non-fall
events in Algorithm 1, whereas for Algorithm 2, there were only 3 of them. Although
near-falls are non-fall events, they could cause sudden movement in the wrist (satisfying
all the thresholds in algorithm 1) as the person tries to recover balance and hence could
be misclassified as falls. For Algorithm 2, the 19 near-falls that were not misclassified
were filtered by the forearm angle requirement in path 1 since the arm returns back to
the downward vertical orientation after the event. The 19 near-falls also did not have
sufficiently strong vertical velocity, vertical acceleration, or sufficiently dominantly
negative vertical velocity profile to pass through path 2 either. On the other hand, all of
the three misclassified near-fall trials passed through the second path which would have
not been misclassified if the path did not exist. This additional misclassification is the
disadvantage of having additional paths in the algorithm. However, this second path
results in better sensitivity and significantly better overall specificity compared to
Algorithm 1.

For algorithm 2, out of thel168 total number of falls, 163 (97.0%) and 134 (79.8%)
were able to pass through either path 1 or 2, respectively, and 129 (76.8%) were able to

pass through both paths.
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For additional comparison purposes, the wrist-based fall detection algorithm by
Hsieh et al. [23], which used accelerometers and gyroscopes on both wrists and with
simpler parameters, was also tested (using only one of the wrists)®. Its sensitivity, ADL
specificity and non-fall specificity was 58.3%, 99.5%, and 99.0%, respectively. A
possible reason for the algorithm's very low sensitivity is that together with the
algorithm’s thresholds being tuned for high specificity, the collective discriminative

capacity of the parameters is very limited.

Without Selective Use of Pressure

Excluding SUP for AMU decreased the sensitivity of Algorithms 1 and 2 from
98.8% and 100%, to 97.6% and 99.4%, respectively. The ADL specificity of Algorithms 1
and 2 decreased from 94.0% and 97.2%, to 90.7% and 92.6%, respectively. When near-
falls were included, the decrease was more evident from 88.8% and 97.1%, to 78.9%

and 89.1%, respectively.

The pressure with strong disturbance produced strong magnitudes of distortion in
both vertical velocity and difference in altitude such that portions of both parameters
were pushed beyond or pulled away from their thresholds®! (compare Figures 4.6 and
4.7). Whether additional activities will be misclassified depends on the pressure
disturbance's profile and timing relative to vertical velocity and difference in altitude's
profile during the fall, which is unpredictable. The consequence of having a lot more
false positives will make the fall detector ending up being ignored [7], but the worse is
that any type of fall could end up being undetected with unpredictability, which can have

dangerous consequences.

For both Algorithms 1 and 2, even without the use of SUP, ADLs such as normal-
walk, sit-to-stand, and stand-to-sit did not get new false positives (see Table 4.4) as they

30 With some uncertain information about the algorithm from the aforementioned study’s paper,
best effort was done in implementing it using the paper’s algorithm description, sensor sampling
rate, and thresholds; and existing methods in the literature.

31 The pressure data is used to correct the altitude estimates during the altitude measurement
update (AMU) in the VPV Kalman filter. When this data is used during the AMU, it is assumed that
it is correct. Any errors in pressure data will result to errors in vertical position and velocity estimates
whose magnitude and direction depends on the profile of the error in pressure data. For the case
of the strong pressure disturbance that was observed in this study, its oscillatory characteristics
could strongly force both vertical velocity and difference in altitude to any of positive or negative
directions.
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were already at least filtered completely by SMA, or for most of them by vertical
acceleration (see Figures 4.10e and 4.10b). For Algorithm 2, the forearm angle

requirement was also able to filter such activities.
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Figure 4.10. Boxplots of peaks of individual activities in Study 1 for (a) minimum
vertical velocity, (b) maximum vertical acceleration, (c) minimum
difference in altitude, (d) minimum average vertical velocity, and (e)
maximum SMA. Continuous SMA is the SMA that is calculated at
every time step (used in descent SMA).*

Algorithm Performance at Different Accelerometer Ranges and Data Rates

The smartwatch used in this chapter used a custom firmware to be able to use
the accelerometer at its £8 g range instead of the lower £2 g or £4 g range for
smartwatches. For additional comparison purposes, Algorithm 2 with SUP was also
tested with a simulated +4 g and £ 2 g range by clipping the accelerometer data.
Additionally, for potential power consumption reduction, the algorithm was also tested at
a simulated lower data rate of 50 Hz for the accelerometer and gyroscope data

(including the Kalman filter) for all the aforementioned ranges including +8 g. The same

32 Minimum peak means the negative peak with the strongest negative value.
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thresholds were used for the different variations of the algorithm. The results are shown
in Table 4.5%.

Table 4.5. Sensitivities and specificities of Algorithm 2 at different
accelerometer ranges and sampling rates in Study 1 during
simulated laboratory-based trials

Data Rate (Hz) Accelerometer Sensitivity (%) Fall vs. ADL Fall vs. Non-Fall
Range (9) Specificity (%) Specificity (%)
100 18 100.0 97.6 97.4
100 4 100.0 97.6 96.6
100 $2 98.2 98.2 98.5
50 18 99.4 97.6 97.0
50 14 99.4 97.0 95.8
50 $2 96.4 98.8 98.5

Sensitivities at both £8 g and +4 g were the same for the same data rate, and
became slightly lower at £2 g, especially at 50 Hz. For both ADL and non-fall
specificities, from + 8 g to £4 g, they were either slightly lower or the same, but from
either £8 g or +4 g range to £2 g range, the specificities became slightly higher. In terms
of data rate, a noticeable difference was a slight decrease in sensitivity at 50 Hz for the
same accelerometer range. The misclassified activities for each accelerometer range

and data rate for Algorithm 2 are shown in Appendix C.

4.4.3. Parameter Performance Using Simulated Laboratory-Based
Trials

Figure 4.11 shows the ROC curves of the fall parameters which shows their
overall discriminative capacities when differentiating falls from ADLs (Figure 4.11a), from
near-falls (Figure 4.11b), and from all non-falls (Figure 4.11c) for all the trials34. Since
none of the ROC curves were able to touch the upper left corner of the plot (i.e. at 100%

sensitivity and 100% specificity), no individual parameter was able to completely

33 Please note that since the analyses for pick-object and reach-object trials for Algorithms 1 and 2
were only recently conducted as a response to a manuscript revision for a journal paper, the results
in Table 4.7 does not reflect analysis from such trials.

34 |t should be noted that Figure 4.11 and Table 4.8 were based solely on peaks of parameters
(from the whole dataset) and did not take into consideration timing relationships between them. In
addition, the threshold used for difference in altitude parameter of Algorithm 2 did not include trials
that did not pass the forearm angle requirement, which resulted in a slightly higher magnitude
threshold compared to Algorithm 1.
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separate falls from any of the non-fall events (i.e. either ADLs or near-falls). In Table 4.6,
for falls vs. ADLs, at 100% sensitivity, the parameter with highest maximum specificity
was continuous SMA (86.1%), followed by vertical acceleration (65.7%), vertical velocity
(50.9%), average vertical velocity (17.6%), and difference in altitude (6.9%). When
comparing against near-falls, at 100% sensitivity, highest maximum specificity was still
continuous SMA (38.5%), followed by vertical acceleration and average vertical velocity
(35.4%), vertical velocity (24.0%), and difference in altitude (8.3%). All the parameters
except for average vertical velocity and difference in altitude have a substantially smaller
specificity when differentiating falls from near-falls. Comparing average vertical velocity
to vertical velocity, although both are forms of velocity, the former had better specificity
which could be due to its filtering effect on abrupt but short duration wrist movements
during near-falls. When falls were compared against both ADLs and near-falls (i.e. non-
falls), at 100% sensitivity, the parameter with the highest maximum specificity was
continuous SMA (71.5%), followed by vertical acceleration (56.4%), vertical velocity
(42.6%), average vertical velocity (23.1%), and difference in altitude (7.4%). Despite the
low specificity of the parameters individually, especially when differentiating falls from
near-falls, their collective discriminative capacity (with the inclusion of the forearm angle)
together with their timing requirements and algorithm structure, allowed Algorithm 2 to
have a substantially better ADL specificity and non-fall specificity of 97.2% and 97.1%,

respectively.
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(a) ROC Curves for Fall vs. ADL (b) ROC Curves for Fall vs. Near-Fall
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Figure 4.11. ROC curves of all the parameters of Study 1 for (a) fall vs. ADL, (b)
fall vs. near-fall, and (c) fall vs. non-fall (i.e. including both ADL and
near-fall). The SMA presented is the SMA that is calculated at every

time step.
Table 4.6. Experimental results. Maximum specificity of parameters at 100%
sensitivity (for all trials) for Study 1
Parameter Fall vs. ADL (%) Fall vs. Near-Fall (%) | Fall vs. Non-Fall (%)

Vertical Acceleration 65.7 354 56.4
Vertical Velocity 50.9 24.0 42.6
Difference in Altitude 6.9 8.3 74
Average Vertical Velocity 17.6 354 23.1
Continuous SMA 86.1 38.5 71.5

4.4.4. Algorithm Performance using Continuous Scripted Free-Living
ADLs

Using continuous scripted free-living ADL trials, Algorithms 1 and 2 with SUP
resulted to 4 and 3 false positives, respectively (see Table 4.7). The four false positives

of Algorithm 1 occurred while participants were sitting either on a chair/couch (3 events),
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and while lying on a couch. Alarms were triggered during two of the sitting on a
chair/couch events as the non-dominant hand was used to support the body weight
during the transition, and thus, together with the participant’s body’s descent, there was
sufficient downward motion by the wrist followed by impact and rest. For the remaining
sitting on chair/couch event, the algorithm was initially triggered during a prior event of
washing hands, which satisfied all the parameters except for difference in altitude.
Difference in altitude was only satisfied after walking towards a chair and then sitting
down. This satisfaction by a subsequent event was caused by the 25-second monitoring
period for difference in altitude, which although allows sufficient time for pressure
stabilization after a fall’s impact, it also allowed capturing of any sufficient elevation
change within the period. This length of monitoring period results to a very loose timing
relationship requirement between impact and descent for difference in altitude.

Table 4.7. Experimental results. Misclassified activities of each algorithm
during continuous scripted free-living ADL trials in Study 1
Algorithm False Positives
Algorithm 1 with SUP 4
Algorithm 1 without SUP 8
Algorithm 2 with SUP 3
Algorithm 2 without SUP 7

In the lying on couch event, alarm was triggered not during the transition from
standing to lying, but when the participant moved his hand above the head, while
already lying, thus satisfying downward motion and impact. But the difference in altitude
requirement during such event was satisfied by a small amplitude noise when the hand
was already at rest after the event rather than from the actual descent, which was

enabled by the very small difference in altitude’s threshold of -0.18m.

Algorithm 2 had the same misclassified events as algorithm 1 except without the
lying on couch event. The three sitting on chair/couch events were still misclassified
despite requiring forearm angle, since all ended with the forearm laid either on the
armrest or lap. The lying on couch event didn’t caused a false alarm due to the slightly

higher threshold of difference in altitude for Algorithm 2.

Without the use of SUP, the number of false positives increased to 8 and 7 for

Algorithms 1 and 2, respectively.
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4.4.5. Limitations of Study

Having only five fall trials not satisfying the forearm angle requirements of path 1
(although all of them successfully passed through path 2), might not be sufficient
evidence to conclude that all falls where the forearm will end in the vertical orientation
will be able to satisfy the higher vertical velocity, vertical acceleration, and average
vertical velocity thresholds of the second path. However, the observations regarding
filtering of the vertical resting position of the forearm are still valid and its benefits could
be clearly seen, especially with the reduction of false positives, and for having an
alternative path that does not require stability in pressure after the fall.

Due to the higher succeeding steps where a person might land or extent their
hands onto during a fall while ascending stairs, it could result to a substantially smaller
amount of descent (and consequently, vertical velocity and impact will be smaller)
compared to falling on the ground. In such case, both paths of Algorithm 2 might not be
able to detect the fall. Other fall scenarios that the algorithm could misclassify include:
falling while picking an object from the ground; and falling while the hand is holding onto

a fixed structure.

The amount of time to detect a fall after impact will depend on the how quick the
post-impact parameters could detect their fall-associated monitored characteristics. For
Algorithm 2’s second path, due to post-impact SMA, detection time will depend on how
early the minimum amount of wrist movement is exhibited and detected, which is given a
maximum of 5 seconds (monitoring period). On the other hand, for Algorithm 2’s first
path, in addition to the maximum of 5 and 5.5 seconds to detect post-impact SMA and
forearm angle, respectively, the longest possible detection time will depend on how
quickly a difference in altitude is detected after impact (which varied by device in our

experiment) which is given a maximum of 25 seconds.

Similar to other studies, fall trials were simulated under controlled laboratory
conditions by young and healthy individuals, who fell on soft gymnasium mats. There are
inevitable discrepancies between the falling patterns observed in our trials, and those of
older adults who are the target for our fall monitoring technology [26, 45, 46]. However, a
strength of our study is the selection of falls based on the causes and activities reported

to be the most common among older adults in long-term care [41]. Additionally, by not
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giving instructions regarding fall direction allows variability in fall kinematics [18].
Furthermore, in order to minimize the effect of surface stiffness on falling behavior, the
top 13 cm layer of the gymnasium mats consisted of high-density ethylene vinyl acetate
foam. This provided the composite structure with a stiffness high enough to allow for

stable standing and walking, but soft enough to reduce impact forces to a safe level.

4.5. Conclusion

This chapter proposed a threshold-based fall detection algorithm for a
commercially available smartwatch equipped with tri-axial accelerometer, tri-axial
gyroscope, and a barometric pressure sensor. The novelty of the proposed algorithm lies
in the use of forearm angle to further improve the discriminative capacity between falls
and non-fall events. Additionally, selective use of barometric pressure (SUP) data was
proposed in order to remove barometric pressure disturbances during dynamic arm
motion. In addition to forearm angle, the proposed algorithm employs vertical
acceleration, vertical velocity, difference in altitude, average vertical velocity, descent
signal magnitude area (SMA), and post-impact SMA as parameters. To improve the
algorithm’s performance, two parallel paths were proposed where the second path
detects the falls that do not satisfy the forearm angle requirement. In addition, the
second path provides a backup path for falls with strong downward motion but whose

pressure data does not stabilize after impact.

Experimental results show that without the proposed SUP, the number of false
positives significantly increased due to the drastic effects of distortion in both vertical
velocity and difference in altitude. Results also show that addition of the forearm angle
requirement in the algorithm can significantly reduce the number of false positives
especially for near-fall events. Based on the laboratory-based simulated falls, the
proposed algorithm has 100% sensitivity, 97.2% ADL specificity, and 97.1% non-fall (i.e.
including both ADLs and near-falls) specificity. Further testing using continuous scripted

free-living ADL trials, resulted to 3 false positive events.
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Chapter 5.

Study 2: Use of Average Vertical Velocity and
Difference in Altitude for Improving Automatic Fall
Detection from Trunk Based Inertial and Barometric
Pressure Measurements

5.1. Abstract

This chapter (Study 2) evaluates the potential use of either difference in altitude
or average vertical velocity in further improving the performance of a trunk-based fall
detection algorithm that uses vertical velocity, vertical acceleration, and trunk-angle as
parameters (i.e. base algorithm). Difference in altitude and average vertical velocity were
used to detect the trunk’s substantial change in elevation, and its longer timespan of
decreasing vertical velocity, respectively, during the descent phase of a fall. Vertical
velocity, difference in altitude and average vertical velocity were estimated by fusing tri-
axial accelerometer, tri-axial gyroscope, and barometric pressure sensor data using a

Kalman filter.

The algorithm was tested using a comprehensive set of simulated laboratory-
based trials described in Chapter 3, consisting of 166 falls, 150 activities of daily living
(ADL), and 95 near-falls recorded from 12 participants. Results show that the addition of
at least difference in altitude or average vertical velocity was able to increase the
algorithm’s non-fall (i.e. including both ADLs and near-falls) specificity from 91.8% to
98.0% and 99.6%, respectively.

5.2. Introduction

Although not as convenient as the wrist location, the trunk is a more ideal
location for fall detection since it contains a major part of the body’s total mass, where its
motion represents “whole body” movements [25, 8]. Additionally, it does not produce big

and quick motions as easily like the wrist during activities of daily living.

Despite the high or even perfect sensitivities and specificities of trunk-based fall

detection algorithms (e.g. in [22, 14, 17]), a study by Bagala et al. [26] showed that their
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performance were limited when tested using accelerometer data from frail older adults.
Additionally, the sole use of accelerometer for estimating vertical velocity has inherent
limitations for accuracy [19, 16]. Among the evaluated algorithms, Bourke et al.’s [17]
vertical velocity + impact + posture algorithm gave the best trade-off between sensitivity

and specificity.

More recent studies have shown that the accuracy of fall detection systems can
be improved by combining accelerometers and barometric pressure sensors. For
example, equipped with a waist-mounted barometric pressure sensor, Bianchi et al.
used difference in barometric pressure as an alternative parameter for detecting
changes in altitude and was able to improve an accelerometer-based algorithm’s
sensitivity from 75.0% to 97.5% at 96.5% specificity for both [15]. Fusing barometer data
to accelerometer and gyroscope data allows for an accurate and drift-free estimate of
vertical velocity and altitude [32].

In addition to the change in altitude, the duration and magnitude of the trunk’s
downward vertical velocity during the descent phase of a fall is another important
characteristic. For example, during recovery attempts in near-fall events, although the
associated abrupt motions [18] could produce sufficiently strong negative vertical
velocities, their duration remains short. On the other hand, the span of the increased
negative vertical velocity during falls (i.e. from start of descent until impact) is generally
longer than non-falls. Thus, by taking the average of the vertical velocity profiles of both
events could potentially result to a more attenuated signal for non-falls compared to falls,

and hence could help distinguish between the two events.

Therefore, the objective of chapter is to evaluate the addition of average vertical
velocity and difference in altitude to the vertical velocity, vertical acceleration and trunk
angle parameters for developing an improved trunk-based fall detection algorithm using

triaxial accelerometer and gyroscope, and a barometric pressure sensor.

The novelty in this study for a waist-based fall detection algorithm lies in the use

of average vertical velocity to differentiate between falls and non-fall events.
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5.3. Methodology

5.3.1. Parameters

Vertical Acceleration

During the impact phase of a fall, a sudden spike in vertical acceleration is
generated as the trunk from its maximum downward velocity (at the end of descent) is
suddenly put to a halt. Vertical acceleration ( ‘a,[k]) was used to detect this acceleration
spike during impact, whose occurrence also serves as a time reference for subsequently
monitored parameters. Similar to Study 1, it is the 3@ component of the gravity-
compensated acceleration ( ‘a[k]) in the inertial reference frame (I) at time step k,

where ‘a[k] was calculated using (4.1)%.

Vertical Velocity and Difference in Altitude

During the descent phase of a fall, the downward velocity of the trunk is expected
to have a higher magnitude compared to ADLs [33]. Vertical velocity ( 'v,[k]) was used
to detect this quick downward movement of the trunk, and similar to Study 1, it was
estimated using the vertical position and velocity Kalman filter (VPV Kalman filter) by
Zihajehzadeh et al. [32] which allows a drift-free estimate of vertical velocity and altitude.
The inputs to the VPV Kalman filter are the tilt Kalman filter's outputs and the barometric

pressure data® (see Figure 4.1).

In the same phase of a fall, the trunk is also expected to undergo a substantial
change in elevation from a higher position to a lower position, before descent phase and
right after impact phase, respectively. Difference in altitude (Ah[k]) was used to capture

this elevation difference of the trunk and was estimated as:

Ah[k] = ( IpZ,LPF [k] - IpZ,LPF [k—w+ 1]) (5.3)

35 Although vertical acceleration parameter in Studies 1 and 2 used the same equation (i.e. 4.1),
as mentioned in Chapter 3, the two studies used different sensor data.

36 A general explanation about the mechanism behind the tilt and VPV Kalman filters used in this
study could be found in Appendix B.
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where Ipz,LPF [k] is the low-pass filtered (using 2™ order Butterworth filter at cut-off
frequency = 50Hz) vertical position estimate ( 'p,[k]) using the VPV Kalman filter [32],

and w is the number of time steps within a 4-second window (i.e. 4 sec X

100 Hz sampling frequency).

It was noticed that when the sensor became sealed between the participant’s
lower back and mattress, such as during impact in backward falls, there was a strong
disturbance in pressure data. This disturbance makes the pressure data unreliable for
the altitude measurement update (AMU) step of the VPV Kalman filter. As such, the
rolling average pressure [32] was only used in AMU whenever the difference between
the maximum and minimum pressure within a 0.5-second window was lower than or

equal to the pressure stability threshold of 25 Pascals®’.

In between AMU steps of the VPV Kalman filter and in the absence of reliable
pressure, zero velocity update (ZVU) technique [44] was used to reduce the drift in
vertical velocity/altitude estimation. ZVU was activated when the variance of a 0.5-
second window of external acceleration norm was less than 0.05 (m/s?)2. With the
pressure disturbance occurring only during instances when the pressure gets sealed
(and hence, it occurs a lot less frequent compared to the smartwatch), high-pass filtering
of 'a[k] was not used. Figure 5.1 shows the block diagram of the algorithm used for

vertical velocity/altitude calculation.

37 Compared to Study 1, the threshold only needs to be satisfied in a single window instead of two
windows.
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Figure 5.1. Block diagram of vertical position and velocity (VPV) Kalman filter in
Study 2 which emphasizes the drift reduction logic

Average Vertical Velocity

During attempts to recover balance in near-falls (and possibly in ADLs that
involve a quick downward motion), the associated abrupt movements can produce a
high negative vertical velocity. The duration of such vertical velocity is relatively shorter
compared to the duration of longer (i.e. from descent to impact) and generally stronger
downward vertical velocity during falls. By taking the average of vertical velocity from
both events, it is expected that the resulting signal profile from such near-fall event will
be more attenuated compared to the resulting signal profile from fall events. Average
Vertical Velocity was used to capture such longer and generally stronger negative
vertical velocity profile during falls. It was calculated by taking the mean of the vertical

velocity within a 1-second window.

Trunk Angle

After the impact of a fall, the body is assumed to be in a lying posture. Trunk
Angle TA[k] was used to detect this posture by measuring the angle of the trunk with

respect to the direction of gravity. It was estimated as:

(5.2)

k
1 180
TA[k] = 7 Z cos™( le-"[l])T
S 1=k—F4+1
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where Sx,[!] is the normalized gravity vector in the sensor frame [37, 32] (x-axis is the

sensor’s axis that is most parallel to the body’s longitudinal axis and is pointed towards

the head) and le_x[l] is its x-component. Trunk angle was measured every 1-second

interval, and should be above the 20-degree threshold within the 3-second monitoring

period. An initialized trunk angle was not used since an accidental improper initialization

during actual use could cause incorrect estimates which may result in undetected falls.

5.3.2. Algorithm

Four algorithms were evaluated in this chapter, where each is a variation of the

combination of addition of difference in altitude and average vertical velocity to the base

algorithm (vertical velocity + vertical acceleration + trunk angle) and are shown in Table

5.1.
Table 5.1. Algorithms to be compared in Study 2
Base Parameters Additional Parameters
Algorithm Vertical Vertical Trunk Angle | Difference in Average
Velocity Acceleration Altitude Vertical
Velocity
Algorithm 1 Yes Yes Yes No No
Algorithm 2 Yes Yes Yes Yes No
Algorithm 3 Yes Yes Yes No Yes
Algorithm 4 Yes Yes Yes Yes Yes

Algorithm 4 (see Figure 52.) started with the monitoring of vertical velocity to

detect descent, and once it reached its threshold, the vertical acceleration was

monitored for 0.8 seconds to detect impact. The detection of impact was the starting

point for simultaneous monitoring of difference in altitude, average vertical velocity, and

trunk angle. When all the aforementioned parameters satisfied their pre-set threshold

values within their monitoring period, the event was considered as a fall.
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Figure 5.2. Flowchart of proposed Algorithm 4 in Study 2

Algorithms 1 to 3 were implemented the same way as Algorithm 4 except for the
corresponding exclusion/s of difference in altitude or/and average vertical velocity. All
the parameters’ threshold were tuned for 100% sensitivity with the maximum possible
specificity based on the minimum peak-magnitudes of parameters and the relative timing
relationships between parameters from all the fall trials. The monitoring periods serve as
fall signatures in addition to the parameter thresholds. The thresholds and monitoring
periods are shown in Tables 5.2 and 5.3, respectively, and were the same for all the

algorithms.
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Table 5.2. Threshold of each parameter of Algorithms 1 to 4 of Study 2

Parameter Threshold
Vertical Velocity (m/s) -1.2
Vertical Acceleration (m/s?) 11.6
Difference in Altitude (m) -0.31
Average Vertical Velocity (m/s) 04
Trunk Angle (degrees) 20

Table 5.3. Monitoring period of each parameter for Algorithms 1 to 4 of Study 2

Parameter Monitoring Period
Vertical Acceleration 0.8 sec. after descent
Difference in Altitude Max. 10 reliable pressure data points or 5 sec.
after impact (whichever comes first)
Average Vertical Velocity 0.5 sec. after impact
Trunk Angle 3 sec. after impact

An iteration of the algorithm was initiated at every time step (i.e. at 100 Hz) to
prevent the algorithm from missing the time-instance of any fall event. To save memory
resources, only the important contexts, such as the parameter’s timing references and

logic conditions were stored for each algorithm iteration.

With this iteration frequency and the signal characteristics of parameters during a
fall, consecutive fall detections might occur for a single fall event. To prevent such
multiple detections, a time difference of 1.5 s was required before a subsequent

detection was considered as a new fall event.

5.4. Results

5.4.1. Algorithm Performance

Tables 5.4 and 5.5 show the algorithms’ performance. The sensitivity, ADL
specificity, and non-fall specificity of the base algorithm was 100%, 97.3%, and 91.8%,
respectively. With the addition of difference in altitude it was 100%, 97.3%, and 98.0%,
respectively, while the addition of average vertical velocity further improved the
performance to 100%, 99.3%, and 99.6%, respectively. The addition of both average
vertical velocity and difference in altitude gave 100%, 99.3%, and 99.6%, respectively,

which was the same performance as adding only average vertical velocity.
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Table 5.4.

Experimental Results. Sensitivity and specificity of each algorithm

during simulated laboratory-based trials (Experiment 1) of Study 2

Algorithm

Sensitivity (%)

Fall vs. ADL
Specificity (%)

Fall vs. Non-Fall
Specificity (%)

Algorithm 1

100.0%

97.3%

91.8%

Algorithm 2

100.0%

97.3%

98.0%

Algorithm 3

100.0%

99.3%

99.6%

Algorithm 4

100.0%

99.3%

99.6%

Table 5.5.

during simulated laboratory-based trials for Study 2

Experimental results. Misclassified activities of each algorithm

| Algorithm 1

| Algorithm 2

| Algorithm 3

| Algorithm 4

False Negatives

Trip

Hit/Bump

Collapse

Cross-step

Stand-to-sit

Sit-to-stand
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With just the base algorithm, there were 4 ADL false positives and 16 near-fall

false positives. All the 4 ADL trials were from lay-on-bed trials and were misclassified

due to their kinematic similarities to a fall, which include the downward movement, the

impact, and the laying of back to the mattress. The 16 misclassified near-fall trials were

from all of the near-fall types. The abrupt movements during the attempt to recover
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balance during a near-fall caused velocity and vertical acceleration to satisfy their
thresholds (see Figures 5.4a and 5.4b)%. The use of trunk angle could have contributed
more in filtering such activities, but its low threshold (a trade-off for not having

initialization) had limited its discriminative capacity.

{a)  V.Vel. and Ave.V.Vel. vs. Time (b) ) V.Vel. and Ave.V.Vel. vs. Time
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=
= 27
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V.Vel, =—— AveV.Vel. —— V.Vel.Threshold --—- AveV.Vel.Threshold

Figure 5.3.  Plots of vertical velocity (V.Vel.) and average vertical velocity
(Ave.V.Vel.) from (a) fall and (b) near-fall trip trial

The addition of difference in altitude was able to reduce 15 of the remaining near-
fall trials since near-falls mostly involve only minimal amount of descent. On the other
hand, the addition of average vertical velocity was able to filter all of the near-fall trials
since it was able to relatively attenuate the shorter duration of near-fall’s abrupt
movement compared to falls (see Figure 5.3a and 5.3b). In Figure 5.4b, it can be seen
that average vertical velocity was completely capable of differentiating between fall and
near-fall peaks with a clear gap. For ADLs, only the addition of average vertical velocity
was able to reduce the ADL false positive trials — it was able to filter 3 out of the 4 lay-
on-bed trials. Adding both difference in altitude and average vertical velocity gave the
same result as adding only average vertical velocity when differentiating falls either from
ADLs or near-falls.

38 This amount of false positives show the base algorithm’s limitation that which would not be known
without the inclusion of near-fall trials.
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(a) Individual activity boxplots of minimum Vertical Velocity peaks
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Figure 5.4. Boxplots of peaks of individual activities in Study 2 for (a) minimum
vertical velocity, (b) maximum vertical acceleration, (c) minimum
difference in altitude, and (d) minimum average vertical velocity®

5.4.2. Parameter Performance

Figure 5.6 shows the ROC curves of all the parameters for fall vs. ADL (Figure
5.5a), fall vs. near-fall (Figure 5.5b), and fall vs. non-fall (Figure 5.5c). No parameter was
able to completely differentiate falls from any of the non-fall (i.e. either ADLS or near-
falls) groups except for average vertical velocity for near-falls. Table 5.6 shows the
corresponding maximum specificity of each parameter at 100% sensitivity. For fall vs.
ADL, vertical velocity had the highest specificity (94.0%), followed by average vertical
velocity (87.3%), vertical acceleration (82.0%), and difference in altitude (57.3%).
Compared to other parameters, difference in altitude had a low specificity and was
mostly due to ADLs that involve substantial amount of descent such as lay-on-bed,

stand-to-sit, and most especially descending-stairs (see Figure 5.4c).

3% Minimum peak means the negative peak with the strongest negative value.
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(a) ROC Curves for Fall vs. ADL (b) ROC Curves for Fall vs. Near-Fall
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Figure 5.5. ROC curves of all the parameters of Study 2 for (a) fall vs. ADL, (b)
fall vs. near-fall, and (c) fall vs. non-fall

Table 5.6. Experimental results. Maximum specificity of parameters at 100%
sensitivity (for all trials) for Study 2
Parameter Fall vs. ADL (%) Fall vs. Near-Fall (%) | Fall vs. Non-Fall (%)
Vertical Velocity 94.0 82.1 89.4
Vertical Acceleration 82.0 15.8 56.3
Difference in Altitude 57.3 93.7 714
Average Vertical Velocity 87.3 100.0 92.2

When differentiating between falls and near-falls, at 100% sensitivity, average
vertical velocity had the highest specificity (100.0%), followed by difference in altitude
(93.7%), vertical velocity (82.1%), and vertical acceleration (15.8%). As mentioned
previously, average vertical velocity was able to completely differentiate between fall and
near-fall events with a clear gap between their peaks (see Figure 5.4d). Also, for

difference in altitude, although it had a poor performance in ADLSs, it was much better in
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near-falls since they only mostly involve minimal descent of the trunk. Opposite to
vertical velocity when differentiating against ADLs, average vertical velocity’s
performance was higher when differentiating against near-falls. Although both
parameters are forms of vertical velocity, the latter had a substantially better
performance against near-fall events since averaging was able to relatively attenuate the
shorter duration of abrupt movements during such events compared to falls. Compared
to other parameters, vertical acceleration had a very low specificity when comparing
against near falls which could be due to the associated abrupt movements or impacts
during attempts to recover balance. When differentiating from both ADLs and near-falls
(non-falls), at 100% sensitivity, average vertical velocity had the highest specificity
(92.2%), followed by vertical velocity (89.4%), difference in altitude (71.4%), and vertical
acceleration (56.3%).

5.4.3. Limitations of Study

Similar to other studies, trials were simulated using young and healthy volunteers
in a laboratory setting and it is expected that the captured motion could be different from
that of an older adult in a real-world scenario [46, 45]. Hence, further study using
sufficient real-world data from the older adult population is needed in order to accurately

evaluate the proposed algorithm.

On the other hand, compared to existing studies, the simulated falls in this study
were based on commonly occurring falls in long-term-care (LTC) facilities based on
video evidence [41]. Also, similar to Lee et al.’s study, the participants were not given
instruction regarding the direction of fall, and hence will allow variability in fall kinematics
[18]. Additionally, near-falls were also included in this study, making our simulated trials

more comprehensive than the existing literature.

5.5. Conclusion

This chapter evaluated the effect of the addition of either difference in altitude or
average vertical velocity to the performance of a vertical velocity + vertical acceleration +
trunk angle fall detection algorithm (base algorithm) using tri-axial accelerometers, tri-
axial gyroscope, and a barometric pressure sensor mounted on the trunk. The

algorithms were tested using a comprehensive set of 166 falls, 95 near-falls, and 150
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ADLs from 12 participants. Experimental results show that adding either difference in
altitude or average vertical velocity was able to increase the algorithm’s non-fall

specificity from 91.8% to 98.0% and 99.6%, respectively.
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Chapter 6.

Conclusion

6.1. Summary and Conclusion

This thesis presented the work done in improving the performance of threshold-
based fall detection algorithms for the wrist and trunk using tri-axial accelerometer, tri-

axial gyroscope and a barometric pressure sensor.

Chapter 1 introduced the work that was presented in this thesis by providing the
problem that it was aiming to solve and the objectives. It explained the need to detect
falls, where an inertial sensor-based wrist-mounted and trunk-mounted fall detectors are
two desirable solutions. However their existing performance is limited. Therefore, the
objective was to improve the performance the two fall detection algorithms.

Chapter 2 provided the review of the literature which served as the foundation
and motivation for the methods that were used in the first and second studies (i.e.
Chapters 4 and 5, respectively). It focused on the previous methods employed in trunk-
based and wrist-based fall detection, and potential solutions in improving the algorithm’s

performance.

Chapter 3 presented the methods used for data gathering, wherein the recorded
data were used for evaluating the algorithms presented in Chapters 4 and 5. The
experiment protocol consisted of a comprehensive set of simulated laboratory-based
trials of falls ADLs, and near-falls (Experiment 1), and a continuous scripted free-living
ADL trial in a prepared environment (Experiment 2), all recorded from 12 participants.

The chapter also discussed the sensors and other equipment used in the experiments.

Chapter 4 presented the first study which proposed a wrist-based fall detection
algorithm for a commercially available smartwatch equipped with a tri-axial
accelerometer, tri-axial gyroscope, and a barometric pressure. The algorithm used
vertical velocity, vertical acceleration, difference in altitude, average vertical velocity,
descent signal magnitude area (SMA), post-impact SMA, and forearm angle as

parameters. Forearm angle was used to filter the downward vertical orientation of the
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forearm that could be associated to a non-fall event’s post-activity positon. Additionally,
to deal with strong disturbances in pressure data from the smartwatch, especially during
abrupt movements of the arm, pressure data were used selectively for altitude
estimation in a cascaded Kalman filter. Two parallel paths were employed where the

second path detects the falls that do not satisfy the forearm angle requirement.

The algorithm was tested using simulated laboratory-based trials consisting of
168 falls, 216 ADLs and 96 near-falls recorded from 12 participants and gave 100%
sensitivity, 97.2% ADL specificity, and 97.1% non-fall (i.e. including falls and non-falls)
specificity. Further testing using a scripted continuous sequence of free-living ADLs
resulted to 3 misclassified ADLs.

Chapter 5 presented the second study which evaluated the effect of adding
average vertical velocity and difference in altitude parameters to a trunk-based fall
detection algorithm (base algorithm) that uses vertical velocity, vertical acceleration, and
trunk angle. Difference in altitude and average vertical velocity were used to detect the
trunk’s substantial change in elevation, and its longer timespan of decreasing vertical
velocity, respectively, during the descent phase of a fall. Both parameters and average
vertical velocity were estimated by fusing barometric pressure data to accelerometer and
gyroscope data using a cascaded Kalman filter. The algorithms were tested using data
from simulated laboratory trials of 166 falls, 150 ADLs, and 95 near-falls recorded from
12 participants. Results show that at 100% sensitivity, the addition of difference in
altitude and average vertical velocity was able to increase the base algorithm's non-fall
specificity (i.e. including both ADLs and near-falls) from 91.8% to 98.0% and 99.6%,

respectively.

6.2. Thesis Contributions

6.2.1. For a Wrist-Based Fall Detector

e A novel accurate threshold-based fall detection algorithm for a
commercially available smartwatch equipped with MEMS tri-axial
accelerometer, tri-axial gyroscope, and a barometric pressure sensor.
The algorithm employed two parallel paths and used vertical velocity,

vertical acceleration, difference in altitude, average vertical velocity,
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descent signal magnitude area (SMA), post-impact SMA, and forearm

angle as parameters.

e Use of forearm angle to help differentiate between fall and non-fall events
based on quasi-complementary post-activity orientation of the forearm

between the two events.

e Use of cascaded Kalman filters to estimate vertical velocity, difference in
altitude, and average vertical velocity parameters.

e Selective use of pressure data in the vertical position and velocity Kalman
filter to prevent the negative effects of strong disturbance in barometric

pressure data to the vertical velocity and difference in altitude estimates.

6.2.2. For a Trunk-Based Fall Detector

e A more accurate threshold-based fall detection algorithm for the trunk
through the addition of average vertical velocity to a base algorithm that
employs vertical velocity, vertical acceleration, and trunk-angle as
parameters. The algorithm used MEMS tri-axial accelerometer, tri-axial

gyroscope and a barometric pressure sensor.

e Use of cascaded Kalman filters to estimate vertical velocity, difference in

altitude, and average vertical velocity parameters.

e Use of average vertical velocity to help differentiate between a fall and
non-fall event based on the width and magnitude of negative vertical
velocity profile between the two events. Additionally, average vertical

velocity could completely differentiate between fall and non-fall events.

6.3. Future Direction
The author suggests the following for future direction:

1. Collection of real-world data from older adults to validate the proposed

algorithms.
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Use of other context (e.g. location information using environment
sensors) to further help in differentiating between fall and non-fall events

when in a controlled environment.

Development of new parameters to further improve accuracy, reliability,

and efficiency of fall detection algorithms.

Development of methods to prevent vertical velocity drift without the use

of barometric pressure sensor in order to save power resources.

Incorporation of the parameters used in this study to a machine learning-
based fall detection algorithm and to compare its performance to the
algorithms that were presented in this study.
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Appendix A.

Synchronization Methods Developed and Employed
for Sony Action Cam and Prosilica GS, Respectively

The Sony Action Cam was used for free-living ADL trials which required following
the participant, and also for other trials conducted outside the laboratory. An L.E.D. was
mounted in front of the camera (Figure 6.1a) for event marking and was visible at the top
of the video’s frame (Figure 6.1b). The L.E.D. was interfaced to the Android tablet via
the 1010 development board and was blinked (Figure 6.1c) during start/stop of sensor
recording and during specific events of the trial (event marking). Event marking was
controlled through a button press in the custom Android tablet app which at the same

time logs the corresponding timestamp in a text file during the button press.

Figure 6.1. Sony ActionCam setup, wherein a) a L.E.D. is mounted on top of
camera for synchronization; b) the L.E.D. is slightly seen on top
portion of video frame; and c) the L.E.D. is blinked to mark an event

The Prosilica GS camera was equipped with a TTL interface and was
synchronized to the Android tablet via the 01O development board for triggering the
start/stop of recording using TTL signals. It was also interfaced to a MATLAB software
(The MathWorks Inc.) running on a laptop computer (through an Ethernet cable) for
logging the video files and for initializing the camera. Due to the camera’s size, weight,
and power requirements, it was only used in the laboratory, where it could be mounted

onto a tripod.
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Appendix B.

Brief Explanation of the Kalman Filters Used in
Studies 1 and 2 [37, 32]

Two Kalman filters, a tilt Kalman filter and a vertical position and velocity (VPV)
Kalman filter, were cascaded and were used in Studies 1 and 2 for estimating the
parameters*’. The tilt Kalman filter fuses accelerometer and gyroscope data to estimate
the sensors' tilt angles (i.e. roll and pitch) which was then used to estimate the gravity
vector, and consequently, the kinematic acceleration. To estimate the tilt angles, the tilt
Kalman filter uses the acceleration data during static conditions since its output during
such conditions is dominated by the gravitational acceleration. However, during dynamic
conditions, the accelerometer outputs the sum of gravitational acceleration and
kinematic acceleration, wherein the two cannot be distinguished from each other. During
such conditions, the Kalman filter gives more weight to the gyroscope data, which
through strapdown integration also provides angle estimates. The greater the magnitude
of the kinematic acceleration, the more weight is given to the estimates from the
gyroscope data.

On the other hand, the vertical position and velocity Kalman filter fuses the
outputs of the tilt Kalman filter, including the estimated kinematic acceleration, with the
barometric pressure data to have an accurate and drift free estimate of vertical position
and velocity. The tilt angles were used to convert the kinematic acceleration from the
sensor frame to the inertial frame to get the vertical component of acceleration. Vertical
acceleration is integrated to estimate vertical velocity and the latter is also integrated to
estimate altitude. Since any errors in estimating vertical acceleration and vertical velocity
gets propagated to vertical velocity and altitude, respectively, it causes boundless drift to
both estimates (especially for altitude). To prevent altitude drift, the VPV Kalman filter
uses barometric pressure data (average filtered) to periodically correct the altitude

estimates, which consequently also prevents drift in vertical velocity. Zero velocity

40 For a complete and detailed explanation of the Kalman fitlers used in the study, please refer to
references [37] for the tilt Kalman filter and [32] for the cascading of a tilt and a VPV Kalman filter
(however, it should be noted that the VPV Kalman filters used in in Studies 1 and 2 is a modified
version this).
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update was also used in the VPV Kalman filter which sets the vertical velocity to zero
during static conditions. Since for Study 1, there could be strong disturbance in pressure
data during dynamic movements due to the sealed enclosure of the smartwatch,
pressure data was selectively used (SUP). Additionally, since the duration of pressure
disturbance could be long (depending on the person's activity and the watch's
response), high-pass filtering of external acceleration was conducted whenever there is
no reliable pressure and motion is not static to help prevent drift in vertical velocity.
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Appendix C.

Misclassified Activities of Algorithm 2 (Study 1) at
Different Accelerometer Ranges and Sampling Rates

Table 6.1.

Experimental results. Misclassified activities of Algorithm 2 at

different accelerometer ranges and sampling rates during simulated
laboratory-based trials of Study 1*
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From £8g to +4g the ADL false positives and false negatives are at least very

similar (within their respective sampling rates). For ADL false positives, a possible

reason is that for these activity types, the range of acceleration is mostly below the +4g

41 Note that since the analyses for pick-object and reach-object trials for Algorithms 1 and 2 were
only recently conducted as a response to a manuscript revision, the results in Table 6.1 does not
reflect analysis from such trials types.
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range, as could be seen in Fig. 4.10b (although the plots only represents the vertical
component). For the false negatives, although the fall activities’ vertical acceleration
peak could go beyond +4g (see Fig. 4.10b), possible reasons for the same algorithm
performance would include: (a) during the descent phase, for the decreasing vertical
velocity (see Fig. 4.6d), what is only integrated is the trough in vertical acceleration
before impact (see Fig. 4.6a) which could only reach a minimum of -1g; and (b) during
the impact phase of a fall, since the highest magnitude of threshold for vertical
acceleration is only 20 m/s? (see Table 4.1), vertical acceleration’s requirement will
already be satisfied even before the acceleration gets clipped at 4g*2. The increase in
near-fall false positives with the reduction of accelerometer range from +8g to +4g
cannot be explained. For the reduction of sampling rate from 100 Hz to 50 Hz (at same
accelerometer ranges of £8g and +4gq), a possible reason for the addition of a false
negative is that since fall is a very quick event, the reduction of sampling rate could had
resulted to the missing of critical sensor information during the fall.

From £8g and +4g to +2g, a possible reason for the increase in false negatives is
that, with the smaller acceleration range, falls that could only pass the second path of
Algorithm 2 may not had been detected due to the path’s 20 m/s? threshold*®. Similar to
+8g and #4g, the additional increase in false negatives with the reduction of sampling

rate could also be caused by missing critical sensor information during the fall.

42 Since it is the positive spike in vertical acceleration that pushes vertical velocity back to zero after
impact (i.e. right after maximum negative vertical velocity; see Figs 4.6d and 4.6a), having the
acceleration clipped at +4g is expected to affect this returning of vertical velocity to zero. However,
if the person’s wrist movement is static after the fall, zero velocity update will be able to push vertical
velocity back to zero.

43 Note that since path 1’s vertical acceleration threshold is only 10 m/s? (see Table 4.1), vertical
acceleration requirement for falls that could pass through this path are not expected to be affected
by the acceleration clipping at +2g.
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