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INTELLIGENT FALL DETECTION SYSTEM FOR ELDERCARE

Liang Liu

Dr. Mihail Popescu, Dissertation Supervisor

ABSTRACT

Fall among elders is a main reason to cause accidental death among the population
over the age 65 in United States. The fall detection methods have been brought into scene
by implemented on different fall monitoring devices.

For the advantages in privacy protection and non-invasive, independent of light, I
design the fall detection system based on Doppler radar sensor. This dissertation explores
different Doppler radar sensor configurations and positioning in both of the lab and real
senior home environment, signal processing and machine learning algorithms.

Firstly, I design the system based on the data collected with three configurations:
two floor radars, one ceiling and one wall radars, one ceiling and one floor radars in lab.
The performance of the sensor positioning and features are evaluated with classifiers:
support vector machine, nearest neighbor, naive Bayes, hidden Markov model. In the real
senior home, | investigate the system by evaluating the detection variances caused by
training dataset due to the variable subjects and environment settings. Moreover, I adjust
the automatic fall detection system for the actual retired community apartment. I examine
different features: Mel-frequency cepstral coefficients (MFCCs), local binary patterns
(LBP) and the combined version of features with RELIEF algorithm. I also improve the
detection performance with both pre-screener and features selection. I fuse the radar fall
detection system with motion sensors. I develop a standalone fall detection system and

generate a result to display on a designed webpage.



Chapter 1 Introduction

1.1 Motivation

Falling among the elderly is a dominant reason for accidental death in the
population above age 65 [1]. The death rate caused by such falls has risen quickly over
the past ten years [2]. Studies have showed that the outcome would be improved if
medical intervention could be initiated faster after a fall [3, 4, 55, 69, 70]. So medical
outcome improvement is significant if the intervention time can be reduced when the fall

is detected automatically and reported to the related nursing staff.
1.2 Research Background

Reports show that 90 percent of adults over the age 65 prefer to stay in their
residence as they age [5]. Recently, lots of research has been devoted to different fall
detection methods. Generally, fall monitoring devices can be divided into two categories:
wearable and non-wearable devices. The wearable device requires to be attached on the
subject to report a fall, such as “Push-button” [6], Accelerometers [46, 53-59, 63, 82, 83,
98, 120], Mobil phone [60-62, 79, 91], wearable wireless device [77, 78], wearable
camera [93] and others [66, 67, 72, 73, 80, 84-90, 92, 96, 97, 124]. However, wearable
devices can malfunction under certain situations, as when the elder loses consciousness
and cannot activate the sensor or the elder falls during shower and is not wearing the
sensor [7]. So non-wearable devices are introduced to overcome these physical
limitations [43]. They cover floor vibration sensors [8], video cameras [9, 49, 51, 52, 64,

65, 107, 109, 115-117], infrared cameras [10, 50, 108], Microsoft Kinect [99-106, 110-



114, 123], smart carpets [11], microphone arrays [12-14, 118, 121], smart bed [95], and
sensor networks [26-28, 48, 68, 75, 81, 94, 119]. Non-wearable radar sensors have many
advantages over the other monitoring devices in that they are not dependent on light, can
sense through structures, are non-invasive, inexpensive, and are easy to deploy in any
home environment, and are often used in bathrooms. The ideal design object of a fall
detection system is to detect all the falls with the fewest false alarms.

As a supplement to conventional surveillance applications, radar sensors have
been widely applied for activities recognition, such as target presence detection, gender
classification, individual identification during human walking, hand gesture recognition,
face recognition, transport mode classification, gait characterization, and medical
applications [15, 18, 19, 24, 25, 31, 32, 38, 39, 41, 47, 71, 122, 125, 126]. For the
Doppler effect, the moving velocity is proportional to the frequency shift of a wave
radiated by the moving object. Assuming an object is composed of several small parts,
the micro-Doppler signature is produced by the movements of those small parts for the
moving object. The micro-Doppler signature is an additional modulation of the base
Doppler frequency shift. The movement of a human subject includes movements of legs,
arm, torso, etc. The different human body parts generate specific radar signatures [15].

There are mainly two feature extraction categories. The methods in the first
category are based on the pattern of the spectrogram. As an example, Kim and Lin [16]
used six features extracted from a de-noised radar spectrogram to recognize seven human
activities: running, walking, walking while holding a stick, crawling, boxing while
moving forward, boxing while standing in place, and sitting still. Dura-Bernal et al. [17]

segmented the spectrogram into temporal events, established prototypes and categorized



the human actions. They collected two datasets: 5-category human transport modes and
7-category human actions. In the first dataset, the subject was approaching the radar and
performed walking, inline skating, slow cycling, and fast cycling. In the second dataset,
the subject was on the treadmill and performed slow walk, fast walk, slow run, fast run,
clapping hands, moving their arms up while calling “help me,” and beckoned with their
right arm while calling “come here.” In another category, the methods are derived from
sound processing techniques. This is supported by the assumption that human operators
have the ability to listen to the Doppler audio output of the surveillance radar and are able
to differentiate certain targets [18]. The Mel-frequency cepstral coefficients (MFCCs)
feature extraction is a popular method in speech recognition. It has been successfully
applied to the radar sensor-based fall detection research conducted by the author as part
of an interdisciplinary team devoted to elderly healthcare research which involved GE
Global Research, the Sinclair School of Nursing, a local retirement home, The Tiger
Place, and the MU Department of Electrical and Computer Engineering [20-23]. The
time-frequency features have been extracted for sequential modeling on radar signals for
fall detection in [47]. The local binary patterns are a popular method in computer vision
to recognize objects [44]. The one-dimensional local binary patterns have also been

implemented for signal processing [45].

1.3 Contribution

We first used floor radars in our fall risk assessment project to estimate the fall
risk and corresponding interventions from a daily living environment for nine different
walk types using gait velocity and stride duration [19, 31, 41]. Inspired by the Doppler

signature detection hardware, we proposed the idea of an automatic fall detection system



using Doppler signatures with the same kind of radar sensors used in our 2011 studies
[20] whereby those preliminary results could be confirmed and expanded upon.

The performance of the proposed detection system was set up for improvement in
two ways. One improvement was from the algorithm; and the other improvement was
from the experimental settings. For the algorithm side, we proposed a fuzzy fusion
method to fuse multiple information sources considering the sensitivity and preference of
each classifier to a specific kind of feature. Those multiple information sources included
the outputs of three different classifiers for each of the two sensors on the floor in [21].
For the experimental settings side, each local observation from a sensor was biased and
insufficient to detect a fall since the radial velocity component of the moving subject
plays such a dominant role in radar sensor detection. Those defects came from several
sources including the tilt angle, sensor distance to the ground, antenna shield region and
the moving direction of the subject with respect to each sensor. For the two-floor sensor
systems in [21-22], the detection of a fall across a sensor did not produce results as good
as a fall towards or away from a sensor with 10% detection variability. In order to reduce
the effects of falling direction to the sensor, we installed a ceiling radar sensor, although
this radar sensor was originally designed to be installed on wall for surveillance purposes.
We adjusted a wall mounted sensor with a height of 1.27 meters, which is about a normal
person’s upper body height. In the system [22] located in our motion lab , the detection of
a fall observed from the ceiling sensor outperformed by capturing 9% more area under
the receiver operating characteristic curve than that captured by the wall mounted sensor
with a less than 30% detection variability for the falling direction. When a fall occurs

closer to the floor sensor, the ceiling sensor had a slightly 3-4% lower performance than



the floor sensor. We observed that the system comprised of one ceiling sensor and one
floor sensor achieved the best results. So we deployed this system in our motion lab for
testing purposes first and then we deployed the same system at the Tiger Place senior
apartments in our local community that features “aging in place” with assisted living
services available. Tiger Place, developed by Americare in affiliation with the MU
Sinclair School of Nursing, features apartments for independent living with a 24-hour
response through a state-of-the-art call system [37, 40].

Besides the above experimental-based test for data collection, I implemented the
automatic fall detection system for the real senior home. I investigated different features:
MFCC, LBP and the combined version of features with RELIEF algorithm [128]. I
improved the fall detection performance from both the pre-screener and features selection
on real senior home data. I designed the classifier level fusion method for this research’s
fall detection system. I also fused the radar fall detection system with other sensors, such
as the motion sensor network in the senior homes [23, 74, 127]. I have developed the
standalone fall detection system and generated the corresponding result, displaying it on
the project’s designed webpage. Those results are quite promising. This system could
help nursing staff to better understand information on the health status for the senior
residents. The long-term goal is to provide seniors with a healthier and safer
environment for their independent living.

Five journal and conference publications have resulted from this dissertation work
with at least one journal paper in preparation. The publications are listed as follows:

e Liu L, Popescu M, Skubic M, Rantz M, Yardibi T & Cuddihy P, "Automatic Fall

"

Detection Based on Doppler Radar Motion," Proceedings, S5th International



Conference on Pervasive Computing Technologies for Healthcare, Dublin, Ireland,
May 23-26, 2011.

Liu L, Popescu M, Rantz M, Skubic M, "Fall Detection using Doppler Radar and
Classifier Fusion," Proceedings of EMBS on BHI, Shenzhen, Jan 2-7, 2012.

Liu L, Popescu M, Rantz M, Skubic M, “Doppler Radar Sensor Positioning in a
Fall Detection System”, Proceedings of 34th EMBS, San Diego, August 28-
September 1, 2012.

Liu L, Popescu M, Skubic M, Rantz M, “An Automatic Fall Detection
Framework Using Data Fusion of Doppler Radar and Motion Sensor Network”,
Proceedings of 36th EMBS, Chicago, August 26- 30, 2014.

Liu L, Popescu M, Skubic M, Rantz M, Cuddihy P, “Automatic In-room Human
Fall Detection Using Doppler Radar Signatures”, The Journal of Ambient
Intelligence and Smart Environments (JAISE), (under revision).

“An Automatic In-home Fall Detection System with Ceiling Radar”, IEEE

Transaction on Biomedical Engineering (ITBE), (under preparation)

1.4 Organization

The rest of this dissertation is organized as follows. Chapter 1 describes the

Doppler radar sensor system and validates its application in motion monitoring. Chapter

2 describes the fall detection system configurations and data collections in both lab and

real senior apartments. Chapter 4 presents the fall detection algorithm and the evaluation

criteria for the detection performance. Chapter 5 explains the data fusion for the multiple

information sources at a classifier level. Chapter 7 presents the effective detection range


http://www.jaise-journal.org/
http://www.jaise-journal.org/

around the radar sensor. Chapter 8 shows the improved system as it relates to the real-

world data in senior homes with encouraging results.



Chapter 2 Doppler Radar Sensor

2.1 Principle
2.1.1 Range Control Radar

A radar sensor can transmit electromagnetic energy to a target and receives the
reflected signal from the target. We can measure the accurate target-related information,
such as location and velocity. Unlike other optical-related or infrared sensors, it works for
long-range applications under all kinds of light changing and complex conditions. Unlike
outside long-range air-to-air or surface-to-air applications, our in-room application of the
pulse Doppler radar uses monostatic radar, in which the transmitter and receiver are
collocated and share the same antenna [32].

For a pulse Doppler radar, the pulse train of the waveform can be produced by
gating a continuous stable frequency source. The pulse repetition interval is T, pulse

length is 1, and the carrier frequency is f_. Then the waveform can be written as

ut) = i p(rect(t/7)—nT)cos27z ft (2.1)

where p(e) function denotes a pulse, and rect(e) describes a zero centered gating
function with a unit width and height.
By applying the Fourier transform to (1), we have

U(f)=(z/2T)comb, , (sincf r)

(2.2)
®B(f - f,)+5(f +1,)

Assuming the waveform is narrowband enough, the positive frequency of the

spectrum is



U, (f)=(z/2T)comb, , (sincf r) ® S(f — f,) (2.3)
where comb(e) function is centered at zero with a line interval at n/T. The convolution
moves the center of the spectrum to f .

The target echo is modulated twice on transmission and reception. We simplified
the modulation by imposing a rectangular function on the beam with width of p, the time
on target. Thus, the received waveform of the pulse Doppler radar is
X(t) =rect(t/ p)u(t). (2.4)

The transform is
X(f)=psincf p®U(T) (2.5)

where U and U are defined as (2.1) and (2.2), and we also have p >>T.
2.1.2 Doppler Effect

For the radial velocity v, the received waveform is scaled by (c+v)/(c-v) and C is
the light speed. We assume v<<c and spectrum is narrowband, and the significant
spectral energy is around = f . Then there is an overall spectral shift of +2vf /c. In the
view of radar, stationary object echoes produce clutter lines at f_ with intervals n/T on
spectrum. The moving targets’ echoes produce offset lines from the clutter lines. In this
way, the consequential relative movement of the targets can be observed. By appropriate
filtering of the spectrum, we can see the targets and estimate their Doppler shift and
radial velocity.

The radial velocity for a target moving to radar can be calculated with Doppler

frequency shift f, from the transmitted frequency f, via

v=f c/2f,). (2.6)



2.2 Doppler Radar Signature in Activities Monitoring

Assuming that different body parts generate an independent velocity v, , the

Doppler signature for a moving subject is represented by

fo="f,> (v /c) , (2.7)

where v, is from each body part, such as limb, leg, torso, etc.
The short time Fourier transform (STFT) is applied on the returned Doppler signal to
show the pattern of human activities via

STFT(t, f) = ji X(t+7)W(r)exp(- 2z fr)dz, (2.8)

where X(t) is the received signal and w(t) is the window function.

Fourier transform is a one-to-one mapping between the signal in time domain x(t)
and its spectrum in the frequency domain X(f). The spectrum represents the frequency
contents in the time domain. For a continuous time signal, the spectrum is transformed by

X(f)= LO X(t)exp(— j2 ft)dt (2.9)

In a real system, the continuous time signal is usually digitized as a discrete time
signal x(n). We assume that x(n) is a periodic signal with a period N. The discrete
Fourier transform (DFT) is defined as
X (k) =>"""x(n)exp(~j27kn/ N),k =0,1,....,N ~1. (2.10)

To improve the computational efficiency, the fast Fourier transform (FFT) is
designed to reduce the complexity of DFT from O(N?) to O(NIogN).

Although the spectrum demonstrates the frequency contents in the time domain, it

lost the time information. By sliding a window over the time and computing the FFT to
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the signal in the window, the short time Fourier transform can show the frequency
content changes over time.

The discrete STFT is represented by

STET(x(n)) = X(n,k) = D" x(n+m)w(m)exp(- j2zkm/ N),k =0,1,...N ~ 1, (2.11)
where w(m) is the window function, n is the time index and k is the frequency index.

In the latter part, the pattern of the returned Doppler signal is shown with STFT. The time
is along the x-axis, and frequency contents are distributed along the y-axis. The
magnitude of STFT is shown by the intensity of the color map. This is called a

spectrogram. On the spectrogram, we can clearly see how the frequency contents change

over time.
2.3 System Validation

In order to validate the system, we first illustrated the micro-Doppler motion with
the diagram of a moving pendulum in front of the radar sensor. Then two groups of
experiments were designed. The first group targeted on swing motion, including cylinder
swing and body part swing when the rest of the body part is still. The second group
focused on falling motion, such as a mattress falling.

Each group of experiments was followed by an extension to a more complex
situation. The signature for human walking was presented as a more complex case for
swing experiments. The micro-Doppler signature of human falling was introduced as a

complex extension for falling object experiments.

11



2.3.1 Micro-Doppler Motion for a Pendulum

The pendulum is swinging towards the radar sensor in a vertical plane, shown in
Figure 2.1. The length of the pendulum is L. One side of the pendulum is fixed as center
O and the other side can move around the O with an angular velocity w. In a polar
coordinate system, the distance between a point E on the pendulum to O is x. The linear
velocity of E is

Ve = WX (2.12)

At time t, the pendulum is at an angle 0 =wt , with respect to the balance position
B. The projected velocity at E to the x-axis is

Ve , =Vg cos@ =V coswt

(2.13)
The projected linear velocity on the x-axis is
VX = WX cos @ = WX cos Wt (2.14)
At point E, the observed Doppler frequency shift by receiver is
fo=1, eX _ f, 2ﬂcos@ =f, MCOSW‘Z
c ¢ Y : (2.15)

This is a sinusoidal signal. Then the whole micro-Doppler signature of the pendulum is

2
fo = Z foﬂcoswt

xeol]  C . (2.16)
If the pendulum is moving in a circle track in front of radar sensor, then the

received micro-Doppler signature will become

fysina = fysinw't =( Z fowcoswt)sinw't . (2.17)

xe[0,L]
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Figure 2.2 The diagram of a moving subject in front of radar sensor from a horizontal
view.
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2.3.2 Swing Experiments

2.3.2.1 Paper Cylinder Swing Experiment

A paper cylinder serves as a pendulum in this experiment. The one end is hung
from a rope connected to the ceiling at the center of the room. The other end is dragged
to a higher position A in Figure 2.1 and then the cylinder is set free. Thus the cylinder
will fall from A to A’. This paper cylinder swings in three ways: across the radar;

towards or away from the radar; and in a circular or Ellipse track in front of the radar.
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Figure 2.3 Swing experiment with a cylinder which swings (1) across the radar; (2)
towards the radar, and (3) in a circular track.

In this experiment, we should also notice that the amplitude of the velocity is
attenuating with time and the cylinder stops at the balance position. There is an

attenuation coefficient pu. So Equation (2.15) is modified as

f

2wx
—UX —UX
Ea= €= foTe # coswt

(2.18)
The whole micro-Doppler signature of the pendulum in Equation (2.16) is

rewritten as

2WX
fo w= o™= D fi=——e " coswt

xeor)  C _ (2.19)
The receiver is only sensitive to the radial velocity to radar sensor. When the
cylinder moves towards or away from radar, the sinusoidal shape with the attenuation can
be clearly observed on the spectrogram in Figure 2.3(2). The velocity peak appears when

the cylinder end is at the balance point B. At positions A and A’, the velocity is zero.
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When the cylinder is moving in a circular track, the radial velocity is computed by

adjusting Equation (2.17) with

. . 2WX .
f sing = f e sinw't = f ——e* coswt)sinw't
D_att D 0
wor)  C . (2.20)

As a result, the sinusoidal shape can still be observed in Figure 2.3(3). But the

intensity of each peak is not that evenly distributed as shown in Figure 2.3(2) due to the

sina  The micro-Doppler signature can be clearly observed as a spike when the cylinder
is swinging across the radar, as shown in Figure 2.3 (1). The lines at 8 and 16 Hz on the
spectrogram are caused by noise. The noise may come from the radar wires or some other

electronic equipment in the lab room.

2.3.2.2 Leg/arm Swing Experiment

In leg/arm swing experiment, a person is facing toward the radar and moves his leg
or arm backward or forward toward the radar. Each swing is repeated twice with normal
speed and slow speed. For the leg swing, the subject swings each leg by wearing three
different types of shoes: flip-flops, sneakers, and suit shoes. For arm swing, the subject

first swings each arm. Then the subject swings both arms in different directions and in the

same direction.
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Figure 2.4 Swing experiment with the leg/ arm: The first column shows the subject
motion in the experiment setup. The second column shows the normal speed of swing.
The third column shows the slow speed of the swing. The spectrogram number and
explanation are go from the top down and from left to right. (1) Normal speed, left leg
with flip-flop swing; (2) Slow speed, left leg with flip-flop swing; (3) Normal speed, left
leg with sneaker swing; (4) Slow speed, left leg with sneaker swing; (5) Normal speed,
left leg with suit shoes swing; (6) Slow speed, left leg with suit shoes swing; (7) Normal
speed, right leg with flip-flop swing; (8) Slow speed, right leg with flip-flop swing; (9)



Normal speed, right leg with sneaker swing; (10) Slow speed, right leg with sneaker
swing; (11) Normal speed, right leg with suit shoes swing; (12) Slow speed, right leg
with suit shoes swing; (13) Normal speed left arm swing; (14) Slow speed, left arm swing;
(15) Normal speed, right arm swing; (16) Slow speed, right arm swing; (17) Normal
speed both arms swinging in different directions; (18) Slow speed, both arm swinging in
different direction; (19) Normal speed, both arms swinging in same direction; (20) Slow
speed, both arms swinging in same direction.

There are some observations for this experiment. For the same type of swing with
different speeds, we can clearly see the velocity difference with the same pattern on the
spectrogram in Figure 2.4 (1, 3,5, 7,9, 11, 13, 15, 17, 19) vs Figure 2.4 (2, 4, 6, 8, 10, 12,
14, 16, 18, 20), respectively. There is no big difference among the signals from leg swing
with different types of shoes in Figure 2.4 (1)-(12). For the same types of swing, the left
leg/ arm are similar to the right one in Figure 2.4 (13, 14) vs Figure 2.4 (15, 16). When a
single arm swings, the two consecutive peak distances are different. This is true since the
person can move his single arm forward, moreso than in backward direction. When the
person moves his two arms in different directions at same time in Figure 2.4 (17-18),
summation of both arms contribute to the micro-Doppler signatures. So the distances of
any two consecutive peaks are identical. When two arms swing in the same direction in
Figure 2.4 (19-20), the distance difference still existed as the swing of one arm, but the

signal strength was enhanced.

2.3.3 Micro-Doppler Signature for Human Walk

In Figure 2.5, the subject is walking towards the radar first and then walking away
from the radar. At the time of 13th second, the subject is turning around in front of the
radar. At the turn-around position, the velocity of the subject is almost zero in the radial

direction of the radar. The green dash-dotted line represents the walking start time and
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black dashed line is the walking end time. The blue circles on the spectrogram represent
the steps taken in walking [19].
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Figure 2.5 Human walk signal. (a) Raw signal; (b) Spectrogram.
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2.3.4 Falling Object Experiments

This experiments show that the falling micro-Doppler signatures can be identified
with radar at different positions in the lab. One sensor is installed on the longer wall with
a height of 50 ft. The other one is placed on the ceiling at the center of the room and
pointing down toward the floor. Both of the sensors are facing toward the room’s center.

During the experiment, a mattress was set up in a vertical position. When
participant pushed the mattress with neglected motion using hand from a standing still
position, the mattress fell from a vertical to horizontal direction parallel to the floor. The
mattress was pushed and fell three times in Figure 2.6 (1)-(3) as recorded by two working
radar sensors. Although the signals from each sensor were different for the same fall, the
signature could still be observed on the spectrogram.

Aside from the above system with two working sensors, we repeated the
experiments under the system with a single working sensor in Figure 2.7 to check the
possible interference of the two working sensors in Figure 2.6. Based on the observation,
there is no noticeable interference between the two sensors when they work at same time.
We also notice that the signal amplitude recorded by the ceiling radar sensor is larger

than the wall recorded one.
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Figure 2.6 Motions captured by two sensors at same time. (a) Signal segments recorded
by ceiling sensor are in the left column. (b) Signal segments recorded by the wall sensor
are in the right column. Three mattress drops (1)-(3) are shown. In each row, signal
segments were collected from both sensors to record a single mattress drop. The start
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time of the signal segment was different since an individual data acquisition device was
used for each sensor.
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Figure 2.7 Motion captured by two sensors individually: (a) Signal segments recorded by
ceiling sensor are in the left column. (b) Signal segments recorded by the wall sensor are
in the right column. Four mattress drops are shown with each drop showing the signal
segment and its spectrogram.

2.3.5 Micro-Doppler Signature for Human Fall

A fall is recorded in the signal segment shown in Figure 2.8(a). The red solid

rectangle denotes the occurrence of the fall. The corresponding spectrogram is shown by

Figure 2.8(b).

23



Ceiling RCR

0.3

0.2 Fall |

Voltage
S
[

05 0 10 15 20 25 30

5 Time (s)

Spectrogram

200
180 1 30
160
140
120
100

Frequency
(Hz)
S & 38 3

Figure 2.8 Human fall signal. (a) Raw signal; (b) Spectrogram.

On the raw signal, we cannot identify the fall with the amplitude or shape
information. On the spectrogram, the fall peak covers a wider frequency region (0 to 160

Hz)which is wider than other activities shown in the same signal segment. This is
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because a fall includes multiple body movements, which generate more frequency

components.

2.4 Summary

I have demonstrated that a certain motion can be recognized by the micro-Doppler
signatures. With the swing experiment, we can understand that walking is a procedure by
adding together different body part swings. Unlike the significant repeated walking
pattern on the spectrogram, falling is a one-time activity. The falling object experiments
showed us that it is possible to identify the fall pattern on the sensor signal. In the

following sections, more methods are presented to detect the fall.
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Chapter 3 Fall Detection System and

Data Collection

This chapter will focus on a fall detection system with different configurations
and the data collection in each system. In the lab room, there are three different
configurations: two floor radar configurations [20]; one ceiling and one wall radar
configuration [22]; one ceiling and one floor radar configuration. We collected fall data
from each of the configurations. We also applied the floor radar and ceiling radar in

actual senior apartments.
3.1 System Overview

The fall detection system is composed of a radar sensor system part and an
algorithm processing part. We used the pulse Doppler range-controlled radar (RCR)
developed by General Electric Co. The center frequency or carrier frequency is 5.8 GHz,
which represents the frequency for the carrier wave. The carrier wave can transmit
information through space as an electromagnetic wave. The carrier wave has a much
higher frequency than the input signal. The measured range for the target velocity is
15.24 and 152.40 cm/s. For our in-room application, we set the range up to 6.1 meters
for optimal coverage as shown in Figure 3.1.

The schema of the system for data collection and storage is shown in Figure 3.2.
We used a wireless router to transmit the sensor data from the data acquisition board and
to store the data on a nearby computer. The data was transferred to the server through the

internet. The data acquisition board connected to the RCR as the data logger.
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Radar sensor
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Figure 3.1 Coverage region of a range-controlled radar sensor: (a) Top view; (b) Side
view. The inclination is tilted within 5° for each setup to get the clearest signal.

For the floor RCR, we put RCR and its auxiliary equipment, such as power
suppliers, the data acquisition board, and the wireless router in a small portable box with
a dimension 0.42 m x 0.32 m x 0.23 m as shown in Figure 3.3. In this box, the RCR was

mounted on a bracket in the box with a height of 10 cm from top to bottom. The data
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acquisition board was mounted on the top of the RCR and the wireless router was
attached beside the board. The power suppliers and other wires were put outside of the
coverage view of the radar. For the best view of the inner structure of the box, we did not
include the wireless router and power suppliers in the picture.

The surface of each floor RCR was wrapped by foil to exclude two kinds of
potential false alarm sources: 1) the possible electronic fields formed by electric motors
or high voltage equipment such as the heater; 2) the moving or vibrating objects such as

fans, pulleys for a roll-down curtain, and conveyor belts on the treadmill machine.
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Figure 3.2 The schema of the system for data collection and storage.

Compared to in-room environment, there is less potential noise source on the
ceiling since there is little equipment around. In order to record more information to find
a fall, we left the ceiling RCR without foil cover. In lab environment, we attached the

RCR on the beam in the ceiling in the center of the room. In the actual senior apartment,
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we went to the attic and fixed the radar in a wooden bracket above the ceiling in the
center of the apartment living room and bathroom. The ceiling RCR is facing downward
looking toward the room floor. Before each installation, all the RCRs are carefully
checked and calibrated to obtain the clearest signal. The sampling frequency is set at 960

Hz to record the in-room human activities.

Top view

Left side view

Front view

Figure 3.3 Floor radar sensor deployment. In the senior apartment, one sensor is set
beside the front door pointing to the main aisle. The box dimension is 0.42 m x 0.32 m x
0.23 m (height x width x length).
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Figure 3.4 Block diagram for the processing procedure to detect a fall.

For the algorithm processing part, the whole procedure is displayed as the block
diagram in Figure 3.4. The potential fall is filtered by passing the sensor data into a filter,
which is based on the pattern analysis in the energy spectrogram. If the energy
summation in the interested energy region increases fast in its nearby neighborhood, a
potential fall candidate is found and ready for further recognition. This fast energy
increase is described by finding a peak pattern on the spectrogram. If there is no peak
pattern, we consider that there is no significant motion in the signal and filter it away
from further processing. If there is a likely fall, MFCC features are extracted and will be
aligned with a pre-selected fall reference feature [42]. A trained classifier is applied to
those input features. The output confidence is used to decide whether it is a fall or not
after comparing the confidence with the threshold. A detailed description for each

diagram block is described in the following sections.
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3.2 Lab Configurations

Three configurations will be presented in this section to provide some insights
about the radar positions and their effect on detection performance. Each configuration
has two radars. Configuration I, in Figure 3.5, has two RCRs placed on the floor. In
Figure 3.7, Configuration II has a RCR on the wall and the other one on the ceiling.
Configuration III involves one floor RCR and one ceiling RCR. The datasets collected

with each configuration are also presented.
3.2.1 Lab Configuration 1 — Two Floor Sensors

The first configuration is presented by Figure 3.5. As shown in Figure 3.5 (b), the
two floor sensors are oriented toward the center of the room. The distance from RCR1 to
the room center is about 3.7 m, denoted by L1. The distance from RCR2 to room center is
1.85 m, denoted by L2. In Figure 3.5 (a), the subject is performing a forward fall towards

RCR1 and cross RCR2. We note that RCR2 is closer to the fall than RCRI1.

wsg

L1

L2

~ RCR2 RCR 1

X Fall position

y |
A

om

Figure 3.5 Sensor deployment setup in motion lab with Configuration I: two floor radars
system. (a) Real view; (b) Position diagram.
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Figure 3.6 Four types of fall for Configuration I. (a) Forward fall toward RCR 1; (b)
Forward fall toward RCR 2; (¢) Forward fall between RCR 1 & RCR 2.

In this Configuration, 90 falls were collected from two subjects. As seen in Figure
3.6, the subjects were falling in the center of the room, performing 20 forward falls
towards RCR1, 25 falls towards RCR2, 25 falls between RCR1 and RCR2, and 20 falls
away from RCRI1. 341 non-fall activities were selected from walking, body sway,
cylinder sway, squat, pick up a book from the floor, etc. More details information about

the datasets is presented in Table 3.1.

Table 3.1 Dataset for Configuration I.

Fall # files Non-fall # files
Balance— Walk

Forward to RCR1 20 Turn

Cross RCR1 25 Sit down

Forward to RCR1&2 25 Stand up

Away from RCR1 20 Body sway
Bend over
Stretch arms
Step over

Total falls 90 Total Non-falls 341
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3.2.2 Lab Configuration 2— One Ceiling and One Wall Sensor

In the second experimental configuration, one RCR is placed in the room ceiling
center and the other one is attached on the north wall at a height of 1.27 meters as shown
in Figure 3.7. The ceiling RCR is vertically pointing down to the floor center of the room.
The wall RCR is pointing horizontally to the chest of the standing subject in the room
center, as shown in Figure 3.7 (a). In Figure 3.7 (b), falls were performed in a radial
pattern. The radius R1 is 1 m, R2 is 2 m and R3 is 3 m. In Figure 3.7(a), the subject is
standing in the center of the room and facing the north wall.

In Configuration II, we collected 126 falls from two subjects at 21 positions shown in
Figure 3.7(b). At each position, each subject performs three types of falls (see Figure 3.8):
forward fall, left side fall, right side fall. 817 non-fall activities such as walking and
bending down are selected from the recorded radar signal at locations that show high

energy density in the related spectrogram. The dataset information is shown in Table 3.2.

wg

X Fall position

y |
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Figure 3.7 Sensor deployment setups in motion lab with Configuration II: wall and
ceiling radars system. (a) Real view; (b) Position diagram.
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Table 3.2 Dataset for Configuration II.

Fall # files Non-fall # files
Balance— Walk
Forward 42 Turn
Left 42 Sit down
Right 42 Stand up
Body sway
Bend over
Stretch arms
Step over

Total falls 126 Total non-falls 817

Figure 3.8 Three types of falls for Configuration II. (a) forward fall; (b) left side fall; (c)
right side fall.

3.2.3 Lab Configuration 3 — One Ceiling and One Floor Sensors

In this configuration, one RCR is mounted on the room ceiling center and another
RCR is on the floor, which is held by a tripod. In Figure 3.9(a), the subject is standing in
the room center and falling towards the floor RCR. The position diagram for RCRs is

shown by Figure 3.9(b).
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Figure 3.9 Sensor deployment setups in motion lab with Configuration III: floor and
ceiling radars system. (a) Real view; (b) Position diagram.During the experiment, the
mattress was in the center of the room.

In Table 3.3, stunt actors performed 21 types of falls in 105 files. The 383 non-fall files
contained eight non-fall types in five daily scenarios. We located 349 potential falls as
the false positives for the ceiling RCR and 361 potential falls as the false positives for the

floor RCR.
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Table 3.3 Dataset for Configuration 11

Fall # files Non-fall # files
(21types) (8 types)

Balance— Walk 175
Forward Turn 14
Backwards Sit down 35
Left Stand up 35
Right Body sway 18
Lose Consciousness— Bend over 75
Forward Stretch arms 15
Backwards Step over 16
Left

Right

Crumple

Trip & fall-
Forwards
Sideways
Forwards
Sideways
Backwards
Reach-fall (chair)—
Forwards

Left

Right

Forwards
Backwards

Couch Fall-
Upper body first 5

Hips first 5

Total falls 105 Total non-falls 383

Dn D D D Dn Whn D D 0 D Wn D D D

DN DN D 0 Dn

3.2.4 Lab Dataset

More details about the subject information in above three lab configurations are
listed in Table 3.4. The subject information includes the gender, height, and weight
information. The last three subjects are stunt actors trained by nursing school staff [36].
After training, these actors can fall simulating what an actual fall of elders looks like

according to the patterns most evident in elderly fall analysis.The first four subjects are
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students. They try to act in the same way as the stunt actor to imitate the elders. The

notations for the dataset under each configuration are FF_SYS, CW_SYS, and CF_SYS.

Table 3.4 Datasets and subject information for lab configurations

Configuration # | Subject # | Gender | Height | Weight | Fall | Fall direction
(em) |(kg) | #
Configuration 1 | 1 male 188 88 20 | Forward to RCR1

20 | Forward to RCR2

5 Forward to RCR1&2
2 female | 162 53 20 | Forward to RCR1&2
20 | Away from RCRI1

5 Forward to RCR2
Configuration IT | 3 male 183 83 21 | Forward

21 | Leftside

21 | Right side

4 male 171 61 21 | Forward

21 | Left side

21 | Right side

Configuration III | 5 female | 160 61 21 | 21 types of fall
6 female | 163 53 42 | 21 types of fall
7 male 173 77 42 | 21 types of fall

3.3 Apartment Configuration

As part of the MU sensor guided fall study research group, I helped install the fall
detection system in the real senior apartment, Tiger Place. All the elders live
independently in this apartment. The University of Missouri-Columbia (MU) Institutional
Review Board (IRB) approved this project, and we also obtained written consents from
those residents who agreed to participate in this project. The stunt actor visited each
apartment of those participants and performed fall and other non-fall activities. Besides
the radar sensor, each participating apartment was also equipped with Microsoft Kinect,
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which measures and monitors subtle changes in the gait and movement of older
people, and a webcam. The webcam was switched on during the stunt actor falls. This
provided a convincing ground truth to validate the detection algorithms. To assure
privacy protection to the residence, the webcam was not active during the day. The
ground truth for falls generated by the residents can be observed through the depth image
recorded by Kinect in the living room.

We placed two radar configurations in the Tiger Place senior apartments: a floor
RCR and a ceiling RCR. The floor RCR box was set beside the apartment front door and
pointed to the main path of the living room. In Figure 3.10, the stunt actor is falling away
from the floor RCR. The mattress is aligned with the main path. The ceiling RCR was
placed in the attic affixed to a wooden bracket above the center point of the living room’s
ceiling. One ceiling RCR is on the top of the apartment living room in Figure 3.10.
Considering the room size influence on the detection and occurrence place for real falls,
the other three ceiling RCRs were installed in the ceiling area of three bathrooms.

The data collection in each apartment still followed the 21 fall prototypes, as

listed in Table 3.5.
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Ceiling RCR

Stunt Actor Floor RCR

Figure 3.10 Senior apartment in Tiger Place. RCR 1 is on the floor and RCR 2 is on the
ceiling. (a) Left side camera view. (b) Front camera view.

Table 3.5 DATA TP has 20 Falls from Stunt Actors and 16 Nonfalls from senior
Apartment.

Fall (21 types) # files | Non-fall (8 types) # files
Balance— Bend at kneel and stoop 2
Forward 2 Bend, kneel, lie 2
Backwards 1 Sit with leg extended 1
Left 1 Sit-ups, stretches 2
Right 2 Ly to half'kneel to stand 1
Losing Consciousness— Trip during walk 1
Forward 1 Sudden stop during walk 2
Backwards 2 Walk stop turn around 1
Right 1 Walk and sit on chair 1
Crumple 1 Bend over 3
Trip & fall-

Forwards 2

Sideways 1

Sideways 2

Backwards 1

Reach-fall (chair)—

Backwards 2

Couch Fall- upper body first 1

Total fall 20 Total nonfall 16
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3.4 Summary

In this chapter, we describe the different radar sensor configurations in lab and
real senior apartments. In the lab room, three configurations were considered. We
collected data with two floor radar configuration; one ceiling and one wall radar
configuration; one ceiling and one floor radar configuration. We also applied the floor
radar and ceiling radar in the Tiger Place senior apartments and collected the data once a
month. In the next chapter, we are going to show the features for fall and non-fall

detection.
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Chapter 4 Fall Detection Algorithm

4.1 Signal Preprocessing

On the sensor data, we use energy burst peak finder to locate the motion segment
which includes a potential fall activities [22].

As we mentioned in chapter 2, the short time Fourier transform (STFT) can divide
a signal into several sub-windows, perform the fast Fourier transform (FFT) for each
window and store the complex amplitudes in a table. The columns of this table represent
time and the rows of this table represent frequency. Thus we can determine the sinusoidal
frequency and phase content of local section for the signal. For the incoming raw radar

signal x(n), we rewrite the short time Fourier transform of equation (2.11) as

STET(m, f)= i x(Mw(n—m)e ", (4.1)

N=—c0

where w(n)is the Hamming window and is defined by

w(n)=10.54—-0.46cos(

27zn
. 4.2
2 (42)

The spectrogram is defined as an intensity plot of STFT magnitude by the
magnitude squared of STFT
spectrogram{r(n)} = STFT (m,w) * . 4.3)
The raw sensor signals and their spectrograms of a fall and a non fall signal are shown in
Figure 2.7.

The interested frequency range is [25, 50] Hz for fall detection problem. So we

sum up the energy in the interested frequency range after STFT via
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EB(m) = Sof) STFT(m,w). (4.4)

w=25/(27)
Then we smooth the curve with moving average to obtain the energy burst curve

with K times moves
N K-1
EB(m)=> EB(m—i)- (4.5)
i=0

On the energy burst curve, the abruptly change is represented by a peak, which
means the occurrence of an extreme motion, such as fall. Peak finder with threshold is
used to locate this potential fall location. By adjusting the threshold, the number of

potential fall activities can be varied.

4.2 Feature Extraction Method

Mel-frequency Cepstral Coefficients (MFCCs) are usually used as the acoustic
features [33, 34]. Since MFCCs features consider human perception sensitivity with
respect to frequencies, MFCCs features have the best performance for sound recognition.
MFCCs are used as the core features for recognition in most audio or acoustic signal
retrieving or detection techniques.

We apply this feature extraction method to radar signal in fall detection problem.
We extract MFCC features from the selected window on radar signal. We do the
classification between fall and non fall activities by using the extracted feature. First, we
explain this method step by step. Secondly, we tune different parameters and evaluate its
performance to find the best parameters [22].

There are six steps to compute the MFCCs features.
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(1) Pre-emphasis. The aim is to compensate the high-frequency part which was
suppressed during sound production. This can be performed by sending the input signal
X(n) through a high-pass filter
y(n)=x(n)—ax(n-1) , (4.6)
where we use 0.97 as the factor a.

(2) Frame blocking and Hamming windowing. The input signal frame is
segmented into sub-frames. Each sub-frame has a size of 256 samples. If the signal
sampling frequency is 960Hz, the sub-frame sampling frequency is 3kHz and the sub-
frame frame rate is 100 frame/second, the number of sub-frame in a input signal frame is
computed with L=fix((960*2-256)/(3000/100))=55. The notation “fix”’ means the nearest
integer in the direction of zero. Each sub-frame has to be multiplied with a Hamming
window to keep the continuity of the first and the last points in the sub-frame.

(3) Zero-padding and fast Fourier transform. Zero-padding is needed if the sub-
frame size is smaller than the point of DFT. We used N=512 points DFT. In spectral
analysis, different timbres in the sound signal correspond to different energy distribution
over frequencies. So FFT is used to each sub-frame which has been windowed by

Hamming window as
N-1

X (k)= > w(nx(n)exp(~j2zkn/N), 4.7)
n=0

where k corresponds to the frequency f(k)=kF,/N, Fs is the sampling frequency k=0,
I, ..., N-1.

(4) Filter bank constructed by triangular Band-pass Filters. The relation of
mapping the power of the spectrum onto the mel scale can be described by
Mel(f)=1127eIn(1+ f /700). (4.8)
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Mel-frequency reflects the human’s subjective aural perception. It is proportional to the
logarithm of the linear frequency.

An array of triangular bandpass filters is assigned over the Mel-frequency with
equal interval spaces but with logarithm based spaces over linear frequency to multiply
the frequency response to get the energy of each bandpass filter. Based on the experience
and several trials with the number of the band pass filter, we selected 30 triangular
bandpass filters. The first 10 filters are with equal linear space as 20 and another 20

filters using logarithmic space as 1.0712. The bank frequency range covers from 5SHz to

839.5745Hz.
The filter bank is constructed with N equal area triangular filers. The i-th filter

is defined by

2(kF, /N = fyy ) .
it Jf f  <KF/N<fy,
(fbdm - fbdi,‘ X fbd‘ - fbd,,,) h ‘

2(f,, —kF/N) .
Jf £, <KF/N<f,,
(fog, = foo, )(fog, = Too) ' "

0, if KF/N<fy KF/N>f,

Hi(k):

(4.9)

where i=1,.,N,, fyy is the lower boundary of the i-th filter, f,, is the center of the i-th

filter, and f,, ~is the upper boundary of the i-th filter. k corresponds to the k-th
coefficient of the N point DFT.

The boundary points of the N, filters are shown as

A, " -fme(fi )_fme(fow)
fbd, = fmell ‘I:mel(flow)'i-I : hglilf +1 -

, (4.10)

where fhigh and f,, are the boundaries of the filter bank, and

low
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fr;ell —7000{83(]:){ fmel J_IJ . (411)
1127

The filter bank is normalized and the sum of coefficients for each filter equals one.

Thus, the i-th filter meets the constraint
N .
> HK=Li=1.,N,. (4.12)
(5) Discrete Cosine Transform (DCT) & coefficient matrix.
The log-energy output of the i-th filter is computed by

E, :10g10(§| X (k)| H,(k)),0<i<N, (4.13)

where N, is the number of triangular filters in the filter bank and we use N, =30.

We apply DCT on 30 log energy E, obtained from the triangular bandpass filters
to have Mel-frequency cepstral coefficients. Usually, the number of cepstral coefficient
M is smaller than the number of filters N, in the filter bank. For each sub-frame, we

obtain M cepstral coefficients with

Ny
C, =Y cos(m(i—0.5)7/N,)E;, m=1, ..., M. (4.14)

i=1
Each sub-frame generates Mel-frequency cepstral coefficients. For a selected 2-
second signal window, the total number of sub-frames T is 55. The MFCC features are
saved as a matrix, which has a dimension of MxT. For the i-th processing 2-second signal

window, the feature matrix is defined by

[CL=| @ "~ i | (4.15)
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where T equals to 55 and M equals to 7. In the following classification, we threw away
the coefficients of the first line of feature matrix in Equation (4.15) since they are the

dominant components and do not play a positive role in classification.
4.3 Classification

For the performance consistent consideration, the fall detection system uses four
different classifiers: nearest neighbor, naive Bayes, support vector machine (SVM) and

hidden Markov model (HMM). The performance evaluation method is also proposed.
4.3.1 Nearest Neighbor

The Nearest Neighbor (NN) is the most popular method in recognition. In metric
space, an unknown sample is assigned to the class of the nearest point. Usually, we use
Euclidean distance to measure the distance between the unknown sample and other

samples.
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Figure 4.1 A nearest neighbor. The unknown square point is assigned to the circle class
since the nearest point to the square is a circle.
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For the MFCC features, we need to extend the Euclidean distance to a (M-1)xT

dimensional coefficient matrix [C], where M is the number of feature dimension for each
sub-frame. T is the number of sub-frame in a processing frame. The distance metric

between unknown sample s to another sample tz is presented by

<

o T M 172
DiSts,tk =[s—t |= [Z (Sij _tk,ij)zJ : (416)

i=l j

The aim is to find the minimum distance

Dist,, =min{Dist Dist,, ,...} » (4.17)

where i,k =1,..,K -1 and K is the total sample number. Then assign s to the class of the

sample t, .

4.3.2 Naive Bayes

The naive Bayes classifier is based on the independent assumption that a
particular feature of a class is independent to other features’ presence or absence in this
class. This classifier only requires a small amount of training data to predict the necessary
parameters for classification. We only need to determine the variances of the variables for
each class rather than the entire covariance matrix.

We reshaped the matrix into a feature vector X for each signal frame. The

feature vector X is independent, and we have

(M-D)T
p)= ] px)> (4.18)

i=1
where x=[x,...,X,,_,; 118 the feature vector and (M-1)xT is the total number of elements

in this vector. For fall detection, the class number N_ is 2 and we have c,, class of fall
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activities, and ¢ class of non-fall activities. So the prior probabilities for the two

nonfall 2

classes are computed by

# fall
= , 4.19
PCoan) # fall +#nonfall (+19)
and
p(cnonfall) = # nonfa” (420)

# fall +#nonfall

Based on a given feature vector X and prior probability of class observation, the

probability of a class is

(M-DT

p(c; [ < pe;) [T pxley)s J=1, 2. (4.21)

The classification rule was developed by [38].

(M-DT

c=argmaxp(c; |x) «<argmaxpc,) [] pxc)). (4.22)

cjeC cjeC i=1
We assume that p(X [c;)~ N(yij,cri?). This normal distribution has the mean and

variance for the i-th element of the class ¢,- We computed the log likelihood for p(c; | x)

with
(Xi — H; )2 1

Ln(p(x; | ¢;)) = —Té’—zln(Zﬁaﬁ) ) (4.23)

Taking the log to Equation (4.21), we have

(M-DT
L(c; [x)ecIn(p(c;)+ D In(p(x|c;) (4.24)
i=1
As a result, the classification rule in Equation (4.22) is rewritten as
(M=DT
c=arg maxL(p(c; |x) cargmax D, In(p(x |c;)~In(p(c;)) . (4.25)
cjeC ¢ eC i=1
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4.3.3 Support Vector Machine

Support vector machine (SVM) is another commonly used classification method.
An SVM model is a representative of sample points in a mapped higher dimensional
space. In this space, the samples of different classes are separated by a clear gap that is as
wide as possible. The two sides of this gap are constructed by two parallel hyperplanes to
separate the data. The maximum distance between those two hyperplanes is called a
margin. The purpose of SVM in training is to maximize the margin and create the widest
gap. We assume that the training dataset is represented with sample-label pairs
{(X,¥) | % eR,y, e {(-L1}}, i=1,...,K. Within K training samples, the i-th data sample x; is
labeled as vy, . For linearly separable data in Figure 4.2, w is the orientation vector of the

decision plane and b is the bias. The offset of the hyperplane to the origin along the

. b . .
normal vector W is ﬂ The set of points X on any hyperplane satisfies
w

wex—b=0. (4.26)
The “margin” refers to the two hyperplanes which can separate the data without

any data between them with the maximized distance. These two hyperplanes are

presented by

wex—b=1, (4.27)
and

wex—b=-1. (4.28)

2
The distance between these two hyperplanes is m

To avoid the samples falling between the margins, all the samples should satisfy

the constraint. Our aim is to solve the problem
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min,,, {| wW'w]}, (4.29)

subject to
y.(wex, —b)>1,i=1,...K. (4.30)
X2 g
>
b X1

IRval

Figure 4.2 An SVM trained with samples from two classes. Maximum-margin hyper
plane is represented by the solid line between the two margins.

For the case where no hyperplane exists to split the samples, a soft margin method

is used by considering a margin slack variable & . It is used to measure the degree of

misclassification of the data sample x, . The SVM are constructed by optimizing

min,, , . {%(WTW)+C2§} (4.31)
Subject to
YW H(X)+b)=1-& & >0, i=1,...K, (4.32)
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where ¢#(e)is the mapping function and C is the penalty parameter of the error term.

Using the method of Lagrange multipliers, the problem becomes
min,,, . max,, , {%(WTW)+Ci§i —iai [y, (W' @(x,)+b)—1 +§i]—iﬂi§i} with ¢, >0. (4.33)

[ used LibSVM [22, 35] here. It has a SVM training step and SVM prediction step.
The SVM training algorithm builds a model which assigns new examples into one
category or other categories. In SVM prediction step, the unknown examples are mapped
to the same space and their classes are decided by seeing which side of the gap they fall
on. Because the features’ dimension is as high as 55*%6=330 for each sample, we used

linear kernel in SVM for computational efficiency.

4.3.4 Hidden Markov Model

For the hidden Markov model (HMM), the state space is the set of S={s,...,s,}
and the observation space is the set of O={o,...,0,} . For an observed sequence
Y ={y,,....y;} with a length of T, y, =i represents the observation o at time t. The path
X ={X,,....,% } 1s a sequence of hidden states that generate the sequence of observationsy .

In HMM, we cannot observe the N states directly. Markov property says that the state
occupied at time t+1 only depends on the state occupied at time t. The state transition

matrix is denoted as A={ a, + with i, je[l,....N]. The element is defined as
a; =P(x., =s,|% =s) With Zj a; =1. It describes the probability of occupying state s,
at time t+1 from the state s at time t. Ergodic requests g, is non-negative. For the left-

right model, A is upper triangular and j>i. The model can emit finite M symbols from

each state. The observation emission probability matrix is represented by B={p,, } with
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je[1,...,N] and ke[1,...,M]. The element b, = P(y, =0, | x, =s,)describes the emitted k-th

o, from the state s, . For an observationy, , the observation emission probability is

computed by
D
b] (yt) = chd N(yt,ﬂjd 7Zjd )7d = 13"': D: j = 19"': N (4'34)
d=l1

where the M multivariate normal distribution represented by

— — 1 -
N (Y My, Z ) = (27) v | Zy | v exp(_z(yt _'ujk)zill(yt ~H5)) . (4.35)

The initial state probability vector is defined as z, = P(x, =s,). It represents the
probability of occupying state s at t=1. An HMM is defined with a set of parameters as
M={rz.a b, }or{m A, B}

In the training part, we trained 4, as the fall model and ;, as the non-fall model
with the training dataset [v'], ., K training sequences with a length of T. Using the
Baum-Welch algorithm, we obtained the learned A, B, & parameters for each model.

In testing part for an unknown observation o, , we use 1 as M. Given the
observation sequence, HMM can generate the observation sequence. For each model, we
find the maximum probability of all possible state transition paths that produce o, . o,
belonging to the fall class if we have the relation of
Prob(o, | A;)>Prob(o, | A, )- (4.36)

The probabilities expressed above with each model was computed using the Viterbi
algorithm.

Details of the Baum-Welch algorithm and Viterbi Algorithm are described in

[129]. We use h2m in this paper [130].
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4.4 Evaluation Criteria and ROC
4.4.1 Confidence Calculation

A receiver operating characteristic (ROC) curve is used to evaluate the
performance of the classifiers and features. By changing the discrimination threshold of a
binary classifier system, the ROC curve describes the relation between true positive rate
(TPR) and false positive rate (FPR). For our case, we generate a series of confidence for
each classifier. Then a ROC curve can be produced by thresholding those confidence
values.

Considering the difference among classifiers, fall confidence for NN and naive
Bayes can be computed by

Dist,,, — Dist
Dist,,

Conf,, s = Normalized rorfally, (4.37)

where Dist., is the distance to the nearest fall from current testing sample, and Dist

fall nonfall
is the distance to the nearest non-fall from current sample.
For SVM, the probability for the current classification result is taken as the fall

confidence. For HMM, the likelihood difference between fall model and non-fall model

is considered the fall confidence.
4.4.2 ROC Curve and AUC

A receiver operating characteristic (ROC) curve is used to evaluate the
performance of the fall detection result. By changing the discrimination threshold of the
binary classifier system, the ROC curve describes the relation between true positive rate

(TPR) and false positive rate (FPR). For SVM, the probability for the current
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classification result is taken as the fall confidence. The ROC curve is produced by
thresholding those confidence values.
On a ROC curve, area under the curve (AUC) can be calculated by using

trapezoidal approximations with adjacent two points (x,_,,y, ,) and (x,,y,),

AUCROC = Z(yk - yk—l)(xk - Xk—l) : (4-38)
k=1

In practice, we select the threshold at an operating point on the ROC. At the
operating point, the classifier gives the best trade-off between the costs of failing to
detect positives against the costs of raising false positives. With the selected threshold,
we get the values for true positive (TP), true negative (TN), false positive (FP), and false
negative (FN) in a confusion matrix. We calculate the following statistical measures to
compare the detection result.

Accuracy (ACC) represents the ratio of correct detected fall and non-fall to the

total number of samples. It can be calculated with

ACC,, —=— PN (4.39)
TP+FN +FP+TN

Specificity (SPC) means no false positive. It is defined as

TN
SPCor = Fp " (4.40)

Sensitivity (SEN) denotes no false negative. It is computed with

TP
SENor =N 7P (4:41)

Matthews correlation coefficient (MCC) is a measure used if the two classes have

very different sizes. It is in [-1, 1]. MCC equals to 1 if the detected result has the perfect
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match with the ground truth. It equals to -1 if the detected result totally disagrees with the
ground truth. It has been defined as

TPxTN - FPx FN
MCC,p =
JTP+ FP)TP+ FN)(TN +FP)(TN + FN)

(4.42)

From the above sections 4.1- 4.4, we have introduced the fall detection algorithm

and the performance evaluation criteria, which is also generalized in Algorithm 4.1. More

details about the MFCC parameter selection are discussed in Section 4.5.

Algorithm 4.1 Fall detection algorithm.

Assumptions:

The original signal is represented with sigOrig;

The signal window size is winSize=2 s;

The signal sampling frequency is fs;

The dataset has M fall and N nonfall events;

The function MFCC_featExtract is described in section 4.2;

The function leaveOneOut represents leave one out cross validation (in section 4.4) with
a classifier (in section 4.3);

The function thresholdConfidence is used to compute the false positive, true positive

and the area under the ROC curve.

falsePositive=[]; truePositive=[]; AUC_value=0;
For numEvent=1: (M+N)

Preprocessing:
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Load the original signal sigOrig;

Locate the fall or non-fall event position POS,;

Compute the window length: winLen= winSize*fs;
Compute the boundaries:
lo_b =| Pos,, -winLen/ 2 |;
hi_b=winLen+lo _b-1;
Take the signal segment out: sigSeg = sigOrig(lo_b: hi_b);
Extract features: featEvent(numEvent=MFCC_featExtract(sigSeg);
End
Leave one out cross validation with the dataset featEvent,
confidenceValue=leaveOneOut(featEvent, classifierType);
Threshold the confidence to produce a ROC curve and compute AUC,
[falsePositive, truePositive, AUC_value]

=thresholdConfidence(confidenceValue) .

4.5 Parameter Selection

We are looking for the best parameters for features with minimum dimension.
Those parameters include the signal window length for extracting features from 0.5s-6s,
the number of cepstral coefficients from 3-43, the sub-frame number adjusted by

sampling frequency from 1 kHz-10 kHz. The feature alignment is also discussed.
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4.5.1 Signal Window Length for Extracting Features

We use NN, naive Bayes and SVM classifiers to find the optimal signal window
length to generate the best performance efficiently. The signal window size is examined
from 0.5s to 6s with an interval of 0.5s. Algorithm 4.2 presents the method to compute
the performance and time cost with different signal window length.

Algorithm 4.2 finds the optimal signal window length.

Assumptions:

The window size searching range is in 0.5, 6 s with an interval of 0.5s;

The original signal is represented with sigOrig;

The signal sampling frequency is fs;

The iteration counter is set as itr=0;

The dataset has M fall and N non-fall events;

The function MFCC_featExtract is described in Section 4.2;

The function leaveOneOut represents leave one out cross validation (in Section 4.4) with
a classifier (in Section 4.3);

The function thresholdConfidence is used to compute the false positive, true positive

and the area under the ROC curve.

For winSize=0.5:0.5:6
itr=itr+1;
falsePositive=[]; truePositive=[]; AUC_value=0;
timeStart;
For numEvent=1: (M+N)

Preprocessing:
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Load the original signal sigOrig;

Locate the fall or nonfall event position P0S

event 3'
Compute the window length: winLen= winSize*fs;

Compute the boundaries:
lo_b =| Pos,, -winLen/ 2 |;
hi_b=winLen+lo _b-1;
Take the signal segment out: sigSeg = sigOrig(lo_b: hi_b);
Extract features: featEvent(numEvent=MFCC_featExtract(sigSeg);
End
Leave one out cross validation with the dataset featEvent,
confidenceValue=leaveOneOut(featEvent, classifierType);
Threshold the confidence to produce a ROC curve and compute AUC,
[falsePositive, truePositive, AUC_value]
=thresholdConfidence(confidenceValue) ;
timeEnd;
AUC array(itr)=AUC _value;
timeCost(itr)=timeEnd-timeStart;

End
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Performance of different feature window size
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In Fig 4.3, the area under the ROC curve (AUC) is stable increasing before
reaching the 2-second window size. The AUC dynamic range changes are insignificant if
the window size keeps increasing. In Fig 4.4, the classification time at 2-seconds is much
less than a larger window. Thus, the 2-second window has the best tradeoff between
performance and processing time. MFCC features are extracted with a 2- second window

from the signal in our algorithm.
4.5.2 Feature Window Position and Alignment

The feature window position has important influence in the detection performance.
The floor RCR1 from lab Configuration I is used as the test dataset to illustrate this case.
The time stamp of the ground truth is recorded by the webcam in the lab room.

We consider the window position cases as follows: 1) Use the time stamp window
center as the center of the 2-second window; 2) use the signal peak as the center of the 2-
second window; 3) use the signal peak as the start time for the 2-second window, and 4)
use the signal peak as the end time for the 2-second window. More details are given in

the Algorithm 4.3.

Algorithm 4.3 Finds the optimal signal window position.

Assumptions:

The effective fall signatures are related to the signal window locations for feature
extraction.

Four locations are considered:

1) take the time stamp center as the center of the 2-s signal window;
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2) take the peak location as the center of the 2-s signal window;
3) take the peak location as the start point of the 2-s window;
4) take the peak location as the end point of the 2-s window.
The original signal is represented with sigOrig;
The signal sampling frequency is fs;
The dataset has M fall and N non-fall events;
The function MFCC_featExtract is described in Section 4.2;
The function leaveOneOut represents leave one out cross validation (in Section 4.4) with
a classifier (in Section 4.3);
The function thresholdConfidence is used to compute the false positive, true positive

and the area under the ROC curve.

For locNum=1:4

falsePositive=[]; truePositive=[]; AUC_value=0;

For numEvent=1: (M+N)
Preprocessing:
Load the original signal sigOrig;
Compute the 2-s window length: winLen= 2*fs;
Read the timestamp time for the current fall event: timestamp start,
timestamp_end;
Compute the boundaries for the 2-s window:

If locNum==

3

winCenter — {(tlmeStamp _ start +timeStamp _end )J

2
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lo_b=| winCenter -winLen/ 2 |;

hi_b=winLen+lo_b-1;

End

If locNum==
Loc,., = findpeakLoc(sigOrig)
lo_b=| Loc,, -winLen/2]|;
hi b=winLen+lo b-1;

End

If locNum==
Loc,., = findpeakLoc(sigOrig)
lo_b=LocC,:;
hi_b=winLen+lo b—1;

End

If locNum==
LOC e = findpeakLoc(sigOrig)
hi_b=Loc,;
lo_b=hi_b—winLen+1;

End

Take the signal segment out: sigSeg = sigOrig(lo_b: hi_b);
Extract features: featEvent(numEvent)=MFCC_featExtract(sigSeg);

End
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Leave one out cross validation with the dataset featEvent,

confidenceValue=leaveOneOut(featEvent, classifierType);

Threshold the confidence to produce a ROC curve and compute AUC,

End

[falsePositive, truePositive, AUC_value]

=thresholdConfidence(confidenceValue) ;

Figure 4.5 Case-1: Use the time stamp window center

window.
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ROC curve for floor RCR
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Figure 4.6 Case-2: Use the signal peak as the center of the 2-second window.

ROC curve for floor RCR

1
{AUC SVM = 0.9650 ;

0.8} :
o 7,
g AUC Naive Bayes = 0.9513
o 06 |
g
g 04 1

0.2 |

O | | | |
0 0.2 0.4 0.6 0.8 1

False positive rate

Figure 4.7 Case-3: Use the signal peak as the start time for the 2-second window.
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Figure 4.8 Case-4: Use the signal peak as the end time for the 2-second window.

Table 4.1 AUC value for each feature window position

Case # | NN | Naive Bayes | SVM
1 0.848 | 0.881 0.821
2 0.959 | 0.907 0.898
3 0.962 | 0.951 0.966
4 0.874 | 0.782 0.825

Comparing the results of these four cases, we find that Case 2 and 3 have the best
performance, as shown in Table 4.1. Based on this experiment, we learn that the feature
window position is important in detection. We also noticed that the ground truth may
have some bias since it is observed by eyes from the video. Therefore, feature alignment

1S necessary.
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For each located potential fall, the located point from the energy burst curve is
taken as the center of the feature window. For feature alignment purpose, features are
extracted with a 2-second window and a 6-second window. The reference features are
extracted from a lab fall, in which the subject was performing a forward fall just under
the ceiling radar. We select the reference features with the length of 2-s window features,
shown in Figure 4.9.

Reference MFCC features
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Figure 4.9 Block diagram for the processing procedure to detect a fall.

The length of the feature is 330. The feature shift length is calculated by locating
the peak on the correlation between the current extracted 2-s window features with the
reference features. By moving the 2-s window in the 6-s window with the shift length, we
obtained the aligned features which have the highest similarity with the reference in the

neighborhood of the potential fall. More details are presented in Algorithm 4.4.
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Algorithm 4.4 Feature alignment.

Assumptions:

The effective fall signatures are related to the signal window locations for feature
extraction.

The reference feature is denoted by featRef;

The point that needs to be shift for alignment is alignDist;

The original signal is represented with sigOrig;

The signal sampling frequency is fs;

The dataset has M fall and N nonfall events;

The function MFCC_featExtract is described in Section 4.2;

The function featAlign is described in Section 4.5.2;

The function correlatePos is used to compute the distance of the correlation peak;

The function shiftPos is used to find the aligned feature in winLen_6s;

The function leaveOneOut represents leave one out cross validation (in Section 4.4) with
a classifier (in Section 4.3);

The function thresholdConfidence is used to compute the false positive, true positive

and the area under the ROC curve.

falsePositive=[]; truePositive=[]; AUC_value=0;
For numEvent=1: (M+N)
Preprocessing:
Load the original signal sigOrig;
Compute the 2-s window length: winLen_2s= 2*fs;

Compute the 6-s window length: winLen_6s= 6*fs;
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End

Find the peak location on the original signal;

Loc,., = findpeakLoc(sigOrig);
Compute the boundaries for the 2-s window:

lo_b, , =| Loc,,, -winLen _2s/2 |;

hi_b, ,=winLen_2s+lo_b, .—1.
Compute the boundaries for the 6-s window:

lo_b, , =| Loc,,, -winLen 6s/2|;

hi_b, =winLen_6s+lo_b, . —1.

Take the signal segment out:

sigSeg, , =sigOrig(lo_b, . :hi_b, );

sigSeg, , =sigOrig(lo_b, . :hi_b, ).

Extract features:

featEvent 2s(numEvent)=MFCC_featExtract(sigSeg, )

featEvent 6s(numEvent)=MFCC _featExtract( SigSeg, ).

Feature alignment: correlation with the reference
alignDist=correlatePos(featEvent_2s(numEvent), featRef);

featEvent aligned=shiftPos(featEvent 6s(numEvent), alignDist);

Leave one out cross validation with the dataset featEvent,

Threshold the confidence to produce a ROC curve and compute AUC,

confidenceValue=leaveOneOut(featEvent aligned, classifierType);

2
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[falsePositive, truePositive, AUC value]

=thresholdConfidence(confidenceValue) .

4.5.3 MFCC Feature Parameter Selection

To seek the best parameters in MFCC feature extraction, we designed three
groups of experiments: the first group shows the best parameters set with and without
feature alignment; the second group compares the best parameters set between the
unaligned and aligned features with different alignment methods; the third group presents
the best parameters set for unaligned and aligned features with a different classifier.

The first two groups used the CW_SYS dataset. Two classifiers, NN and SVM,
are applied for the first two groups since those two classifiers generate the best
performance in Case 3 of Table 4.1. The third group uses the floor radar data in CF_SYS

with HMM.

4.5.3.1 Fall Detection using NN/SVM for Unaligned Features
For the first group of experiments, the CW_SYS dataset is used for three
experiments: 1) use different MFCC frequencies; 2) use different numbers of MFCC

coefficients; 3) use different numbers of MFCC frame rates.
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Figure 4.10 Case-1: Use different MFCC frequency. (a) Overview; (b) Detailed look.
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Figure 4.11 Case-2: Use different numbers of MFCC coefficients. (a) The MFCC
sampling frequency is 1 kHz; (b) The MFCC sampling frequency is 3 kHz.
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Figure 4.12 Case-3: Use different numbers of MFCC frame rates.

We have the following observations. The best MFCC sampling frequency is 3
kHz when the coefficient number is 7 and frame rate is 100 in Figure 4.10. In Figure 4.11,
the best MFCC coefficient number 1s 17 with 1 kHz MFCC sampling frequency. The best
MFCC coefficient number is 7 with 3 kHz MFCC sampling frequency. The results with 3
kHz are better than the results with 1 kHz for both of the radar sensors and classifier
combinations. Also from the computational view, 7 coefficients are more efficient than
17 coefficients. By setting the 7 coefficients and 3 kHz sampling frequency, the best
performance for MFCC frame rate is 100 in Figure 4.12. So for the unaligned features,
the best parameters are 3 kHz sampling frequency; 7 MFCC coefficients, and 100 MFCC

frame rates.
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4.5.3.2 Fall Detection using NN/SVM for Aligned Features with Different Methods
In the second group of experiments, the unaligned and aligned features with
different methods from CW_SYS dataset are tested with SVM classifier in Figure 4.13

and NN classifier in Figure 4.14, respectively.
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Figure 4.13 Case-1: Performance with SVM using different MFCC coefficients at
mfccfs=3 kHz. (a) Ceiling RCR; (b) Wall RCR.
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Figure 4.14 Case-2: Performance with NN using different coefficients at mfccfs=3kHz. (a)
Ceiling RCR; (b) Wall RCR.

In this experiment, two alignment methods are considered. The first one is to shift
the feature position by adding zeroes. This is denoted as “shift position with 2-s win.”
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The second one is to shift the features in a larger window. This is called a “shift position
with 4-s win.” The shift position is located by the correlation peak.

We find that the performance with the aligned features is better than the unaligned
features for both classifiers with 7 MFCC coefficients. 7 MFCC coefficients are good for
the performance with the aligned features. The alignment of “shift position with 4-s win”
performs better than the alignment of “shift position with 2-s win.” This is true since
more signal information is conserved in the 4-s window. For more comprehensive
situations, the 2-s window is shifted within a 6-s window for the alignment.

The above two groups of experiments focus on the parameter selection for feature
extraction. In the next section, we will investigate the parameters with HMM on the floor
radar from Configuration III in lab.
4.5.3.3 Fall Detection using HMM for Unaligned and Aligned Features

In the experiments of the third group, HMM was applied on the dataset of floor
radar. We used leave one out cross validation with H2M to evaluate the detection
performance for the floor radar in lab. We selected left-right model with N=3 states for
fall model. The initial parameters for both models are in Table 4.2.

To explain the problem with a 2-second signal segment, we can extract 6
dimensional MFCC features for each of the 55 sequential windows to represent the
motion signatures. Using the lab data as the example, we have K=466 sequences. The
sequence length is T=55.

For an example, we take one fall as an unknown sample. In the training progress,

we obtain the updated A, and 1,2 with 20 iterations of EM steps using the remaining 465
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labeled data. Thus, we get a learned fall model 4, and a non-fall model 2, which is

represented by a set of parameters {m, A, 1,2 }.

In order to find the best parameters with the signal, we did two experiments: 1)

changed the sequence length by varying the MFCC sampling frequency; 2) changed the

feature dimension by varying the number of MFCC coefficients.

Table 4.2 Initial parameters and one example of trained models for HMM

Fall model Non-fall model
Initial | AO= A0=
0.5030.2; 0.60.30.1
0 090.1; 0.20.550.25
0 0 1 0.050.1 0.85
pi0= pi0=
100 0.650.150.2
Mu0= Mu0=
0.20nes(3,6) 0.20nes(3,6)
Sigma0= Sigma0=
0.80ones(3,6) 0.8ones(3,6)
Coefs | Af= A n=
(7) 0.9200 0.0800 0.0000 0.7807 0.1991 0.0202
0 09714 0.0286 0.2910 0.5559 0.1531
mfecfs 0 0 1.0000 0.0123 0.0391 0.9486
(3kHz)
pi0_f= pi0 n=
1 0 0 0.9269 0.0717 0.0014
mu_f= mu_n=
-0.0392 0.0609 0.1933 0.1923 0.7690 0.0802 0.0370 0.0742 0.1891 0.2335 -0.6497 0.0057
-0.1486 -0.3614 -0.0155 0.7063 0.7215 0.0230 0.0453 0.0816 0.2108 0.3448 -0.2925 0.0480
-0.0325 -0.0442 -0.0184 0.3497 0.1982 -0.0720 -0.0169 -0.0074 0.2021 0.8244 0.3997 0.1095
Sigma_f= Sigma_n =
0.0400 0.0297 0.0496 0.0457 0.0845 0.1465 0.0965 0.0761 0.1621 0.1008 0.2830 0.1588
0.1665 0.0777 0.0553 0.1769 0.1174 0.2080 0.1076 0.0853 0.2346 0.1519 0.2770 0.1566
0.1820 0.1543 0.2033 0.4263 0.4969 0.2903 0.1304 0.1206 0.2985 0.1838 0.1543 0.1449

Using the feature dimension as 6, the sequence length was calculated by changing

MFCC sampling frequency mfccfs. It is from 1 kHz to 17.5 kHz with an interval of 500
Hz from left to the right in Figure 4.15(a). For HMM the best performance happens
when the sequence length is 55 (in Figure 4.15(b)), which is with 3 kHz MFCC sampling
frequency. Then if we keep the sequence length at 55 and change the coefficient number,

we find the best performance is with 7 coefficients in Figure 4.15(b) for HMM. So the
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best parameters are still 3 kHz mfccfs with7 coefficients. Performance with NN is also
presented here as a comparison. For NN, the longer sequence number helps to improve

the performance in Figure 4.15(b). The best parameters for NN are not as clear as the

parameters for HMM.
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Figure 4.15 Floor RCR performance with HMM and NN. (a) The results with different
mfcc sampling frequency. (b) The results with different sequence length. (c) The results
with different coefficient number.

4.6 Summary

In this chapter, the algorithm for the fall detection system was designed. The
preprocessing method was proposed at first. The feature extraction method was
described. Several classification methods were introduced and applied to fall detection.
The evaluation criteria were presented as designed to evaluate the performance. The
parameters for the feature extraction are presented as investigated for ceiling, wall, and

floor radar sensors with classifiers.
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Chapter 5 Fall Detection Results

In this chapter, we will present the detection results for both lab data and real
senior apartment data described in Chapter 3 using the fall detection algorithm presented

in Chapter 4.
5.1 Fall Detection with Lab Dataset
5.1.1 Results with Configuration |

The FF_SYS dataset includes 90 falls and 341 non-falls. In order to see the
performance of this configuration, we also added another 19 falls. Thus we have 109 falls
and 341 nonfalls. For each sensor, the performance is shown with ROCs obtained with

the two classifiers SVM and NN. Figure 5.1 and Figure 5.2 show the results for RCR1

and RCR 2, respectively.
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Figure 5.1 Performance results for RCR1.
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ROC curve for all RCR data (RCR 2)
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Figure 5.2 Performance results for RCA 2.

From the above results, we see that NN produced the best results for both sensors,
with an area under the curve (AUC) of about 0.97. SVM performance was close, with an
AUC of about 0.94.

By analyzing the false alarms of both classification algorithms, we found some
examples of squatting and kneeling. A possible reason for this situation is that while the
actor and the students were instructed how to walk and fall as an older adult, they were
not told to bend and kneel in the same fashion. As a result, the speed of these actions was
possibly close to that of a fall. These results were also recorded in a lab instead of the

Tiger Place where the stunt actor eventually performed only the falls but not the false

alarms.
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5.1.2 Results with Configuration 11

With the CW_SYS dataset, we ran the fall detection for the ceiling and wall
RCRs, respectively. The ceiling RCR had 126 falls and 335 non-falls. The wall RCR has
126 falls and 353 non-falls. We show the detection results with SVM and NN classifiers
in Figure 5.3. We noticed that the best detection happens for the ceiling RCR with the
AUC 0.9990 using NN classifier. The best performance for the wall RCR was AUC

0.9750 with SVM classifier.

ROC curve for all RCR data
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Figure 5.3 Fall detection in lab with CW_SYS.

5.1.3 Results with Configuration 111

The CF_SYS has 105 falls for both ceiling and floor RCRs. The ceiling RCR
recorded 349 non-falls and the floor RCR recorded 361 non-falls.

Performance of fall detection with CF_SYS is shown in Figure 5.4, the ceiling

RCR almost detects all the falls at the false positive rate of 20%. By contrast, the floor
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RCR can detect all the fall when the false positive rate (FPR) is above 80%. At zero FPR,
the ceiling RCR had a 10% detection improvement compared to the floor RCR.

Fall detection result in Lab
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Figure 5.4 Fall detection in lab with CF_SY'S using SVM.

5.2 Fall Detection with Real Apartment Dataset

By assigning the same detection task in senior apartments, we test the different
training dataset with CF_SYS and DATA TP described in Chapter 3.

Figure 5.5 shows that the fall detector trained with DATA TP gives the larger
AUC than detector trained with CF_SYS for both RCRs. For the solid curves, the ceiling
RCR has a straight 3% increase in AUC. For the floor RCR with the dashed curves, the
AUC of the apartment trained detector still improved by 2%. However, this improvement
is more complex. The true positive rate (TPR) of the apartment trained detector was
lower before the false positive rate (FPR) achieved 17%. The detector trained with
DATA_ TP only improved the detection rate with the false alarm rate above 17%.
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Considering the small size of DATA TP, we combined the DATA Lab and
DATA_ TP together as the training dataset. The ROC curves in Figure 5.6 are similar to
those in Figure 5.4. We notice that the fall number in CF_SYS is 5.25 times the fall
number in DATA TP for both RCRs. The non-fall number in CF_SYS is 10.91 times
more than the number in DATA_ TP for ceiling RCR and 12.44 times more for the floor
RCR, respectively. As a result, the performance of the combined dataset was close to the
single CF_SYS due to the dominant role of CF_SYS. However, a slightly better detection
rate was achieved by including the DATA TP when the ROC curve reached 16% FPR

for ceiling RCR and 60% FPR for floor RCR.

Fall detection resultin TP
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Figure 5.5 Fall detection in senior apartment environment with DATA TP by using
different training datasets, CF_SYS and DATA TP, respectively.

With Equations (4.39)-(4.42), we calculated the statistical measures to the

detection results on each operating point of a ROC curve for above experiments as shown
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in Figure 5.7. The x-axis experiment number corresponds to the experiments of fall
detection in the lab (Figure 5.4), in apartment with the detector trained by CF_SYS
(circle marker lines in Figure 5.5), in apartment with the detector trained by DATA TP
( triangle marker lines in Figure 5.5), and in combined dataset (Figure 5.6), respectively.
The second and the third experiments have the same detection task. We notice that the
false negative increases for ceiling RCR since SEN dropped from 100% to 90%. The
false positive increased for floor RCR because SPC decreased from 79.31% to 72.41%.

All other measures improved after the detector training set was switched from CF_SYS

to DATA_TP.
Fall detection with both Lab and TP data
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Figure 5.6 Fall detection with CF_SYS and DATA_TP together.
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Statistical measures
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Figure 5.7 Statistical measures for each experiment conducted in lab. CR denotes ceiling
RCR, and FR represents floor RCR. Those measures are described in Equations (4.39)-
(4.42).

We find that the fall detection of ceiling RCR 1is always better than the floor
RCRs in Figure 5.4-5.6. The best performance is achieved when the testing and training
data are from the same environment as presented by Figures 5.4 and 5.5. Considering the
limited data collected in Tiger Place apartment, we combined both CF SYS and
DATA_TP as the training data.

We ran the fall detection with the floor RCR in each of the six senior apartments.
We used the fall detectors trained by CF_SYS and DATA_TP to detect falls with the two
weeks data for each floor RCR. Figure 5.8 shows the number of false alarms per hour for
each RCR in each apartment. The 2 weeks data included the day that the stunt actor
performed several falls near the floor radar. So there were some falls in each apartment
during those two weeks as well as the opportunity for false alarms.
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Figure 5.8 Fall detection and false alarm rate of floor RCR with two weeks of data from
senior apartment at six different apartments.

We learned in the lab (Figure 5.7) that locating the radar on the floor is not the
optimal location. For the real-world senior apartment data, we could better understand the
limitation of the floor radar as displayed in Figure 5.8. The falls can be detected with a
good degree of accuracy, but with a relatively high false alarm rate when using the radar
at floor level.

The signal strength of floor RCR varied in each apartment because the RCR
antenna was shielded with slightly different foil sizes, which was adjusted according to
the specific apartment surrounding settings, such as room size, furniture and building
materials. In Figure 5.8, more false alarms were detected in both apartments 5 and 6. This
could be due to more daily activities in Apartment 5 since a couple lived there. The

female resident was diagnosed with Parkinson’s and used a walker a lot in the room. In
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Apartment 6, the female resident had severe osteoarthritis and she was always in a
slumped position during walking. Rehabilitation or nursing staff visits to her apartment
generated more activities.

Next, we installed a ceiling RCR above several rooms, particularly the bathroom
where privacy is a big concern, to validate the consistency of fall detection performance
with ceiling RCRs. Meanwhile, we collected more data from senior apartments to enlarge
our dataset. It should be noted that only data points or silhouettes were obtained during

data collection, which protected the identity and privacy of the person being monitored.

5.3 Summary

This chapter has presented the fall detection results on three different
configurations in the MU elder studies research lab and continuous real-world data were
collected from six different senior apartments. The data collection details were introduced

in Chapter 3 with methodologies described in Chapter 4.
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Chapter 6 Data Fusion

We notice that different classifiers may produce different decisions for the same
radar signatures. In this chapter, we propose a fusion methodology based on the Choquet
integral that combines partial decision information from each sensor and each classifier to
form a final fall/non-fall decision. We employ Mel-frequency cepstral coefficients
(MFCC) to represent the Doppler signatures of various human activities such as walking,
bending down, and falling. Then we use three different classifiers, NN, SVM and Bayes,
to detect falls based on the extracted MFCC features. Each partial decision from a
classifier was represented as a fall confidence. We applied our fusion method to the lab
Configuration I dataset made up of 450 activity samples (109 falls and 341 non-falls).

We realized that a data fusion of the results from different classifiers of each RCR
is a key issue in making a final decision for the fall detection system. Hence, fuzzy
integrals and fuzzy logic measure were implemented to fuse these multiple information

sources.
6.1 Fuzzy Integration

Choquet fuzzy integral has been widely used in multiple source fusion cases [21].
Fuzzy measure is a representation of uncertainty. This is different from the assignment of
membership grades in fuzzy sets. Membership grades represent the degree of
membership in a particular set with unsharp boundaries for a value, which is assigned to
each element of the universal set. Fuzzy measure represents the degree of evidence or

belief that a particular element belongs to this set value by assigning a value to each crisp
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image of the universal set. Let X ={x,x,,....,x } be any finite set and 2 >-1. Sugeno A

e
measure is defined by the function g: 2* —[0,1] which have the following properties:
g(@) =044 9(X)=1.
ifAB<= X with A~nBc®, then
9(AUB) = g(A) +g(B) + Ag(A)g(B)- (6.1)
A set function satisfying the above conditions is a fuzzy measure. Fuzzy density can be
defined by g' = g({x})-
The value of A satisfies
a+1=T1",a+ag" (6.2)
where 4#0 and 4>-1.
To specify a Sugeno A measure on a set X with n elements only requires n different
densities, thus the number of free parameters is reduced from 2" —2to n.

Fuzzy Choquet integral was used to fuse n different information sources from a

discrete fuzzy set X. Let h be a function from X to [0, 1]. Let{x x

(1> X2ys-es Xy} TEPIESENL the

reordering of the set X such that h(x,)>h(x,)>...>h(x, ). Hence, the Choquet integral

of h with respect to a fuzzy measure g on set X is defined by
[hog = 3> hex, LG H) — g(“ H)I» (6.3)

where «H = (x,...,

x;,} and g(“H)=0.
Another general form of Equation (6.1) is

g({"H}) =g'+g({""H})+2g9'g({*"H}). (6.4)
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6.2 Fusion System of Multiple Information Sources

The dataset used for this project has 450 samples including 109 falls and 341 non-
falls. Two RCRs were recoding data at the same time. MFCC features of the i-th sample
were denoted with S; = [Si1, Siz, -, Sik], I=1, ..., 450 and Kk is the dimension of the
feature vector, which is related to the length of the signal. “Leave one out” for testing is
used. In i-th iteration, i-th sample S; was left for testing and the other 449 samples were
used for training.

Two types of data fusion systems were designed and are shown in Figure 6.1.
System I has a two-stage data fusion structure, with which the classification outputs are
fused for each sensor in the first stage and the two sensors are fused together in the
second stage. The purpose is of this design is to see the difference between each sensor in
the fall detection system. System II fused all six information sources directly. This is
more convenient when a system has lots of sensors and multiple classifiers are involved.
In these two diagrams, the total sample number M equals to 450, and three parallel-acting
classifiers were used to produce fall confidence for each sensor. Six sources of
information were needed so they could be fused together to let the fall detection system

make a final decision.
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6.2.1 A Two-stage Fusion System
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Figure 6.1 The diagram of the fall detection system with fuzzy integrals using a two-stage
data fusion system. (a) The outputs of three parallel-acting classifiers are fused together
in the first stage for each sensor; (b) Two sensors’ fused confidence are fused in the
second stage.

6.2.2 A Direct Fusion System
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Figure 6.2 The diagram of the fall detection system with fuzzy integrals with a direct data

fusion system.



6.3 Learning the Fuzzy Measure
A gradient descent method was used to learn the fuzzy measure. Minimum square

error is considered for a two-class classification problem. The cost function is defined as

Z(Jhog(hw) o)+ Z(_fhog(hw) Ty (6.5)

wsCl weC2 C

where T_ is the desired output for ith class and [hog(h,) are minimized under constraints
C

By taking a partial derivative with respect to each of the density g, we get

= hog(h,)—T, h
6g gqq 0g(h,)~Te,)— log(hm | 66)

Z(Ihog(h )- cz)wihogmv)

weC,

Gradient of the discrete Choquet integral with respect to Sugeno A measure can be

obtained by differentiating Equation (6.3).

The partial derivative of (6.4) with respect to g’ is

8g9({“H o9  O0g({*H .
g(;gj }): ag(]) g({ag }) (i)g({, H})
+2 %0 g({“‘H})Mg(.)—ag(éi}H”

g , (6.7)

where 64 /(6g') is deducted by the author in [21] by

P Y _ (6.8)
_ ) i
o’ 1+Ag’[l—aM)Zizl(Hgg%)]

6.4 Algorithm
For a fall detection system composed by M sample, N sensor, and L types of

classifier, the flowchart of the algorithm is shown by Figure 6.3. In our experiment, M, N
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and L are 450, 2 and 3, respectively. So the number of information sources is N x L,

which equals 6. Some major steps of the algorithm are given as follows.

Step 1:

Step 2:

Step 3:

Step 4:

Step 5:

Step 6:

Compute the spectrogram with short time Fourier transform STFT(f, t)
to raw radar signal.

With an assumed human torso motion frequency range [25 Hz, 50 Hz],
the energy burst curve is computed by EB(t) = Z?i’;ém STFT(f,t),
and its peak location is at tpeq.

Extract MFCC features from the raw radar signal with a 2-second
window, which includes the peak location t,eq, on the energy burst
curve.

Classify the extracted MFCC features from each sample by three
classifiers, NN, SVM and naive Bayes, respectively.

The outputs of the classification result generate six groups of fall
confidence Con fjie[O, 1]. Considering the difference among classifiers,

fall confidence for NN and naive Bayes can be obtained by

DiStfall—DiStnonfall) (6.9)
Distean )

Confinn/ng = normalized(
where Distg,); is the distance to the nearest fall from current testing
sample, and Dist, o, 18 the distance to the nearest non fall from
current sample.

For SVM, the probability for the current classification result is taken
as the fall confidence.

Fuse Confj; by Choquet fuzzy integral with learning fuzzy measure to

obtain the aggregated fall confidence Conf;.
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Step 6.0: Random initialize the fuzzy densities: g/ , j=1,...6. Calculate the
corresponding A by Equation (6.2).
Step 6.1: Compute the fuzzy integral with Equation (6.3).

. . 2
Step 6.3: Update fuzzy density by g.,,, = géld -a %, a is the learning rate.

Step 6.4: Calculate the total fuzzy density error from two continuous steps with
216'=1 | g,];ew - 9£zd| < { where C is the calculation accuracy for fuzzy

measure.

Step 6.5: The iteration stops when the termination condition Z?=1 | g,{ew -

ggld| < { is met or the maximum iteration step is achieved and Step 6
is exited with the current fuzzy integral as the aggregated fall
confidence Confj,. Otherwise, go to Step 6.1 and continue the learning.
Step 7:  Threshold the aggregated fall confidence Conf;, a final decision can be

made and a ROC curve is drawn.

Take Compute Extract MFCc| | S1assify using
STFTon [-»lenergy burst.l pifeatures on a 2- |3 <N SVM, Naive
raw signal | [peak location|  [second window| |SaYes for sample,
i=1,...,450
v
Set a threshold e Fuse Confj; with fuzzy Compute fall
If ' intergrals to get an confidence for each
AConf:> o wrar] €| 200regated confidence [€[classifier of a sensor,
else— “not fall” ACOHfiE[O,l] Confjie[O,l], ]=1,..,6

Figure 6.3 The flowchart of fall detection algorithm.
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6.5 Experimental Results and Analysis

For this data fusion of six information sources, problem experiments were
designed by different fuzzy measure acquiring methods where AUC values were taken
from each information source as the fuzzy measure g/, j=1,...,6 for both fusion system I

and II; furthermore, we used learned fuzzy measure for direct fusion System II.
6.5.1 Two-stage Data Fusion System

At each data fusion stage, Sugeno fuzzy integral and Choquet integral were
applied, respectively. The fusion result of different classifiers for the same sensor with
Sugeno fuzzy integral and Choquet integral is shown by Figure 6.4, which is
accomplished in the first stage. With the results from first stage, the information from two
sensors was fused in the second stage with Sugeno fuzzy integral and Choquet integral

again.
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ROC curve of data fusion among classifiers (RCR 1)
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Figure 6.4 The first stage data fusion for each sensor (dash - Sugeno; dot - Choquet)
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ROC curve of data fusion between sensors
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Figure 6.5 The second stage data fusion of two sensors (red dash — Sugeno integral, blue
dot — Choquet integral)
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6.5.2 Direct Data Fusion System

Firstly, the information sources are fused with Sugeno fuzzy integral and Choquet
integral using the fixed fuzzy measure, AUC values. The fused results are shown in
Figure 6.6 (a). Then a Choquet integral was implemented with the learned fuzzy measure

as shown in Figure 6.6 (b).
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ROC curve of data fusion to all sources
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(a) Fixed fuzzy measure

ROC curve of data fusion to all sources with learning fuzzy measure
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(b) Learned fuzzy measure

Figure 6.6 Direct data fusion to all information sources (red dash — Sugeno integral,
blue dot — Choquet integral)
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6.6 Summary

To sum up the above results, Table 6.1 shows the performance of data fusion
with different designed fusion systems and fuzzy measure acquiring methods.

It is observed that Choquet integral performs better than Sugeno integral by taking the
same AUC values as the fuzzy measure. The data fusion result of Choquet integral with
the learned fuzzy measure gives a more encouraging result, which has an AUC as
0.97824.

After the aggregation operation with fuzzy integrals to the six information sources,
the fall detection of the system performed better than the detection results by using a
single classifier. We also found that the obtained AUC values various significant
integrals from 0.87888 to 0.97415 for each classifier of a sensor before fusion. Fusion
result produces a more reliable result with multiple classifier applications and lets the fall

detection system make a decision based on all available information.

Table 6.1 Comparison of area under ROC curve (AUC)

Sugeno integral Choquet integral
Sensorl | Sensor2 | Sensorl | Sensor2
1% stage 0.93826 | 0.9316 | 0.94121 | 0.93904
System1 2™ stage Sugeno integral 0.94911 0.95009
Choquet integral 0.96007 0.96033
0.94937 0.9564
Direct Choquet integral
System2 fuse Withqlearned %uzzy 0.97824
measure
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Chapter 7 Effective Detection Range

This chapter evaluates the effective detection range around a radar sensor.
Thisdetection range comes from in—front—of-radar sensors placed at different heights;
hence, floor radar and wall radar will be examined as well as ceiling radar. The influence
of relative falling direction and the distance from objects surveyed to the sensor is
discussed. The influence of multiple falling positions under the ceiling radar is
investigated. The effect of different subjects on detection results is also considered. We
reorganized the dataset from previous configurations and combined the datasets for

experimental purposes.
7.1 Theoretical Simulations and Experiments

Configuration II was designed in our MU lab to study the effective detection
range around radar sensors. This experiment measured the effective detection ranges in
front of the floor and wall RCRs and below the ceiling RCR. The negative elevation
angle is the angle between the horizontal plane and the line of sight. If the RCR is higher
h, the detection range x also grows by keeping the same negative elevation angle as
shown in Figure 3.1. Thus, we used a wall RCR in the lab instead of floor RCR to
measure the effective detection range in front of the RCR. The wall RCR was attached to
the middle of one short wall with a height of 1.27 meters, which is about the chest height
of a falling subject. The ceiling RCR was mounted on a beam in the center of the room.
Both RCRs faced toward the center of the room. At each of the 21 locations, two subjects
were performing three types of falls around the room’s center. Figure 3.7 shows their

different positions.
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In a Cartesian coordinate system as shown in Figure 7.1, we assume that the

subject falls on ground with a velocity vector \}:[O, 0,—c]. The unit vector is defined by

u=u/|lul|. It is used to represent the direction vector from falling subject to the sensor

with a unit length. In this case, the radial velocity in the direction of the RCR was the

inner product of the velocity v and unit vector u . The Doppler frequency on the floor
was computed at each location on floor based on the Doppler effect theory described by
Equation (2.7). The algorithm for the simulation is given in Algorithm 7.1.

As a comparison, the maximum signal strength during a fall is displayed at each
position in the experiments. Figure 7.2 shows the theoretical simulation result in (a) and
the experiment signal strength in (b) for the ceiling radar. The comparison between

simulation and experiment for wall radar is shown in Figure 7.3.
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>
X

Figure 7.1 Detection range in front of the sensor with a certain height in the Cartesian
coordinate system.

The meaning of the intensity map is different between the simulation and
experiment. As a result, the range of the energy bar is different. However, the pattern of
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the intensity map can reflect the detection range on the floor. On the color bar, the more
red color means a higher possibility of fall detection. The blue areas indicate a lower
possibility of fall detection. By observing the results, the experimental pattern matches
the simulation pattern well for both radar positions.

Algorithm 7.1 Simulation of Doppler frequency.

We assume that the room size is WxLxH and the fall occurs on the floor surface.

The carrier frequency is f, =5.8x10°.

The sensor position in the room is Pos ., = (X, Y;,Z,);

We divide the floor surface WxL with small patches with an interval length of Ad :
the number of bins for width is wid=0: Ad :W ;
the number of bins for length is len=0: Ad :L.
We build up a table with Len_ W rows and Len L columns.
fori=1:Len L
for j=1:Len W

the current subject position is Pos,, (i, j,0) =[wid(i), len(j), 0] ;

sensor ‘|5

the unit vector is u = (Pos, (i, j,0)—Pos,,.. )/ || Pos, (i, j,0)—Pos

sensor

A

the radial velocity is veu ;

the Doppler frequency is f; (i, j) = f,(2 veu/c);

end

end
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Figure 7.2 Detection range of the ceiling radar sensor. (a) Theoretical simulation; (b)
Real experiment.
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Figure 7.3 Detection range of the wall radar sensor. (a) Theoretical simulation; (b) Real
experiment.
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7.2 Influence Factors in Fall Detection Experiments

The possible factors that influence detection results are discussed here. Those
influence factors include the relative falling direction, distance to the sensor and subject

difference.
7.2.1 Influence of Relative Falling Direction and Distance in front of the Sensor

We employed Configuration I to explore the influence of fall direction on fall
detector performance. In Figure 7.4 and Figure 7.5 we show the fall detection
performance for different fall directions: towards, away, oblique and perpendicular the
two sensors RCR1 and RCR2, respectively. From Figure 7.4, we see that RCR1 has the
best performance (AUC=0.996) when the fall is away from the sensor and the worst one
(AUC=0.889) when the fall is perpendicular to it. In Figure 7.5, the best detection of
RCR2 was when the fall was towards the sensor (AUC=0.998) and the worst was when
the fall was perpendicular to the sensor (AUC=0.966). We note that RCR2 detection was,
in general, better than RCR1’s since the fall mat was closer to RCR2.

From this experiment we can conclude that the fall direction has an important
impact on detection performance, introducing about 10% variability in detection results.
Best detection is obtained when the fall is along the sensor axis. Consequently, placing
the radar on the floor might not be the best solution for fall detection. Instead, positioning

the sensor higher up on the wall or ceiling might improve the detection performance.
7.2.2 Influence of Relative Falling Direction and Distance below the Ceiling Sensor

We used Configuration II to find the influence factor in detection for a ceiling

radar sensor. We also investigated a wall radar sensor as a comparison. In this
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configuration, two subjects performed three types of falls at each of the 21 positions. The
fall recognition results obtained for Configuration II are given in Figure 7.6. From Figure
7.6, we can conclude that the ceiling mounted RCR performed better (gave more usable

results) than the wall one.
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Figure 7.4 Detection results for RCR1.
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Figure 7.5 Detection results for RCR2.

Moreover, although the ceiling RCR had some variability in detection due to
fall direction, representing an approximate 30% deviation from that of wall and floor
mounted sensors. However, comparing Figure 7.4, 7.5 and 7.6, we see that the ceiling
RCR had a slightly lower performance (3-4%) than the floor RCRs when falls are closer

to the sensor.
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Figure 7.6 Detection results for forward fall.

The CW_SYS dataset is reorgnized by the distance from falling position to the
room center on the floor surface: 0 m, 1 m, 2 m, 3 m. There are 6 falls, 48 falls, 48 falls
and 24 falls at each distance. The ceiling sensor collected 342 non-falls and wall sensor
collected 349 non-falls. The results for ceiling sensor are shownin Figure 7.7. As a
comparison, the detection results with the wall sensor are shown in Figure 7.8.

We find that the AUC decreases when the distance increases from 1 m to 3
meters below the ceiling radar. We also notice that the detection result at room center is
not as good as the results at the distances of Im and 2m. The reason is that the fall
number at room center is 8 times smaller than the fall numbers at 1 m and 2 m. The
detetor trained by 6 falls at room center is still better than the detector trained by 24 falls

at a distance of 3 m. The conclusion drawn is that a better performance is achieved when
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the distance is shorter from the falling subject to the room center under the ceiling radar
sensor. This conclusion also fits the conclusions reflected in Figure 7.2.

ROC curve with SVM for each distance with ceiling RCR
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Figure 7.7 Detection results for ceiling radar sensor.

ROC curve with SVM for each distance with wall RCR
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Figure 7.8 Detection results for wall radar sensor.
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For the wall radar sensor, the detection performance should be distributed on an
elliptical contour line in front of the sensor as shown in Figure 7.3. However, we still
evaluated the performance at four distances since most of the activities were around the
room center in Figure 7.8. In comparison, the ceiling sensor performed better than the

wall sensor at each distance.
7.2.3 Influence of Different Falling Subject

We considered two experiments based on inter-level and intra-level falls. The
inter-level falls were performed by different subjects with same skill level for falling,
based on training and aptitude of students. The intra-level falls were performed by

subjects with different skill levels for falling such as stunt actors and students.

7.2.3.1 Different subjects—Studentl and Student2
For inter-level experiments, CW_SYS dataset is used. The student Subject 1 had
63 falls and 160 non-falls captured by the ceiling RCR and 170 non-falls as captured by
the wall RCR. The student Subject 2 had 63 falls and 175 non-falls detected by the
ceiling RCR and 183 non-falls recorded by the wall RCR. Each student fall was detected
with the detector trained by another student subject, as shown in Figure 7.9. Each student
fall was also detected with the detector trained by the same student in Figure 7.10.
Comparing the results in Figure 7.9 and Figure 7.10, we find that the fall
detector performs better when the fall is from the same subject who generates the training
data for the detector. The ceiling RCR outperformed the wall RCR in all cases as shown

in Figure 7.9 and Figure 7.10.
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ROC curve with SVM for all RCR data
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Figure 7.9 Detection results for the detector trained and tested with different subjects.

(a) SVM; (b) NN.
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ROC curve with SVM
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Figure 7.10 Detection results for the detector trained and tested with same subject. (a)
SVM; (b)NN.
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7.2.3.2 Different Subject—Students and Stunt Actors

For intra-level experiments, the ceiling radar data in CW_SYS and CF_SYS
datasets were used. The students had 126 falls and 335 non-falls. The stunt actors had
105 falls and 375 non-falls.

From Figure 7.11, we find that the detector trained with stunt actor falls to
detect student falls performed better than the detector trained with student fall data to
detect stunt actor falls. The reason is that the stunt actor had 21 different fall types, which
covered the three types of falls from other students.

Figure 7.12 shows that the detector trained with student data to detect student
falls performed better than the detector trained with stunt actor data to detect stunt actor
falls. The reason is that the ratio between the fall type and total fall number is quite
different in each dataset. The ratio is 3/126=0.02 for the student fall dataset and
21/105=0.2 for the stunt actor fall dataset. For the leave one out cross validation, the

better performance was generated when the ratio was low as shown in Figure 7.12.
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ROC curve for Ceiling RCR data
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Figure 7.11 Detection results for the detector trained and tested with different subject fall
skill levels.

ROC curve for Ceiling RCR data
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Figure 7.12 Detection results for the detector trained and tested with same subject fall
skill level.
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7.3 Summary

This chapter discusses the effective detection range around the radar sensor. We
did the comparison between the computational model and the maximum signal strength.
The results show us that the computational model matches the real experiments since
they have the same distribution pattern for the detection range around the sensor. After
we validated the experiments with the theoretical simulation, we investigated possible
factors that influence the detection results. For FF_SYS, the best detection was obtained
when the fall was along the sensor axis and closer to the sensor. For CW_SYS, the
ceiling mounted RCR had better performance than the wall mounted one with lower
detection variants due to different fall directions. The ceiling sensor performed better
than the wall sensor at each distance below the ceiling. Although different subject skill
levels is one factor that influenced the detection results when evaluating falls below the
ceiling, a more comprehensive training dataset would be helpful to improve the

performance.
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Chapter 8 Fall Detection in Real

Senior Home

Our aim is to detect falls of the elderly resident with a higher accuracy, especially
for the case when the resident stays alone at home and no one is there to take care of the
resident after a fatal fall occurs. For the real application in the senior apartment, the
Doppler radar sensor is sensitive to multiple types of motion generated by visitors, such
as repairman, housekeeper, family, friends, etc. Those high energy activities add noise to
the resident’s daily activity data and generate false alarms in the fall detection algorithm.
In this chapter, we further reduce the false alarms by proposing and developing several

methods to improve the fall detection system performance in real-world data.
8.1 Performance Improvement Methods
8.1.1 Sensor Fusion

Besides the Doppler radar sensor, the Tiger Place senior home was also equipped
with other sensors such as motion sensor networks, Kinect, etc. Each sensor technology
had its merits and shortcomings. Sensor fusion could increase the system accuracy for
detection [29]. We used the motion sensor network [30] to fuse the results from the
Doppler radar sensor. Later, we validated the fusion system performance with the Kinect

depth image.
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8.1.1.1 Motion Sensors Placement in the Home Environment

We deployed ceiling radar systems to six different apartments in Tiger Place. The
typical floor plan of a Tiger Place apartment is shown in Figure 8.1. Furniture placement
is not shown. There were seven motion sensors (located at the end of each cone of blue
lines) and one Doppler radar facing down to the floor (marked by a red cross in Figure
8.1) placed above the ceiling at the center of the living room and dining room. The
detection range of the radar is about 6.1 meters with a 90 degree cone angle. Since the
height of the room is about 3 meters, the cover range on the floor was a circle 6 meters
wide. The longer dimension of the room had a 6.4 meter coverage shown as 21 ft in
Figure 8.1. The sofa and other furniture occupied at least 1 meter of floor space in this
longer dimension. The Doppler radar covered the remaining 5.4 meters of floor surface.
The data logger for each sensor was synchronized with the same data server in Tiger

Place.
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Figure 8.1 The floor plan showing motion sensors placement in a senior apartment.
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8.1.1.2 Activity Density Map Generated by the Sensor Network

In the resident activity density map shown in Figure 8.2, the x-axis represents
days from left to right and y-axis denotes hours in a day. Each color represents the
different motion density levels. The black on the density map means that the resident was
away from home. The white represents very low density. The color bar illustrates the
density range from 50-99 events/h to >550 events/h using different color blocks from

gray to blue sequentially.
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Figure 8.2 Activity density map
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8.1.1.3 Description of Doppler Radar Sensor Feature

Since Chapter 4 presented detailed algorithm for the system, this chapter will only
briefly cover the data processing procedure.For the Doppler radar sensor signal segment
r(n), we first take the short time Fourier transform (STFT) by
STFT(m,w) = Y2 _r(n)w(n — m)e ", (8.1)
Then, we compute the spectrogram by taking the magnitude square to the STFT,
spectrogram{r(n)} = |STFT(m, w)|?. (8.2)
Next, we calculate the energy burst curve using

EB(m) = S50, | STFT(m, w), (8.3)

and smooth the curve over K bursts to reduce noise:

EB(m) =YX 'EB(m —1i). (8.4)

The peaks on this curve are the located potential falls. More detailed examples are
presented in the author’s and colleagues’ article published in a conference proceedings
for the IEEE Engineering in Medicine and Biology Society in 2012 [22].

We extracted MFCC features for each 2-second window which contained the
located possible fall activities. Each 2-second window data segment was divided into 166
sub-frames with an overlap rate of 0.5. Seven coefficients were extracted from each sub-
frame. After throwing the dominant coefficient away, we used 6x166=966 MFCC
features to represent this potential fall.

The radar signatures were classified by support vector machine (SVM) into two
classes: fall and non-falls. We employed LibSVM [22] to produce a score, fall confidence

confsqy. For computational efficiency, we used only a linear kernel for SVM in all our
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experiments. We generated a receiver operating characteristic (ROC) curve by
thresholding the SVM scores to evaluate the performance of our fall detection algorithms.
8.1.1.4 Sensor Data Fusion Schema

The outputs from above Doppler radar system were in the form of a radar fall
confidence confygqy associated with the corresponding time stamp t;.444,. The sensors in
the motion sensor networks are installed above the door of each room and the main
facility area, such as kitchen, bathroom, and closet. An event from the motion sensor
network means someone is moving around the sensor. A fall is unlikely to occur if an
event from a motion sensor is recorded immediately after it. Figure 3 illustrates the idea
of this assumption. The t ;s represents the time lapse between t,,4,, and the closest
event time stamp t,,,,¢i0n thereafter defined as tyi5r = timotion — tradar-

A predefined parameter Delta was used to determine whether the t ;5 was
among the reasonable range for a real fall. If the time lapse is shorter than Delta, it is a

false alarm. Otherwise, it is a fall. The rule is represented by

if tgise < Delta, false alarm
. (8.5)
if tgise = Delta, fall
|* Delta N
t_Dist :
|
|
|
|
|
| |
1 |
t_Radar t_Motion

Figure 8.3 Data fusion schema between Doppler radar and sensor network
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8.1.1.5 Description of Data Collected by Ceiling Radar

The experimental data includes training data from stunt actors and the continuous
testing data from Tiger Place. Due to the large dataset and limited space, only one week’s
data from an actual elderly person who frequently falls are presented in this paper.
The dataset in Table 8.1 was collected with ceiling radar at senior apartments in Tiger
Place. The stunt actor came to senior apartments monthly to perform different types of
falls and non-falls. The falls performed were 21 types including losing balance, losing
consciousness, trip & fall, reach & fall in different directions - forward, backwards, left
side, right side falls, and fall from couch. Non-falls were also collected as part of data on
daily activities and could be easily confused with fall activities causing false alarms in
fall recognition, such as bending down to pick up item from floor, retrieving items

dropped on the floor, sitting down on floor, kneeling down to tighten shoe, etc.

Table 8.1 Stunt actor dataset

Environment | Fall # | Non-fall #

Tiger Place | 72 98

8.1.1.6 Experimental Results

(1) Improving the performance by including the sensor network: In Figure 8.4, the
blue solid line gives the fall confidence generated by Doppler radar fall detection system.
The red dotted line presents the event activated by the sensor network. The x-axis denotes
the timestamp for both sensor systems.

Figure 8.4 (a) shows that a fall is recognized by the radar with a confidence of
0.96. No event was reported from the sensor network in the following 55 seconds shown.

Figure 4 (b) presents the typical false alarms from the senior daily activities: fast opening
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and closing of door near ceiling radar (0.98 fall confidence); fast turning around and
shifting walker direction (0.83 fall confidence). Multiple events from sensor network
after Non-fall-2 reflect that the resident is active or a visitor is in the apartment. Although
motion is not frequent after Non-fall-2, this false alarm can still be removed with a larger

Delta value.
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Figure 8.4 The examples fall confidence with events from the sensor network: (a) a

natural fall (top); (b) non-fall (bottom)

(2) Leave-one-out cross validation for the stunt actor dataset collected with ceiling

Doppler radar sensor
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The leave-one-out cross validation was applied on the stunt actor data in Table 8.1.
For N=170 samples, each experiment of this validation used N-1 samples for training and
the remaining samples for testing. In Figure 8.5 we show the classification results of the
radar signature library (see Table I) where we achieved an area under the ROC curve
(AUC) of 0.98. While good results were obtained on the signature library, we couldn’t

replicate them on the continuous datasets.
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Figure 8.5 The cross validation of the stunt actor dataset

(3) Data fusion results for the actual faller: Using the above stunt actor data for
training, we tested our fusion method on one week of continuous data collection in a

Tiger Place apartment. Figure 8.6 shows false alarms decreased by 63% while the
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parameter Delta increased from 0 to 53 seconds (from right to left). Without the motion
sensor network, the fall detection system generated 172 false alarms per day in order to
detect all the actual falls. The best performance of the improved system could achieve 62
false alarms per day without losing any falls when Delta equaled 53 seconds. If Delta

was larger than 53 second, the false alarm rate kept decreasing but there was some missed

falls.
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Figure 8.6 The performance of the improved fall detection system on one week of elderly
home data

It is reasonable to choose the best Delta value as about 50 seconds. An actual
elderly faller could probably not get up by herself to activate the sensor network within
50 seconds after a fall occurs. If any event is generated within 50 seconds, the detected

possible fall is most likely to be a false alarm and will be discarded. The remaining fall
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confidence is kept to generate the ROC curve as seen in Figure 8.6. We did not consider
the case that the elderly adult had a real fall and a visitor was there to generate events in
the sensor network. In this case we assumed that visitor would help the person who fell or
call a staff member.

In Table 8.2, four falls were detected with a higher fall confidence (>0.9). Fall-1
and Fall-4 generated a lower confidence (<0.5) due to the weak radar signals. Fall-1
occurred around the detection range of the ceiling radar. Fall-4 is a kind of slow motion
style fall, for which we assume the resident usually would not get a fatal injury. By
applying the sensor network fusion framework, we could detect all those natural elderly

falls by generating a lower false alarm number (even the fall confidence is small).

Table 8.2 Description of detected resident falls in a week

# Fall | Fall and accompanying activities
(observed with Kinect depth image)

close front door

resident kneeled first, then fell to the side
visitor behind kitchen counter, cat run
kneeled first fall, sit on leg and fall

one leg kneel first

sliding away the wheel chair and fall

AN DN B W=

8.1.2 Extended Features

8.1.2.1 LBP Features
Besides the MFCC features, we also developed other features to improve the fall
detection performance. One example is Local Binary Pattern (LBP) features. Local

Binary Pattern features for signal processing are modified from the 2-D LBP [44, 45]. For
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the signal segment, x[i] is the selected center among its P neighboring samples. The LBP

code on x[i] is computed with

LBPs (x[i]) = z%;z(s (x[i+p —2] —x01) 28 + Sxli +p + 11 - x[D2"*7), (8.6)

where S is the Sign function and defined as

1forx=0

Sla] = {O forx <O (8.7
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Figure 8.7 The generation of 1-D LBP code with P neighbors
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We set P=8 which has eight neighbors around the center sample x[i] as shown in
Figure 8.7. For the signal segment with a data length of L, i is in the range [P/2: L-P/2].
For 2-s radar sensor data, we had L=960*2=1920 and i=[4: 1916]. The difference of the P
neighbors to the center sample was converted to a P-bit binary code by equation (8.7).
The LBP code reflects the difference of the local sample to its neighbors. For a less
varying signal, those differences are close to zero. For peaks and valleys, the difference is
relative large. At edges, the difference in some directions could be larger than those from
other directions. The local patterns could be defined with the distribution of LBP codes

H S(LBPp(x[i]), k), k=1,..,n. (8.7

k= ngisL—P/Z
where k and n are the number of the histogram bins. Each bin corresponds to a LBP code.

6 is the Kronecker delta function which is given by

i
8@, )) = {Ol#;. (8.8)

The LBPp generates 27 different LBP codes corresponding to 2P different binary
patterns formed by P neighbors.
The rotation invariant patterns LBP}, is defined by
LBP; = min{ROR(LBPp,i)}, i=0,..,P—1. (8.9)

ROR(LBPp, ) performed a bit-wise right shift on P-bit number LBPp i times. The
LBP} is the minimum value was found by shifting the LBPp code for the P neighbors.
The processed window produced the same code for all shifted codes which is invariant to
rotation. Figure 8.8 shows the same example in Figure 8.7. After the rotation, the

minimum value was found as 3. So the rotation invariant binary patterns are 1100 _0000.
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Figure 8.8 The procedure to generate 1-D rotation invariant and uniform patterns for LBP
code with P neighbors LBP;™" = 3.

The uniform patterns LBPY define the LBP code which has at most two one-to-
zero or zero-to-one transitions. Each uniformed pattern was assigned to a different
histogram bin and all the un-uniformed patterns were assigned to the same histogram bin.

A uniformity measure U was introduced to describe the number of spatial 0/1

transitions in the “patterns.” Patterns 00101000 and 00000000 have U value of 4 and 0,
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respectively. The first pattern is non-uniform pattern since the U value is larger than 2.
Thus, we defined this operator as follows

LBPY™ (x[i]) =

{Ziﬁ;mx i +p =53]~ 2D +SGli+p+ 1] -2l f ULBP <2 4 )
P+1 otherwise

The example in Figure 8.8 has two 0/1 transitions and it is a uniformed pattern.
The LBP;™ binary codes shift until they achieve the minimum values and end up with a
histogram having P+1 bins for uniform patterns plus one bin for non-uniform patterns.
We used the normalized histograms for LBP;“with P+2=10 bins. So our implementation

of the LBP features hadthe dimension of 10.

8.1.2.2 Experimental Results

We used the dataset described in Table 8.1 to test the performance of LBP
features. For comparison, the MFCC feature is presented also in Figure 8.9. Each 2-s
signal could generate 330 MFCC features and 10 LBP features.

We find that the MFCC features outperformed the LBP features on the same
dataset since the MFCC-AUC is 0.98 which is larger than LBP-AUC of 0.79. MFCC
features system could detect 97% falls with a lower false alarm rate at 10%. However, we
notice that LBP features enabled the system to detect all the falls with a false alarm rate
above 40% whereas the system with MFCC features could only detect all the falls if the
false alarm rate was above 65%. Based on not missing any falls, the LBP features

performed better.
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Figure 8.9 The comparison of different features of the senior home data. (a) MFCC
feature and (b) LBP feature.
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8.1.2.3 Features Selection

Considering the results in Figure 8.8, we have several reasons to consider both of
the features in our applications. First, the starting point of the two features is different.
The MFCC features represent the short-term power spectrum of the signal. The LBP
features could reveal the varying of the signal. Second, the feature dimension is quite
different since MFCC features are 33 times larger than LBP features. Although the
feature dimension is not directly proportional to the classification performance, the larger
dimension may provide more information.

To solve this dilemma, we need to estimate the quality of features at each
dimension, also called attribute. RELIFE has been used to fulfill this task [128]. We
combined the MFCC and LBP features together and evaluated the efficiency or quality of
features with the RELIFE algorithm developed by Kira and Rendell for estimating
attributes. It reports how well the attribute values distinguish among instances that are
near to each other. RELIEF searches the two nearest neighbors for the given instance.
One distance is from the same class (nearest hit) and the other is from a different class
(nearest miss). Good attributes should differentiate between instances from different
classes and should be equal to each other for the instances from the same class. The
estimation of the attribute A is approximated in the form of the probability differences.
W(A) = Prob(dif ferent value of A|nearest instance from dif ferent class) —
P(dif ferent value of A|nearest instance from same class) . (8.11)

In Figure 8.10, the RELIEF algorithm has been implemented in two ways to
improve the system performance. The exhaustive searching range for feature dimensions

is from 5 to 340 with an interval of 5. The RELIEF algorithm first performs as a
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weighting device shown on the blue curve. The high quality of an attribute corresponds to
the large weight. For the example at the S5th feature dimension on x-axis, the 5th
dimension features have the five largest weights among all 340 features. The big
improvement happens at dimension 250 with an AUC value as 0.9744. The largest AUC
0.9803 occurs at the dimension length of 340. The RELIEF algorithm acts as a factor to
emphasize the efficiency of each attribute. Those attributes are still selected according to
the order of the weights. The selected attributes multiply their corresponding weights to
form the new features. The performance shows with the red curve. The performance
improves dramatically at the dimension of 55 with an AUC of 0.8250. The best
performance appears with the dimension of 340 having an AUC value of 0.9811.

Both of the two above featured handling methods could improve system
performance. The largest AUC increased from 0.9797 in Figure 8.8 to 0.9811 in Figure

8.10.
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Figure 8.10 The feature selection using RELIEF algorithm

8.2 Real-world Data Processing

After we deployed the Doppler radar sensors to the senior homes, each senior
home generated continuous radar signals with a 960 Hz sampling frequency. To process
those real-world data more efficiently, we first filtered the data to find out the possible

data segments where falls are most likely to happen.

8.2.1 Filtering

For efficiency, the raw Doppler radar signal needs to be pre-screened before

entering the classifier for further processing. We also call this pre-screen step “filtering
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out the interest points which have the higher possibility of containing falls.” We
developed the pre-screener based on the energy burst curve.

The energy burst curve was introduced in chapter 4 as a tool used in locating
potential falls on the coming unknown signal. The lab collected data generated the energy
burst curve using a frequency range from 25 to 50 Hz, which represents the fall on the
corresponding energy burst curve. Ideally, those potential falls could be pointed out by
those positions of the detected peaks on the energy burst curve. However, the effective
frequency range for generating the energy burst curve can differ when the radar
environment changes from lab to senior homes.

After the Doppler radar was moved to the senior apartments at Tiger Place, we re-
investigated different frequency ranges on those fall data sequences collected in the new
environment. Figures 8.11-8.13 show signal segments collected each month from three
different bathrooms in those apartments. The data was collected with Sinclair School of
Nursing trained stunt actors came from results processed in four different months. On
each figure, the upper subplot shows the energy burst curve marked with red stars,
indicating the detected possible falls after running the peak detection. The bottom curve
is the Doppler radar signal waveform with the ground truth of the fall occurrence
timestamps indicated by those green dotted lines.

The selection of different frequency ranges produced different energy burst curves. A
good range was established after exhaustive searching for both maximum and minimum
boundaries on the frequency spectrogram. The parameter searching was performed from
four months of bathroom site data in three different senior homes. The structure, floor

plans and surroundings are unique for each the bathroom. The frequency range of the
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desirable performance is between 30 and 300Hz. The pre-screen results of t Subjects 1, 2
and 3 are presented in Figures 8.11, 8.12 and 8.13, respectively. The sub caption from (a)
to (d) in each figure represents the data collected in different months from Jan to May in
2013. The April data is absent due to the abnormal device status caused by discontinuous
power supplies.

For each signal segment threshold, the energy burst curve was programmed to
throw away all the non-fall activities under the same conditions such as temperature,
surrounding staff, furniture displacements, etc. The threshold value is computed based on
the amplitude range of the energy burst curve on the current signal segment. The
threshold value for energy burst curve is selected by using
threshold = f[max(y) — min(y)] + min(y), (8.12)
where [ is the weight factor with a constraintas 0 < f < 1.

Among those pre-screen results, three signal segments have shown the perfect
pre-screen results in Figure 8.11(a) - (b) and in Figure 8.12 (d). They locate all the falls
accurately without including any false alarms. One extreme case is shown in Figure
8.13(c). The first fall showed a very weak strength on the energy burst curve. In order to
include this fall, the 8 is set lower as 0.1. In this case, the false alarms increasedto three.
The last false alarm of around 1000 s would not appear if the threshold was higher.

Another special case is the weak signal strength during the data collection period
in Figure 8.12(b). The signal amplitude is around +0.3V in this Feb. 15 data segment. In
order to obtain the second fall after pre-screen, the § was set as 0.2. The same radar had a
signal strength around £2 V in the May 24 data segment as shown in Figure 8.12(d). The

radar was setup above the living room ceiling. The temperature on Feb 15 was below -1°
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F before noon. The attic could get warmer instantly. The working temperature was lower
around zero. However, the operating temperature for radar was between 0° F and 50°F.
For the remaining seven data sequences, all the falls could be located exactly with 1-3

false alarms.
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Figure 8.11 The pre-screening with energy burst curve for subject 3013
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Figure 8.12 The pre-screening with energy burst curve for subject 3017
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Figure 8.13 The pre-screening with energy burst curve for subject 3052
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Table 8.3 Summary of the result from the fall pre-screener

Num | Subject | #Actual fall #Detected fall | #False alarm
(Ground truth)

1 3013 4 4 0
4 4 0
8 11 3
8 9 1

2 3017 4 6 2
4 7 3
8 11 3
8 8 0

3 3052 4 5 1
4 5 1
8 11 3
8 10 2

Total 72 91 19

Table 8.3 gives the summary on the results from the fall pre-screener. The total
data length is about 191 minutes. So we have (19 false alarms /191min) = 9.95% false
alarms/ min. Although the false alarm/min does not seem very low, we should notice that
the signal segments have lots of motions from the research staff around data collection.
Many things can confuse radar, such as the stunt actor moving up and down the mattress
and furniture, stretching legs and arms, quickly stooping to pick up things on floor, etc.
These activities would not happen a lot in a normal private bathroom. By increasing the

denominator for time, the false alarm/min would be very smaller in daily life.

8.2.2 The Running Radar Fall Detection System

A running radar fall detection system has been implemented and verified in a
standalone working mode on a desktop computer. The standalone software could
continuously process data recorded from senior homes. The input data format is in a

“.wdq” file. The system output result is saved in a text file. The text file is then imported
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to the server, where the user can check the fall confidence for a specific subject during
certain periods or at a specific time via a website. For nursing staff, this kind of fall
information is valuable to find the cause of a fatal fall or to discover the possibility of a
potential senior fall victim.

(1) Standalone mode of the fall detection system: To generate the standalone
mode of the monitoring system, a MATLAB Compiler generates the software installer.
The installer could run on the desktop without installing the MATLAB and thereby
avoiding the software license issue for multiple machines. Each of those desktop would

need MATLAB Compiler Runtime (MCR) to run the code.
Double click installer
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File Edit Format View Help

wed Feb 10 2014 13:13:45 1.83768-08

wed Feb 10 2014 13:14:24 0.030522

wed Feb 10 2014 13:15:58 0.0035513

wed Feb 10 2014 13:16:08 3.65038-08

wed Feb 10 2014 13:16:16 G.18658-12

wed Feb 10 2014 13:16:30 3e-14

wed Feb 10 2014 13:17:00 3e-14

wed Feb 10 2014 13:17:04 3.36578-13

wed Feb 10 2014 13:17:17 3e-14

wed Feb 10 2014 13:17:37 G.4031a-12

wed Feb 10 2014 13:18:14 3e-14 — = — —p Result

wed Feb 10 2014 13:18:17 3.2877a-0f

wed Feb 10 2014 13:18:21 3e-14

wed Feb 10 2014 13:18:37 1.78278-07

wed Feb 10 2014 13:10:12 0. 0025637

wed Feb 10 2014 13:10:21 3e-14

wed Feb 10 2014 13:10:25 3e-14

wed Feb 10 2014 13:10:28 3e-14

wed Feb 10 2014 13:10:33 4.11258-13

wed Feb 10 2014 13:20:00 4.059552-08

wed Feb 10 2014 13:20:13 5.4002-06

wed Feb 10 2014 13:20:20 4. 85068-00

wed Feb 10 2014 13:20:24 3e-14

wed Feb 10 2014 13:20:42 0.012103

wed Feb 10 2014 13:20:54 3e-14

wed Fab 19 2014 13:20:57 3e-14

Figure 8.14 A running fall detection system in standalone mode
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The recorded Doppler Radar data could be processed automatically by clicking the
installer (dark orange convex surface with light blue background icon) in Figure 8.14.
The progress of the data processing could be observed with the Waitbar. The result is
saved in the format of the fall confidence with timestamp. The minimum timestamp
interval is one second.

(2) Fall confidence displayed on a web interface: In Figure 8.15, a web interface
presents the fall detection result using Java Script. In the selected time duration, there are
three confidence peaks above 0.5. The red cursor shows the time stamp on a fall
confidence for the second peak. This peak happens at 9:22 AM on Nov/01/2013 with a
fall confidence at 0.7654. The first peak has a confidence 0.6566. The confidence of the
third peak is 0.7715. We can select the range for displaying the user interested segment

and check the confidence value on the curve.
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Figure 8.15 The fall confidence for a resident in senior home displayed on a web

interface
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()

Figure 8.16 The activities corresponding to the high fall confidence values: (a)-(c) show
the scene of Peak 1, Peak 2 and Peak 3, respectively.
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The higher confidence means the detected data point has a larger possibility to be
detected as a fall. We look back to the Kinect depth image to find out the ground truth for
each of those peaks. In Figure 8.16 (a), the resident is walking with a walker from the
bedroom to the living room at the left side of the image. Figure 8.16(b) shows that the
resident is reaching something under a big cover below the ceiling radar on the middle to
right image. In Figure 8.16 (c), the resident is sitting on a rolling chair and has raised s up

both of her legs from floor to lean on the chair back.

8.3 Summary

I implemented an automatic fall detection system for an actual retired community
apartment/home. I investigated different features: MFCC, LBP and the combined version
of features with RELIEF algorithm. I also improved the fall detection performance for
both pre-screener and features selection for the senior home data. I fused the radar fall
detection system with other sensors, specifically motion sensors. I developed a
standalone fall detection system and generated a result to display on a designed webpage.
These results are quite promising. This system was designed to help nursing staff better
understand information of the health status as it relates to falling for senior residents. In

this way, seniors can be more healthy and safer in their independent living.
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