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A bstract

Unobtrusively monitoring older adults in their homes could reduce the physical and 

cognitive impacts of aging. The problem of autonomous extraction of nocturnal move

ment times and respiratory rates using a pressure sensor array in bed was investigated.

Four segmentation methods were assessed for movement localization. A new move

ment detection segmentation algorithm accurately identified over 85% of movements. 

Six methods were evaluated for the extraction of breathing signals, including a rec

ommended cascade that increased signal to noise ratio by 4.45 decibels. A proposed 

weighted voting algorithm was compared to two existing methods of data fusion. 

Finally, a reliability metric for validity evaluation was also presented.

Through use of the proposed methods, respiratory rates and movement times were 

reliably estimated from participants who slept with a pressure sensor array below their 

mattress. W ith these parameters available, decision algorithms could be developed 

to alert a caregiver when intervention is necessary.
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Chapter 1

Introduction

1.1 M otivation

As sensors are miniaturized and become ubiquitous in our lives, there exists a great 

potential for health monitoring. Ultimately, the use of hospitals may be reserved 

for critical care, while monitoring procedures can be done in an environment that is 

comfortable for the patient and inexpensive to the health care system: the home. Not 

only can patients with identified health problems be monitored, but people at risk 

of developing health problems, such as elderly people, can be monitored for changes 

in their habits. This allows a faster response time to a crisis and allows preventative 

steps to be taken before a critical event occurs.

A smart pressure sensor can be used as an unobtrusive device that derives useful 

information about the human who puts pressure onto it. Such a pressure sensor 

could be embedded in many areas of the home, including the bed, the floor, the 

bath, and the furniture. Its data could be used on its own or in conjunction with 

other sensors in a home monitoring system. For instance, a sensor located in a bed 

could assess long-term sleep quality, sleep habits, and weight trends as well as nightly 

respiration, heart rate and bed occupancy parameters. These indices could form

1
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Status: Patient is in bed, Tying 
on le f t side 

^Respiratory rates 12 
Patient had a restless nir^it, 4.3 
hours of sleep recorded

Figure 1.1: Bed-based monitoring by pressure sensor array

part of an autonomous monitoring system capable of sending warning and alarms 

to caregivers should an abnormal event occur. During check-ups, physicians could 

use the information to review the sleep patterns of the individual, as well as obtain 

reliable information on parameters such as weight changes.

By employing not just one, but an array of multiple sensors, spatial information 

can be noted and movements can be localized. Not only does spatial information 

localize movement, but it also introduces redundancy and allows for a more intelligent 

estimate of status. For instance, where an arm twitch on a bed pressure sensor may 

overcome the breathing signal of the upper torso, sensors located under the lower 

torso may still exhibit the breathing signal.

1.2 P roblem  Statem ent

Currently, the use of pressure sensors for patient monitoring is being pursued by 

a number of researchers, but many signal processing techniques have not yet been 

evaluated in this context. Moreover, intelligent and reliable autonomous processing 

of the data has yet to be sufficiently addressed.

This thesis examines the question of what signal processing algorithms are most 

appropriate for such data, based on its specific characteristics.

Furthermore, algorithms are analyzed for their effectiveness when applied to res

piratory rate estimation. While a number of researchers have proven the ability of

ireless o r wired 
connection " V
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Sensor
Array

S e g m en ta tio n

Signal
Extraction

P a ra m e te r
E xtraction --------►

Signal
Extraction

- ...► P a ra m e te r
E xtraction

------►

; N sensors ;

Signal P a ra m e te r
Extraction E xtraction

Data
Fusion

Validity
E valuation

Param eter
estim ate

F igure 1.2: Block diagram of a autonomous monitoring system

pressure sensors to evaluate respiratory rate, few, if any, have compared algorithms 

or investigated improving the reliability of the results.

1.3 O verview

An intelligent pressure-based monitoring system would be able to discern between a 

person at rest or in motion. If the person is at rest, parameters such as respiratory 

rate should be available. Signals of interest would then be extracted from the pressure 

sensor data and the parameters estimated. Where multiple sensors report different 

values, a decision regarding the best choice would be taken. Finally, an estimate of 

the validity of this parameter would prevent inaccurate estimations.

The preceding description uses the data processing techniques of segmentation, 

signal extraction, data fusion, and validity evaluation. Each of these techniques are 

examined herein in order to create a system with the block diagram shown in Fig. 

1 .2 .
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1.4 O bjectives and Scope

The following objectives have been identified:

• evaluate segmentation and movement classification algorithms

• compare methods of source signal extraction

• examine, propose, and compare data fusion methods

• propose a validity evaluation method

The thesis will focus on the digital signal processing required for autonomous mon

itoring of a human loading a pressure sensor array. Since the bed is a convenient place 

to do such monitoring, experimental results presented herein will use bed-based pres

sure sensor data. However, many of the identified techniques are useful for monitoring 

from pressure sensors placed in other locations such as chairs, the floor, hardware in 

the home, or inside clothing or shoes.

The analysis of results will not attem pt any patient diagnosis, nor will designs of 

the pressure sensors or pressure sensor arrays themselves be proposed. All processing 

is considered in the context of the digital domain. Although some researchers have 

used analog filtering schemes prior to analog to digital conversion, this thesis assumes 

that processing is only available on digital signals from pressure sensors. Additionally, 

all processing is approached with the aim of real-time analysis. As such, only current 

and past samples may be used for analysis. This is sometimes referred to as causal, 

on-line, or sequential processing [1],

Many types of pressure sensors are available and are outlined in 2.3.1. The tech

niques presented herein for analysis of pressure sensor data are technology indepen

dent. Experimental data are obtained from a Kinotex pressure sensors mat, gener

ously donated by Tactex Controls Inc.
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1.5 Thesis C ontributions
5

The following is a preview of contributions that were made during research for this 

thesis. This list can also be found in Chapter 10

• Application of segmentation techniques to overnight monitoring was investi

gated and results presented here. As part of this analysis, a modified control 

limits algorithm for movement detection was proposed and published at the 

IEEE International Workshop on Medical Instrumentation and Applications 

International 2006 (MeMea 2006) in Benevento, Italy, April 2006 [2], The de

tection algorithm provides movement onset and offset detection with a low 

number of false alarms.

• Existing extraction methods were evaluated and a breathing signal extraction 

method was proposed based on these evaluations. The proposed method cas

cades a movement suppression algorithm with discrete wavelet transforms to 

create a mean 4.45 dB improvement in signal to noise ratio and 2.65 dB im

provement in spurious free dynamic range.

• A method for data fusion of parameters estimated from an array of pressure 

sensors was proposed and compared to two fusion methods that have been in 

use in the field. This new method showed a marked improvement in mean square 

error, with up to 33% reduction in this error. A poster presentation regarding 

this method was accepted and presented at the 2005 Conference of the Canadian 

Association on Gerontology in Halifax, Nova Scotia, October 2005 [3].

• Validity evaluation was investigated and a method for validity evaluation by a 

reliability metric was proposed and published at the EMBS 2006 Conference in 

New York, USA , September 2006 [4], This metric improved the true positive
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rate by over 6%, compared to a standard reliability metric. The metric was also 

proposed for use as a restlessness index.

• Experimental evaluation required data collection. Data was acquired from ex

periments with ten participants. Four separate experiments were undertaken 

with participants under observation. Additionally, a nocturnal experiment ac

quired overnight data. A database of respiratory signals from multiple partici

pants was created from the annotated observed experiments. These sources of 

data are useful not only for this thesis, but also for future work in this field.

•  A MATLAB graphical user interface for sensor array data annotation was cre

ated. This interface enables fast and simple data annotation addition and cor

rection.

1.6 T hesis O utline

Each Chapter presented in the thesis builds on the previous chapter’s results in order 

to create the system shown in Fig. 1.2.

Chapter 2 provides an overview of previous work in the field, including an in

troduction to smart homes, sleep monitoring, and pressure sensor arrays. Chapter 

3 continues the background review with a review of the included signal processing 

techniques and their use in pressure sensor monitoring literature.

Chapter 4 describes the experimental setup and the experiments that were un

dertaken for data collection. It includes data acquisition setup, computer simulation 

description, four observed experimental procedures, nocturnal experimental proce

dure, and the introduction of a breathing signal database.

In Chapter 5, segmentation algorithms are investigated by application to both
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computer simulated data and to data from participants sleeping during the night. 

Three algorithms are investigated: control limits, one-model CUSUM and two-model 

GLR.

Chapter 6 evaluates methods of signal extraction in order to improve signal to 

noise ratio of a source signal. Digital filtering, wavelet filtering, adaptive filtering and 

a proposed movement suppression and filtering method are evaluated by application 

to breathing signal extraction.

In Chapter 7, data fusion methods are compared and a proposed system is intro

duced. The proposed method finds sensors of interest and applies a weighted voting 

technique to the parameters estimated from their output. This method is compared 

to pre-summation and a reference sensor technique.

Chapter 8 investigates validity evaluation by suggesting a reliability metric based 

on both a weighting of the estimation and corruption information. This reliability 

metric is applied to respiratory rate measurements taken from overnight data.

Concluding remarks are made in Chapter 9. A brief synopsis of the results pre

sented in the thesis and suggestions for further research are presented here as well.

References are listed at the end and appendices that detail the experiment proto

cols, questionnaires, and derivations are also appended.
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Chapter 2

Background R eview

This chapter presents background information regarding smart homes, sleep assess

ments, pressure sensors, and pertinent literature in the processing of pressure sensor 

signals.

2.1 Sm art H om es

Home appliances are including a greater amount of sensor technology that can respond 

to an occupant’s specific habits and use. Where a fridge used to simply keep items 

cool, some fridges can suggest recipes or a shopping list based on the fridge contents 

(Fig. 2.1, sourced from [5]). The expansion of such intelligence into domestic life 

leads to the idea of the ‘smart’ home.

From learning your preferred lighting and temperature settings, to suggesting 

wardrobe choices based on the current weather [6], the smart home allows unobtru

sive technology to support occupants’ lifestyles. Challenges to be addressed in the 

implementation of smart homes include installation of devices in current homes, in

teroperability between devices, the lack of a system administrator, human oriented 

design, social implications, reliability, and careful study of the required intelligence

8
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Figure 2.1: Lexicle Limited’s smart fridge

and decision-making of the home [7].

The “Technology Assisted Friendly Environment for the Third Age” (TAFETA) 

project is aiming to harness the smart home ideal to aid physical and mental health 

in older adults. In particular, the project is researching and applying technology to 

address declining cognition, declining mobility, and increasing medical complexity in 

older adults. This research ultimately facilitates aging in place, defined as “not having 

to move from one’s present residence in order to secure necessary support services in 

response to changing need [8]”.

The TAFETA project has set up a smart apartment in the Elisabeth Bruyere 

Health Centre of the SCO Health Service in Ottawa, Canada. This apartment con

tains sensors embedded in everyday items. For instance, a sensor on the fridge door 

will alert the occupant if the door is open for too long. The apartment looks similar
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Figure 2.2: TAFETA’s smart apartment bedroom

to other older adults’ apartments since the sensors are quite unobtrusive. Figure 2.2 

shows the bedroom in this apartment where a Tactex Controls Inc. Bed Occupancy 

Sensor (BOS) is located below the mattress of the bed to determine bed occupancy. 

The BOS also activates low-intensity lighting around the bathroom door when a bed 

occupant leaves the bed.

2.2 Sleep A ssessm ent

Since the thesis proposes the use of the pressure sensor array for nocturnal monitoring, 

a brief review of sleep assessment is given here. Sleep assessment tools encompass the 

use of sleep diaries or logs, sophisticated equipment in sleep laboratories, or home- 

based devices.
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2.2.1 S leep  Logs and Q uestionnaires

Sleep logs and questionnaires are subjective measurements of sleep, but are routinely 

used in sleep research due to their low cost and ease of implementation [9]. These 

questionnaires ask subjects about the quality of their sleep, the time they fell asleep, 

the times they woke up, and factors that may have affected their sleep during the 

night. Commonly used questionnaires include the the Pittsburgh Sleep Diary, the 

Pittsburgh Sleep Quality Index, the Insomnia Severity Index, and the Medical Out

comes Study Sleep Scale [9].

The Pittsburgh Sleep Diary is useful in the overnight research presented here as 

the questions it includes are specific to each night and are useful in the annotation 

and comparison of a nighttime data recording.

2.2 .2  S leep  Laboratories

Sleep laboratories offer objective measurements of sleep using polysomnography 

(PSG), a test that records multiple parameters while the subject sleeps. PSG is con

sidered the ‘gold standard’ of sleep assessment [10]. Electroencephalography (EEG) 

is used as part of PSG to determine sleeping and waking states as well as sleep phases.

The first night effect (FNE) is a common problem in sleep laboratories. Due to 

the strangeness of the environment, and perhaps just the knowledge that someone is 

watching you, a subject sleeps poorly or differently than normal at first. Although it 

is generally only considered a problem during the first night, it is possible th a t this 

effect lasts longer [11],

R eproduced  with perm ission of the copyright owner. Further reproduction prohibited without perm ission.



12

2.2 .3  Sleep A ssessm en t at H om e

Nocturnal monitoring in the home must be simple to use and unobtrusive. Although 

a subject is in his or her accustomed sleep environment, FNE is still a factor [12]. It 

has been argued that sleep laboratories are preferred over home monitoring, even with 

their higher expense, since the expense incurred due to missed diagnosis may be high 

[10]. It is therefore imperative that monitoring in the home is not only inexpensive, 

but is also accurate. One of the current practices for objectively evaluating sleep at 

home is actigraphy.

Actigraphy

Actigraphy is the science of studying a person’s activity levels using actigraphs, and 

has been demonstrated to be a reliable and valid means for sleep detection, circadian 

rhythm assessment, and restless leg syndrome detections [13]. Actigraphs are devices 

that are most often worn on the wrist, mimicking the look of a wristwatch. Instead 

of showing the current time, the actigraph collects movement data from an internal 

accelerometer. This data can then be uploaded to a computer for analysis with 

specialized software.

Since the memory available on the actigraph is limited, sampled activity is aver

aged over an epoch. An epoch can range from two seconds to greater than one minute. 

One minute epochs have been determined to be acceptable for clinical sleep assess

ment uses [13]. Some actigraphs allow a choice of epoch length. Shorter epoch lengths 

result in more data storage requirements and thus a shorter available recording span, 

while longer epochs may not provide adequate resolution.

The use of actigraphy in sleep evaluation is based on the presumption that there 

is a reduction in movement when a person is asleep [13]. Determining sleep periods
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may be done manually, by a person trained to identify these periods from actigraph 

data; or automatically, by one of a number of available algorithms [14].

Although actigraphy is a valid measure of sleep times, sleep logs are still recom

mended in order to confirm an assessment. Also, clinicians are recommended to look 

at the raw data to remove any odd data [13]. Since people can lay still in bed without 

being asleep, actigraphy can overestimate the amount of sleep. In fact, this has been 

shown to occur to a small degree in the general population, and to a larger degree 

specifically in insomniac or depressive patients [14],

No first night effect has been related to actigraphy [14], [15], but most sleep/wake 

algorithms require more than one night’s data.

2.3 P ressure Sensors and P ressure Sensor Arrays

While actigraphs are now well-known and are widely used for sleep assessment, pres

sure sensors are still in their infancy for use in home-based sleep assessment. Pressure 

sensor arrays measure the force applied at a number of sensing points. The use of 

multiple sensing points allows more localized data to be reviewed and allows for the 

creation of pressure images and videos. These arrays have been developed for ap

plications such as tactile sensing in robots [16], plantar foot distribution assessment, 

and bed-based monitoring.

2.3.1 T yp es o f  P ressu re Sensors

A number of different types of pressure sensors exist to transduce exerted pressure 

into a voltage signal. Most pressure sensors do not actually provide measurements 

in pressure units such as Pascals, but instead provide a non-unit based count value 

of relative detected pressure from a baseline. In fact, the measurand is often force
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instead of pressure and the use of arrays of sensors allow an estimation of pressure 

(force per unit of area) [17].

Switch Sensors

Switch sensors give a binary output that denotes whether there is pressure on the 

sensor or not. A switch sensor may use two substrates that are normally not in 

contact with each other until the pressure pushes them together. Switch sensors have 

been used for pressure sensor arrays in floors [18].

+v +v
|  « j force

Figure 2.3: Switch sensor

Force sensitive resistor (FSR) sensors are types of switch sensors where the sub

strates are separated by a conductive material that allows current to flow. The 

resistance decreases when the substrates get closer together as contact pressure is 

increased. This allows a measure of force to be made [17].

FSRs have been used in a number of bed-based monitoring projects [19]. They 

have even been used in the soles of dancing shoes [20]. A disadvantage of FSRs is 

that their sensitivity may change after prolonged use [17] and. Non-linear behaviour 

and hysteresis of up to 21% has also been reported [21],
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Capacitive Sensors

Capacitive sensors rely on the effect of small changes in distance between charged 

parallel plates to affect the voltage across them. Capacitance is defined as

C " T
(2 .1 )

where C is the capacitance, A  is the area of the plates, d is the distance between plates 

and e is the dielectric constant. If the dielectric between the plates allows deformation, 

the distance d varies when a force is applied. As d is decreased, capacitance increases. 

For a static charge on the plates, the measured voltage is given by:

qv v )
C ( D ’

(2 .2 )

where q is the static charge in Coulombs, C(t) is the changing capacitance due to 

a distance change between the plates, and V(t) is the measured voltage across the 

capacitor [22].

+

Vl

force

d
v.

F ig u re  2.4: Capacitive sensor

The static charge sensitive bed (SCSB) uses such a capacitive sensor [23]. A 

high-resolution array of capacitive sensors was also created for robotic tactile sensing 

applications [24].

Hysteresis and non-linearity is a problem with capacitive sensors as the dielectric 

used between plates may not rebound very quickly [17]. Additionally, sensors such as 

the SCSB must be shielded [25] to avoid electromagnetic interference (EMI).
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Piezoelectric Sensors

Compression of the material from an applied pressure changes its resistance value [26] 

and an output can be resolved from a voltage across this resistor. This is similar to 

FSRs, but piezoelectric sensors are made of ceramic materials, while FSRs use carbon 

or ink as the conductive layer [17].

Some researchers report that the disadvantages of piezoelectric sensors include 

hysteresis, contact noise, fatigue, low sensitivity, and nonlinear response [26]. How

ever, it is also reported that piezoelectric materials have little hysteresis and instead 

their disadvantage lies in their temperature instability [17].

K inotex Sensors

Kinotex uses optical fibres embedded in a foam medium, such as polyurethane, to 

sense pressure. Light is shone through optical fibres to a sensing point where it illumi

nates the end of a second optical fibre. The light is then conducted to a photosensitive 

receiver.

P iv rc d iv r m cm lnaiir

'F iill Space" 
Configuration

In Pltixndioclc

Optical Fiber

Figure 2.5: Kinotex pressure sensor

Kinotex takes advantage of the change of the amount of light that is conducted to 

the receiver when the foam is deformed. As a force is exerted on the material, it will 

compress, increasing the material’s density and the light intensity that is scattered to
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the receiving fibre. Fig. 2.5, included with permission from Canpolar East Inc. [27], 

shows the Kinotex pressure sensor.

Eq. 2.3 gives the light intensity E s as a function of the material thickness. Csi is 

a constant set according to the properties of the foam and x  is the thickness [27].

E S = E0 -  E0e~x/C°l (2.3)

Some advantages of this type of sensor are an insensitivity to 60Hz interference, 

little or no damage from heavy loads, and a good price point [27]. Additionally, 

electronics may be located away from the subject, reducing the risk of electric shock.

However, polyurethane foam is affected by temperature [28], [29], and humidity 

[29]. As temperature increases, the foam can ’relax’, becoming softer and more pliable. 

This effect can be seen even from small changes in room temperature or from body 

heat [30], although Canpolar East Inc., the creator of Kinotex, shows only small 

changes over a —39°C to 23°C temperature range [27]. Another property of the foam 

is hysteresis. Foam may not retain all of its firmness after compression [31].

Other types o f Sensors

Pneumatic sensors have been used by a number of researchers in the area of pressure 

sensor monitoring [32], [33], [34], [35], principally for applications using only a single 

pressure sensor. Pneumatic sensors use applied pressure to mechanically move a 

transducer such as a potentiometer. Such pressure sensors reduce the risk of shock or 

damage to electronics since the electronics can be located away from the body [32], 

Strain gauges tha t convert an applied pressure into a resistance are load cells [36]. 

These have been used with the aim to detect and classify movement in bed [36].
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Figure 2.6: Creation of a pressure image

2.3 .2  P ressu re Sensor Im ages and V id eo

Pressure images can be made from the pressure distribution at an instance in time, 

or can be created from the average pressure outputs during a time period. Pressure 

sensor images have been used for analysis of objects on a floor [18], plantar foot 

pressure [17], and fingerprinting [37].

Fig. 2.6 is an outline of the steps required to create a grayscale or colour pressure 

image. To create the image, the data from each sensor is presented according to the 

column and row it occupies in the pressure sensor array. Intensity is assigned as the 

pressure output of the sensor normalized to the maximum possible output to give a
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value between 0 and 1. This value can then be mapped to a pixel intensity, either 

to a grayscale image where the lightness of the gray is proportional to the intensity, 

or to a colour image where intensity is mapped to a colour scale, which often varies 

according to the software package used to create the images.

The final step in the process is optional. This step is image upsampling, or in

terpolation. Interpolated images can be easier for our eyes to interpret than boxy 

squares.

A number of example pressure images are presented here from pressure sen

sors in various locations, with pressure applied from various parts of the human 

body. The Northwest Regional Spinal Cord Injury System (NWRSCIS) website

Figure 2.7: A pressure image from a toilet seat, photo credit: Karen Betz, PT

(http://depts.washington.edu/rehab/sci/) includes pressure images as part of an ar

ticle on pressure mapping assessment. Fig. 2.7 is shown with permission, depicting a 

pressure distribution on a toilet seat [38].

Fig. 2.8 shows a pressure image of a foot, which may be used to assess plantar

R eproduced  with perm ission of the copyright owner. Further reproduction prohibited without perm ission.

http://depts.washington.edu/rehab/sci/


2 0

(a) Foot (b) W heelchair (c) Person

Figure 2.8: Pressure images courtesy of Tekscan Inc., with permission

pressure distribution, the pressure image from the seat of a wheelchair, and the pres

sure image of a subject lying supine [39]. Fig. 2.9 presents grayscale pressure images

(a) Supine (b) Prone (c) Right

Figure 2.9: Torso pressure pictures of a subject lying on back, front and side

from a Tactex Controls Inc. BOS pressure sensor array. This array is not full-body 

sized and instead provides images of the torso only. The person’s head is resting on 

a pillow, above the array and the pressure on the top area of the array is due to the 

shoulder. Lighter areas are more heavily loaded than darker areas.
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Pressure sensor video can be made by sequencing pressure sensor images in time. 

Figure 2.10 presents three sequential frames, each spaced 2 seconds apart, of the same 

subject lying on his or her right side. The change is pressure from breathing is just 

visible as the shoulder (near the top) moves up and then down.

Figure 2.10: Pressure video of a supine subject
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2.4 Pressure Sensor Array M onitoring

This section provides information regarding the properties of pressure signals acquired 

from a pressure sensor array located under a person lying down.

2.4 .1  P rop erties o f  B ed -B ased  P ressu re S ignals

Bed-based pressure signals are not necessarily stationary or linear. Fig. 2.11 presents 

a temporal view of typical pressure signals.

10 15 20
Time (s)

(a) Unloaded

c 1000

20
Time (s)

(c) Body movement

_  2000

1000

10 15 20
Time (s)

(b) Saturated

P 300

10 15 20 25
Time (s)

(d) Respiratory movement w ith BCG

Figure 2.11: Typical temporal sensor outputs

Breathing Signals

Breathing signals from pressure sensors are different from person to person and even 

from a single person their shape may be different between sensor locations. Fig. 

2.12 demonstrates some breathing pressure signals from one subject during the same 

period.
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Figure 2.12: Breathing signal examples: concurrent signals from one individual

Clinical instrumentation for respiratory rate extraction should be able to detect 

rates between 2-50 breaths per minute (bpm), which is equivalent to 0.03Hz to 0.8Hz 

[40]-

Ballistocardiogram

Ballistocardiogram (BCGs) are the pressure sensor signals that arise due to the pulse 

flowing through the body. Fig. 2.13 shows several ballistocardiograms (BCGs). The 

top two occur during a period when a subject is holding his or her breath. The 

bottom two are the BCGs seen while a subject is breathing. The BCG on the bottom 

left has a relatively high SNR but the BCG is more frequently seen as in the bottom
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right with a lower SNR.
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Figure 2.13: Example ballistocardiograms

2.4.2 M on itorin g  by a  S ingle P ressu re Sensor - L iterature

The static charge sensitive bed (SCSB) was introduced in the early 1980’s by Alihanka 

et al., [23] as a unobtrusive device to monitor (manually) respiratory rates and the 

BCG. Processing from data from the SCSB has continued and automated methods 

of respiratory and BCG analysis have been proposed [25]. The SCSB has also been 

part of a home health system, named TERVA, that incorporates a range of sensor
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devices, including blood pressure monitors and activity monitors [41].

Other single sensors systems have been proposed: [42], [35]. A notable recent use 

of a single-sensor monitoring system was presented by Watanabe in 2005 [35]. This 

system was developed to calculate heart rate and breathing rate from an air cushion 

below a bed. These parameters were used to accurately estimate sleep stage [43].

2.4.3 M on itorin g  by P ressu re  Sensor A rray - L iterature

The use in literature of pressure sensor arrays for patient monitoring has grown since 

the late 1990’s. The following section presents a resume of the work that has been 

done previously in the field of pressure sensor array monitoring.

Nishida et al. used 221 pressure sensors in a bed to determine bed occupancy 

as well as posture in bed. Initially, this system detected respiratory rate from these 

sensors [44], but more recent publications have proposed the use of microphones [32] 

and video cameras [45] to find the occupant’s respiratory rate and detect sleep apnea.

Harada et al. have used pressure sensor mats located under the pillow [46] and 

under the mattress [47], [48] to determine restlessness, position, respiratory rates, and 

heart rates. A position tracking system was also developed based on the same sensor 

array outputs [49], [50].

The SleepSmart project used an array of 54 sensors at a 10 cm spacing under the 

torso and a 20 cm spacing between elements under the legs [19]. Respiratory rate, 

heart rate, body center of mass, and a restlessness index were calculated. Additionally, 

54 temperature sensors enabled temperature to be recorded. In-lab testing showed 

that heart rate could be determined successfully when the heart was located less than 

5 cm away from a sensor, but in the field, during overnight experiments, heart rate 

measurements were not reliable [19].

Small arrays have also been employed, using less than five sensors. Adami et al.
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used an array of four load cells under each leg of a bed to measure applied weight [51]. 

W ith this system, sleep profiles of subjects in a nursing home were created over a 

one month period. Additionally, a movement detection system and a method for 

classification into ‘big’ and ‘small’ movements was proposed [36]. Movements were 

detected through mean square pressure differences. Classifications were made by 

feature extraction of discrete wavelet transform (DWT) coefficients and the duration 

of movements. Linear classifiers were input with these features and their output was 

combined by a weighted voting scheme [36]. Chen et al. [33] used two water-based 

sensors under a pillow for detection of respiration and pulse.
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Chapter 3

R elated  Signal P rocessin g  Techniques

This chapter will detail signal processing techniques that could be applied to au

tonomous pressure sensor array monitoring. A resume of the state of the art in the 

application of these techniques to such monitoring is given at the end of each sec

tion. This includes an overview of segmentation, source signal extraction, frequency 

estimation, multi-sensor data fusion and reliability techniques.

3.1 Segm entation

Segmentation may be referred to as ‘partitioning’. This technique divides a sig

nal which undergoes abrupt changes at one or multiple locations into several quasi- 

stationary parts [1], It is an application of change detection [52] or abrupt change 

detection techniques. Segmentation can also refer to the classification of a segment 

after partitioning [53], or the ‘diagnosis’ of why the signal changed [54]. In this the

sis, segmentation will only refer to segment boundary detection, without diagnosis of 

what has changed.

For a single dimension time-based signal, segmentation delineates when changes 

occur in the signal. Examples of applications of single dimension signal segmentation

27
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include EEG analysis [55], [56], [57] and audio segmentation for speech and sound 

recognition [53]. Fig. 3.1 shows possible segmentation points on an example one

dimensional signal.
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Figure 3.1: Sample segmentation points

Two dimensional segmentation is used extensively in image segmentation [58], 

including medical imaging [59], [60], and it also finds a place in multi-channel EEG 

recordings [61].

Three-dimensional segmentation can be used to detect scene changes in video 

feeds or to create indexing for of a video database [62], [63]. Video can comprise 

four-dimensions when colour channels are included. Abrupt video changes between 

one scene and another are more easily detected than gradual scene changes that use 

techniques such as fades or dissolves [62], [63].

Ideally, a change detection algorithm would yield few false alarms and missed
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detections while the delay between the change detection and the actual change oc

currence would be minimized [54], [64], [52]. The false alarm rate can be given as 

the expectation of an alarm when no change occurs [64], The optimization of an 

algorithm will often try to minimize the delay to detection at a fixed false alarm 

rate [52],

Another desirable feature of an algorithm is to display symmetrical detection 

[52]. This occurs if the segment boundaries are detected similarly whether the data 

is analyzed forward in time or backward in time. This third feature is especially 

important for the detection of drops in energy, or segment boundaries where the new 

variance is less than the previous variance [54].

At the beginning of a data set and after each newly found segment boundary, some 

algorithms require a ‘dead interval’ during which the detector is not activated [54]. 

For instance, threshold values that are calculated from the data itself may need to 

be reset and cannot be recalculated until enough new data is present. Since new 

segments are not detected during this time, the dead interval must be less than the 

minimum required detectable segment length. It has been argued that it must be less 

than or equal to 70% of this minimum segment length [1],

While there are many applications of segmentation for one or multiple dimensions, 

the underlying segmentation techniques are quite similar. Two methods of threshold 

testing are described, the control limit test and the cumulative sum (CUSUM) test 

in 3.1.1 and 3.1.2 respectively. Two methods of distance measurements, the filtered 

derivative distance and the Generalized Likelihood Ratio (GLR) are introduced in 

3.1.3 and 3.1.4. Single model (Sec. 5.1.3) and two-model (Sec. 3.1.6) approaches 

are also examined. Finally, the application of segmentation methods to multiple 

dimensions is considered in Sec. 3.1.7.
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3.1.1 T esting: T he C ontro l L im it Test

An early method of change detection comes from the field of quality control in the 

form of the Shewhart control chart. Introduced in 1924 by Walter Shewhart as the 

‘statistical control chart’, the chart is used to detect a change in the state of control 

of a manufacturing process. Control limits are soft limits within the hard tolerances 

required of the output manufactured item. When the output falls outside of these 

limits, a change in the state of process control can be detected and corrected before 

outputs fall outside of the hard tolerances required [65].

Fig. 3.2 demonstrates these limits. Hy  and HL are the upper and lower hard 

limits, while UCL and LCL denote the upper and lower control limits, p denotes the 

mean, which should fall between UCL and LCL.

' Hu
UCL 

LCL 
—  H.

Figure 3.2: Hard limits and control limits

The Shewhart control chart plots the mean of groups of samples, denoted rnk■ The 

groups of samples used to calculate each rnk are comprised of p successive samples.

k*p

I  (3-1)m k = -  
P

n = p * (k —1 )+ 1

Fig. 3.3 shows an example control chart with one group mean outside of control 

limits. Groups of four samples each (p = 4) are advocated by Shewhart [65].
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m.

 UCL

-  -  LCL

>  20

Group num ber

F ig u re  3.3: Example Shewhart control chart 

UCL and LCL can be assigned by:

UCL =
V p

LCL =  f i - ~
V p

(3.2)

(3.3)

where // is the mean and a is the standard deviation of the samples. This assignment of 

control limits ensures that the probability of staying within the control limits is 0.9783 

for a normal distribution, but cannot be ensured for an unknown distribution [65].

When the mean and standard deviation are unknown, they may be estimated 

from the data. Unbiased estimates of ji and a may be found using the following 

equations [66]:
L

k=1 (3.4)
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where p is the number of samples per grouping, L is the number of groupings used to 

estimate the control limits, F is the gamma function and s\ is the standard deviation 

of each grouping.

3.1.2 Testing: C U S U M  T est

The cumulative sum (CUSUM) test also has a background in quality control [66]. 

The CUSUM test uses a stopping rule 9n > h that detects both abrupt changes and 

slow changes. gn is formed by an accumulation of distances, dn as is shows in Eq. 

3.6 [54] and h is a threshold.

9n 9n—i T dn iq (3.6)

Once gn rises above the threshold h, an alarm is signaled, the current segment is 

determined to end and a new one is begun. The test statistic dn can be any desired 

distance measure, such as the distance of the current sample from the mean (for mean 

change detection). The factor v ensures that system drift does not cause a large 

number of false alarms, v can be defined as the minimum dn since the beginning of 

the segment.

v =  min(dk) Vna < k < n (3-7)

na is the beginning of the segment, or the last sample at which an alarm was signaled

[54].

Since this test only looks for unidirectional changes, two tests, an upper limit test 

and a lower limit test must be used in order to detect changes in both direction. 

These tests, from [64], are summarized in Eq. 3.8 and Eq. 3.9
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gnu = max(gn^ iu +  dn -  v, 0) (3.8)

gni = max(gn- i l -  dn -  u, 0) (3.9)

An alarm occurs if either gnu or gUl is greater than h and they are reset to zero after

the alarm. The max function ensures that they does not drift too far away from the

threshold.

The CUSUM detector requires a distance input dn. The next two sections will 

review two popular distance measures.

3.1 .3  D istan ce  M easure: F iltered  D erivative

A simple distance measure is the difference from sample to sample, smoothed by a 

low pass filter. This is called a filtered derivatives detector [54] and its block diagram 

is shown in Fig. 3.4.

dn

F ig u re  3.4: The filtered derivatives detector

3 .1 .4  D istan ce M easure: G eneralized  L ikelihood  R atio

The Generalized Likelihood Ratio (GLR) is based on the likelihood ratio test. A 

likelihood ratio test compares the hypothesis of no change in the system statistics to 

the hypothesis of a change in the system statistics as follows:

x[n] d
dt LPF V_
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H0: no change has occurred

H \ : change has occurred

To test these hypotheses, the probability that the samples belong to the original 

distributions is examined against the probability that the samples belong to a new 

distribution. The log-likelihood ratio is given as

n ^ p ( y n \ H i { k , u ) )
d n  = 2 In ------ — ———  (3.10)

P { y n \ H o )

which compares the probability that there is a change during the samples yn, with 

a change in statistics v after sample time k, to the the probability that there is no 

statistical change over all n samples of y.

The probability of a number of samples belonging to a given distribution is the 

product of the probabilities of each sample belonging to that distribution. For an 

independent Gaussian signal, this likelihood ln of n samples belonging to a distribution 

with mean p and standard deviation a is given by [64]:

(Vi -  y f

e
£
i=i 2 a2

( a v ^ r  (3 ' n )

where yi is the observed noisy signal at sample i.

The likelihood that a change occurred at sample k is the likelihood that samples 

prior to k belonged to an initial distribution multiplied by the probability that samples 

from k  on belonged to a new distribution. The log-likelihood ratio of this with 

Gaussian distributions becomes

, r, 1 h - . k - l  { l ^ O i  0 0 )  *  I k - . n i y i ) 0 1 )  0 1  I k m i f l ' l i O ' l )  ('Q 1=  2 In ---------- -—  ------- -----------=  2 In-—  -------- r (3.12)
h : n { y  0 , 0 0 )  t k : n { y  0 , a 0 )

When the distance dn is maximized over both possible statistical changes u and 

change times k, we have the GLR method [54],
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Since the actual mean and variance are often not known, estimation of these 

parameters based on previous samples may be required [64]. These estimates can be 

made by computing a model for the signal, resulting in the single model detector.

When a signal can be represented by a model, such as a moving average (MA) or 

autoregressive (AR) model, the model outputs may be used to estimate when changes 

occur. A detector using two models is outlined in the next section, Sec. 3.1.6.

The model is estimated using an adaptive filter and the error of the actual output 

signal to the estimates is examined. If the error is white noise, the model is following 

the signal well, but if the error becomes coloured, the estimated model parameters 

will be changing. By capturing these error or parameter drifts, the detector can sense 

when the signal changes [54], This is sometimes termed a ‘whitening filter’ [54], The 

model can be created by using an adaptive filtering technique such as recursive least 

squares or least mean squares.

A classic distance measure extracted from the residual error signal is as follows [54]:

where en is the residual error at sample time n, L is the window length, and a() is the 

variance of the errors.

The CUSUM test may be used with the single model’s distance measure to detect 

segment boundaries [54], [64],

3.1.5 S ingle M od el D etec to r

(3.13)

gnu = max(gn_iu + d n - v ,  0) 

gni = max(gn- i [ -  dn -  u, 0) 

0-n 9nu ^  h || gni h

(3.14)

(3.15)

(3.16)

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



3 6

Segments boundaries are placed where an is true.

It has been argued that a one model detector does not deal well with the case 

of a new cri < uq [67]. This means this test may not be symmetrical as backward 

detection will yield different results than forward detection. The two model detector 

may relieve this problem [67].

3.1.6 T w o M od el D etec to r

A two-model detector uses one model to act as a reference and a second model to 

compare the current samples to the reference for segment boundary detection. The 

reference model may be of fixed length at the beginning of the segment or may grow 

to include all available samples. Fig. 3.5 shows the possible configurations. The 

growing window schemes may provide better results since a small reference window 

size may result in a poor estimation of the model [52]. The growing model takes into 

account all of the available information in order to create the reference model [68].

Several distance measures between the reference and the test model have been 

introduced:

• Autocorrelation function procedure: energy difference between autocorrelation 

functions [69]

• Spectral error measure procedure: MA model prediction error autocorrelation 

function ratios [61].

• AR model residual error GLR [70], [1]

These three algorithms have been compared, with results showing that the GLR 

algorithm locates the highest number of correct boundaries, with the lowest false 

alarm rate and delay to detection [68].
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Figure 3.5: Reference and test window schemes
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The two model detector allows simplification to GLR for a Gaussian signal, since 

maximization is not needed for the distance measure reduced to Eq. 3.17 [54], [64].

^  =  _ ( * „ - M 2)2 +  ( * „ - m ) 2 + l n gi  ( 3 1 7 )
0 2  Cf\ 0 2

W ith this result, a difference measure can be constructed based on the estimated 

mean and standard deviation from the reference window and from the test window. 

One simple method of reference and test window comparison uses unbiased estimators 

of the mean and standard deviation of the reference signal and the test signal [64], 

This method, using the ‘up-to-date’ growing window configuration, is summarized in 

Eq. 3.18 through 3.21.

A re/ =  --------- E  X[k] (3.18)
71 -----  Tir. *n -  n0 ,AC=7lO

1
(Meat =    — f  E  ( 3 ‘1 9 )n - n o - L

k = n -L - \ - l

1 n
O r e f  =   r  V  (x[k] ~  f l ref )2 (3.20)

n — no — 1
k~no

1 n
O tes t  = ------------ ;------ 7 E  _  Are/ ) 2 (3.21)n — rin — L — \  '

u k = n - L + 1

Here, Are/ is the estimated mean of the reference window, fitest is the estimated mean 

of the test window, <rre/  is the estimated standard deviation of the reference window, 

and Otest is the estimated standard deviation of the test window. L is the length of 

the test window, x[k] is the input at sample time k, n is the most recent sample time 

and n0 is the sample time of the first sample of the segment.
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3.1 .7  H igher D im en sion s

The previous techniques have been presented for single dimension signals. For sig

nals of higher dimension, three methods for incorporating the additional information 

available are as follows:

• dimension reduction by summation of distances

• voting

• dimension reduction by feature extraction

The following examples examine these methods as applied to video analysis.

One example of dimension reduction by summation of distances in video analysis is 

to calculate the sum of the time-based differences at each Pn(l, m),  representing a pixel 

at sample time n at I in the vertical direction and m  in the horizontal direction [62].

L ,M

d n  =  \p n { l , r r i )  -  Pn_i(Z,m)|; (3.22)
k = l , Z = l

The video frame here is LxM pixels. This distance measure may then be used with 

any of the previously defined segmentation tests.

The second method of a voting scheme applied to video analysis may use a like

lihood ratio test over multiple pixels or on a block-wise basis. The block-wise basis 

is described at the end of this section. Once the number of pixels or blocks reporting 

a change exceeds the voting threshold requirements, a change is accepted [62], Eq. 

3.23 shows the equation involved where hv is the voting threshold required for the 

stopping test.
M ,N

an ( ^   ̂ 9n,i h^) hv (3.23)
k= \ , i= i

Fig. 3.6 illustrates such a scheme, where light blocks are ‘no change detected’ and 

dark blocks are ’change detected’. Once greater than two blocks (hv =  2) out of the
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four blocks detect a change, the alarm is raised. Here, the last frame is detected as

the start of a new segment.

Figure 3.6: Example voting scheme for video segmentation

The third method is to use feature extraction for dimension reduction. An example 

extracted feature from a video is an intensity level histogram [62] for each frame. The 

histogram converts the three dimensional signal into a two dimensional signal of time 

and histograms. Either of the previous two methods, summation or voting, can then 

be applied. While it is possible that two very different images could have the same 

histogram, Zhang et al. argues that this probability is low [62], Another feature 

extraction method is to examine the Discrete Cosine Transform (DCT) coefficients 

that are available from compressed MPEG video [63].

Higher dimensions also allow statistical parameters to be estimated in one or two 

dimensions while distances dn are compared in the other dimension. In a video feed, 

for instance, the intensity values in a block or region in a frame can be examined for 

their mean and variance and then these parameters used in a likelihood ratio test 

across time [62]. This is the block-wise method mentioned earlier. The advantage for 

video segmentation using blocks is that small movements in a block will not create 

false alarms [62],

While segmentation schemes for multiple dimensions are concerned with reducing 

the number of dimensions, sometimes uni-dimension signals are converted into multi

dimension signals and processing continues as previously detailed. Researchers have 

used this approach with EEG signals [55], [71]. These signals are decomposed by
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wavelet analysis into multiple signals and segments are found by analyzing each of 

the wavelet decompositions.

3.1 .8  U se  in  L iterature o f P ressu re A rray M onitoring

Segmentation would allow a night to be broken up into different phases. Fig. 3.7 

shows a pressure signal from a single sensor acquired during a 15 minute experiment 

with a participant and the possible segment boundaries. Each segment is composed of 

a stable position and posture in the bed, delineated by regions of movement between 

positions, segmented manually by observation.

1500

5> 1000

6 8 10 
time (min)

t  08"O
I  0.6co
C 0.4 a>
E
S’ 0.2

C/5
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® — r ® ------------® — i— ® ----------- © I --------- ®  r ©  ® ------ 1 CPOCH) i— ©
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Figure 3.7: Example segment boundaries of a pressure sensor signal

Segmentation is yet to be formally presented in conjunction with bed-based mon

itoring, however a movement detection algorithm has been presented based on mean 

square pressure difference between overlapping reference windows [36]. This could
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be classified as a filtered derivatives segmentation algorithm. However, segmentation 

techniques have been used in other biomedical applications.

Control limits have been used for the most part for production process monitoring 

[66], but have also been used in a biomedical context for electrocardiogram (ECG) 

segmentation [72]. Additionally, appropriate thresholds for video segmentation have 

been found using control limits [62].

The CUSUM test has been used in a number of biomedical applications. Examples 

include uterine electromyogram (EMG) detection [71], real time analysis of EEG 

signals in intensive care [57], and ultrasound image contour segmentation [60].

The Generalized Likelihood Ratio (GLR) has also been used in a number of 

biomedical applications, including in EEG segmentation [55] and magnetic resonance 

imaging (MRI) change detection [73].

3.2 Source Signal E xtraction

Pressure signals from a person lying on top of a pressure sensor are a combination 

of weight, respiration, BCG, noise, and movement [48]. It is often desirable to pull 

out a single source from this combination to perform an analysis procedure. The aim 

of signal extraction is to improve the signal to noise ratio of the extracted signal, 

considering the desired source as the signal and all other sources as noise.

Fig. 3.8 demonstrates this procedure. The signal P shows the addition of a weight 

on top of the pressure sensor, for instance a person rolling onto the sensor. The signal 

Q is the breathing signal of the person, while R is the BCG. Noise, which could be 

systemic noise or environmental noise, such as vibrations from a truck passing in the 

street, is combined with each of the previous signals. Optimally, the source extraction 

procedure will extract an estimate of the original signal of interest, excluding all other
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sources. Here, the estimated breathing signal, Q, is extracted.

Extract Q

n o i s e  = f n n n . . . n 1
L 1 2 3 n  1

F igu re  3.8: Extraction of source signals

A strong source of noise for respiratory signal extraction is movement, which is 

both transient and random, while the breathing components are a strong source of 

noise during BCG extraction.

3.2.1 D ig ita l F ilter in g

If the source signal frequencies do not overlap and the source signal frequency band

width is known beforehand, digital filtering can be used to separate the signals based 

on their frequency content. An excellent reference for digital filters can be found 

in [74], Either finite impulse response (FIR) filters or infinite impulse response (HR) 

filters may be designed to suppress signals outside of the given bandwidth.

Fig. 3.9 demonstrates the digital filtering for source extraction of both a breathing 

signal and a BCG.

A review of wavelet theory can be found in [75], while a simplified tutorial can be 

found in [76]. A wavelet transform is essentially the correlation of a signal to a scaled
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x[n]

Breathing
Signal

Bandpass filter # 1

-►  BCG

Bandpass filter # 2

F igure  3.9: Extraction of source signals with a digital filter

and translated mother wavelet. The equation of the continuous wavelet transform is 

as follows [77], [76]:

W(S’T) = ~7fi I  —~)dt (3 -24)VM J -co s

where ip(t) is called a mother wavelet, a basic function, r  represents the translation 

of the wavelet along the signal x at time t and s represents the scaling factor that 

allows for multiple resolutions to be analyzed. The mother wavelet must be chosen 

prior to analysis [77].

The discrete wavelet decomposition procedure decomposes a signal into details 

and approximations using two wavelet transforms. This is similar to splitting the 

original signal into two signals: outputs from a low-pass filter (approximations) and 

outputs from a high pass filter (details). The signals are down-sampled by two and 

the approximations are sent through the filters again, iteratively for a given number 

of decomposition levels.

Discrete wavelet decomposition can be done using digital filtering. A discrete 

decomposition uses translation and scaling factors that are powers of two to provide 

an orthonormal basis [78] and the equation for the discrete wavelet transform (DWT) 

at a given decomposition level is shown here:

W\i\ =  ( j J p M  *  (3.25)
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where W  is the coefficients of the decomposition of x [n] at decomposition level j  and 

Z  includes all possible translations k, each of length to-

The original signal can be reconstructed fully from the decompositions. A recon

struction based only on a single decomposition level’s detail coefficients can be viewed 

as a bandpass filter. Each decomposition level’s detail coefficients occupy a touching 

frequency range [76]. Setting decomposition level coefficients which are outside of 

the frequency of interest to zeros before recombining is an effective noise cancellation 

technique.

3.2 .2  A d ap tive F ilter in g

Adaptive filtering attempts to find a model of the system that minimizes the error 

between the model output and the actual output. Fig. 3.10 shows a smoothing 

adaptive filter which acts similarly to a low-pass filter [79], to separate a low frequency 

source from a high frequency source. Input x[n] is fed to a delay line, z k, and into

x[n]

w[n]

d[n]

- 4

d[n]

e[n]
High Frequency 
Source

Low Frequency 
Source

F igure  3.10: Extraction of source signals with an adaptive filter

the filter model, w[n). The model produces an output, d[n] which is compared to the 

signal that has been delayed by k samples. The error between these signals is used to 

adapt the model. The output of the model is a smoothed, low-frequency, version of 

the signal, while the error output is the high frequency content of the original signal. 

Only real valued signals are considered here; complex formulations are not presented.
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If the model is a sequence of weights, w,  multiplied and summed by the transposed 

regression vector, 0 T, the output of the model at sample time n is

d[n\ =  (p [n — l]iu[n]

In matrix format for a model with k  parameters, this is:

Wl

(3.26)

d[n] =
</>102 ■ ■ - <t>k

w 2
(3.27)

wk

Often, we are interested in using an autoregressive moving average (ARMA) 

model, where the generic model is is made up of weights 6* and cq and the regression 

vector is formed from both inputs x[n — z] and outputs d[n — i]. Eq. 3.28 is the 

equation of an ARMA model.
p  m

d[n] = bix[n — i] +  aid[n — i]
7 =  0  7 = 1

(3.28)

For this model, the weights are

w T\n\M [ b0 bi . . .  bp ai a2 . . .  am ] 

and the regression vector is

(3.29)

$  W t x[n] x[n — 1] . . .  x[n — p] d[n — 1] d[n — 2] . . .  d[n — m] 1 (3-30)

This ARMA model can be changed into a MA or AR model by removing the 

recursive parameters or input parameters respectively.

The adaption changes the values of the weights by examining the input parameters 

and error of the model compared with the actual output. The fastest convergence of

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



4 7

the model to the actual output occurs when the weights are changed in the direction 

of the steepest descent [79] towards a minimized error, e[n}.

To minimize the mean square error, the weights are updated as follows [79].

w n+1 = w n + nE{e[n]<t)[n]} (3.31)

The constant // multiplies the weight change vector by a value between 0 and 1.

Since we don’t necessarily know the expected value of the error multiplied by the 

parameters, we can estimate it quickly, but not all that accurately, by taking a one 

sample estimate so that the update equation becomes

w n+1 =  w n +  iie[n\4>[n\ (3.32)

This type of weight updating is called Least Mean Squares (LMS). Although the 

individual estimates are not too accurate, on average they will head in the correct 

direction [79].

A large value of //, may seem attractive as it offers faster convergence, but a high 

H means that the system may become unstable and that the error at steady-state will 

remain higher. For a stationary process, a conservative range that /./ can occupy for 

the model to remain stable is:

2N
0 < ji < j- (3.33)

\x \n ~ k ]\2
k= 0

and for mean square convergence [79]:

0 < ^  < ?--------- (3.34)

5 ^ |x [ n -  k}\2
k= 0

The choice of ji becomes a trade off between the speed of convergence and the steady- 

state error.
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Instead of attempting to choose an acceptable value of p, the Normalized LMS 

(NLMS) method chooses a new value of p at each iteration.

lAn +  ! ]  =  , iT T ~ u ]2  ( 3 ’3 5 )

where 0 < (3 < 2 and e is a small factor that ensures that small values of ||.x[n]||2 

do not create unduly large swings [79]. NLMS is especially useful for non-stationary 

systems where a conservative p cannot be calculated.

3 .2 .3  U se in  L iterature o f P ressu re  A rray M onitoring

Digital filtering has been used extensively for pressure array monitoring. Low pass, 

bandpass, and high-pass filters have all been employed. For breathing signal ex

traction, a low-pass filter with f cut =  0.5Hz (30 bpm) has been used [46]. This 

filtering scheme assumed a healthy adult with a breathing rate between 15 bpm and 

20 bpm [46]. A bandpass filter from 0.1 to 0.5 Hz has been employed elsewhere [43]. 

This allows for rates between 6 bpm and 30 bpm.

For BCG extraction, a bandpass filter with passband between 5 and 10 Hz has 

been used [35]. The lower cutoff may be somewhat high since regular heart rates of 60 

to 100 bpm map to 1 to 1.7 Hz, but may have been purposefully designed to reduce 

noise from the respiration signal. An analog filter with passband between 0.3-20 Hz 

has also been employed elsewhere [19].

DWTs have been used for both breathing signal and BCG extraction [19], Chen et 

al. extracted breathing from a signal reconstructed from just the approximation coef

ficients of a 6-level decomposition. Pulse rate was extracted from the reconstruction 

of just the level 4 and 5 detail coefficients of the same decomposition [33].

No use of LMS smoothing has been found in current research with pressure array 

monitoring. However, least square fitting of a combined respiratory and BCG signal
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3.3 Frequency E stim ation  A lgorithm s

Frequency estimation techniques are useful for pressure sensor array analysis in the 

estimation of respiratory rates and heart rates. Frequency estimation algorithms may 

be done by temporal techniques, spectral techniques, and techniques that incorporate 

both dimensions.

3.3.1 Zero C rossing /  P eak  D etec tio n

The simplest temporal analysis method may be peak detection. Peaks in the signals 

are found and the frequency of the signal is determined to be the inverse of the period 

between peaks.

Noise in the signal can cause extra peaks to occur. To protect against choosing 

peaks caused by noise, a few steps can be taken. Firstly, the peak must be located 

between two zero crossings. Secondly, each peak must be a minimum distance away 

from the previous peak. This second requirement ensures that noise around the zero 

crossing does not cause detected peaks. Signal enhancement and noise cancellation 

also protect against these spurious peaks. This method of respiratory rate estimation 

by peak detection has been employed for respiratory rate estimation from impedance 

sensing chest-belts [80].

3.3 .2  A utocorrelation

Autocorrelation is a second method of frequency estimation by temporal analysis. 

The autocorrelation sequence provides a metric of how well a delayed version of a
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signal matches the original signal. The equation for the autocorrelation sequence, 

Rxx, of a discrete variable at a given delay, r  is as follows [74]:
OO

Rxx[r\ = ^  x [ k \ x [ r  +  k ] (3.36)
k = —oo

where x \ t  + k] is the original signal delayed by r .

For periodic signals, the autocorrelation of the signal at a delay equal to the period 

of the signal produces a peak. The diagram in Fig. 3.11 shows the autocorrelation 

of a 0.5 Hz sine wave with lags from -2 times its period to +2 times its period. The

1

_ 05 
1 0 

-0.5

Figure 3.11: The autocorrelation sequence of a 0.5 Hz sinusoid

frequency of a signal can then be found by finding the location of the first peak after 

Rxx{0) and taking the inverse of the lag at this point. In Fig. 3.11, the first peak is 

at 2 seconds, and thus the period is calculated as ^  =  0.5Hz.

The frequency detected by the autocorrelation method has a precision based on 

the sample rate of the original signal. A high sample rate can give it a greater 

precision. However, since the frequency is the inverse of the lag, the precision of the 

sequence is on an inverse scale, with greater precision offered for a lower frequency 

than a higher frequency, assuming a constant sampling rate.

Since in practice, signals are of finite length and finite sampling rate, the auto

correlation’s range of possibly detected frequencies is finite and related to the sample

2 5 81 3 4 6 7 9 10

0 1 2 3 4-1-3 -2
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frequency and the length of the signal. Assume a signal of length M and sampling 

frequency f s. To properly detect a peak, a valley followed by a peak must be formed 

and so the lowest detectable frequency is y .  The highest frequency that could be 

detected would occur at the second delay sample so that a valley is formed at the 

first sample and it would therefore be y .

3.3.3 Fourier Transform

The Fourier transform of the autocorrelation sequence is the power density spectrum. 

The area under the curve of a certain frequency band of the power density spectrum 

is the mean square value of the input in that frequency band [74], Thus, by finding 

the peaks in the power density spectrum, the frequency ranges of the constituent 

input frequencies can be found.

Instead of calculating the power spectral density from the autocorrelation function, 

a fast Fourier transform (FFT) of the input signals can be found. The square of the 

magnitude of the Fourier transform of a signal is its power spectral density.

The spectrum is made up of bins that cover a range of frequencies, f s/L  wide, 

where L is the length of the input data sequence [81]. This is the available resolution 

of the spectrum. While it is possible to interpolate the frequency spectrum by padding 

the input data with zeros, this will not improve the resolution since the lobe width 

does not decrease [81].

The lowest frequency that can be estimated from the power spectrum density is 

y .  Since the spectrum is symmetric across f sf 2, the highest frequency that can be 

estimated is y . These work out similarly to the autocorrelation sequence’s frequency 

estimation limits.
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Param eter
Estimation Parameter

F igu re  3.12: Data fusion by pre-summation

3.3 .4  U se  in  L iterature o f  P ressu re A rray M onitoring

Peak to peak detection has been used to determine breath rate from bed-based sen

sors. For instance, Harada et al. found two consecutive peaks of an ‘activity score’ to 

correspond to one breath [46]. Valley to valley detection has been also reported [32]. 

A method of peak to peak detection using the zero crossings of the differentiated 

signals has also be used for pulse rate estimation [33].

Autocorrelation has been used for analysis of heart rate from BCG signals [25] 

while Fourier spectrum peak detection has been used by a variety of researchers to 

estimate respiratory rates [42], [35] and heart rates [35]

3.4 Sensor Array D ata  Fusion

A sensor array allows redundant data for better measurement accuracy. To fuse the 

data from multiple sensors a method of data fusion must be chosen. Pre-summation, 

post-summation, and reference sensor(s), are all methods of data fusion that have 

been used with pressure array monitoring.

Pre-summation, shown in Fig. 3.12 sums all sensor outputs prior to processing. 

Post-summation uses the mean value of a parameter calculated by data from 

multiple sensors. A weighted mean may also be employed. This weighting could be 

probability of the sensor’s accuracy based on its previous track record.
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F ig u re  3.13: Data fusion by reference sensor selection

The reference sensor method finds the sensor displaying the best desired charac

teristics and chooses parameters based on processing of the signal from that sensor.

3.4.1 U se in  L iterature o f  P ressu re  A rray M on itorin g

Pre-summation has been used by a number of researchers to simplify data fusion [48], 

[44], [51]. Harada et al. proposed an activity score, E a[n], as the sum of pressures 

times the difference squared [48]:

K[n] = 'Y ^ x i [n](xi [n])2 (3.37)
i

where Xi[n\ denotes the 7th sensor output at sample time n and Xi[n\ is its time 

derivative. Nishida et al., phase aligned the signal prior to summation. Sensor outputs 

were flipped according to correlation values to align the respiratory signal phases for 

respiratory rate estimation [44].

Van der Loos used the sensor of interest method to choose respiratory and heart 

rate by focusing on the sensor with the best frequency characteristics in the band of 

interest [19].
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3.5 V alidity Evaluation
5 4

Once a parameter has been estimated, it may be important to know how good that 

estimate is. For instance, a respiratory rate of 15 bpm that suddenly shoots up to 

50 bpm may signal a problem, but if the 50 bpm respiratory rate is actually an 

inaccurate estimate due to signal noise, a false alarm could be activated. Validity 

evaluation examines the accuracy or reliability of an estimate.

3.5.1 U se  in L iterature o f  P ressu re A rray M on itorin g

Watanabe et al. [35] used a breathing rate and respiratory rate reliability metric 

from the signal to noise ratio (SNR) in the frequency spectrum using the fast Fourier 

transform (FFT). A threshold of 12 - 13 dB was used to separate unreliable estimates 

from reliable ones based on examined results [35]. Harada et al. [48] used a similar 

metric.
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Chapter 4

E xperim ental Setup

This chapter describes the steps that were necessary to allow processing experiments 

to be run using sensor data and simulated data. Computer simulations were under

taken, therefore a description of simulated data creation is included. Data from a 

pressure sensor array was acquired. Included here is a description of both the data 

acquisition setup as well as the data acquisition methodology. Additionally, the pro

cess of merging the data and performing annotations is described. Finally, a synopsis 

is provided of a database of respiratory signals that was created for simplicity and 

rigour in respiratory signal processing and rate finding experiments.

As part of the data acquisition, two experiments were undertaken with human 

participants. These were an observed experiment and a nocturnal experiment. Ethics 

approval was obtained prior to experimentation with human participants from the 

Carleton Research Ethics Committee. Ten adult volunteers, five women and five 

men, took part and performed either one or both experiments. Participants ranged 

in height from 162 cm to 193 cm and weight from 56 kg to 105 kg.

55
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4.1 C om puter Sim ulation

A computer simulation of data pressure sensors was created to help evaluate potential 

algorithms. A MATLAB script was written and run with MATLAB version 7.0 

to create a simulated pressure signal. The signal consisted of a concatenation of 

simulated movement segments followed by restful segments. The restful segments 

were made up of either a noisy breathing signal or just noise. The noise was additive 

Gaussian noise with a variance of y/2 counts2. This is a conservative noise power as 

it is higher than the expected noise on the pad. To simulate saturation, any signal 

levels above 1750 counts, which is the average saturation level from the pressure pads 

in experimental use, were set to that constant saturation level.
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i  800aE
CO

600

400

200

segm ent segm ent segm entsegm ent

70 75
Time (mins)

90 95

F igure  4.1: Forty minutes of simulated data 

The length of a segment was randomly chosen from an exponential distribution
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Figure  4.2: Simulated movement and breathing

with a mean of 12 minutes, while the length of movement within the segment was 

also chosen from an exponential distribution, this time with a mean of 5 seconds. Fig.

4.1 presents a few of these segments during forty minutes of simulated data. 

Movement was simulated as a random process, uniformly distributed between zero

and a maximum amplitude. The random process was filtered through a lowpass filter 

to better match actual movement signals. This maximum amplitude is picked for 

each movement from a Gaussian distribution with a variance of 1000 counts2. Fig.

4.2 presents a simulated movement between two breathing signals.

Breathing was simulated as a periodic sawtooth wave, using a random breathing 

rate for each segment. This rate was chosen from a normal distribution with a mean 

of 15 bpm and a variance of 6 counts2. A random duty cycle was also chosen from 

a uniform distribution between 0 and 100%. The amplitude of the breathing was 

also random, from a gamma distribution (a =  2, /3 =  3) with a mean of 30 counts
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and a variance of 112 counts2. The gamma distribution was chosen since it weighs 

more heavily on lower values and breathing signals are generally observed to have low 

amplitudes with a small number of high amplitude signals.

The sawtooth model was chosen by observation of the breathing signals. Triangle 

waves have also been used as a respiratory model by other researchers [25]. Fig.

4.3 shows a simulated breathing signal and its derivative superimposed on top of 

participant sensor data of a breathing signal.

r=~

(a) Simulated and Actual Breathing Signal

(b) Derivative

F igu re  4.3: The sawtooth model of a breathing signal

Breathing signals longer than a consecutive 10 minutes were injected with a small 

movement, occurring anywhere within the 10 minutes and lasting an average of 1 

second.
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4.2 D ata A cquisition  Setup

The experiments use the Tactex Bed Occupancy Sensor (BOS), with a resolution of 

10 cm. Data from the BOS was sent by serial port to a laptop computer and captured 

by the Tactex !CCL Data Acquisition’ software. This software logged the pressure 

array element data to an ASCII comma delimited file. The sampling rate was set to 

10Hz via an initialization file.

F igure  4.4: Data acquisition setup

The ASCII comma delimited hie was converted in MATLAB to a binary ‘.m at’ 

MATLAB data hie. See Section 4.5 for more information about the conversion and 

data merging process.

4.3 O bserved D ata  A cquisition  E xperim ent

The protocol that was followed for the observed experiment is outlined here. During 

each experiment, the researcher logged comments to a hie to aid in future data an

notation. Logging software was developed so that timestamps were added to the log 

comments for future merging with sensor data.

Although what follows is a description of the protocols followed for the exper

iments, in reality the protocols were flexible to allow the participants the right to 

choose what parts they preferred to complete or to not complete. Any deviation from 

the written protocol was noted in the log comments.

R eproduced  with perm ission of the copyright owner. Further reproduction prohibited without perm ission.



6 0

The protocol of each upcoming experiment was reviewed for participants prior to 

undertaking each experiment. They were then asked if they felt comfortable com

pleting this experiment. No abstentions actually occurred at this point. The fourth 

experiment was not completed for two participants due to time restrictions or equip

ment availability.

During the experiments, an actigraph watch was worn. Since actigraphy is an 

accepted method of home monitoring, future research may wish to compare results 

derived from the processing of pressure sensor array data with results derived from 

accepted standards of actigraphy processing.

4.3 .1  E xperim ent D escrip tion s

Four experiments were observed. In each of the experiments, a pressure sensor pad

was placed on top of the bed, directly under the participant. The experiments were:

•  Experiment 1: Bed Entry /  Bed Exit

• Experiment 2: Position and Movement

• Experiment 3: Breathing

• Experiment 4: Ballistocardiogram /  Heart Rate

The exact protocol of each experiment can be found in Appendix A. A synopsis of 

each experiment is provided here.
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4.3.2 E xperim ent 1 - B ed  E ntry /  B ed  E xit

6 1

Approximate time to complete: 5 minutes

Placement of pad: aligned to side of the bed

Experimental goal: To acquire data from a participant’s po

sition when entering or exiting the bed.

Data may be used for analysis of bed en

try or exit. For instance, pressure put on

hands could be uncovered.

Participants got in and out of bed six times, staying in bed for 20 seconds before 

exiting. Likewise, participant stayed out of bed for 20 seconds before entering again.

During the first three iterations, participants were asked to get out of bed natu

rally. During the last three iterations, participants were requested to use their hands

to push themselves out of bed.

Experim ent 2 - Position and M ovement

Approximate time to complete: 20 minutes

Placement of pad: aligned horizontally to middle of pillow

Experimental goal: expected to be used for movement algo

rithm validation, position analysis, and

movement classification

Participants started in bed in any position (on of front/back/right/left). They lay 

still for a minute until the observer instructed when the minute was up and requested
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a position change. Participants chose which position they moved to. Participants 

were also requested at some points to cough or move without position change instead 

of changing positions.

Experiment 3 - Breathing

Approximate time to complete: 30 minutes

Placement of pad: aligned horizontally to middle of pillow

Experimental goal: allow for comparison to breathing detec

tion and respiratory rate estimation

Participants were instructed to breath normally unless told otherwise. The ob

server went over this experiment in detail with the participant before undertaking 

it. This experiment involved lying still for three minutes followed by quick and shal

low breathing for 30 seconds, normal breathing for 30 seconds, deep breathing for 30 

seconds, normal breathing for 30 seconds, apnea for up to 30 seconds, and normal 

breathing for 30 seconds. This pattern is repeated for each of three positions: back, 

front and right or left side.

Participants were instructed that breathing changes could be dangerous and to 

only do those that they feel comfortable with, only to the degree that they feel 

comfortable. In particular, for breath holding, they were instructed to breath again 

as soon as they felt like a breath was needed. The thirty second limit was only imposed 

to make sure that their breath wasn’t  held too long. Additionally, the participants 

were requested to start holding their breath only once they felt comfortable to do so.

In later experiments, participants were requested not to take a deep breath before 

holding their breaths. It was noted in the first few experiments that participants
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wanted to prove they could hold their breath for the entire 30 seconds (even after 

instruction that the 30 seconds limit was only to ensure that the breath wasn’t held 

for too long), and so a large gasp of air was usually taken prior.

Since this is not generally what would be expected of subjects who stopped breath

ing during the night, a more natural cessation of breathing was requested. Partici

pants were told that holding their breath after this natural cessation would be more 

difficult and to not go the entire 30 seconds without breathing. Additionally, data 

often showed breathing-like movement before a breath was actually taken as the par

ticipant’s central nervous system tried to restart the breathing.

Many participants found this experiment quite restful and up to half of the par

ticipants actually fell into a light sleep during the experiment.

In addition to logging comments about the participants position and movement, 

breaths taken by the participant were also logged. By logging the letter ‘b’ to the 

timestamped logging file every time the participant breathed, a record was made 

of the participants’ breathing. Breath times were determined by observation of the 

participants’ chest and body movements. Logging was done at the most obvious 

movement time, usually just after the peak of inhalation.

Since it was not possible to simultaneously log a movement event and the breaths 

that occurred during the logging of that movement, there were some missed breaths. 

Moreover, the observer sometimes missed logging a breath or accidentally logged two 

during one respiratory period. This happened rarely but these mistaken annotations 

should be found and fixed before data use.
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Experiment 4 - Ballistocardiogram  /  Heart R ate

6 4

Approximate time to complete: 5 minutes

Placement of pad: aligned horizontally to middle of pillow

Experimental goal to be used for comparison to heart rate

estimation methods and for ballistocardio

gram detection

Participants put on a heart rate monitor strap and were requested to do some 

light exercise. Some of the activities chosen by participants were walking down and 

up a flight of stairs, knee bends, jogging in place, and jumping jacks.

The participants then got into bed, usually lying on their front and their heart rate 

was recorded continuously. Heart rates were logged while the heart rate descended 

and for a couple minutes after it stabilized at a resting heart rate. Participants were 

then asked to hold their breath again for up to 30 seconds so that a recording of 

the BCG could be made without respiratory interference. After normal breathing 

commenced again, heart rates were recorded for another minute or so.

Initially, participants were not requested to hold their breath during the experi

ment, but after data from the first few participants during Experiment 3 showed a 

clear BCG during breath holding, this part was added to the experiment.

4.4 N octurnal D ata  A cquisition  E xperim ent

The nocturnal experiment takes an overnight recording of bed pressure over two 

nights. Two nights are used to guard against the first night effect. The participant is 

not observed during this time, but answers a questionnaire before bed and a second
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one upon waking in the morning. The questions are adapted from the Pittsburgh 

Sleep Diary and are available in Appendix B. This experiment is designed to test the 

feasibility of nocturnal and bed-based monitoring in the home and so the participant 

is free, and requested, to go about their sleep and wake routines as usual.

Data recording is started either by the participant or by the researcher. The 

participant is shown how to turn off the logging and is advised that he or she may 

do this at any time. D ata recording is stopped in the morning and started again just 

before going to bed on the second night.

The sensor arrays were placed under the top mattress for all participants, as the 

sensor array currently in use would not be comfortable enough to allow extended use 

on top of a mattress. Future nocturnal experiments may use a more comfortable 

sensor mat that can be placed on top of the mattress.

4.5 D ata  M erging and A nnotation

Data was merged into two MATLAB data files, one for sensor data and one for 

annotations, using a MATLAB script. Time stamps in the hies were used for data 

alignment.

The original annotations were created from the experiment log hie which was 

written by the observer as the experiment took place. Breaths, which were logged 

during the experiment using the character ’b ’, are separated into a breaths variable 

that holds all of the recorded breaths. Since the observer missed a number of breath 

observations, this variable needed to be checked and annotations added manually.

Fig. 4.5 shows the GUI that was created to help annotate the data.

Using this interface, the researcher can load data points and create multiple an

notation variables (e.g. one for breaths, another for movement). Annotations can be
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Figure 4.5: Screenshot of the MATLAB annotation GUI 

added, removed, and shifted.

4.6 B reath ing Signal Identification

It was hypothesized that the periodic signals throughout the data originated from the 

breathing of the participants lying on the pressure sensor array. These signals exhib

ited a periodic wave motion in the frequency band of interest, had diverse amplitudes 

ranging from less than 10 counts to over 200 counts, and were often displayed by 

several sensors simultaneously, albeit with different wave shapes and phases (±180°) 

at each sensor.

To test the hypothesis, the data and corresponding logged breath annotations of 

Experiment 3 were loaded into the annotation GUI. It was determined that these 

logged breaths lined up with these periodic signals. Additionally, it was seen that 

when the participant was asked to stop breathing, the periodic signals disappeared 

but started again once breathing resumed. No similar signals were discovered that
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F igure  4.6: Correlation of breaths to breathing signals

could not be explained by these logged breaths. Other periodic signals were seen, but 

these signals had a small amplitude of less than 5 counts and a frequency higher than 

0.8 Hz. They were likely BCG signals.

The breathing signals, overlayed by the logged breath annotations, can be seen 

in the data that is shown in the annotation GUI of Fig. 4.5. Another instance of 

this overlay is shown in Fig. 4.6. The data here comes from 10 sensors that display 

the breathing signals. Normal breathing is followed by stopped breathing, which is 

followed by normal breathing again. The vertical bars and attached circles show the 

moments that breaths were independently logged by the observer.

4.7 R espiration  Signal D atabase

Using the logged breaths times and data from Experiment 3, a collection of respiration 

signals was created. At least twenty breathing signal segments, each 30 seconds long, 

were identified through manual examination of the data from each of 5 participants. 

A total of 116 breathing signals made up the database. Respiratory rates for each of 

the signals were calculated from the locations of the logged breath times as the mean 

time between breaths.
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Table 4.1 outlines the types of respiratory signals that were included. For each 

type, two breath signals were chosen from each participant. Breath signals from a 

given participant came from as many different sensor locations in the sensor array as 

possible, with sensor repetitions minimized.

Of the ten participants who took part in the research, eight took part in Exper

iment 3. The five participants that were included in the database were the first five 

participants to complete this experiment. The respiration signal database can be 

updated to include the three newer participants and any future participants in the 

experiment.

Table 4.1: Types of respiration signals
Number Description Descriptor

10 Low amplitude LA

10 Medium amplitude MA

10 High amplitude HA

10 Low frequency LF

10 High frequency HF

10 Changing frequency CF

10 Small movement included SM

10 Large movement at beginning MB

10 Large movement in middle MM

10 Large movement at end ME

10 Half respiration and half BCG only RB

6 Half respiration and half constant RC

116 Total Number of Respiration Signals

Where possible, the description of the respiration signal type is used, but space 

and clarity constraints may require the descriptor to be employed.

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



C hapter 5

Segm entation

This chapter presents the results of applying abrupt change detection segmentation 

methods to pressure pad signals in order to detect movement. A portion of these 

results have been published at the 2006 IEEE International Workshop on Medical 

Measurement and Applications (MeMeA 2006) under the title “Identifying Movement 

Onset Times for a Bed-Based Pressure Sensor Array” [2].

During a night, a person will change position every so often. Between position 

changes, signal means are relatively stable and respiration rates and ballistocardio

grams are detectable, but during position changes these signals are disrupted. Smaller 

movements than position changes may also disturb the signals, so that respiratory or 

pulse rate measurements yield inaccurate results.

Three segmentation methods are investigated: segmentation by Shewhart control 

limits, single model with CUSUM, and a two model test using GLR. All of these 

algorithms require either Gaussian inputs or the error from an adaptive filter as 

the input, so each algorithm received the same inputs from an autoregressive (AR) 

adaptive filter of order 4. The whitened signal comes from the residual error of the 

AR filter’s output.

69
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5.1 M ethods

A control limit movement detector is proposed and will be compared to other move

ment detection schemes.

5.1.1 C ontrol Lim it M ovem en t D etec to r

The control limit movement detector is proposed in Fig. 5.1. This version of control 

limit testing sets the group size, p. to one and tests if each new point fits within control 

limits calculated from a sliding reference window. The control limits are updated at 

every point based on the mean and variance of a sliding window of the previous L 

samples. Since the system is designed to be a combined segmentation and movement 

detector that only produces new segments when movement is detected to start or 

stop, it may not necessarily detect changes in other parameters. Movement onset 

is detected as two consecutive points that are outside the control limits. Since the 

model rapidly adjusts the control limits as movements are sampled, the movement 

offset point is detected as the point when control limits drop again after rising to 

accomodate the movement.

► Z.-l

Limits m ovem en t
onsetdetector

x[n] UCL, LCL

► Z ' 1 ► Lim it
Calculator ► d (uci.) /dt <  0 ► m ovem ent

offset

input: Lt
Figure 5.1: Control limits movement detection scheme
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Fig. 5.1 shows the movement detector. The sliding reference window length, L, 

can be input to the detector. A one-sample delay {z~l ) is added before the control 

limit calculator to allow for testing of two points in a row before the limits adapt to 

the variance of these new points. The limit detector outputs a logic 1 if x[n] is outside 

of the calculated upper control limit (UCL) and lower control limit (LCL). This result 

and the previous result (output of z -1) are put through an AND operation. Movement 

onset is determined to have occured if the result is a logic 1. The movement offset 

time detector outputs a logic 1 once the derivative of UCL is negative. At this point, 

movement is determined to have ceased.

5.1.2 Tw o M od el C ontrol L im its

The classic control limits method is essentially a two model detector. It requires 

knowledge of the mean and variation of the data from a reference model estimated 

during processing by calculating the mean and variation from the data. The reference 

model parameters are fixed at the beginning of each segment based on the first L 

samples of data. Each point rrik on the chart is calculated from the mean of p 

consecutive samples, [x[n — p + 1] . . .  x[rt]], which becomes the test model.

Fig. 5.2 shows the system. Normalized least mean squares (NLMS) is used as 

a whitening filter at the input of the detector. The filter model was an AR model 

of order 4. The filter was adapted by the error, e[n]. The control limits, UCL and 

LCL, are calculated at the beginning of each segment by the control limit reference. 

A moving average of p samples of the whitened input is tested against the control 

limits. When the output, a„, is a logic 1, then a segment boundary is deemed to have 

occurred.
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F igure  5.2: Two model control limits detection scheme 

The limits detector takes the distance measure at sample time n as:

p

dnuCL

L C L

= - U C L  +  5 ]  y[k]
k —n —p + l

P

=  L C L -  Y ,
k = n - p -\-1

(5.1)

(5.2)

where the control limits, UCL and LCL are calculated as in Eq. 5.3 and Eq. 5.4.

a
UCL = jl + 3—

V p
a

LCL  =  [ i -  3—
V p

The alarm is raised when the test model roams outside the control limits:

(5.3)

(5.4)

O-n {dnucL '> II (driLCL ^ (5.5)

The averages and variations were calculated as in Eq. 3.4 and Eq. 3.5.

5.1 .3  One M od el C U SU M

The AR model with 4 taps was chosen as a single model with its residual error passed 

to the CUSUM algorithm. Fig 5.3. shows the detection scheme for this method,
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▼

CUSUM
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F igure  5.3: One model with CUSUM detection

where e[n] is the residual error. CUSUM takes a threshold, h, as an input. Differing 

values of h were evaluated.

5.1 .4  T w o M od el G eneralized  L ikelihood  R a tio  (G L R ) T est

inpu t: L
I

x[n]
NLMS

+ 

y f i f

e[n]

Glow inn ^  
filter t

Sliding
filter

GLR

9 n - l

^ n ^ inlGtjintint!
detector

in p u t: J

► a

in p u t: L

F ig u re  5.4: Two model GLR detection

The method of GLR outlined as ‘Brandt’s GLR’ in [64] was implemented. Fig. 

5.4 is the block diagram of this test. This method estimates statistical parameters, 

hi, pi, eU, and /t2, from the given data using a sliding window of length L. The 

detector is an integrating detector with threshold h. Differing values of h and L were 

evaluated.
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5.2 Evaluation

The methods were applied to the computer simulated data described in Section 4.1. 

They were evaluated based on detection delay, false alarms, and missed detections. 

The control limits method used here gives differing results depending upon the length 

of the estimation window, L, and the number of samples per estimation, p. Results 

were evaluated using differing values of L and p. The one model CUSUM method has 

only one degree of freedom in the choice of the threshold, h. Results were evaluated 

for the one model CUSUM method using differing values of h. For the GLR method, 

the two independent parameters, h (threshold) and L  (sliding window size), were 

varied and the results were evaluated.

The methods were also applied to participant data from a single sensor during an 

overnight experiment and evaluated subjectively.

True positives are defined as locations where segment boundaries were determined 

to begin within 10 seconds (100 samples) of the actual segment boundary. For the 

GLR method, which is considers a segment boundary occurring at L samples before 

the current sample boundary, detection times were allowed to be up to L + 100 samples 

late. False alarms were classified as locations where a boundary were signaled, but 

no segment boundary actually existed.

5.3 R esults

The results of the methods applied to inputs from a simulated signal are described 

in Sec. 5.3.1, while the results of the methods applied to a real overnight signal are 

described in Sec. 5.3.2
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5.3.1 C om p u ter S im ulation  R esu lts

First, the described methods were evaluated using a simulated sensor signal. The 

simulated signal had known movement times and segment boundaries were considered 

as the beginning and end of each of the simulated movements.

Fig. 5.5 is the receiver operating characteristic (ROC) of the methods, which 

plots the probability of a true positive (detecting a segment boundary accurately) 

with respect to the probability of a false alarm (detecting a segment boundary where 

no boundary exists) for each of the examined methods. Fig. 5.5 can also be used to 

obtain the possible detection rates for a given false alarm rate.
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F igure  5.5: True positives in relation to false alarms

In Fig. 5.5, we see that the proposed control limits method provides a very low 

false alarm rate for any given true positive rate, but fails to reach the high true 

positive rate (> 0.9) of the other algorithms. The classic control limits method shows
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a higher false alarm rate for a given reference window length, L , and a given test 

window length, p, but does manage to positively identify almost all segments, with a 

true positive rate near 1 where the two control limits lines intersect. CUSUM follows 

the classic shape of an ROC curve, where higher true positives can be attained at the 

expense of higher rates of false alarms. However, for a constant false alarm rate, there 

is always at least one other algorithm that misses less segment boundaries. GLR is 

very dependent on the window length, L, for good results, with certain window lengths 

showing higher detection rates together with less falsely detected segments. Varying 

the threshold, h, allows more fine-grain control of true positives to false alarm rate.

To examine the goal of minimizing time to detection at a given false alarm rate [64], 

Fig. 5.6 presents the time to detection as a function of false alarm rate, in logarithmic 

form for better viewing of these results over the area of interest. Fig. 5.6 suggests

10'
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Figure 5.6: Logarithmic plot of detection time vs false alarms
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that the lowest time to detection can be achieved by the CUSUM method. The 

control limits method can also provide low detection times, and varying the test 

window length, p, provides a means to finely control the detection time at a nearly 

constant false alarm rate. GLR has a rather high constant time to detect at any given 

threshold, h, when the length of the test window (L) is 300. However, similar to the 

control limits method, the length of the test window, L, can be used to decrease the 

time to detection. Varying the reference window length, L, of the proposed movement 

detector method shows that detection time is related to this length. The lowest false 

alarm rates can be achieved with this method, but at the expense of higher detection 

times.

A false alarm rate near 0.003 may be used to examine segmentation results at a 

similar false alarm rate. This is a convenient rate as it is near the middle of the scale 

and practical for obtaining results from each of the methods. The results shown in 

Table 5.1 were obtained for test results near this rate.

T able  5.1: Segmentation results near a 0.003 false alarm rate

Test Parameters False 

Alarm Rate

True 

Positive Rate

Delay to 

Detection (s)

Movement de
tector

L =  42 0.0004 0.67 0.37

Two model 
control limits

L =  75, p = 2 0.0027 0.6 0.22

CUSUM h =  500 0.0035 0.69 0.18

GLR L =  4, h=50 0.0036 0.62 0.15

GLR L =  50, h=10 0.0027 0.96 2.1

Table 5.1 shows that although the false alarm rate is low, the positive detection
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rates are also on the most part low. Except for GLR with L = 50, h = 10, all 

true positive rates are in the range of 0.6 - 0.7. GLR stands out here for the best 

true positive rate at this false alarm rate. However, it also has the highest delay to 

detection. The movement detector has the second highest delay to detection, while 

CUSUM, two model control limits and GLR with L = 4, h =  50 show low delays, near 

two tenths of a second. To design for minimized delay, any of these three methods 

would be appropriate.

Requiring instead that true positives are taken into account yields results ac

cording to Table. 5.2. The results in Table 5.2 require the true positive rate to be

T able 5.2: Results for true positive rate >0.90

Test Parameters False 

Alarm Rate

True 

Positive Rate

Delay to 

Detection (s)

Movement de
tector

L =  500 0.0001 0.87 7.6

Two model 
control limits

L =  300, p = 2 0.009 0.98 0.061

CUSUM h =  100 0.013 0.92 0.034

GLR L =  50, h=50 0.0004 0.99 2.6

GLR L =  50, h=200 0.00009 0.97 3.7

greater than 0.9, while also minimizing the false alarm rate. The movement detector 

is not quite able to reach this threshold, showing a maximum rate of 0.87. However, 

it offers one of the lowest false alarm rates, rivaled only by the GLR method with 

L =  50, h =  200. It is the slowest to react to a change. The second slowest, GLR, 

still offers a low false alarm rate, but with a very high true positive rate, especially 

with L = 50, h = 50 where the true positive rate is 0.99. CUSUM shows the quickest
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reaction to changes in the signal, but its false alarm rate is the highest. The two 

model control limit could be used instead if delay to detection is paramount. Its false 

alarm rate is a bit lower while adding more true positives. Delay to detection still 

averages less than a tenth of a second, which means that most segments are detected 

within the first sample of change, since the period between samples is 0.1 seconds.

Examining the results from the individual methods demonstrates how the vari

able inputs affect the results. To demonstrate the performance of each method, the
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F ig u re  5.7: Expected segmentation points

boundaries detected by the method from a sample simulated eight-hour signal will be 

presented. The signal and the expected segmentation boundaries are shown in Fig. 

5.7, where boundaries can be seen to line up with the spikes in the data. Additionally, 

true positive rate, the false alarm rate and the mean time to detection will be plotted 

as a function of the input variables available to each method.
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Control limit m ovement detector results

Plots in Fig. 5.8 show the true positives, false alarms, and the mean time to detection 

for differing values of L. For this detector, the false alarm rate initially increases
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Figure 5.8: Control limits movement detector: varying L

with a longer L, but then drops, even as the true positive rate continues to increase. 

Therefore, optimizing for false alarm rate also optimizes for true positives. The trade

off is seen instead in the delay to detection, which rises linearly with an increasing L. 

A good operating point may be with L — 300. This point allows for almost as many 

true detections as L =  500, but at almost half the delay to detection. This detection 

delay is 4.3 seconds instead of 7.6 seconds at this fixed reference window length.

The segment boundaries expected and detected by the movement detector are 

shown in Fig. 5.9. While false alarms can be seen in a few places as heavy vertical 

lines, the number of these false alarms does not overshadow the true detections.
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For instance, just prior to the second hour, there is an extra detection during the 

movement. Another extra detection occurs at around 10 minutes past the second 

hour. No signal types are especially prone to false alarms, except perhaps movement 

signals, which might be expected as their mean could be constantly shifting.

Two m odel control lim it results

Plots in Fig. 5.10 and Fig. 5.11 show the true positives, false alarms, and the mean 

time to detection for differing values of reference window length L  and test window 

length p.
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Figure 5.10: Control limits (p=2): varying L

In Fig. 5.10, the detection rate climbs steadily and plateaus at a 98% rate of 

detection at a steady p when L is increased. Once at this plateau, a small decrease 

can be seen in the detection rate, possibly due to boundaries occuring within the
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reference window time. The false alarm rate remains quite steady at 0.02 over most 

values of L, but dips down at L = 300 and is even smaller at values of L < 100. As 

L increases, time to detection decreases. Optimally, L should be set at 300 to take 

advantage of the false alarm dip and top detection rate.

0.9

o 0.8
TJ

0.7

x 10 3
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2 0.15

=  0.05
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F igure  5.11: Control limits (L=300): varying p

When changing p , the best detection rates occur with low values, while the false 

alarm rate climbs and peaks at p =  4. Time to detection rises linearly with p. This is 

due to larger values of p that include more past samples, and thus giving less initial 

weight to a change in the data. The optimal p would be 2 to take advantage of high 

detection rates, low time to detections, and false alarm rates that are lower than the 

peak value.

The segment boundaries expected and detected by control limit tests, with L =  

300 and p =  2, are shown in Fig. 5.12. Although the optimum values of L =  300 and
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F igure 5.12: Control limits boundaries
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p = 2 seem promising, Fig. 5.12 shows many false alarms across the eight hours of 

data. The length, L  could be decreased below L = 100, but at this point too many 

missed detections are likely to occur.

One model CU SU M  results

Fig. 5.13 plots the true positives, false alarms, and the mean time to detection for 

differing values of h when the CUSUM method is employed. As the threshold, h, is
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Figure 5.13: CUSUM: varying threshold h

increased, less segments are found and higher delays to detection result. However, at 

low h, false alarms are quite high. An optimal h threshold may be at h = 100, where 

detection rate is still over 90%, and the false alarm rate has fallen slightly. The time 

to detection is also minimized at this threshold.

The segment boundaries expected and detected by one model CUSUM, with h =
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100, are shown in Fig. 5.14. During the first half of the data, the CUSUM method
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F igure  5.14: CUSUM boundaries

lines up well with the expected boundaries. However, some noise during the fourth 

hour results in a number of false alarms. A breathing signal during the sixth hour is 

also picked up by the detector. Both of these areas can be seen by the thick black 

vertical lines in the segment boundaries plot. Some missed detections during the fifth 

hour are also noticed.
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Two m odel GLR results

Fig. 5.15 plots the true positives, false alarms, and the mean time to detection for 

differing values of the threshold h, while Fig. 5.16 plots the same variables for differing 

values of the window size, L. In Fig. 5.15, we can see that low values of h result in a
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F igu re  5.15: GLR: varying threshold h (L=50)

high number of correctly identified segment boundaries. At values of h < 50, the true 

positive rate drops slightly, while the false alarm rate rises sharply as h is decreased. 

The time to detection rises linearly with an increase in the threshold, plateaus at 

h = 200, and then drops after h =  400. An optimal value of h would be h = 50, to 

optimize for high detection rate, low false alarms, and low time to detection.

Fig. 5.16 shows that detection rate increases with L, but then drops off when the 

test window length (L) gets too long. This could be due to missed detections during 

the start of a segment, before the full test window length is available. This same
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F igure 5.16: GLR: varying window size L (h=50)

phenomenon was seen in the control limits method, but in that method, it was the 

reference window length that had to be a fixed L samples long. False alarm rates also 

decrease with higher values of L, while time to detection rises linearly with L.

After closer observation of the segment timing, it was discovered that it usually 

takes one sample to detect movement onset, but close to L samples to detect offset. 

This means that the method would not show symmetric detection. The difference 

in detection time is reflected in the time to detections, since this time is close to 

0.5 times the window size and it was seen that every second window takes close to 

the full L samples prior to detection. Recalling that the sampling rate is 10 Hz, an 

L = 200 would be 20 seconds long, and we can see it results in a mean of 10 seconds 

to detection.

The segment boundaries expected and detected by two model GLR, with h = 50
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Figure 5.17: GLR boundaries

false alarms than the CUSUM method, as evidenced by the thick black areas, in fact, 

only 339 segments are represented here. The CUSUM segmentation, shown in Fig. 

5.14 resulted in 4512 segments. The CUSUM false alarms are much more highly 

concentrated than those of GLR, and thus are not as visible.

5.3.2 O vern ight R esu lts

When segmenting real signals, such as EEG data, it is hard to determine if segmen

tation yields correct results, except by subjective means [68]. This is because the
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Figure 5.18: Overnight data from a single sensor

algorithms may detect changes that are not obvious by observation of the data. For 

instance, shifts in means due to slow baseline drift may result in a segment boundary. 

Changes in breathing patterns, such as in amplitude or frequency, may also be picked 

up.

To evaluate the use of the methods as movement-based segmentation methods, 

the number of expected movements can be compared to the number of segments 

detected. The number of expected movements can be hypothesized by observation 

of the number of visible spikes in the data. Processing time is a second metric for 

objective comparison.

Fig. 5.18 presents the data that will be segmented by each of the algorithms. This 

data is from a single sensor that was located near the chest/abdomen area, during 

a single night of monitoring a participant from bed entry to bed exit. 25 locations 

are counted where the mean changes around an activity spike in the data. These 

locations are likely position changes, where loading on the sensor changes during and 

after movement. 24 locations of smaller movement spikes, without mean changes 

around them, were identified. Additionally, at least two locations were found where 

no movement spike occurred, but the mean during breathing abruptly changed. In
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total, 49 possible movement areas were identified, which would be expected to result 

in 98 segment boundaries.

Table 5.3 summarizes the results of segmentation for each algorithm, including 

number of detections and processing time requirements.

T able 5.3: Overnight segmentation

Type Parameters Number of 

Segments

Processing 

Time (s)

Movement detector L=300 275 1.2

Two model control limits L=300, p=2 2171 29

Two model control limits L=75, p=2 1242 17

CUSUM h=100 684 0.033

GLR h=50, L=50 208 26

GLR h=200, L=50 109 46

As shown in Table 5.3, the method that resulted in the number of segments closest 

to the expected value was GLR. However, GLR also took the longest to process the 

data, clocking in at three quarters of a minute. The fastest method was CUSUM, 

which barely took 3/100 of a second to calculate its 684 segmentation points. This 

is more than six times as many points as expected. By increasing processing time to 

just over a second, the movement detector can be employed, cutting back down the 

number of segments to 275. The two model control limits method took nearly as long 

to process the data as GLR, but likely shows many false alarms as it found over 1000 

segments when L = 75 and over 2000 when L = 300.

The overnight results can also be evaluated by subjective observation. The fol

lowing plots show the segmentation of the data from the sensor with the given seg

mentation methods.
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The first plot is of the results from segmentation with the movement detector, 

were L = 300. The segments found look like they line up well with the spikes in the
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Figure 5.19: Overnight data segmented with movement detector (L=300)

data. During the third hour, many segments were found. These were false alarms, 

caused by a low-amplitude breathing signal with a wandering baseline and sharp 

wave peaks. Inspection of the rest of the night’s segmentation points reveal some 

clustering of extra boundaries around movement. No obvious segment boundary is 

missed, however and many small movements are picked up.

Fig. 5.20 demonstrates the segmentation of the data by means of the control 

limits algorithm, with L = 300 and p = 2. It is expected from the number of segment 

boundaries found by this method that there will be a number of false alarms occurring. 

Looking at Fig. 5.20, this hypothesis can be accepted. Some parts of the night are 

free from false alarms, such as the time between the fourth and fifth hour, but much 

of the night, especially when the sensor was loaded, includes a high rate of segment 

boundaries.
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Figure 5.20: Overnight data segmented with control limits (L=300, p=2)

By decreasing the reference window length, L, it may be possible to reduce these 

false alarms. Fig. 5.21 shows the night’s segmentation with L = 75. Again, we see in
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Figure 5.21: Overnight data segmented by control limits (L=75, p=2)
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Fig. 5.21, that many areas of the night are thick with segment boundaries, but the 

width of these areas has decreased. However, there are some missed detections that 

are visible. A small spur occurs at the first half hour mark, and does not result in 

a boundary. A change in the mean happens at around 4h45min and no boundary is 

declared. Since there are both missed detections and many false alarms, the value of 

this method for segmentation is in doubt.

Fig. 5.22 shows the results of CUSUM segmentation. After viewing the results
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Figure 5.22: Overnight data segmented with the one model CUSUM test (h=100)

of the control limits segmentation, the sparseness of the boundaries detected by the 

CUSUM method is welcome. Fig. 5.22 shows that CUSUM picks up all major 

movement spikes. However, a number of smaller spikes remain undetected. These are 

visible from lhOO to lh l5  and from 2h00 and 2hl5. As in the simulation, there are 

many false alarms around the true positives at movement boundaries.

Fig. 5.23 shows the results of segmentation with two-model GLR, when h = 50 and 

L = 50. These parameters were shown to detect a high rate of true positives during

1ffl------ Q--QQ « r ©  ©-SB QGXffi ffl---------- Q Q  QG1D iffl) Q
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simulation. As is seen in Fig. 5.23, segment boundaries are detected throughout the

2000

1500

g 1000

500

00 1 2 3 4 5 6 7 8co

tim e (hour)

Figure  5.23: Overnight data segmented with GLR (h=50, L=50)

night. While it seems to provide more boundaries than the CUSUM algorithm, the 

boundaries themselves rarely include multiple false alarms surrounding them as they 

do with CUSUM. For each spike, a single boundary on each side is usually seen. The 

segments that are picked up during the night often show subtle changes that are not 

immediately obvious. For instance, a very small (< 5 count) change in the mean was 

picked up during breathing just after the first hour. This segment was not included 

in the original count as it was too subtle to be easily observed.

By raising the threshold, h, it is expected that less boundaries will occur, and 

those that do will be due to less subtle changes. Fig. 5.24 shows the results of GLR 

segmentation with h =  200 and L kept at 50. In Fig. 5.24, some of the boundaries 

shown in Fig. 5.23 remain, but the number has been cut down considerably. In Table 

5.3, the number of boundaries was shown to be cut down to close to half of those 

found with h — 50. As expected, the boundaries that are left occur during movement
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Figure 5.24: Overnight data segmented with GLR (h=200, L=50)

spikes and are less likely to occur because of small changes to the signal mean. There 

were no missing boundaries detected at this threshold level.

5.4 D iscussion

The choice of optimal segmentation method revolves around the requirements for 

time to detection, true positive rate, false negative rate, and processing complexity. 

By analysis of the results in Tables 5.2 and 5.3, and subjective observation of the 

segmentation boundaries located by each method for a given dataset, we can evaluate 

the performance of the individual algorithms with these requirements.

When time to detection is important, the CUSUM algorithm delivers the lowest 

delay. For true positive rates at low false negative rates, the GLR algorithm showed 

up to  99% of simulated movements to be detected with a rate of less than 0.04% false 

alarms. It was also able to detect subtle changes in the mean of a breathing signal
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from real experimental data.

Should false alarms be undesired, GLR offers a relatively stable detection of seg

ment boundaries, for a wide range of threshold values. Reducing threshold values can 

help to minimize alarms that are the result of subtle changes, without sacrificing de

tection of the movement-related boundaries. For overnight segmentation, it produced 

the number of segments that was closest to the expected number.

The delay to detection for GLR could be more than a few seconds, especially 

during the change from a movement signal to a resting signal. However, methods have 

been introduced that allow repositioning of the boundaries after change detection [1], 

[52] in order to ensure that segment boundaries are correct even though detection 

is late. Additionally, the longer processing times related to GLR could be reduced. 

In [70], Brandt presents a recursive algorithm that could be implemented to speed up 

processing.

The proposed movement detector, with a sliding window length of L =  300, stuck 

a balance between all of the requirements, allowing less than five seconds to pass on 

average before detecting a change, but producing one of the lowest false alarm rates, 

and detecting most of the segment boundaries that occurred. Moreover, it had one of 

the fastest processing times. When processing actual data, it was affected by noisy 

breathing at one point, but was able to process most breathing without raising false 

alarms.

On the other hand, the close cousin of the proposed movement detector, the 

control limits detector, was not found to be suitable for segmentation of the pressure 

signals. It incurred too many false alarms without detecting the smaller changes. It 

was also one of the slower algorithms in terms of processing speed.

The CUSUM method requires far less processing time than the other algorithms, 

completing a full overnight segmentation more than 35 times faster than the next
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fastest method. Its segmentation of overnight data produced more segment bound

aries than the GLR or the proposed movement detector, but segments were dense 

around areas of movement and much of the night was undisturbed by false alarms. It 

may be possible to eliminate these false alarms when boundaries are detected within 

a specified number of samples of a previous alarm.

When movements occur frequently, the size of fixed-length reference windows be

comes important, since these become dead zones for detection. This was shown to 

occur for both the GLR and control limits methods. A size of 300 samples was shown 

to be a good window size for both of these algorithms. 300 samples works well with 

breathing signals, since the lowest detectable respiratory rate should be 2 bpm, or 

one cycle every 300 samples. For a person with a very low breathing rate, reference 

windows less than 300 samples may result in segmentation occurring due to a single 

breath.

For all methods applied to  real data from an overnight experiment, there were 

false alarms, although the term false alarm could be disputed. Actual breathing 

signals are much less stable or stationary than the simulated signals and so a number 

of the algorithms picked up changes based on these non-stationarities. False alarms 

may not necessarily be a problem, since segments could be recombined later where 

necessary [1],

Diagnosis or classification of segment data has been done in this chapter, except 

through the movement detector’s classification of movement versus restful segments. 

Through classification, false alarms could be identified. This would reduce the nega

tive effects of a false alarm. For instance, if the number of segments during the night 

is used as a restlessness detector, false alarms would artificially increase the calcu

lated restlessness. By removing the false alarms, the restlessness scale would better 

reflect the actual restlessness of the individual. It has been argued that false alarms
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are not as important for segmentation applications compared to other applications 

of change detection [52], due to the possibility of segment recombination. However, 

recombining segments due to false alarms would slow down processing speed.
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Source E xtraction

This chapter examines the extraction of individual source components from the sensor 

signal. Current methods of signal extraction were evaluated and a method was pro

posed based on a combination of two of these methods. All methods were evaluated 

by application to the extraction of breathing signals from the data.

Respiratory signals suffer from noise due to the ballistocardiogram, systemic Gaus

sian noise, and aperiodic movements. Five methods were compared for respiratory 

signal extraction using the respiratory signal collection outlined in Sec. 4.7:

• movement suppression

• digital filtering

• wavelet filtering

• adaptive smoothing

• a proposed two stage cascade combination of the above

100
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6.1 M ethod

The database of respiratory signals were loaded, and segmentation for movement 

detection was performed according to the movement detection algorithm presented 

in Chapter 5 and published in [2], The mean was subtracted from the signals and 

the algorithms under test were used to extract the breathing signals. Results were 

evaluated as described in the next section.

The movement suppression algorithm first sets all points where movement was 

detected to zero. Next, it subtracts the mean from all the points where movement 

was not detected.

Digital filtering was applied to attenuate the frequencies tha t are out of the ex

pected respiratory frequency range. Each respiration signal was input to a digital 

bandpass filter FIR filter with cutoff frequencies of 0.033Hz and 0.833Hz, created us

ing the MATLAB ‘firl’ function. An HR Butterworth filter was also applied using the 

MATLAB ‘butter’ function. The effect of changing the filter orders was investigated.

A third type of digital filtering is through discrete wavelet transforms (DWTs). 

The DWT was used to decompose the respiration signal into detail and approxima

tion coefficients. The detail coefficients whose scale fit within the frequency band 

from 0.03 Hz to 0.8Hz were used to reconstruct the signal. This method of decom

position reconstruction was reviewed in Sec. 3.2.1, and has been previously used for 

source extraction of respiration signals from a pressure sensor [33]. The maximum 

decomposition level was the first level at which the approximation coefficients occu

pied frequencies below 0.03 Hz. If the approximation coefficients occupied the band

m i  [n]=0
S ;[ n ]  =  <

E{Xiln}mi[n]=o} for rrii[n\—0
(6 .1)

1 °
for mi[n]= 1
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below 0.03 Hz and also up to near 0.8 Hz, then only the approximation coefficients 

were used for the reconstruction.

The effect of changing the filter order of the DWT was tested by trying differ

ent levels of Daubechies mother wavelets, from Daubechies 1 (also called the Haar 

wavelet) to Daubechies 8. The frequency band for each detail coefficient level and 

approximation coefficient level were calculated at run time based on the sampling rate 

(10 Hz), the length of each signal window (300 samples) and the mother wavelet’s 

center frequencies.

Adaptive filtering was applied using the normalized least mean square algorithm 

(NLMS). A smoothing configuration was investigated. This configuration uses the 

adaptive algorithm to smooth the signal by applying the expected output as a delayed 

version of the input.

Combining these algorithms together could result in better signal extraction than 

one method alone could provide. The proposed system is to combine the previous 

techniques through a cascade of movement suppression and filtering. Here, DWT 

filtering will be used at the filtering stage.

6.2 Evaluation

The results of these methods were evaluated by comparing the signal energy at the 

frequency of interest in the spectrum of the output signals. A signal to noise ratio 

(SNR) measure was made for the signals by taking the ratio of signal energy in the 

frequency bin of interest to  the total signal energy in the spectrum up to the Nyquist 

rate. Improvement was measured by a ratio of the new SNR to the old SNR and 

comparisons were made regarding the dB improvement. This was called the ‘SNR 

improvement’.
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Although this provides a good method for comparison, there is also interest in 

knowing how the signal energy in the frequency bin compares with the peaks in the 

signal. Ideally, this extraction would allow respiratory rate estimations based solely 

on the highest peak in the spectrum. Therefore, a second metric was evaluated from 

the ratio of the signal energy a t the frequency of interest to the highest peak in the 

rest of the spectrum. This is called the spurious free dynamic range (SFDR). The 

ratio of the extracted signal’s SFDR to the original signal’s SFDR was measured as 

the ‘SFDR improvement’.

The SNR and SFDR improvements were measured in decibels (dB). The aim of 

the analysis is to discover which algorithms resulted in high positive values for each 

of these metrics. Algorithms th a t provided negative improvements were considered 

to deteriorate the extracted signal rather than improve it.

6.3 R esu lts

The first results presented are comparisons of how each of the algorithms fared in the 

testing. Details regarding the results of each of the methods are shown next.

6.3 .1  C om parison  o f  E xtraction  A lgorith m  P erform ance

For most of the algorithms presented here, parameters could be chosen that would 

improve their performance. The following results use parameters for each algorithm 

that were chosen to show good results. These results will be shown in Sec. 6.3.2 to 

Sec. 6.3.6.

Fig. 6.1 presents a resume of the mean improvement to all of the signals in the 

database by method. Each of the algorithms has shown a marked SNR improvement 

over the original. SFDR improvement was lower, but was positive for all algorithms.
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Figure  6.1: Mean enhancement by algorithm

The movement suppression algorithm had the highest improvements of all single- 

stage extraction methods. The cascaded method leveraged this result together with 

the improvement offered by the DWT filter, to give the highest SNR improvement, but 

was not able to further improve the SFDR. While both the FIR filter and the NLMS 

smoothing method showed an increase in SNR, SFDR was only slightly improved.

All other algorithms increased both SNR and SFDR by at least 1 dB.

Fig. 6.2 breaks down the SNR improvement for each method by type of signal. 

In the first three signal types of Fig. 6.2, SNR is improved in inverse relation to the 

amplitude of the signal. This is because the original SNR is lower at lower amplitudes 

and an equal suppression in noise will improve the SNR of low amplitude ratios the 

most. For these three signal types, which are at regular breathing frequencies with
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F igure 6.2: Mean SNR enhancement by algorithm and type
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medium amplitudes and no movements, FIR and HR filtering offer the best single- 

stage SNR improvement.

These two filter types were not as good for high frequency breathing signals as they 

actually degraded the SNR on those signals. This was was investigated and it was 

found that some of the high frequency breathing occurs with frequencies exceeding 

the highest expected rate (> 0.8 Hz) and thus past the cutoff frequency of the filters.

All signal extraction methods improved the SNR of breathing signals that included 

movement by an average of around 3 dB. Movement signals occupy a wide frequency 

bandwidth and so filtering methods can improve SNR by reducing the noise power 

due to movement that is out of band.

Fig. 6.3 displays SFDR improvement by signal type. Fig. 6.3 shows th a t the 

amplitude of the breathing signal only negligibly affects the SFDR improvement and 

that high frequency breathing signals are once again degraded by the digital filters. 

SFDR was improved the most for signals with movement or that change from includ

ing breathing to not including breathing (breath/constant and breath/pulse) half-way 

through.

The SFDR of breath signals with a frequency change are degraded on the most 

part by filtering. This might be a function of the fact that the breath rate of these 

signals is a mean value and may not be located on a peak of the spectrum. After 

filtering, the peaks may be stronger, reducing the SFDR at the spectral location of 

the mean frequency.

The next sections (Sec. 6.3.2 to Sec. 6.3.6.) will provide an examination of the 

results of individual methods.
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Figure 6.3: Mean SFDR enhancement by algorithm
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Figure 6.4: Respiration signal enhancement by movement suppression

6.3 .2  M ovem ent S uppression

Fig. 6.4 shows the signal enhancement for different respiration signal types with the 

movement suppression algorithm.

Movement suppression improved the SNR of breathing signals that included move

ment at the beginning or end by over 7 dB. Movements in the middle of the breath

ing signal were not as improved by movement suppression. This may be due to the 

fact that a change in output level often occurs after a movement and this output 

level change is not suppressed by the movement suppression algorithm, creating a 

sharp edge in the signal. Although the SNR didn’t improve as much for signals with

S N R

S F D R
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movement in the middle, the SFDR did improve. The SFDR for all large movement- 

corrupted signals improved by more than 4 dB through the use of movement sup

pression. Since there is sometimes a movement when a breathing signal changes to a 

constant signal, SFDR is also improved by movement suppression of in half breathing 

/  half constant signals.

6 .3 .3  D ig ita l F ilter in g

Designing a digital passband filter for the area of interest is not a trivial task. The 

lower passband frequency cutoff is relatively close to zero and the passband itself is 

relatively narrow. This difficulty has been previously reported [33]. Creation of an 

HR filter proved to be difficult for orders past 6 since unstable filters resulted, with 

poles placed outside the unit circle. These poles were due to the low-frequency cutoff 

which required zeros at zero and strong poles to offset these near 0.033Hz.

Fig. 6.5 shows the mean signal enhancement by filter order for a FIR filter. 

Higher filter orders improve both the SFDR and SNR. SNR shows the fastest rate 

of improvement for filter orders up to around 10. Past this point, dB improvement 

becomes more linear, with some small dips. SFDR actually degrades on average at 

low filter orders, but shows a linear upwards trend at 15 taps and up. After 30 taps, 

SFDR starts to show improvement rather than degradation.

Fig. 6.6 shows the signal enhancement for different respiration signal types due 

to FIR filtering. As shown in Fig. 6.6, low amplitude signals showed the best SNR 

improvement due to FIR filtering. However, marked SFDR improvement was only 

shown for breathing signals corrupted by movement.

Fig. 6.7 shows the mean signal enhancement due to HR filtering by filter order. 

Again, higher filter orders improved both SNR and SFDR. Unlike FIR filtering, all 

filter orders produced SFDR improvement. At filter orders of 4 and above, SNR
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F ig u re  6.6: Respiration signal enhancement by FIR filtering at order
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F igure 6.7: Enhancement as a function of HR filter order

improvement leveled off, but SFDR continued to improve. A filter of order 6 is 

optimal as it allows maximum SNR and SFDR performance.

Fig. 6.8 shows the signal enhancement for different respiration signal types due 

to HR filtering. These results are quite similar to those reported for FIR filtering for 

the first 8 signal types. However, HR filtering showed much higher improvements for 

both SNR and SFDR for the last 4 signal types.

Although Fig. 6.8 indicates that IIR filtering does a good job at extracting the 

breathing signal during movement, inspection of the extracted signals with move

ment show that it is actually doing a good job at transforming the movement into 

a breathing-like signal. The breathing signal preceding or following the movement is 

not enhanced and may in fact be lost in the extracted signal.
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F ig u re  6.8: Respiration signal enhancement by HR filtering

6.3 .4  D iscrete  W avelet Transform  F ilter in g

Table 6.1 summarizes the maximum levels of DWT decomposition that were per

formed according to filter order. The coefficients levels used to reconstruct the sig

nals are listed, along with the estimated frequency band they occupy. A 3  stands for 

approximation coefficients from level 3 and Dj  for detail coefficients from level 7. 

From the frequency bands listed in the table, one can see that most reconstructions 

occupied a slightly larger bandwidth than the 0.033 Hz to 0.8 Hz of the FIR and HR 

filters.

Fig. 6.9 shows the mean signal enhancement by filter order due to extraction from 

recomposition levels shown in Table 6.1. The Haar mother wavelet (filter order =  1) 

did not allow appreciable SNR improvement and degraded the SFDR. However, for 

filter orders greater than 1 (Daubechies mother wavelets 2 - 7 ) ,  both SFDR and SNR

SN R im provem ent 
SFD R  im provem ent
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Table 6.1: Decomposition coefficients used for reconstruction
Order Maximum

Level

Coefficients Frequency 

Band (Hz)

1 3 ^3 0.000-0.623

2 7 0.026-0.833

3 7 D 3  — Dj 0.031-1.000

4 7 D 3 — Dj 0.028-0.893

5 7 D 3 — Dj 0.026-0.833

6 7 D 3  — D 7 0.028-0.909

7 7 D 3 — D 7 0.027-0.865

8 7 D 3 — D 7 0.026-0.833
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F igu re  6.9: Enhancement as a function of DWT filter order
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F igu re  6.10: Respiration signal enhancement by DWT filtering

improved by around 1.5 dB. Filter orders 6 and 7 may be the optimal orders, where 

both SNR and SFDR is maximized to be above 1.5 dB.

Fig. 6.10 shows the signal enhancement for different respiration signal types due 

to DWT filtering. These results are similar to the results shown for HR filtering, 

even though the DWT filters use FIR filtering. The best improvements occur for 

movement corrupted signals, where SFDR is improved by as much as 5 dB and SNR 

by almost 3 dB. Like most filtering methods, low amplitude breathing signals are also 

some of the most improved by this filtering method.

6.3 .5  A d ap tive  S m ooth in g

The delay between input and output is what creates the smoothing effect of the 

adaptive smoothing filter. Fig. 6.11 shows the mean signal enhancement performance
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as a function of the delay, where P is 0.4 and the filter is a moving average (MA) 

filter of order 10. Long delays were shown in this figure to decrease signal quality.
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Figure 6.11: Adaptive smoothing enhancement as a function of delay

For SNR, this decrease began after 7 samples of delay. For SFDR, the decrease began 

a little later, after 14 samples of delay. Using a delay of 7 samples may be optimal.

Fig. 6.12 shows the mean signal enhancement performance as a function of a 

variable p. This parameter controls how fast the adaptation will converge but faster 

convergence is a trade-off with steady state error swings. In fact, lower betas (and 

therefore slower convergence) show better SNR improvements. SNR improvement 

decreases linearly with higher beta, while SFDR remains somewhat constant, with a 

slightly negative slope. While lower P values result in better performance, the delay 

to convergence is expected to be longer with a small p.

Fig. 6.13 shows the delay to convergence with respect to p. As expected, lower

. 'b .
. +  • • +
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betas take longer to converge. However, the gains in SNR and SFDR with the slower 

convergence may be worth it. The slowest convergence is only just over 2 seconds, or 

1/15 the size of the 30-second data window used for source extraction.

The type of filter used and its order also plays a part in the performance of this 

algorithm. Fig. 6.14 demonstrates that an autoregressive filter is not the best choice
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F igu re  6.14: Adaptive smoothing enhancement by differing AR filter orders

if a low filter order is desired, while Fig. 6.15 demonstrates how a moving average 

filter can produce enhanced results at low orders. This is intuitive as the smoothing 

filter’s required output is a delayed version of the input and the AR filter ignores the 

input for its calculations, thus negating the benefit of the delay between the delayed 

and undelayed signal.

Fig. 6.16 shows the signal enhancement for different respiration signal types due to 

adaptive smoothing using parameters chosen through analysis of the previous results. 

Adaptive smoothing is one of the only algorithms to provide SNR improvement to 

high frequency breathing signals. Since the smoothing is not limited by a frequency

+ mean SNR improvement 
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F ig u re  6.17: Cascaded enhancement by signal type

band of interest, it can follow high frequency breathing signals better than FIR, HR, 

and DWT filters. Movement at the beginning of a breathing signal is detrimental to 

the SFDR, perhaps because it attempts to adapt to this movement at first. However, 

SNR is still improved since it will smooth out this movement as well as the breathing 

signal.

6 .3 .6  C ascaded  E nhancem ent

By choosing parameter values from the previous results and cascading together the 

movement suppression and DWT filtering superior performance should result. Fig. 

6.17 demonstrates the signal enhancement performance of the cascaded system by 

breathing signal type. This system shows SNR and SFDR improvements greater 

than 4 dB for all signals with movements in differing locations. The only signals that

H I SN R 
H  SFD R
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are not improved in either SNR or SFDR are the high frequency signals that have 

been previously reported to be problematic for the DWT filter and the low frequency 

signals which were also problematic for the movement suppression algorithm. The 

cascade of movement suppression and DWT can improve the SNR of breathing signals 

that are corrupted by movements at the signal’s end by more than 10 dB. This is the 

best improvement seen thus far across all signal types and extraction methods.

6.4 D iscussion

The evaluation method used concentrated on the spectrum in the area of the fre

quency of the respiratory rate. However, a breathing signal is not a sinusoid and the 

best methods of extraction found here could ignore the shape of the input signal in 

favour of producing a sinusoidal output. The results for HR extraction show that 

this evaluation method does not tell the whole story when movement is involved. A 

better evaluation method would be to compare the source breathing signal with the 

extracted signal, although this would require either the source breathing signal or a 

manually constructed one.

Of the sources of noise, movement can be perhaps the most destructive for respi

ration rate estimation. However, movement suppression actually reduces the quality 

of the extracted signal for some signal types due to false alarms in movements, i.e. 

signals are suppressed that are not movement. However, the added strength of move

ment suppression could be argued to outweigh the small performance loss due to false 

alarms.

FIR filters should be built with at least 30 filter taps to ensure both SFDR and 

SNR improvement, while HR filters with 6 filter taps showed the best results. It may 

be useful to investigate higher order lowpass filters that can avoid the problem of the
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low frequency bandpass cutoff point which makes filter design difficult.

The use of DWT for noise reduction, especially with non-stationary signals is 

popular. The results shown in Fig. 6.10 agree with this popularity as the DWT 

transform resulted in good improvement for both SNR and SFDR in a wide variety 

of signal types.

The cascaded method proposed here showed consistently good result for most sig

nal types,as seen in Fig. 6.17. High frequency breathing and low frequency breathing 

were the exceptions to this. For signal types where it was not the best method of 

extraction, it was usually second best. On average, it improved the signal SNR by 

4.45 dB and SFDR by 2.65 dB. Adding to the cascade with more filtering methods 

could further improve results. For instance, the output of the DWT stage could be 

input to an adaptive filter. However, as more stages are added, processing time would 

suffer.

The high respiratory rates encountered from the ‘high rate’ type in the respiration 

database were found to be problematic as all filter designs were created with the 

expectation that rates would not be that high. While these respiratory rates were not 

from natural breathing rates but rather from forced hyperventilation, it is important 

to note that it is possible for people to breath at a higher rate than the 50 bpm that 

is used as the top end of the scale.
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D ata  Fusion

This chapter proposes a method of data fusion and applies it to respiratory rate 

estimation. This proposed method was presented at the 2005 Conference of the 

Canadian Association on Gerontology in October 2005, in Halifax, Nova Scotia under 

the title “Nocturnal Monitoring of Elderly Patients with a Bed-Placed Pressure Pad” 

[3],

Previous research has used the sum of all sensor activity as a single extracted 

signal [48], or has picked a reference sensor with the highest frequency score [44], [19]. 

That is, the sensor that exhibits the maximum ratio of in-band spectral energy to 

out-of-band energy.

Herein, a method is investigated that selects signals from sensors that demonstrate 

a variance above the instrument’s noise threshold. This does not require the calcula

tion of the Fourier transform for each sensor and will allow for post-processing data 

fusion. This is expected to be more robust in the presence of localized movements.
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7.1 M ethod

Three methods of data fusion were compared: a pre-summation method, a reference 

sensor method and a proposed method. These methods were applied both to the 

respiratory database signals and to the overnight participant data of 4 subjects.

Breathing signals were extracted from each data segment by the cascaded extrac

tion method introduced in Chapter 6. All breathing frequencies were estimated by 

finding the delay to the first peak in the autocorrelation sequence.

7.2 Pre-Sum m ation  M ethod

At each sample time, samples from each sensor were summed to create a single sig

nal. Breathing signals were extracted prior to summation, using the given extraction 

method. The respiratory rate was estimated from the summed signal.

Parameter

Figure 7.1: Pre-summation data fusion

Parameter
Estimation
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7.3 R eference Sensor M ethod

124

A reference sensor was chosen for each data segment according to which sensor had 

the most energy in the band of interest. For each respiratory rate estimation, a 1024- 

point FFT from zero-padded data was taken. A score was assigned to each sensor 

based on its SNR of spectral power between 0.03 Hz and 0.8 Hz to total spectral 

power. The respiratory rate was estimated from the sensor with the highest score.

N

Max
SNR

Parameter
Estimation Parameter

Figure 7.2: Reference sensor data fusion

7.4 Proposed  M ethod

Fig. 7.3 shows a flow chart of the proposed fusion method. The proposed method 

employs both a sensors of interest and a weighted voting scheme for data fusion. 

A block diagram is shown in Fig. 7.4. 30-second signals were extracted from each 

sensor. Sensors that were not likely to contain breathing signals were eliminated by 

choosing the sensors of interest. Frequency estimation occurred for the signals from
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Weighted
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F ig u re  7.4: Proposed method of data fusion

P aram eter
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just the chosen sensors. A weighting was given to each estimate which was used in a 

weighted voting scheme to choose the the best frequency estimate, output.

The sensors of interest were found by extracting the variance of all the signals and 

choosing only sensors with variances greater than 3. This eliminates both saturated 

sensors and sensors with just noise and no breathing signals. Movement was also 

taken into account at this step and sensors that reported more than 25% of the 

current samples as corrupted by movement were eliminated.

Fundamental frequency estimation was applied using autocorrelation. The delay 

to the first peak of the autocorrelation sequence was considered the period of the 

signal. A weight for this estimation is also calculated from the ratio of the value at 

that peak to the value at delay =  0.

At this point, multiple estimations are available from sensors showing character

istics of breathing signals. A cluster-based voting method is used to choose the final 

estimated respiratory rate. Candidate rates are grouped and the cluster with the 

highest weighting is chosen. The equation for the weighting of each cluster is given 

in Eq. 7.1.
I c

W ck = Y , WiMc (7-1)
n c= 0

with ic is the ict\i sensor in the cluster of size Ic. The subscript k refers to the &;th 

estimation. Clustering reduces the impact of incorrect estimates from noisy sensors. 

The final estimation is the weighted mean of the rates given by the sensors in the 

chosen cluster.

Each sensor is added to the cluster with mean rate closest to its reported rate. If no 

cluster exists within 1 bpm of the reported rate, a new cluster is started. The weighted 

voting takes into account not only the weighting, but also the number of sensors 

reporting that weight. The final estimation is a weighted average of all reported rates 

in the cluster with the highest weighting.
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7.5 Evaluation

The proposed method is evaluated by calculating the mean square error (MSE) of 

the calculated breathing rates for both the method of a single sensor of interest and 

a pre-summation of sensor outputs using the known frequencies in the database of 

respiratory signals.

For overnight processing, respiratory rates are unknown, therefore the variance 

of the resulting frequency was used as a measure of how consistent the results were. 

Processing time was also evaluated for each method.

7.6 R esults

Table 7.1 lists the mean square error between proposed methods, found by comparing 

the expected respiratory rate in the respiration signal database to the estimated rates. 

The processing time required to process all of the signals from the respiratory signal 

database is also listed.

T able 7.1: A comparison of MS and processing time by data fusion method
Method MSE Processing Time (s)

pre-summation 434.5 0.37

reference sensor 410.9 1.05

proposed 287.1 2.81

Fig. 7.5 shows an example of the respiratory rates found by each of the compared 

methods during one night. The pre-summation method has respiration rates that are 

quite variable, often choosing lower than expected rates. This happens particularly 

during movement corruption. The reference sensor improves the signal, but between 

hour 3 and 4 it is possible to see that it consistently reports a high rate, at double
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F igure 7.5: Example of nocturnal breathing rates results with compared data fusion 
methods
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Method Mean cr2 Normalized Processing Time (s)

Pre-summation 83.58 0.0031

Reference sensor 104.93 0.0089

Proposed method 47.29 0.0115

T able 7.2: Comparison of overnight results by data fusion method

the expected rate. The proposed method results in the most clean estimation plot. 

With a few overestimated estimates and a number of underestimated rates, grouped 

together and occurring especially during movements.

Table 7.2 presents the mean variance of the breathing rates calculated by each 

method. Mean processing time is also shown, normalized prior to mean calculation 

by the number of estimations.

7.7 D iscussion

The pre-summation method, while it can be a way to improve SNR, can actually 

decrease SNR when respiratory signals with opposing phases cancel each other out. 

Additionally, movements from just one sensor can drown out the breathing signals 

from all other sensors. This could be seen from the high rate of respiratory rate 

estimate corruption. However, the pre-summation method is the fastest method. 

The reference sensor method strikes a balance between accuracy and time processing, 

however when accuracy is important, the proposed method shows the best mean 

square error when compared to known rates and lowest variance during overnight 

tests. This method is also not much slower than the reference sensor method.
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Chapter 8

V alidity Evaluation

This chapter proposes a validity evaluation technique and evaluates its performance. 

This proposed method has been published at IEEE 2006 International Conference of 

the Engineering in Medicine and Biology Society (EMBC 2006) in New York, USA, 

with the title “Reliable respiratory rate estimation from a bed pressure array” [4].

8.1 M ethods

In examining the respiratory rate estimations produced by the system, it would be a 

simple method of validity evaluation to determine if the given estimation is within the 

range of frequency estimations expected for that individual. However, this validity 

measure would mask the situation of a change in breathing patterns, which is certainly 

something that should be detected. Instead, we must look towards validity evaluations 

based on the quality of input data and not perhaps the output parameters.

Researchers have suggested the use of the signal to noise ratio at the frequency 

of interest as a metric for data reliability [48], [35]. This thesis proposes the use of a 

similar metric that incorporates both signal to noise ratio and movement information 

since one of the most corruptive elements in breathing rate estimation is movement.

130
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In some instances, movement occupies the same frequency range as breathing [82], 

producing perhaps a solid SNR, but an inaccurate estimate.

The autocorrelation sequence is used for rate estimation, and not a Fourier trans

form, so a weighting measure from the autocorrelation sequence is taken instead of a 

spectrum-based signal to noise ratio. This weighting is calculated by taking the ratio 

of the peak value to the value of the autocorrelation at r  =  0. To ensure that peaks 

located on the main lobe of the autocorrelation function do not get artificially heavy 

weightings, the difference between the peak and the previous valley is taken. The 

weighting, W, of the kth  estimate for sensor i becomes:

and produces an output between 0 and 1.

A reliability metric is proposed that is defined as this weighting multiplied by the 

percentage of samples that do not contain movement. This gives a reliability between 

0 and 100 for each sensor.

is the reliability metric using Mp.^, the percentage of samples in the kth  segment 

at sensor i that are not corrupted by movement.

In the previous chapter, a data fusion method was presented. The same fusion method 

is proposed here with a small adjustment. The fusion weighting is updated to include 

reliability information and the probability that a given sensor contains respiratory 

rate information.

(Rrx(fc,i) i^peak) Rxx(k,i)î T~valleŷ ) (8 .1)

(8 .2)

8.1 .1  D ata  Fusion
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(8.3)

This probability is calculated similarly to the probability estimate given in [83].

1 1 
^W) =  jy Di\j\

j = k ~ J ~ i

Here, Di[k] is defined as one if sensor i was chosen during the j th  of last J  rate 

estimates and zero otherwise.

A cluster’s weighting score is updated from Eq. 7.1 to Eq. 8.4 to take advantage 

of the reliability information.

I c

kbCfc — ^   ̂G k,ic * Pk,i (8.4)
«c=0

A final single ‘estimate reliability’ is defined as the mean of the reliability metrics 

from sensors in the chosen cluster.

A block diagram of the proposed system is shown in Fig. 8.1. The variable x 

refers to input data after source extraction and choice of sensors of interest, fj, refers 

to detected movements, W  is the autocorrelation weighting as calculated from Eq. 

8.1, G is the estimate reliability, E[G\ is the expected value of G, or the mean of G, 

and /  is the estimated respiratory rates from all sensors of interest.

Estimate
Reliability►

Sensor
Data

Respiratory
Rate►►

E[G]

FusionRate
Estimation

Reliability
Metric

Movement
Detection

Bandpass
Filter

Figure  8.1: Block diagram of rate estimation and reliability metric
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8.2 Evaluation

The proposed method was evaluated using nocturnal experiment data from five par

ticipants. The breathing signal database will not be used since the probability of 

previous sensor use can not be extracted from it. Respiratory rates were calculated 

every fifteen seconds from a sliding 30 second window according to the algorithm 

proposed in the preceding chapters: movement detection, source extraction, and fi

nally parameter estimation and data fusion. Since this segment size is larger than the 

update interval, segments will overlap and short movements can corrupt consecutive 

respiratory rate estimations.

To differentiate an accurate estimate from an invalid estimate, the reliability met

ric can be thresholded so that results with a reliability metric greater than the thresh

old can be considered as accurate estimates. A true positive is defined as an accurate 

estimate that is above the chosen threshold, while a false negative is an inaccurate 

estimate that is above the chosen threshold. The results from thresholding the reli

ability of signal to determine if an estimate is valid is examined for both reliability 

from just the autocorrelation weighting (similar to an SNR weighting) and for reli

ability calculated according to the proposed metric. The autocorrelation weighting 

is denoted as ‘ACW’ and the proposed movement corruption metric is denoted as 

’MCM’.

To evaluate the results of thresholding for validity from the MCM and ACW, 

a range of valid respiratory rates is evaluated by observation of each participant’s 

estimated rates. False positives and true positives are classified according to being 

outside or inside this limit. This method of evaluation is acceptable for the healthy 

adults participating in the study, but it would not be a good way to check validity 

results for people with high respiratory rate variance. In this case, it could be difficult
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to find a range of frequencies that would include only correct estimates and exclude 

incorrect estimates. The method of validity thresholding from the reliability metric 

is still expected to be valid, but this method of evaluation would not be.

If a study is undertaken that includes participants with high respiratory rate vari

ance, the evaluation of which estimates are accurate is difficult, unless respiratory 

rates are simultaneously gathered from a clinical respiration rate monitor. Alterna

tively, accuracy can be manually checked by visually evaluating the actual respiratory 

rates from the peaks and valleys in the data. This would be a very time consuming 

process, as a full night’s data can include over 2000 estimated rates.

8.3 R esu lts

Table 8.1 summarizes the movement corruption during the nocturnal monitoring. The 

‘Samples with movement’ denotes how many samples out of the night were found to 

be corrupted by movement detected by the movement detector algorithm presented 

in Chap. 5. The ‘Estimates with movement’ denotes the percentage of estimates 

that were corrupted by at least five samples of movement. These results show that 

the number of estimates that include movement is almost four times higher than the 

percentage of samples that are corrupted by movement during the night.

An example nocturnal respiratory rate is shown in Fig. 8.2. Respiratory rates 

between the horizontal bands are considered to be accurate estimates, while those 

outside of the bands are considered to be inaccurate estimates. The reliability metrics 

for this same night are shown in Fig. 8.3. The two metrics look to give quite similar 

results, but the MCM metric is in fact lower in areas of movement corruption.

The ROC curves for aggregated results are presented in Fig. 8.4. These curves 

show the trade-off between the probability of classifying an estimate as invalid when
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Table 8.1: Movement corruption estimates

Participant Samples Estimates
with with
movement movement

(%) (%)
1 9.0 43.9

2 7.0 24.9

4 11.8 40.3

6 6.4 20.4

9 8.1 29.2

All 8.5 31.7

the estimate is indeed inaccurate (true positive) and classifying an estimate as invalid 

when the estimate is actually accurate (false positive).

Fig. 8.5 presents the true positives and false positives as a function of threshold 

value. From this figure, it can be seen that while the true positive rate is almost the 

same at each threshold level, the false positive rate is lower for MCM, especially for 

thresholds up to 50. Often, the thresholds for ACW at equivalent false positive rates 

to MCM must be set at levels over 10% higher. Overall, the MCM method improves 

the true positive rate compared to ACW by 6.55% across all threshold levels, at an 

equivalent ACW false positive rate.

A threshold of 50 was chosen as appropriate for validity evaluation through the 

MCM. At this rate, 80% of true positives are still considered valid, while only 1.7% 

of false positives remain. Fig. 8.6 presents the ‘valid’ rates, thresholded at MCM 

=  50, from the example nocturnal rates shown at the beginning of the results. The 

equivalent threshold for ACW, keeping the false positive rate the same is 61. At 61,
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F igure  8.4: ROC curve for reliability metrics
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F igure  8.5: Thresholding: true validity and false validity
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the true positive rate using ACW is just less than 60 %. For this example, 1568 of the
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(a) Valid ACW rates: false positive rate < 1.8% (ACW > 61)
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(b) Valid MCM rates: false positive rate < 1.8% (MCM > 50)

F igure  8.6: ‘Valid’ estimates: the example thresholded night

1961 original rate estimates remained for MCM, while only 1246 remained for ACW.

8.4 D iscussion

Movement made up a significant portion of the night, affecting over 30% of rate 

estimations. While efforts at movement suppression during signal extraction have 

increased the signal to noise ratio, movement is still a significant corrupting factor, 

as was seen in the results of the previous chapter.

The use of post-processing data fusion was shown to be robust to movement
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corruption, but during times of high movement, respiration signals are absent and 

these results should be invalidated. Invalidating results with estimate reliabilities 

lower than a threshold of 50 removed many false estimates. The threshold can be 

chosen depending on the application. It is possible to increase the required reliability 

metric threshold to ensure elimination of all false estimates, but this also results in 

the invalidation of estimates that are in fact valid, albeit at a lower reliability metric.

The MCM metric for reliability gives a modest improvement of the ACW metric. 

It could be possible to improve this further by improving the movement detector to 

ensure that the MCM catches all movements.

Since the reliability metric is related to the amount of movement during the night, 

it may also be used as a restlessness index, with lower metric values related to higher 

restlessness.
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C onclusions

A summary of presented results is listed here, along with suggestions for further 

research.

9.1 Sum m ary of R esu lts

For pressure array signal segmentation, the control limits movement detector proposed 

in Chapter 5 can detect 85% of signal changes, with less than five seconds delay to 

detection and a low false alarm rate. Additionally, it can classify each segment as 

containing movement or rest. If missing a segment boundary is important, GLR 

has been shown to recognize 99% of segment boundaries, albeit with a longer delay 

to detection and slower processing speed. Where processing speed is a factor, the 

one-model CUSUM segmentation algorithm is superior.

A cascade of movement suppression and DWT filtering was proposed as a method 

of signal extraction in Chapter 6 and was shown to be effective, increasing mean SNR 

by almost 4.5 dB and mean SFDR by over 2.5 dB. This method has been particularly 

beneficial in the extraction of breathing signals from movement. Where processing 

time is paramount, the movement suppression algorithm is effective at restoring the
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R eproduced  with perm ission of the copyright owner. Further reproduction prohibited without perm ission.



1 4 1

spectrum of the original signal.

The mean square error of the data fusion method proposed in Chapter 7 applied 

to respiratory rate estimations showed a 33% improvement over the pre-summation 

method and a 30% improvement over the reference sensor method. However, this 

improvement came at the expense of processing time. Mean processing time increased 

by 267% compared to the pre-summation method and 30% compared to the reference 

sensor method. When applied to nocturnal data, the variance of the results decreased 

by 43 % over the pre-summation method and 55% over the reference sensor method.

Validity evaluation through a proposed reliability metric comprised of both 

parameter-focused signal to noise ratio and general movement level has been proven to 

provide valid estimates of respiration rates. Rates of true positives at a given thresh

old and false positive level improved by 6.55% over a reliability metric based solely 

on signal to noise ratio. The metric could also be used as an index of restlessness.

9.2 R ecom m endations for Further R esearch

The following sections make recommendations for further research, including addi

tional experimental data to acquire, new data processing methods to investigate, and 

decision-making for autonomous monitoring.

9.2.1 E xp erim en ta l D a ta  A cquisition

Future experiments are needed to acquire data from both a broader population and 

a more targeted population. While data was acquired from 10 healthy young adult 

participants, testing the proposed methods with more participants would ensure that 

the methods have general application.

Data acquired from older adults may prove to include breathing patterns that
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vary from the breathing patterns of the general population. It is recommended tha t 

experiments be conducted to acquire data specifically from older adults. The ‘sm art’ 

apartment tha t has been set up through the Technology Assisted Friendly Envi

ronment for the Third Age (TAFETA) project would be a good location for this 

experiment.

9.2 .2  D a ta  P rocessin g  M eth o d  Investigation

Extracted data was segmented using a number of techniques, but classification of the 

segments was limited to whether the segment was active movement or rest. Classifica

tion of segments could give better illumination to a participant’s actions. For instance, 

movement segments could be classified into position changes, leg movements, arm 

movements, head movements, and autonomous movements such as sneezes, coughs, 

or sighs. Additionally, rest segments could be classified by posture as either supine, 

prone, or side-lying. It is recommended th a t such classifications be researched in the 

future.

Source extraction methods outlined in the thesis included general filtering methods 

but did not include more sophisticated source separation methods. In particular, 

blind source separation techniques such as independent component analysis may yield 

improved performance.

9 .2 .3  D ecision - M aking

The thesis has examined how to reliably estimate parameters from a pressure sensor 

array, but has not examined when and how alarms could be set based on these 

parameters. For example, should a bed occupant not leave the bed for a long time, 

at what point should an alarm be raised to say that this is an abnormal event? W ith
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the reliable extraction of human parameters via the pressure sensor array, decision

making based on these parameters will become important to produce meaningful 

results for care givers.
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C ontributions

The following contributions were made during research for this thesis:

• Application of segmentation techniques to overnight monitoring was investi

gated and the results were presented here. As part of this analysis, a modified 

control limits algorithm for movement detection was proposed and published 

at the IEEE International Workshop on Medical Instrumentation and Appli

cations 2006 (MeMea 2006) in Benevento, Italy, April 2006 [2]. The detection 

algorithm provides movement onset and offset detection with a low number of 

false alarms.

• Existing signal extraction methods were evaluated and a breathing signal extrac

tion method was proposed based on these evaluations. The proposed method 

cascades a movement suppression algorithm with discrete wavelet transforms 

to create a mean 4.45 dB improvement in signal to noise ratio and 2.65 dB 

improvement in spurious free dynamic range.

• A method for data fusion of parameters estimated from an array of pressure 

sensors was proposed and compared to two fusion methods that have been in 

use in the field. This new method showed a marked improvement in mean square
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error, with up to 33% reduction in this error. A poster presentation regarding 

this method was accepted and presented at the 2005 Conference of the Canadian 

Association on Gerontology in Halifax, Nova Scotia, October 2005 [3].

• Validity evaluation was investigated and a method for validity evaluation by a 

reliability metric was proposed and published at the EMBS 2006 Conference in 

New York, USA , September 2006 [4], This metric improved the true positive 

rate by over 6%, compared to a standard reliability metric. The metric was also 

proposed for use as a restlessness index.

• Experimental evaluation required data collection. Data was acquired from ex

periments with ten participants. Four separate experiments were undertaken 

with participants under observation. Additionally, a nocturnal experiment ac

quired overnight data. A database of respiratory signals from multiple partici

pants was created from the annotated observed experiments. These sources of 

data are useful not only for this thesis, but also for future work in this field.

• A MATLAB graphical user interface for sensor array data annotation was cre

ated. This interface enables fast and simple data annotation addition and cor

rection.
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A ppendix  A

E xperim ental P rocedure for O bserved  

E xperim ents

The experimental protocol followed for each experiment of the Observed Experiments 

is recorded here.

A .l  P rotoco l for E xperim ent 1 - B ed  E ntry /  B ed  

E xit

Participant Action Logged Comments

Stand beside bed ’s ta rt’

3x
Wait 20s

Enter bed ’M’ before

continued on next page
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1 5 6

(con’t) Participant Action Logged Comments

(3x)

In bed hand use may or may not be 

noted during bed entry

Wait 20s ’right/left/back/front’ position 

noted

Exit bed ’M’

Out of bed Note use of hands if hands were 

used (assume no hands unless 

noted)

Instruct participant to use hands for bed exit

Wait 20s

Enter bed ’M’ before

3x In bed hand use may or may not be 

noted during bed entry

Wait 20s ’right/left/back/front’ position 

noted

Exit bed ’M’

Out of bed Note use of hands (assume hands 

used unless noted)

continued on next page
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(con’t) Participant Action Logged Comments

Done note finish

A .2 P rotoco l for E xperim ent 2 - P osition  and  

M ovem ent

Participant Action Logged Comments

Start on bed in any position Note start with ’s’ or ’s ta rt’, note 

back/front/left /  right

Lie still 1 min note any movement factors such as talking, 

laughing, sighs, twitches

Change position ’M’ before, note back/front/left/right after

Lie still 1 min note any movements

Change position ’M’ before, note back/front/left/right after

Lie still 1 min note any movements

Reposition (no change in position) ’M’ before, note ’reposition’

Lie still 1 min note any movements

Change position ’M’ before, note back/front/left/right after

continued on next page
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Participant Action (con’t) Logged Comments

Lie still 1 min note any movements

Cough 1-2 times ’M’ before, note ’cough’ and #  times

Lie still 1 min note any movements

Change position ’M’ before, note back/front/left/right after

Lie still 1 min note any movements

Sigh note sigh depth subjectively

Lie still 1 min note any movements

Change position ’M’ before, note back/front/left/right after

Lie still 1 min note any movements

Move arm ’M’ before, note how arm moved

Lie still 1 min note any movements

Change position ’M’ before, note back/front/left/right after

Lie still 1 min note any movements

Twitch leg evaluate leg twitch for depth subjectively 

and note

Lie still 20 sec note any movements

continued on next page
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Participant Action (con’t) Logged Comments

Twitch leg evaluate leg twitch for depth subjectively 

and note

Lie still 20 sec note any movements

Twitch leg evaluate leg twitch for depth subjectively 

and note

Lie still 20 sec note any movements

Change position ’M’ before, note back/front/left/right after

Lie still 1 min note any movements

Note, breathing may or may not have been noted during some sections in this 

experiment according to the observer’s ability to record each breath.

A .3 P rotoco l for Experim ent 3 - B reath ing

Participant Action Logged Comments

Start lying on back Note start with ’s’ or ’s ta rt’

Lie still for 3 minutes record each breath with a ’b ’ and note any 

movements

continued on next page
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Participant Action (con’t) Logged Comments

Breath quickly and shallowly for 30 

seconds

record each breath with a ’b ’

Breath normally for 30 seconds record each breath with a ’b ’

Breath deeply and slowly for 30 sec

onds

record each breath with a ’b ’

Breath normally for 30 seconds record each breath with a ’b ’

Hold breath for up to 30 seconds note when breath holding starts

Repeat procedure on side or front note position (front/left/right)

Repeat procedure on position not 

yet assumed (side or front)

note position

A .4 P rotocol for E xperim ent 4 - B allistocard io

gram /  H eart R ate

Participant Action Logged Comments

Perform light to moderate exercise Note start with ’s’ or ’s ta rt’

Get into bed ’M’

continued on next page
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Participant Action (con’t) Logged Comments

Lie still heart rate recorded at as many points as 

possible

Hold breath heart rate recorded at as many points as 

possible

Lie still heart rate recorded at as many points as 

possible
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A ppendix  B

E xperim ent Q uestionnaires

This appendix presents the research questionnaires posed to participants.

B .l  G eneral Q uestionnaire

This questionnaire is answered by all participants.

B.2 Sleep D iary Q uestionnaire

The sleep diary questionnaire is answered by participants in nocturnal experiments. 

The first part is answered at night and the second in the morning after waking up. 

Two of each part is expected from participants since they are monitored over two 

nights.
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Participant Number:_______________________  Date:_________

G e n e r a l Q u e s t io n n a ir e
This questionnaire is to be filled out by all participants.

Weight:____________lb/ kg Height:____________ feet and inches /  cm

What type of mattress (top mattress) will you be using during the experiment?

□  Coil /  Spring □  Futon  in/cm thick □  Foam  in/cm thick

□  Hospital type □  Other_________________

How firm is this mattress?

□  §0 |'t □  Medium □  Firm □  Extra firm

What is below the top mattress?

□  Box Spring Mattress □  Wood Slats □  Plywood Board □  Other_________

Is there a pillow-top or padding on the top mattresses?

□  No □  Y es:______ in /  cm thick
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Participant Number: Date:
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S le e p  D iary
The sleep diary is filled out by participants doing Experiment Part B: Nocturnal Monitoring. Please 
keep this diary by your bedside so that you can fill it in right before going to bed and right after waking 
up in the morning. This questionnaire has been adapted from the Pittsburgh Sleep Diary questionnaire. 
It will be used to help interpret the data from the pressure sensor array.

B e d t im e  Q u e s t io n n a ir e
Please answer the following questions just before going to bed.

Q l. Did you have any caffeinated drinks, alcoholic drinks or tobacco today? Circle: Yes /  No 
(If no, go to Q 2)

Approximately how many caffeinated drinks

(a) before dinner?________ (b) after dinner?__________

Approximately how many alcoholic drinks

(a) before dinner?________ (b) after dinner?__________

Approximately how many/much tobacco (e.g. Cigarettes, cigars, chewing tobacco)

(a) before dinner?________ (b) after dinner?__________

Q2 . Did you take any drugs or medication today that may affect your sleep tonight? Circle: 
Yes /  No

Describe:

Q3. Did you do exercise any today? Circle: Yes /  No 
If yes, approximately how many minutes of

(a) low intensity (walking, slow cycling, e tc )________

(b) moderate or high intensity (running, cycling, swimming, e tc )_________

Q4. Did you take any daytime naps today? Circle: Yes /  No

If yes, approximately how many minutes in to ta l?_________
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Waketime Questionnaire
Please fill out this part of the diary first thing in the morning.

Sleep Timing:(Please write in time and circle AM or PM)

Went to bed last night a t  AM / PM Turned out the lights a t AM / PM

Finally woke up at:_____________________ AM /  PM Got out of bed a t__________________ AM / PM

Minutes until fell asleep last night:__________ minutes.

Awakenings

Awakened by: (check one)

 Alarm Clock/ radio

 Someone whom I asked to wake me

 Noises

 Just woke

After falling asleep, woke up this many times during the night (circle)

0 1 2 3 4 5 or more

Total number of minutes awake:_____________

Woke up to use the bathroom (circle # o f times):

0 1 2 3 4 5 or more

Awakened by noises/child/partner (circle #  o f times)

0 1 2 3 4 5 or more

Awakened due to discomfort or physical complaint (circle #  of times)

0 1 2 3 4 5 or more

Just woke (circle #  of times) :

0 1 2 3 4 5 or more

Ratings (place a mark somewhere along the line)

SLEEP QUALITY:

very b ad ___________________________________________________________________________ very good

MOOD OF FINAL WAKENING:

very tense__________________________________________________________________________ very calm

ALERTNESS ON FINAL WAKENING:

very sleepy_________________________________________________________________________ very alert
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